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ABSTRACT
This paper presents a multi-robot long-term planning approach
under uncertainty on the duration of tasks. The proposed method-
ology takes advantage of generalized stochastic Petri nets to model
multi-robot teams. It allows for unified modeling of action selection
and uncertainty on duration of action execution. Goals are specified
through the use of transition rewards and rewards per time unit.
Our approach exploits the semantics provided by Markov reward
automata in order to synthesize policies that optimize the long-run
average reward. We provide an empirical evaluation on a simulated
multi-robot monitoring problem, showing that the synthesized pol-
icy outperforms a carefully hand-crafted policy.
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1 INTRODUCTION
In recent years, there has been a growing interest on the use of
multi-robot systems for disaster prevention applications, such as
flooding and forest fires detection and traffic monitoring [5]. These
applications require the team of robots to perform efficiently for
long periods of time. Furthermore, they necessitate the use of ap-
proaches that handle the uncertainty inherent to teams of robots
executing actions in real environments. Common sources of uncer-
tainty are present in the outcome of the actions, in the duration
of each task, or in the battery autonomy of each robot. Currently
deployed solutions for multi-robot planning [8] make use of hand-
crafted behaviors, not reasoning explicitly about uncertainty. These
ad-hoc approaches can be dependable, but every new scenario re-
quires a significant engineering effort. Furthermore, one cannot
provide any formal guarantee on the deployed controllers. As the
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scale of the deployments grows, rule based approaches tend to be
harder to define and become more suboptimal.

We consider the problem of synthesizing optimal policies to
coordinate teams of robots over long periods of time in these moni-
toring applications. We propose a model-based methodology based
on generalized stochastic Petri net with rewards (GSPNR), an exten-
sion of GSPNs [1] that includes rewards. We take advantage of the
model checking algorithm proposed by [2], in order to synthesize
policies that optimize a long-run average reward property.

2 GSPNRS FOR MULTI-ROBOT TEAMS
A recurrent problemwhen solvingmulti-robot problemswithmodel-
based approaches is that as the number of robots increases the state-
space grows exponentially. To mitigate this state-space explosion
while maintaining an intuitive representation of the multi-robot
system, we extend the GSPN-based modeling approach presented
in [6]. The key point to achieve this is representing each robot as
a token, which is possible under the assumption that our team of
robots is homogeneous. A GSPNR for multi-robot teams is defined
as GR = ⟨P ,T ,W +,W −, F ,m0, rP , rT ⟩. P is a finite set of places
that represent tasks that each robot can execute, or external pro-
cesses that each robot must wait to be accomplished, such as battery
charging. T = TI ∪TE is a finite set of transitions partitioned into
two subsets, where TI contains all immediate transitions and TE
contains all exponential transitions. The exponential transitions,
model the time uncertainty associated with these uncontrollable
events, such as the time that a robot takes to move from one location
to another. The immediate transitions represent the controllable
actions that the team of robots has available.W − : P × T → N
andW + : T × P → N are input and output arc weight functions,
respectively. Input arcs assign to tasks uncontrollable events or
the choice of deciding among multiple controllable actions. Output
arcs assign to each event the outcome states to where the system
is lead after selecting a particular action or after the conclusion of
an uncontrollable event. The goal is specified through the use of
rewards. There are two types of rewards that can be assigned to
the model: place rewards and transition rewards. The place reward,
rP : P → R≥0, is awarded, per time unit, while at least one token
is present in the assigned place. Therefore, the reward obtained by
the multi-robot system is proportional to the amount of time in
the assigned places, encouraging the team of robots to remain or

Extended Abstract  AAMAS 2020, May 9–13, Auckland, New Zealand

1750



avoid those places, depending on whether it is posed as a maximiza-
tion or minimization problem. The transition rewards are given
by rT : TI → R≥0, with reward rT (tn) being awarded every time
tn ∈ TI is fired, i.e. whenever a robot takes the action corresponding
to ti . These rewards are useful when specifying a goal where some
particular actions should be promoted or discouraged.

The interpretation of the marking process of the GSPNR model
as a Markov reward automaton (MRA) [3] allows the use of the
method proposed by [2] to compute the optimal long-run average
reward. However, this method only allows for a straightforward
extraction of the corresponding policy when the produced MRA is
unichain [9]. To guarantee that we only produce unichain MRAs,
we restrict our GSPNR models to be reversible [7], i.e. such that
every marking is reachable from all the other markings.

