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Abstract Partially observable Markov decision processes (POMDPs) provide a principled
framework for modeling an agent’s decision-making problem when the agent needs to consider noisy state estimates. POMDP policies take into account an action’s influence on the
environment as well as the potential information gain. This is a crucial feature for robotic
agents which generally have to consider the effect of actions on sensing. However, building
POMDP models which reward information gain directly is not straightforward, but is important in domains such as robot-assisted surveillance in which the value of information is hard
to quantify. Common techniques for uncertainty reduction such as expected entropy minimization lead to non-standard POMDPs that are hard to solve. We present the POMDP with
Information Rewards (POMDP-IR) modeling framework, which rewards an agent for reaching a certain level of belief regarding a state feature. By remaining in the standard POMDP
setting we can exploit many known results as well as successful approximate algorithms. We
demonstrate our ideas in a toy problem as well as in real robot-assisted surveillance, showcasing their use for active cooperative perception scenarios. Finally, our experiments show
that the POMDP-IR framework compares favorably with a related approach on benchmark
domains.
Keywords Active cooperative perception · Planning under uncertainty for robots · Partially
observable Markov decision processes

1 Introduction
A system of networked mobile and static sensors can substantially improve situational awareness compared to a single sensor or a network of static sensors. However, the benefit of mobile
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Fig. 1 Example of a robot cooperating with a camera network for a person localization and b identification

sensors is maximized if actions, such as positioning a mobile sensor, are carefully planned
and executed [55]. In our work, we consider the problem of planning in networked robot
systems (NRS), in which mobile robots carrying sensors interact with each other as well as
with static sensors present in the environment to accomplish certain tasks [44] (as illustrated
in Fig. 1). For instance, in a shopping mall, we can consider a NRS where cameras detect
humans in need of help, but also detect a fire eruption or an abnormal activity which requires
assistance. Robots might be used both to improve the confidence of event detection and to
provide assistance for any of the above situations.
1.1 Problem description
We take a comprehensive approach to this problem, denoted here as active cooperative perception (ACP) [50]. In our context, cooperative perception refers to the fusion of sensory
information between the fixed surveillance cameras and each robot, with the goal of maximizing the amount and quality of perceptual information available to the system. Active
perception means that an agent considers the effects of its actions on its sensors, and in
particular it tries to improve their performance. This can mean selecting sensory actions, for
instance pointing a pan-and-tilt camera or choosing to execute a computationally expensive
vision algorithm. Other effects might require reasoning about the future, such as adjusting a
robot’s path planning: given two routes to reach a goal location, take the more informative
one, for instance. Combining the two concepts, active cooperative perception is the problem
of active perception involving multiple sensors and potentially multiple cooperating decision
makers.
There are many benefits of cooperation between sensors, in particular when some are
mobile. An obvious advantage is that a mobile sensor can move to regions in which fixed
sensors have no coverage. However, even when such coverage exists, it might not be sufficient,
as illustrated in Fig. 1. First, while a person might be observed by a surveillance camera
(Fig. 1a, where the uncertainty of the camera’s measurements is indicated in green), additional
sensor readings by the robot (blue) result in a more precise estimate of the person’s location
(red). Second, often not all relevant visual features required for person identification might
be reliably detected by the fixed sensors (Fig. 1b), in which case the up-close and adjustable
field of view of a mobile sensor can provide the required extra information.
1.2 A decision-theoretic approach
Our approach is based on decision-theoretic principles, in particular on discrete Partially
Observable Markov Decision Processes (POMDPs) [23]. POMDPs form a general and pow-
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erful mathematical basis for planning under uncertainty, and their use in mobile robotic
applications has increased [13,14,55,57,62]. POMDPs provide a comprehensive approach
for modeling the interaction of an active sensor with its environment. They model the uncertainty in action effects and state observations and express the (possibly multiple) goals of
the system by rewards associated to (state, action) pairs. Based on prior knowledge of the
stochastic sensor models and of the environment dynamics, we can compute policies that tell
the active sensor how to act based on the observations it receives.
In active cooperative perception, the goal is typically to increase the available information by reducing the uncertainty regarding the state of environment. In a POMDP, if more
information improves task performance, its policy will take information-gaining actions. For
instance, a better self-localization estimate for a mobile sensor will improve the quality of
fusing its information in the global frame with other sensors’ information (Fig. 1a) or lowered
detection uncertainty of an event reduces the risk of a false classification (Fig. 1b). However,
optimal policies only include informative actions if those are beneficial to the task: if in the
scenario of Fig. 1b the objective is to count the number of people in the room (instead of
identifying them), the robot will not be dispatched to confirm their identity.
In a traditional POMDP model, state-based rewards allow for defining many tasks, but
do not explicitly reward information gain. Directly rewarding information gain is often of
interest in systems in which the POMDP’s state estimate is used as input for a higher-level
decision maker (which is not modeled as a POMDP), for instance a human supervisor whose
preferences can be hard to quantify. One approach is consider non-standard POMDP models
for this purpose, where the rewards are belief-based instead of state-based [27,29,56]. When
rewards are defined for instance as the negative entropy of the belief state, the POMDP is nonstandard and the optimal value function is no longer linear. The ρPOMDP framework [3,4]
generalizes the POMDP framework and defines a reward function directly in terms of belief
states and actions. It is based on the observation that, although many types of belief-based
rewards are not PWLC and cannot be directly used in traditional POMDP solvers, if they
are convex they can be approximated by PWLC functions. This makes it possible to extend
traditional solvers with a bounded error, as long as the approximation of the reward function
is bounded.
Considering finite and discrete models allows us to compute closed-loop non-myopic solutions. The difficulty of solving continuous-state POMDPs in closed form has obstructed their
solution, leading for instance to open-loop feedback controllers [48], or requiring additional
model assumptions [10,36]. MDP-based heuristic solutions will not work in ACP scenarios,
as they do not reason about future belief states, which is crucial for ACP. For instance, one
such heuristic, Q MDP [28], which is popular in robotics, assumes that any uncertainty in the
belief is resolved in a single time step. True POMDP methods, however, provide a principled
approach to integrating value of information with other costs or rewards, optimizing task
performance directly.
Decision theory also provides a good framework to model multi-objective problems [39].
The reward function can depend on different sets of state variables, which allows us to model
different objectives in a single problem and assign each goal a different preference. Defining
preferences in information-gain problems might be desirable, if the system designer gives
more importance to information about some features in the environment than others, or if
he needs more certainty about some features. In particular, we focus on scenarios in which
the system has to balance regular task objectives with information objectives. In such cases,
optimal policies have to trade off these multiple objectives. We assume that the multiple
objectives can be scalarized by a linear combination of the reward functions associated with
each objective.
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1.3 Contributions
We present a POMDP-based framework, dubbed POMDP-IR (for POMDP with Information
Rewards), which can serve for many ACP tasks in NRS. The core idea is that we can reward
the agent for reaching a certain level of belief regarding a state feature, at the cost of extending
the action space. Each time step the agent chooses not only a domain-level action to execute
but also it can select a commit action asserting that it believes a state feature to be true (in case
of binary state factors). These commit actions have no effect on the state of the environment
whatsoever, but only serve to allow the system designer to reward the agent for reaching
a particular level of knowledge regarding a state factor of interest. By carefully balancing
the reward an agent receives for correctly and incorrectly selecting commit actions, we can
induce the agent to exhibit information-seeking behavior. We show how these information
rewards have to be set based on a desired level of relative belief entropy (for instance).
The POMDP model has been used before to address information-gain tasks such as
sensing [22] or spoken dialog systems [61]. However, we provide a framework to balance
information-gain objectives with other tasks. In particular, we provide a principled way for
the user to specify the degree of certainty regarding a state feature the agent should aim to
reach. Furthermore, we show the effect on the behavior that such choices have, providing
insight into the tradeoff between seeking information and completing concurrent tasks.
The benefit of the POMDP-IR framework is that we can reason about beliefs over certain
features in the environment without leaving the classic POMDP framework. By remaining
in the standard POMDP setting we can exploit many results that are known as well as successful approximate algorithms that have been developed. In this sense, our contributions are
independent of the particular POMDP planner used. Furthermore, existing POMDP models
can be easily augmented with information rewards to capture information-gain objectives.
We demonstrate the POMDP-IR framework in several experimental settings. First, we
use a toy problem to illustrate the effect of choosing different parameter settings. Second,
we compare our modeling framework with the ρPOMDP framework which also targets
information gain in POMDPs. We show that on their benchmark problems we obtain better
information-gain results. Third, we perform simulation experiments in a larger robot-assisted
surveillance setting, in which a robot assists a network of surveillance cameras to identify a
person, as illustrated in Fig. 1b. Fourth, we illustrate the applicability of a slightly modified
framework on a real robotic system by showcasing it on a mobile robot and 5 cameras.
1.4 Outline
The paper is organized as follows. In Sect. 2 we provide some background on POMDPs
and their solution methods, with a focus on factored models, which are crucial to ensure
scalability. Section 3 introduces the active cooperative perception problem, followed by the
introduction of the POMDP-IR framework in Sect. 4. Section 5.1 shows how the POMDP-IR
framework can be applied to a simple toy problem and Sect. 5.2 provides experimental results
comparing with ρPOMDPs [3]. Next, in Sect. 6 we present a case study with simulated and
real-robot results in a robot-assisted surveillance setting. Section 7 discusses related work,
and finally, in Sect. 8 we draw our conclusions and present future work.
2 Background
We provide the required background on the POMDP model and solution concepts as well as
a short introduction to factored POMDP models.
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2.1 Partially observable Markov decision processes
We introduce the POMDP model [23] on which our work is based. A POMDP models the
interaction of an agent with a stochastic and partially observable environment, and it provides
a rich mathematical framework for acting optimally in such environments. A more detailed
overview of POMDPs and their solution algorithms is provided by Spaan [51].
A POMDP can be represented by a tuple S, A, O, T, , R, h, γ . At any time step the
environment is in a state s ∈ S, the agent takes an action a ∈ A and receives a reward R(s, a)
from the environment as a result of this action, while the environment switches to a new
state s  according to a known stochastic transition model T : p(s  |s, a). After transitioning
to a new state, the agent perceives an observation o ∈ O, that may be conditional on its
action, which provides information about the state s  through a known stochastic observation
model  : p(o|s  , a). The agent’s task is defined by the reward
receives at each time step t
ith−1
and its goal is to maximize its expected long-term reward E[ t=0
γ t R(st , at )], where h is
the planning horizon, and γ is a discount rate, 0 ≤ γ < 1.
Given the transition and observation model the POMDP can be transformed to a beliefstate MDP: the agent summarizes all information about its past using a belief vector b(s).
The initial state of the system is drawn from the initial belief b0 , and every time the agent
takes an action a and observes o, its belief is updated by Bayes’ rule:
p(o|s  , a) 
p(s  |s, a)b(s),
p(o|a, b)

