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Abstract

Controlling dynamical systems in uncertain environments is fundamental and essential
in several fields, ranging from robotics, healthcare to economics and finance. In these
applications, the required tasks can be modeled as continuous-time, continuous-space
stochastic optimal control problems. Moreover, risk management is an important
requirement of such problems to guarantee safety during the execution of control
policies. However, even in the simplest version, finding closed-form or exact algorith-
mic solutions for stochastic optimal control problems is comuputationally challenging.

The main contribution of this thesis is the development of theoretical foundations,
and provably-correct and efficient sampling-based algorithms to solve stochastic op-
timal control problems in the presence of complex risk constraints.

In the first part of the thesis, we consider the mentioned problems without risk
constraints. We propose a novel algorithm called the incremental Markov Decision
Process (iMDP) to compute incrementally any-time control policies that approximate
arbitrarily well an optimal policy in terms of the expected cost. The main idea
is to generate a sequence of finite discretizations of the original problem through
random sampling of the state space. At each iteration, the discretized problem is a
Markov Decision Process that serves as am incrementally refined model of the original
problem. We show that the iMDP algorithm guarantees asymptotic optimality while
maintaining low computational and space complexity.

In the second part of the thesis, we consider risk constraints that are expressed as
either bounded trajectory performance or bounded probabilities of failure. For the
former, we present the first extended iMDP algorithm to approximate arbitrarily well
an optimal feedback policy of the constrained problem. For the latter, we present
a martingale approach that diffuses a risk constraint into a martingale to construct
time-consistent control policies. The martingale stands for the level of risk tolerance
that is contingent on available information over time. By augmenting the system
dynamics with the martingale, the original risk-constrained problem is transformed
into a stochastic target problem. We present the second extended iMDP algorithm
to approximate arbitrarily well an optimal feedback policy of the original problem
by sampling in the augmented state space and computing proper boundary values
for the reformulated problem. In both cases, sequences of policies returned from the
extended algorithms are both probabilistically sound and asymptotically optimal.
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The effectiveness of these algorithms is demonstrated on robot motion planning
and control problems in cluttered environments in the presence of process noise.

Thesis Supervisor: Emilio Frazzoli
Title: Professor of Aeronautics and Astronautics
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Chapter 1

Introduction

Stochastic optimal control is a subfield of control theory that considers mathematical
models with uncertainty in the control process. The goal of stochastic optimal control
is to design feedback policies that perform desired tasks with minimum costs despite
the presence of noises. Historically, mathematical models used in stochastic optimal
control are often derived for engineering systems such as mechanical systems. Due to
their abstraction, these models are also applied for problems in other domains such
as mathematical economics [1, 2] and mathematical finance [3]. Therefore, stochastic
optimal control has been studied extensively by several research communities, and
each community focuses on different theoretical and implementation aspects of the
field. Researchers also find applications of stochastic optimal control in diverse fields
ranging from robotics [4], biology [5], healthcare [6] to management science, economics
and finance [7,8].

In this thesis, we primarily focus on applications of stochastic optimal control
in robotics, especially the problem of robot motion planning and control. In recent
years, several advanced autonomous systems have been built to operate in uncertain
environments such as Mars rovers for planetary missions [9], autonomous cars pro-
viding urban mobility on demand [10, 11], and small aerial vehicles operating in the
presence of stochastic wind [12]. In many of these applications, the systems oper-
ate in worlds that are inherently continuous in time and space under a continuous
control space. Moreover, we are often concerned with several aspects of the control
process. For example, in Mars exploration missions, we want that a Mars rover de-
parts from an origin to reach a destination with minimum energy and at the same
time minimizes the risk of failure. Therefore, in this thesis, we consider a broad class
of continuous-time, continuous-space stochastic optimal control problems that may

contain additional complex constraints. We aim to provide a generic sampling-based

approach to construct incremental solutions for the mentioned problems.

1.1 Stochastic Optimal Control

Informally speaking, given a system with dynamics specified by a controlled diffusion

process with a state space and a control space that describe an operating environment
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and available controls, a stochastic optimal control problem is to find an optimal
feedback policy to minimize the expected cost-to-go known as an objective function.
The resulting objective function evaluated at an optimal feedback policy is called an
optimal cost-to-go function or a value function. In certain applications of interest, we
can also have risk constraints that are expressed as bounded trajectory performance or
bounded probabilities of failure. A large body of literature is devoted to characterize
and provide numerical and algorithmic solutions to these problems and their related
versions from multiple perspectives, which will be briefly described in this section.

Optimal solution characterization

The control community has concentrated on characterizing optimal solutions to stochas-
tic control problems. Since 1950, a variety of different approaches to stochastic op-
timal control have been investigated. Arguably, dynamic programming proposed by
Bellman in 1957 [13] is one of the most well-known approaches. The dynamic pro-
gramming principle provides a proper way to relate time-t optimal value function to
any later time-T optimal value function. Bellman's principle of optimality leads to
nonlinear partial differential equations (PDEs) of second order, known as Hamilton-
Jacobi-Bellman (HJB) equations, whose solutions, if exist, are shown to be the value
functions of control problems.

Following Bellman, several works focus on finding conditions under which HJB
equations have solutions (see survey in [14-18]). Establishing such conditions of-
ten limits the class of problems that can be handled by the dynamic programming
approach [19]. In particular, these conditions allow value functions to be smooth
enough so that they satisfy HJB equations in the classical or usual sense. However,
in practice, value functions are often not smooth enough to be classical solutions. On
the other hand, there are many functions other than value functions satisfying HJB
equations almost everywhere.

Thus, intensive research efforts have focused on new solution concepts that allow
for non-smooth value functions. Since 1983, viscosity solutions have gained popularity
as an alternative and natural solution concept for HJB equations [17, 20]. Viscosity
solutions are a weak formulation of solutions to HJB equations that enables us to
continue the dynamic programming approach. For a large class of optimal control
problems, the value function is the unique viscosity solution of the associated HJB
equation. However, for several problems with complex constraints, deriving the asso-
ciated HJB equations from the dynamic programming principle encounters technical
difficulties related to the measurable selection argument. Recently, in 2011, an ap-
proach called weak dynamic programming was proposed by Bouchard and Touzi [21]
to derive HJB equations and find viscosity solutions that can avoid measurability
issues. As shown in the authors' very recent works, the weak dynamic programming
approach enables us to establish the HJB equation for a broader class of interesting
problems with terminal state constraints [22-26].

Indeed, deriving HJB equations for different classes of problems is still an on-going
and active research topic. While deriving HJB equations is the utmost research goal
for characterizing classical or viscosity optimal solutions, computing a solution of a

14



stochastic optimal control problen in an efficient way is a crucial research question

in practice. In the following, we discuss the computational complexity and methods

to solve stochastic control problems.

Computational complexity

Unfortunately, general continuous-time, continuous-space problems do not admit

closed-form or exact algorithmic solutions and are known to be computationally chal-

lenging (see, e.g., [27--31]). Problems with closed-form solutions such as the linear

quadratic gaussian (LQG) problem [17, 32, 33] or Merton's portfolio problem [34] are

rare. These exceptions are due to special problem structures such as a quadratic value

function for the LQG problem or an optimal constant-fraction investment strategy

for Merton's portfolio problem.

General continuous time and space problems can be solved approximately by dis-

cretizing time and space [27]. This discretization is used in numerical methods that

solve H.JB equations or in the construction of approximating discrete-time finite-state

Markov Decision Processes (MDPs). Discrete-time finite-state MDP problems can be

solved, e.g., by linear programming, in time which increases polynomially in the num-

ber of states. However, to obtain a good approximation, we often need a large nuiber

of states. This leads to the phenomenon called "curse of dimensionality" in which

both required storage space and running time increase exponentially in the dimnen-

sion of the space [27]. In practice, discretization is only considered coinputationally

feasible up to five-dimensional state spaces.

The above result strongly suggests that the complexity of finding asymptotically-

optimal solutions of continuous-time continuous-space stochastic optimal control prob-

lems grows exponentially in the dimension of the state space.

Numerical and algorithmic methods

In the light of the above complexity result, several works have focused on computing

approximate solutions to stochastic optimal control problems. A popular approach

is to compute solutions to HJB equations numerically (see, e.g., [35--37]). However,
for new classes of problems with complex constraints, deriving the HJB equations is

often hard. In addition, for problems such as singular stochastic control and impulsive

control, the HJB equations are in fact a system of partial differential inequalities. The

existence, uniqueness of viscosity solutions and regularity theory for this class of PDEs

are not well understood [38].

Thus, other methods approximate a continuous problem with a single discrete-

time finite-state Markov Decision Process (MDP) [39,40] without invoking the asso-

ciated HJB equation. When dealing with finite-state MDPs, we can use specialized

algorithms such as policy iteration, value iteration and their parallel versions to find

e-optimal solutions. The thorough treatment of these algorithms can be found in

the work by Bertsekas and Tsitsiklis [41,42]. However, having a single MDP to ap-

proximate the continuous problem often looses the fidelity of the original continuous

problem model. Furthermore, assigning ad-hoc transition probabilities on the MDP

15



can lead to inconsistent approximation. The method described below, pioneered by
Kushner and Dupuis, addresses several drawbacks of the previous methods.

For the last three decades, Kushner, Dupuis, and their colleagues have devel-
oped a powerful method called Markov chain approximation (see, e.g., [43, 44] and
references therein) to compute numerically value functions of a wide spectrum of
stochastic optimal control problems. Conceptually, the Markov chain approximation
method constructs a sequence of MDPs to consistently approximate the underly-
ing continuous dynamics. This probabilistic approach, which relies on the theory
of weak convergence [45-47], offers several advantages. First, the method does not
require smooth value functions and does not derive the associated HJB equations.
This advantage is significant for problems where the PDE theory for the associated
HJB equations is difficult to tackle. Second, the method uses physical insights of the
systems to construct the approximation. Interesting, given an elliptic PDE, it is pos-
sible to construct reversely an artificial stochastic dynamics for the equation [24,44].
Hence, Markov chain approximation is a probabilistic method to compute solutions
of elliptic equations as well. Third, the method provides a mild sufficient condition,
called local consistency, to construct consistent approximations. As local consistency
can be constructed easily in most cases, it is also straightforward to implement the
method.

Thus far, the above methods can be classified as deterministic methods. As dis-
cussed above, due to discretization, the complexity these deterministic algorithms,
however, scales exponentially with the dimension of the state and control spaces.
Moreover, the above algorithms require global strategies to devise such a priori dis-
cretization, which becomes difficult to manage and automate for high dimensional
state spaces. For robotics applications where the state spaces are often unstructured
due to cluttered environments or even unknown and dynamic, such global strategies
are undesirable.

Remarkably, as noted in [27,48,49], algorithms based on random (or quasi-random)
sampling of the state space, also known as sampling-based algorithms, provide a possi-
bility to alleviate the curse of dimensionality when the control inputs take values from
a finite set. Nevertheless, designing sampling-based algorithms for stochastic optimal
control remains largely unexplored. At the same time, sampling-based algorithms can
also be traced back to research in (deterministic) motion planning [50-52] in robotics
and related disciplines such as computational biology, computer animation [53-58].
This field of research has been conducted in parallel with the stochastic optimal con-
trol research in the last three decades. In the following section, we will review the
development of the field, which will shed light on a better method for discretization.

1.2 Robot Motion Planning

As robots become an integral part of industry and daily life, the (deterministic) robot
motion planning problem has received much attention from the robotics and automa-
tion research community. Given a robot with continuous-time dynamics operating
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in a noise-free environment, an initial state in a continuous configuration space.1 , a

set of goal states, the robot motion planning problem is to find a sequence of feasible

control inputs to drive the system from the initial state to one of the goal states and

at the same time avoid collision with obstacles (see, e.g., [52, 59, 60] and references

therein). The optimal version of the problem called optimal motion planning seeks

for a feasible solution that minimizes some performance measure. These problems,
which can be cast as (deterministic) (optimal) control problems, have mathematical

formulations that are closely related to the stochastic optimal control formulations

considered in this thesis.

The motion planning problem is known to be computationally hard, and the

basic version called the generalized piano movers is proven to be PSPACE--hard 2 in

the dimension of the configuration space by Reif in 1979 [611. In addition, in 1988,
Canny showed that computing the shortest path in a three-dimensional Euclidean

space populated with obstacles is NP-hard in the number of obstacles [62]. Therefore,
the optimal motion planning is computationally challenging even when the dimension

of the configuration space is fixed. As the optimal motion planning problem can be

thought as a"stochastic" optimal control problem with negligible noise magnitude,
these results further assert the computational challenges involved in solving stochastic

optimal control problems.

The PSPACE and NP complexity classes make complete and exact algorithms

for motion planning, which return a valid solution in finite time, if one exists, and

failure otherwise, unsuitable for practical usage [63-65]. The first practical approach

called cell decomposition methods [66] provides resolution completeness, which means

a valid solution, if one exists, is returned when the resolution parameters are set fine

enough. The second practical approach called potential fields [67] provides complete

solutions by using appropriate navigation functions. Although the two approaches

can be applied to problems with state spaces of up-to five dimensions, cell decom-

position methods suffer from the curse of dimensionality due to the large number

of cells and difficult cell management [68], and potential field methods suffer from

local minima [69]. More importantly, all previously mentioned methods require an

explicit representation of the obstacles in the configuration space for the construction

of solutions. Hence, these methods are not suitable for high dimensional state spaces

and environments with a large number of obstacles.

Sampling-based algorithms

Therefore, to overcome the above difficulties, a class of sampling-based algorithms

for the motion planing problem have been studied since the 1990s [50, 70-75]. The

main advantage of these algorithms is to avoid such an explicit representation of

obstacles in the configuration space by using feasibility tests of candidate trajectories.

This leads to significant computational savings for problems with high dimensional

l The configuration space of a robot is identical to the state space if the robot is purely kinematic.
2 PSPACE complexity class includes decision problems for which answers can be found with

memory which are polynomial in the size of the input. The run time is not constrained. It is
believed that NP class is proper subset of PSPACE class.
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state spaces in cluttered environments. Instead of providing completeness guarantees,
these algorithms provide probabilistic completeness in the sense that the probability
of failing to return a solution, if one exits, decays to zero as the number of samples
approaches infinity [76-83].

One of the first and most popular sampling-based algorithms is the Probabilistic
RoadMap (PRM) algorithm proposed by Kavraki et al. [50,77]. The PRM algorithm
first constructs an a priori graph, known as the roadmap, representing a rich set of
collision-free trajectories and then answers multiple online queries by computing the
shortest paths that connect initial states and final states through the roadmap.

While the PRM algorithm is suitable for environments such as factory floors where
the roadmap is needed to build once, most applications only require a single query as
the robot moves from one environment to another unknown environment. Moreover,
computing the roadmap a priori may be computationally demanding. Thus, an
incremental sampling-based algorithm called the Rapidly-Exploring Random Tree
(RRT) were proposed by LaValle and Kuffner to avoid the need to specify a priori
samples and tailored for single-query motion planning applications [51,84,85].

The RRT algorithm constructs a tree-based structure connecting an initial state
to a goal region, which efficiently searches non-convex high dimensional search spaces.
The algorithm is designed to determine (i) which node of the tree needs to be ex-
panded, and (ii) in which direction the tree should explores. To achieve this, the
algorithm picks a random configuration state and chooses a node in the tree to ex-
pand that is closest to the random state in terms of a Euclidean distance. Then,
from the closest expanding node, the algorithm simulates the robot dynamics under
some control inputs towards the random state so that the extended node is as close as
possible to the random state. If the resulting trajectory is collision-free, it is feasible
and added to the tree. As a result, the RRT algorithm chooses an expanding node
that is proportional to the size of its Voronoi region and tends to grow towards large
unsearched areas.

Several variants of the RRT algorithm have been studied extensively [78,85-92]
and shown to work very well for systems with nonlinear differential dynamics [71,78].
The algorithm has also been implemented on several robotic platforms [10, 93-96].
We emphasize that besides avoiding an explicit representation of obstacles in the
configuration space, the RRT algorithm has a very simple scheme to manage its data
structure in a large search space.

Sampling-based RRT-like algorithms can be implemented efficiently using the
following primitive procedures of reduced complexity: random sampling, k-nearest
neighbors search, local steering, collion-checking, and local node processing. Although
the specific implementation of these primitive procedures in different RRT-like algo-
rithms may differ slightly, the overall structure of these algorithms remain the same.
Recent work by Bialkowski et at. [97-100] exploits the interconnection of these prim-
itive procedures to optimize and significantly reduce the running time of RRT-like
algorithms.

Despite practical successes of the RRT algorithm, the quality of the returned path
and insights into the structure of constructed trees received little attention before a
recent work by Karaman and Frazzoli in 2011 [52]. In this work, the authors have
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shown that the RRT algorithm fails to converge to optimal solutions with probabil-
ity one and have also proposed the RRT* algorithm which guarantees almost-sure
convergence to globally optimal solutions. The RRT* algorithm "rewires" the tree
as it discovers new lower-cost paths reaching the nodes that are already in the tree.
It is shown that the asymptotic computational complexity of the RRT* algorithm is
essentially the same as that of RRTs. The authors analyze the problem using tools in
the theory of random geometric graphs, which provides better understanding of the
structure of random trees.

The theory of random geometric graphs is rich (see, e.g., [101-106]). Random
geometric graphs are defined as stochastic collections of points in the metric space
connected by edges when certain conditions are met. Depending on the conditions to
connect edges, we have different random graph models. For instance, when an edge
is formed if the distance between the two points is bounded by a positive constant,
we have Gilbert's disc model [101]. Another popular model called k-nearest neighbor
graph considers edges between k nearest neighbors [103]. A remarkable result in this
field certifies that when k = O(log n) where n is the number of points, the resulting
graph is connected asymptotically almost surely and thus has optimal shortest paths
in the limit as the number of points approaches infinity. This result is sharp in the
sense that fewer connections than this rate are almost surely sub-optimal.

It turns out that the above result plays a significant role in analyzing the RRT*
algorithm. From the analysis in [52], it is clear that the success of RRT* algorithm
for online robotic optimal motion planning applications in cluttered environments are
due to two main features of the algorithm. First, the construction of random trees and
the processing of optimal cost can be handled locally for each newly added sample.
Second, despite that local processing, desirable global properties such as connectivity
and optimality are still guaranteed in a suitable probabilistic sense. From the above
discussion, we observe that constructing such random graphs and random trees in
RRT-like algorithms is a randomized method to perform incremental discretization
or cell decomposition of the configuration space. This observation suggests that ran-
domized methods would offer similar benefits in handling stochastic optimal control
problems.

Nevertheless, RRT-like algorithms are not suitable for the purpose of stochastic
optimal control. In particular, RRT-like algorithms compute open-loop plans in the
obstacle-free space, and during the execution phase, the robot must perform exact

point-to-point steering to traverse from an initial state to a goal region. Hence, these

algorithms are not aware of inherent uncertainty in system dynamics even when the
robot constantly re-plans after being out of its open-loop plans due to the underlying

process noise. Therefore, we need a new data structure to handle noise process

directly.
In this thesis, using the Markov chain approximation method [43] and the rapidly-

exploring sampling technique [51], we introduce a novel sampling-based algorithm
called the incremental Markov Decision Process (iMDP) to approximately solve a
wide class of stochastic optimal control problems. Unlike exploring trees in RRT-like
algorithms, the iMDP algorithm uses a sequence of Markov Decision Processes to
address the difficulty caused by process noise. The details of the iMDP algorithm
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will be presented in Chapter 3.

1.3 Risk Management

Risk management in stochastic optimal control has also received extensive attention
by researchers in several fields. Broadly speaking, risk can be defined as a situa-
tion involving exposure to danger. In practice, we are often concerned with several
additional requirements of control policies when minimizing an objective function.
For example, trajectory performance requirements such as fuel consumption require-
ments on autonomous cars, stealthiness requirements for aircraft, thermal control
requirements on spacecraft (e.g., to avoid long exposure of radiators to the Sun), and
bounded collision probability are critical and must be respected while minimizing the
time to execute a task. Controlled systems are considered to be in risky situations
when these requirements are not met. Thus, we refer to theserequirements as risk
constraints.

In this thesis, we consider risk constraints that are expressed as either bounded
trajectory performance, which has the same structure as the objective function, or
bounded probability of failure. The mathematical formulation of these constraints will
be presented in Chapters 4 and 5 respectively. In the following, we briefly review the
literature of constrained stochastic optimal control problems from multiple research
communities.

Bounded trajectory performance

The management science community has focused on bounded trajectory performance
constraints for discrete-time, finite-state MDP problems that arise from new technol-
ogy management and production management. The considered bounded trajectory
performance constraints also have the same structure as the objective function with
possibly different discount factors. In [107,108], Feinberg and Shwartz consider these
problems when constraints are applied for particular initial states. Thus, optimal
control policies depend on the initial state. For this class of problems, the authors
characterize optimal policies as a class of nonstationary randomized policies. In par-
ticular, if a feasible policy exists, then there exists an optimal policy which is station-
ary deterministic from some steps onward and randomized Markov before this step,
but the number of randomized decisions is bounded by the number of constraints.
The authors further argue that this class of nonstationary randomized policies is the
simplest optimal policies for constrained stochastic optimal control problems with
different discount factors.

A mixed linear-integer programming is also proposed to find this class of optimal
policies [107, 108]. Thus, a possible method to solve continuous-time continuous-
space stochastic optimal control in the presence of bounded trajectory performance
constraints is to discretize these problems in both time and space. However, due to a
large number of states and a large number of integer variables, this approach presents
enormous computational challenges.
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In this work, we enforce bounded trajectory performance constraints for all sub-

trajectories. This formulation imposes a stronger requirement for control policies

and allow us to extend the iMDP algorithm to find anytime stationary deterministic

policies, which are suitable for practical applications. The details of the extended

iMDP algorithm for this class of constrained stochastic control problems are presented

in Chapter 4.

Bounded probabilities of failure

In robotics, a common risk management problem is formulated as chance-constrained

optimization [75, 109--113]. Historically, chance constraints specify that starting from

a given initial state, the time- 0 probability of success must be above a given threshold

where success means reaching goal areas safely. Alternatively, we call these constraints

risk constraints (as done in this thesis) if we concern more about failure probabili-

ties. For critical applications such as self-driving cars and robotic surgery, regulatory

authorities can impose a threshold of failure probability during operation of these

systems. Thus, finding control policies that fully respect this type of constraint is

important in practice.

Despite intensive work done to solve this problem over the last 20 years, de-

signing computationally efficient algorithms that respect chance constraints for sys-

tems with continuous-time dynamics is still an open question. The Lagrangian ap-

proach [32,114,115] is a possible method for solving the mentioned constrained opti-

mization. However, this approach requires numerical procedures to compute Lagrange

multipliers before obtaining a policy, which is often computationally demanding for

high dimensional systems.

In another approach (see, e.g., [75, 112, 113, 116, 117]), most previous works use

discrete-time multi-stage formulations to model this problem. In these modified for-

mulations, failure is defined as collision with convex obstacles which can be repre-

sented as a set of linear inequalities. Probabilities of safety for states at different

time instants as well as for the entire path are pre-specified by users. The proposed

algorithms to solve these formulations often involve two main steps. In the first step,
these algorithms often use heuristic [116] or iterative [117] risk allocation procedures

to identify the tightness of different constraints. In the second step, the formulations

with identified active constraints can be solved using mixed integer-linear program-

muing with possible assistance of particle sampling [109] and linear programming re-

laxation [110]. Computing risk allocation fully is computationally intensive. Thus, in

more recent works [75,112,113], the authors make use of the RRT and RRT* algo-

rithms to build tree data structures that also store incremental approximate allocated

risks at tree nodes. Based on the RRT* algorithm, the authors have proposed the

Chance-Constrained-RRT* (CC-RRT*) algorithm that would provide asymptotically-

optimal and probabilistically-feasible trajectories for linear Gaussian systems subject

to process noise, localization error, and uncertain environmental constraints. In ad-

dition, the authors have also proposed a new objective function that allows users to

trade-off between minimizing path duration and risk-averse behavior by adjusting the

weights of these additive components in the objective function.

21



We note that the modified formulations in the above approach do not preserve
well the intended guarantees of the original chance constraint formulation that spec-
ifies the bounded probability of failure from time-O for only a particular initial state.
In addition, although the recent developed algorithms can provide asymptotically-
optimal and probabilistically-feasible trajectories, the approach requires the direct
representation of convex obstacles into the formulations, which limits its use in prac-
tice. Solving the resulting mixed integer-linear programming when there is a large
number of obstacles is computationally demanding. The proposed algorithms are also
over-conservative due to loose union bounds when performing the risk allocation pro-
cedures. To counter these conservative bounds, CC-RRT* constructs more aggressive
trajectories by adjusting the weights of the path duration and risk-averse components
in the objective function. As a result, it is hard to automate the selection of trajectory
patterns.

Moreover, specifying in advance probabilities of safety for states at different time
instants and for the entire path can lead to policies that have irrational behaviors
due inconsistent risk preference over time. This phenomenon is known as time-
inconsistency of control policies. For example, when we execute a control policy
returned by one of the proposed algorithms, due to noise, the system can be in an
area surrounded by obstacles at some later time t, it would be safer if the controller
takes into account this situation and increases the required probability of safety at
time t to encourage careful maneuvers. Similarly, if the system enters an obstacle-
free area, the controller can reduce the required probability of safety at time t to
encourage more aggressive maneuvers. Therefore, to maintain time-consistency of
control policies, the controller should adjust safety probabilities that are contingent
on available information along the controlled trajectory.

In other related works [119-121], several authors have proposed new formula-
tions in which the objective functions and constraints are evaluated using (differ-
ent) single-period risk metrics. However, these formulations again lead to potential
inconsistent behaviors as risk preferences change in an irrational manner between
periods [122]. Recently, in [111], the authors used Markov dynamic time-consistent
risk measures [123-125] to assess the risk of future cost stream in a consistent man-
ner and established a dynamic programming equation for this modified formulation.
The resulting dynamic programming equation has functionals over the state space as
control variables. When the state space is continuous, the control space has inifinite
dimensionality, and therefore, solving the dynamic programming equation in this case
is computational challenging.

In mathematical finance, closely-related problems have been studied in the context
of hedging with portfolio constraints where constraints on terminal states are enforced
almost surely (a.s), yielding so-called stochastic target problems [21-25]. Research
in this field focuses on deriving HJB equations for this class of problems. Recent
analytical tools such as weak dynamic programming [21] and geometric dynamic
programming [126,127] have been developed to achieve this goal. These tools allow
us to derive HJB equations and find viscosity solutions for a larger class of problems
while avoiding measurability issues.

In this thesis, we consider the above stochastic optimal control problems with risk
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constraints that are expressed in terms of time-O bounded probabilities of failure for
particular initial states. As we will show in Chapter 5, we present a martingale ap-

proach to solve these problems such that obtained control policies are time-consistent

with the initial threshold of failure probability. The martingale approach enables

us to transform a risk-constrained problem into a stochastic target problem. The

martingale represents the consistent variation of risk tolerance that is contingent on

available information over time. The iMDP algorithm is then extended to compute

anytime policies for the original constrained problem. It turns out that returned poli-
cies by the extended iMDP algorithm belong to a class of randomized policies in the
original control policy space.

1.4 Statement of Contributions

The main contribution of this thesis is the development of theoretical foundations, and
provably-correct and efficient sampling-based algorithms to solve continuous-time,
continuous-space stochastic optimal control problems in the presence of complex risk
constraints.

More specifically, the contributions of this thesis are listed as follows. In the first

part of the thesis, we consider the mentioned problems without risk constraints. We
propose a novel algorithm called the incremental Markov Decision Process (iMDP)
to compute incrementally any-time control policies that approximate arbitrarily well
an optimal policy in terms of the expected cost.

The main idea is to generate an approximating data structure which is a sequence
of finite discretizations of the original problem through random sampling of the state
space. At each iteration, the discretized problem is a Markov Decision Process that
serves as an incrementally refined niodel of the original problem. That is, the discrete
MDP is refined by adding new states sampled from the boundary as well as from the
interior of the state space. Subsequently, new stochastic transitions are constructed
to connect the new states to those already in the model. For the sake of efficiency,
stochastic transitions are computed only when needed. Then, an anytime policy

for the refined model is computed using an incremental value iteration algorithm,
based on the value function of the previous model. This process is iterated until
convergence. The policy for the discrete system is finally converted to a policy for
the original continuous problem.

With probability one, we show that:

e The sequence of the optimal value functions for each of the discretized problems
converges uniformly to the optimal value function of the original stochastic
optimal control problem, and

e The original optimal value function can be computed efficiently in ail incremen-
tal manner using asynchronous value iterations.

Thus, the proposed algorithm provides an anytime approach to the computation
of optimal control policies of the continuous problem. In fact, the distributions of
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approximating trajectories and control processes returned by the iMDP algorithm
approximate arbitrarily well the distributions of optimal trajectories and optimal
control processes of the continuous problem.

Moreover, each iteration of the iMDP algorithm can be implemented with the time
complexity O(no(log n) 2) per iteration where the parameter 0 belongs to (0, 1], and
n is the number of states in an MDP model in the algorithm which increases linearly
due to our sampling strategy. Therefore, the iMDP algorithm guarantees asymptotic
optimality while maintaining low computational and space complexity. Compared
to the time complexity per iteration O(log n) of RRT and RRT*, the complexity of
iMDP algorithm is slighly higher in order to handle uncertainty and provide closed-
loop control policies.

The iMDP algorithm provides several benefits for solving stochastic optimal con-
trol problems:

" The iMDP algorithm is an algorithmic method to construct approximate so-
lutions without the need to derive and characterize viscosity solutions of the
associated HJB equations. Hence, the algorithm is suitable for a very broad
class of stochastic control problems where HJB equations are not well under-
stood.

" The underlying probabilistic convergence proof of the Markov chain approxima-
tion method holds true even for complex stochastic dynamics with discontinuity
and jumps. Thus, the iMDP algorithm is capable of handling such complex sys-
tem dynamics.

* As the approximating MDP sequence is constructed incrementally using a collision-
checking test, the iMDP is particularly suitable for online robotics applications
without a priori discretization of the state space in cluttered environments.

" The iMDP algorithm also has an important anytime flavor in its computation.
The algorithm tends to provide a feasible solution quickly, and when additional
computation time is available, the algorithm continues refining the solution.

In the second part of the thesis, we consider risk constraints that are expressed
as either bounded trajectory performance or bounded probabilities of failure. For
bounded trajectory performance constraints, we enforce these constraints for all sub-
trajectories. We extend the iMDP algorithm to approximate arbitrarily well an op-
timal feedback policy of the constrained problem. We show that the sequence of
policies returned from the extended algorithm are both probabilistically sound and
asymptotically optimal.

For bounded failure probability constraints enforced for particular initial states,
we present a martingale approach that diffuses a risk constraint into a martingale to
construct time-consistent control policies. The martingale stands for the level of risk
tolerance over time. By augmenting the system dynamics with the martingale, the
original risk-constrained problem is transformed into a stochastic target problem. We
extend the iMDP algorithm to approximate arbitrarily well an optimal feedback policy
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of the original problem by sampling in the augmented state space and computing

proper boundary values for the reformulated problem. We also show that the sequence

of policies returned from the extended algorithms are both probabilistically sound and

asymptotically optimal in the original control policy space. Furthermore, anytime

control policies in this case are randomized policies.

The effectiveness of the iMDP algorithm and its extended versions is demonstrated

on robot motion planning and control problems in cluttered environments in the

presence of process noise.

Lastly, the final chapter of the thesis points out several important directions for

future research such as parallel and distributed implementation of iMDP algorithms,
stochastic control with logic constraints, novel sampling-based methods to handle

sensor information, and stochastic differential games. The ultimate goal of this re-

search direction is to achieve high degree of autonomy for systems to operate safely

in uncertain and highly dynamic environments with complex mission specifications.

1.5 Outline

This thesis is organized as follows:

" In Chapter 2, we will present preliminary concepts, mathematical definitions

and notations for our discussion in the following chapters. We will introduce

several models for continuous-time stochastic system dynamics and approxi-

mating discrete structures for the continuous dynamics. Well-known results for

these models will be presented for future reference in later chapters.