3 EXPERIMENTS
We applied our method to a 4 robot setup implemented on the Stage
simulator [4] and ROS. Figure 1 (a) shows the simulated environ-
ment where the map is discretized into 6 locations plus a charging
station. The goal is to monitor locations L4, L5 and L6 with an
increasing level of priority. To do that each robot can choose if it
monitors the current location or if it moves to a different location.
The robots can only move between locations that are connected
through edges, depicted as arrows in Figure 1 (a), but are not re-
stricted to a predefined path plan. Themulti-robot team is initialized
with random battery levels and all the robots start in the charging
station. The simulation was kept as realistic as possible, by adding
noise to the measurements and by using standard ROS packages
for localization and navigation. Therefore, there is uncertainty as-
sociated with the charge/discharge time of the batteries, the time to
traverse two locations and the time to gather enough monitoring
data. This uncertainty, the choices that each robot can take and the
goal is captured in one single GSPNR model. Figure 1 (b) shows the
building blocks used to model this problem.

To assess the optimal policy obtained through our approach,
we compare it against two baselines: a hand coded policy and a
random policy. The hand coded policy sends the robots to the
locations L6, L5 and L4 with decreasing order of priority. Since one
robot monitoring a location is enough to get the maximum reward
for that location, the hand coded policy only sends a robot to each
location if it is unoccupied or no other robot is navigating towards
there. In the case, where all three priority locations are occupied
the fourth robot is sent to location L2, since is the one closest to
location L6. The random policy selects a location for each robot
according to a uniform distribution.

Figure 2 shows the results obtained after 50 runs of 1 hour each.
These demonstrate that the random baseline is considerably outper-
formed by the hand coded policy, showing that it is sufficiently hard
to outperform. Furthermore, given that we optimize for long-run
average, the policy obtained using our approach outperforms all
the others policies on the long term.

4 CONCLUSIONS
In this paper, we presented an overview of a multi-robot planning
approach for long-term monitoring scenarios, that provides robust
policies where uncertainty on the duration of tasks are taken into
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Ready
L1

<latexit sha1_base64="rmCkCWBWcH3SWCUCQRIZbiLynhQ=">AAACAXicbVDLSsNAFJ34rPEVdSO4CTaCq5IURZcFNy5cVLEPaEOZTG7boZNJmJkIIdSNv+LGhSJu/Qt3/o3TNgttPXDhcM69M/eeIGFUKtf9NpaWV1bX1ksb5ubW9s6utbfflHEqCDRIzGLRDrAERjk0FFUM2okAHAUMWsHoauK3HkBIGvN7lSXgR3jAaZ8SrLTUsw67BLgCQfnAdO4Ah5ljms6N5/Sssltxp7AXiVeQMipQ71lf3TAmaaSfIwxL2fHcRPk5FooSBmOzm0pIMBnhAXQ05TgC6efTC8b2iVZCux8LXVzZU/X3RI4jKbMo0J0RVkM5703E/7xOqvqXfk55kirgZPZRP2W2iu1JHHZIBRDFMk0wEVTvapMhFpjoTKSpQ/DmT14kzWrFO6uc31bLtXYRRwkdoWN0ijx0gWroGtVRAxH0iJ7RK3oznowX4934mLUuGcXMAfoD4/MHW/qU8g==</latexit>

GoFromL1
ToL2

<latexit sha1_base64="m+CiYnqKJmz0No9ge63/3b4MHnU=">AAACBnicbVDLSgMxFM3UVx1foy5FCLaCqzJTFF0WBHXRRYW+oB1KJs20oZlkSDJCGbpy46+4caGIW7/BnX9j2s5CWw9cOJxzb3LvCWJGlXbdbyu3srq2vpHftLe2d3b3nP2DphKJxKSBBROyHSBFGOWkoalmpB1LgqKAkVYwup76rQciFRW8rscx8SM04DSkGGkj9ZzjLiZcE0n5wC7eihspoqpXtO1iXVTLxZ5TcEvuDHCZeBkpgAy1nvPV7QucROZNzJBSHc+NtZ8iqSlmZGJ3E0VihEdoQDqGchQR5aezMybw1Ch9GAppims4U39PpChSahwFpjNCeqgWvan4n9dJdHjlp5THiSYczz8KEwa1gNNMYJ9KgjUbG4KwpGZXiIdIImyCUbYJwVs8eZk0yyXvvHRxXy5U2lkceXAETsAZ8MAlqIA7UAMNgMEjeAav4M16sl6sd+tj3pqzsplD8AfW5w+oHpa6</latexit>