bao (s  ) =

(1)

s∈S

where



p(o|a, b) =

p(o|s  , a)

s  ∈S



p(s  |s, a)b(s)

(2)

s∈S

is a normalizing constant.
2.2 POMDP policies
In a POMDP, a policy π can be characterized by a value function V π : (S) → R which is
defined as the expected future discounted reward V π (b) the agent can gather by following
π starting from belief b:
π

V (b) = E π

h−1




 0
γ R(b , π(b ))b = b ,
t

t

t

(3)

t=0


where R(bt , π(bt )) = s∈S R(s, π(bt ))bt (s). A policy π which maximizes V π is called
an optimal policy π ∗ , the value of which is defined by the optimal value function V ∗ . The
optimal value function satisfies the Bellman optimality equation V ∗ = H V ∗ , where H is the
Bellman backup operator for POMDPs:
V ∗ (b) = max
a∈A


s∈S

R(s, a)b(s) + γ




p(o|b, a)V ∗ (bao ) ,

(4)

o∈O

with bao given by (1), and p(o|b, a) as defined in (2). Solving POMDPs optimally is hard,
and thus algorithms that compute approximate solutions are often used [21,37,53].
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2.3 PWLC value functions
Many of the exact and approximate algorithms exploit the fact that the finite-horizon POMDP
value function is piecewise linear and convex (PWLC), which allows for its compact representation. Next we provide the intuition why a POMDP value function has a PWLC shape.
If the agent has only one time step left to act, we only have to consider the immediate reward
and (4) reduces to:


V0∗ (b) = max
R(s, a)b(s) .
(5)
a

s

We can view R(s, a) as a set of |A| vectors α0a , where α0a (s) = R(s, a). Now we can rewrite
(5) as follows:

V0∗ (b) = max
α0a (s)b(s),
(6)
a

s

b · α0a ,
= max
a
{α0 }a

(7)

where (·) denotes inner product. In summary, we view the immediate reward as a vector α0a
for each state and (7) averages α0a with respect to the belief b. As averaging is a linear operator
and V0∗ consists of |A| linear vectors α0a , it is piecewise linear. Since the value function is
defined as the upper surface of these vectors, due to the max operator, V0∗ is also convex. In
the general case, we parameterize a value function Vn at stage n by a finite set of vectors or
hyperplanes {αnk }. The value of a belief b is given by
Vn (b) = max b · αnk .
{αnk }k

(8)

2.4 Factored POMDP models
As is common in the literature on real-world POMDPs [7,55], we considered factored
POMDP models, which allow for exploiting structure by representing models in a twostage dynamic Bayesian network (DBN) representation [8,20]. In this case the state space is
factored as follows (and the observation space can be factored in a similar fashion):
S = X1 × X2 × · · · × Xi × · · · × Xk ,

(9)

where X i denotes a state factor. For instance, the person localization problem illustrated by
Fig. 1a could be modeled using 2 state factors: the person’s location and the robot’s location.
When the robot also needs to keep track of the identity of a person (Fig. 1b), a state factor
modeling the person’s features should be added. Using a factored representation is computationally convenient, but is often a simplification of the environment. For instance, in our
robot experiments we assume that the transitions of robot and people are independent, but the
robot’s trajectories depend on obstacles it encounters, including people. Generally speaking,
in the domains that we consider the ability to solve larger problem domains outweighs the
loss of modeling accuracy.
Subsequently, rewards can depend on subsets of state factors, and the reward can be defined
as

R(S, A) =
R(Y j , A),
(10)
j

where Y j is a subset of the state factors that make up S. As defined in Sect. 2.1, in a standard
POMDP rewards depend on state-action pairs. Assuming for the moment that each reward
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component depends on a single state factor, this translates to pairs of state factors and actions
in the factored case:
R : X i × A → R,
(11)
and for a given belief bi over a state factor X i ,1 the POMDP considers the expected reward:
R(bi , a) =



bi (xi )R(xi , a).

(12)

xi ∈X i

This linear reward function leads to linear value functions, as described in Sect. 2.3.