" In Chapter 3, we will formulate the standard continuous-time continuous-space

stochastic optimal control problem. The incremental Markov Decision Process

(iMDP) algorithm will be presented to provide asymptotically-optinal solutions

using efficient incremental computation. We will also provide detailed analysis

of the iMDP algorithm and present several experimental results to support the

analysis.

" In Chapter 4, we will present a class of stochastic optimal control in the pres-

ence of bounded trajectory performance constraints. This is the first type of

risk constraints that we consider in this thesis. We extend the iMDP algo-

rithm to provide probabilistically-sound and asymptotically-optimal policies in

an anytime manner for this class of constrained problems.

" In Chapter 5, we will consider stochastic optimal control problems subject to

the second type of risk constraints that are formulated as bounded probabilities

of failure. We will introduce a martingale approach to convert these probability

constraints into controlled martingales so that we would instead solve equivalent

stochastic target problens. As a result, we can extend the iMDP algorithm

to provide probabilistically-sound and asymptotically-optimal policies to the

transformed problems. We then convert these policies into anytime policies of

the original constrained problems.
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* Finally, in Chapter 6, we conclude the thesis and present future research direc-
tions.
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Chapter 2

Background and Preliminaries

In this chapter, we first present formal notations and definitions used in thesis. We
then overview important results that lay the foundations to analyze the algorithms

presented in the following chapters. In particular, we will review Brownian motion,
controlled diffusion processes, and random geometric graphs. During our discussion

in the next chapters, we will remind these notations, definitions, and results when

necessary. The details of these materials can be found in [43,104,128,129].

2.1 Basic Definitions and Notations

Convergence

We denote N as the set of natural numbers starting from 1, No = N U {0}, and R as

the set of real numbers. Similarly, Rk is the set of k-dimensional real vectors. We also

denote R as the set of extended real numbers, i.e. R = R U {-,00, +o}. A sequence

on a set X is a mapping from No to X, denoted as {x,} 0 , where x,, E X for each

n E N. Given a metric space X endowed with a metric d, a sequence {x }O 0 C X is

said to converge if there is a point x E X, denoted as limneo, xn with the following

property: For every e > 0, there is an integer N such that n > N implies that

d(x,, x) < c.

A sequence of functions {f},, in which each function f, is a mapping from X to

R converYes pointwise to a function f on X if for every x E X, the sequence of numbers

{ fn(x)} _o converges to f(x). A sequence of functions {f} I converges uniformly
to a function f on X if the following sequence {M, I Al = supX(EX If.) - f WI-o

converges to 0.

Measurable space

Let X be a set. A --algebra A on a set X is a collection of subsets of X that contains

the empty set, the set X itself, and is closed under complement and countable union

of its members. The tuple (X, A) is called a measurable space. Let (X, A) and

(Y, B) be measurable spaces. A function f : X -+ Y is an A-measurable function if

f-(B) E A for every B c B. A u-algebra generated by the function f is defined as
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o(f) = {f-(B) I B B1}. Thus, f is A-measurable if -(f) C A. When it is clear
from the context, we use A-measurable and measurable interchangeably.

A Borel set is any set in a topological space that can be formed from open sets
through the operations of countable union, countable intersection, and complement.
If S is a topological space, we denote by B(S) the o--algebra of Borel subsets of S.

Probability space

Let us consider a random experiment E. The sample space Q of E is a set of all possible
outcomes w of E. Let F be a a-algebra on Q such that (Q, F) is a measurable space,
then F is an event space of E. A subset A of F is called an event. The complement
of an event A is denoted as Ae. A probability measure P is a mapping from F
to R satisfying the following three axioms: (i) the probability P(A) of an event
A E F occurring is a real number between 0 and 1, (ii) the probability P(Q) of the
event Q occurring is 1, and (iii) the probability of any of countably many pairwise
disjoint events ocurring is the sum of the probabilities of the occurrence of each of the
individual events. The tuple (Q, F, P) is called a probability space of the experiment
E.

Two events A, B are independent if P(A n B) P(A)P(B). Two o--algebras
A, B C F are independent if for any A E A and B E B, A and B are independent.
A random variable is a measurable function mapping from Q to R.

The construction of a probability space can be incremental in the following sense.
We say that a probability (Q', F', P') extends another probability space (Q, F, P) if
there exists a surjective map 7 : Q' - Q which is measurable, i.e., w'(A) E F' for
every A E F, and probability preserving, i.e., P'(Tv1 (A)) = P(A) for every A E
F [130]. An event A in the original probability space is canonically identified with an
event 7-'(A) in the extended probability space. Thus, insead of specifying in advance
a probability space having a rich enough structure so that all random variables of
interest can be defined, we can extend a probability space when necessary to define
new random variables. This is a useful probabilistic way of thinking, especially when
we study stochastic processes, so that the sample space Q can be considered as an
ambient sample space.

Convergence of random variables

Let us consider a probability space (Q, F, P). Given a sequence of events {An} , we
define lim sup,, An as nO' U'_ 7 Aa, i.e., the event that As occurs infinitely often.
In addition, the event lim infn_4oc An is defined as U' no Ak. The expected value
of a random variable Y is defined as E[Y] = f YdP using the Lebesgue integral.

A sequence of random variables {Y,}0 converges surely to a random variable
Y if limn_,oc Y,(w) = Y(w) for all w E Q. A sequence of random variables {Yn} O
converges almost surely or with probability one (w.p.1) to a random variable Y if
P(W E Q limn,, Y(w) = Y(W)) = 1. Almost sure convergence of {Yn} 0 to Y is
denoted as Y, "- Y.
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We say that a sequence of random variables {Yr}>() converges in probability to a

random variable Y, denoted as Y, 4 Y or plinY, = Y, if for every c > 0, we have

liII_ P(IX, - X I > e) = 0. For every continuous function f(-), if Y, 4 Y, then we

also have f(Y) 4 f(Y). Moreover, if Y, 4 Y and Z, 4 Z, then (Y, Zn) 4 (Y, Z).

We say that a sequence of random variables {Y} O converges in distribution to a
random variable Y if linio>, F,(x) = F(x) for every x E R at which F is continuous
where {Fi}>_O and F are the associated CDFs of {Y} 0O and Y respectively. We

d
denote this convergence as Y,, -4 Y. Convergence in distribution is also called weak

d
convergence. If Y,, -> Y, then limn . E[f(Yn)] = E[f(Y)] for all bounded continuous
functions f. As a corollary, when {YK}'O converges in distribution to 0, and Y', is
bounded for all n, we have limn, E[1§] = 0 and lims. E[Y ] = 0, which together

imply lim 1 , Var(Y) = 0. We also have if IZ, - Y, 4 0 and Y _ Y, we have

Zr d Y.
In addition, an event E(n), which depends on a parameter n, holds asymptotically

almost surely if limo, P(E(n)) = 1. Thus, when Y, 4 Y, then this implies that
the event Y = Y happens asymptotically almost surely, i.e. lim. P(Y, = Y) = 1.

Finally, we say that a sequence of random variables {Y} O converges in Th

mean to a random variable Y, denoted as Y, 4 Y, if E[lXnl"H < oc for all n, and
liilr, E[ X" - XK"I = 0.

We have the following implications: (i) almost sure convergence or rTl' mean con-
vergence (r > 1) implies convergence in probability, and (ii) convergence in probability
implies convergence in distribution. The above results still hold for random vectors
in higher dimensional spaces.

Conditional expectation

On a probability space (Q, F, P), let A E F be an event such that P(A) > 0.
The conditional probability of an event B given the event A, denoted as P(B I A),
is defined as P(B I A) = P(B n A)/P(A). Let Q : F -M R such that Q(B) =
P(B I A) then Q is a probability measure oil (Q, F). Conditional expectation of a
random variable X given the event A is defined as E[X I A] J= XdQ whenever this
integration is well defined. Let 1A : o - {0, 1} be an indicator function that takes
value 1 if w E A and 0 otherwise. When E[ X lAi < oc, then X is Q-integrable and
E[X I A] = E[X1]/P(A).

Conditional expectation can also be defined with respect to a o-algebra and a
random variable. Let 9 C F be a sub u-algebra, the conditional expectation of a
random variable X given g, E[X 1g1, is the unique g-measurable random variable Z

such that E[Xlc] = E[ZlG] for all G E g. Furthermore, a conditional expectation of
a random variable X given a random variable Y is defined as E[X I Y] = E[X I u(Y)].

Conditional expectation has following properties. For any two random variable

X, Y, and a, c E R, we have E[aX + BY 1 = aE[X 1 9] + fE[Y 1 9]. For
any random variable X, we have E[E[X 1 9]] =E[X]. When X is g-nmeasurable,
E[X 1 g] = X. When X and g are independent, which means u(X) and g are

29



independent, then E[X 1 g] = E[X]. If !1 c g2 C F, then E[E[X | ! 1 ] 1 g2] =
E[E[X I2 G1] = E[X I G1]. When Y and XY are integrable, X is g-measurable,
then E[XY I !] = XE[Y | G] a.s. If X < Y a.s., then E[X ] E[Y |9] a.s.

Stochastic processes

A stochastic process is a collection of random variables indexed by time. That is,
consider any indexing set I C R, we call {X(t); t c I} a stochastic process on
a probability space (Q, F, P) when each X(t) is a random variable for all t E I.
When I = N, {X(t); t E N} a discrete-time stochastic process. When I = [0, 00),
{X(t); t > 0} is a continuous-time stochastic process. Thus, X is a mapping from
I x Q to R, and X(t, w) is the value of the process at time t for an outcome w. Fixing
W, X(-, w) is called a sample path for w. From this perspective, a stochastic process
is a collection of sample paths {X(., w) : w C Q}. We can suppress w and refer to the
stochastic process as X(.).

The following notations are handy to refer to several special classes of sample
paths. Let Ck[0, T] denote the space of continuous sample path functions mapping
from [0, T] to Rk, and Dk[0, T] denote the space of those functions from [0, T] to
Rk that are continuous from the right and have limits from the left. Let Ck[0, co)
and Dk[0, oc) denote the analogous path spaces on the interval [0, oc) respectively.
Given an open set U on some Euclidean space, let Ck(U) be the set of all real-valued
functions on U that have continuous derivatives up to and including order k.

Filtrations and martingale

In probability theory, filtrations are used to model the sequence of refined information
available over time. Let us consider a probability space (Q, F, P). A family of o-
algebra {Ft; t > 0} is called a filtration on this probability space if F, C F c F
for all 0 < s < t. Intuitively, Ft is the collection of events whose occurrence can be
determined up to time t. An Ft-measurable random variable is one whose value can
be determined by time t. If X is any random variable, E[X I Ft] is the "best" estimate
of X (in the sense of least mean square errors) based on information up to time t.

A process {X(t); t > 01, or simply M(.), is Ft-adapted to the filtration {Ft; t > 0}
if the random variable X(t) is Ft-measurable (i.e. its value is known at time t). We
say that a process M(-) is an Ft-martingale if M(.) is an Ft-adapted process such
that E[IM(t)|] < oc for all t > 0 and E[M(t + s) IFt] = M(t) for all s, t > 0 (i.e. the
current value is the best estimate for future values).

A random variable T : Q - [0, oc] is called an Ft-stopping time if the event
{T < t} E FE for all t E [0, oo]. If M(.) is an Ft-martingale and T is a uniformly
bounded Ft-stopping time, the stopped process M(t A T) is also an Ft-martingale
where t A T is the minimum of t and T. Again, when the particular filtration is
obvious, we will suppress the prefix and refer to M(.) and T as a martingale and a
stopping time.
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Complexity

Let f(n) and g(n) be two functions with domain and range N or R. The function

f(n) is called O(g(n)) if there exists two constants MI and no such that f(n) < Mg(n)

for all n > no. The function f(n) is called Q(g(n)) if g(n) is O(f(n)). Finally, the
function f(n) is called 0(g(n)) if f(n) is both O(g(n)) and Q(g(n)).

2.2 Probabilistic Models

In this section, we introduce Brownian motion and review controlled diffusion pro-

cesses that are used to model system dynamics in this work. We then present classical

results on the existence and uniqueness of controlled processes in this model.

2.2.1 Brownian motion

Definition 2.2.1 (Brownian motion) Let (Q, F, P) be a probability space and { F; t >

0} be a filtration defined on it. A process {w(t); t > O} is called an Ft- Wiener process

or an F,-Brownian motion if it satisfies the following conditions:

a. w(0) = 0 w.p.1.

b. w(t) is Fe-measurable, and o(w(s) -w(t)) is independent of T for all s > t > 0.

c. w(t) - w(s) is a Normal random variable, N(0, 2(s - t)), for all s > t > 0.

d. The sample paths of w(.) are continuous real-valued functions in C[0, oc).

When = 1, the process is called a standard Brownian motion.

The constructions of an Ft-Brownian motion are described in the book of Karatzas

and Shreve [128]. When the filtration {Ft; t > 0} is actually generated by w(.), i.e.

F1 = 0-(w(s) : 0 < s < t), the prefix F1 can be suppressed. In such case, Ft is

the collection of events whose occurrence can be determined from observations of the

Brownian motion w(.) by time t.

Brownian motion defines a probability measure on the space C[0, oc) of continuous

sample paths, called Wiener measure. Formally, a Wiener measure is a mapping from

a a-algebra F on C[0, oc) to [0, 1] and can be constructed using Carath6odory's

theorem [128].

In the following discussion, if otherwise rioted, we will always consider standard

Brownian motions. Although Brownian sample paths are not differentiable pointwise,
we can interpret their derivative in a distributional sense as follows.

Definition 2.2.2 (Differential of Brownian motion) The differential dw(t) of a
standard Brownian motion is the following limit:

dw(t) = lim (w(t + At) - w(t)) (2.1)
At- dt
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Since w(t + At) - w(t) is N(0, At), after passing the limit, we have dw(t) is N(0, dt).
For this reason, we have the following identity:

(dw(t))2 = dt. (2.2)

It also follows that dt.dw(t) = o(dt), and dt.dt = o(dt). We recognize that dw(t)/dt
is N(0, 1/dt) with infinite variance when dt -+ 0. In engineering, we refer to the
stochastic process v(t) = dw(t)/dt as white noise.

Finally, Brownian motion can also be defined in multi-dimensional spaces:

Definition 2.2.3 (Multi-dimensional Brownian motion) An m-dimensional Ft-
Brownian motion w(.) is a process (w1(-),...,wm(-)) taking values in Rm in which
{wj(.)}?L 1 are m independent Ft-Brownian motions.

Thus, when w(t) is standard, w(t) - w(s) is a multivariate Normal random variable,
N(0, (s - t)Imxm), for all s > t > 0 where Imxm is an m by m identity matrix.

Stochastic integration

Let us consider a probability space (Q, F, P), and {Ft; t ;> 0} is a filtration on this
space. A continuous-time stochastic process X(.) is called measurable if {(t, W) :
X(t, w) C A} belongs to the product --algebra B([0, oo)) x F for any A c R where
B([0, oc)) is the o--algebra of Borel subsets of [0, oc). Let Eb(T) denote the set of
Ft-adapted, measurable, real-valued processes F(.) which are uniformly bounded in
t E [0, T] and w GQ. Let Eb denote those processes defined on [0, oC) that are in
Eb(T) for each T < oc.

Let w(-) be a standard Ft-Brownian motion and let F be a stochastic process in
Eb, the It6 integration of F(.) against w(.) up to time t is a stochastic process Y(.)
denoted as:

Y(t)= F()dw(T).

The above integral is formally defined via simple functions in Eb. The details of this
construction are in the book of Karatzas and Shreve [128].

Let f(.) be an Ft-adapted Lebesgue-integrable stochastic process, we call a process
x(.) an JRl process if its value evolves over time as follows:

x(t) = x(0) +] f(T)dT + t F(T)dw(T). (2.3)

The above equation can be written equivalently as:

dx(t) = f (t) dt + F(t) dw(t). (2.4)

Since dw(t)/dt is interpreted as white noise, the above equation models the process
x(.) with a drift component specified by f(.) and an additive noise magnified by F(.).
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We often need to compute a stochastic process that is a function of an It6 process

using the following lemma:

Lemma 2.2.4 (It6 lemma) Let w(.) be a standard Brownian motion, and x(-) is
a process satisfying dx(t) = f(t)dt + F(t)dw(t) where f is adapted and Lebesgue-
integrable, and F e Eb. For any function g C C 2(R), we have:

g(x(t)) = g (x(O)) +- J gz(x(s))f (s)ds + f qz(x(s))F(s)dw (s) + ) f" toz (x(s))F2 (s)ds, (2.5)

which can be symbolically written as:

11
dg(x(t)) = gx(x(t))f (t) + Igx (x(t))F 2 (t) dt + g (x (t))F(t )dw(t), (2.6)

where g, and gxx are the first and second derivatives of g.

The above lemma extends naturally to higher dimensions. Let us consider an
rI-dimensional vector of adapted and Lebesgue-integrable process f(.), an n x in
matrix It6-integrable process F(.), an m-diniensional Brownian motion w(-), then
dx(t) f(t)dt + F(t)dw(t) is an n-dimensional It6 process where:

dxj (t) = fJ(t) dt + E Fj,k(t)dwk(t).
k=1

For g : R" RP, the It6 lemma becomes:

[agT(x(t)) 1 (8 2 g(x(t)) _______)

dg(x(t)) L' f(t)+ ± Tr F(t)F (t) (&2 dt + (X(t)) F(t)dw(t),Ox fM+2 (Ox)2) Ox

where the gradient dg/Ox and Hessian 92 g/(OX) 2 are evaluated at x(t).

Importantly, we have the following well-known rmartingale representation theorem
to relate a martingale and an 1t6 integral.

Theorem 2.2.5 (Martingale representation theorem) Suppose M(.) is an Tt-
'mrartingale where {Ft ; t > 0} is the filtration generated by the m-dimensional standard
Brownian motion w(-). If E[M(t)2 ] < oc for all t, then there exists a unique 'n-
dimensional adapted stochastic process, /(-) such that

M(t) = M(0) + j <dw(t).

That is, every muartingale is an initial condition plus an It6 integral with respect to
the driving Brownian motion.
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2.2.2 Controlled diffusion processes

When f(.) and F(.) are functions of the stochastic process x(.), we have a stochastic
differential equation (SDE):

dx(t) = f (x(t))dt + F(x(t))dw(t).

In this work, we further consider those f(.) and F(.) functions that depend on external
control variables in stochastic optimal control problems. Such models are called
controlled diffusion processes.

Formally, let (Q, F, P) be a probability space. On this probability space, we
define a filtration {Ft; t > 0} and an dw-dimensional Ft-Brownian motion. Let U be
a compact subset of Rdu, and let u(.) be a U-valued, measurable process also defined
on the same probability space. The control process u(.) is called non-anticipative
with respect to the Brownian process w(.) if u(.) is also Jt-adapted. In such case, we
say u(.) is admissible with respect to w(.) or the pair (u(.), w(.)) is admissible. Let
S be a bounded subset of R', and let f : S x U -± Rd- and F : S x U M Rd.xd-
are bounded measurable and continuous functions. We consider a controlled diffusion
process x(.) of the form:

dx(t) = f (x(t), u(t))dt + F(x(t), u(t))dw(t). (2.7)

Given a control process u(-), a solution x(.) that solves Eq. (2.7) satisfies:

ftt

X(t) X (0) + ] f(x(r), u(T))dT ±+ F(x(T), u(T))dw(T). (2.8)

In Eq. (2.7), f(-,-) is called a drift vector, and F(., .)FT(., .) is called a diffusion
matrix. We refer to F(., -) as a dispersion matrix. Roughly speaking, given u(.), f(., .),
and F(., .), the process x(.) satisfies the following "local" properties for small time
At:

E[x(t + At) - x(t) x(t)] f(x(t), u(t))At,
Cov[x(t + At) - x(t) x(t)] F(x(t), u(t))FT(X(t), u(t))At.

It turns out that these local properties are important and useful to construct con-
sistent approximation of Eq. (2.7) as we will present in Chapter 3. In the following,
we discuss different solution concepts, the existence and uniqueness of solutions to
Eq. (2.7), and regularity conditions on f and F to have such solutions.

Definition 2.2.6 (Strong existence and uniqueness) We say that strong exis-
tence of a solution holds for Eq. (2.7) if given a probability space (Q, F, P), a filtration
{F; t > 01, an Ft-Brownian motion w(-), an Ft-adapted control process u(-), and an
Fo-measurable initial condition x(0), then an T-adapted process x(t) exists satisfying
Eq. (2.8) for all t > 0.
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Let x&(.), i = 1,2 that solve Eq. (2.7). We say that strong uniqueness holds if

P(Xi(0) = X2(0)) =1 P(xi(t) = x 2(t) Vt > 0) = 1.

Definition 2.2.7 (Weak existence and uniqueness) Let F be the sample path
space of admissible pairs (u(-),w(-)). Suppose we are given probability distributions
A and PO on F and on S respectively. We say that a solution of (2.7) exists in the
weak sense if there exists a probability space (Q, F, P), a filtration {ft t > 0}, an
.F-Brownian motion w(.), an fY-adapted control process u(.), and an Fe-adapted pro-
cess x(.) satisfying Eq. (2.8), such that A and P are the distributions of (u(.), w(.))
and x(0) under P. We call such tuple {(Q, F, P), FT, w(.), u(-), x(.)} a weak sense
solution of Eq. (2.7).

Assume that we are given weak sense solutions {(R, Fi, Pi), F'iw(i.), u(-), xi-)},
i = 1, 2 to Eq. (3.1). We say solutions are weakly unique if equality of the joint dis-
tributions of (wi (),uix),xi(0)) under Pi, i 1,2, implies the equality of the distri-
butions (xi(-), wi(-), ui(-), xi(0)) under Pi, i 1, 2.

Intuitively, strong existence requires that the probability space, filtration, and
Brownian motion are given a priori, and the solution then be found for the given data.
Weak existence, on the other hand, allows these objects to be constructed together
with the solution. Strong uniqueness is also called pathwise uniqueness, and weak
uniqueness is also called uniqueness in the sense of probability distribution. Thus,
strong existence and uniqueness imply weak existence and uniqueness. Moreover,
weak existence and strong uniqueness together imply strong existence [128.

Several works have investigated regularity conditions for drift vectors and disper-
sion natrices to guarantee the existence and uniqueness of strong and weak solu-
tions [128,129]. In particular, the following results are useful in this thesis.

Theorem 2.2.8 (Conditions for strong uniqueness, see Theorem 5.2.5 in
[128]) Let us consider functions f(.,-) and F(., -) that are locally Lipschitz-continuous
in the space variable, i.e., for every integer n > 1, there exists K,, e (0, oc) such that

I f(x, u) - f(y, u)II +IF(x, u) - F(y, u) I K , Ix - yl

for all ||x| I n, |y| K T, andu E U. Then strong uniqueness holds for Eq. (2.7).

We require a stronger condition so that strong existence holds.

Theorem 2.2.9 (Conditions for strong existence, see Theorem 3.1 in [43]
and Theorem 5.2.9 in [128]) Let us consider functions f (, -) and F(., .) that are
globally Lipschitz-continuous in the space variable, i.e. there exists K C (0, oc) such
that

f (x, u) - f (y, u)I+ |I F(x, u) - F(y, u)l K KI Ix - yll

for all x, y E S, and u G U. Then for every deterministic initial condition x(0),
Eq. (2.7) has a strong solution x(.).
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Furthermore, if f(.,) and F(.,-) have linear growth in the space variable:

I If (x, u) 12 + F(x, u) 12 < K 2 (1 + I x |2), V x,y E IRdx, u E U,

and the initial distribution of x(O) is such that E[ |x(0)||2] < OC, then Eq. (2.7) has a
strong solution x(.) for this initial (random) initial condition x(O). In both cases, a
strong solution is also unique in the strong sense due to Theorem 2.2.8.

The weak existence and uniqueness concepts allow for a more general class of drift
vectors and dispersion matrices in controlled diffusion models.

Theorem 2.2.10 (Conditions for weak uniqueness and existence, see The-
orems 5.3.10 and 5.4.22 in [128]) When f(-, -) and F(-, -) are uniformly bounded,
measurable, continuous functions, and the initial distribution of x(O) is such that
E[| x(O) |2] oO, then Eq. (2.7) has a weak solution that is unique in the weak sense.

The boundedness requirement is naturally satisfied in many applications and is also
needed for the implementation of the proposed Markov approximation method. These
conditions can be relaxed significantly to allow for drift with discontinuity in the work
of Kushner and Dupuis [43] when x(.) takes values in a bounded set. We will provide
the details of these conditions in Chapter 3.

Remarkably, Kushner and Dupuis have shown that weak solutions that are unique
in the weak sense and certain local properties are sufficient for the convergence of
approximating solutions when solving stochastic optimal control problems [43]. We
will present this important result in Section 3.2.

2.2.3 Geometric dynamic programming

We consider the controlled diffusion process in S C Rd- in the previous subsection:

dx(t) = f (x(t), u(t))dt + F(x(t), u(t))dw(t).

In a stochastic target problem, we want to steer the process x(-) to a given stochastic
target set G c Rdx at time T by appropriately choosing a control process u(.). The
reachability set V(t) at time t is a set of all values of x(t) such that x(T) E G almost
surely for some admissible control process u(-):

V(t) = {z E Rdx I x(t) = z A x(T) c G a.s. for some admissible u(-)}. (2.9)

Historically, the evolution of reachability sets can be characterized by the geometric
flows of their boundaries (see [131] and references therein). The following theorem,
called geometric dynamic programming proposed and proven by Soner and Touzi,
provides a stochastic representation for the evolution.
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Theorem 2.2.11 (Geometric dynamic programming, see Theorem 3.1 in
[131]) Let T > t be a stopping time. Then, we can relate V(t) with V(T) as follows:

V(t) = {z E Rd I x(t) = z A X(T) E V(T) a.s. for some admissible u(-)}. (2.10)

The relation in Eq. (2.10) resembles Bellman's dynamic programming principle for
optimality, and hence the name. Intuitively, the principle asserts that a trajectory
starting from a state in a time-t reachability set V(t) will almost surely pass through
any later time-T reachability set V(T) to reach the target set G.

We further assume that reachability sets have the following monotonicity property:

Assumption 2.2.12 (Monotonicity property, see [24]) Let us consider a spe-
cial case when x(t) has two components x(t) = (y, q) where y E R d-1 and q E R.
We say a reachability set V(t) is monotonically increasing in q if x(t) = (y, q) G V(t)
irrplies x'(t) = (y, q') e V(t) for all q' > q.

Then, we define y : [0, oc) x Rdx-1 -± R as the infimum of the q component such
that x(t) belongs to the reachability set V(t):

-y(t, y) = inf{f q E R I (y, q) E V (t)}.(.)

Under the monotonicity property, the geometric dynamic programming principle leads
to the following results.

Theorem 2.2.13 (see [24]) When reachability sets V(t) are monotonically increas-
ing in q, let T > t be a stopping tirme, we have:

" If q > -y(t, y), then there exists an admissible control u(-) that drives the process
x(-) from x(t) = (y, q) such that

q(r) ;> - (T, Y(T))

happens almost surely.

" If q < y(t, y), then for all admissible control u(.), starting from x(t) = (y, q),
we have:

P (q(T) > -Y(T, Y (T)) < 1

In other words, there is no control process u(-) that will drive the process x(t) to
reach the reachability set 1(T), in full probability, when x(-) starts from a state x(t)
outside of the reachability set V(t) where t < T.

2.2.4 Markov chains

A Markov chain is a discrete stochastic process {Xi; i E N} with the property that
given the present, future values are independent of the past:

P(Xi+i = xi+1 I Xi = xi, Xi_1 = xi_1, .... X0 = xO) = P(Xi+1 = xi+1 I Xi = xi).
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We denote P(Xi+1 = xi+1 I Xi = xi) shortly as p(Xi, xi+ 1). A Markov chain takes
value in a state space S, i.e. Xi C S. A state x C S is called an absorbing state if

AX, Y), ifxz= y.

0, otherwise.

Definition 2.2.14 (Absorbing Markov chain) An absorbing Markov chain {Xj; i E
N} is a Markov chain that has at least one absorbing state and every non-absorbing
state can reach an absorbing state in finitely many steps.

Starting from Xo = xO, a process {Xj; i C N} is called absorbed if there is an index
i such that X, hits an absorbing state.

Theorem 2.2.15 (Probability of Absorption, see [132]) In an absorbing Markov
chain {Xj; i C N}, the probability that the processes will be absorbed is 1. That is,
for any two non-absorbing states x and y:

lim P(Xi = y Xo = zX) = 0.

Thus, regardless of initial states, an absorbing Markov chain will reach an absorbing
state eventually almost surely.

2.3 K-Nearest Neighbor Graphs

Random geometric graphs are defined as a collection of points in a metric space where
edges are connected pairwise when certain conditions satisfied [101-104,133,134]. A
useful random graph model, called k-nearest neighbor (kNN) graphs, considers edges
between k nearest neighbors as defined below.

Definition 2.3.1 (Random k-nearest neighbor graph) Let d, k, n C N. A ran-
dom k-nearest neighbor graph Gnear(n, k) in a bounded set S C R' is a graph with n
vertices {XI, X 2 , ... , X,} that are independent and uniformly distributed random vari-
able in S such that (Xi, Xj), i $ j, is an edge if Xj is among the k nearest neighbors
of Xi or vice versa.

We also have directed kNN graphs that are similarly defined:

Definition 2.3.2 (Random directed k-nearest neighbor graph) Let d, k, n E
N. A random k-nearest neighbor graph 0ne"r(n, k) in a bounded set S C Rd is a
graph with n vertices {X 1, X 2,..., Xn} that are independent and uniformly distributed
random variable in S such that (Xi, Xj), i # j, is a directed edge from Xi to Xj if
Xi is among the k nearest neighbors of Xi.

Many works in the literature consider random kNN graphs with vertices generated
from a homogeneous Poisson point process. In particular, a Poisson random variable

e-A Ak
Poisson(A) with intensity A takes value in No such that P(Poisson(A) = k) k!
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The mean of Poisson(A) is A. A homogeneous Poisson point process of intensity A
in Rd is a random countable set of points Pd C R d such that, for any measurable set
S1 , S2 c Rd and Si n S2= 0, the number of points of Pd in each set are independent
Poisson variables, i.e., PdnSil = Poisson(Ap(S1)) and jP n S21 = Poisson(Ap(S2))
where p is the Lebesgue measure on Rd. The main advantage of the Poisson point
process is independence among counting random variables of disjoint subsets, which
makes the proofs of claims on random kNN graphs much easier and more elegant. In
contrast, when the number of points is given a priori, such independence property

does not hold. The following Lemma relates the homogeneous Poisson point process

with a set of independently and uniformly sampled points in S.

Lemma 2.3.3 (Restricted homogeneous Poisson point process [135]) We con-

sider { Xi}ieN as a sequence of points which are sampled independently and uniformly

from a set S c Rd. Let Poisson(n) with intensity T1, then {X 1 , X 2 , ... , Xpoisson(n)} is

the restriction to S of a homogeneous Poisson point process with intensity n/p(S).

We thus denote by G"e""(Poissoft(TI), k) and lcv"'(Poisson(n), k) as random kNN

graphs and random directed kNN graphs with vertices {X1, X 2 , ... , XPoisso"(n)}
A connected graph is a graph in which there is a path connecting any two vertices.

Connectivity is an important property of random kNN graphs. The following theorem

asserts a condition for connectivity in random kNN graphs.

Theorem 2.3.4 (Connectivity of random kNN graphs, see [134] and [103])

Let G"ea'(Poisson(n), k) and $rw"'(Poisson(n), k) be a random kNN graph and a

random directed kNN graph in S c R 2 having vertices generated by a homogeneous

Poisson point process with intensity 'n/sp(S). Then, there exists a constant ac > 0

and a constant J; > 0 such that:

1if a > a .
i. limn P({G"e"'(Poisson(n), [a log(n)]) is connected }) i a 2

0, otherwise.

n~ar (po 1 if a > d'.
ii. lim P({ Tn "(Poisson(n), [a log(n)]) is connected }) =1' -a 2

0, otherwise.

