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2 Université de Toulouse, INSA
ebenazer,elodie.chanthery@laas.fr

Abstract

A common view holds a clear separation be-
tween the act of diagnosing and that of plan-
ning/controlling. However, a framework exists,
partially observable Markov decision problems
(POMDPs), that is holistic for optimal decision and
control in partially observable domains. In appli-
cations to systems with faults, its solution yields
the best strategy, that includes repair and observa-
tion actions. In such a decision-based context, it is
unclear what a diagnostic is, and under what con-
ditions it is useful or even necessary. This paper
discusses the use of POMDPs to the control, mon-
itoring and repair of systems with faults, insisting
on their structure and showing how it can be used
to improve the scalability of POMDP solving tech-
niques for application to the present domain.

1 A challenging problem
When facing the real world, agents encounter many unex-
pected situations. Often, their expectation, that is theirantici-
pated future state in the world, is violated. Monitoring detects
these violations. Diagnosis isolates one or more faults from
the symptoms. Recovery brings an agent plan into alignment
with observations[J.L. Fernandez and R. Simmons, 1998].
There are a number of unavoidable difficulties when articu-
lating diagnosis, monitoring and recovery/control:

• A common view holds a clear separation between the act
of diagnosing and that of planning/controlling. When-
ever a fault is detected, diagnoses are found first, before
a correcting action is taken[Ghallabet al., 2001], [Nes-
naset al., 2003].

• The system state, and thus the diagnoses, are rarely iden-
tified with certainty.

• Short-term control or repair actions are preferred despite
the fact they are myopic and fall into local optima.

Unfortunately, neither the failure occurrence nor detection
points are hardly good points for reconfiguration and repair1.

1A well admitted problem in both scheduling and planning.

This is because some faulty contingencies require anticipa-
tion. For example, switching to a backup system may re-
quire it be initialized in advance. For time critical opera-
tions, the optimal repair action is thus to preventively start the
backup system at some point before the fault is detected. Ad-
ditionally, any equipment wears over time and becomes more
likely to fail. Often, preventive actions can be taken that sim-
ply avoids the occurrence of a fault. Finally, planning for a
long-term horizon avoids the pitfall of locally good actions
whose effects might prove counterproductive later. Typically,
shutting off a potentially faulty equipment will shut sensor
readings about its health, and prevent a finer disambiguation.
Overall, diagnosis and recovery are seen as a single, dynamic,
and practical activity by an agent acting in an uncertain and
changing world[B. D’Ambrosio, 1996].

This short analysis suggests that diagnoses are in reality an
artefact between observation and control. The optimal chain
of controlling actions would most often not require the exact
diagnoses to be known. Most certainly, the computation of
this chain does require some knowledge of a link between
faults and observations.

1.1 POMDPs as a holistic framework
A partially observable Markov decision process (POMDP)
models control problems for which actions have stochastic
effects and sensors provide imperfect and incomplete state
information. This model has been widely adopted by the AI
community as a framework for research in planning and con-
trol under uncertainty. Its generality allows to model sensor
and action uncertainty, uncertainty in the state of knowledge,
and multiple objectives. As such, and under the Markov as-
sumption, it is the holistic model for control, monitoring and
repair of complex systems. This is because a solution to a
POMDP embodies the optimal chain of actions for all possi-
ble beliefs over the world states. This optimal chain of actions
is referred to as the optimal policy, solution to the POMDP.
If there exists any gain to be made by avoiding or mitigating
certain faulty effects, the solution of a POMDP would capture
it in its optimal policy.

Another useful advantage of POMDPs is their support of
reasoning about whether to select actions that change the
state, provide state information, or both. In domains with
faults, this proves a key feature since it allows actions to be
used to remove ambiguities over the true system state. This is



especially true of actions that carry no utility or cost (mostly
used for responding to unlikely situations) and that most plan-
ners handle with difficulty since these actions can be inserted
anywhere in a plan. In a POMDP framework, any action that
changes the state of the world is likely to generate informative
observations, and therefore be positioned with accuracy.