3 Active cooperative perception
Next, we introduce the intuition behind our new approach to active cooperative perception
with POMDPs. We start by discussing how information gain is used in classic POMDPs,
followed by an example of how we envision active cooperative perception in our framework.
3.1 Information gain in POMDPs
Regular state-based rewards allow for defining many tasks, but do not explicitly reward
information gain [50]. However, if more information improves task performance, a POMDP
policy will take information-gaining actions. For instance, a better self-localization estimate
can help a robot to navigate faster to a certain destination. Indeed, a key point of the POMDP
framework is that it will only reduce uncertainty when it is beneficial for task performance, but
not for information gain per se. Araya-López et al. [4] note that “One can argue that acquiring
information is always a means, not an end, and thus, a “well-defined” sequential-decision
making problem with partial observability must always be modeled as a normal POMDP.”
They observe that in some applications, such as surveillance tasks or the exploration of a
particular area, it is not clear how the information will be used by whoever is designing the
system.
For instance, we may explicitly model the classification of a particular target as an objective, which induces a well-defined state-based task [19]. If we consider a more general surveillance setting, considering non-standard POMDP models could be beneficial. In particular,
often no model will be available of how human operators evaluate and act upon the output
of a surveillance system. Without a detailed description of all the surveillance objectives the
problem cannot be cast as a well-defined POMDP. In such cases, the proposed methodology
can be used to actively reduce uncertainty regarding certain important state features.
It is important to note that in many applications the user of the system might not be
interested in reducing uncertainty in general, but only with respect to some features in the
environment. For instance, consider the examples presented in Fig. 1, in which a robot
provides information to either localize a target more accurately or to identify a person. In
both cases, the robot’s own location might be uncertain as well, but that is irrelevant to the
user of the system.
1 Maintaining a factorized but exact belief state is typically not desirable for reasons of tractability, but bounded

approximations are possible [9] in which the exact belief b is approximated by the product of marginals over
individual state factors bi . This is a common approach in factorized POMDP solving [37].
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Fig. 2 Patrol example. a Illustration of the problem, showing a corridor of length 3, a robot which has to travel
between two goal nodes (marked by stars) and an alarm device in the middle. b Dynamic Bayesian Network
representation of the problem with state factors Y = robot position, C = alarm color and G = current goal.
The shaded nodes indicate the POMDP-IR additions to the model

3.2 Running example: Patrol
To clarify the concepts presented in this section we include a small illustrative example,
shown in Fig. 2a, dubbed Patrol. Imagine that we have a corridor environment in which
a surveillance robot has to patrol between the two ends of the space (represented by stars).
However, in the middle of the corridor an alarm device is present, which can be in two different
configurations, red and green, where a red color means that the attention of a human operator
is required.
This can be seen as a multi-objective problem, where the task of the robot is to patrol the
environment while keeping track of the state of the alarm. The latter can be formalized as
maintaining a low-uncertainty belief regarding the state of the alarm device. The robot can
pause to observe the alarm, which delays the original patrol task. Each task is valued by its
reward function and the system designer defines the balance between these objectives.
Figure 2b presents a DBN representation of this problem (where the shaded nodes indicate
the POMDP-IR extensions discussed in Sect. 4). This model is based on a simple robot
navigation model, with a state factor Y = {1, 2, 3} denoting the robot position in order from
left to right, and a state factor G = {left, right} representing the current goal. The latter
represents the left or the right end of the corridor (see Fig. 2a), and flips when the current
goal is reached. To account for the alarm, we introduce a state factor C, which models the
alarm color and hence has two possible values, red and green. The initial position of the robot
is the leftmost end of the environment and the initial belief regarding alarm color is uniform.
The model assumes that the alarm turns red with probability 0.2, and once it does, it returns to
green with probability 0.1. The action space is defined as {move left, move right, look alarm}
and when moving the probability of reaching the target location is 0.8 while the robot stays
in the same location with probability 0.2. The reward for reaching the current goal is 0.3 for
a corridor length of 3. It is not straightforward how to implement a reward function in order
to perform information gain. As discussed in Sect. 3.1, state-based rewards do not allow for
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explicitly rewarding information gain. We return to this problem in Sect. 5.1 where we show
how to model it in the POMDP-IR framework, which we introduce next.

4 POMDPs with Information Rewards
In this section we present the main contribution of this work, a framework for rewarding lowuncertainty beliefs without leaving the classic POMDP framework for efficiency reasons.
4.1 Models for active perception
From the perspective of active perception, as the belief is a probability distribution over the
state space, it is natural to define the quality of information based on it. Now, for belief-based
rewards one can define the reward ρ directly over the belief space:
ρ : (S) × A → R.

(13)

Araya-López et al. [4] mention several convex functions that are typically used for maximizing information, such as the Kullback–Leibler divergence (also known as relative entropy)
with respect to the simplex center c, i.e., a uniform belief (D K L (b||c)),


b(s)
ρ K L (b, a) =
b(s) log
b(s) log(b(s)),
(14)
= log(|S|) +
c(s)
s
s∈S

or the distance from the simplex center (DSC)
ρdsc (b, a) = b − c e ,

(15)

where e indicates the order of the metric space.
We could use the belief to define a measurement of the expected information gain when
executing an action. For instance, a common technique is to compare the entropy of a belief bt
at time step t with the entropy of future beliefs, for instance at t + 1. If the entropy of a future
belief bt+1 is lower than bt , the robot has less uncertainty regarding the true state of the
environment [11]. Assuming that the observation models are correct (e.g., unbiased) and
observations are independent, this would mean we gained information. Given the models,
we can predict the set of beliefs {bt+1 } we could have at t + 1, conditional on the robot’s
action a. If we adjust the POMDP model to allow for reward models that define rewards
based on beliefs instead of states, i.e., ρ(b, a), we can define a reward model based on the
belief entropy.
However, a non-linear reward model defined on beliefs like the entropy significantly
raises the complexity of planning, as the value function will no longer be piecewise linear
and convex, as Eq. (7) no longer holds, and therefore we are no longer able to apply classic
solvers to such problems. Moreover, if we want to model problems with two different kinds
of goals, both information gain and task performance, reward models defined only on beliefs
are not convenient.
4.2 Rewarding low-uncertainty beliefs
We introduce a different way to reward information gain, while remaining in the classic
POMDP framework with PWLC value functions, as discussed in Sect. 2. Instead of directly
rewarding beliefs, we introduce the addition of “information-reward” actions to the problem
definition, which allow for rewarding the system to obtain a certain level of knowledge
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regarding particular features of the environment. In this way, we achieve a similar objective
as defining reward functions based on negative belief entropy, while remaining in the classic
POMDP framework.
Hence, the goal of our work is to reward the system to have beliefs that have low uncertainty
with respect to particular state factors of interest. For convenience, we assume these are the
first l state factors (with l ≤ k), and hence can be denoted X 1 , X 2 , . . . , X i , . . . X l . For
simplicity, for the moment we assume that each X i is binary, having values xi and x i . The
idea is that we can expand the action space in such a way to allow for rewarding reaching
or maintaining a particular low-uncertainty belief over each X i . In the binary case, we can
model this by considering actions that assess whether X i = xi .
We now define our POMDP-IR model by extending the standard POMDP definition (as
provided in Sect. 2.1) with information-reward actions.
Definition 1 (Action space) We call the original, domain-level action space of the agent Ad .
For each X i , i ≤ l, we define
Ai = {commit, null}.
The action space of the POMDP-IR is
AIR = Ad × A1 × A2 × · · · × Al .
Given this definition, at each time step the agent simultaneously chooses a regular domainlevel action and an action for each state factor of interest. These actions have no effect on the
state transitions nor on the observations, but do affect rewards. The null action is added to
give the agent the option to not make any assertions regarding the information objectives. It is
provided for modeling convenience, as it allows the system designer to consider the agent’s
task without information objectives.
In the Patrol example, as we are interested in the state of the alarm, C, we denote X 1 = C
and set l = 1. The action space is now defined as {move left, move right, look alarm} ×
{commit, null}.
Definition 2 (Information rewards) We call the original reward function of the POMDP Rd .
The POMDP-IR’s reward function R IR is the sum of Rd and a reward Ri for each X i , i ≤ l:

R IR (X, A) = Rd (X, Ad ) +
Ri (X i , Ai ).
i=1

Each Ri (X i , Ai ) is defined as
Ri (xi , commit) = ricorrect ,
Ri (xi , null) = 0,
Ri (x i , commit) = −riincorrect ,
Ri (x i , null) = 0,
with ricorrect , riincorrect > 0.
The upshot of this reward function is that at every time step, the agent can choose to either
execute only a domain-level action (Ai = null), or in addition also receive reward for its belief
over X i (Ai = commit). Intuitively, ricorrect is the reward the agent can obtain for guessing the
state of X i correctly, and riincorrect is the penalty for an incorrect guess. We choose ricorrect and
riincorrect in such a way that the agent only benefits from guessing when it is certain enough

123

Auton Agent Multi-Agent Syst (2015) 29:1157–1185

1167

about the state of X i . When the agent is not certain enough, it can simply choose the null
action (in combination with any domain-level action). However, the possibility of obtaining
information rewards by having a low-uncertainty belief over X i will steer the agent’s policy
towards such beliefs.
4.3 Choosing the information-reward parameters
From Definition 2 we can see that the expected reward for each information-reward action
is:
Ri (b, commit) = bi (xi )ricorrect − (1 − bi (xi ))riincorrect ,
Ri (b, null) = 0,

(16)
(17)

using a short-hand notation bi (xi ) to indicate bi (X i = xi ). Thus, the expected reward of
choosing commit is only higher than the null action when
bi (xi )ricorrect − (1 − bi (xi ))riincorrect > 0,

(18)

which, by rearranging, becomes:
bi (xi ) >

riincorrect
ricorrect + riincorrect

.

(19)

This inequality indicates the range over which the agent will execute a commit action, and
we can see that the values of ricorrect and riincorrect are decisive to determine this range.
If we assume that we want to reward the agent for having a degree of belief of at least β
regarding a particular X i , i.e., bi (xi ) > β > 0, β is computed according to Eq. (19), and
therefore:
β=
⇔ ricorrect

riincorrect

ricorrect + riincorrect
(1 − β) incorrect
=
.
ri
β

,

(20)
(21)

Equation (20) tells us the relation between ricorrect and riincorrect . Their precise values depend
on each problem, and on the insight of the system designer (just as the domain-level rewards),
taking into account his knowledge of the models and the environment and calibrating it with
the original reward model Rd . For instance, in the Patrol example, if the robot is rewarded
too much for maintaining a low-uncertainty belief regarding the alarm, it will prefer to look
at the alarm constantly, ignoring its patrol task.
The effectiveness of this scheme depends on whether in the particular POMDP reaching
a particular β is possible at all, due to sensory limitations. For instance, if an agent’s sensors
do not observe X i at all, or provide too noisy information, beliefs in which bi (xi ) > β can
be unreachable given an initial belief state. In point-based POMDP methods that operate on
a pre-defined belief set, this condition can be checked easily, and β be adjusted accordingly.
A second option is to define several β levels for an X i , which reward the agent for reaching
different levels of certainty. Care needs to be taken, however, to ensure that the agent will try
to reach the highest β possible. For instance, Table 1 defines possible values for ricorrect and
riincorrect for different values of β, computed using different criteria. As the potential reward
for higher β is higher as well, the agent is guided to reach the highest certainty level possible.
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Table 1 Example rewards for varying β

β

D K L (b||c) (14)

DSC, m = 1 (15)

DSC, m = 2 (15)

DSC, m = ∞ (15)

ricorrect

ricorrect

ricorrect

ricorrect

riincorrect

riincorrect

riincorrect

riincorrect

0.60

0.03

0.04

0.20

0.30

0.02

0.03

0.10

0.15

0.75

0.19

0.57

0.50

1.50

0.12

0.38

0.25

0.75

0.90

0.53

4.78

0.80

7.20

0.32

2.88

0.40

3.60

0.99

0.92

91.00

0.98

97.02

0.48

47.54

0.49

48.51

4.4 Extensions and variations
When defining the POMDP-IR framework in Sect. 4.2, we assumed binary state factors for
simplicity. Our framework can be easily generalized to multi-valued state factors, by defining
one or multiple commit actions for a state factor X i . In the binary case, we assign a positive
reward to one element in the domain of X i , and a negative one to the other. In the multi-valued
case, a single commit action can result in positive reward for multiple values of X i when each
of those values is equally desirable, by trivial generalization of Definition 2. In the case that
distinct values of X i differ in desired reward, the definition of the information-reward action
can be extended to
Ai = {commit1 , commit2 , . . . , commit j , null}.
In this way, certain values of X i can be rewarded differently, and sets of values that share the
same reward can be grouped under the same commit j action.
In our framework, we consider the general case in which an agent at each time step
can opt for a commit action or not: information rewards are obtainable at each time step.
However, possible use cases of the POMDP-IR framework might consider other scenarios.
For instance, it might be desirable to reward the agent only a single time for each commit
action. Such a scenario is easily implemented by adding a Boolean bookkeeping variable that
keeps track whether a commit action has been performed or not. By making the information
reward dependent on the value of this variable, the agent will optimize its course of action
to execute commit only once.
In a similar way, in certain active-sensing or sensor-management scenarios an agent might
have to decide whether to execute commit after a predefined number of steps. By encoding the
time step as an extra state factor or by defining time-dependent action spaces, the POMDP-IR
framework can be used in these types of scenarios as well.