That is, the connectivity property of random undirected and directed kNN graphs

exhibits a phase transition and holds almost surely in the limit when edges are formed

among e(log(n)) nearest neighbors in a graph with n vectices. The current estimates

for the constant threshold are 0.3043 < ac < 0.5139 and 0.7209 < d2 < 0.9967. The

results in Theorem 2.3.4 are also known to hold when the set S is in high dimensional

space (see,e.g., [136]).

We remark that Gnena(Poisson(n), k) and fle"'r(Poisson(Tl), k) are good approx-

imate models of Gnlear(n, k) and G'ar(n, k) for large n. Thus, we say that in the

limit of n approaching oc, random undirected and directed kNN graphs G"e'(n, k)

and 6- e"a(n, k) are connected asymptotically almost surely if k = 0(log(n)).
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Chapter 3

Stochastic Optimal Control:
Formulation and Algorithm

In this chapter, we present the standard stochastic optimal control problem without

risk constraints. We describe how the incremental Markov Decision Process (iMDP)

algorithm constructs approximate solutions that are asymptotically-optimal in a suit-

able probabilistic sense. We then present the convergence analysis of the algorithm.

Subsequently, we show experimental results on the robot motion planning and con-

trol problem of reaching a goal region while avoiding collision with obstacles in an

uncertain environment.1

3.1 Problem Formulation

In this section, we first present a generic stochastic optimal control problem formnu-

lation. Subsequently, we discuss how the formulation extends the standard motion

planning problem.

Stochastic dynamics

Let d,, d,, and d, be positive integers. Let S be a compact subset of Rdx, which is

the closure of its interior So and has a smooth boundary OS. Let a compact subset

U of R d be a control set. The state of the system at time t is x(t) E S, which is fully

observable at all times.

Suppose that a stochastic process {w(t); t > 0} is a dw-dimensional Brownian

motion on some probability space {Q, T, P}. We define {Ft; t > 0} as the augmented

filtration generated by the Brownian motion w(-). Let a control process {u(t); t > 0}

be a U-valued, measurable stochastic process also defined on the same probability

space such that the pair (u(.), w(.)) is admissible [137]. Let the set of all such control

processes be L. Let R' d. denote the set of all dx by dw real matrices. We consider

'Part of the presented materials in this chapter have appeared in our previous papers [137,138].
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systems with dynamics described by a controlled diffusion process:

dx(t) = f (x(t), u(t)) dt + F(x(t), u(t)) dw(t), Vt > 0 (3.1)

where f : S x U -± Rdx and F : S x U M R dxd- are bounded measurable and
continuous functions as long as x(t) E S'. The initial state x(0) is a random vector
in S. We also assume that the matrix F(., -) has full rank so that the convergence
properties of the proposed algorithm hold as we will see in Theorem 3.2.3.2 By The-
orem 2.2.10, Eq. (3.1) has a unique weak sense solution. The continuity requirement
of f and F can be relaxed with mild assumptions [43,137] such that we still have a
unique weak solution of Eq. (3.1) [128]. We will present these relaxed conditions in
Section 3.2.

Policy and cost-to-go function

Markov controls are admissible controls that depend only on the current state, i.e.,
u(t) is a function only of x(t), for all t > 0. It is well known that in control problems
with full state information, the best Markov control performs as well as the best
admissible control (see, e.g., [128, 129]). A Markov control policy defined on S is
represented by the function p : S -± U. The set of all policies is denoted by H.
Define the first exit time T, : H - [0, +cc] under policy p as

T, = inf {t : x(t) S" and Eq. (3.1) and u(t) = p(x(t))

Intuitively, T, is the first time that the trajectory of the dynamical system given by
Eq. (3.1) with u(t) = p(x(t)) hits the boundary OS of S. By definition, T, = +O if
x(.) never exits So. Clearly, T, is a random variable. Then, the expected cost-to-go
function under policy p is a mapping from S to R defined as

T11-
J,I(z) = E [J at g (x(t), p (x(t))) dt + aTl'h(x(T,)) I x(0) = zl

where g : S x U -± R and h : S --+ R are bounded measurable and continuous
functions, called the cost rate function and the terminal cost function, respectively,
and a E [0, 1) is the discount rate. We further assume that g(x, u) is uniformly H61der
continuous in x with exponent 2p E (0, 1] for all u E U. That is, there exists some
constant C > 0 such that

1g(X, U) - g(z', U)| < Cl Ix - X'l ltP, VX, X' E S.

We will address the discontinuity of g and h in Section 3.2.
The optimal cost-to-go function J* : S -4 R is defined in the following optimization

2 The full rank requirement of F can be relaxed as discussed on page 279 of [43].
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problem:

O'PT1 : J*(z) inf J 1Jz) for all z E S. (3.2)

A policy pi* is called optimal if J,= J*. For any e > 0, a policy p is called an

E-optimal policy if J1, - P < E.

We call a sampling-based algorithm asymptotically optimal if the sequence of

solutions returned from the algorithm converges to an optimal solution in probability

as the number of samples approaches infinity. The sequence of solutions returned

from asymptotically-optimal algorithms are thus called asymptotically-optimal.

In this chapter, we consider the problem of computing the optimal cost-to-go func-

tion J* and an optimal policy p* if obtainable. Our approach, outlined in Section 3.3,
constructs an approximating discrete data structure for the continuous problem using

an incremental sampling-based algorithm. The algorithm approximates the optimal

cost-to-go function and an optimal policy in an anytime fashion. This sequence of

approximations is guaranteed to converge uniformly in probability to the optimal cost-

to-go function and to find an e-optinial policy for an arbitrarily small non-negative e

as the number of samples approaches infinity.

Relationship with the standard motion planning problem

The standard robot motion planning problem of finding a collision-free trajectory that

reaches a goal region for a deterministic dynamical system can be defined as follows

(see, e.g., [52]). Let X C R d be a compact set. Let the open sets Xobs and Xgoal denote

the obstacle region and the goal region, respectively. Define the obstacle-free space

as Xfrce := X \ Xobs. Let xiiit E Xfree. Consider the deterministic dynamical system

J = f(x(t),u(t))dt, where f : X x U d R. The feasible motion planning problem

is to find a measurable control input u : [0, T] -+ U such that the resulting trajectory

x(t) is collision free , i.e., x(t) G Xfree and reaches the goal region, i.e., x(T) & Xgoai-

The optimal motion planning problem is to find a measurable control input u such that

the resulting trajectory x solves the feasible motion planning problem with minium

trajectory cost.

The optimization problem OPT1 extends the classical motion planning problem

with stochastic dynamics as described by Eq. (3.1). Given a goal set Xgoai and an

obstacle set Xobs, we define a state space S to be

S = X \ (Xgoai U Xobs),

and thus OXgoai U OXos U OX = OS. Due to the nature of Brownian motion, under

most policies, there is some non-zero probability that collision with an obstacle set

will occur. However, to penalize collision with obstacles in the control design process,
the cost of terminating by hitting the obstacle set, i.e., h(z) for z C oXobs, can be

made arbitrarily high. Clearly, the higher this number is, the more conservative the

resulting policy will be. Similarly, the terminal cost function on the goal set, i.e., h(z)

for z E OXgoai, can be set to a small value to encourage terminating by hitting the
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goal region.
Nevertheless, setting such cost values does not provide an automatic way to select

control policies that respect certain safety criteria. We thus enforce a constraint that
bounds the probability of collision from an initial state in Chapter 5 to address this
concern. This problem is known as chance-constrained optimization in robotics.

Hamilton-Jacobi-Bellman equation

The stochastic optimal control problem formulated in OPT1 have been studied widely
in the literature. When the optimal cost-to-go function, or value function, J* is
differentiable at least twice, it is well-known that J* is a solution of the following
Hamilton-Jacobi-Bellman (HJB) equation:

ln(a) J(x) = inf g (X, U) + JT(X)f (x u) + ITr F(x, u)FT (x, U) ,2j X)) 1  VX E So, (3.3)
UEU OX 2 (OX)2 )

with the boundary condition J(x) = h(x) for x e OS. Under the said smoothness
condition, the above HJB equation can be derived from the Bellman's dynamic pro-
gramming principle and It6 lemma.

Deriving similar equations for a broader class of problems, e.g., those with terminal
state constraints and impulse control, is not always possible, and the optimal cost-
to-go functions are usually not smooth enough to be classical solutions of the HJB
equation. The Markov chain approximation method is a probabilistic approach that
does not rely on deriving and solving HJB equations. In the next section, we present
the main results from the Markov chain approximation method that will be used to
prove the convergence of anytime solutions in our proposed algorithm.

3.2 The Markov Chain Approximation Method

The main idea of the Markov chain approximation method is to approximate the
underlying system dynamics with a sequence of Markov chains such that it maintains
certain local properties that are similar to those of the original system dynamics.
Each Markov chain is defined on a Markov Decision Process (MDP) having an ap-
proximate cost function that is also analogous to the original cost function. Under
very mild conditions, the sequence of optimal cost functions of approximating prob-
lems converges to the original optimal cost function as the approximation parameter
goes to zero. In the following, we discuss this idea in detail.

Approximating Markov Decision Processes

A discrete-state Markov decision process (MDP) is a tuple M = (X, A, P, G, H)
where:

. X is a finite set of states,
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e A is a set of actions that is possibly a continuous space,

" P(-., -) : X x X x A - R>O is a function that denotes the transition probabil-
ities satisfying E, P( ' I , v) = 1 for all E X and all v E A,

" G(., -) : X x A - R is an immediate cost function, and

" H : X -± R is a terminal cost function.

If we start at time 0 with a state O E X, and at time i > 0, we apply an action
vi E A at a state j to arrive at a next state i±1 according to the transition probability
function P, we have a controlled Markov chain {i; i E N}. The chain {i; i E N}
due to the control sequence {v; i E N} and an initial state o will also be called the
trajectory of M under the said sequence of controls and initial state.

Given a continuous-time dynamical system as described in Eq. (3.1), the Markov
chain approximation method approximates the continuous stochastic dynamics using
a sequence of MDPs {Mi} 0O in which Mn = (S,, U, P,, Gn, Hri) where S> is a
discrete subset of S, and U is the original control set. We define the boundary &Sn
of the finite state Sn as:

dSn = dS n Sn.

For each n E N, let {{y; i E N} be a controlled Markov chain on Mn until it hits
OSn. We associate with each state z in S a non-negative interpolation interval Ats(z),
known as a holding time. We define

t = At1n(w) for i > 1 and t" = 0,
0

and

Let u' denote the control used at step i for the controlled Markov chain. In addition,
we define the approximating cost rate and terminal cost functions as:

G1(z, v) = g(z, V)Atr(z) and H(z) = h(z) for each z E Sr. and v E U. (3.4)

A control problem for the MDP Mn is analogous to that defined in Section 3.1.
Similar to previous section, a policy /1ri is a function that maps each state z E Sn
to a control pt,,(z) E U. The set of all such policies is 1In. Given a policy /in, the
(discounted) cost-to-go due to /n is:

Jn, (z) = E ps)) + I>HP(("t) G = , (3.5)
_i=O .

where Ep, denotes the conditional expectation under P, the sequence {j; i E N}
is the controlled Markov chain under the policy pn, and In is the termination time

defined as In = min{i : E OSn}.
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The optimal cost function, denoted by J* : Sn -± R, is computed in the following
optimization problem:

MXOPT1 : J*(z) = inf Jnin (Z), Vz C Sn. (3.6)

An optimal policy, denoted by p*, satisfies Jn,, (z) = J*(z) for all z E Sn. For any
E >0, p[ is an E-optimal policy if Jn,,, - e. We call {un; i C N} a sequence
of minimizing controls if each control is an output of an E-optimal policy for some
e> 0.

We have presented a sequence of MDP problems MOPT1 that approximates
the dynamics and objective function of the optimization problem OPT1. Let us
remark that the controlled Markov chains differ from the stochastic dynamical system
described in Section 3.1 in that the former possesses a discrete state structure and
evolves in a discrete time manner while the latter is a continuous model both in terms
of its state space and the evolution of time. Yet, both models possess a continuous
control space. We now relate the optimal cost-to-go J* in approximating problems
M OPT1 to the optimal cost-to-go J* of OPT1.

Previous convergence results

Intuitively, to have an approximating MDP sequence {Mn} , that is consistent with
the original continuous-time system dynamics, the MDPs should have similar local
properties to the system dynamics. It turns out that only the mean and covariance
of displacement per step along a Markov chain under any control are required to be
close enough to those of the original dynamics so that desired convergence properties
hold. These conditions are called local consistency conditions as below.

Definition 3.2.1 (Local consistency conditions) Let Qn be the sample space of
Mn. Holding times Atn and transition probabilities Pn are said to be locally consistent
with the dynamics in Eq. (3.1) if they satisfy the following conditions:

1. For all z C S,

lim Atn(Z) - 0, (3.7)
n-4cc

2. For all z C S and all v C U:

1E9 [A Z'? | =zUn = V]lim =f (z, V), (3.8)n- oo Atn(Z)

CoVpn [A , I = Z, Un = V]lim i F(z, v)F(z, v)T , (3.9)
n- oo Atn(Z)

lim sup 11Afn7 2 0. (3.10)
n-+oo iEN wEQn

46



22

1 2 3 4 t

Figure 3-1: An illustration of a continuous-time interpolation of a discrete process

{{"; i E N}.

The chain {7; i E N} is a discrete-time process. To show formal convergence

to the continuous-time process x(.) in Eq. (3.1), we use an approximate continuous-

time interpolation of the chain {{7; i E N}. In particular, we define the (stochastic)

continuous-time interpolation (() of the chain {f; i E N} under the holding times

function At,, as follows:

n (T) = ' for all T E [tn' tn+1

Let Ddx [0, +oc) denote the set of all Rdx- valued functions that are continuous from

the left and has limits from the right. The process ("(-) can be thought of as a

random mapping from Q,, to the function space Ddx [0, +oo), and each realization of

("(.) is a piece-wise constant function. This interpolation is described in Fig. 3-1.

The continuous-time interpolation u(.) of the control sequence {u ; i C N} under

the holding times function Atn is defined in a similar way:

Un(T )= u= for all T C [tn, t"+1 )

As stated in the following theorem, under mild technical assumptions, local con-

sistency and the existence of a weakly unique solution of Eq. (3.1) together imply the

convergence in distribution of the continuous-time interpolations of the trajectories of

the controlled Markov chains to the trajectories of the stochastic dynamical system

described by Eq. (3.1).

Theorem 3.2.2 (see Theorem 10.4.1 in [43]) Let us assume that f(-,.) and F(.,-)
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are measurable, bounded and continuous. Thus, Eq. (3.1) has a weakly unique solu-
tion. Let {At}, 0  be a sequence of MDPs, and {Atn} _ be a sequence of holding
times that are locally consistent with the stochastic dynamical system described by
Eq. (3.1).

Let {un; i E N} be a sequence of controls defined for each n C N. For all n C N,
let {"(t); t E R>o} denote the continuous-time interpolation to the chain {{7;i C
N} under the control sequence {un; i E N} starting from an initial state zi11 t, and
{un(t); t R>1o} denote the continuous-time interpolation of {un; i C N}, according
to the holding time At.

Then, any subsequence of {(n(.), u"(.))} 0 has a further subsequence that con-
verges in distribution to some limiting processes (x(.), u(.)) satisfying

ft ft

x(t) = zini +] f (x(T), u(T))dT + ] F(x(T), u(T))dw(T).

Under the weak uniqueness condition for solutions of Eq. (3.1), the approximating
sequence {{(-n(), u(.))} l 0 also converges in distribution to the limiting processes

(X(-), u(-)).

Effectively, Theorem 3.2.2 asserts a powerful result on the quality of approxima-
tion using the discrete-time discrete-state MDP data structure for the continuous-time
continuous-space problem. Since the convergence is in distribution, simpler computa-
tion on discrete-state MDPs would allow us to approximate arbitrarily well the values
of several variables in the continuous-time model. Indeed, a sequence of minimizing
controls of approximating problems M_PT1 guarantees pointwise convergence of
the cost function to the original optimal cost function of (9PT1 in the following sense.

Theorem 3.2.3 (see Theorem 10.5.2 in [43]) Assume that f (., -), F(., -), g(-, -)
and h(-) are measurable, bounded and continuous. Let {Mn = (Sn, U, Pn, Gn, Hn)} 0
and {At,}L 0 be locally consistent with the system described by Eq. (3.1). For any
trajectory x(.) of the system described by Eq. (3.1), we define the first exit time on
M4n as

- (x) := inf It : x(t) S"}.

We suppose that the function (-) is continuous (as a mapping from D- [0, +oo) to
the compactified interval [0, +oo]) with probability one relative to the measure induced
by any solution of Eq. (3.1) for an initial state z. This assumption is satisfied when
the matrix F(., .)F(., .)T is nondegenerate.3

Then, for any z E Sn, the following equation holds:

lim J*(z) - J*(z) 0. (3.11)
n- oo

In particular, for any z E Sn, for any sequence {cn > 0} o such that limnnoc en = 0,
and for any sequence of policies {[tn}n 0 such that pn is an En-optimal policy of M,

3 Other conditions on f and F that satisfy this assumption are discussed on page 279 of [43].
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we have:

lim |J, (z) - J*(z) 0. (3.12)

Moreover, the sequence {t' ; n - N} converges in distribution to the termination time

of the optimal control problem for the system in Eq. (3.1) when the system is under

optimal control processes.

Under the assumption that the cost rate g is H6lder continuous [139] with expo-

nent 2p, the sequence of optimal value functions J* for approximating chains indeed

converges uniformly to J* with a proven rate. Let us denote I|b||s, = supEs, b(x) as

the sup-norm over Sn of a function b with domain containing Sn. Let

max min IIz' - Z 2 (3.13)
zES7 z'ESGt

be the dispersion of Sn. The following theorem asserts the uniform convergence of

the sequence { J,} % to J*.

Theorem 3.2.4 (see Theorem 2.3 in [140] and Theorem 2.1 in [141]) Consider
an MDP sequence {Mn = (Sn, U, P, G, H9,)}o and holding times {At} -O that
are locally consistent with the system described by Eq. (3.1). Let J* be the optimal cost

of Mn. Given the assumptions on the dynamics and cost rate functions in Section

3.1, as n approaches oc, we have

IIJ* - J* S. = O((). (3.14)

The details of the proofs for Theorems 3.2.2-3.2.3 can be found in the book of

Kushner and Dupuis [43]. We remark that the proofs are purely probabilistic without

appealing to regularity conditions for the optimal cost-to-go function. Similarly, the

proof of Theorem 3.2.4 also relies on a probabilistic representation of value functions

in terms of controlled Markov chains [141]. These proofs also provide insights into how

to relax conditions on dynamics and cost functions. In particular, the above results

still hold for functions f, F, g, h with discontinuity under mild technical conditions as

below.

Discontinuity of dynamics and objective functions

When the functions f, F, g, and h are discontinuous, the following conditions are

sufficient to use Theorems 3.2.2-3.2.4:

(i) For r to be f, F, g, or h, r(x, u) takes either the form ro(x) +r 1 (u) or ro(x)rr(u)

where the control dependent terms are continuous and the x-dependent terms are

measurable, and

(ii) f(x, .), F(x, -), g(x, .), and h(x) are nondegenerate for each x, and the set of

discontinuity in x of each function is a uniformly smooth surface of lower dimension.

Furthermore, instead of uniform H6lder continuity, the cost rate g can be relaxed to
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be locally H6lder continuous with exponent 2p on S (see, e.g., page 275 in [43] and
page 720 in [141]).

Theorems 3.2.2-3.2.4 assert the asymptotic optimality given a sequence of a priori
discretizations of the state space and the availability of E-optimal policies. Thus,
we need to solve the optimization problem MOPT1 for each n c N to obtain
an E-optimal policy for the MDP M. This can be done using the value iteration
or policy iteration algorithms on successive grid discretization of the state space S.
However, solving MOPT1 repeatedly is computationally challenging due to the
curse of dimensionality, especially when the number of states grows rapidly over
iterations.

In what follows, we describe an algorithm that incrementally computes the optimal
cost-to-go function J* and an optimal control policy p* of the continuous problem
without directly computing the optimal cost-to-go function J* and optimal policies
p* for each approximating problem.

3.3 Incremental Markov Decision Process (iMDP)
Algorithm

Based on the Markov chain approximation results, the iMDP algorithm incrementally
builds a sequence of discrete MDPs with probability transitions and cost-to-go func-
tions that consistently approximate the original continuous counterparts. Using the
rapidly-exploring sampling technique [51 to sample in the state space, iMDP forms
the structures of finite-state MDPs randomly over iterations. Control sets for states
in these MDPs are constructed or sampled properly in the control space. The algo-
rithm refines the discrete models by using a number of primitive procedures to add
new states into the current approximating model. Finally, the algorithm improves
the quality of discrete-model policies in an iterative manner by effectively using the
computations inherited from the previous iterations.

3.3.1 Primitive procedures

Before presenting the algorithm, some primitive procedures which the algorithm relies
on are presented in this subsection.

Sampling

The procedures Sample() and SampleBoundary() sample states independently and
uniformly from the interior S' and the boundary OS, respectively. We assume in
this thesis that samples are drawn from a uniform distribution. However, different
distributions, e.g. those with density bounded away from zero on S, can be used.
When the geometric shapes of S and OS are complex, we can use rejection sampling
with the help of a feasibility testing procedure.
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Nearest Neighbors

Given z E S and a set Y C S of states. For any k E N, the procedure Nearest (z, Y, k)
returns the k nearest states z' E Y that are closest to z in terms of a given distance
function. Many choice of distance functions have been discussed in the work by
LaValle and Kuffner [71]. In this work, we use the Euclidean norm as a distance
function for simplicity.

Time Intervals

Given a state z E S and a number k E N, the procedure ComputeHoldingTime(z, k)
returns a holding time computed as follows:

log k kpld ,

ComputeHoldingTime(z, k) = ltO( k)P I

where -yt > 0 is a constant, and , 0 are constants in (0, 1) and (0, 1] respectively.4 The

parameter p E (0, 0.5] defines the H6lder continuity of the cost rate function g(, ) as
in Section 3.1.

Transition Probabilities

Given a state z E S, a subset Y E S, a control v E U, and a positive number T

describing a holding time, the procedure ComputeTranProb(z, v, T, Y) returns

* A finite set Znear C S of states such that the state z + f(z, v)T belongs to the
convex hull of Znear and I z' - z112 = O(T) for all Z' = Z E Znear, and

" A function p that maps Znear to a non-negative real numbers such that p(-) is a
probability distribution over the support Znear.

It is crucial to ensure that these transition probabilities result in a sequence of
locally consistent chains in the algorithm. There are several ways to construct such
transition probabilities. One possible construction by solving a system of linear equa-
tions can be found in [43]. In particular, we choose

Ziiear= Nearest(z + f (z, v)T, Y, s),

where s = 0(log( Y )) so that Znear has about log( Y ) states. We define the transition
probabilities p : Znear - R>0 that satisfies:

(i) EZ'CZnear p z)(Z' Z) = f(Z, V) T + 0(T),

(ii) EZIGZ pz)(z' -z)(z' - z)T = F(z, v)F(z, v) T -+ f (z, v)f (z, v)"T 2 + O(T).

(iii) E vZ'EZ s of z i [

4 Typical values of (; is [0.999,1). The role of this value will be clear in our convergence proofs.
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Figure 3-2: An illustration of transition probability construction. From a state z

(red), we simulate the nominal dynamics (blue arrow) to get a new state z + f(z, v)T.

The support Znear that contains nodes around z + f(z, v)T is shaded. Possible tran-
sitions from z to nodes in the support are represented by black arrows. Probabilities
associated with these transitions are computed to satisfy the local consistency condi-
tions.

An alternate way to compute the transition probabilities is to approximate using
local Gaussian distributions. We also choose Znear = Nearest(z + f(z, 7v)r, Y, s)

where s = 8(log(jY)). Let .) denote the density of the (possibly multivariate)
Gaussian distribution with mean ffi and variance -. Define the transition probabilities
as follows:

,pE ,(z')near Ai(y)

where fi = z + f(z, v)T and a = F(z, v)F(z, v)TT. This expression can be evaluated

easily for any fixed v E U. As IZnearl approaches infinity, the above construction
satisfies the local consistency almost surely.

We note that solving a system of linear equations requires computing and han-
dling a matrix of size (d 2 + d. + 1) x lZnearl. In contrast, computing local Gaussian
approximation requires only lZnearl evaluations. Thus, local Gaussian approximation
provides lower time complexity and is the main method to construct locally consistent
transition probabilities in this work.

Figure 3-2 shows an illustration of how the procedure ComputeTranProb constructs
transition probabilities. As we can see, from a state z (red), we simulate the nominal

dynamics (dash blue arrow) to get a new state z + f(z, v)7 (blue). The support Znear

52



that contains nodes around z + f(z, v)T is shaded, and possible transitions from z to
the support nodes are represented by black arrows. Probabilities associated with these
transitions are computed to satisfy the local consistency conditions as we discussed
above.

Backward Extension

Given T > 0 and two states z,Z' E S, the procedure ExtendBackwards(z, z', T)
returns a triple (x, v, T) consisting of a trajectory, a control input, and a final time
such that

" dx(t) f(x(t), u(t))dt and u(t) = v E U for all t E [0, T],

" Final time r < T, and x(t) E S for all t E [0, T],

" X(T) z, and x(O) is close to z',

" {X(t); t C [0, r)} C S.

The last condition requires that except the terminal state z, the trajectory x(.) must
remain in the interior of S. If no such trajectory exists, then the procedure returns
failure. We can solve for the triple (X, v, T) by sampling several controls v and using
a feasibility test to choose the control resulting in a feasible trajectory x(.) with x(0)
that is closest to z'. 5

Sampling and Discovering Controls

The procedure ConstructControls(k, z, Y, T) returns a set of k controls in U. We can
uniformly sample k controls in U. Alternatively, for each state z' C Nearest(z, Y, k),
we solve for a control v E U such that

" dx(t) = f(x(t), u(t))dt and u(t) = v E U for all t E [0, T],

* X(t) E S" for all t E [0, T],

* X(0) = z and x(T) = z'.

Using these primitive procedures, we now describe the iMDP algorithm in detail.

3.3.2 iMDP algorithm description

The iMDP algorithm is given in Algorithm 1. The algorithm incrementally refines a
sequence of (finite-state) MDPs M, = (Sn, U, P,, G,, Hn) and the associated holding

'This procedure is used in the algorithm solely for the purpose of inheriting the "rapid explo-
ration" property of the RRT algorithm [51,52]. The feasibility test is similar to the collision-checking
procedure of the RRT algorithm.
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time function At, that consistently approximates the system in Eq. (3.1). In partic-
ular, given a state z E Sn and a holding time At,(z), we can implicitly define the
stage cost function

G,,(z, v) = At, (z) g(z, v)

for all v E U, and the terminal cost function

H,(z) = h(z).

We also associate with z C Sn a cost value J,(z), and a control pu(z). We refer to
J, as a cost value function over Sn. In the following discussion, we describe how to
construct Sn, Pn, Jn, It, over iterations. We note that, in most cases, we only need to
construct and access P, on demand.

In every iteration of the main loop (Lines 4-12), we sample an additional state
from the boundary of the state space S. We set J,, p, At, for those states at Line 5.
Subsequently, we also sample a state from the interior of S (Line 6) denoted as zs.
We compute the nearest state Znearest, which is already in the current MDP, to the
sampled state (Line 7). The algorithm computes a trajectory that reaches Znearest

starting at some state near zs (Line 8) using a control signal Unew(0..T). The new
trajectory is denoted by £new : [0, T] -± S and the starting state of the trajectory,
i.e., Xnew(0), is denoted by Znew. The new state Znew is added to the state set, and
the cost value J, (Znew), control P, (Znew), and holding time At (Znew) are initialized
at Line 11.

Update of cost value and control

The algorithm updates the cost values and controls of the finer MDP in Lines 13-15.
We perform L_ > 1 value iterations in which we update the new state Znew and other
Kn = O(JSnJr) states in the state set where Kn < IS I. When all states in the MDP
are updated, i.e. Kn + 1 = ISn1, Ln value iterations are implemented in a synchronous
manner. Otherwise, Ln value iterations are implemented in an asynchronous manner.

The set of states to be updated is denoted as Zupdate (Line 13). To update a state
Z C Zupdate that is not on the boundary, in the call to the procedure Update (Line 15),
we solve the following Bellman equation: 6

Jn(z) = min{Gn(z,v) + aAtn(Z)IEP [JI1(y)Iz, v}, (3.15)
vEU

and set pn(z) = v*(z), where v*(z) is the minimizing control of the above optimization
problem.

There are several ways to solve Eq. (3.15) over the the continuous control space
U efficiently. If P(- Iz, v) and g(z, v) are affine functions of v, and U is convex, the
above optimization has a linear objective function and a convex set of constraints.

'Although the argument of Update at Line 15 is Jn, we actually process the previous cost values
Jn_1 due to Line 3. We can implement Line 3 by simply sharing memory for (Sn, Jn, pII, Atn) and
(Sn-1, Jn_1, Pn_1, At,_1).
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Algorithm 1: iMDP()

1 (n, So, Jo, Po, Ato) +- (1, 0, 0, 0, 0);
2 for n = 1 -± N do

3 (Sn, Jn, f/n, Atn) <- (S- I, Jn-, 1_i-i, At_1);

// Add a new state to the boundary

4 z, <- SampleBoundaryO;
5 (S., J,,(z,), pi (z,), AtT,(z,)) <- (Sn U {z, h(z,), null, 0)

// Add a new state to the interior

6 z, <- Sampleo;
7 ziearest <- Nearest(zS, Sn, 1);
8 if (Xnew, Unew, T) +- ExtendBackwards(iiearest, zs, To) then

9 Znew Xnew(0)

10 cost = Tg(Znew, Unew) + OTJn(znearest);

11 (Sn, Jn(Znew), ln(Zew), Atn(Znew)) <- (Sn U {Ziew}, cost, Unew , T)

// Perform L_ > I (asynchronous) value iterations

12 for i 1 -+ L, do

// Kt = O(IS 0 ) where (0 < 0 < 1, Kn < ISal)

13 Zupdate <- Nearest(riew, Sn\OSn, Kn) U {Znew};
14 for z E Zupdate do

15 LUpdate(z, Sw, Jw, pn, Atn);

Such problems are widely studied in the literature [142].

More generally, we can uniformly sample the set of controls, called U, in the

control space U. Hence, we can evaluate the right hand side (RHS) of Eq. (3.15) for

each v E Un to find the best v* in U,, with the smallest RHS value and thus to update

Jn(z) and Pu(z). When linm- IUnj = cC, we can solve Eq. (3.15) arbitrarily well

(see Theorem 3.4.6).

Thus, it is sufficient to construct the set Un with e(log(jSn )) controls using the

procedure ConstructControls as described in Algorithm 2 (Line 2). The set Znear

and the transition probability Pn(. z, v) constructed consistently over the set Ziiear

are returned from the procedure ComputeTranProb for each v E Un (Line 4). Sub-

sequently, the procedure chooses the best control among the constructed controls to

update Jn(z) and Pn(Z) (Line 7). We note that in Algorithm 2, before making im-

provement for the cost value at z by comparing new controls, we can re-evaluate the

cost value with the current control pIn(Z) over the holding time Atn(z) by adding the

current control p,,(z) to Un. The reason is that the current control may be still the

best control compared to other controls in U,.

The steps of the iMDP algorithms are illustrated in Fig. 3-3 using a motion plan-

ning problem in a two-dimensional state space as an example. We note that in this

example, the state space S includes boundaries of obstacle regions and a goal region.
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Figure 3-3: Steps of the iMDP algorithm.
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9.e

p

Figure 3-4: An illustration of Markov
connect to themselves.

chains over iterations. States on boundary

In Fig. 3-4, we show an example of how Markov chains, which are formed by following
best control pu(z) to transit to states in S,, look like over iterations. States on the
boundary connect to themselves, and these links are not depicted. In the following
analysis, we will characterize the connectivity of these Markov chains.