Unfortunately despite recent improvements, current solu-
tion algorithms still limits the application of the POMDP
framework to real world problems. The standard approach
to solving a POMDP involves two steps. First the POMDP is
transformed into a fully observable Markov decision process
with a state space that consists of all probability distributions
over the core states of the POMDP. Second, it is solved in
this form. For a POMDP withn core states, the transformed
state space is then-dimensional simplex, also called belief
simplex. This continuous state space is a challenge but can
be tackled in practice, either optimally or through approxima-
tions. Today, the most promising methods can solve problems
with a few thousand states, and give approximation solutions
to problems with millions of states.

1.2 POMDPs for control, monitoring and repair
This paper discusses how to utilize the POMDP framework
for control real-world artefacts that are subjected to manyun-
foreseen faulty events. These systems can be characterizedas
being governed by a number of hard constraints:

• Most actions are potentially risky[Kurien and Nayak,
2000]. Typically an action exhibits a few nominal ef-
fects, and a high number of faulty outcomes.

• Many faults, even with low probability of occurrence,
can occur anytime. Consequently, they exponentially
increase the complexity of the control problem. Such
faults are referred to as anytime faults.

• As a consequence the state space is in general or-
ders of magnitude larger than that of currently solvable
POMDPs.

• A side effect of anytime faults is that the whole space
of faulty states is almost fully reachable from any belief
state. This is because the same fault may occur in many
different contexts.

This suggests that new approaches could advance the articula-
tion of control, monitoring and repair to a point where it can
consider real-world applications with focus on models with
faults. This paper is tentative to make the point that tech-
niques for diagnosis and efficient state estimation can bene-
fit the solving of POMDPs. It observes that models of the
real-world artefacts that contain faults exhibit a characterized
structure:

• Action effects are naturally partitioned into nominal and
faulty outcomes.

• Each fault occurrence builds up and becomes more prob-
able over time. Consequently, the probability of faulty
states is likely to be higher near the end of an artefact’s
life.

• Under an assumption of single fault independence, states
that embody multiple faults are expected to be orders of

magnitude less likely than others. For this reason the
order of a state refers to the number of faults it embodies.

• Under a permanent fault assumption, each state of a
given order may lead to states of a limited number of
other orders.

• Not all faults can be modeled or are even known. These
events are modeled as putting the system into a special
unknownstate.

This structure may be used to design tailored computational
methods capable of handling this class of problems. The ap-
plicability of the POMDP framework has been recognized for
domains with faults such as ours. However, the structure of
the models and problems that are typical of these domains
do seem to have been at most briefly considered by the op-
eration research and planning communities. It is not sure the
structural properties mentioned above can generalize to con-
trol and planning problems of other domains.

2 Previous Work
There has been considerable work on POMDPs, too many
to discuss here. But research on efficient computational so-
lutions to POMDPs has made great progress over the past
decade.

2.1 Background on POMDPs
We give background on a standard POMDP as found in the
literature. The relationship between an agent and its environ-
ment is modeled as a discrete-time POMDP with a finite set
of statesS, a finite set of actionsA, and a finite set of ob-
servationsO. Each time period, the environment is in some
states ∈ S, the agent takes an actiona ∈ A, and receives
a reward for it, with expected valuer(s, a). Taking actiona
makes the environment transition to states′ with probability
P (s′ | s, a). In s′, the agent observeso ∈ O with probabil-
ity P (o | s′, a). Let noteb the vector of state probabilities.
b(s) denotes the probability that the environment is in states.
Givenb(s), then after takinga and observingo,

b′(s′) =
1

P (o | b, a)
P (o |, s′, a)

∑

s∈S

P (s′ | s, a)b(s) (1)

where P (o | b, a) =
∑

s′∈S P (o | s′, a)
∑

s∈S P (s′ |
s, a)b(s) is a normalizing constant. This belief update is
notedb′ = τ(b, a, o).

The agent’s policyπ specifies an actionπ(b) for any belief
b. It is assumed the objective is to maximize the expected total
discounted reward over an infinite horizon. Thus the expected
reward forπ starting from beliefb is defined as

Jπ(b) = E
[

∞
∑

t=0

γtr(st, at) | b, π
]

(2)

whereγ < 1 is the discount factor. The optimal policyπ∗ is
obtained by optimizing the long-term reward.

π∗ = argmax
π

Jπ(b0) (3)

whereb0 is the initial belief.



