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a b s t r a c t
The partially observable Markov decision process (POMDP) model of environments was first explored in
the engineering and operations research communities 40 years ago. More recently, the model has been
embraced by researchers in artificial intelligence and machine learning, leading to a flurry of solution
algorithms that can identify optimal or near-optimal behavior in many environments represented as
POMDPs. The purpose of this article is to introduce the POMDP model to behavioral scientists who
may wish to apply the framework to the problem of understanding normative behavior in experimental
settings. The article includes concrete examples using a publicly-available POMDP solution package.
© 2009 Elsevier Inc. All rights reserved.

1. Introduction
The goal of this article is to familiarize behavioral scientists with
the partially observable Markov decision process (POMDP) model
and some of the computational tools available for working with
these models. It steps through several concrete examples using a
publicly-available software package called ‘‘pomdp-solve’’.1
Both behavioral scientists and computer scientists study the interaction between decision makers or agents (whether animals,
people, computers, algorithms, or organizations) and environments (whether problems, puzzles, experimental apparatuses, or
ecological niches). A behavioral scientist takes the agent as given
and designs or controls an environment to gain insight into the behavior of the agent. To a behavioral scientist, ‘‘data’’ is concerned
with how the agent reacted to its environment. He will sometimes
engage in modeling of the agent to crystalize his understanding of
its dynamics. A behavioral scientist does not typically build models
of environments—to the extent that the environment is of interest,
it can often serve as its own model.
A computer scientist, in contrast, takes the environment as
given. She seeks to design and deploy an agent that produces
the best possible behavior for its environment. When a computer
scientist collects data, it is often measuring contingencies in the
environment with the goal of modeling or exploiting them for the
benefit of the agent. A computer scientist does not model the agent,
she creates it.
A POMDP model formalizes the interaction between agents
and environments, as shown in Fig. 1. As such, it is of equal

Fig. 1. The environment–agent interaction. The agent chooses action a, causing
a state transition that generates an observation z and reward r. The interchange
repeats after the agent chooses its next action—the figure illustrates one
architecture for choosing actions, discussed in a later section.

applicability in the behavioral- and computer-science settings.
However, the majority of algorithmic work in the POMDP setting
has been on the development of algorithms for ‘‘solving’’ a POMDP.
A solving algorithm takes a specification of an environment and
produces a specification of an agent that produces the best possible
behavior in that environment. Thus, solving algorithms implement
a computer-science agenda. Nevertheless, since the two agendas
are really two sides of a coin, I believe an introduction to POMDP
solution algorithms is valuable to behavioral scientists as well.
The next section introduces the POMDP model mathematically.
Section 4 provides some basics about solving POMDPs. The
Appendix presents a series of example environments and their
solutions. The final section concludes and mentions some current
research trends.
2. The POMDP model

E-mail address: mlittman@cs.rutgers.edu.
URL: http://www.cs.rutgers.edu/∼mlittman/.
1 Pomdp-solve was developed by Tony Cassandra and can be found online at
pomdp.org.
0022-2496/$ – see front matter © 2009 Elsevier Inc. All rights reserved.
doi:10.1016/j.jmp.2009.01.005

The POMDP model was introduced by Aström (1965) and
Smallwood and Sondik (1973) provided the first general algorithmic approaches a few years later. They generalize the Markov decision process model (Bellman, 1957) by incorporating the idea
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Fig. 2. An example environment (‘‘Light’’) where an agent needs to observe the
‘‘color’’ at the start location to correctly decide which way to turn at the branch to
obtain the +1 reward.