3.3.3 Complexity of iMDP

The time complexity per iteration of the Algorithms 1-2 is O(ISnIO(log Snl) 2 ) where

0 is a parameter in (0,1]. This is due to O(jSnj0 ) states that are updated in each
iteration using 0(log(I S 1)) controls and transition probability functions with support
size 0(log(ISnl)).

Since we only need to access locally consistent transition probability on demand,
the space complexity of the iMDP algorithm is O(IS,). Finally, the size of state
space Sn is ISnI= O(n) due to our sampling strategy.
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Algorithm 2: Update(z E S", Sn, J, Pn, Atn)

1 T <- ComputeHoldingTime(z, ISnl);

// Sample or discover C, = E(log(jSnj)) controls
2 Un +- ConstructControls(C, z, Sn, T);

3 for v E Un do
4 (Znear, Pn) <- ComputeTranProb(z, v, T, Sn);
5 J <- Tg(z, v) + a T  z pn(y)Jn();

6 if J < Jn(z) then

7 (Jn(Z), Pn(Z), Atn(Z)) <- (J, V, T, ISn1);

Algorithm 3: Policy(z E S, n)

1 Znearest +- Ne arest (z, Sn, 1);

2 return (P(z) = In(Znearest), Atn(Znearest))

The comparison of iMDP with other sampling-based algorithms such as RRT and
RRT* is shown in Table 3.1. As we can see, iMDP has the same space complexity as
other algorithms. While iMDP spends a little more time per iteration, the algorithm
can properly handle process noise and provide closed loop control policies.

3.3.4 Feedback control

As we will see in Theorems 3.4.5-3.4.6, the sequence of cost value functions Jn arbi-
trarily approximates the original optimal cost-to-go J*. Therefore, we can perform
a Bellman update based on the approximated cost-to-go Jn (using the stochastic
continuous-time dynamics) to obtain a policy control for any n. However, we will
discuss in Theorem 3.4.7 that the sequence of p, also approximates arbitrarily well
an optimal control policy. In other words, in the iMDP algorithm, we also incre-
mentally construct an optimal control policy. In the following paragraph, we present

Table 3.1: Comparison of sampling-based algorithms: RRT, RRT*, iMDP

RRT RRT* iMDP

Iteration Time Complexity (log n) 0(log n) 0 (no (log n)')

Space Complexity O(n) O(n) 0(n)

Asymptotic Optimality *//

Handling Process Noise

Closed Loop Control V/
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an algorithm that converts a policy of a discrete system to a policy of the original

continuous problem.

Given a level of approximation n E N, the control policy Pu generated by the

iMDP algorithm is used for controlling the original system described by Eq. (3.1)

using the procedure given in Algorithm 3. This procedure computes the state in

MA that is closest to the current state of the original system and applies the control

attached to this closest state over the associated holding time.

3.4 Analysis

In this section, we carry out the detailed convergence analysis of the iMDP algorithm.

The proofs of the presented lemmas and theorems in this section can be found in Sec-

tion 3.6. Throughout our analysis, let us denote (Mn = (S?, U, Pn, Gn, Hn), Atn, Jn, ,Pn)
as the MDP, holding times, cost value function, and policy returned by Algorithm 1

at the end n iterations.

First, we claim that Markov chains defined on A are absorbing Markov chains.

Theorem 3.4.1 Let {C; i e N} be a Markov chain on M formed by following the
transition probabilities Pn using the best control Pn(z) for each state z E Sn. Then,

{7; i C N} is an absorbing Markov chain asymptotically almost surely.

The proof follows from Theorem 2.3.4 on connectivity of random directed kNN graphs.

Therefore, asymptotically almost surely, a controlled Markov chain on Mn will reach

an absorbing state in the boundary set OS,, (see Theorem 2.2.15). In other words,
the iMDP algorithm constructs approximating MDPs that induce random graphs for

the effective exploration of the continuous search space S. We now show that this

approximation is also consistent.

For large n, states in Sn are sampled uniformly in the state space S as proven

in [52]. Moreover, the dispersion of Sn shrinks with the rate O((log IS, /Sn )1/') as

described in the next lemma.

Lemma 3.4.2 Recall that (n measures of the dispersion of Sn (Eq. (3.13)). We have

the following event happens with probability one:

(T = O((log ISn I/ ISn)1/d )

The proof is based on the fact that, if we partition Rd- into cells of volume O(log(jS,, )/

jSnj), then, almost surely, every cell contains at least an element of Sn, as jS, ap-
proaches infinity. The above lemma leads to the following results.

Lemma 3.4.3 The MDP sequence {M} 0o and holding times {Atn}o 0 returned

by Algorithm 1 are locally consistent with the system described by Eq. (3.1) for large

n with probability one.

Theorem 3.2.2 and Lemma 3.4.3 together imply that the trajectories of the con-

trolled Markov chains on {M }L 0 0 approximate, in the distribution sense, those of
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the original stochastic dynamical system in Eq. (3.1) arbitrarily well as n approaches
to infinity.

Moreover, recall that I-IIs, is the sup-norm over So, the following theorem shows
that J*, converges uniformly, with probability one, to the original optimal value func-
tion J*.

Theorem 3.4.4 Given n C N, for all z E Sn, J*(z) denotes the optimal value func-
tion evaluated at state z for the finite-state MDP M returned by Algorithm 1. Then,
the following event holds with probability one:

lim |J*O - J*|S, = 0.

In other words, J* converges to J* uniformly almost surely. In particular,

j* - J* S= O((log |SnI /ISn )Pd) a. s.

The proof of Theorem 3.4.4 follows immediately from Lemmas 3.4.2-3.4.3 and The-
orems 3.2.3-3.2.4. The theorem suggests that we can compute J* for each discrete
MDP Mn before sampling more states to construct MA+. Indeed, in Algorithm 1,
when updated states are chosen randomly as subsets of Sn, and Ln is large enough,
we compute J* using asynchronous value iterations [33, 41]. Subsequent theorems
present stronger results on incremental computation of P.

We will prove the asymptotic optimality of the cost value Jn returned by the
iMDP algorithm when n approaches infinity without directly approximating J* for
each n. We first consider the case when we can solve the Bellman update (Eq. (3.15))
exactly and 1 < L, Kn = 0(1Sn10) < IS0 .

Theorem 3.4.5 For all z e Sn, Jn(z) is the cost value of the state z computed by
Algorithm 1 and Algorithm 2 after n iterations with 1 < L, and Kn = E(|Sn|0) <
|S,|. Let Jn,,, be the cost-to-go function of the returned policy pr on the discrete
MDP M. If the Bellman update at Eq. (3.15) is solved exactly, then, the following
events hold with probability one:

i. lim> 0 IJ 1n - JS*IS,= 0, and limn, 0 IIJ, - J*|ISn = 0,

ii. limn 00 I J,,,(Z) - J*(z) 0, Vz E Sn.

Theorem 3.4.5 enables an incremental computation of the optimal cost J* without
the need to compute J,* exactly before sampling more samples. Moreover, cost-to-go
functions Jn,,, induced by approximating policies P, also converges pointwise to the
optimal cost-to-go P with probability one.

When we solve the Bellman update (Eq. (3.15)) via sampling, the next result
holds.

Theorem 3.4.6 For all z E S, J,(z) is the cost value of the state z computed by
Algorithm 1 and Algorithm 2 after n iterations with 1 < L, and Kn = e(|Sn|0 ) <
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|Sn|. Let Jnj, be the cost-to-go function of the returned policy p,, on the discrete
MDP M . If the Bellman update at Eq. (3.15) is solved via sampling such that

limnc I = 00, then

i. JJn - J*||s, converges to 0 in probability. Thus, Jn, converges uniformly to J*
in probability,

ii. limnm c| Jn,,(z) - J*(z)| = 0 for all z E Sn with probability one.

We emphasize that while the convergence of Jn to J* is weaker than the conver-
gence in Theorem 3.4.5, the convergence of J,,,, to J* remains intact. Importantly,
Theorem 3.2.2 and Theorems 3.4.5-3.4.6 together assert that starting from any initial
state, trajectories and control processes provided by the iMDP algorithm approxi-
mate arbitrarily well optimal trajectories and optimal control processes of the original

continuous problem. More precisely, with probability one, the induced random prob-
ability measures of approximating trajectories and approximating control processes
converge weakly (in distribution) to the probability measures of optimal trajectories
and optimal control processes of the continuous problem. In addition, Theorem 3.4.4
provides a proven convergence rate of J*, to J*, which suggests that J,, is likely to
converge to J* with the same convergence rate O((logI Sn/ S" )P/d).

Finally, the next theorem evaluates the quality of any-time control policies re-
turned by Algorithm 3.

Theorem 3.4.7 Let -i : S -s U be the interpolated policy on S of tn : ST, -+ U as

described in Algorithm 3:

Vz E 5: S ln(Z) = pl(y") where y, = argminz/E Slz' - Z 2-

Then there exists an optimal control policy P* of the original problem7 so that for all

z G S:
"im A ( Z) = P* ( Z) W-P.1,

Tt-4 OC

if pf* is continuous at z.

3.5 Experiments

We used a computer with a 2.0-GHz Intel Core 2 Duo T6400 processor and 4 GB of

RAM to run experiments. In the first experiment, we investigated the convergence
of the iMDP algorithm on a stochastic LQR problem:

inf E [j 0.95t {3.5x(t) 2 + 200u(t) 2 }dt + 0.95T h(x(T))]

such that
dx(t) = (3x(t) + IIu(t))dt + 0/. 2dw(t)

7Otherwise, an optimal relaxed control policy m* exists [43], and p, approximates m* arbitrarily
well.

61



'00

~ 21111

(a) Optimal and approx. cost.

0 05 15 2 25 3 35 4

Second (s)

(b) After 200 iterations (0.39s).

30 05 11 5 2 25 3 35
Second (s)

(c) After 600 iterations (2.16s).

150-

2100

0-
0 200 400 600 800 1000 1200 1400 1600 1800 2000

Iteration index n

(d) Mean and 1-c- interval of J, - J* fs.
1500-

C) 1000 1
>500 \

1,000 -- mean

- standard deviation
100

10

102 10I

Iteration index n

(e) Log-log plot of Fig. 3-5(d)
x10

0 200 400 600 800 1000 1200 1400 1600 1800 2000 -0 200 400 600 800 1000 1200 1400 1600 1800 2000

Iteration index n Iteration index n

(f) Plot of ratio ||J,, - J*IIS,/(log(ISul)/ISnI)" (g) Plot of ratio T,/(IS, -5 log 2(IS"D).

Figure 3-5: Results of iMDP on a stochastic LQR problem. Figure 3-5(a) shows
the convergence of approximated cost-to-go to the optimal analytical cost-to-go over
iterations. Anytime solutions are compared to the analytical optimal solution after
200 and 600 iterations in Figs. 3-5(b)-3-5(c). Mean and 1-- interval of the error
IIJn- J*|s, are shown in 3-5(d) using 50 trials. The corresponding mean and standard
deviation of the error |1J, - J*Ils, are depicted on a log-log plot in Fig. 3-5(e).
In Fig. 3-5(f), we plot the ratio of j1J, - J*lsn to (log(jS'j)/ISj)1.5 to show the
convergence rate of J to J. Figure 3-5(g) shows the ratio of running time per
iteration T, to ISj"15 log 2 ( JS,). Ratios in Figs. 3-5(f)-3-5(g) are averaged over 50
trials.
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Figure 3-6: An operating environment for the second experiment. The system starts

at (-8,8) to reach a goal at (8,8).

on the state space S = [-6, 6] where r is the first hitting time to the boundary

OS = {-6, 6}, and h(z) = 414.55 for z E OS and 0 otherwise.
Solving the associate HJB equation, we have that the optimal cost-to-go from

x(0) = z is 10.39z2 + 40.51, and the optimal control policy is u(t) = -0.5714x(t).

Since the cost-rate function is bounded on S and H6lder continuous with exponent

1.0, we use p = 0.5. In addition, we choose 0 = 0.5, and § 0.99 in the procedure

ComputeHoldingTime.
Figures 3-5(a)-3-5(c) show the convergence of approximated cost-to-go, anytime

controls and trajectory to the optimal analytical counterparts over iterations. We

observe that in Fig. 3-5(d), both the mean and variance of cost-to-go error decreases

quickly to zero. The log-log plot in Fig. 3-5(e) clearly indicates that both mean and

standard deviation of the error IJ, - J*ls,, continue to decrease. This observation

is consistent with Theorems 3.4.5-3.4.6. Moreover, Fig. 3-5(f) shows the ratio of

1j" - J*|s. to (log(JSaJ)/S")0. 5 indicating the convergence rate of J" to P, which

agrees with Theorem 3.4.4. Finally, Fig. 3-5(g) plots the ratio of running time per

iteration T, to JS"j0.5 log(ISn|) asserting that the time complexity per iteration is

O(1Sn10.5 log 2(ISn1).
In the second experiment, we controlled a system with two-dimensional stochastic

single integrator dynamics to a goal region with free ending time in a cluttered en-

vironment. The dynamics is given by dx(t) =u(t)dt + Fdw(t) where x(t) c R2 ,

U(t) E R2, and F 0.26 06 . The objective function is discounted with

a 0.95. The system pays zero cost for each action it takes and pays a cost of

-1 when reaching the goal region Xgoai (see Fig. 3-6). The maximum velocity in each

direction of the system is one. The system stops when it collides with obstacles. We

show how the system reaches the goal in the upper right corner and avoids obstacles

with different anytime controls. Anytime control policies after up-to 2,000 iterations

in Figs. 3-7(a)-3-7(c), which were obtained within 2.1 seconds, indicate that iMDP
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Figure 3-7: A system with stochastic single integrator dynamics in a cluttered envi-
ronment. With appropriate cost structure assigned to the goal and obstacle regions,
the system reaches the goal in the upper right corner and avoids obstacles. The stan-
dard deviation of noise in x and y directions is 0.26. The maximum velocity is one.
Anytime control policies and corresponding contours of approximated cost-to-go as
shown in Figs. 3-7(a)-3-7(l) indicate that iMDP quickly explores the state space and
refines control policies over time.
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Figure 3-8: Markov chains over iterations. The structures of these Markov chains are

indeed random graphs that are asymptotically almost-surely connected to cover the

state space S.
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(a) Noise-free: N= 1,000 (1.2s). (b) Stochastic: N= 300(0.4s). (c) Stochastic: N= 1,000 (1.ls).

Figure 3-9: Performance against different process noise magnitude. The system starts
from (0,-5) to reach the goal. In Fig. 3-9(a), the environment is noise-free. In Figs.
3-9(b)-3-9(c), standard deviation of noise in x and y directions is 0.37. In the latter,
the system first discovers an unsafe route that is prone to collisions and discovers
a safer route after a few seconds. (In Fig. 3-9(b), we temporarily let the system
continue even after collision to observe the entire trajectory.)

quickly explores the state space and refines control policies over time. Corresponding
contours of cost value functions are shown in Figs. 3-7(d)-3-7(f) further illustrate the
refinement and convergence of cost value functions to the original optimal cost-to-go
over time. We observe that the performance is suitable for real-time control. Further-
more, anytime control policies and cost value functions after up-to 20,000 iterations
are shown in Figs. 3-7(g)-3-7(i) and Figs. 3-7(j)-3-7(l) respectively. We note that
the control policies seem to converge faster than cost value functions over iterations.
The phenomenon is due to the fact that cost value functions Ja are the estimates
of the optimal cost-to-go J*. Thus, when J.(z) - J*(z) is constant for all z E Sn,
updated controls after a Bellman update are close to their optimal values. Thus, the
phenomenon favors the use of the iMDP algorithm in real-time applications where
only a small number of iterations are executed. In addition, in Fig. 3-8, we show
the Markov chains that are induced by the stored controls over iterations. As we
can see, the structures of these Markov chains are indeed random graphs that are
asymptotically almost-surely connected to cover the state space S. This observation
agrees with the claim provided in Theorem 3.4.1.

In the third experiment, we tested the effect of process noise magnitude on the
solution trajectories. In Figs. 3-9(a)-3-9(c), the system wants to arrive at a goal area
either by passing through a narrow corridor or detouring around the two blocks. In
Fig. 3-9(a), when the dynamics is noise-free (by setting a small dispersion matrix),
the iMDP algorithm quickly determines to follow a narrow corridor. In contrast, when
the environment affects the dynamics of the system (Figs. 3-9(b)-3-9(c)), the iMDP
algorithm decides to detour to have a safer route. This experiment demonstrates the
benefit of iMDP in handling process noise compared to RRT-hike algorithms [51, 521.
We emphasize that although iMDP spends slightly more time on computation per
iteration, iMDP provides feedback policies rather than open-loop policies; thus, re-
planning is not crucial in iMDP.
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Figure 3-10: Results of a 6D manipulator example. The system is modeled as a single
integrator with states representing angles between segments and the horizontal line.
Control magnitude is bounded by 0.3. The standard deviation of noise at each joint is
0.032 rad. In Fig. 3-10(a), the manipulator is controlled to reach a goal with the final
upright position. In Fig. 3-10(b), the mean and standard deviation of the computed
cost values for the initial position are plotted using 50 trials.

In the forth experiment, we examined the performance of the iMDP algorithm
for high dimensional systems such as a manipulator with six degrees of freedom.
The manipulator is modeled as a single integrator where states represents angles
between segments and the horizontal line. Formally, the dynamics is given by dx(t) =
u(t)dt + Fdw(t) where x(t) c R6 with each component in [0, 27r] and u(t) E R6 . The
maximum control magnitude for all joints is 0.3. The dispersion matrix F is such
that the standard deviation of noise at each joint is 0.032 rad. The manipulator
is controlled to reach a goal with the final upright position in minimum time. In
Fig. 3-10(a), we show a resulting trajectory after 3000 iterations computed in 15.8
seconds. In addition, we show the mean and standard deviation of the computed cost
values for the initial position using 50 trials in Fig. 3-10(b). As shown in the plots,
the solution converges quickly after about 1000 iterations. These results highlight
the suitability of the iMDP algorithm to compute feedback policies for complex high
dimensional systems in stochastic environments.

3.6 Proofs

In this section, we provide the detailed proofs of theorems presented in Section 3.4.
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Figure 3-11: An illustration for Lemma 3.6.1. We continue the example in Fig. 3-2.
We enlarge each vertex z of G to become a "super vertex" (z, z + f(z, pn(z))zAtn)
so that the Euclidean distance between two super vertices (z, z + f(z, An (z)) At,) and

(z', z' + f(z', pn(z'))Atn) is defined as the Euclidean distance of z + f(z, An (z))At,
and z'. The super vertex is connected to E(log(ISn1))-nearest vertices using this new
distance definition.

3.6.1 Proof of Theorem 3.4.1

Given Mn and the best stored controls /,u returned by the iMDP algorithm, we define
a directed graph On having Sn as its vertex set, and its edges represent transition
probabilities under the best stored controls. In particular, for each vertex z E Sn\&Sn,
we form a directed edge from z to each vertex in the support of P(. I z, pn(z)) that
is returned from the procedure ComputeTranProb. Vertices from OS, connect to
themselves.

We enlarge each vertex z of Zn to become a "super vertex" (z, z+f(z, An (z))Atn)
so that the Euclidean distance between two super vertices (z, z + f(z, Pnu(z))Atn) and

(z', z'+f(z', p.(z'))At,) is defined as the Euclidean distance of z+f(z, pu(z))Atn and
z'. Since the support size of Pn(- z, An(Z)) is E(log( Sn1)), Gn is a random directed
kNN graph where k = e(log(ISn ). Figure 3.6.1 shows an illustration of a super
vertex and its nearest neighbors. By Theorem 2.3.4, On is connected asymptotically
almost surely.

The Markov chain {; i c N}, which is formed by following the transition prob-
abilities Pn usin the best control pn(z) for each state z E Sn, has states that move
along edges of G,. When On is connected, starting from any non-absorbing vertex
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in SU\OS,, we can reach an absorbing state in OS,. Therefore, {4; i E N} is an
absorbing Markov chain asymptotically almost surely as n approaches oc. 1

3.6.2 Proof of Lemma 3.4.2

1 1og IS1,
For each n E N, divide the state space S into grid cells with side length I l

as follows. Let Z denote the set of integers. Define the grid cell z E Z- as

W"( W (Y'. log ISn )I/dr + log )S1d 1 (log |Sr Ildx1

2 |Sn| 4 |Sn| 14 |Sn I

where [-a, a]dx denotes the dx-dimensional cube with side length 2 a centered at the

origin. Hence, the expression above translates the dx-dimensional cube with side

length (1/2) 'y,(log IS / Sn )1/dx to the point with coordinates i 'r (log n/n)l/d.

Let Qn denote the indices of set of all cells that lie completely inside the state

space S, i.e., Qn {i E Wr(i) C S}. Clearly, Qn is finite since S is bounded.
Let dQn denote the set of all grid cells that intersect the boundary of S, i.e.,

aQ {i E Zd : Wj(i) n OS # 0}.

We claim for all large n, all grid cells in Qn contain one vertex of Sn, and all grid

cells in dQn contain one vertex from OS,. First, let us show that each cell in Qn
contains at least one vertex. Given an event A, let A' denote its complement. Let
An,k denote the event that the cell Wn(k), where k E Q,, contains a vertex from Sn,
and let A, denote the event that all grid cells in Qn contain a vertex in Sn. Then,
for all k E Qn,

P (AC ( 1 / 2 )dx log) S) SrJ < exp (-((y./2)dx/m(S)) log ISnI)rm(S) Sn|
( I Tn(S IS,,j= jS "' - y,/2)"x1/m(s)

where m(S) denotes the Lebesgue measure assigned to S. Then,

P(Ac) = P Ank Qr A

P Z (kEQ A P ( k) Qn Sn -(r/2)dd/mrr(S),

where the first inequality follows from the union bound and IQn denotes the cardi-

nality of the set Qn. By calculating the maximum number of cubes that can fit into

S, we can bound jQnj:

Qn < rn(S) M(S) |Sn|
(/2)d l "g S1  ( 2 ) d log ISn|lSflI
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Note that by construction, we have ISn I = 6(n). Thus,

P (Ac) < rn(S) Sf ISn -(,/2)dx/m(S) _ n(S) 1 1-(,/2)x/m(S)
(-,/ 2 )dz logIS, I (-,/ 2 )dx logI S, I

< m(S) Ij1-(-y,/2)dx/mn(s)
- (-,r/2) d"

which is summable for all -Y, > 2 (2 m(S))1/dx. Hence, by the Borel-Cantelli lemma,
the probability that A' occurs infinitely often is zero, which implies that the proba-
bility that An occurs for all large n is one, i.e., P(liminfn,"' An) 1.

Similarly, each grid cell in OQn can be shown to contain at least one vertex from
OSn for all large n, with probability one. This implies each grid cell in both sets
Q, and OQn contain one vertex of Sn and &S, respectively, for all large n, with
probability one. Hence the following event happens with probability one:

(n = max min ||z' - Z112 = O((log S /nISnj)1/d).
zES, z'CS

3.6.3 Proof of Lemma 3.4.3

We show that each state that is added to the approximating MDPs is updated in-
finitely often. That is, for any z E Sn, the set of all iterations in which the procedure
Update is applied on z is unbounded. Indeed, let us denote ((z) = minzIES, ||Z'- Z2.
From Lemma 3.4.2, lim_,,, (n (z) = 0 happens almost surely. Therefore, with prob-
ability one, there are infinitely many n such that (n(z) < (n-(z) . In other words,
with probability one, we can find infinitely many ze, at Line 13 of Algorithm 1 such
that z is updated. For those n, the holding time at z is recomputed as Atn(Z) =

O'p/dz

t S S n)e: at Line 1 of Algorithm 2. Thus, the following event happens with
probability one:

lim Atn(Z) = 0,
n-*o

which satisfies the first condition of local consistency in Eq. (3.7).
The other conditions of local consistency in Eqs. (3.8)-(3.10) are satisfied imme-

diately by the way that the transition probabilities are computed (see the description
of the procedure ComputeTranProb given in Section 3.3). Hence, the MDP sequence
{Mn} OOL and holding times {Atn}j'O are locally consistent for large n with proba-
bility one. 1

3.6.4 Proof of Theorem 3.4.5

To highlight the idea of the entire proof, we first prove the convergence under syn-
chronous value iterations before presenting the convergence under asynchronous value
iterations. As we will see, the shrinking rate of holding times plays a crucial role in
the convergence proof. The outline of the proof is as follows.
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Si: Convergence under synchronous value iterations: In Algorithm 1, we take L_ >
1 and K, = ISI - 1. In other words, in each iteration, we perform synchronous
value iterations. Moreover, we assume that we are able to solve the Bellman
equation (Eq. (3.15)) exactly. We show that J,, converges uniformly to J*
almost surely in this setting.

S2: Convergence under asynchronous value iterations: When K,, = n(IS, ) < |Snl,
we only update a subset of S,, in each of L, passes. We show that J still

converges uniformly to P almost surely in this new setting.

In the following discussion and next sections, we need to compare functions on

different domains S,. To ease the discussion and simplify the notation, we adopt the

following interpolation convention. Given X C Y and J : X -+ R, we interpolate J
to J on the entire domain Y via nearest neighbor value:

Vy E Y: J(y) = J(z) where z = argminz,,x z' - y

To compare J : X -9 R and J' : Y -a R where X, Y C S, we define the sup-norm:

IJ - J'llo = IlJ -J'Kc,

where J and J' are interpolations of J and J' from the domains X and Y to the

entire domain S respectively. In particular, given J, : S,, -3 R, and J : S -+ R, then

Jn - JIs. < ||Jn - J I. Thus, if IIJ, - Jll, approaches 0 when n approaches OC,
so does IIJr - J Is. Hence, we will work with the (new) sup-norm I - I,, instead of

- Is,, in the proofs of Theorems 3.4.5-3.4.6. The triangle inequality also holds for

any functions J, J', J" defined on subsets of S with respect to the above sup-norm:

IJ - _'llo < IlJ - J"K0 +IJ" - J'K.

Let B(X) denote a set of all real-valued bounded functions over a domain X. For

S, C S, when n < n', a function J in B(Sn) also belongs to B(S,,), meaning that
we can interpolate J on S,, to a function J' on Sn,. In particular, we say that J in
B(Sn) also belongs to B(S).

Lastly, due to random sampling, S., is a random set, and therefore functions Jn and

J*, defined on S, are random variables. In the following discussion, inequalities hold

surely without further explanation when it is clear from the context, and inequalities

hold almost surely if they are followed by "w.p.1".

Si: Convergence under synchronous value iterations

In this step, we first set L,, > 1 and K, =Snj - 1 in Algorithm 1. Thus, for all

z E S., the holding time Atn(z) equals -yt (og I ) Op/d and is denoted as At. We

consider the MDP M, = (Sn, U, Ps, Gn, Hn) at nth iteration and define the following

operator Tn : B(Sn) -> B(Sn) that transforms every J E B(Sn) after a Bellman
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update as:

TJ(z) = min{Gnr(z, v) + aozt'Ep [J(y) z, v]}, Vz E Sn, (3.16)
vEU

assuming that we can solve the minimization on the RHS of Eq. (3.16) exactly. For
each k > 2, operators Tn are defined recursively as T= TnTnk-1 and Tnj = Tn. When
we apply Tn on J c B(Sk) where k < n, J is interpolated to Sn before applying T".
Thus, in Algorithms 1-2, we implement the next update

Lemma 3.6.1 (Contraction mapping, see [33]) Given Tn as defined above, Tn
is a contraction mapping, i.e. for any J and J' in B(S,), the following inequality
happens surely:

||TnJ - TnJ'I|o < cAt"||J - J'| 00|

Moreover, J* - TJ,.

Using Lemma 3.6.1:

J*-J - T" J _1110 < LAtn _*
< aAn "(IIJ* -- J* 11|0 + ||J*_1 - Jn_1||oc),

where the second inequality follows from the triangle inequality, and Ln > 1, Z E
(0, 1).

Thus, by iterating over n, for any N > 1 and n > N, we have:

||J* - Jn||oO < An + 0Atn+Atn--+AtN+0 N - , (3.17)

where An are defined recursively:

An = a An(llJ* -J*_1||oo +An_1)7 Vn > N+ , (3.18)
AN+1 -O cAtN+1 *A+1 - *.oc* (3.19)

Note that for any N > 1:

lim Atn + Atn_ 1... + AtN+1n-+o0

as holding times At, = -4 in the procedure ComputeHoldingTime.
Therefore,

lim aAtn+...+AtN+l J* - JNC 00 0.
n-4o

By Theorem 3.4.4, the following event happens with probability 1 (w.p.1):

lim J - J*110 = 0,
fl-+ 0
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hence,

im HJ*r - J*-11|0 = 0 w.p.1.

Thus, for any fixed c > 0, we can choose N large enough such that:

*- J,*_1 < E w.p.1 for all n > N, and (3.20)

(3.21)JN 00 < E surely,

where § E (0, 1) is the constant defined in the procedure ComputeHoldingTime.

Now, for all n > N, we rearrange Eqs. (3.18)-(3.19) to have

An < EB, w.p.1,

where

Bn = GAtII( J* - J*_ II, + B,_ 1),

BN+1 = aAtN+l 1A+1 - J1f U;*
Vn > N + 1,

We can see that for n > N + 1:

Bn = I I( J1* - J*_ I + B7 _1 ) < (/(i-) + Bn_ 1 w.p.1,

BN+1 = AtN+1N+1 E- 1 < w.p.1.

We now prove that almost surely, Bn is bounded for all it > N w.p.1:

Lemma 3.6.2 B is bounded for all n ;> N w.p.1.

Proof Indeed, we derive the conditions so that B._1 < Bn as follows:

Bn_1 < Bn

B,_ < n -" J j* -+ B

> Bn_ 1 < in - 00

1- aAt"

w.p.1.

1 -- t( IS/

The last inequality is due to Theorem 3.4.4 and SnJ =(n), ISr-il = e(n - 1):

ix K: log|ISn| P/C1X
||J* - J*_1 O1- = 0((log S _1 /IS n_1 I)p/dx') (lo S I

fl n-i 0 n k |Si|,
w.p.1,

for large n where KC is some finite constant. Let 3= a G E (0, 1). For large n, log IS-1isfld
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a At"j+...-+stN+1 I IIJ

- Bn



/C
'Y log(a)

-Yt log(a)

N+1 N+2 N+3

Figure 3-12:
s/(1-§) w.p.1.

A realization of the random sequence Bn. We have BN+1 less than
For n larger than N + 1, when B,_ 1 > - C- w.p.1, the sequence

is non-increasing w.p.1, i.e. Bn-i > B w.p.1. Conversely, when the sequence is
increasing, i.e. Bn_1 < Bn, we have B,_ 1 < - k w.p.1, and the increment is less

than / Hence, the random sequence Bn is bounded by Ec/(1-) - p
art log(a)w 

are in (0, 1) and 0 c (0, 1]. Let us define

Xn 1 logSn| )s/ d

| Sn| I

Then, Xn > y, > 0. The above condition is simplified to

Bn1 < I xY
1 - 3Xn

Consider the function r : [0, oc) -+ R such that r(x) = 'T , we can
is non-increasing and is bounded by r(0) = -1/ log(/). Therefore:

verify that r(x)

Bn_ 1 < Bn SBn_1 < - /3
l0o)

Or conversely,

A?
Bn 1 > - ______ w.p.1 -=> B_ ;I> Bn w.p.1. (3.25)

The above discussion characterizes the random sequence Bn. In particular, Fig. 3-12
shows a possible realization of the random sequence B, for n > N. As shown visually
in this plot, BN+1 is less than /(1-) w.p.1 and thus is less than cc/(1-) - c

N log(a)
w.p.1. For n > N + 1, assume that we have already shown that Bn_ 1 is bounded
from above by c/(1-) - w.p.l. When Bn_ 1 ;> - w p.I the sequence is7t log(a) - Yt log~a) w*.1 th seunei
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w.p.1. (3.24)
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non-increasing w.p.1. Conversely, when the sequence is increasing, i.e. B"_1 < B1,
we assert that B,_- < - k w.p.1 due to Eq. (3.24), and the increment is less

than cS/(-4) due to Eq. (3.22). In both cases, we conclude that B,, is also bounded by

kl) w.p.1. Hence, from Eqs. (3.22)-(3.25), we infer that B, is bounded
all n > N:

Bjr < -
Ytlog( w.p.1.