Exact algorithms for solving this optimization problem are
intractable for all but trivial problems. These algorithmssolve
the Bellman optimality equation that yields the optimal value
function,

V ∗(b) = max
a∈A

[

r(b, a) + γ
∑

o∈O

P (o | b, a)V ∗(τ(b, a, o))
]

(4)
For finite-horizon POMDPs, the optimal value function is
piecewise-linear and convex[E.J. Sondik, 1971]. It can be
represented as a finite set of vectors. In the infinite-horizon
formulation, a finite vector set can approximateV ∗ arbitrarily
closely, whose shape remains convex. Value iteration applies
dynamic programming update to gradually improve on the
value until convergence to anǫ-optimal value function, and
preserves its piecewise linearity and convexity. A single dy-
namic programming pass is often referred to as a backup op-
eration. By improving the value, it implicitely improves the
policy as well. Another dynamic programming called pol-
icy iteration explicitely represents and improves the policy
instead[E. Hansen, 1998].

2.2 Computational solutions
Most of the useful structures and methods have been ex-
ploited. As a matter of fact, most solvers now yield very good
approximations of the true optimal controls. The approxima-
tions are of at least three types: piecewise linear value func-
tions; fixed and variable-resolution grids; belief state space
compression. These approximation techniques make use of
a set of properties of the POMDP framework. They can be
summarize as: reachability analysis; heuristic search; fac-
tored representations.

Many algorithms employ a piecewise linear convex rep-
resentation of the value function and use gradient back-
ups to solve the Bellman optimality equation[E.J. Sondik,
1971; A.R. Cassandraet al., 1997; Kaelblinget al., 1998;
E. Hansen, 1998]. These techniques perform gradient back-
ups over the full belief state space. Doing this, the main prob-
lem remains the elevated number of vector components, that
prevent efficient pruning and linear programming but for a
few hundreds of states, at best. Models that include faults
have state spaces that are order of magnitude larger, and out
of the reach of these representations and techniques.

Another host of algorithms prefer to approximate value
functions by focusing their backups onto the relevant belief
states instead. The technique is named Point-based dynamic
programming. [J. Pineauet al., 2003] present Point-Based
Value Iteration (PBVI), an algorithm that scaled the solving
of POMDPs up to problems with a thousand states. Point-
based techniques in general must select a set of relevant be-
lief points to be backed up. Generation of these points is
done through sampling from the action and observation mod-
els to generate reachable beliefs. Sampling from a uniform
distribution over the full belief simplex has been reportedto
perform poorly[J. Pineauet al., 2003]. In POMDP models
with faults, techniques that make use of reachability suffer
from two symptoms. First, as already mentioned, anytime
faults make the full state space reachable after a few time
steps. Second, point-based techniques would fail backing up

the value at most of the low probability states. Recall that
most of the state-space is composed of a very high number
of low probability states. Therefore missing low probability
events inevitably leads to losing a large fraction of the proba-
bility mass.

Similar point-based updates can be found in grid-based
methods where points form a fixed[W. Lovejoy, 1991] or
variable grid over the belief state space[R. Brafman, 1997;
R. Zhou and E.A. Hansen, 2001]. While these techniques
avoid the pitfalls of stochastic simulation, they do not scale
well due to the so-called curse of dimensionality: discretiza-
tion of the belief simplex scales exponentially with the num-
ber of states.

Therefore, another batch of approximated computational
solutions try to abstract or compress the POMDP state-space
or belief space, respectively. Abstraction uses a reduced
(most often factored) representation of the POMDP states in
local operations and backups. The background idea is the fol-
lowing: whenever some variables do not affect either some
decision of a policy or equivalently, the plan value, they can
be marginalized away in the local computations of this policy
or value function. Of course the difficulty is to detect these
situations at a sufficiently low cost. A popular technique is
the exploitation of a factored representation that avoids enu-
meration of the state-space.[C. Boutilier and D. Poole, 1996]
show how to exploit such a representation for POMDPs. An
improved version for both value and policy iteration was de-
tailed in [E. A. Hansen and Z. Feng, 2000]. [T. Smithet al.,
2007] progresses one step further and builds an abstraction of
the factored representation. But the method relies on a struc-
tural decomposition of upstream and downstream variables
where the former are known by the agent and transition de-
terministically and the later cannot influence the former. In
systems with faults this is almost never the case: stochastic-
ity is at its highest in the upstream variables whereas down-
stream dynamics are assumed to follow some fault models.
Additionnally, upstream variables are almost never directly
observed.