5 Experiments
We perform an extensive experimental evaluation of the POMDP-IR framework. First, we
illustrate how information rewards influence agent behavior in the Patrol example. Second,
we compare the performance of POMDP-IR against ρPOMDPs [3] on the Rock Diagnosis
problems.
5.1 Information rewards in the Patrol example
At this point we return to the Patrol example presented in Sect. 3.2. In this example we
want to solve a problem where an agent needs to patrol an environment while at the same
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time considering the uncertainty regarding the state of an alarm device. This illustrates the
tradeoff between task performance and information gain that we want to tackle.
5.1.1 Model
The POMDP model is an extension of the model presented in Sect. 3.2 and is depicted
in Fig. 2b. The domain-level action space is Ad = {move left, move right, look alarm}
and we extend it with an information-reward action regarding the alarm state factor C,
A1 = {commit, null}. The reward function is a sum of rewards for both types of actions,
R IR = Rd + R1 , according to Definition 2. R1 rewards the robot if its belief whether
the alarm is red exceeds a threshold β. The reward values will depend on each particular
problem, namely the environment size and the threshold defined in each case. Information
reward values depend on the value of β used in each experiment, and is up to the system
designer to choose a criteria for those values. In our particular case, values are taken from the
first column of Table 1. The patrol reward encoded in Rd is 0.3 for corridor length 3 and 0.5
for corridors of length 5. We keep initial conditions and models constant for all experiments
to be able to showcase the effect of the belief threshold(s).
5.1.2 Experiments
To showcase the POMDP-IR framework, we present simulations of the Patrol problem
using policies computed by Symbolic Perseus [37]. We consider different cases, namely corridor lengths of 3 and 5, several threshold values, and more than one threshold. Furthermore,
we study the scalability of our approach.
Single threshold Considering that the original behavior of the robot would be to patrol the
corridor up and down, we note a change in its behavior in Fig. 3a, b, as it continues to perform
the patrolling task, but with some intermediate stops (as seen in the 2nd row of plots). The
bottom row details the patrol (Rd ) and information reward (R1 ) the robot receives. Figure 3a
shows results where β = 0.75 and the robot clearly tries to maintain up-to-date information
on the alarm, by looking at it every time it passes by. In this case the threshold is such that
the robot has enough time to continue patrolling and still return to the alarm position before
its belief falls below the threshold. On the contrary, we note that with β = 0.9 (Fig. 3b),
the threshold is higher than in the first case and thus the behavior changes slightly. Every
time the robot observes a green alarm it continues performing the patrolling task. However,
if it observes a red alarm, it decides to stay and keep looking at it. On the other hand, with
β = 0.99 (Fig. 3c) the threshold is so high that even if the robot stays looking at the alarm,
it will never get to levels above the threshold. Therefore, it will only focus on patrolling,
illustrating the need to choose the thresholds carefully. In Fig. 3d we extend the simulation
to a corridor length of 5, with β = 0.75. In this setting the behavior is similar to the previous
results, except for the fact that when the robot decides to look at the alarm it spends 2 time
steps.
Multiple thresholds Next, we test a model with two information-reward actions, each corresponding to a different threshold. We see in Fig. 3b, e that here the behavior of the robot is
equivalent to the maximum threshold it can reach. For instance, in Fig. 3e with β1 = 0.75
and β2 = 0.9 the robot’s behavior is equivalent to Fig. 3b (β = 0.9). On the other hand, in
Fig. 3f the thresholds β1 = 0.75 and β2 = 0.99 are set, but as seen before the system will
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Fig. 3 Patrol problem results. Each figure shows belief evolution (top row), robot position (2nd row), true
alarm color (3rd row) and received rewards (bottom row). Corridor length is 3 except for d. a Threshold
β = 0.75, b Threshold β = 0.9, c Threshold β = 0.99, d β = 0.75, corridor of length 5, e Threshold
β1 = 0.75 and β2 = 0.9, f Threshold β1 = 0.75 and β2 = 0.99

ignore the second threshold as the belief will never reach it, and therefore its behavior will
be as if there were only one threshold β = 0.75.

Scalability Our approach inflates the action space, which will lead to increased computation time. Therefore, it is also important to measure the computational impact of adding
information-reward actions to problems, shown in Fig. 4. Note, however, that POMDP solving scales linearly in the number of actions, compared to exponentially in the number of
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Fig. 4 Performance measures
for Patrol problem with 5
alarms, and variable number of
commit actions with β = 0.9
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observations. To allow for a fair comparison we must compare models with the same domainlevel actions and a variable number of information-reward actions. We create a Patrol
model which includes 5 alarms and test the planner’s performance when including a different number of commit actions. We note that the planner’s performance degrades exponentially,
as expected, although with more commit actions the system will receive higher value (not
shown).
5.1.3 Discussion
With this toy problem we showed the advantages of our approach, by directly incorporating
the concept of information gain in a classical POMDP setup. We can observe that although
information-reward actions do not directly affect state transitions they have a clear effect on
the robot’s general behavior, as it will change its physical actions according to not only the
original task to solve, but also to the uncertainty level in the system and the thresholds.
As expected, the robot faces a tradeoff between patrol task completion and information
gain regarding the alarm. However, this is dependent on a number of different parameters,
the desired certainty level in particular. In general when it is possible to reach the desired
threshold the robot will interrupt patrolling to observe the alarm and get information. On the
contrary, if the desired level is unreachable or if it is so low that the belief converges to a
value above the threshold without the need for direct observation, the robot does not need to
waste time looking at the alarm and only performs the patrol task.
5.2 Comparison with ρPOMDPs on the Rock Diagnosis problem
Next, we compare our work to a POMDP-based framework for information gain, the
ρPOMDP framework [3]. We present results in a scenario where information gain plays
an important role: the Rock Diagnosis problem [3], which is a variation of the Rock Sampling problem [49].
The approach in ρPOMDPs extends POMDPs to allow for direct belief-based rewards.
It is noted that the belief-MDP formulation already accounts for a reward based on beliefs
(12), but formulated in terms of state-based reward, in order to maintain the PWLC property.
Therefore, ρPOMDPs generalize POMDPs to handle other types of belief-based rewards,
under the assumption that those rewards are convex. Algorithms are modified in order to deal
with rewards represented as a set of vectors. For PWLC reward functions, this is an exact
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representation. For non-PWLC reward functions it is an approximation which improves as the
number of vectors used to represent them increases. As we saw in Sect. 4 our approach also
considers the belief-MDP formulation, but in a way that represents rewards for information
gain in terms of state-based rewards, allowing us to use existing methods without changes.
In their experiments [3] an extension of point-based methods is used to accommodate
this generalization. For comparison we present here their results with two different reward
functions, entropy (PB-Entropy) and linear (PB-Linear). The entropy-based reward is the
Kullback–Leibler divergence with the uniform distribution as reference, while the linearbased reward is an approximation of the entropy-based reward which corresponds to the
L ∞ -norm of the belief.

5.2.1 Rock Diagnosis problem definition
The Rock Diagnosis is an information-gathering problem, in which a rover receives a set of
rock positions and must perform sampling procedures in order to reduce uncertainty regarding
the type of several rocks spread in an environment. Each rock can have a good or a bad value
and we want the system to be capable of returning low-uncertainty information regarding
each rock’s type. Hence, our objective is to produce policies which guide the rover through
the environment, allowing it to observe each rock’s type. The map of the environment is
considered to be a square grid of size p and there are q rocks in the environment to analyze.
We refer to Araya-López [3] for further details on the Rock Diagnosis problem.
In the original formulation Ad = {north, east, south, west, check1 , check2 , . . ., checkq }
and in our POMDP-IR formalization we use the extension described in Sect. 4.4 to include
a set of information-reward actions for each rock: Ai = {commit1 , commit2 , null}, with
1 ≤ i ≤ q. In this case, commit1 and commit2 encode the action that a rock is good or bad,
respectively. The intuition is that the policy will try to reduce the uncertainty regarding each
rock’s type in order to get a higher value, thereby achieving the problem’s final objective.

5.2.2 Experimental setup
We computed policies for this problem using Perseus [53] and Symbolic Perseus [37], with
γ = 0.95 and = 10−3 , where is the convergence criterion used both by Perseus and
Symbolic Perseus. We ran a set of 10 repetitions of 100 trajectories of 100 steps, re-sampling
the belief set containing 5000 beliefs at each repetition. Given the information-gathering
nature of this problem, the performance criterion used to evaluate the agent’s behavior should
also be an information measure. In particular, the Kullback–Leibler divergence between the
belief distribution and the uniform distribution is used (14).
In this problem the performance criterion only considers the available information at the
end of the trajectory, as the objective is to disambiguate the state of all the rocks’ types.
Therefore, we present results as the average of the Kullback–Leibler divergence of the belief
distribution in the last time step at each trajectory. The unit used to measure information
is nat (natural unit for information entropy), since we use natural logarithms. Also note
that the target variable is the rock type, thus our information measure considers only the
belief over state factors which represent each rock’s type. Therefore, the maximum possible final reward is q log(2), precisely when there is no uncertainty regarding any rocks’
type.
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Table 2 Rock Diagnosis results, comparing POMDP-IR with ρPOMDP [3]
ρPOMDP
Method
q = 3; p = 3

Return [nats]

POMDP-IR (Perseus)

POMDP-IR (Symbolic Perseus)

β

β

Return [nats]

Return [nats]