T

Thus, from Lemma 3.6.2, for all n > N:

A_ < EB_ < E E; 0-) (3.26)

Combining Eqs. (3.17),(3.21), and (3.26), we conclude that
exists N > 1 such that for all n > N, we have

for any c > 0, there

I*, - Jar0lo0 < E(E / - AZ
7, log(a)±

1) w.p.1.

Therefore,

lim llJ* - J1l111 = 0 w-p.1.
nf-o

Combining with Theorem 3.4.4:

lim J* - 0J* 0no-*Oc
= 0 w.p.1,

we obtain
lim ||Ja - J*1100 = 0 w.p.1.

In the above analysis, the shrinking rate (oI) O p/d, of holding times plays an

important role to construct an upper bound of the sequence Bn. This rate must be

slower than the convergence rate (logIS I p/dr of J* to J* so that the function r(X) is

bounded, enabling the convergence of cost value functions Jn to the optimal cost-to-

go P. Remarkably, we have accomplished this convergence by carefully selecting the
range (0, 1) of the parameter g. The role of the parameter 0 in this convergence will

be clear in Step S2. Lastly, we note that if we are able to obtain a faster convergence
rate of J* to J, we can have faster shrinking rate for holding times.

S2: Convergence under asynchronous value iterations

When 1 < Ln and Kn = ((ISnl0) < IS.,, we first claim the following result:

Lemma 3.6.3 Consider any increasing sequence {nk}'O( as a subset of N such that
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no = 0 and k |Sn|k 1/0 .For J G B(S), we define:

A({nj }>=0 ) = aAnk+Atnk l+st"±1|| - 00 + a(/tfk+Atnk _+...+At, 2

The following event happens with probability one:

lim A({nj} 0 ) = 0.
k-+oo

Proof We rewrite A({n } o) = Ank where Ank are defined recursively:

Ank = t(I Jnk - nk-l + An_),

A A K 0)

We note that

Atk +Atnk-1 ...±AtUK

± - (log |Snk 1 Op/d,

|S
1 /

|St _ ( 0Pd .

± t (log KSn | O*p/d

S J
~ 1  )O§P/d=|SnKI

1 1 1 k 1
k Y/5 k - 1)§P/dx ±+...+ K) p/d= ? ± k - 1 +

where the second inequality uses the given fact that ISn I < k1/.
K > 1:

lim aAtnk ±Atk-'AtnK = 0.
k-+oo

Therefore, for any

We choose a constant p > 1 such that pg < 1. For any fixed e > 0, we can choose K
large enough such that:

J* 00k < E w.p.1 for all k > K. (3.29)

For all k > K, we can write

An E Bn, ± O +tnk...+stnK+1A({n I0)

where

Bn= a t"k | - ||Q + Bn)BK00

Bn 0.

Vk > K,

Furthermore, we can choose K' sufficiently large such that K' > K and for all k > K':

CAtnk+..+AtnK+lA ({n K) <E.
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Vk > K, (3.27)

(3.28)

log |S pd

| Sn| I

>-t( 1 ) pd

| Sn |I

1
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We obtain:
ALk < eBn + E,

We can also see that for k > K:

BAt"k +B - + BO,_k)<

Vk > K' > K > 1.

+ Bk-1 w.p.1.

Similar to Step Si, we characterize the random sequence Bk as follows:

Bnk < Bk

<- Bk 1 <
1 2

k - I Io

1 - oz At, k

0t (j2;I)Opd
< K

1 t 1 k

Let 3 = a-e E (0, 1). We define:

(log ISk |)

|Snk|
and yk -(lo Sflkl ) Ppdx

| Snk-_,|

We note that logx is a decreasing function for positive x. Since Sn__ > k - 1 and
iS.,_ < k"/ 0, we have the following inequalities:

xk>

(log k

k )
Since 0 E (0, 1] and g > 1, we can find a finite constant K 1 such
large k. Thus, the above condition leads to

Bnkl < / XkY
1 - Xk

that Yk < K1lxk for

< KK 1  , w.p.1.
1 - Ok

Bnk < Bnk

Or conversely,

Bn- log
-Yt log (a)

w.p.1 -> Bni_ > B,
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w.p.1.

Therefore:

-> B _ < - IIg Ilog( ) 7, log(a)
w.p.1.

w.).1.

log|Sn _ | g :pld,

-=> Bnk I

Y<-(log (k - 1))L) ' l

- (k - 1)L)



Arguing similarly to Step S1, we infer that for all k > K' > K > 1:

Bnk < c;/ (I-00 - w.P.1.
k 'i t log (aG)

Thus, for any c > 0, we can find K' > 1 such that for all k > K':

Ank k eBnk + e < ± 6i)/(1- 1 + 1 w.p.1.
- t log (a)

We conclude that
lim A ({nj } ,) = 0. w.p.1.

Returning to the main proof, we use the tilde notation to indicate asynchronous
operations to differentiate with our synchronous operations in Step S1. We will
also assume that Ln =1 for all n to simplify the following notations. The proof for
general Ln ;> 1 is exactly the same. We define the following (asynchronous) mappings
Tn : B(Sn) -± B(Sn) as the restricted mappings of Tn on Dn, a non-empty random
subset of S., such that for all J E B(Sn):

TnJ(z) min {Gn(Z, v) + ao'Ep. [J(y) z, v] }, Vz c Dn C Sn, (3.31)

TnJ(z) = J(z), Vz E Sn\Dn. (3.32)

We require that

n_ U Dk = S. (3.33)

In other words, every state in S are sampled infinitely often. We can see that in
Algorithm 1, if the set Zupdate is assigned to Dn in every iteration (Line 13), the
sequence {Dn}n 1 has the above property, and jDnj = 0(jSnj0) < JS4j.

Starting from any Jo E B(SO), we perform the following asynchronous iteration

Jn+ = Tn+iJn, Vn > 0. (3.34)

Consider the following sequence {mk}k such that mo = 0 and for all k > 0,
from mk to mk+1 - 1, all states in Smk1-1 are chosen to be updated at least once,
and a subset of states in Smk+1-1 is chosen to be updated exactly once. We observe
that as the size of Sn increases linearly with n, if we schedule states in Dn C Sn to
be updated in a round-robin manner, we have k < Smk < k1/ 0 . When Dn is chosen
as shown in Algorithm 1, with high probability, k < S_, K k 1/0 . However, we will
assume that the event k < S__ < k1 1/ happens surely because we can always schedule
a fraction of Dn to be updated in a round-robin manner.
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We define W, as the set of increasing sub-sequences of the sequence {0, 1, ... , T}

such that each sub-sequence contains {m}>o where mk n < mk+1:

= ={{ij}jo {mn} C { C {O, 1, ...,n} A T > 2 A mnk < ? K mk+1}

Clearly, if {ij} 1 0 W, we have io = 0. For each {i}J_ 0 E Wn, we define

A ({ij }IO) = oz s'T+sAt'T|J - | + astol+s,_F I+..+stq

+ ' + T T T ||JT* - J* |

We will prove by induction that

Vz c D, - T JI(z) - J*(z)I < max A({i}>_). (3.35)
{ij}>OEWl

When n = 1, the only sub-sequence is {ij} 0 {0, 1} E W1. It is clear that for
z C DI, due to the contraction property of T1 :

<J(z)-Ji(z) K max A({i1 ) = *- .
{=iV W1

Assuming that Eq. (3.35) holds up-to n = nk, we need to prove that the equation also
holds for those n E (Mk, mk+1) and n= mk+1. Indeed, let us assume that Eq. (3.35)
holds for some n E [Mk, mk+1 - 1). Denote nz < n as the index of the most recent

update of z. For z E Dn, we compute new values for z in Jn+1 , and by the contraction
property of T,,+1 , it follows that

+1() J,*+(z)|< ad"+1xJJ - J )o

=-0 "?+1 max |J*+(z) - jn(z)j
zESn+1

='A?"+1 max IJ*+1(z) - nz(z)j
zESn+1

ZAn+ C -

< ad"+1 max (I J*z (z) - J, (z) + J*+1 - J2oc)
zCSn+1

K max (aAtr+1 max A({ ) aA+ * -- +t2 0

ZCSn+ {ij} 0 OCWn+

max A({i} ).
{ijj} OEW' +1

The last equality is due to n + 1 < 'Mk +1I - 1, and {Mj} 0o c {{ij} 0 , n + 1} C

{0, 1, ... ,n + 1} for any {i}f10 E Wn.. Therefore, Eq. (3.35) holds for all n E
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(ink, mk+1 - 1]. When n = mk+1 - 1, we also have the above relation for all z C D,+,:

+i(z) -J*+1 (z)| < max (a"-,+1 max A ({ij}T0) + at"+1,*+ -J11+1 ~zen+ (Z)- J+1 Z) M'E1 Jz

max A({ij}T_0).
fi3 }[=0 EWn+1

The last equality is due to n + 1 = mk+1 and thus {mj}_+i C {{ij}T , n + 1} c
{0, 1, ..., + + 1} for any {i }>_ E W,.. Therefore, Eq. (3.35) also holds for n= mk+1
and this completes the induction.

We see that all {i}> 0 C Wn, we have j < i3 < mj, and thus j < Si < ji1/ 0 . By
Lemma 3.6.3,

lim A (Wn) 0 w.p.1.

Therefore,
lim sup IJ(z) - J*(z)1= 0 w.p.1.

n-foc zEDn

Since all states are updated infinitely often, and J* converges uniformly to J* with
probability one, we conclude that:

liM ||in - J*11,11 = 0 w-p.1.n- oc

and

lim J1 - J*HO 1 = 0 w.p.1.

In both Steps S1 and S2, we have limn-so 11J, - J*l|c = 0 w.p.1 ', therefore

/In converges to p* pointwise w.p.1 as [I and p* are induced from Bellman updates
based on Jn and J* respectively. Hence, the sequence of policies {pIn}_o has each

policy [in as an En-optimal policy for the MDP Mn such that limnFo En = 0. By
Theorem 3.2.3, we conclude that

lim lJn,1 n(z) - J*(z)1 = 0, Vz E Sn w.p.1.

3.6.5 Proof of Theorem 3.4.6

We fix an initial starting state x(0) = z. In Theorem 3.4.5, starting from an initial
state x(0) = z, we construct a sequence of Markov chains {7; i E N} 1 under
minimizing control sequences {u7; i E N} c. By convention, we denote the associated
interpolated continuous time trajectories and control processes as {"(t); t EE R
and {u"(t); t E R}L 1 respectively. By Theorem 3.2.2, {"(t); t C R}L _ converges in
distribution to an optimal trajectory {x*(t); t E R} under an optimal control process

{u*(t); t E R} with probability one. In other words, (("(-), u"(.)) 4 (X*(-, U*

8 The tilde notion is dropped at this point.
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w.p.1. We will show that this result can hold even when the Bellman equation is not
solved exactly at each iteration.

In this theorem, we solve the Bellman equation (Eq. (3.15)) by sampling uniformly
in U to form a control set Un, such that limn1 U, oc. Let us denote the resulting
Markov chains and control sequences due to this modification as { ; i 6 N}' and
{W; i E N} 1 with associated continuous time interpolations {<1 (t); t E R and
{Ut(t); t E R}_1. In this case, randomness is due to both state and control sampling.
We will prove that there exists minimizing control sequences {u; i E N} 1 and the
induced sequence of Markov chains {{7; i E N} 1 in Theorem 3.4.5 such that

(( (-),"(-) - U"n(.)) 4 (0, 0), (3.36)

where (0, 0) denotes a pair of zero processes. To prove Eq. (3.36), we first prove
the following lemmas. In the following analysis, we assume that the Bellman update
(Eq. (3.15)) has minima in a neighborhood of the positive Lebesgue measure. We
also assume additional continuity of cost functions for discrete MDPs.

Lemma 3.6.4 Let us consider the sequence of approximating MDPs {Mn} 0 . For
each n and a state z 6 Sn, let v* be an optimal control minimizing the Bellman
update, which is referred to as an optimal control from z:

V* E Vn* = argminvEU{Gn(z, v) + At,(Z)EPn [JI(Y) IZ, V]}1,

J,(z, v) = J*,(z) = Gn(z, V*u) + Atn,(Z)E P [JI(y)z, v , Vv* 6 E V*.

Let Tn be the best control in a sampled control set Un from z:

Tn = argminEU{CIGn(z, 'v) + iAtf(z)Epn [J 0 I_(y) z, v},

Jn(z, Tn) =r G(Z, Tn) + GAt"(Z)Epr [in-I(Y)IZ, n].

Then, when lium O I|Un| oc, we have \J(z, T) - J,,(z) 4 0 as n approaches oc,
and there exists a sequence {v* v* 6 V*J}O such that - 2 4 0.

Proof We assume that for any e > 0, the set A"= {v e UI J,(z, v) - J, (z)I < e}

has the positive Lebesgue measure. That is, rn(A") > 0 for all e > 0 where in is the

Lebesgue measure assigned to U. For any E > 0, we have:

IP({ Jn(z, T,) - J*(z) E}) (1 - m(A"')/m(U))1U K

Since 1 - n(A")/n(U) 6 [0, 1) and lim 0,, jUn2 I oc, we infer that:

lim P({ J0 (zI n) - J*(z) e}) 0.

Hence, we conclude that lJn(z, Th) - J*(z)l 4 0 as n -+ oc. Under the mild as-

sumption that Jn(z, v) is continuous on U for all z E S,, there exists a sequence

{v* V V} o such that I - v*|12 4 0 as n approaches oc.
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Figure 3-13: An illustration for Lemma 3.6.5. We have n converges in probability to
j. From n, the optimal control is v* that results in the next random state ". From

0, the optimal control and the best sampled control are vn and U7n respectively. The
next random state from O due to the control Tn is .

By Lemma 3.6.4, we conclude that IIJn - J* 1 converges to 0 in probability. Thus, Jn
returned from the iMDP algorithm when the Bellman update is solved via sampling
converges uniformly to J* in probability. We, however, claim that J4 still converges
pointwise to J* almost surely in the next discussion.

Lemma 3.6.5 With the notations in Lemma 3.6.4, consider two states n and -n

such that ||1 0 - n"||2 4 0 as n approaches oc. Let - be the next random state of JJ

under the best sampled control Tn from Go. Then, there exists a sequence of optimal

controls v* from n such that ||In - v* ||2 4 0 and | - n||2 4 0 as n approaches
oC, where 1" is the next random state of J under the optimal control v* from (j.

Proof We have Tn as the best sampled control from (. By Lemma 3.6.4, there exists
a sequence of optimal controls vn from n such that - v11 |2 4 0. We assume that

the mapping from state space Sn, which is endowed with the usual Euclidean metric,
to optimal controls in U is continuous. As |O - n 112 4 0, there exists a sequence
of optimal controls v* from n such that 2 - v*||240. Now, |IYU - vn|240 and

IIvn - v* 112 24 0 lead to I|n - V* 12 4 0 as n - oc. Figure 3-13 illustrates how Un, Vn,
and v* relate j and "

Using the probability transition P of the MDP Mn that is locally consistent with
the original continuous system, we have:

[ n | to", n = v*] = to" + f (to"v*, (n) + oA n")),

E[[ I, u" Un ] T f= + f(j , vn)Atn(jO) + o(Atn(jo)),
Cov[" |, u"= v*] = F(, v*)F(gj" v*,)Atn(") + o(Atn(gj)),

Cov[1 0 0 " n] = F ) 0 n)F ), Tn) Atn(o)) + o(Atn( O))),

where f(-,-) is the nominal dynamics, and F(., .)F(-, .)T is the diffusion of the original
system that are assumed to be continuous almost everywhere. We note that Atn(G) =

Ata(nj) = ( log(,Sn )/ISn1) )p/d as -nj and n are updated at the nth iteration in
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this context, and the holding times converge to 0 as n approaches infinity. Therefore,
when j n (G'12 4 0, 1|Jn - V*112 4 0, we have:

E[ - I ", U, " = V*, Ar =n] 4 0, (3.37)

Cov( 7 - n " n IU = V*, U " = $n) 4 0. (3.38)

Since i7 and are bounded, the random vector E[7 - (" | g, , v*,, = V

and random matrix Cov( - " n ( , n" = v* , U' =,,) are bounded. We recall

that if Y, 4 0, and hence Y, 4 0, when Y, is bounded for all n, lim,,,c E[Y] = 0

and lim,, Cov(Y) = 0. Therefore, Eqs. (3.37)-3.38 imply:

ni -+0 -? -nlim E [, - I" n '",[" o = V*, U" = Vn 0, (3.39)

im Coy E - 1 " " = * 1 = Un) = 0, (3.40)

lim 0E ( u" "n) = 0. (3.41)

The above outer expectations and covariance are with respect to the randomness

of states ', 0 and sampled controls UT,. Using the iterated expectation law for

Eq. (3.39), we obtain:

Using the law of total covariance for Eqs. (3.40)-(3.41), we have:

lim Cov[ - Ei] = 0.
nfl c -i

Since

E [ I - n (1"||] = E[([[ - n?[ -( ) |(" -( )| rC v[ ")

the above limits together imply:

lim IE[I 1- >] =10.

In other words, j converges in 2th-mean to (, which leads to - ("2 0 as
approaches oc.

Returning to the proof of Eq. (3.36), we know that = = z as the starting state.

From any y E Si, an optimal control from y is denoted as u*(y), and the best sampled

control from the same state y is denoted as U(y).

By Lemma 3.6.5, as U" = (O), there existsa" v*( ") such that I I -u 0 12 4 0
and j"- 112 4 0. Let us assume that (Ia - |2,,n - U112) converges

in probability to (0,0) up-to index k. We have in = 7(-T). Using Lemma 3.6.5,
there exists u' = v*( n) such that (I2 - 11 ||2, |k - ( |2) 4 (0,0). Thus, for

any i > 1, we can construct a minimizing control u n in Theorem 3.4.5 such that
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( K7 -- , - u"|2) 4 (0, 0) as n -± oc. Hence, Eq. (3.36) follows immediately:

We have (("(.), un(.)) 4 (x*(-),u*(-)) w.p.1.
random variables [143], we achieve

Thus, by hierarchical convergence of

(- n(-), U"(-)) d (X*(-), U*(-)) w.p.I.

Therefore, for all z c S,:

liM IJn ,tn(Z) - J* (Z)| 0 WP. 1.

I

3.6.6 Proof of Theorem 3.4.7

Fix n E N, for all z C S, and y, = argminESnI I Z -- Z 12, we have

An(z) = Pn(yn).

We assume that optimal policies of the original continuous problem are obtainable.
By Theorems 3.4.5-3.4.6, we have:

lim lJnl(yn) - J*(yn))l = 0 w.p.1.

Thus, Pn(yn) converges to p*(yn) almost surely where p* is an optimal policy of the
original continuous problem. Thus, for all c > 0, there exists N such
n > N:

that for all

Pn(Yn) - P*(Yn) 12 < w.p.1.

Under the assumption that p* is continuous at z, and due to lim, 0 yn = z almost
surely, we can choose N large enough such that for all n > N:

II1t*(y) - P*(z) 12 < - w.p.1.

From the above inequalities:

IIPn (y) - P*(z) 12 I/n(Yn) - P*(yn)|12 + P*(yn) - 1p*(z)1 2 < C, Vn > N w.p.1.

Therefore,

lim |1-,(z) - p*(z)||2 = lim ||kn(yn) - p*(z)||2 = 0 w.p.1.
fl-+00 n-+00

I
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Chapter 4

Stochastic Control with trajectory
Performance Constraints

We now consider a class of stochastic optimal control problems with bounded trajec-
tory performance constraints. The constraints have the same integration structure as
the objective functions with different cost rate, terminal cost functions and possibly
different discount factors.

Examples of these constraints are trajectory performance requirements such as

fuel consumption requirements on autonomous cars, stealthiness requirements for

aircraft, and thermal control requirements on spacecraft. The formulation in this
chapter enforces these constraints for all sub-trajectories. As a special case, we can
approximately enforce the probability that a system enters undesirable regions to

remain below a certain threshold. We will handle exact probability constraints that

are enforced for only initial states in Chapter 5.

In the following, we discuss an extended iMDP algorithm that approximates arbi-

trarily well an optimal feedback policy of the constrained problem. We show that in

the presence of the considered constraints, the sequence of policies returned from the

algorithm is both probabilistically sound and asymptotically optimal. Subsequently,
we demonstrate the proposed algorithm on motion planning and control problems in

the presence of process noise. 1

4.1 Problem Formulation

We consider a system with the same dynamics (Eq. (3.1)) in Chapter 3 in a bounded

state space S:

dx(t) f (x(t),'u(t)) dt + F(x(t), u(t)) dw(t),Vt > 0.

'Results in this chapter have been presented in [144].
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We want to find a control policy p to minimize the same objective function:

J,(z) = E at g (x(t), p(x(t))) dt + aTtzh(x(T,,2)) I x(O) = zl

where an extra subscript component z in the first exit time T1,2 emphasizes the
dependence of the first exit time on an initial state z.

In addition, we consider trajectory constraints under a policy p of the form

CP(z') c F for all z' C S, (4.1)

where

C/(z') E T r(x(t), p(x(t))) dt + /Tt,z'k(x(T,,2,)) I x(O) = Z', (4.2)

and F C R is some pre-specified accepted range. In the above definition, r : S x U -+ R
and k : S x U -M R are bounded measurable, continuous functions, and the discount
rate 0 is also in [0, 1). In other words, the constraints evaluate the distribution of
trajectories starting from z' based on criteria encoded by r(., -) and k(.) until the
system first hits the boundary of S. As we specify the constraint for all z' E S,
intuitively, the constraints of the form in Eq. (4.1) enforce the value C,(.) for every
sub-trajectory under the policy p to be within F.

For simplicity, we consider one trajectory constraint in this paper, and handling
multiple trajectory constraints is exactly the same. The resulting optimal cost-to-go
function J* : S -+ R is defined for all z E S in the next optimization problem:

OPT2 : J*(z) inf J,(z) (4.3)

s/t C,1 (z') E F, Vz' G S. (4.4)

As in the previous chapter, we call a sampling-based algorithm asymptotically-
optimal if the sequence of solutions returned from the algorithm converges to an
optimal solution in probability as the number of samples approaches infinity. In
addition, we call a sampling-based algorithm probabilistically-sound if the probability
that the solution returned by the algorithm is feasible approaches one as the number
of samples increases. Solutions returned from algorithms with the above properties
are thus called probabilistically-sound and asymptotically-optimal.

In the next section, we extend the iMDP algorithm to approximate the optimal
cost-to-go function and an optimal policy of OPT2 in an anytime fashion so that the
returned solutions are both probabilistically-sound and asymptotically-optimal.

4.2 Extended iMDP Algorithm

We approximate the dynamics and cost function on discrete-state MDPs as described
in Section 3.2. In particular, the cost-to-go function on an MDP MA under a policy

86



p4 E H, has the following form:

Ji,(,jz) = E p a G,, n( )) + Z- H (C') z

.i=0 .

The continuous trajectory constraint is similarly approximated as C.,, (z') E F for

all z' c Sn:

C,(z' = K () + ,, Kn(Q ) Q = z' , (4.5)
.i=0 .

where Rn(z,v) = r(z, v)Atn(z), K (z) k(z) for z E S, and v E U.
Thus, the optimal cost function on M, denoted by J,, is defined in the following

approximating optimization problem:

M _O'PT2 : J*, (z) =inf Jn,,,,(z) (4.6)

S/t CE,, (z') E F, Vz' E Sn. (4.7)

An optimal policy, denoted by p*, satisfies Jn,p (z) J*(z) for all z c S,. For

any E > 0, wt is an E-optimal policy if J J* < E.

An extension of iMDP outlined below is designed to compute the sequence of

optimal cost-to-go functions {J*}c 0 , the sequence of anytime control policies {pn}"_o

as well as the induced trajectory-constraint values {Cn,,,} o in an efficient iterative

procedure.

The iMDP algorithm is presented in Algorithms 4-6 in which we use the same

primitive procedures in Chapter 3. The algorithm incrementally refines a sequence of

finite-state MDPs Mn = (Sn, U, Pr, G., Hn) and the associated holding time function

Atn that consistently approximates the system in Eq. (3.1). Given a state z E Si
and a holding time Atr(z), we define the stage-cost function G,,(z, v) = Atr(z)g(z, U)
for all v E U and terminal-cost function Hri(z) = h(z). Similarly, we define the

trajectory-constraint stage-cost R,(z, v) = Atn(z)r(z, v), and trajectory-constraint

terminal-cost K,,(z) = k(z). We also associate with z c S,, a cost value Jn(z), a

control Jin(z), and trajectory-constraint value C(z). The functions J,, and Cn are

referred to as cost value function and constraint value function over Sn, respectively.

Initially, an empty MDP model is created. In every main iteration of Algorithm 4,
we construct a finer model based on the previous model. In particular, a state is

sampled from the boundary of the state space (Lines 4-5). Subsequently, another

state, zS, is sampled from the interior of the state space S (Line 6). The nearest

state Znearest to z' (Line 7) in the previous model is used to construct a new state Znew

by using the procedure ExtendBackwards at Line 8. Unlike the original version of

iMDP in Chapter 3, we only accept zew if an estimate of the associated constraint

value belongs to the feasible set F (Line 13). This modification enables the sampling

process to focus more on the state space region from which trajectories are likely

to be feasible. Accepted new states are added to the state set, and their associated
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Algorithm 4: trajectory constrained iMDPO

1 (n, So, JotoA to) <- (1, 0, 0, 0, 0);
2 for n = 1 - N do
3 (Sn, Jn, Cn, pt, Atn) +- (Sn-1, Jn-_1, Cn_1, Pn1, Atn_1);

// Add a new state to the boundary
4 zs <- SampleBoundary(;

5 (Sn, Jn(z,), C(zs), Pn(zs), Atn(zs)) <- (Sn U {zs}, h(zs), k(zs), 0, 0);

// Add a new state to the interior
6 zs <- Sample();
7 Znearest + Nearest(zS, Sn, 1);
8 if (Xnew, Unew, T) <- ExtendBackwards(nearest, Zs, To) then
9 Znew Xnew(0);

10 cost Tg(Znew, Unew) + crJn(znearest);

11 consValue Tr(Znew, Utnew) + fTCn (znearest);

// Discard if constraint value not in F
12 if consValue F then
13 L continue;

14 (Sn, Jn(Znew), Cn(Znew), -n(Znew), Atn(Znew)) <

(Sn U {Znew}, cost, consValue, Unew, T)

// Perform Ln > 1 updates
15 for i1= I - L do

// Choose Kn = ( SnjO) < S.l states
16 Zupdate <- Nearest(znew, Sn\&S, Kn) U {znew};
17 for z E Zupdate do
18 LUpdate(z, Sn, J., Pn, Atn);

cost value Jn(Znew), constraint value C(Znew), and control Pin(znew) are initialized at
Line 14.

We then perform L_ > 1 updating rounds in each iteration (Lines 16-18). In
particular, we construct the update-set Zupdate consisting of K, = O(IS|0) states
and Znew where IKal < jSnj. For each of state z in Zupdate, the procedure Update as
shown in Algorithm 5 implements the following Bellman update:

Jn(z) = min {Gn(z,v) + GAt(z)Ep, [J1 (Y) z, v]},
vEU(z)

where

U(z) {v c U IRn(z, v) + fAtn(Z)En [Cn_ (Y) z, v] E F}.

The details of the implementation are as follows. A set of Un controls is constructed
using the procedure ConstructControls where jUn = 0(log(ISnl)) at Line 2. For
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Algorithm 5: Update(z E Sn, Sn, Jt, p>,2, Atri)

I T +- ComputeHoldingTime(z, ISn);

// Sample or discover M, = e(log(jSj)) controls
2 Un <- ConstructControls(Mt, z, Sn, T);
3 for v E Un do
4 (Znear, Pn) <- ComputeTranProb(z, v, T, Sn);
5 J <- g(Z, V) + G z Pn(Y) n(Y);

6 C +- r(z, v) + 0r Z zp n(y)Cn(y);

// Improved cost and feasible constraint

7 if J < J,(z) and C E F then
8 L (J.(z), Cn(z), Pn(z), At(Z)) 6- (J, C, v, );

Algorithm 6: Policy(z E S,n)

1 Znearest <- Ne arest (z, Sn, 1);
2 return (p(z) = Pn(Znearest), Atn(Znearest))

each v c U ,,, we construct the support Znear and compute the transition probability

P,,(- z, v) consistently over Znear from the procedure ComputeTranProb (Line 4). The

cost values and induced constraint values for the state z and controls in U,, are

computed at Lines 5-6. We finally choose the best control in Un that yields the

smallest updated cost value and feasible constraint value (Line 8). Again, as the

current control may be still the best control compared to other controls in Un, in

Algorithm 5, we can re-evaluate the cost value and the constraint value with the

current control pt,,(z) over the holding time Atn(z) by adding the current control

Pu(z) to U'.

Finally, for each n E N, the control policy pAt is described in Algorithm 6, which

is the same as presented in the original version of the iMDP algorithm.

4.3 Analysis

Now, in the presence of additional trajectory constraints, let (M,, (Sn, U, Pn, Gn,

Hn), Atn, Jn, Cn, put) denote the MDP, holding times, cost value function, constraint

value function, and policy returned by Algorithm 4 at the end n iterations. As shown

in Section 3.4, the sequence of MDPs {M} 0 and holding times {At,}J O returned

from the iMDP algorithm are locally consistent with the stochastic differential dynam-

ics in Eq. (3.1) almost surely. The next theorem asserts the probabilistic soundness

of the computed policies {pnl' and the almost sure pointwise convergence of J,

to J*.

Theorem 4.3.1 Let Jn,,n be the cost-to-go function of the returned policy /I on the
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discrete MDP Mn. Similarly, let C0 ,,, be the expected constraint value by executing
the returned policy p, on the discrete MDP Mn. Then, for all z G S, we have

iM IJnln - J* (z) = 0 w.p.1.
fl-4oc

Thus, for any n C N and for any z c Sn, { [n(Z)} O converges almost surely to P*(z)
where p* is an optimal policy of the original continuous problem. Furthermore, for
all z E Sn:

lim |Cn(z) - CO*(z) 0 w.p.1,

lim ICn,ln(z) - C,1 (z)1 = 0 w.p.1.

As a corollary, C,1*(z) e F w.p.1 for all z E UOLoSn . That is, the sequence {pn}O
is probabilistically sound.

The proof of this algorithm follows directly from our analysis in Section 3.4. The
almost sure pointwise convergence of Jn,,, to J* have been proven in Theorem 3.4.6.
The idea is that from any state z C Sn, it is possible to construct a sequence of controls
out of constructed controls from the procedure ConstructControls that converges
in distribution to the optimal control process of the original continuous problem. The
almost sure pointwise convergence of C, and C0 ,,, to C, can be seen as a special
case of the above discussion where the control set at each z E Sn contains only one
control [in(z).

4.4 Experiments

We controlled a system with stochastic single integrator dynamics to a goal region
with free ending time in a cluttered environment. We consider again the dynamics

dx(t) = u(t)dt + Fdw(t) where x(t) c R 2 , u(t) c R2 , and F 02 002 . The sys-

tem stops when it collides with obstacles. The cost function is the total energy spent
to reach the goal, which is measured as the integral of square of control magnitude
with a discount rate a = 0.95. The system pays the cost of _106 when reaching the
goal region Xgoai. The maximum velocity of the system is one. The system stops when
it collides with obstacles. At the same time, we considered the trajectory constraint
that approximately expresses the collision probability under the control policy using
a large discount factor (i.e. 3 = 0.9999, r(x, u) = 0 for all x C S, u C U, k(x) = 1 for
x E Xob, and k(x) = 0 otherwise). In this context, we often refer to constraint values
as collision probabilities.