Compression tries to compact and reduce the belief state-
space directly. A pioneer work is the dimensionality-
reduction technique of[P. Poupart and C. Boutilier, 2002]
dubbed Value-directed compression (VDC). It computes a
low-dimensional representation of a POMDP directly from its
model by finding the Krylov subspace for the reward function
under belief propagation. To summarize, it finds the small-
est subspace that compresses the value function such that
only beliefs that have different values are distinguished.Two
drawbacks of this technique is that the Krylov subspace is
constrained to be linear and that its computation is as difficult
as the exact solving of the underlying POMDP.[P. Poupart
and C. Boutilier, 2004] mixes a policy reduction mechanism
with VDC and reports on tackling a very large POMDP model
of network maintenance (see next section).

[N. Royet al., 2005] observes that the beliefs are unlikely
to lie on a low-dimensional hyperplane. Therefore they pro-
pose a non-linear compression scheme, E-PCA. E-PCA is
non-linear principal component analysis that extracts a low
dimensionality belief space from a heuristic belief distribu-
tion. This distribution must be generated for each given prob-



Piecewise linear convex grid heuristic search compression

No faults [A.R. Cassandraet al., 1997], [Kaelbling
et al., 1998], [J. Pineauet al., 2003],
[M.T.J. Spaan and N. Vassis, 2005], [T.
Smith and R.G. Simmons, 2005]

[W. Lovejoy, 1991],[R. Braf-
man, 1997],[M. Hauskrecht,
1997; 2000],[R. Zhou and
E.A. Hansen, 2001]

[M. Hauskrecht, 1997], [R. Brafman,
1997], [T. Smith and R. Simmons, 2004],
[G. Shaniet al., 2007]

[E. A. Hansen and Z. Feng,
2000],[N. Royet al., 2005]

Faults [Cassandra, 1998] [B. D’Ambrosio, 1996] [Joshiet al., 2005] [P. Poupart and C. Boutilier,
2002],[B. D’Ambrosio, 1996]

Table 1: Approximation techniques and fault models.

lem. Doing so requires a heuristic controller. In the case
of a navigating robot, this means moving the robot around
with a heuristic controller and recording the observations.
While this technique scales up to problems with a few thou-
sand states, it is not applicable to models with faults. The
reason being that a heuristic controller is unlikely to make
most faults appear. In other words, it is likely the belief space
would compress to its nominal counterpart, leaving most if
not all faulty dimensions away.

A class of algorithms combine heuristic (forward) search
with dynamic programming backups.[M. Hauskrecht, 1997]
describes an algorithm for incrementally calculating the up-
per and lower bounds a POMDP value function. This bound
is initialized with the value for the underlying MDP. It pro-
vides a popular way of initializing an upper bound[M.L.
Littmanet al., 1995], focusing forward exploration[T. Smith
and R. Simmons, 2004], heuristic action selection[G. Shani
et al., 2007] or value based clustering[Y. Virin et al., 2007].
Heuristic Search Value Iteration (HSVI)[T. Smith and R.
Simmons, 2004] has shown some of the best performances
yet over large scale problems. HSVI maintains both an upper
and a lower bounds over the value function. It greedily selects
belief points through forward exploration and execute back-
ups at the selected points in reversal order on the traversed
path. HSVI avoids the pitfall of sampling the next belief state
to be explored and relies on an informed heuristic instead. Its
drawback is that it does not compress the belief space so that
backups and the computation of its upper bound to the value
function are very time consuming and prevent its scaling be-
yond systems with twenty thousand states or so.