PB-Entropy

1.58 ± 0.25

0.6

2.065 ± 0.099

0.6

1.978 ± 0.092

PB-Linear

2.06 ± 0.03

0.9

2.079 ± 0.000

0.9

1.988 ± 0.223

0.99

1.815 ± 0.334

0.99

2.035 ± 0.124
1.386 ± 0.000

q = 3; p = 6
PB-Entropy

0.76 ± 0.09

0.6

1.763 ± 0.463

0.6

PB-Linear

0.79 ± 0.08

0.9

1.790 ± 0.417

0.9

1.580 ± 0.213

0.99

1.662 ± 0.390

0.99

1.156 ± 0.114

q = 5; p = 7
PB-Entropy

0.37 ± 0.09

0.6

—

0.6

1.580 ± 0.313

PB-Linear

0.53 ± 0.03

0.9

—

0.9

1.553 ± 0.298

0.99

—

0.99

1.737 ± 0.456

5.2.3 Results
We present in Table 2 a set of results for different maps with varying values of β, and also,
for comparison, results presented by Araya-López [3]. The implementation of POMDP-IR
with flat Perseus could not handle the larger map (q = 5; p = 7).
We can see that, in general, POMDP-IR achieves better results than the two ρPOMDP
variations. The total return with ρPOMDP deteriorates with increasing problem size due
to sampling a larger state space with the same number of belief points. However, we note
that POMDP-IR results worsen less, which may be explained by the fact that ρPOMDPs
approximate the reward function with linear vectors, imposing some error on the original
reward function. This results in a loss of quality in larger problems, since the same number of
points is used to approximate a higher dimensional belief space. Instead we directly consider
reward depending on states, thus staying in the traditional POMDP formulation. Using fewer
approximations we can achieve better performance.
Our results show better performance in the smaller map, with similar results for Perseus
and Symbolic Perseus. Note the particular case of Perseus with q = 3, p = 3, β = 0.9
where we always achieve perfect information about all rocks in the environment. There is a
trend for Perseus to perform slightly better than Symbolic Perseus. However, we note that
Symbolic Perseus implements an additional approximation by maintaining a factored belief
representation which may explain the difference in results.
We may then state that, although our focus is on adding information rewards to regular
POMDPs, we also improve performance on these pure information-gathering problems. The
problem size can be an issue, as we see in the largest scenario that could not be handled using
a flat method like Perseus. However, our focus is on factored representations and we showed
that we can perform well using Symbolic Perseus.
We also include a comparison between average computation times in Fig. 5, where we
included ρPOMDP timings reported by Araya-López [3] which precludes direct comparisons.
The increase in computation time in POMDP-IR implementations is a natural consequence
of the increase in the action space size (as the growth is exponential in the number of action
factors), but we present a reasonable tradeoff between computation time and average value
in this particular case.
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Fig. 5 Rock Diagnosis computation times. ρPOMDP timings are taken from [3] and hence cannot be
compared directly. a Map with q = 3; p = 3, b Map with q = 3; p = 6, c Map with q = 5; p = 7

6 Case study: robot-assisted surveillance
The main motivating application for our research is robot-assisted surveillance. In such
scenarios, a robot can be seen as a mobile extension of a camera network, helping to improve
confidence of detections. For instance, due to several reasons (lighting, distance to camera,
capture quality, etc.) the image quality may vary from camera to camera, leading to different
uncertainty rates when detecting robots, persons or other features in the environment. Also,
in a surveillance system the camera network will typically not cover all the environment,
leaving some blind spots. Such problems can be alleviated by using mobile sensors, which
can move to provide (improved) sensing in particular areas.
In our case study we are interested in a surveillance system which detects persons with
a particular feature. Feature detection is achieved through image processing methods that
detect persons moving in the environment. In our case, for simplicity, we consider as feature
whether a person is wearing red upper body clothing. Note that our methods are rather
independent of the actual feature detector used, as long as false positive and false negative
rates can be estimated.
6.1 Model and experimental setup
We implemented our case study in a testbed for NRS [5], which consists of a camera network
mounted on the ceiling of the lab (Fig. 6b), and mobile robots (Pioneer 3-AT) with onboard
camera and laser range finder (Fig. 6a). The POMDP controllers are computed using Symbolic
Perseus [37].
Figure 7 depicts a graphical representation of the model for time steps t and t + 1. As
before, we encode the environment in several state variables, depending on how many people
and features the system needs to handle. The locations of people and robot are represented
by a discretization of the environment, for instance a topological map. Graphs can be used to
describe topological maps with stochastic transitions and hence sets of nodes represent the
robot location Y and k people locations P1 through Pk . In particular, we run our experiments
in the lab shown in Fig. 6, building a discretized 8-node topological map for navigation and
position identification. Besides a person’s location, we represent a set of m features where
each feature f is associated with a person, for instance whether it matches a visual feature.
We assume each person has at least one feature, hence m ≥ k, and features are represented
by variables F1 through Fm .
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(a)

1175

(b)

(c)

Fig. 6 Experimental setup. a Robot Pioneer 3-AT with camera and laser range finder onboard. b Example of
an image captured by the camera network. c Feature detection by the robot
Fig. 7 Two-stage dynamic
Bayesian network representation
of the proposed POMDP-IR
model. In this figure we assume
m ≡ k for simplicity, i.e., each
person has only one feature
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We assume a random motion pattern for each person, as we do not have prior knowledge
about the person’s intended path, in which the person can either stay in its current node
with probability 0.6, or move to neighboring nodes with the remaining probability mass split
equally among them. Such a representation allows us to model movement constraints posed
by the environment (for instance, corridors, walls or other obstacles). We also need to take
into account the uncertainty in the robot movement due to possible errors during navigation or
unexpected obstacles present in the environment. In this model when the robot moves either
it arrives at its destination with probability 0.6 or stays in the same node with probability 0.4.
The value of the feature nodes F1 , . . . , Fm have a low probability of change (0.01), as it is
unlikely that a particular person’s characteristics changes. For each state variable we define a
p
p
set of observations. Each observation o1 ∈ O1P through ok ∈ OkP and o y ∈ O Y indicates an
observation of a person or robot close to a corresponding pk ∈ PK resp. y ∈ Y . The binary
f
f
observations o1 ∈ O1F through om ∈ OmF indicate whether a particular feature is observed.
The key to cooperative perception lies in the observation model for detecting features. The
false negative and false positive rates are different at each location, depending on conditions
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Fig. 8 Learned observation model for fixed cameras and predefined model for robot camera. Each matrix
represents p(O F |F) at a node in the map, except for the robot camera