that decision makers might not be able to perfectly monitor
the world state. Several excellent algorithmic surveys have been
compiled (Lovejoy, 1991; Monahan, 1982; White, 1991). A more
technical version of this introduction can be found elsewhere
(Kaelbling, Littman, & Cassandra, 1998).
Before diving down into notation, let us begin with a concrete
example of an environment we might want to model. We will call
this environment ‘‘Light’’.
An agent is placed in a T -maze. A colored light, visible by looking
up from the starting position, is green if there is a reward in the
left arm of the maze and a punishment in the right arm. It is red
if there is a reward in the right arm and a punishment in the left
arm. After reaching the end of an arm of the maze, the subject
is returned to the beginning of the maze and the position of the
reward is randomized.
Producing a POMDP description of an environment requires
that we specify a finite set of states S, actions A, observations
Z , and functions detailing their relationships. One model of the
Light environment is to capture the T -maze itself with a set of 4
locations. The locations are labeled as start, branch, left, and right.
The actions move the agent through the maze. They are forward,
left, right, and look up.
From start, forward changes the location to branch. From
branch, left changes the location to left and right changes the
location to right. Action forward from locations left or right
terminate the trial. Actions not listed above result in no change in
location.
The agents’s state consists of its location (start, branch, left, or
right) and the location of the reward (rewardLeft or rewardRight)
for a total of 8 possible combinations. The rewards in the Light
environment are all zero except for +1 for taking action forward
from left–rewardLeft or right–rewardRight and −1 for taking
action forward from right–rewardLeft or left–rewardRight.
We can imagine that the agent can observe its location in the
maze and, when it takes action look up, it observes green from
start–rewardLeft and red from start–rewardRight. Note that the
fact that the agent does not simply know its state and must take
actions to gain state-related information is a hallmark of POMDPs
and the most important distinction from the better known Markov
decision process model Puterman (1994).
Fig. 2 illustrates the states, transitions, and observations for the
Light environment. A natural starting state for the environment
is 50–50 probability on start–rewardLeft and start–rewardRight.
An agent attempting to maximize its total reward in the Light
environment could execute the following rule. First, look up. If the
observation is green, go forward, left, forward. If the observation is
red, go forward, right, forward. This rule gets the maximum possible
total reward of +1 on every trial.
With a concrete example in mind, we can consider a more
abstract, mathematical description of POMDPs. In addition to the
S, A, and Z sets mentioned above, we also have three functions
relating elements of these sets to each other.
The transition function T relates states and actions to next
states. In particular, for every state s ∈ S, and s0 ∈ S, and every
action a ∈ A, T (s, a, s0 ) is a probability between zero and one