2.3 POMDPs for models with faults
Of all these techniques, we have not found even a handful of
them that are reported to have been applied to POMDP mod-
els that contain faults. Table 1 report on these works. Among
them [B. D’Ambrosio, 1996] is maybe the oldest and the
most insightful. It proposes a qualitative compression tech-
nique and applies it to a gate-circuit with faults. The author
notes how the formulation of diagnosis describes a static, de-
tached process from recovery or maintenance in general. In
contrast, he formulates diagnosis as dynamic, practical ac-
tivity by an agent engaged in an uncertain world, referred
to as an on-line maintenance task, a follow-up of his previ-
ous work[B. d’Ambrosio, 1992]. Interestingly, he mentions
how it is not obvious what elements of a diagnosis are rele-
vant to decision. The gate-circuit model includes an unknown
behavioral mode whose behavior is stochastic.[Joshiet al.,
2005] formulates a special POMDP whose non directly ob-
servable states are fault hypotheses. The optimal policy min-
imizes the cost of the potential system faults. Of course this

work suffers from the size of the problem and falls back on
an approximated solution. The sole originality of this solu-
tion is the use of a variable horizon: dynamic programming
recursion stops whenever the recovered faulty value function
falls back within fixed bounds of its sane counterpart. Fi-
nally, [M. Hauskrecht, 2001] relies on Monte-Carlo simula-
tion and value function approximations for producing plans
with application to the management of patients and medical
treatment planning.

3 Examples of control, monitoring and repair
of complex systems

This section presents examples of control, monitoring and re-
pair found in the literature and solved by POMDP. These ex-
amples have not been designed with monitoring and repair in
mind. Thus they lack some key structural properties that are
of interest for tackling real world control and repair problems.

3.1 Gate digital circuits
The gate digital circuit example was introduced[B.
d’Ambrosio, 1992]. It comes in two flavors: a four gates
circuit or half adder, and a seven gates circuit. Within each
circuit, a gate has four possible states:ok, stuck-at0, stuck-
at1 andunknown. In the latter, the gate output is a stochastic
function, independent of the input and uniformly distributed
over {0, 1}. Failure probabilities are uniformly distributed
over the four states. The agent observes inputs and outputs.
Overall, the model is similar to the classical Polybox exam-
ple. However, the agent can act in several ways: by replacing
any component; probing the output of components (in which
case the respective value was added to the observation set for
the next cycle), or to perform no action. The reward is−1
for each cycle in which at least one component is faulted,−6
for a replacement, and−1 for a probe action. Ignoring the
stochastic behavior of theunknownstate, the four gates prob-
lem exhibits 256 states. As multiple faults are possible, all
256 states are reachable. A policy for this problem anticipates
the fault occurrence if the cost of replacing a gate is compen-
sated by the gain of not having several cycles in which at least
one component was faulted.

The gate circuit is an interesting model since it is realistic
and explicitly models the unknown state of behavior. How-
ever, its replacement action is deterministic. Also, thereis
no wear to the board, so the fault rate remains constant (e.g.
there is no modeled wear to the board).

3.2 Machine Maintenance of Cassandra
The machine maintenance problem is an early but difficult ap-
plication model for POMDPs[Cassandra, 1998]. The model
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Figure 1: State transitions for the machine maintenance

is very generic: it describes a machine made ofc internal
components. The machine is used to produce a product. The
quality of the product is a function of the state of the internal
components. Every component is modeled by four possible
states:good, fair, bad(it can be repaired) andbroken(it must
be replaced). As each components has four possible states,
the problem has4c states. Components can only be observed
if the machine is disassembled: this requires an expenditure
of time and personnel while rendering the machine unproduc-
tive for the duration of the inspection.

The agent seeks the maintenance of the machine and can
utilize a finite set of actions. Themanufactureaction pro-
ceeds with production while each component deteriorates
with probability0.03 after each day. The only possible tran-
sitions are fromgoodto fair, from fair to badand frombad
to broken. This is represented Figure 1. Theinspectaction
does not change the underlying state but yields information
about the hidden state, see below. Therepair action improves
every component’s condition with probability0.8. Possible
transitions are fromfair to goodandbad to fair. A broken
component cannot be repaired. Thereplaceaction determin-
istically puts a whole new set of components ingood con-
dition. Taking themanufactureaction allows to observe the
quality of the products, eithergoodor bad. A goodcompo-
nent always performs properly during the day. Afair compo-
nent has probability0.95 of performing properly, while abad
component has probability0.75. A brokencomponent never
performs properly. Taking theinspectaction, the observation
is a composite of individual observation for each component,
each of which is observed to be in a eithergoodor badcon-
dition. The probabilities depend on the actual condition of
the component. Agoodcomponent will yield agoodobser-
vation with probability0.97, a fair component looksgood
with probability0.80, bad with probability0.05 andbroken
with probability0.02. There is no observation for therepair
andreplaceactions. The agent is rewarded every the day (1
for each good product). Theinspectaction costs−1. Repair
costs−3. Replacing the machine costs−15.