We first set the upper value of the collision probability to 1.0, i.e. F = (0, 1.0].
Figures 4-1(a)-4-1(c) depict the policy, cost value function, constraint value function
(in log scale) after 4, 000 iterations for this case. As we can see, the computed
collision probability from the initial position is about 0.1, and the computed cost
value for the initial position is about 4 x 10-. Since there is actually no constraint
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Figure 4-1: An example of bounded trajectory performance. A system with stochastic
single integrator dynamics in a cluttered environment. The cost function is the total
energy spent to reach the goal, which is measured as the integral of square of control
magnitude. The trajectory constraint approximately expresses the probability of col-
lision (with a discount rate 0 = 0.9999). Figures 4-1(a)-4-1(c) depict the policy, cost
value function, constraint value function (in log scale) after 4, 000 iterations when the
upper bound of collision probability is 1.0(100%). The first number in the title is the
constraint upper bound, and the second number is the number of iterations. Sim-
ilarly, Figures 4-1(d)-4-1(f) and Figures 4-1(g)-4-1(i) show the corresponding plots
for the constraint upper bound 0.001(0.1%) after 600 iterations and 4, 000 iterations
respectively.
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Figure 4-2: Bounded trajectory performance results. Figure 4-2(a) shows 10,000

empirical trajectories for the returned policy in Fig. 4-1(a). Collision-free trajectories

are plotted in green, and colliding trajectories are plotted in red. The empirical

collision probability is 8.2%. Figure 4-2(b) shows 10,000 empirical trajectories for the

returned policy in Fig. 3-7(c) with the resulting empirical collision probability 0.07%.

When F = (0, 0.001], in Fig. 4-2(c), constraint value function, constraint threshold,
and empirical collision probability over iterations are plotted on a semi-log graph

where values are averaged from 50 trials. In each trial, empirical collision probability

is obtained using 10,000 tested trajectories and is plotted for every 100 iterations.

on the probability of collision with F = (0, 1], the system takes risks going through

the small gap between two obstacles to reach the goal as fast as possible.

In practice, we are interested in very small collision probability. Thus, we then

set F = (0, 0.0011, which allows for the maximum tolerated collision probability 0.1%.
As above, Figs. 4-1(d)-4-1(f) show the policy, cost value function, constraint value

function after 600 iterations iterations respectively after about 2.8 seconds. From

the plots, under the policy returned by the algorithm, at the initial position, the

computed cost value is about 1 x 106, and the computed collision probability is

0.0003. To achieve this low risk, the system takes a longer route that stays away from

the obstacles. Similarly, Figs. 4-1(g)-4-1(i) present the corresponding plots after 4000

iterations. As we can see, the computed collision probability (0.000938) for the initial

position increases to allow for the smaller cost value (-2.8 x 10-) from the starting

location.

Finally, we tested the empirical collision probability of the returned policies com-

pared to the computed probability value. Figure 4-2(a) shows 10, 000 empirical tra-

jectories for the returned policy in Fig. 4-1(a) when F = (0, 1.0] where the empirical

collision probability is 0.082. Similarly, Fig. 4-2(b) shows 10, 000 empirical trajec-

tories for the returned policy in Fig. 4-1(g) when F = (0, 0.001] with the resulting

empirical collision probability 0.0007. Furthermore, when F = (0,0.001, we compare

empirical collision probabilities and computed collision probability from the initial

position over iterations on a semi-log graph in Fig. 4-2(c). In this plot, values are
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averaged from 50 trials, and in each trial, empirical collision probability is obtained
using 10, 000 tested trajectories. As we can see, the computed collision probability
approximates very well the actual collision probability when we execute the returned

policies. This observation agrees with the probabilistic soundness property of the

algorithm.
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Chapter 5

Martingale Approach for Risk

Management

In this chapter, we consider a class of continuous-time stochastic optimal control
problems with risk constraints that are expressed as bounded probabilities of failure

for particular initial states. For critical applications such as self-driving cars and
robotic surgery, regulatory authorities can impose a threshold of failure probability
during operation of these systems. Finding control policies that fully respect this
type of constraint is important in practice. As opposed to the problem formulation in

Chapter 4, the problem formulation in this chapter does not enforce the probability
constraints for states along the controlled trajectories. Thus, solutions in this chapter

would allow for more aggressive controls. The problem formulation is equivalent to the
chance-constrained optimization problem studied in robotics where the probability of

safely arriving at a goal from an initial state is required to be above a certain threshold.

However, as we discussed in Chapter 1, most previous works in robotics [75,109-113,
116,117,119-121] do not solve the continuous-time problems directly and often modify
the problem formulation. As a result, available methods are either computationally
intractable or only able to provide approximate but time-inconsistent solutions.

We present here a martingale approach to solve these problems such that ob-

tained control policies are time-consistent with the initial failure-probability thresh-

old. The martingale approach enables us to transform a risk-constrained problem

into a stochastic target problem. The martingale represents the consistent variation

of risk tolerance that is contingent on available information over time. By sampling

in the augmented state space and computing proper boundary values of the reformu-

lated problem, we extend the iMDP algorithm to compute anytime solutions after

a small number of iterations. When more computing time is allowed, the proposed

algorithm refines the solution quality in an efficient manner. The returned solutions

are both probabilistically-sound and asymptotically-optimal.

Compared to available approaches in robotics, the martingale approach fully re-

spects the considered risk constraints for systems with continuous-time dynamics in

a time-consistent manner. In addition, the presented algorithm in this chapter con-

structs incremental solutions without directly deriving the associated HJB equations.

In the following, we provide a formal problem definition and discuss the martingale

95



approach that enables the key transformation. Subsequently, the extended iMDP
algorithm, the analysis of the algorithm, and examples on motion planning and control
problems are presented.'

5.1 Problem Formulation

The notations used to describe the system dynamics and the resulting optimization
problem in this chapter follow closely to their counterparts in Chapters 3 and 4. How-
ever, as we will see that optimal policies are randomized policies depending on extra
random variables, we need to consider a broader class of admissible policies compared
to the previous chapters. Thus, we modify our notations slightly to accommodate
this purpose. In the following presentation, we will highlight these modifications when
necessary.

We consider a system with the same dynamics in Eq. (3.1):

dx(t) = f (x(t), u(t)) dt + F(x(t), u(t)) dw(t), Vt > 0. (5.1)

We recall that w(.) is an Rdw Brownian motion on a probability space (Q, F, P), and
the control process u(-) is admissible with respect to w(.). Let U be the set of all
such control processes.

We define the first exit time Tu,, : U x S -* [0, +o ] under a control process
u(-) E U starting from x(0) = z E S as

Ts,2 = inf {t : X(0) = z, X(t) S" , and Eq.(3.1)}. (5.2)

The expected cost-to-go function under a control process u(.) is a mapping from S
to R defined as

J (z) = E [ o g (x(t), u(t)) dt + aTu h(x(Tu,z)) I x(0) = z , (5.3)

where the cost rate function g : S x U -> R and the terminal cost function h : S -* R
satisfy the same regularity conditions as presented in previous chapters. We remark
that the notations Tu,2 and Js(z) signify the dependence on a control process u(.) in
U rather than a Markov policy as used in the previous chapters.

Let F c OS be a set of failure states, and 7 E [0, 1] be a threshold for risk tolerance
given as a parameter. We consider a risk constraint that is specified for an initial
state x(0) = z under a control process u(.) as follows:

PO&(X(TU,Z) E F) < r,

where PF denotes the conditional probability at time t given x(t) = z. That is,
controls that drive the system from time 0 until the first exit time must be consistent
with the choice of 71 and the initial state z at time 0. Intuitively, the constraint

'Results in this chapter have been partially published in [145].
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enforces that starting from a given state z at time t = 0, if we execute a control

process u(.) for N times, when N is very large, there are at most Ntr executions

resulting in failure. Control processes u(-) that satisfy this constraint are called

time-consistent. To have time-consistent control processes, the risk tolerance along

controlled trajectories must vary consistently with the initial choice of risk tolerance

r/ based on available information over time.

Let R be the extended real number set. The optimal cost-to-go function J* : S -

R is defined as follows:

OPT3 : (z; TI) = inf J(z) (5.4)
U

s/t Pz(x(Tu,2) E F) < rl and Eq. (5.1). (5.5)

In the above notations, the semicolon in J*(z; rq) indicates that rl is a parameter. A

control process u*(.) is called optimal if J.-(z) = J*(z; r/). For any e > 0, a control

process u(.) is called an E-optimal policy if IJu(z) - J*(z; rj)l < E. We note that

compared to the previous chapters, we consider a larger set of control processes than

the set of Markov control processes here. We will restrict again to Markov control

processes in the reformulated problem in Section 5.2.

In this chapter, we consider the problem of computing the optimal cost-to-go

function J* and an optimal control process u* if obtainable for the problem OPT3.

We present here a martingale approach to handle the probability constraint and

an extended iMDP algorithm that constructs approximate cost-to-go functions and

policies that are both probabilistically-sound and asymptotically-optimal.

5.2 Martingale approach

We now discuss the martingale approach that transforms the risk-constrained problem

into an equivalent stochastic target problem. The following lemma to diffuse risk

constraints is a key tool for our transformation.

5.2.1 Diffusing risk constraints

Lemma 5.2.1 (see [24,25]) From x(0) = z, a control process u(.) is feasible if

and only if there exists an adapted square-integrable (but possibly unbounded) process

c(.) c Rd-, and a martingale q(.) satisfying:

1. q(0) = r, and dq(t) = cT(t)dw(t),

2. For all t, q(t) c [0, 1] a.s.,

3. 1r-(x(T,2)) < q(T.,2) a.s,

where 11(x) = 1 if and only if x C F and 0 otherwise. The martingale q(t) stands for

the level of risk tolerance at time t. We call c(.) a martingale control process.
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Proof Assuming that there exists c(.) and q(-) as above, due to the martingale prop-
erty of q(-), we have:

Po(x(Tuz) E F) = E [1r (x(Tu,z))IFo]

< E [q(Tu,z)|Fo] = q(0) = 7.

Thus, u(.) is feasible.
Now, let u(.) be a feasible control policy. Set jo = POz(x(Tu,,) C F). We note that

r1o < r. We define the martingale

q(t) = E[1(X(TU,2))1Tt.

Since 7(Tu,2) E [0, 1], we infer that q(t) E [0, 1] almost surely. We now set

M(t) q(t) + (I - Io),

then (t) is a martingale with (0) = (0) + (rj - ro) = 7o + (ri - 71o) = r and ^(t) > 0
almost surely.

Now, we define T= inf{t C [0, Tu,z] I q(t) > 1}, which is a stopping time. Thus,

q(t) = (t)lt<T + 1
t>T,

as a stopped process of the martingale f(t) at T, is again a martingale with values in
[0,1] a.s.

If T< Tu,2, we have
1r(x(Tu,z)) < 1 = q(T,z),

and ifr= Tuz, we have

q(Tu,z) = E[1r(x(Tu,z))FT. z] + (rv - r/o)

= 1 (X(TU,Z)) + (rI - rio) ;> 1 (X(TU,Z)).

Hence, q(-) also satisfies that 1r(x(T,z)) < q(Tuz).

The control process c(-) exists due to the martingale representation theorem (see
Theorem 2.2.5), which yields dq(t) = cT(t)dw(t). We however note that c(t) is possi-
bly unbounded. We also emphasize that the risk tolerance r becomes the initial value
of the martingale q(.). *

5.2.2 Stochastic target problem

Using the above lemma, we augment the original system dynamics with the martingale
q(t) into the following form:

d [X(t)] = E (X(t), u (t)) dt + [F(x (t),u(t)) dw(t), (5.6)
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where (u(-), c(.)) is the control process of the above dynamics. The initial value of
the new state is (x(O), q(O)) = (z,rj). We will refer to the augmented state space

S x [0,1] as S and the augmented control space U x Rd- as U. We also refer to the
nominal dynamics and dispersion matrix of Eq. (5.6) as f(x, q, u, c) and F(x, q, u, c)
respectively.

It is well-known that in the following reformulated problem, optimal control pro-

cesses are Markov controls [24, 25,129]. Thus, let us now focus on the set of Markov

controls that depend only on the current state, i.e., (u(t), c(t)) is a function only of

(x(t), q(t)), for all t > 0. A function p :S - U represents a Markov or feedback

control policy from states in the augmented state space 3, which is known to be ad-

missible with respect to the process noise w(.). Let T be the set of all such policies

o. Let p : 9 - U and K : R d-, so that o = (P, K). We rename Tu, to T,, for

the sake of notation clarity. Using these notations, p(, 1) is thus a Markov control

policy for the unconstrained problem, i.e. the problem without the risk constraint,
that maps from S to U. Henceforth, we will use p(-) to refer to p(-, 1) when it is clear

from the context. Let 11 be the set of all such Markov control policies p(-) on S.

Now, let us rewrite the cost-to-go function J,(z) in Eq. (5.3) for the threshold r

at time 0 in a new form:

J (z, r) = E f , P g (x(t), p(x(t), q(t))) dt + zh(x (T ,)) (x, q)(0) = I(z, r) . (5.7)

We therefore transform the risk-constrained problem in Eqs. (5.4)-(5.5) into a stochas-

tic target problem as follows:

OPT4: J*(z, r)= inf J,(z, r) (5.8)

s/t 1r(x(T,z)) < q(T ,) a.s. and Eq. (5.6). (5.9)

We note that the comma in J*(z, r) signifies that r is now a state component rather

than a parameter, and we can recognize that J*(z, ri) is equal to J*(z; rj) in OPT3.

The constraint in the above formulation specifies the relationship of random variables

at the terminal time as a target set, and hence the name of this formulation [24,25]2.

In this formulation, we solve for feedback control policies o for all (z, r) E S instead

of a particular choice of q for x(0) = z at time t = 0.

We note that in this formulation, boundary conditions are not fully specified

a priori. In the following subsection, we discuss how to remove the constraint in

Eq. (5.9) by constructing its boundary and computing the boundary values.

2 In [24,25], the authors use the name "stochastic target problems" to refer to feasibility problems

without objective functions. With slight abuse of terminology, we use the same name for problems

with objective functions.
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5.2.3 Characterization and boundary conditions

The domain of OPT4 is:

D = {(z, TI) c S I p E IF s/t 1r(x(Te,z)) < q(Twz) a.s.}.

By the definition of the risk-constrained problem OPT3, we can see that if (z, 77) E D
then (z, y') E D for any T, < y' < 1. Thus, for each z E S, we define

S(z) = inf { E [0, 1] 1 (z, y) E D}, (5.10)

as the infimum of risk tolerance at z. Therefore, we also have:

iy(z) = Po(x(Tu,z) E F) = inf E,)) (511)m Uz) UE [1r(X(T-') (5.11)=

Thus, the boundary of D is

OD = S x {1} U {(z, -y(z)) I z c S} U {(z, 7I) I z E dS, T c [-y(z), 1]}. (5.12)

For states in {(z, 77) | z E OS, 7 E [y(z), 1]}, the system stops on OS and takes terminal
values according to h(.).

The domain D is illustrated in Fig. 5-1. In this example, the state space S is a
bounded two-dimensional area with boundary OS containing a goal region G and an
obstacle region F = Obs. The augmented state space S augments S with an extra
dimension for the martingale state q. The infimum probability of reaching into F
from states in S is depicted as -y. As we can see, -y takes value 1 in F. The volume
between y and the hyper-plane q = 1 is the domain D of OPT4.

Now, let 7 = 1, we notice that J*(z, 1) is the optimal cost-to-go from z for the
stochastic optimal problem without the risk constraint:

J*(z, 1) = inf Ju(z). (5.13)uGu

As seen in Chapter 3, an optimal control process that solves the optimization problem
in Eq. (5.13) is given by a Markov policy p*(-, 1) E 1I. We now define the failure
probability function T : S -+ [0, 1] under such an optimal policy *(., 1) as follows:

T(z) = 1r(x(T,,.)), Vz c S, (5.14)

where T,z, is the first exit time when the system follows the control policy [j*(-, 1)
from the initial state z. By the definitions of 7 and T, we can recognize that T(z) >
7(z) for all z E S. Figure 5-2 shows an illustration of T for the same example in
Fig. 5-1.

Since following the policy p*(., 1) from an initial state z yields a failure probability
T(z), we infer that:

J*(z, 1) = J*(z, T (z)). (5.15)
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D-.

Figure 5-1: A domain of OPT4. The state space S is a bounded two-dimensional
area with boundary OS containing a goal region G and an obstacle region F = Obs.
The augmented state space S augments S with an extra dimension for the martingale
state q. The infimum probability of reaching into F from states in S is depicted as -y.
-y takes value 1 in F. The volume between -' and the hyper-plane q = 1 is the domain
D of OPT4.

From the definition of the problem OPT3, we also have:

0 < 'q < q' < 1 - J*(z, T) > J*(z, 7'). (5.16)

Thus, for any T(z) < i < 1, we have:

J*(z, 1) < J*(z, T) < J*(z, T(z)). (5.17)

Combining Eq. (5.15) and Eq. (5.17), we have:

V y E [T(z), 1] > J*(z, r) = J*(z, 1). (5.18)

As a consequence, when we start from an initial state z with a risk threshold r that is
at least T(z), it is optimal to execute an optimal control policy of the corresponding
unconstrained problem from the initial state z.

It also follows from Eq. (5.16) that reducing the risk tolerance from 1.0 along
the controlled process can not reduce the optimal cost-to-go function evaluated at
(x(t), q(t) = 1.0). Thus, we infer that for augmented states (x(t), q(t)) where q(t)
1.0, the optimal martingale control c*(t) is 0.
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Figure 5-2: Illustration of the failure probability function T due to an optimal control
policy p*(., 1) of the unconstrained problem. Continuing from the example in Fig. 5-
1, we plot T for the same two-dimensional example. By the definitions of 'y and T,
we have T > -y.

Now, under all admissible policies o, we can not obtain a failure probability for
an initial state z that are lower than -y(z). Thus, it is clear that J*(z, 77) = +00 for

all 0 < rj < y(z). The following lemma characterizes the optimal martingale control
c*(t) for augmented states (x(t), q(t) = -(x(t))).

Lemma 5.2.2 Given the problem definition as in Eqs. (5.4)-(5.5). We assume that
-y(x) is a smooth function3 . When q(t) - y(x(t)) and u(t) is chosen, we must have:

T
c(t)T - F(x(t), u(t)). (5.19)

Ox(t)

Proof Using the geometric dynamic programming principle (Theorem 2.2.13), we
have the following result: starting from q(t) = y(x(t)), for all stopping time T > t, a
feasible control policy o E T satisfies

q(T) ;> Y(x(r))

almost surely.

3 When -y(x) is not smooth, we need the concept of viscosity solutions and weak dynamic pro-
gramming principle. See [24,25] for details.
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Take T = t+, under a feasible control policy o, we have q(t+) > -'(x(t+)) a.s. for

all t, and hence dq(t) ;> dy(x(t)) a.s. By It6 lemma (see Section 2.2.1), we derive the
following relationship:

cT (t) dw(t) ;> 0 'f (x(t), u(t))dt + F(x(t), u(t))dw(t)
Ox\

+ Tr(F(x(t), u(t))F(x(t), u(t))T dt a.s.

For the above inequality to hold almost surely, the coefficient of dw(t) must be 0, i.e.:

c(t)T - &) F(x (t), u(t)) = 0.
Ox(t )

This leads to Eq. (5.19). *

In addition, if a control process that solves Eq. (5.11) is obtainable, say u-, the cost-to-

go due to that control process is J, (z). We will conveniently refer to J,, (z) as J(z).

Under the mild assumption that u, is unique, it follows that J(z) = J*(z, -y(z)).

We also emphasize that when (x(t), q(t)) is inside the interior D' of D, the usual

dynamic programming principle holds. The extension of iMDP outlined below is

designed to compute the sequence of approximate cost-to-go values on the boundary

OD and in the interior Do.

5.3 Algorithm

The following discussion follows closely the presentation in Chapters 3 and 4. Nev-

ertheless, we will work with both the original state space S and the augmented state

space S. Thus, we will repeat the description in detail for the sake of clarity.

In particular, we briefly overview how the Markov chain approximation technique

is used in both the original and augmented state spaces. We then present the extended

iMDP algorithm that incrementally constructs the boundary values and computes

solutions to our problem. We sample in the original state space S to compute J*(-, 1)

and its induced collision probability T(-) as in Eq. (5.14), the mii-failure probability

-) as in Eq. (5.11) and its induced cost-to-go JY(.). Concurrently, we also sample

in the augmented state space S with appropriate values for samples on the boundary

of D and approximate the optimal cost-to-go function J*(., -) in the interior D". As a

result, we construct a sequence of anytime control policies to approximate an optimal

control policy p* = ([I*, k*) in an efficient iterative procedure.

5.3.1 Markov chain approximation

On the state space S, we want to approximate J*(z, 1), T(z), -'(z) and J(z) for

any state z E S, and it suffices to consider Markov controls as shown in [137,138].
The Markov chain approximation method approximates the continuous dynamics in
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Eq. (5.1) using a sequence of MDPs {Mn = (Sn, U, Pn, G, Hn)} o and a sequence
of holding times {Atn} 0O that are locally consistent as presented in Chapter 3. In
particular, we construct Gn(z, v) = g(z, v)Atn(z), and Hn(z) = h(z) for each z c Sn
and v E U. We also require:

" For all z S, lim-oc Atn(z) = 0,

" For all z E S and all v c U:

Epn ['gn I = Z' Un = V]lim - f (z,v),n4oo Atn (Z)
CoVe, [A(n I ? = Z, Un = V]lim = V F(z, v)F(z, v)T.

n-oO Atn (Z)

We recall that in the Markov chain approximation approach, we solve a sequence
of control problems defined on {Mn}L 0 as follows. A Markov or feedback policy pn
is a function that maps each state z E Sn to a control pn(Z) E U. The set of all such
policies is In. We define tn = 71 Atn( n) for i > 1 and t" = 0. Given a policy
Pn that approximates a Markov control process u(.) in Eq. (5.3), the corresponding
cost-to-go due to pI on Mn is:

In-1

Jn,,,(z) = Ep. at Gn( 2 Pn(() + In. HX, x(0)=z,

where {(7; i E N} is the sequence of states of the controlled Markov chain under the
policy Pn, and In is the termination time defined as In = min{i : n E &Sn} where
&Sn = OS n Sn.

The optimal cost-to-go function J*(.. 1) : Sn -± R that approximates the uncon-
strained optimal cost-to-go function J*(., 1) is denoted as

J*(z, 1) inf Jnt, (z) Vz E Sn. (5.20)
npnEHn

An optimal policy for the unconstrained problem in Eq. (5.20), denoted by P*, satisfies
Jn,/,(z) = J*(z, 1) for all z E Sn. For any E > 0, jn is an c-optimal policy if

|.,()- J*(-, 1)|c <; e. We also define the failure probability function Tn : Sn +

[0, 1] due to an optimal policy p* as follows:

Tn(z) = Ep, [1i( ") x(0) = z ; [* ] Vz C Sn, (5.21)

where we denote P* after the semicolon (as a parameter) to emphasize the dependence
of the Markov chain on this control policy.

In addition, the min-failure probability -y on Mn that approximates -y is defined
as:

7yn(z) = inf Ep"" [1i(") x(0) = z] Vz C Sn. (5.22)
YnE n I
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We note that the optimization programs in Eq. (5.20) and Eq. (5.22) may have two

different optimal feedback control policies. Let v, E H1, be a control policy on Mn

that achieves -y, then the cost-to-go function due to V" is J,,, which approximates

,P. For this reason, we conveniently refer to J,,, as JY.

Similarly, in the augmented state space S, we use a sequence of MDPs {M =

(Sn, U, PT, G, Hn)}=0 and a sequence of holding times {Ats}" 0 that are locally

consistent with the augmented dynamics in Eq. (5.6). In particular, Sn is a random

subset of D C S, G% is identical to Gn, and H(z, rj) is equal to Hn(z) if rI E

[7n(z), 1] and +oo otherwise. Similar to the construction of P, and Atn, we also

construct the transition probabilities PT, on A1n and holding time Atn that satisfy the

local consistency conditions for nominal dynamics f(X, q, u, c) and dispersion matrix

F(x, q, a, c).
A trajectory on M, is denoted as { ; i E N} where i E S,. A Markov policy

Pr is a function that maps each state (z, 'r) c S, to a control (p-4(Z, rI/), Kn (z, rI)) E U.
Moreover, admissible Kn at (z, 1) E 3, is 0 and at (z, -yn (z)) E S9, is a function of

(z, Th,(z)) as shown in Eq. (5.19). Admissible /n for other states in Sri is such that the

martingale-component process of {{ ; I E N} belongs to [0,1] almost surely. Using the

fact that Brownian motions can approximated as random walks, from Lemma 5.2.1,
we can show that equivalently, each control component of Kn (z, r/) belongs to

min(rl, 1 - q) min(rl, I (5.23)

'Atnd, Atsdw

The set of all such policies on is xP.

Under a control policy p, the cost-to-go function on AI that approximates the

function in Eq. (5.7) is defined as:

i-1
Ja,, (z, ra = En a% (i ,-I ps()) +c 1,a Hn( ) ( = (z, r/) ,

i=0

where < n( r ) for i > 1 with t" = 0, and 'n is index when the x-component

of ( first arrives at OS. The approximating optimal cost J* : Sr -+ IR for J* in

Eq. (5.8) is:

J*(z,rI) irif J",, (z,rI) V(z, rI) E Sr. (5.24)

To solve the above optimization, we compute approximate boundary values for states

on the boundary of D using the sequence of MDP {M },n 0 on S as discussed above.

For states (z, rj) E 3n n Do, the normal dynamic programming principle holds.

The extension of iMDP outlined below is designed to compute the sequence of op-

timal cost-to-go functions {J*} 0 , associated failure probability functions {Tr} ,

min-failure probability functions {} _O, min-failure cost functions {J} 0 , and the

sequence of anytime control policies {p/} O and {K}' in an incremental proce-

dure.
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5.3.2 Extended iMDP algorithm

Before presenting the details of the algorithm, we discuss a number of primitive
procedures.

Sampling

The Sarnple(X) procedure sample states independently and uniformly in X.

Nearest Neighbors

Given ( C X C Rdx and a set Y C X, for any k C N, the procedure Nearest((, Y, k)
returns the k nearest states (' E Y that are closest to ( in terms of the dx-dimensional
Euclidean norm.

Time Intervals

Given a state ( C X and a number k E N, the procedure ComputeHoldingTime((, k, d)
returns a holding time computed as follows:

ComputeHoldingTime((, k, d) = (tlogk §p/d
(k)

where Xt > 0 is a constant, and s, 0 are constants in (0, 1) and (0, 1] respectively.

Transition Probabilities

We are given a state ( C X, a subset Y C X, a control v in some control set V,
a positive number T describing a holding time, k is a nominal dynamics, K is a
dispersion matrix. The procedure ComputeTranProb((, v, T, Y, k, K) returns:

i. A finite set Znear C X of states such that the state (+ k((, v)T belongs to the
convex hull of Znear and IIz' - z 2 O(T) for all (' ( E Znear and

ii. A function P that maps Znear to a non-negative real numbers such that P(.) is
a probability distribution over the support Znear.

As done in the previous chapters, these transition probabilities are designed to pro-
vide a sequence of locally consistent Markov chains that approximate the nominal
dynamics k and the dispersion matrix K.

Backward Extension

Given T > 0 and two states z, z' C S, the procedure ExtBackwardsS(z, z', T) returns
a triple (x, v, r) such that (i) ±(t) f(x(t), u(t))dt and u(t) = v C U for all t C [0, T],
(ii) T < T, (iii) x(t) C S for all t C [0, T], (iv) X(T) = z, and (v) x(O) is close to z'.
If no such trajectory exists, the procedure returns failure. We can solve for the triple
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(x, v, T) by sampling several. controls v and choose the control resulting in x(0) that
is closest to z'.

When (z,r/), (z',Vr') are in 5, the procedure ExtBackwardsSM((zr/), (z', r/'), T) re-

turns (x, q, v, T) in which (X, v, T) is the output of ExtBackwardsS(z, z', T) and q is

sampled according to a Gaussian distribution N(rj', 9q) where Uq is a parameter.

Sampling and Discovering Controls

For z E S and Y C S, the procedure ConstructControlsS(k, z, Y, T) returns a set of

k controls in U. We can uniformly sample k controls in U. Alternatively, for each state

z' C Nearest(z, Y, k), we solve for a control v C U such that (i) 1(t) = f(x(t), u(t))dt

and u(t) = v E U for all t E [0, T], (ii) x(t) E S for all t E [0, T], (iii) x(0) = z and
x(T) = z'.

For (z, I) e S and Y C 5, the procedure ConstructControlsSM(k, (z, ri), Y, T)

returns a set of k controls in U such that the U-component of these controls are com-

puted as in ConstructControlsS, and the martingale-control-components of these

controls are sampled in admissible sets.

Algorithm Description

The extended iMDP algorithm is presented in Algorithms 7-11. The algorithm incre-

mentally refines two MDP sequences, namely {M}__O and {M }e0 , and two hold-

ing time sequences, namely {Atn} 0 and {At} 0 , that consistently approximate

the original system in Eq. (5.1) and the augmented system in Eq. (5.6) respectively.

We associate with z E S. a cost value J,(z, 1), a control pw(z, 1), a failure probability

T,(z) due to Pn(-, 1), a min-failure probability Y(z), a cost-to-go value J-(z) induced

by the obtained min-failure policy. Similarly, we associate with f E 3, a cost value

J,(Z), a control (p,(2), K(z)).
As shown in Algorithm 7, initially, empty MDP models M 0 and M 0 are cre-

ated. The algorithm then executes N iterations in which it samples states on the

pre-specified part of the boundary OD, constructs the un-specified part of OD and
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Algorithm 7: Risk Constrained iMDP()

1 (SO, SO, JO f 0 1 uo , Ato, Ato) *- (0, 0, 0, 0, 0, 0, 0, 0, 0, 0);
2 for n 1 -+ N do
3 UpdateDataStorage(n - 1, n)

4 SampleOnBoundary(n);

// K1,, > 1 rounds to construct boundary conditions

5 for i = 1 - K1 ,n do

L ConstructBoundary(Snn, Jn, t7, Tn, J2, a/l, At) ;

// K 2 ,n > 0 rounds to process the interior region

7 for i = 1 - K 2,n do

8 ProcessInterior(Sn, 5 n, Jn, Yn, T, Jn, p, Kn, Atn);



Algorithm 8: ConstructBoundary(S", S4, Jn, vny, T, J, p/1, A tn)

1 z, +- Sample(S) ;
2 znear <- Nearest(zS, Sn, 1)
3 if (xe, e, r) +- ExtBackwardsS(znear, z,, To) then
4 Ze +- e(0);

5 ic T g(ze, ue) + a J(znear,1);

6 iC-' Tg(ze, Ue) + aTJn(znear);

7 (Sn, 4n, Jn(ze, 1), 'yn(Ze), Tn(Ze), Jn(Ze), Pn(ze, 1), At,(Ze)) <

(Sn Uf {Ze} Sn U {(Ze,1 1)}1, ic, _ n(Znea,), 7Tn(znear),1Z I7 Ue, );

// Perform L_ > 1 updates
8 for i= 1 -+ L. do

// Choose /C, = e(JSaJ) < |SnJ states
9 Zupdate +- Nearest(ze, Sn\&Sn, /Cn) U {Ze};

10 for z c Zupdate do

11 L UpdateS(z, Sn, Jn, yn, Tn, Ji, pl, Atn)

processes the interior of D. More specifically, at Line 3, UpdateDataStorage(n-1, n)
indicates that refined models in the nth iteration are constructed from models in the

(n - I)th iteration, which can be implemented by simply sharing memory among iter-
ations. Using rejection sampling, the procedure SamplefnBoundary at Line 4 sample
states in OS and OS x [0, 1] to add to S, and S respectively. We also initialize
appropriate cost values for these sampled states.

We conduct K, rounds to refine the MDP sequence {M,}% as done in the
original iMDP algorithm using the procedure ConstructBoundary (Line 6). Thus, we
can compute the cost function Jn and the associated failure probability function Tn on
Sn x { 1}. In the same procedure, we compute the min-failure probability function 7, as
well as the min-failure cost function J- on Sn. In other words, the algorithm effectively
constructs approximate boundaries for D and approximate cost-to-go functions J" on
these approximate boundaries over iterations. To compute cost values for the interior
Do of D, we conduct K 2,n rounds of the procedure ProcessInterior (Line 8) that
similarly refines the MDP sequence {M}, o in the augmented state space. We can
choose the values of K 1 ,n and K 2 ,, so that we perform a large number of iterations to
obtain stable boundary values before processing the interior domain when n is small.
In the following discussion, we will present in detail the implementations of these
procedures.