such as the position of sensors, their field of view, lighting, etc. For detecting certain features,
mobile sensors have a higher accuracy than fixed sensors, although with a smaller field of
view. Therefore, the observation model differs with respect to person and robot location. In
particular, if a person is observed by the robot (illustrated in Fig. 6c) the probability of false
¯
negatives P(O F = o f |F = f ) or false positives P(O F = o f |F = f¯) is low. This is an
important issue in decision making, as the presence of a mobile sensor will be more valuable
in areas where fixed sensors cannot provide high accuracy. In Fig. 8 we show the uncertainty
related to observations for each node considered. Note that the observation uncertainty has
been estimated for the fixed sensors but we assume a constant observation model for the
mobile sensor.
This concludes the basis for all models used in our case study. In the following, we will
present two different ways of formalizing information-gain actions. First we present simulation results using the POMDP-IR framework, followed by real-robot results in a slightly
modified model.
6.2 Simulation experiments with information rewards
Here we apply the POMDP-IR framework to the robot-assisted surveillance problem, showcasing its behavior in larger and more realistic problem domains. In this problem there are
no concurrent goals, unlike the Patrol problem, where we had to perform information
gain while performing other tasks. Therefore, in this model we include two possible sets of
information-reward actions, A1 = {commit1 , null}, A2 = {commit2 , null}.2 A1 encodes the
action that the person is wearing red, while A2 relates to the opposite (asserting that state
factor F1 is false).
We present in Fig. 9 some experiments with threshold β = 0.75 (Exp. A and Exp. B) and
β = 0.6 (Exp. C and Exp. D). For each experiment, we show the robot’s path, initial position
of robot and person, cumulative reward, and the evolution of the belief over the feature of
interest.
Exp. A presents a case in which a person wearing red is detected in an area with low
uncertainty. We note that the belief increases rapidly, and the robot does not need to approach
2 An alternative option would be to implement the extension described in Sect. 4.4.
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Fig. 9 POMDP-IR simulation results for the case study. Experiments A and B: β = 0.75. Experiments C
and D: β = 0.6. Action commit1 corresponds to asserting
that the person is wearing red while action commit2
asserts the opposite. a Exp. A: Robot’s path, b Exp. A: t γ t rt , c Exp. A: bit (F1 = red), d Exp. B: Robot’s
 t

path, e Exp. B: t γ rt , f Exp. B: bit (F1 = red), g Exp. C: Robot’s path, h Exp. C: t γ t rt , i Exp. C: bit
 t
(F1 = red), j Exp. D: Robot’s path, k Exp. D: t γ rt , l Exp. D: bit (F1 = red) (Color figure online)

the person for the system to have enough information to start applying information-reward
actions. The belief crosses the threshold at time step 4, and from that moment on the commit1
action is applied, indicating that the system decides to classify this person as wearing red.
The cumulative reward does not have a linear shape as the reward for the information-reward
action is higher as the belief increases.
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Exp. B shows a case where a person is detected not wearing red in an area with higher
uncertainty. Therefore, the system decides to move the robot near the person to observe what
is happening before executing commit2 actions. In both experiments with β = 0.75 we see
that, in fact, the threshold is respected, and commit actions are taken only when the belief
exceeds the specified value.
In the case in which β = 0.6 the system takes into account the different threshold. In Exp. C
a person wearing red is detected in a higher uncertainty area. The robot moves towards the
person for better identification, but from the moment when the belief crosses the threshold,
the action commit1 is chosen. In Exp. D the system detects the person without red clothing
(action commit2 ) and the robot moves but stops half way (c.f. Exp. B).
6.3 Real-robot experiments
Next, in order to show the applicability of our ideas to real-world applications, we present
a set of real-robot experiments. They are based on a model that is similar to the POMDPIR framework in spirit [55]. The main difference is that instead of considering multiple
action factors, the model extends the domain-level action space with classification actions,
which fulfill the same role as the commit actions in the POMDP-IR model. This means that
the robot has to choose between moving and announcing that an event has been classified.
The POMDP-IR framework, on the other hand, clearly separates domain-level actions from
information-reward actions. Also, the model includes m bookkeeping variables, keeping
track of which features have already been classified or not, and a movement cost is included.
Figure 10 shows some results obtained in this context.
In Exp. E, a person is detected by the camera network as wearing red. Since the observation
model in this particular area is error prone, the system sends the robot near the person to more
rapidly gain information. This happens at time step 20 when the robot arrives and observes
the person’s features. On the other hand, in Exp. F, we see what happens when the person is
not wearing red. Again, the robot approaches the person, but since the observations received
in the meantime are consistent the robot stops so as not to waste resources.
We also consider more complex scenarios with 2 persons instead of a single one. The
system must reason whether to classify each one, and if the uncertainty is high and the robot
needs to check on them, in which order to do so. In Exp. G, one person is detected in a
low-uncertainty area and the other one in a region where uncertainty is higher. Note that
bit (F2 = red) increases faster than bit (F1 = red). Therefore, it is not necessary to check
on person 2, but rather on person 1, and the robot navigates in its direction and uncertainty
decreases when the robot confirms the person’s feature. Meanwhile, the system has received
enough information to classify the other person as well.
So far, we have assumed that all locations and people have equal priorities. However,
another interesting scenario is when an area in the environment requires special attention. In
Exp. H, persons are detected in the same areas as in Exp. G but each location has a different
priority, as encoded in the reward function: the reward for classifying person 2 is double the
reward of person 1. Although person 2 is in a low uncertainty area, the robot goes to check
on it first.
6.4 Discussion
The case study presented shows an example of a real-world problem where information gain
plays an important role. In general, the behavior of the system is as expected, as both in
simulation as well as in reality system tries to optimize the robot behavior in order to detect

123

Robot Path
Person Location
Action=commit
Initial position
Final position
Action=move

1179

10

1
Action=commit

8
6
4
2

0.4

0

5

10

15

0

20

Action=commit

0

Timestep

1

8

0.8

6
4
2

Final position

0

20

5

(j)

0

10

0

5

10

Timestep

(e)

(f)

0.8

Belief

10
5

0.6
0.4

Action=commit1

0.2
0
0

20

5

10

0

15

Action=commit2

0

5

10

Timestep

Timestep

(h)

(i)

15

Action=commit2

0.8

15
10

Belief

Cumulative Reward

0.4

Action=commit1

(g)

Initial position
Final position
Action=move

0.6

Timestep

Action=commit2

15

Action=move

20

0.2

0
−2

15

(c)

Belief

Cumulative Reward
Initial position

Cumulative Reward

Action=commit2

Action=commit2

10

Timestep

10

(d)

Robot Path
Person 1 Location
Person 2 Location

5

(b)

Robot Path
Person Location
Initial position
Final position
Action=move

Action=commit1

0.6

0.2

0
−2

(a)

Robot Path
Person 1 Location
Person 2 Location

0.8

Belief

Cumulative Reward

Auton Agent Multi-Agent Syst (2015) 29:1157–1185

5

0.6
0.4
0.2

0
0

5

10

0

Action=commit2

0

5

10

Timestep

Timestep

(k)

(l)

Fig. 10 Real-robot experimental results. Experiments E and F: 1 person. Experiments G and H: 2 persons.
Actions commit1and commit2 correspond to asserting that person 1 resp. 2 is wearing red.
 a Exp. E: Robot’s
path, b Exp. E: t γ t rt , c Exp. E: bit (F1 = red), d Exp. F: Robot’s path, e Exp. F: t γ t rt , f Exp. F: bit

(F1 = red), g Exp. G: Robot’s path, h Exp. G: t γ t rt , i Exp. G: bit (F1 = red), (solid) and bit (F2 = r ed)
 t
(dashed), j Exp. H: Robot’s path, k Exp. H: t γ rt , l Exp. H: bit (F1 = red), (solid) and bit (F2 = red)
(dashed) (Color figure online)

information in the system. When the networked cameras do not provide enough information
the controller asks the robot to move towards the person.
However, we note some advantages of the POMDP-IR approach compared to the model
in Sect. 6.3. The robot is free to keep moving, independently of whatever information-reward
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action the system decides to take, which may be useful in problems where person or object
tracking is crucial. Furthermore, we are able to better define the level of uncertainty we want
to tolerate by explicitly computing the information rewards needed to reach a particular belief
threshold.