This example is very complete, generic, and can be easily
extended with other components. However it does not model
wear since the failure rate remains constant.

3.3 The network maintenance example
This example is presented in[P. Poupart and C. Boutilier,
2004]. A system administrator (SA) maintains a network of
machines. Each machine has a0.1 probability of failing at
any stage; but this increases to0.333 when a neighboring ma-
chine is down. The SA only observes the status of a machine

(with 0.95 accuracy) if he reboots or pings it. At each stage,
he can either reboot or ping a machine, or do nothing. The SA
receives a reward of1 per working machine and2 per working
server. Costs are2.5 (rebooting),0.1 (pinging), and0 (doing
nothing). Ann-machine network induces to a POMDP with
2n states,2n + 1 actions and2n observations. This exam-
ple is scalable and can exhibit over 33 millions states (for26
machines). Of interest here is the failure rate, that is no more
constant. In fact it depends on the topology of the network.
The model comes in two flavors: a ring topology in which
each computer communicates with at most two neighbors; a
star-like topology: a tree of three branches joined at the root.
While this is somehow realistic, the failure rates remain con-
stant over time.

3.4 A novel example: the taxi maintenance

We introduce a novel example that embodies the most realis-
tic features of a control, monitoring and repair problem. The
taxi maintenance problem builds on Cassandra’s machine. A
driver gets money each day by driving its taxi around. His car
is made of several critical parts, and is modeled has a machine
with c components. In addition to the component states, the
taxi maintenance models the age of the car. The taxi mainte-
nance problem has several important features:

• the failure rate of every component is a function of the
age of the car;

• the car ages faster when driven with one or more bad or
broken components;

• the decision problem ends whenever the car must be re-
placed.

The car wears normally everyday so its age increases linearly
with time. But driving the taxi with some faulty internal com-
ponents wears the car faster. Very importantly, the failure
rate is an increasing function of the car’s age. Here, the fault
probability distribution of every component is modeled by a
Weibull distribution with a shape parameter> 1 [W. Weibull,
1951]. The model considers the problem over a finite hori-
zon that is a number of daysd. The true age of the car is
bounded byl ≥ d (after which it must be replaced). The taxi
maintenance problem can be seen as a machine maintenance
problem for every possible age value of the car. Thus the
number of states isl4c.

The taxi maintenance problem poses a certain number of
problems to existing POMDP techniques. First, approxima-
tion methods that select the most likely belief states would
lose track of the true car’s age. The consequence is a dis-
astrous cascading effect: as age determines the true failure
rates, future failure rates are wrongly estimated, augmenting
the drift from the true car’s age. Second, due to potential
large values ofl, the state-space is very large: considering
the problem over five years yields1825 days, and467200
states. Third, since the car’s age remains a function of time,
the belief over the true car’s age is pushed forward over time.
In consequence, compression techniques able to mitigate the
high number of states would need to leverage on reachability
and be dynamic over time to remain efficient.



4 Approaches
The idea defended here is that solution approaches could ben-
efit from a diagnostic and repair stance on the monitoring and
control problem. Thus some of the intuitions in the DX com-
munity that led to good solution techniques could act as the
root basis for targeted approaches to the solving of POMDPs.

4.1 Belief point selection
Typically, the control of a POMDP is decomposed into two
parts: a state estimator that performs the belief update of
equation (1); a planner, that finds the optimal policy (4). State
estimation of models with faults is a topic that has been suc-
cessfully tackled by the Control, FDI and DX communities.
Of special interest here, the blowup in state estimates of com-
plex plants modeled as discrete and hybrid systems has re-
ceived a large attention. Solution techniques employ reason-
ing and statistical methods that leverage the number of esti-
mates. Two examples from the literature are worth consider-
ing.