In Algorithm 8, we show the implementation of the procedure ConstructBoundary.
We construct a finer MDP model Mn based on the previous model as follows. A state
zS, is sampled from the interior of the state space S (Line 1). The nearest state Znear
to zS (Line 2) in the previous model is used to construct an extended state ze by
using the procedure ExtendBackwardsS at Line 3. The extended states ze and (ze, 1)
are added into S, and S respectively. The associated cost value Jn(ze, 1), failure
probability Tn(Ze), min-failure probability y,(Ze), min-failure cost value J,'(Ze) and
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Algorithm 9: ProcessInterior(S., S, J, , ', T,, J', pa r, Atin)

1 I (z., q.) <- Sample(S);

2 Z?'rear = (Znear, qncr) <- Nearest ( Sr, 1);
3 if (xe, qe, ue, ) +- ExtBackwardsSM(near, Z,, To) then
4 Ze +- (xc(0), qe);
5 if q, < -yn(Znear) then

// C takes a large value

6 (Sn, Jn(fe), it(fe), In (ze), Atn(ze)) + (Sr U {Ze}, C, U12, 0, T)

7 else
8 WC = Tg(Z, Ue) + O'TJ (finear)

9 (Sn, Jn(_e), In(fe), In(fe), Atn(f e)) < (Srn U { C, U, 0,)

// Perform n > 1 updates

10 for i = 1 - Lin do

/Choose KC, = (5, ) < S3,n states

11 Zupdate <- Nearest(Ze, 3n\ , ICTI) U {te};

12 for -= (z, q) E Zupdate do
13 K UpdateSM(j, 9,, Jn, ya, Tn, J7j, In, hn, Atn);

control Pn(Ze) are initialized at Line 7.

We then perform L_ > 1 updating rounds in each iteration (Lines 8-11). In

particular, we construct the update-set Zupdate consisting of K, = O(jSn,) states

and Ze where IKri < jSnr. For each state z in Zupdate, the procedure UpdateS as

shown in Algorithm 10 implements the following Bellman update:

Jri(z, 1) = min {Gn(z, v) + a A(>E [Jri (y) z, v]}.

The details of the implementation are as follows. A set of Un controls is constructed

using the procedure ConstructControlsS where |Unj = 0(log(IS 1)) at Line 2. For

each v E Un, we construct the support Zinear and compute the transition probability

P( I z, v) consistently over Ziiear from the procedure ComputeTranProb (Line 4). The

cost values for the state z and controls in Un are computed at Lines 5. We finally

choose the best control in Un that yields the smallest updated cost value (Line 7).

Correspondingly, we improve the min-failure probability -yn and its induced min-

failure cost value Jf in Lines 9-12.

Similarly, in Algorithm 9, we carry out the sampling and extending process in

the augmented state space S to refine the MDP sequence Mn (Lines 1-3). In this

procedure, if an extended node has a martingale state that is below the corresponding

min-failure probability, we initialize the cost value for extended node with a very large

constant C representing +oo (see Lines 5-6). Otherwise, we initialize the extended

node as seen in Lines 8-9. We then execute Ln rounds (Lines 10-13) to update the
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Algorithm 10: Updates(z, Sn, Jn, 7n, T , JT, , -tn )

1 T +- ComputeHoldingTime(z, JSnj, d,);

// Sample or discover Mn = E(log(ISnl)) controls
2 Un <- ConstructControlsS(Mn, z, Sn, 7);

3 for v C Un do
4 (Znear, Pn) <- ComputeTranProb(zv, T, Sn, f, F);

// Update cost

5 J <- Tg(z, v) + PT EIzn Pn(y)Jn(y, 1);
6 if J < Jn(z, 1) then

7 P <- EYZner Pn(y)Tn(y);

8 (Jn(Z, 1), Tn(Z), Pn(Z, 1), Atn(Z)) < (J, p, V, T);

// Update min-failure probability

9 b '- ZYEZnear Pn(y)Yn(y)I
10 if b < yn(Z) then

11 J <- Tg(z, v) + aT  ZZ P)(Y);

12 _(-yn(z), Jn-(z)) <- (b, J);

cost-to-go Jn for states in the interior D" of D using the procedure UpdateSM as
shown in Algorithm 11. When a state - E n, is updated in UpdateSM, we perform
the following Bellman update:

J()= m {G(z, v) + a t(z)En [Jn 1 (-) , (v, c)]},
(V,c)EUn(z)

where the control set Un is constructed by the procedure ConstructControlsSM, and
the transition probability Pn(- |, (v, c)) consistently approximates the augmented dy-
namics in Eq. (5.6). To implement the above Bellman update at Line 5 in Algo-
rithm 11, we make use of the characteristics presented in Section 5.2.3 where the
notation 1 A is 1 if the event A occurs and 0 otherwise. That is, when the martingale
state s of a state Y = (y, s) in the support Znear is at least Tn(y), we substitute J,(y)
with J,(y, 1). Similarly, when the martingale state s is equal to -yn(y), we substitute

Jn(Q) with Jn'(y).

Feedback control

At the nth iteration, given a state x E S and a martingale component q, to find a
policy control (v, c), we perform a Bellman update based on the approximated cost-
to-go Jn for the augmented state (i, q). During the holding time Atn, the original
system takes the control v and evolves in the original state space S while we simulate
the dynamics of the martingale component under the martingale control c. After this
holding time period, the augmented system has a new state (X', q'), and we repeat
the above process.
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Algorithm 11: UpdateSM(f = (z, q), S, J,, J1 , Tr , P , I , A0 , t1 )

1 T <- ComputeHoldingTime(S, d, + 1);

// Sample or discover Mn,, =e(log(JSn, )) controls

2 U, +- ConstructControlsSM(M., , S1 , T);

3 for - = (v, c) E U., do

4 (Znear, Pn) +- ComputeTranProb(, 7, T, Sn, f, F);

5 J +- Tg(Z, v) + T Z-(y,s P(7) [1s=(y,(y)Jr (Y) + 1y(y)<s<T(y)J'nQ(7) +

1s;>T,,(Y) n (Yi 1)1
// Improved cost

6 if J < J,(f) then

7 (Jn(), Pn(f), rn (ft), Anj) <- (J, V, c, T);

Figure 5-3 visualizes how feedback policies look in the original and augmented

state spaces. In the augmented state space 3, a feedback control policy is a deter-

ministic Markov policy as a function of an augmented state (x, q). As the system

actually evolves in the original state space S, and the martingale state q can be seen

as a random parameter at each state x, the feedback control policy is a randomized

policy.

Using the characteristics presented in Section 5.2.3, we infer that when a certain

condition meets, the system can start following a deterministic control policy. More

precisely, we recall that for all r7 E [T(z), 1], we have J*(z, r) = J*(z, 1). Thus,
starting from any augmented state (z, r) where r > T(z), we can solve the problem

as if the failure probability were 1.0 and use optimal control policies of the uncon-

strained problem from the state z. We illustrate this idea in Fig. 5-4. As we can see,
when the martingale state along the trajectory is at least the corresponding value

provided by T, the system starts following a deterministic control policy pi(-, 1) of

the unconstrained problem.

Algorithm 12 implements the above feedback policy. As shown in this algorithm,
Line 3 returns a deterministic policy of the unconstrained problem if the martingale

state is large enough, and Lines 5-13 perform a Bellman update to find the best

augmented control if otherwise. When the system starts using deterministic policies

of the unconstrained problem, we can set the martingale state to 1.0 and set the

optimal martingale control to 0 in the following control period.

Complexity

Similar to the original iMDP version in Chapter 3, the time complexity per iteration of

the implementation in Algorithms 7-11 is O(1 10 (log 1 )2). The space complexity

of the iMDP algorithm is O(IS, ) where JSnJ = O(n) due to our sampling strategy.
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Figure 5-3: A feedback-controlled trajectory of OPT3. In the augmented state space
5, a feedback control policy is a deterministic Markov policy as a function of an
augmented state (x, q). As the system actually evolves in the original state space S,
and the martingale state q can be seen as a random parameter at each state x, the
feedback control policy is a randomized policy.

5.4 Analysis

Previous results in Chapter 3 show that Jn,(., 1) returned from the iMDP algorithm
converges uniformly to J* (. 1) in probability. That is, we are able to compute J* (-, 1)
in an incremental manner without directly computing J*(-, 1). As a consequence, it
follows that T, converges to T uniformly in probability. Using the same proof, we
conclude that ,(-) and J,(-) converges uniformly to -y(-) and J* (., -Y) in probability
respectively. Therefore, we have incrementally constructed the boundary values on
OD of the equivalent stochastic target problem presented in Eqs. (5.8)-(5.9). These
results are established based on the approximation of the dynamics in Eq. (3.1) using
the MDP sequence {Mn}%O.

Similarly, the uniform convergence of Jn(-,-) to J*(-,-) in probability on the inte-
rior of D is followed from the approximation of the dynamics in Eq. (5.6) using the
MDP sequence {Mn}L _. In the following theorem, we formally summarize the key
convergence results of the extended iMDP algorithm.

Theorem 5.4.1 Let Mn
S and S respectively, and
extended iMDP algorithm

and Mn be two MDPs with discrete states constructed in
let Jn : Sn --+ R be the cost-to-go function returned by the
at the nth iteration. Let us define ||b||x = supzcx b(z) as
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Figure 5-4: A modified
illustration in Fig. 5-3.
the corresponding value
control policy pt(-,1) of

feedback-controlled trajectory of OPT3. We continue the
When the martingale state along the trajectory is at least
provided by T, the system starts following a deterministic
the unconstrained problem.

the sup-norm over a set X of a function b with a domain containing X.
following random variables converge in probability:

We have the

1. plimr_ J,-(. 1) - J*(, 1)|s, = 0,

2. plim,_2 Tc - T IS, = 0,

3. plimn-,_,'y - y = 0,

4. plimn, Jn - J-'Is, = 0,

5. plimnjoJn - J* 0.

The first four events construct the boundary values on OD in probability, which leads

to the probabilistically sound property of the extended iMDP algorithm. The last event

asserts the asymptotically optimal property through the convergence of the approximat-

ing cost-to-go function J, to the optimal cost-to-go function J* on the augmented state

space S.
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Algorithm 12: Risk Constrained Policy(f = (z, q) E S, n)

1 znearest <- Nearest(z, Sn, 1);
2 if q ;> yn(Znearest) then

// Switch to a deterministic control policy

3 return (p()= (PIn(Znearest), 0), Atn(Znearest))
4 else

// Perform a Bellman update to select a control

5 (JminV min, Cmin) <- (+oo, 0, 0) ;
6 T <- ComputeHoldingTime(f, gSn1, d, + 1);

// Sample or discover Mn = (log(jSnj)) controls

7 Un <- ConstructControlsSM(M , f, Sn7);

8 for i=(v, c) E Un do
9 (Znear Pn) <- ComputeTranProb(-, T, T, S2, f, F);

10 J <- Tg(Z, v) + a7 Z(YS)G~near Pn(y) [1=Y(9)J(y) +

1-y, (y)<,,(y) Jn(y)+1S;>-n(Y) Jn(y, 1)];
// Improved cost

11 if J < Jin then
12 L (Jmin, Vmin, Cmin) <- (J, v, c)

13 return ((2) (v, c), T)

5.5 Experiments

We carried out an experiment that is similar to the experiment in Chapter 4. We
controlled a system with stochastic single integrator dynamics to a goal region with
free ending time in a cluttered environment (see Fig. 5-5). The dynamics is given

by dx(t) = u(t)dt + Fdw(t) where x(t) E R2, u(t) E R2, and F 0.5 0 .
0 0.5

The system stops when it collides with obstacles or reach the goal region. The cost
function is the weighted sum of total energy spent to reach the goal G at (8, 8), which
is measured as the integral of square of control magnitude, and a terminal cost, which
is -1000 for the goal region G and 10 for the obstacle region F, with a discount factor

z = 0.9. The maximum velocity of the system in the x and y directions is one. At
the beginning, the system starts from (6.5, -3). Failure is defined as collisions with
obstacles, and thus we use failure probability and collision probability interchangeably.

We first show how the extended iMDP algorithm constructs the sequence of ap-
proximating MDPs on S over iterations in Fig. 5-6. In particular, Figs. 5-6(a)-5-6(c)
depict anytime policies on the boundary S x 1.0 after 500, 1000, and 3000 iterations.
Figures 5-6(d)-5-6(f) show the Markov chains created by anytime policies found by the
algorithm on Mn after 200, 500 and 1000 iterations. We observe that the structures
of these Markov chains are indeed random graphs that are (asymptotically almost-
surely) connected to cover the state space S. As in the original version of iMDP,
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Figure 5-5: An operating environment for the single integrator system. The sys-
tem starts at (6.5, -3) to reach a goal at (8,8). There are three obstacles in the
environment which creates narrow corridors.

it is worth noting that the structures of these Markov chains can be constructed
on-demand during the execution of the algorithm.

The sequence of approximating MDPs on S provides boundary values for the
stochastic target problem as shown in Fig. 5-7. In particular, Figs. 5-7(a)-5-7(c)
shows a policy map, cost value function J4ooo,,.o and the associated collision proba-
bility function T 4000 for the unconstrained problem after 4000 iterations. Similarly,
Figs. 5-7(d)-5-7(f) show a policy map, the associated value function J4000, and the
min-collision probability function Y4000 after 4000 iterations. As we can see, for the un-
constrained problem, the policy map encourages the system to go through the narrow
corridors with low cost-to-go values and high probabilities of collision. In contrast,
the policy map from the min-collision probability problem encourages the system
to detour around the obstacles with high cost-to-go values and low probabilities of
collision.

We now show how the extended iMDP algorithm constructs the sequence of ap-
proximating MDPs on the augmented state space S. Figures 5-8(a)-5-8(c) show the
corresponding anytime policies in S over iterations. In Fig. 5-8(c), we show the top-
down view of a policy for states in M 30 0 0 \M30 00 . Compared to Fig 5-6(c), we observe
that the system will try to avoid the narrow corridors when the risk tolerance is low.
In Figs. 5-8(d)-5-8(f), we show the Markov chains that are created by anytime policies
in the augmented state space. As we can see again, the structures of these Markov
chains quickly cover S with (asymptotically almost-surely) connected random graphs.

We then examine how the algorithm computes the value functions for the interior

Do of the reformulated stochastic target problem in comparison with the value func-

tion of the unconstrained problem in Fig. 5-9. Figure 5-9(a)-5-9(c) show approximate

cost-to-go Ja, when the probability threshold /o is 1.0 for n = 200, 2000 and 4000.
We recall that the value functions in these figures form the boundary conditions on

S x 1, which is a subset of OD. In the interior Do, Figs. 5-9(d)-5-9(f) present the ap-
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Figure 5-6: A system with stochastic single integrator dynamics in a cluttered en-
vironment. The standard deviation of noise in x and y directions is 0.5. The cost
function is the sum of total energy spent to reach the goal, which is measured as the
integral of square of control magnitude, and a terminal cost, which is -1000 for the
goal region (G) and 10 for the obstacle region (F), with a discount factor a = 0.9.
Figures 5-6(a)-5-6(c) depict anytime policies on the boundary S x 1.0 over iterations.
Figures 5-6(d)-5-6(f) show the Markov chains created by anytime policies on A over
iterations.

proximate cost-to-go J4000 for augmented states where their martingale components
are 0.1, 0.5 and 0.9. As we can see, the lower the martingale state is, the higher the
cost value is - which is consistent with the characteristics in Section 5.2.3.

Lastly, we tested the performance of obtained anytime policies after 4000 iterations
with different initial collision probability thresholds r/. To do this, we first show how
the policies of the unconstrained problem and the min-collision probability problem
perform in Fig. 5-10. As we can see, in the unconstrained problem, the system takes
risk to go through one of the narrow corridors to reach the goal. In contrast, in the
min-collision probability problem, the system detour around the obstacles to reach the
goal. While there are about 49.27% of 2000 trajectories (plotted in red) that collide
with the obstacles for the former, we observe no collision out of 2000 trajectories
for the latter. From the characteristics presented in Section 5.2.3 and illustrated in
Fig. 5-4, from the starting state (6.5, -3), for any initial collision probability threshold
r7 that is at least 0.4927, we can execute the deterministic policy of the unconstrained
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(a) Policy on M4 000  (b) Value function J4000 ,. o (c) Collision probability T 4ooo.

(d) Policy map induced by 7Y4ooo. (e) Value function Jl00 0 . (f) Min-collision prob. Y4ooo.

Figure 5-7: Boundary values. Figures 5-7(a)-5-7(c) shows a policy map, cost value
function and the associated collision probability function for the unconstrained prob-
lem after 4000 iterations. Similar, Figures 5-7(d)-5-7(f) show a policy map, the
associated value function, and the mmn-collision probability function after 4000 iter-
ations. These values provide the boundary values for the stochastic target problem.
For the unconstrained problem, the policy map encourages the system to go through
the narrow corridors with low cost-to-go values and high probabilities of collision. In
contrast, the policy map from the mmn-collision probability problem encourages the
system to detour around the obstacles with high cost-to-go values and low probabili-
ties of collision.

problem.
In Fig. 5-11, we provide an example of controlled trajectories that are illustrated

in Fig. 5-4 when the system starts from (6.5, -3) with the failure probability thresh-
old ?]= 0.4. In this figure, the mmn-collision probability function 14000 is plotted in
blue, and the collision probability function T4000 is plotted in green. Starting from
the augmented state (6.5, -3, 0.40), the martingale state varies along controlled tra-
jectories as a random parameter in a randomized control policy. When the martingale
state is above T4000, the system follows a deterministic control policy obtained from
the unconstrained problem.

Similarly, in Fig. 5-12, we show controlled trajectories for different values of T/

(0.01, 0.05, 0.10, 0.20, 0.30, 0.40). In Figs. 5-12(a)-5-12(c) arid Figs. 5-12(g)-5-12(i),
we show 50 trajectories resulting from a policy induced by J4000 with different ini-
tial collision probability thresholds. In Figs. 5-12(d)-5-12(f) and Figs. 5-12(j)-5-12(l),
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Figure 5-8: Figures 5-8(a)-5-8(c) and Figures 5-8(d)-5-8(f) show the corresponding
anytime policies and the associated Markov chains on MA respectively. In Fig. 5-
8(c), we show the top-down view of a policy for states in M 30 0 0 \M3 0 0 0 . We observe
that the system will try to avoid the narrow corridors when the risk tolerance is low.
We can also observe that the structures of the Markov chains quickly cover the state
spaces S and S with connected random graphs.

we show 5000 corresponding trajectories in the original state space S with reported
simulated collision probabilities and average costs in their captions. Trajectories that
reach the goal region are plotted in blue, and trajectories that hit obstacles are plot-
ted in red. These simulated collision probabilities and average costs are shown in
Table 5.1. As we can see, the lower the threshold is, the higher the average cost is as
we expect. When r= 0.01, the average cost is -19.42 and when r= 1.0, the average
cost is -125.20.

More importantly, the simulated collision probabilities follow very closely the val-
ues of r7 chosen at time 0. In Fig. 5-13, we plot these simulated probabilities for the
first N trajectories where N E [1, 5000] to show that the algorithm fully respects
the bounded failure probability. Thus, this observation indicates that the extended
iMDP algorithm is able to manage the risk tolerance along trajectories in different
executions to minimize the expected costs using feasible and time-consistent anytime
policies.
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(c) Value function J4000,1 .0 .

(d) Value function J 4000,0.1 (e) Value function J 4000,0. 5 (f) Value function J 4000,o.9

Figure 5-9: Examples of incremental value functions over iterations. Figure 5-9(a)-
5-9(c) show the approximate cost-to-go functions J,, when the probability threshold
?/o is 1.0 for n = 200, 2000 and 4000. Figures 5-9(d)-5-9(f) present the approximate
cost-to-go function J 4000 in M 4000 for augmented states where their martingale com-
ponents are 0.1, 0.5 and 0.9 respectively. The plot shows that the lower the martingale
state is, the higher the cost value is - which is consistent with the characteristics in
Section 5.2.3.

Table 5.1: Failure ratios

SI

and average costs for 5000 trajectories for Fig. 5-13.

Failure Ratio Average Cost
1.00 0.4927 -125.20
0.40 0.4014 -115.49
0.30 0.2819 -76.80
0.20 0.1560 -65.81
0.10 0.1024 -58.00
0.05 0.0420 -42.53
0.01 0.0084 -19.42

0.001 0.0000 -18.86
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(a) Unconstrained problem trajectories: simulated collision proba-
bility 49.27%, average cost -125.20.
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(b) Min-collision trajectories: simulated collision probability 0%,
average cost -17.85.

Figure 5-10: Examples of trajectories from policies of the unconstrained problem
(Fig. 5-10(a)) and the min-collision probability problem (Fig. 5-10(b)). In the un-
constrained problem, the system takes risk to go through one of the narrow corridors
to reach the goal. In contrast, in the min-collision probability problem, the system
detours around the obstacles to reach the goal. While there are about 49.27% of 2000
trajectories (plotted in red) that collide with the obstacles for the former, we observe
no collision out of 2000 trajectories for the latter.
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Figure 5-11: An example of controlled trajectories using boundary values for Fig. 5-
4. The system starts from (6.5, -3) with the failure-probability threshold q = 0.4.
The martingale state varies along controlled trajectories as a random parameter in a
randomized control policy. When the martingale state is above T, the system follows
a deterministic control policy obtained from the unconstrained problem. As seen in
Fig. 5-13, the algorithm is able to keep the failure ratio in 5000 executions around
0.40 as dictated by the choice of q/ = 0.40 at time 0.
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(a) Threshold 17= 0.01. (b) Threshold 7 = 0.05. (c) Threshold 7 = 0.10.

(d) y 0.01: 0.8%, -19.42. (e)

(g) Threshold q = 0.2.

, = 0.05: 4.2%, -42.53.

(h) Threshold q = 0.3.

(f) y = 0.10: 10%, -58.00

(i) Threshold 71 0.4.

(j) qj 0.2: 15.6%, -65.81. (k) 7 0.3: 28.19%, -76.80. (1) = 0.4: 40%, -115.59.

Figure 5-12: Trajectories after 5000 iterations starting from (6.5, -3). In Figs. 5-
12(a)-5-12(c) and Figs. 5-12(g)-5-12(i), we show 50 trajectories resulting from
a policy induced by J4000 with different collision-probability thresholds (rJ =
0.01, 0.05, 0.10, 0.20, 0.30,0.40). In Figs. 5-12(d)-5-12(f) and Figs. 5-12(j)-5-12(l), we
show 5000 corresponding trajectories in the original state space S with simulated col-
lision probabilities and average costs in their captions. Trajectories that reach the
goal region are plotted in blue, and trajectories that hit obstacles are plotted in red.
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Figure 5-13: Failure ratios for the first N trajectories (1 < N < 5000) starting from
(6.5, -3) with different values of q. These failure ratios follow very closely the values
of r/, which indicates that the iMDP algorithm is able to provide solutions that are
probabilistically sound.
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Chapter 6

Conclusions

Sampling-based algorithms have received much attention from the robotics comnmu-
nity as a randomized approach to solve the fundamental deterministic robot motion
planning. The motivation of this thesis is to address the robot motion planning in
uncertain environments. This problem is formulated abstractly as a stochastic op-
timal control problem. The formulation is also general enough for a wide range of
potential applications in biology, healthcare, and management.

Therefore, in this thesis, we have introduced a set of new sampling-based al-
gorithms for solving a general class of continuous-time continuous-space stochastic
optimal control problems in the presence of complex risk constraints. In the follow-
ing, we will first summarize the algorithms and results developed in this thesis, and
subsequently present possible directions for future research.

6.1 Summary

The main contribution of this thesis is a new computationally-efficient sampling-based
algorithm called the incremental Markov Decision Process (iMDP) algorithm that

provides asymptotically-optimal solutions to continuous time and space stochastic
control problems.

The iMDP algorithm constructs a sequence of approximating finite-state Markov
Decision Processes (MDPs) that consistently approximates the original continuous-
time stochastic dynamics and solves the optimal control problem in an incremental
manner. Using the rapidly-exploring sampling technique to sample in the state space,
iMDP forms the structures of finite-state MDPs randomly over iterations. Control

sets for states in these MDPs are constructed or sampled properly in the control space.
The finite models serve as incrementally refined models of the original problem. More

precisely, the connected random graph structures of Markov chains on MDPs explore

well the original state space. To have consistent approximation, only the mean and
covariance of displacement per step along a Markov chain under any control are

required to be close enough to those of the original dynamics. Consequently, the
distributions of approximating trajectories and control processes returned from these
finite models approximate arbitrarily well the distributions of optimal trajectories
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and optimal control processes of the original problem.
The iMDP algorithm approximates the optimal cost-to-go function using the asyn-

chronous Bellman value iteration procedure such that computation in the current
iteration is inherited from the previous iterations. We show that the time complexity
per iteration grows as the product of fractional power and polylogarithmic time while
the space complexity grows linearly over iterations.

There are two main advantages to use the iMDP algorithm for solving stochastic
optimal control problems. First, the iMDP algorithm provides a method to compute
optimal control policies without the need to derive and characterize viscosity solutions
of the associated HJB equations. Second, the algorithm is suitable for various online
robotics applications without a priori discretization of the state space.

Risk management has always been an important part of stochastic optimal control
problems to guarantee safety during the execution of control policies. We consider
two types of risk constraints in this thesis. The first type of risk constraints called
bounded trajectory performance that has the same integration structure as the ob-
jective function with different cost rate, terminal cost functions and discount factors.
We enforce this type of constraint for all sub-trajectories along the controlled pro-
cess. The iMDP algorithm has been extended to provide probabilistically-sound and
asymptotically optimal control policies for this class of constrained stochastic control
problems. The returned policies from the original iMDP and this extended version
are deterministic function of states.

The second type of risk constraints is called bounded probability of failure, which
is enforced for particular initial states. We have introduced the martingale approach
to handle probability constraints on the terminal states. The martingale approach
transforms the probability-constrained problem into an equivalent stochastic target
problem with the augmented state and control spaces. The boundary conditions for
the transformed problem is, however, unspecified. We have presented a new extended
version of the iMDP algorithm that incrementally computes the boundary values and
any-time feedback control policies for the transformed problem. The returned policies
can be considered as randomized policies in the original state space. Effectively,
the extended iMDP algorithm provides probabilistically-sound and asymptotically-
optimal control policies for the class of stochastic control problems with bounded
failure-probability constraints.

6.2 Future Directions

In this sections, we present some directions for future research on related problems.

6.2.1 Partially-observable states

In several systems, true states are not available during the controlled process. Instead,
there are sensors to provide noisy measurements of unknown states. Controlling
systems in these situations leads to a class of stochastic optimal control problems
with imperfect state information, known as Partially Observable Markov Decision
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Processes (POMDPs). Although POMDPs are fundamentally more challenging than
the problem that is studied in this paper, our approach differentiates itself from
existing sampling-based POMDP solvers (see, e.g., [146]) with its incremental nature
and computationally-efficient search. Hence, the research presented in this paper
opens a new alley to handle POMDPs.

Recent research by Chaudhari et al. [147,148] has explored this direction for the
problem of state estimation and POMDPs. In [148], the authors use an approximating
sequence of discrete time finite-state POMDPs to approximate continuous POMDPs
such that the optimal cost function and control policies for these POMDP approxi-
mations converge almost surely to their counterparts for the underlying continuous
systems in the limit. For each POMDP approximation, the authors use an existing
POMDP solver, SARSOP [146], to obtain a policy for the POMDP approximation.
However, SARSOP still encounters major computational challenges for practical sys-
tems in high dimensional state spaces. As a result, providing efficient approximate
solutions to POMDPs is still an open research problem.

One possible research direction is to provide incremental computation of policies
without fully solving each finite-state POMDP using SARSOP. This is also the key
idea behind the iMDP algorithm. Another research idea is to combine results in
information theory and control theory such that we can better utilize sensor data to
design better approximating structures for the continuous time and space POMDPs.

6.2.2 Error bounds for anytime policies

Although anytime policies in this thesis are asymptotically optimal, we have not
investigated the error bounds of the cost-to-go function under these policies in com-
parison to the optimal cost-to-go function. Estimates of error bounds would provide
better understanding in the quality of anytime policies. The upper bounds on the
cost-to-go function can be found by simulating the returned policies. Estimating the
lower bounds is more challenging and is an active research topic.

One possible approach called irfornation relaxations can be used to find the lower
bounds (see, e.g. [149, 150] and references therein). In this approach, we relax the
nonanticipativity constraints that require decisions to depend only on the informa-
tion available at the time a decision is made and impose a "penalty" that punishes
violations of nonanticipativity. In many cases, the relaxed version of the problem is
simple to solve and provides the lower bounds. We suggest a future research direction
that incorporates information relaxations into the sampling-based iMDP algorithm
to provide useful anytime error bounds.

6.2.3 Investigation of new noise models

Noise can be driven by not only Brownian processes but also jump processes so that
the controlled process has the forni:

X(t) = x(0) + f f(X(T), U(T))dT +J F(x(T), u(T)dw(T) + J(t),
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where the term J(t) produces the jumps. To characterize the jump term, we would
like to specify the probability that a jump occurs in any small time interval and
the distribution of any resulting jumps as the function of the past history process.
Between jumps, the term J(t) is constant.

The Markov chain approximation method can be extended to handle the stochas-
tic process with jumps (see Chapter 5 of [43]). The local consistency conditions now
include the approximation for jump intensities during holding times. As a result, con-
vergence results will follow. We would like to extend the iMDP algorithm to provide
incremental computation of anytime policies for this class of stochastic dynamics.

6.2.4 Logic constraints

In reality, complex systems obey not only physical rules but also logical rules set by
authorities and operators that specify valid sequences of allowed operations. Such
constraints are useful to enable self-driving cars to follow traffic law or steerable
medical needles to follow safety guidelines. Temporal logic as a formal high level
language can describe succinctly these constraints.

Current research such as [151-154] has investigated similar logic constraints for
the robot motion planning problem in deterministic environments. The main idea
is to construct suitable approximating discrete structures for logic constraints that
represent well the original logical rules in the continuous state space.

However, controlling complex systems with temporal logic constraints in the pres-
ence of disturbances is a challenging unexplored problem. We would like to extend the
sampling-based approach presented in this thesis to incorporate such logic constraints.
In particular, one promising future research direction is to investigate suitable approx-
imating structures for these logic constraints such that they can be combined with
the approximating MDPs structure in an efficient and effective way.

6.2.5 Exploiting dynamics of mechanical systems

This thesis has focused on general system dynamics. For robotics applications, we of-
ten deal with nonlinear dynamics with special properties such as underactuation [155]
and differential flatness [156,157]. Exploiting these properties to design optimal con-
trol policies would provide higher performance in many situations. Designing new
versions of the iMDP algorithm that incorporate directly these properties is left for
future investigation.

6.2.6 Parallel implementation

As our considered stochastic optimal control problems become more complex due to
both risk constraints and logic constraints, despite low theoretical time complexity
per iteration guarantees, the actual running time to compute anytime solutions for
such problems would increase significantly. Therefore, parallel implementation for
iMDP-like algorithms would be highly desirable to obtain fast running time. We note
that the algorithms presented in this thesis are highly parallelizable by design. An
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interesting research direction is to combine parallelization and the interdependence
of primitive procedures in the iMDP algorithm to speed up its running time. This
direction is similar to the ideas proposed by Bialkowski [97] for RRT-like algorithms.

6.2.7 Collaborative multi-agent systems

We can further consider a team of separate and independent agents collaborating
to optimize a common objective function in uncertain environments. Each agent
can compute a policy in their explored state space and is able to communicate its
computed policy and intension with other agents through possibly bandwidth-limited
and unreliable networks.

One possible direction for this problem is to extend the iMDP algorithm so that
each agent constructs its own approximating data structures in its interested regions
of the state space. Agents are coordinated to communicate these approximating
data structures with each other, and they can further refine their own approximating
data structures based on received information. Designing a coordination plan that
enables each agent to compute good approximations of an optimal control policy
while minimizing the amount of data transfered is an interesting research question to
answer.