that captures the likelihood that taking
P action a 0from s results in
a transition to s0 . For all s and a,
s0 ∈S T (s, a, s ) = 1; that is,
T is a proper probability distribution over possible next states. If
the dynamics are deterministic, there will be some s0 for each s,
a pair such that T (s, a, s0 ) = 1 while all other states s00 will have
T (s, a, s00 ) = 0.
The reward function R relates states and actions to real-value
rewards. For every state s ∈ S, and s0 ∈ S and every action
a ∈ A, R(s, a, s0 ) is the expected reward for taking action a from
state s when the resulting state is s0 . In environments with a goal
state, it is natural to assign R(s, a, s0 ) = +1 if s0 is a goal and to
assign R(s, a, s0 ) = 0 (or a small negative reward) for all other
combinations. In many environments, reward is independent of
the resulting state or the selected action and the reward function
can be stated more succinctly in these cases.
The observation function O relates states and actions to
observations the agent receives. For every resulting state s0 ∈ S,
every action a ∈ A, and every observation z ∈ Z , O(a, s0 , z ) is
the probability the agent will observe zP
from taking action a and
transitioning to state s0 . For all s0 and a, z ∈Z O(a, s0 , z ) = 1; that
is, O is a proper probability distribution over possible observations.
If observations depend only on the state in which the agent arrives,
there will be some z for each a, s0 triple such that O(a, s0 , z ) = 1
while all other observations z 0 will have O(a, s0 , z 0 ) = 0. In many
environments, observations are independent of the selected action
and the observation function can be stated more succinctly in these
cases.
In environments with a known initial state distribution,
b0 provides information on the relatively likelihood of the
environment’s state. Specifically, for each s ∈ S, b0 (s) is the
probability
that the state in which the agent begins is state s. For
P
all s, s∈S b0 (s) = 1; that is, b0 is a proper probability distribution
over initial states. If the identity of the initial state is known with
certainty, there will be some s such that b0 (s) = 1 while all other
states s00 will have b0 (s00 ) = 0.
In the Light environment, any series of decisions from the
initial state results in either termination with a total reward of
+1, termination with a total reward of −1, or a non-terminal
sequence of 0 rewards. Consider a variation of the environment,
call it LightReward, in which there is a small reward, say +0.05,
for action look up in either start–rewardLeft or start–rewardRight.
Now, by sitting in the initial state and repeatedly executing the
look up actions, the agent receives an unbounded series of positive
rewards. If these rewards are simply summed up, the agent can get
an unboundedly large total reward.
The concept of discounting is often introduced to mitigate this
issue. That is, since an agent cannot realistically get an infinite
sequence of positive rewards, rewards in the distant future are
downweighted relative to rewards received in the near future.
More precisely, a discount factor 0 ≤ γ ≤ 1 controls the impact
of rewards as a function of their distance in the future. A reward
of r received t steps in the future counts as γ t r. So, if γ = 1,
reward values are simply summed—no discounting takes place. For
values of γ close to one, future rewards decay exponentially in
importance. For γ close to 0, only very near-term rewards count—
distant rewards end up being decayed to near-zero values. For
γ = 0, only immediate rewards matter and the future is ignored.
The value γ can be thought of as the probability that a trial will
be allowed to continue after each step. It also has connections to
interest rates in economic theory.
In the LightReward environment, repeatedly executing look up
from the start state results in total rewards
of 0.05 + γ 0.05 +
P
t
γ 2 0.05 + γ 3 0.05 + γ 4 0.05 + · · · = ∞
t =0 γ 0.05. Factoring
P∞ out
the constant reward value, this quantity is equal to 0.05 t =0 γ t .
P∞ t
Let X =
the sum and
t =0 γ . Note that, multiplying
P∞γ through
P
∞
t
t
rearranging terms we have γ X = γ
γ
=
=
t =0
t =0 γ γ
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Fig. 3. Comparison of the discounted value of two strategies (look-up and goal)
in the ‘‘LightReward’’ environment under varying discount factors. For extreme
discount factors, look-up is better and for intermediate ones, goal is superior.

P∞ t
γ t +1 =
t =1 γ . That is, it’s just X without the first term
γ = 1. So, γ X = X − 1. Solving for X , we get X = 1/(1 − γ ). That
means the infinite sequence of +0.05 rewards has a discounted
total of 0.05/(1 − γ ), which is finite as long as γ < 1.
P∞
0

t =0

Consider the impact of discounting on the LightReward environment. There are two sensible strategies in the environment—
always look up (‘‘look-up’’) or look up once and proceed to the
correct arm (‘‘goal’’). The look-up strategy has a discounted total
reward of 0.05/(1 − γ ), as just described. The goal strategy obtains rewards of 0.05 on the first step and +1 on the fourth step,
meaning its discounted total is 0.05 + γ 3 . Fig. 3 compares the discounted total reward of these two strategies as a function of the
discount factor γ . For low discount factors (0 to about 0.2599), the
+1 reward is too distant, and look-up results in a higher total. For
high discount factors (around 0.9439 and above), the discounted
sum of the 0.05 reward values makes look-up result in a higher total. However, for intermediate discount rates, the agent is better
off with goal. This example illustrates the impact of the choice of
discount factor on optimal behavior.
3. Tracking belief states
In developing algorithms that compute optimal behavior given
a specification of a POMDP environment, there are a number
of important concepts. This section describes belief states, which
allow us to encapsulate the knowledge an agent can glean about
its state from interacting with the environment.
To develop this concept, let us return to the Light environment
from the previous section. The environment consists of 9 states,
which we can order (arbitrarily) as:

•
•
•
•
•
•
•
•
•

start–rewardLeft
branch–rewardLeft
left–rewardLeft
right–rewardLeft
start–rewardRight
branch–rewardRight
left–rewardRight
right–rewardRight
done

The initial state distribution b0 assigns a probability of 0.5 to
each of the states at the starting location. We can write this function as a 9-position vector: [0.5 0.0 0.0 0.0 0.5 0.0 0.0 0.0 0.0].
This vector can be thought of as a state-occupation vector in that
it captures the relative likelihood of each possible current state. It
is also sometimes called a belief state because it summarizes the
agent’s knowledge of its current situation.
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Let us explore what happens to the belief state after each
possible action. From the two states with non-zero probability, the
actions left and right have no effect so the likelihood of occupying
each of the states remains unchanged—the new belief state is the
same as b0 . On the other hand, the action forward moves the
location from start to branch, so state start–rewardLeft transitions
to branch–rewardLeft and state start–rewardRight transitions to
branch–rewardRight. As a result, after the forward action, the new
belief state can be written [0.0 0.5 0.0 0.0 0.0 0.5 0.0 0.0 0.0].
By similar reasoning, following this action with right will leave
the agent in right–rewardLeft or right–rewardRight with equal
probability. Thus, the belief state is [0.0 0.0 0.0 0.5 0.0 0.0 0.0 0.5
0.0]. The action forward will now end the trial with a transition to
done and a reward of +1 if the state is right–rewardRight and −1 if
the state is right–rewardLeft. Since these two outcomes are equally
likely, the expected (average) reward is 0.
Alternatively, let us consider how the initial belief state b0
changes under the influence of the look up action. If the state
is start–rewardLeft (probability 0.5), this action will have the
effect of not changing the state and providing the observation
green. If the state is start–rewardRight (probability 0.5), the action
will have the effect of not changing the state and providing the
observation red. So, there is a 50% chance of seeing red and a
50% chance of seeing green. If red is observed, the underlying
state must be start–rewardRight. So, even though the location of
the agent has not changed, the belief state should be modified
to reflect this new information. The new belief state should be
[0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0].
Now, taking actions forward then right results in transitions that
leave the agent in right–rewardRight, corresponding to belief state
[0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0 0.0]. Again, action forward ends
the trial, but now the reward for this action is +1.0. Thus, taking
the look up action ultimately changed the payoff of the forward
action by changing the agent’s belief state—its knowledge of its
current state. Of course, this discussion only considered the effect
on the belief state of look up producing observation red. With 50%
probability the agent will observe green, resulting in a belief state
of [1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0].
Although belief state updates were presented above as a
kind of reasoning problem, the updates have a consistent and
mathematically simple form so they can be updated mechanically.
The sequence of events when an action is chosen is that the current
state makes a transition, based on the transition function, then
an observation is selected based on the resulting state, then the
state likelihoods are updated based on the received observation.
So, what is the probability of observing z ∈ Z after taking action
a ∈ A from belief state b? Since the current state is s ∈ S
with probability b(s), the following state will be s0 ∈ S with
probability T (s, a, s0 ) and the observation z will then be received
with probability O(a, s0 , z ), the total probability of observing z is:
pz =

X

b( s)

X

T (s, a, s0 )O(a, s0 , z ).

(1)

s0 ∈S

s∈S

Now that we observed z, how do we update the belief state to a
new belief state b0 that reflects the fact that the agent took action
a and made an observation z? The probability assigned to state s0
in the new belief state should reflect the likelihood of ending up
in state s0 (by virtue of the likelihood of all possible initial states
and their likelihood of transitioning to s0 ) and the likelihood that
the transition would produce observation z. Finally, since the belief
state needs to be a valid probability distribution over states, we
must normalize the entries of the belief state so they sum to one
by dividing by the likelihood of the observation z:
b0 (s0 ) =

X
s∈S

b(s)T (s, a, s0 )O(a, s0 , z )/pz .