[Hofbaur and Williams, 2004] mitigates the number of
state estimates at each time step. It utilizes an A*-like search
procedure with an information-based heuristic to select the
set of most likely estimates. A similar strategy can be em-
ployed in POMDP solution techniques. The difference is that
all observations must be considered. Thus a forward search
procedure would retain a fixed size set of most likely combi-
nation of actions and observations. In a way this is similar
to HSVI’s expansion phase that produces trajectories within
the belief space. But the generated traversals carry singlebe-
lief points. Instead, the proposed extension would select and
project sets of most likely points.

[Vermaet al., 2003] introduces a variable resolution par-
ticle filter. The resolution of state space is dynamically var-
ied by region, depending on the belief that the true state lies
within a region. Where the belief is strong, the resolution is
fine, where the belief is low, the resolution is coarse, abstract-
ing multiple similar states together. This abstraction is prede-
fined while the resolution results of a bias-variance tradeoff.
Taking this mechanism to POMDP is akin to a variable res-
olution dynamic compression of the state-space. The under-
lying intuition however slightly differs. Where in the belief
simplex the belief is strong, i.e. at and around its corners,the
resolution is coarse. This reflects that the statistic contains
enough information for near optimal control. The resolution
is fine in and around the pit of the belief convex hull. This is
because in this belief region the agent is very uncertain about
where the true underlying state of the world: selection of an
appropriate action demands a reduced bias.

4.2 Simple rank-based compression
In a way, uncertainty in action outcomes can be viewed as a
halo of unwanted, sometime unforeseen, consequences that
surround a desired outcome. This hoped-for outcome is here
dubbednominal. It can be modeled as having a higher prob-
ability of occurrence than other outcomes, a reflection of the
original (or nominal) intention hidden behind the action that
produces it. Often it is simply modeled as the mean expected
outcome. Note that a consequence is that the value of states
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Figure 2: Rank automaton with a one step repair: multiple
fault hypotheses with up tod faults and a single repair per
time step.

with high rewards often “trickle down” to neighboring states
[Y. Virin et al., 2007]. Under an assumption of single fault
independence, it is clear that states that embody deviations
from the nominal outcomes become order of magnitude less
likely than the nominal state over time. Of course in certain
cases deviation effects can cancel out. This is akin to the case
of non exoneration of multiple faults in diagnosis.

So an approach is to utilize the notion of rank[M. Gold-
szmith and J. Pearl, 1996] for representing an order of mag-
nitude probability scale for faults. The nominal states aresaid
to be of rank 0. Failure states are one or more orders of mag-
nitude less likely and thus of ranks 1 ton. This qualitative
representation also acknowledges the fact that real probabili-
ties are often either inaccessible or unknown. Thus the notion
of rank can be considered as an expression of the degree of
doubt.

Assume a POMDP modelsn individual component faults.
It is possible to abstract this POMDP state space according to
ranks and to build a compressed POMDP over the ranks. This
rank-basedPOMDP has at least2n + 1 states: all possible
faults combinations plus at least one nominal state. Let note
the compressed state spaceS = {S1, S2, · · · , Sn} whereSk

is the abstract state of rankk. EachSk contains all original
states that model exactlyk faults.Sk contains( n

k ) fault com-
binations.

Within this compressed state space, each action has a nom-
inal outcome of rank 0, and some deviation outcomes of rank
ranging from1 to n. Considering a single fault per time step,
actiona ∈ A outcomes can be compressed into at most2n+1
compressed outcomes:n faulty, n repair, and one nominal
outcomes. Thus actions for the rank-based POMDP are re-
duced to simple jumps among compressed states of ranks:k
to k+1 in case of a fault occurrence;k to k−1 in case of fault
repair;k to itself if nothing happens (e.g. nominal outcome
realized from a faulty state). The compression of actions eas-
ily extends tod ≤ n faults per time step. Figure 2 pictures a
compressed automaton for such a POMDP whose actions can
all be compressed into faulty outcomes of deepest rankd at
each time step, and a one step repair outcome, of respective
probabilitiespf andpr. Note how the Machine Maintenance
example is a variant of this model with a single fault per time
step, and a repair action outcome is a jump over up to four
ranks. Both the observation and reward function are com-



pressed overS. Simply,R(Sk, a) =
∑

s∈Sk
R(s, a).