6.2.8 Stochastic games

In stochastic games, we have several agents each operating independently and strate-
gically to optimize their own objective functions in the presence of uncertainties. Each
agent can observe other agents' trajectories to compute their decision at any moment.
These problems form an interesting and challenging class of stochastic optimal control
problems.

Recent works develop the weak dynamic programming principle for zero-sum
games in continuous-time [158,159] and further derive Partial Differential Equations
for this sub-class of games. Developing incremental policies for each agent that are
consistent with their observations and initial requirements is an open research ques-
tion. We suggest an approach that is similar to the martingale approach presented
in this work as one possible direction.

6.2.9 Exploring applications in management and finance

The formulation considered in this thesis is fairly abstract and can find applications in

many areas such as mathematical economics and finance. Examples of these problems

are optimal dynamic contract design [1], optimal hedging in the presence of propor-

tional transaction costs, and liquidation with a target costs constraint [24]. Applying
the ideas in the iMDP algorithm to design algorithms for these applications is an

interesting research direction to pursue.

129



130



Bibliography

[1] L. Ljungqvist and T. J. Sargent, Recursive macroeconomic theory. The MIT
press, 2004.

[2] N. L. Stokey, R. E. Lucas, and E. C. Prescott, Recursive methods in economic

dynamics. Harvard University Press, 1989.

[3] H. Pham, Continuous-time stochastic control and optimization with financial

applications. Springer, 2009, vol. 61.

[4] S. Thrun, W. Burgard, and D. Fox, Probabilistic Robotics (Intelligent Robotics
and Autonomous Agents), 2001.

[5] E. Todorov, "Stochastic optinial control and estimation methods adapted to the

noise characteristics of the sensorimotor system," Neural Computation, vol. 17,
pp. 1084-1108, 2005.

[6] R. Alterovitz, T. Simnon, and K. Goldberg, "The stochastic motion roadmap:
A sampling framework for planning with markov motion uncertainty," in in

Robotics: Science and Systems III (Proc. RSS 2007. MIT Press, 2008, pp.
246-253.

[7] W. H. Fleming and J. L. Stein, "Stochastic optimial control, international fi-

nance and debt," Journal of Banking and Finance, vol. 28, pp. 979-996, 2004.

[8] S. P. Sethi and G. L. Thompson, Optimal Control Theory: Applications to

Management Science and Economics, 2nd ed. Springer, 2006.

[9] Y. Kuwata, M. Pavone, and J. Balaram, "A risk-constrained multi-stage deci-

sion making approach to the architectural analysis of planetary miissions," in

CDC, 2012, pp. 2102-2109.

[10] Y. Kuwata, J. Teo, G. Fiore, S. Karamnan, E. Frazzoli, and J. How, "Real-time

motion planning with applications to autonomous urban driving," IEEE Trans.

on Control Systems Technologies, vol. 17, no. 5, pp. 1105-1118, 2009.

[11] M. Pavone, S. L. Smith, E. Frazzoli, and D. Rus, "Robotic load balancing for
mobility-on-denand systenis," I. J. Robotic Res., vol. 31, no. 7, pp. 839-854,
2012.

131



[12] R. P. Anderson, E. Bakolas, D. Milutinovic, and P. Tsiotras, "The markov-
dubins problem in the presence of a stochastic drift field," in CDC, 2012, pp.
130-135.

[13] R. Bellman, Dynamic Programming, 1st ed. Princeton, NJ, USA: Princeton
University Press, 1957.

[14] W. H. Fleming, "Optimal continuous-parameter stochastic control," SIAM re-
view, vol. 11, no. 4, pp. 470-509, 1969.

[15] W. H. Fleming and R. W. Rishel, Deterministic and stochastic optimal control.
Springer New York, 1975, vol. 1.

[16] M. H. Davis, Martingale methods in stochastic control. Springer, 1979.

[17] W. H. Fleming and H. M. Soner, Controlled Markov processes and viscosity
solutions. Springer New York, 2006, vol. 25.

[18] J. Yong and X. Y. Zhou, Stochastic Controls: Hamiltonian Systems and HJB
Equations, 1st ed. Springer, June 1999.

[19] V. Benes, "Full bang to reduce predicted miss is optimal," SIAM Journal on
Control and Optimization, vol. 14, no. 1, pp. 62-84, 1976.

[20] M. G. Crandall and P.-L. Lions, "Viscosity solutions of hamilton-jacobi equa-
tions," Transactions of the American Mathematical Society, vol. 277, no. 1, pp.
1-42, 1983.

[21] B. Bouchard and N. Touzi, "Weak dynamic programming principle for viscosity
solutions," SIAM Journal on Control and Optimization, vol. 49, no. 3, pp. 948-
962, 2011.

[22] B. Bouchard, R. Elie, and C. Imbert, "Optimal control under stochastic target
constraints," SIAM Journal on Control and Optimization, vol. 48, no. 5, pp.
3501-3531, 2010.

[23] B. Bouchard, R. Elie, and N. Touzi, "Stochastic target problems with controlled
loss," SIAM Journal on Control and Optimization, vol. 48, no. 5, pp. 3123-3150,
2009.

[24] N. Touzi and A. Tourin, Optimal stochastic control, stochastic target problems,
and backward SDE. Springer, 2013, vol. 29.

[25] B. Bouchard and M. Nutz, "Weak dynamic programming for generalized state
constraints," SIAM Journal on Control and Optimization, vol. 50, no. 6, pp.
3344-3373, 2012.

[26] H. M. Soner and N. Touzi, "Stochastic target problems, dynamic programming,
and viscosity solutions," SIAM Journal on Control and Optimization, vol. 41,
no. 2, pp. 404-424, 2002.

132



[27] V. D. Blondel and J. N. Tsitsiklis, "A survey of computational complexity
results in systems and control," Automatica, vol. 36, no. 9, pp. 1249--1274,
2000.

[28] C. H. Papadimitriou and J. N. Tsitsiklis, "The complexity of markov decision
processes," Mathematics of operations research, vol. 12, no. 3, pp. 441-450,
1987.

[29] M. L. Littman, T. L. Dean, and L. P. Kaelbling, "On the complexity of solving
markov decision problems," in Proceedings of the Eleventh conference on Un-
certainty in artificial intelligence. Morgan Kaufmann Publishers Inc., 1995,
pp. 394-402.

[30] M. L. Littman, "Probabilistic propositional planning: Representations and
complexity," in Proceedings of the National Conference on Artificial Intelli-
gcnce. JOHN WILEY & SONS LTD, 1997, pp. 748--754.

[31] M. Mundhenk, J. Goldsmith, C. Lusena, and E. Allender, "Encyclopaedia of
complexity results for finite-horizon markov decision process problems," Certer

for Discrete Mathematics R Theoretical Computer Science, 1997.

[32] D. E. Kirk, Optimal Control Theory: An Introduction. Dover Publications,
Apr. 2004.

[33] D. P. Bertsekas, Dynamic Programming and Optimal Control, Two Volume Set,
2nd ed. Athena Scientific, 2001.

[34] R. C. Merton, Optimum consumption and portfolio rules in a continuous-tiMe
model. MIT, 1970.

[35] L. Grine, "An adaptive grid scheme for the discrete hamilton-jacobi-bellman
equation," Numerische MatherMatik, vol. 75, pp. 319 337, 1997.

[36] S. Wang, L. S. Jennings, and K. L. Teo, "Numerical solution of hamilton-
jacobi-bellman equations by an upwind finite volume method," J. of Global
Optimization, vol. 27, pp. 177- 192, November 2003.

[37] M. Boulbrachene and B. Chentouf, "The finite element approximation of

hanilton-jacobi-bellman equations: the noncoercive case," Applied Mathemat-

ics and Computation, vol. 158, no. 2, pp. 585-592, 2004.

[38] A. Budhiraja and K. Ross, "Convergent numerical scheme for singular stochas-
tic control with state constraints in a portfolio selection problem," SIAM Jour-
nal on Control and Optimization, vol. 45, no. 6, pp. 2169--2206, 2007.

[39] C. Chow and J. Tsitsiklis, "An optimal one-way multigrid algorithm for discrete-
time stochastic control," IEEE Transactions on Automatic Control, vol. AC-36,
pp. 898-914, 1991.

133



[40] R. Munos, A. Moore, and S. Singh, "Variable resolution discretization in opti-
mal control," in Machine Learning, 2001, pp. 291-323.

[41] D. P. Bertsekas and J. N. Tsitsiklis, Parallel and distributed computation: nu-
merical methods. Upper Saddle River, NJ, USA: Prentice-Hall, Inc., 1989.

[42] , Neuro-Dynamic Programming (Optimization and Neural Computation Se-
ries, 3). Athena Scientific, May 1996.

[43] H. J. Kushner and P. G. Dupuis, Numerical Methods for Stochastic Control
Problems in Continuous Time (Stochastic Modelling and Applied Probability).
Springer, Dec. 2000.

[44] H. J. Kushner and H. Joseph, Probability methods for approximations in stochas-
tic control and for elliptic equations. Academic Press New York, 1977, vol. 129.

[45] P. Billingsley, Convergence of probability measures. Wiley-Interscience, 2009,
vol. 493.

[46] - , Probability and measure. Wiley, 2012, vol. 939.

[47] A. V. Skorokhod, "Limit theorems for stochastic processes," Theory of Proba-
bility H Its Applications, vol. 1, no. 3, pp. 261-290, 1956.

[48] J. Rust, "Using Randomization to Break the Curse of Dimensionality,," Econo-
metrica, vol. 56, no. 3, May 1997.

[49] , "A comparison of policy iteration methods for solving continuous-state,
infinite-horizon markovian decision problems using random, quasi-random, and
deterministic discretizations," 1997.

[50] L. E. Kavraki, P. Svestka, L. E. K. P. Vestka, J. claude Latombe, and M. H.
Overmars, "Probabilistic roadmaps for path planning in high-dimensional con-
figuration spaces," IEEE Transactions on Robotics and Automation, vol. 12,
pp. 566-580, 1996.

[51] S. M. LaValle, "Rapidly-exploring random trees: A new tool for path planning,"
Iowa State University, Ames, IA, Tech. Rep. 98-11, Oct. 1998.

[52] Karaman and Frazzoli, "Sampling-based algorithms for optimal motion plan-
ning," International Journal of Robotics Research, vol. 30, no. 7, pp. 846-894,
June 2011.

[53] J.-C. Latombe, Robot Motion Planning. Norwell, MA, USA: Kluwer Academic
Publishers, 1991.

[54] A. Bhatia and E. Frazzoli, Incremental search methods for reachability analysis
of continuous and hybrid systems. Springer, 2004.

134



[55] J. Cortes, L. Jaillet, and T. Simeon, "Molecular disassembly with rrt-like algo-
rithms," in Robotics and Automation, 2007 IEEE International Conference on.

IEEE, 2007, pp. 3301--3306.

[56] Y. Liu and N. I. Badler, "Real-time reach planning for animated characters

using hardware acceleration," in Computer Animation and Social Agents, 2003.

16th International Conference on. IEEE, 2003, pp. 86-93.

[57] P. Finn and L. E. Kavraki, "Computational approaches to drug design," Algo-

rithmica, vol. 25, no. 2-3, pp. 347-371, 1999.

[58] J.-C. Latombe, "Motion planning: A journey of robots, molecules, digital

actors, and other artifacts," The International Journal of Robotics Research,

vol. 18, no. 11, pp. 1119--1128, 1999.

[59] S. M. LaValle, Planning algorithms. Cambridge university press, 2006.

[60] H. Choset, K. Lynch, S. Hutchinson, G. Kantor, W. Burgard, L. Kavraki, and

S. Thrun, "Principles of robot motion: theory, algorithms, and implementa-

tions. 2005," MIT Press, Boston.

[61] J. H. Reif, "Complexity of the movers problem and generalizations extended

abstract," in Proceedings of the 20th Annual IEEE Conference on Foundations

of Computer Science, 1979, pp. 421--427.

[62] J. F. Canny, The Complexity of Robot Motion Planning. Cambridge, MA,
USA: MIT Press, 1988.

[63] T. Lozano-Perez and M. A. Wesley, "An algorithm for planning collision-free

paths among polyhedral obstacles," Communications of the ACM, vol. 22,
no. 10, pp. 560--570, 1979.

[64] J. T. Schwartz and M. Sharir, "On the piano movers problem. ii. general tech-

niques for computing topological properties of real algebraic manifolds," Ad-

vances in applied Mathematics, vol. 4, no. 3, pp. 298--351, 1983.

[65] J. Canny and J. Reif, "New lower bound techniques for robot motion planning

problems," in Foundations of CoMputer Science, 1987., 28th Annual Sympo-

sium on. IEEE, 1987, pp. 49-60.

[66] R. A. Brooks and T. Lozano-Perez, "A subdivision algorithm in configuration

space for findpath with rotation," Systems, Man and Cybernetics, IEEE Trans-

actions on, no. 2, pp. 224-- 233, 1985.

[67] 0. Khatib, "Real-time obstacle avoidance for manipulators and mobile robots,"

The international journal of robotics research, vol. 5, no. 1, pp. 90-98, 1986.

[68] S. S. Ge and Y. Cui, "Dynamic motion planning for mobile robots using poten-

tial field method," Autonomous Robots, vol. 13, no. 3, pp. 207-222, 2002.

135



[69] Y. Koren and J. Borenstein, "Potential field methods and their inherent limita-
tions for mobile robot navigation," in Robotics and Automation, 1991. Proceed-
ings., 1991 IEEE International Conference on. IEEE, 1991, pp. 1398-1404.

[70] L. Kavraki and J.-C. Latombe, "Randomized preprocessing of configuration
for fast path planning," in Robotics and Automation, 1994. Proceedings., 1994
IEEE International Conference on. IEEE, 1994, pp. 2138-2145.

[71] S. M. LaValle and J. J. Kuffner, "Randomized kinodynamic planning," The
International Journal of Robotics Research, vol. 20, no. 5, pp. 378-400, 2001.

[72] S. R. Lindemann and S. M. LaValle, "Current issues in sampling-based motion
planning," in Robotics Research. Springer, 2005, pp. 36-54.

[73] S. Prentice and N. Roy, "The belief roadmap: Efficient planning in belief space
by factoring the covariance," The International Journal of Robotics Research,
vol. 28, no. 11-12, pp. 1448-1465, 2009.

[74] R. Tedrake, I. R. Manchester, M. Tobenkin, and J. W. Roberts, "Lqr-trees:
Feedback motion planning via sums-of-squares verification," The International
Journal of Robotics Research, vol. 29, no. 8, pp. 1038-1052, 2010.

[75] B. D. Luders, S. Karaman, E. Frazzoli, and J. P. How, "Bounds on tracking
error using closed-loop rapidly-exploring random trees," in American Control
Conference (A CC), 2010. IEEE, 2010, pp. 5406-5412.

[76] J. Barraquand, L. Kavraki, R. Motwani, J.-C. Latombe, T.-Y. Li, and P. Ragha-
van, "A random sampling scheme for path planning," in Robotics Research.
Springer, 2000, pp. 249-264.

[77] L. E. Kavraki, M. N. Kolountzakis, and J.-C. Latombe, "Analysis of probabilis-
tic roadmaps for path planning," Robotics and Automation, IEEE Transactions
on, vol. 14, no. 1, pp. 166-171, 1998.

[78] E. Frazzoli, M. A. Dahleh, and E. Feron, "Real-time motion planning for agile
autonomous vehicles," Journal of Guidance, Control, and Dynamics, vol. 25,
no. 1, pp. 116-129, 2002.

[79] A. M. Ladd and L. E. Kavraki, "Measure theoretic analysis of probabilistic path
planning," Robotics and Automation, IEEE Transactions on, vol. 20, no. 2, pp.
229-242, 2004.

[80] E. Koyuncu, N. K. Ure, and G. Inalhan, "Integration of path/maneuver plan-
ning in complex environments for agile maneuvering ucavs," in Selected papers
from the 2nd International Symposium on UAVs, Reno, Nevada, USA June
8-10, 2009. Springer, 2010, pp. 143-170.

136



[81] D. Berenson, J. Kuffner, and H. Choset, "An optimization approach to planning
for mobile manipulation," in Robotics and Automation, 2008. ICRA 2008. IEEE

International Conference on. IEEE, 2008, pp. 1187-1192.

[82] A. Yershova and S. M. LaValle, "Motion planning for highly constrained
spaces," in Robot Motion and Control 2009. Springer, 2009, pp. 297--306.

[83] M. Stilman, J.-U. Schamburek, J. Kuffuer, and T. Asfour, "Manipulation plan-

ning among movable obstacles," in Robotics and Automation, 2007 IEEE In-

ternational Conference on. IEEE, 2007, pp. 3327 3332.

[84] J. J. Kuffner Jr and S. M. LaValle, "Rrt-connect: An efficient approach to

single-query path planning," in Robotics and Automation, 2000. Proceedings.

ICRA'00. IEEE International Conference on, vol. 2. IEEE, 2000, pp. 995
1001.

[85] M. S. Branicky, M. M. Curtiss, J. A. Levine, and S. B. Morgan, "Rrts for
nonlinear, discrete, and hybrid planning and control," in Decision and Control,

2003. Proceedings. 42nd IEEE Conference on, vol. 1. IEEE, 2003, pp. 657 663.

[86] M. S. Branicky, M. M. Curtiss, J. Levine, and S. Morgan, "Sampling-based
planning, control and verification of hybrid systems," IEE Proceedings-Control
Theory and Applications, vol. 153, no. 5, pp. 575--590, 2006.

[87] M. Zucker, J. Kuffner, and M. Branicky, "Multipartite rrts for rapid replanning
in dynamic environments," in Robotics and Automation, 2007 IEEE Interna-

tional Conference on. IEEE, 2007, pp. 1603- 1609.

[88] C. Urmson and R. Simmons, "Approaches for heuristically biasing rrt growth,"
in Intelligent Robots and Systems, 2003.(IROS 2003). Proceedings. 2003
IEEE/RSJ International Conference on, vol. 2. IEEE, 2003, pp. 1178--1183.

[89] D. Ferguson and A. Stentz, "Anytime rrts," in Intelligent Robots and Systerms,

2006 IEEE/RSJ International Conference on. IEEE, 2006, pp. 5369-5375.

[90] N. A. Wedge and M. S. Branicky, "On heavy-tailed runtimes and restarts in

rapidly-exploring random trees," in Twenty-Third AAAI Conference on Artifi-

cial Intelligence, 2008, pp. 127-133.

[91] L. Jaillet, J. Cortes, and T. Simeon, "Sampling-based path planning on

configuration-space costmaps," Robotics, IEEE Transactions on, vol. 26, no. 4,
pp. 635-646, 2010.

[92] D. Berenson, T. Simeon, and S. S. Srinivasa, "Addressing cost-space chasms

in manipulation planning," in Robotics and Automation (ICRA), 2011 IEEE

International Conference on. IEEE, 2011, pp. 4561-4568.

137



[93] J. Kim and J. P. Ostrowski, "Motion planning of aerial robot using rapidly-
exploring random trees with dynamic constraints," in ICRA, 2003, pp. 2200-
2205.

[94] J. Bruce and M. Veloso, "Real-time randomized path planning for robot naviga-
tion," in Intelligent Robots and Systems, 2002. IEEE/RSJ International Con-
ference on, vol. 3. IEEE, 2002, pp. 2383-2388.

[95] A. Shkolnik, M. Levashov, I. R. Manchester, and R. Tedrake, "Bounding on
rough terrain with the littledog robot," The International Journal of Robotics
Research, vol. 30, no. 2, pp. 192-215, 2011.

[96] S. Teller, M. R. Walter, M. Antone, A. Correa, R. Davis, L. Fletcher, E. Frazzoli,
J. Glass, J. P. How, A. S. Huang, et al., "A voice-commandable robotic forklift
working alongside humans in minimally-prepared outdoor environments," in
Robotics and Automation (ICRA), 2010 IEEE International Conference on.
IEEE, 2010, pp. 526-533.

[97] B. J., "Optimizations for sampling-based motion planning algorithms," Ph.D.
dissertation, Massachusetts Institute of Technology, Cambridge, MA,USA, Dec.
2013.

[98] M. Otte, J. Bialkowski, and E. Frazzoli, "Any-com collision checking: Sharing
certificates in decentralized multi-robot teams," in IEEE Int. Conf. on Robotics
and Automation, 2014, to appear.

[99] J. Bialkowski, M. Otte, S. Karaman, and F. E., "Efficient collision checking in
sampling-based motion planning," in Algorithmic Foundations of Robotics X,
ser. Springer Tracts in Advanced Robotics. Springer Berlin / Heidelberg, 2013,
vol. 69.

[100] J. Bialkowski, M. W. Otte, and E. Frazzoli, "Free-configuration biased sam-
pling for motion planning," in IEEE/RSJ Int. Conf. on Intelligent Robots and
Systems (IROS), 2013.

[101] E. N. Gilbert, "Random plane networks," Journal of the Society for Industrial
& Applied Mathematics, vol. 9, no. 4, pp. 533-543, 1961.

[102] M. Penrose, Random geometric graphs. Oxford University Press Oxford, 2003,
vol. 5.

[103] P. Balister, B. Bollobais, A. Sarkar, and M. Walters, "Connectivity of random
k-nearest-neighbour graphs.(english summary)," Adv. in Appl. Probab, vol. 37,
no. 1, pp. 1-24, 2005.

[104] B. Bollobais, Random graphs. Cambridge university press, 2001, vol. 73.

138



[105] P. Gupta and P. R. Kumar, "Critical power for asymptotic connectivity in wire-
less networks," in Stochastic analysis, control, optimization and applications.

Springer, 1998, pp. 547 566.

[106] ---- , "The capacity of wireless networks," Information Theory, IEEE Trans-

actions on, vol. 46, no. 2, pp. 388-404, 2000.

[107] E. A. Feinberg, E. A. Feinberg, A. Shwartz, and A. Shwartz, "Constrained

miarkov decision models with weighted discounted rewards," Math. of Opera-

tions Research, vol. 20, pp. 302--320, 1993.

[108] E. Feinberg and A. Shwartz, "Constrained dynaic programning with two

discount factors: applications and an algorithm," Automatic Control, IEEE

Transactions on, vol. 44, no. 3, pp. 628--631, Mar 1999.

[109] L. Blackinore, M. Ono, A. Bektassov, and B. C. Williams, "A probabilistic
particle-control approximation of chance-constrained stochastic predictive con-

trol," IEEE Transactions on Robotics, vol. 26, no. 3, 2010.

[110] A. G. Banerjee, M. Ono, N. Roy, and B. C. Williams, "Regression-based LP
solver for chance-constrained finite horizon optimal control with nonconvex con-

straints," in Proceedings of the American Control Conference, Sai Francisco,
CA, 2011.

[111] Y. L. Chow and M. Pavone, "Stochastic optimal control with dynamic, time-

consistent risk constraints," in American Control Conference (ACC), 2012.

IEEE, 2012. Submitted.

[112] B. D. Luders, S. Karanian, and J. P. How, "Robust sampling-based notion

planning with asymptotic optiniality guarantees," in AIAA Guidance, Naviga-

tion, and Control Conference (GNC), Boston, MA, August 2013.

[113] B. Luders, M. Kothari, and J. P. How, "Chance constrained RRT for probabilis-
tic robustness to environmental uncertainty," in AIAA Guidance, Navigation,
and Control Conference (GNC), Toronto, Canada, August 2010, (AIAA-2010-
8160).

[114] P. Kosnol and M. Pavon, "Lagrange approach to the optimal control of
diffusions," Acta Applicandac Mathematicae, vol. 32, pp. 101 -122, 1993,
10. 1007/BF00998149.

[115] ---- , "Solving optimal control problems by means of general lagrange function-

als," Automatica, vol. 37, no. 6, pp. 907 -- 913, 2001.

[116] L. Blackniore, H. Li, and B. Williams, "A probabilistic approach to optimal
robust path planning with obstacles," in in Proceedings of the American Control
Conference, 2006.

139



[117] M. Ono and B. C. Williams, "Iterative risk allocation: A new approach to
robust model predictive control with a joint chance constraint," in CDC, 2008,
pp. 3427-3432.

[118] G. S. Aoude, B. D. Luders, J. M. Joseph, N. Roy, and J. P. How, "Probabilis-
tically safe motion planning to avoid dynamic obstacles with uncertain motion
patterns," Autonomous Robots, vol. 35, no. 1, pp. 51-76, 2013.

[119] R. C. Chen and G. L. Blankenship, "Dynamic programming equations for dis-
counted constrained stochastic control," Automatic Control, IEEE Transactions
on, vol. 49, no. 5, pp. 699-709, 2004.

[120] A. Piunovskiy, "Dynamic programming in constrained markov decision pro-
cesses," Control and Cybernetics, vol. 35, no. 3, p. 645, 2006.

[121] S. Mannor and J. Tsitsiklis, "Mean-variance optimization in markov decision
processes," arXiv preprint arXiv:1104.5601, 2011.

[122] P. Huang, D. A. Iancu, M. Petrik, and D. Subramanian, "The price of dynamic
inconsistency for distortion risk measures," arXiv preprint arXiv:1106.6102,
2011.

[123] A. Ruszczyniski and A. Shapiro, "Optimization of risk measures," in Probabilis-
tic and randomized methods for design under uncertainty. Springer, 2006, pp.
119-157.

[124] , "Conditional risk mappings," Mathematics of Operations Research,
vol. 31, no. 3, pp. 544-561, 2006.

[125] B. Rudloff, A. Street, and D. Valladao, "Time consistency and risk averse dy-
namic decision models: Interpretation and practical consequences," Internal
Research Reports, vol. 17, 2011.

[126] H. M. Soner and N. Touzi, "Dynamic programming for stochastic target prob-
lems and geometric flows," Journal of the European Mathematical Society,
vol. 4, no. 3, pp. 201-236-236, Sept. 2002.

[127] B. Bouchard and T. N. Vu, "The obstacle version of the geometric dynamic
programming principle: Application to the pricing of american options under
constraints," Applied Mathematics and Optimization, vol. 61, no. 2, pp. 235-
265, 2010.

[128] I. Karatzas and S. E. Shreve, Brownian Motion and Stochastic Calculus (Grad-
uate Texts in Mathematics), 2nd ed. Springer, Aug. 1991.

[129] B. Oksendal, Stochastic differential equations (3rd ed.): an introduction with
applications. New York, NY, USA: Springer-Verlag New York, Inc., 1992.

140



[130] "Review of probability theory," littp://terrytao.wordpress.com/2010/01/01/254a-

notes-0-a-review-of-probability-theory/, accessed: 2014-03-20.

[131] H. M. Soner and N. Touzi, "Dynamic programming for stochastic target prob-
lems and geometric flows," Journal of the European Mathematical Society,
vol. 4, no. 3, pp. 201-236- 236, Sept. 2002.

[132] D. Bertsekas and J. Tsitsiklis, Introduction To Probability, ser. Athena Scientific
books. Athena Scientific, 2002.

[133] B. Bollobas arid 0. Riordan, Percolation. Cambridge University Press, 2006.

[134] F. Xue and P. R. Kumar, "The number of neighbors needed for connectivity of
wireless networks," Wirel. Netw., vol. 10, no. 2, pp. 169-181, Mar. 2004.

[135] D. Stoyan, W. Kendall, arid J. Mecke, Stochastic geometry and its applications.
Wiley series in probability and statistics, 1995.

[136] M. Maier, M. Hein, and U. von Luxburg, "Cluster identification in nearest-
neighbor graphs." in ALT, ser. Lecture Notes in Computer Science, M. Hutter,
R. A. Servedio, and E. Takimoto, Eds., vol. 4754. Springer, 2007, pp. 19W-210.

[137] V. A. Huynh, S. Kararnan, aid E. Frazzoli, "An incremental samipling-based
algorithm for stochastic optimal control," in ICRA, 2012, pp. 2865-2872.

[138] , "An incremental sanipling-based algorithm for stochastic optimal con-
trol," arXiv:1202.55440v [cs.ROI, 2012.

[139] L. C. Evans, Partial Differential Equations (Graduate Studies in Mathematics,
V. 19) GSM/19. American Mathematical Society, June 1998.

[140] J. L. Menaldi, "Some estimates for finite difference approximations," SIAM J.
on Control and Optimization, vol. 27, pp. 579 607, 1989.

[141] P. Dupuis arid M. R. James, "Rates of convergence for approximation schenies
in optimal control," SIAM J. Control Optim., vol. 36, pp. 719-741, March 1998.

[142] S. Boyd and L. Vandenberghe, Convex Optimization. Cambridge University
Press, Mar. 2004.

[143] G. R. Grimniett and D. R. Stirzaker, Probability and Random Processes, 3rd ed.
Oxford University Press, USA, Aug. 2001.

[144] V. A. Huynh arid E. Frazzoli, "Probabilistically-sound aid asymptotically-
optimal algorithm for stochastic control with trajectory constraints," in De-
cision and Control (CDC), 2012 IEEE 51st Annual Conference on. IEEE,
2012, pp. 1486-1493.

141



[145] V. A. Huynh, L. Kogan, and E. Frazzoli, "A martingale approach and time-
consistent sampling-based algorithms for risk management in stochastic optimal
control," CoRR, vol. abs/1312.7602, 2013.

[146] H. Kurniawati, D. Hsu, and W. Lee, "SARSOP: Efficient point-based POMDP
planning by approximating optimally reachable belief spaces," in Proc. Robotics:
Science and Systems, 2008.

[147] P. Chaudhari, S. Karaman, and E. Frazzoli, "Sampling-based algorithm for
filtering using markov chain approximations." in CDC. IEEE, 2012, pp. 5972-
5978.

[148] P. Chaudhari, S. Karaman, D. Hsu, and E. Frazzoli, "Sampling-based algo-
rithms for Continuous-time POMDPs," in Proc. American Control Conf., 2013.

[149] D. B. Brown and J. E. Smith, "Dynamic portfolio optimization with transaction
costs: Heuristics and dual bounds," Management Science, vol. 57, no. 10, pp.
1752-1770, 2011.

[150] D. B. Brown, J. E. Smith, and P. Sun, "Information relaxations and duality in
stochastic dynamic programs," Operations Research, vol. 58, no. 4-Part-1, pp.
785-801, 2010.

[151] J. Tumova, L. I. Reyes Castro, S. Karaman, E. Frazzoli, and D. Rus, "Minimum-
violation LTL planning with conflicting specifications," in American Control
Conference, 2013, pp. 200-205.

[152] J. Tumova, S. Karaman, G. Hall, E. Frazzoli, and D. Rus, "Least-violating
control strategy synthesis with safety rules," in Hybrid Systems: Computation
and Control, 2013.

[153] S. Karaman and E. Frazzoli, "Sampling-based algorithms for optimal motion
planning with deterministic p-calculus specifications," in Proc. American Con-
trol Conf., 2012.

[154] T. Wongpiromsarn and E. Frazzoli, "Control of probabilistic systems under
dynamic, partially known environments with temporal logic specifications," in
IEEE Conf. on Decision and Control, Maui, HI, 2012, pp. 7644-7651.

[155] R. Olfati-Saber, "Nonlinear control of underactuated mechanical systems with
application to robotics and aerospace vehicles," Ph.D. dissertation, 2001,
aAI0803036.

[156] S. C. Peters, E. Frazzoli, and K. Iagnemma, "Differential flatness of a front-
steered vehicle with tire force control," in IROS, 2011, pp. 298-304.

[157] J. Jeon, R. Cowlagi, S. Peters, S. Karaman, E. Frazzoli, P. Tsiotras, and K. lag-
nemma, "Optimal motion planning with the half-car dynamical model for au-
tonomous high-speed driving," in American Control Conference (ACC) (to ap-
pear), 2013.

142



[158] P. Vit6ria, "A weak dynamic programinirg principle for zero-sum stochastic

differential gaines," Master degree thesis, Universidade Tscnica de Lisboa, 2010.

[159] B. Erhan and Y. Song, "A weak dynamic programming principle for zero-

sum stochastic differential gaines with unbounded controls," arXiv preprint

arXiv:1210.2788, 2013.

143