(2)
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We can also express the expected reward obtained for taking action
a ∈ A from belief state b. We simply average the reward over
possible states and next states weighted by their probabilities:
ra =

XX

b(s)R(s, a, s0 ).

(3)

s∈S s0 ∈S

By being able to track belief states as actions are chosen
and observations made, quantify the likelihood of different
observations, and express the expected rewards received due to
action choices, we can now reason about the expected reward for
various courses of action. The next section summarizes a particular
approach to using this knowledge to select actions optimally.
4. Solving POMDPs
This section describes the use of dynamic programming to
compute value functions over belief states en route to defining
optimal behavior.
First, let us consider behaving optimally in a restricted setting
in the Light environment. Let us say the current belief state is b
and the agent is only allowed to take one action. We want it to get
the most reward it can, on average, in this one step. The expected
reward for selecting action a ∈ A from belief state b is, rewriting
Eq. (3),
Q1 (b, a) =

X

b(s)

s∈S

X

R(s, a, s0 ).

s0 ∈S

Thus, the expected reward for action a is a linear function of the
belief state b. The best action to chose from belief state b is the one
that leads to the highest value of Q1 (b, a). Simple enough.
Let us define V1 (b) to be the value obtained by choosing the best
action as a function of b in this one-step version of the problem.
It follows that V1 (b) = maxa Q1 (b, a). Since each of the Q1 (b, a)
functions is a linear function of b, the function V1 (b) is piecewise
linear and convex; that is, it is the maximum over a finite set of
linear functions.
The V1 (b) function tells us, essentially, how good it is for the
agent to be in belief state b given that it has one step to gather
all the reward it can. It is sometimes called the one-step value
function. We can use the one-step value function to decide the
best course of action to adopt given that the agent has two steps
to gather all the reward it can.
Specifically, let us say that b is the belief state and the agent can
act for two steps. If action a is chosen on the first step, the agent
Eq. (3) gets an immediate reward of
ra =

X
s∈S

b(s)

X

R(s, a, s0 ).

s0 ∈S

In addition to this reward, the action always results in a transition
to a new belief state b0 , depending on the observation that is
received. This observation will be z with probability pz defined
in Eq. (1) and the resulting belief state in this case is b0 defined
in Eq. (2). Choosing the last action optimally from b0 results in an
expected reward of V1 (b0 ).
Putting these pieces together mathematically, the expected
reward for choosing action a from belief state b and then making
the best one-step decision from the resulting belief state is:
Q2 (b, a) = ra + γ

X

pz V1 (b0 ).

(4)

z ∈Z

Because V1 is piecewise linear and convex and because the pz factor
is used to normalize b0 and also weight the resulting value, it can
be shown that this Q2 function is also piecewise linear and convex.
Similarly, defining V2 (b) = maxa∈A Q2 (b, a) as the expected value
for taking the best two-step strategy from belief state b, we find
that this value function, too, is piecewise linear and convex.