4.3 Rank-based dynamic compression
The compression scheme above regroups faults based on their
likelihood of occurrence. In consequence it cannot distin-
guish among faults. In general this is bad for decision since
some faults can have more deadly effects than others. So the
agent lacks proper discernment and chooses actions greedily,
oblivious of their true effect. Applied to the network mainte-
nance example, this means that the agent would not be able
to distinguish among the failed machines, but only among the
number of failed machines. Applied to a star like topology on
this same network problem, the strategy may be a compres-
sion that yields a useful approximated policy: it often makes
sense to reboot the central machine so the ability to distin-
guish among all machines is not essential. What matters is
for which belief level does it make sense to reboot this server
machine. Applied to a ring topology however, the result is
potentially disastrous: the best policy available to the agent
would be something akin to randomly choose and reboot a
machine. This is because the granularity of available obser-
vations (through pinging a machine) is abstracted away by the
rank-based compression.

In practice this effect is slightly mitigated because the rank-
based compression is dynamic. Dynamic compression is pol-
icy dependent. This means that the states in eachSk when
following a policy are those states of rankk that are reachable
by this policy. This is useful since some faults might simply
never occur when certain chains of actions are taken. For ex-
ample, regularly repairing an equipment of its taxi allows the
driver to almost never experience a fault on this equipment.
However, the approach is not scalable since the compression
into ranks is ad-hoc and domain dependent. For example, it
does not extend to robot navigation problems often found in
the POMDP literature.

A more general approach starts from[M. Goldszmith and
J. Pearl, 1996] and writes beliefs as polynomials of the form
b(s) =

∑n

k=1
bk(s)ǫk where the numberǫ is infinitesimal.

The compression scheme builds a compressed beliefb̃k =
∑

s∈S bk(s)ǫk. This compression is lossy butǫ andn con-
trol its accuracy w.r.t. the original POMDP. Error carried by
a compressed belief point is bounded byǫn. The compressed
POMDP has nown states. Thebk define a basis for the vector
space of the value function. Importantly, compression is dy-
namic: b̃k andb̃′k at different time steps define different basis.
This means an adaptive compression is applied at each time
step that conserves the order of magnitude relatively among
the states. The bad news is that the value function is now
expressed in a different basis at each time step. This means
the vectors that compose it must be transformed from one ba-
sis to the other during backup operations. The transformation
function is a compressed version of the action model of the
original POMDP.

Overall, this approach is close to the qualitative belief
space described in[B. D’Ambrosio, 1996]. However,[B.
D’Ambrosio, 1996] applies a Kappa calculus point-based ab-
straction to a model-free POMDP. Thus it does not carry a
full representation of the value function as a set of vectors,
and does not compress the action model, but learns it from a

set of value points instead. The main difference of the outline
approach w.r.t. VDC is that it is dynamic and leverages on
the reachability of the belief states. Thus compression near
the end of a policy abstracts away unreachable states. In our
application domain, this means more weight is given to the
faulty events that are more likely to occur over time.

Conclusion
This paper has discussed both the advantages and the chal-
lenges of modeling control, monitoring and repair problems
as POMDPs and solving them. A novel example is given, the
taxi maintenance problem, that embodies most of the features
of real world control problems for artefacts subjected to wear
and multiple faults. Research on POMDPs remains a very
active fields. Many recent advances allow to close the gap
between reality and its problems on one side, and representa-
tion and computational techniques on the other side. Let us
mention a few more very recent works in decision and control
in partially observable domains and that should be of interest
to the DX and FDI community. In[H. Itoh and K. Naka-
mura, 2007] is presented a version of the POMDP framework
with imprecise (intervals) parameters,[S. Rosset al., 2007]
similarly allows uncertain parameters but models and learns
them with Dirichlet distributions. Finally,[E. Brunskillet al.,
2008] mixes a dynamical model of a system’s dynamics (in
the form of differential equations) with the standard POMDP
framework, in what we believe is a necessary step for the ro-
bust and intelligent control of future machines.
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