7 Related work
In this section, we present an overview of the relevant literature. We discuss related work in
applying POMDPs to robotic applications, followed by a discussion of how active sensing
relates to our contributions. Finally, we discuss how the POMDP-IR framework compares to
related POMDP models for rewarding information gain.
7.1 POMDPs in a robotic context
Techniques for single-agent decision-theoretic planning under uncertainty such as POMDPs
are being applied more and more to robotics [60]. Over the years, there have been numerous examples demonstrating how POMDPs can be used for mobile robot localization and
navigation [43,47]. Emery-Montemerlo et al. [16] demonstrate the viability of approximate
multiagent POMDP techniques for controlling a small group of robots to catch an intruder,
while more recently Amato et al. [2] use similar frameworks in larger multi-robot domains
to perform cooperative tasks. Capitán et al. [13] show how POMDP task auctions can be
used for multi-robot target tracking applications. These types of applications are potentially
suitable for the POMDP-IR framework, as they typically involve reasoning about the belief
regarding the target’s location.
A relevant body of work exists on systems interacting with humans driven by POMDPbased controllers. Fern et al. [17] propose a POMDP model for providing assistance to users,
in which the goal of the user is a hidden variable which needs to be inferred. POMDP-based
models have been applied to a real-world domain to assist people with dementia, in which
users receive verbal assistance while washing their hands [7], and to high-level control of a
robotic assistant designed to interact with elderly people [35,42]. Merino et al. [30] develop
a real-time robust person guidance framework using POMDP policies which includes social
behaviors and robot adaptation by integrating social feedback. Interacting with humans whose
goals and objectives might need to be estimated provides opportunities for the POMDP-IR
model.
7.2 Active sensing
Information gain has been studied in the active sensing framework [31], which can be formalized as acting so as to acquire knowledge about certain state variables.
A large amount of research effort has been put in approaches to robot localization using
active methods. Burgard et al. [11] propose an active localization approach providing rational
criteria for setting the robot’s motion direction and determining the pointing direction of the
sensors so as to most efficiently localize the robot, while Roy et al. [41] use environment
information to minimize uncertainty in navigation. Velez et al. [59] add informative views of
objects to regular navigation and task-completion objectives. Another aspect which may be
included in active sensing is where to position sensors to maximize the level of information
of observations. Krause and Guestrin [24] and Krause et al. [26] exploit submodularity
to efficiently trade off observation informativeness and cost of acquiring information, while
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Krause et al. [25] apply such methods to sensor placement in large water distribution networks.
More recently, Natarajan et al. [32] maximize observing multiple targets in a multi-camera
surveillance scenario.
Active sensing problems typically consider acting and sensing under uncertainty, hence
POMDPs offer a natural solution to model such problems. Work on active sensing using
POMDPs includes collaboration between mobile robots to detect static objects [62] and
combining a POMDP approach with information-theoretic heuristics to reduce uncertainty
on goal position and probability of collision in robot navigation [12]. Finally, Spaan and Lima
[52] consider objectives such as maximizing coverage or improving localization uncertainty
when dynamically selecting a subset of image streams to be processed simultaneously.
7.3 POMDP frameworks for rewarding information gain
Multi-objective POMDP formulations which include information gain have been proposed.
Mihaylova et al. [31] review some criteria for uncertainty minimization in the context of active
sensing. They consider a multi-objective setting, linearly trading off expected information
extraction with expected costs and utilities. Similar to our setting, the system designer is
responsible for balancing the two objectives.
Using the belief-MDP formulation, it is possible to directly define a reward on beliefs.
While we may assume this function to be convex, which is a natural property for information
measures, there is still the need to approximate it by a PWLC function [4]. Thus, we cannot
directly model non-linear rewards as belief-based without approximating such functions.
Eck and Soh [15] introduce hybrid rewards, which combine the advantages of both state
and belief-based rewards, using state-based rewards to encode the costs of sensing actions
and belief-based rewards to encode the benefits of sensing. Such a formulation lies out of
a traditional solver’s scope. While we also consider multi-objective problems, solving our
models is independent of which solver is used. We are interested in an approach that while
staying in the standard POMDP framework, and thus with PWLC value functions, is still
able to perform multi-objective problems, where only some tasks are related to information
gain. We do that without using purely belief-based rewards, such that our framework can
be plugged in any traditional solver. Furthermore we are able to impose thresholds on the
amount of uncertainty we desire for particular features in the environment.
Similar to our commit actions, Williams and Young [61] propose the use of submit actions
in slot-filling POMDPs, in which a spoken dialog system must disambiguate the internal
state of the user it is interacting with. In this framework there is no clear separation between
domain-level actions and information-reward actions like in the POMDP-IR framework. The
submit actions lead to an absorbing state, which indicates a final goal for the system. Our
system is intended to be parallel to normal task execution, hence the commit actions do not
have any effect on the state of the environment. Furthermore, in contrast to Williams and
Young [61], we provide guidance on how such actions should be rewarded.

8 Conclusions
In this paper we presented a modeling approach to deal with information gain in
active cooperative perception problems, which involve cooperation between several sensors and a decision maker. We based our approach on POMDPs due to their natural way of dealing with uncertainty, but we faced the problem of how to build
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a POMDP which explicitly performs information gain. There are several ways to
reward information gain, such as using the negative belief entropy. Although resulting value functions are shown to remain PWLC if the reward is PWLC [4], that is
not generally the case with belief-based rewards such as negative entropy. Moreover,
we are interested in modeling multi-objective problems where the system must complete a set of different tasks, only part of which might be related to direct information gain. However, that can be cumbersome with a belief-dependent reward implementation.
We proposed a new framework, POMDP-IR, which builds on the classic POMDP framework, and extends its action space with actions that return information rewards. These rewards
depend only on a particular state factor, and are defined on states, not beliefs. However, their
definition ensures that the reward for information-reward actions is positive only if the belief
regarding the state factor is above a threshold. In this way, we stay inside the classic POMDP
framework and can use solvers that rely on PWLC value functions, but we are still able to
model certain information-gain tasks.
We illustrated our framework on a toy problem and we showed that it compares favorably
with the ρPOMDP model on benchmark domains. Furthermore, we included a case study on
robot surveillance, demonstrating how our approach behaves in such environments. Besides
the fact that they represent more realistic scenarios, they are challenging as they include
multiple sensors, both active and passive ones, in a multi-objective scenario.
8.1 Future work
As two main avenues of future work we discuss tailoring POMDP solvers to our framework
as well as considering multiple decision makers.
In the current experiments, we used an off-the-shelf factorized point-based solver to compute POMDP policies [37]. A particular point of interest is improving scalability with respect
to the number of observations, which is the traditional bottleneck in POMDP solving. It is
particularly pressing in ACP scenarios given the large number of sensors and we could
extend value function approximation for factored POMDPs to factored observation spaces
[18,58]. Furthermore, in our approach we increase the action space size and methods that
address this particular issue could be adapted to our context. For instance, Agrawal et al. [1]
compute vector updates in point-based methods using mixed linear integer programs when
the problem has large or continuous action and observation spaces and Scharpff et al. [45]
avoid exponentially sized action spaces by dividing each time step into multiple stages. It is
also promising to explore other types of solution techniques, for instance ones that do not
(approximately) solve models off-line. By defining POMDP-IR models dynamically and by
using on-line POMDP solvers [40,46], we can overcome the inherent limitations of off-line
solvers.
In this work we assumed only one active sensor in the environment. However, we can easily imagine problems which extend to multiple decision makers, e.g., surveillance scenarios
with several robots or active cameras. A requirement for treating (parts of) the system as a
centralized POMDP is fast and reliable communication, as cameras and robots need to share
local observations [38]. When communication delays are limited and potentially stochastic,
the problem can be modeled as a multiagent POMDP with delayed communication [33,54].
Finally, when no communication channel is present, the problem can be modeled as a decentralized POMDP [6,34]. Extending the POMDP-IR framework to any of these multiagent
models is promising.
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