The details of the form of these functions have been detailed
elsewhere (Cassandra, Littman, & Zhang, 1997; Smallwood &
Sondik, 1973; Sondik, 1971; White & Scherer, 1989) and are
beyond the scope of this tutorial. However, it is important to note
that the transformation of V1 to V2 can be applied inductively. That
is, if we have the (piecewise linear and convex) value function Vt (b)
represented by a set of linear functions that captures the expected
value of the optimal t-step strategy starting from belief state b,
we can construct Vt +1 the (piecewise linear and convex) value
function that captures the expected value of the optimal (t + 1)step strategy starting from belief state b. This insight is the essence
of exact finite-horizon POMDP algorithms.
As t grows, the complexity of Vt (b) (as measured by the total
number of linear functions needed to represent it) can grow
fast (but not more than doubly exponentially in t). So, for some
environments, solving the POMDP can be intractable for all but the
smallest values of t.
Perhaps even worse, the number of linear functions can
continue to grow without bound. In particular, when the optimal
policy is not ‘‘finitely transient’’ (Sondik, 1978), an infinite number
of linear functions is needed to capture the optimal value
function in the infinite horizon. Although no one has been able
to characterize precisely when infinite-horizon policies can be
finitely represented, some algorithms search directly in the space
of approximately optimal finite-state controllers to mitigate this
problem (Hansen, 1997; Poupart & Boutilier, 2003).
So, whereas we would like to know how to direct the agent to
behave optimally with an unbounded number of steps, we end up
having to satisfy ourselves with behavior that is, at best, optimal
only for a fixed window (horizon).
While the worst-case situation is rather bleak, many environments are considerably easier to work with. The Appendix steps
through a few simple examples in sufficient detail that the interested reader should be able to replicate the experiments.
5. Conclusions
Partially observable Markov decision processes (POMDPs) generalize Markov decision processes (Bellman, 1957; Puterman,
1994) to environments in which sensing and state are decoupled (Aström, 1965). Such problems are extremely common in the
behavioral sciences because the discovery of the unknown is such
a central theme.
The literature is replete with practical and engineering problems that have been cast as POMDPs and whose solutions have
provided useful insights. Cassandra (1998) provides references
to many interesting examples including cost control in accounting, corporate structure internal audit timing, learning processes,
teaching strategies, moving target search, fishery policies, electric distribution network troubleshooting, questionnaire design,
behavioral ecology, and elevator control. More recent examples from the artificial-intelligence community include robot
navigation (Simmons & Koenig, 1995), dialogue control (Roy,
Pineau, & Thrun, 2000), aiding disabled people (Boger et al.,
2005), trust/reputation reasoning (Regan, Cohen, & Poupart, 2005),
planetary rover control (Zilberstein, Washington, Bernstein, &
Mouaddib, 2002), and map learning (Murphy, 1999).
The last few years has seen a growth of interest in understanding POMDPs theoretically and empirically and in extending the
model to even richer interactions. Theoretically, we now know that
solving POMDPs exactly is actually impossible in the worst case—a
completely general exact algorithm could be used to solve the halting problem (Madani, Hanks, & Condon, 1999). However, progress
has been made in developing more robust approximation methods. Of particular note is the family of point-based methods, which
have proven themselves adept at attacking POMDP models too
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complex for exact approaches (Pineau, Gordon, & Thrun, 2003;
Spaan & Vlassis, 2005).
Two recent threads concern environment models inspired
by work on POMDPs. One, predictive state representations or
PSRs (Littman, Sutton, & Singh, 2002; Singh, James, & Rudary,
2004), describes an equally expressive model for partially observable environments that eschews states and instead represents environments using predictions of future observation sequences. The
goal of this work has been to develop a representation that makes
the learning of environment structure more direct. The second
is a distributed model of decision making, suitable for execution
by coordinated teams of agents. One prominent example is that
of decentralized POMDPs, or DEC-POMDPs (Bernstein, Zilberstein,
& Immerman, 2000). Like POMDPs, these models provide a concrete mathematical formalism for talking about environments of
interest to researchers in artificial intelligence. Although they are
considerably younger than POMDPs, they have quickly attracted
attention and a steady flow of empirical and theoretical results has
been generated (Bernstein, Hansen, & Zilberstein, 2005).
All in all, the computational work on POMDPs has matured
rapidly and a suite of tools is now available for exploring individual
POMDP environments. We would love to see these tools put to use
in the service of important problems in the behavioral sciences.
Appendix. Example POMDP details
In this section, I step through the process of applying the
pomdp-solve code to a few simple POMDPs. I will assume some
familiarity with UNIX in what follows. The POMDP issues I describe
transcend the details of the operating system, but having a
concrete example makes it considerably easier to avoid vacuous
generalities.
For this demonstration, I obtained the code from the pomdp.org
website; specifically, I did:
wget http://pomdp.org/pomdp/code/pomdp-solve-5.3.tar.gz
gunzip pomdp-solve-5.3.tar.gz
tar xf pomdp-solve-5.3.tar.gz
The pomdp-solve code seems to work well on a variety of
systems. To compile it, I ran:
./configure
make
Now, we need a POMDP specification to test things out.
The POMDPs I describe can be downloaded from my website:
http://www.cs.rutgers.edu/~mlittman/topics/jmp07/.
The file Light.POMDP, repeated in Fig. 4, provides a specification
of the Light environment described in Section 2.
The pomdp-solve documentation provides a detailed specification, but it may help to briefly outline the content of this file. After
a few comments, the header of the file begins. It includes a specification of the discount factor, a list of the nine states in the environment (I changed start to startx because ‘‘start’’ is a reserved word
in this format), a list of the four actions in the environment, and a
list of the 6 observations. The ‘‘start include’’ specification gives the
initial belief state, which is equiprobable on the two states listed.
Next, the file gives the transition probabilities (lines beginning
with ‘‘T’’) for the four actions. To a first approximation, all actions
are the identity matrix—they incur no change in state. The file
then lists the exceptions—the state–action pairs that result in nonidentity transitions. Here, the transitions closely follow the textual
description given earlier.
After the transitions, the file lists the observation information in
a set of lines marked with ‘‘O’’. The first block of lines basically says
that the agent can see its current location for all actions. A second
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block provides the observations made when the look up action is
chosen.
Finally, the last four lines provide the reward function (unlisted
rewards are taken to be zero). These lines begin with ‘‘R’’ and say
that the forward action at the end of the maze can provide either
+1 or −1, depending on which T -maze the agent is in.
I copied this file to my current directory via:

wget http://www.cs.rutgers.edu/~mlittman/topics/
jmp07/Light.POMDP
Then, I ran pomdp-solve on this file:

pomdp-solve-5.3/src/pomdp-solve -pomdp Light.
POMDP
The solver ran for 6 iterations, or ‘‘epochs’’, producing
representations of the value functions V1 through V6 . After 6 steps,
the solver realized that further iterations would not result in any
changes—that is, V6 = V7 = V8 = · · · because additional steps
in this environment cannot increase the expected reward. It then
wrote out two files, Light-27111.alpha and Light-27111.pg (the
‘‘27111’’ is essentially a random code—rerunning the algorithm
will produce files with different names).
Section 4 explained that V6 is piecewise linear and convex—it
is the maximum of a set of linear functions over belief states. The
file Light-27111.alpha contains the twenty-two linear functions
needed to solve this problem. These linear functions are sometimes
called α -vectors, hence the name of the file. Each occupies three
lines in the file. The first line for each function is the action that is
optimal to choose from all belief states where this linear function is
larger than the others. The actions are listed as numerical indices in
the order given in the Light.POMDP file (0 = forward, 1 = left, 2 =
right, and 3 = look up). The second line for each function is the
coefficient of the function itself—one for each state, listed in the
same order as they appear in the Light.POMDP file. The third line
is blank.
We can use the vectors in Light-27111.alpha to determine the
optimal action to take from any belief state. For example, from the
belief state where start–rewardright start–rewardleft (the first two
states listed in the file) are equally likely, we can average the first
two coefficients of each function to see which is largest. Here is
how we might ask which function is largest for this belief state:

awk ’{ if (FNR % 3 == 2) {print (FNR-2)/3, $1 * .5
+ $2*.5}}’ Light-27111.alpha
| sort +1rn | head -1
It returns ‘‘13 0.857375’’, meaning the 14th function (numbered
from zero) assigns a value of 0.857375 to this belief state. Note that
this value is precisely what we would expect, since the optimal
policy reached the +1 state after 3 steps. With the discount factor
set to 0.95, that is +1 × 0.953 = 0.857375. What action is the
right action to take first from this belief state? We can count 14
functions down in the file, or note that:

awk ’{ if (FNR % 3 == 1) {print (FNR-1)/3, $1}}’
Light-27111.alpha
says that line number 13 is associated with Action 3 (look up, as
expected).
In this example, a finite set of linear functions was sufficient
to capture the optimal strategy. In some environments, no finite
number is sufficient. In this case, the pomdp-solve program would
have continued running until terminated by control-C. At this
point, it would have written out a representation of the last
complete value function it computed, which would be exact for the
corresponding horizon.
The other file that is created by the pomdp-solve program, in
those cases when the solution process converges, is the ‘‘pg’’ file,
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Fig. 4. A pomdp-solve specification for the Light POMDP.

Light-27111.pg in this case. The file consists of 22 lines, one for
each linear function. The functions are aligned with those in the
Light-27111.alpha file. Each line consists of the function number
(starting from zero), the optimal action for that function, and then
one number for each observation (listed in the same order as they
appear in the Light.POMDP file).
The lines in this file constitute a policy graph. That is, they can
be interpreted as a finite-state machine that chooses actions as a
function of observation histories. For example, line number 13 says

13 3

0 1 0 1 0 21

This line says that, starting from this node in the graph
(corresponding to the linear function that we previously found to
be optimal from the initial belief state), the agent should choose
action 3 (look up). Then, if it sees observations 0, 2, or 4 (startx, left,
or start-green), the agent should next move to node 0 of the graph.
If it sees observations 1 or 3 (right or branch), the agent should next
move to node 1 of the graph. Finally, if it sees observation 5 (startred), the agent should next move to node 21 of the graph. Although
the graph has 22 nodes, only five are reachable from this starting

node. Fig. 5 depicts that piece of the policy graph, as encoded by
the file. The policy graph is essentially a flowchart that captures
the optimal actions to take as a function of the observations made.
The initial node (node 13) is marked with a heavy arrow. Each node
is labeled with the optimal action to take from that node. The edges
are labeled with observations that indicate which node to visit next
as a function of the observation received. Although many graphs
capture the same simple policy in this case, pomdp-solve returns
one derived from considering all possible starting belief states, b0 .
Tracing out the choices made by the policy graph, we can see
that it indeed encodes the optimal policy. It chooses look up, first.
Then, if it sees start-red, it executes forward (and sees branch), right
(and sees right), forward (and sees startx meaning done in this
case). It repeats the last action indefinitely. However, if it sees startgreen after the first action, it executes forward (and sees branch),
left (and sees left), and forward (and sees starts). Again, it repeats
the last action indefinitely.
I created three versions of the LightReward environment, one
for a low discount factor of 0.25 (LightReward-low.POMDP), one for
a medium discount factor of 0.75 (LightReward-med.POMDP), and
one for a high discount factor of 0.85 (LightReward-high.POMDP).
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you to try your own examples and explore the many rich and
interesting possibilities that arise.
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Fig. 5. The optimal policy for the Light environment expressed as a policy graph.

Otherwise, the only difference between LightReward.POMDP and
Light.POMDP is the addition of two lines at the end:

R: lookup : * : * : * 0.05
R: lookup : done : * : * 0
These lines say that the look up action gives a reward of 0.05, except
in the done state.
I ran pomdp-solve on the low-discount version:

pomdp-solve-5.3/src/pomdp-solve -pomdp
LightReward-low.POMDP
and then repeated it with the other two files.
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the policy graph results in a transition to node 7 independent of
whether start-green or start-red is observed. Node 7 also selects
look up and transitions back to itself. So, the optimal policy is to
select look up on every step (.05/(1 − .25) = 0.0666667), as predicted.
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The solution from the initial state is quite similar to that of
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The purpose of these examples is to examine some of the
issues that arise when automated POMDP solutions algorithms
are applied in some simple environments. I hope they encourage
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