Navigating
L1ToL2

<latexit sha1_base64="EiDuk2MFF0sfNUK2MhI63lep1Qs=">AAACCnicbVDLSsNAFJ3UV42vqEs3o43gqiRF0WXBjYsiFfqCNpTJdJIOnUzCzKRQQtdu/BU3LhRx6xe482+ctllo64ELh3Punbn3+AmjUjnOt1FYW9/Y3Cpumzu7e/sH1uFRS8apwKSJYxaLjo8kYZSTpqKKkU4iCIp8Rtr+6Hbmt8dESBrzhpokxItQyGlAMVJa6lunPUy4IoLy0LTv0ZiG2uChbZp2zW3EtYrdt0pO2ZkDrhI3JyWQo963vnqDGKeRfhczJGXXdRLlZUgoihmZmr1UkgThEQpJV1OOIiK9bH7KFJ5rZQCDWOjiCs7V3xMZiqScRL7ujJAaymVvJv7ndVMV3HgZ5UmqCMeLj4KUQRXDWS5wQAXBik00QVhQvSvEQyQQ1uFIU4fgLp+8SlqVsntZvnqolKqdPI4iOAFn4AK44BpUwR2ogybA4BE8g1fwZjwZL8a78bFoLRj5zDH4A+PzBxCxmKA=</latexit>

Repeat
L1

<latexit sha1_base64="hf0UHIdDUBbxK2LS3RSkh/H724c=">AAACAnicbVDLSsNAFJ34rPEVdSVuBhvBVUmKosuCGxcuqtgHtKFMprft0MkkzEyEEoobf8WNC0Xc+hXu/BunbRbaeuDC4Zx7Z+49YcKZ0p73bS0tr6yurRc27M2t7Z1dZ2+/ruJUUqjRmMeyGRIFnAmoaaY5NBMJJAo5NMLh1cRvPIBULBb3epRAEJG+YD1GiTZSxzlsUxAaJBN9272DBIh2bdu98d2OU/RK3hR4kfg5KaIc1Y7z1e7GNI3Me5QTpVq+l+ggI1IzymFst1MFCaFD0oeWoYJEoIJsesIYnxili3uxNCU0nqq/JzISKTWKQtMZET1Q895E/M9rpbp3GWRMJKkGQWcf9VKOdYwneeAuk0A1HxlCqGRmV0wHRBJqQlG2CcGfP3mR1Msl/6x0flsuVpp5HAV0hI7RKfLRBaqga1RFNUTRI3pGr+jNerJerHfrY9a6ZOUzB+gPrM8fLjOVaA==</latexit>

ArrivedL2

<latexit sha1_base64="Tzs/UKS7QJOcTEk/sng2XRl4yZI=">AAAB/3icbVDLSsNAFJ3UV42vqODGTbAVXJWkKLqsuHHhooJ9QBvKZHLTDp1MwsykUGIX/oobF4q49Tfc+TdO2yy09cCFwzn3ztx7/IRRqRzn2yisrK6tbxQ3za3tnd09a/+gKeNUEGiQmMWi7WMJjHJoKKoYtBMBOPIZtPzhzdRvjUBIGvMHNU7Ai3Cf05ASrLTUs466BLgCQXnfLF8LQUcQ3FXLPavkVJwZ7GXi5qSEctR71lc3iEka6ccIw1J2XCdRXoaFooTBxOymEhJMhrgPHU05jkB62Wz/iX2qlcAOY6GLK3um/p7IcCTlOPJ1Z4TVQC56U/E/r5Oq8MrLKE9SBZzMPwpTZqvYnoZhB1QAUWysCSaC6l1tMsACE52INHUI7uLJy6RZrbjnlYv7aqnWzuMoomN0gs6Qiy5RDd2iOmoggh7RM3pFb8aT8WK8Gx/z1oKRzxyiPzA+fwDEDpVb</latexit>

DischargedL1

<latexit sha1_base64="fkh9+q6mZEgtfxP2pQBzyVB4xGI=">AAACAnicbVDLSsNAFJ34rPEVdSVugq3gqiRF0WVBFy5cVLAPaEOZTG7SoZNJmJkIJRQ3/oobF4q49Svc+TdO2i609cCFwzn3ztx7/JRRqRzn21haXlldWy9tmJtb2zu71t5+SyaZINAkCUtEx8cSGOXQVFQx6KQCcOwzaPvDq8JvP4CQNOH3apSCF+OI05ASrLTUtw57BLgCQXlkVq6pJAMsIghu3UrfKjtVZwJ7kbgzUkYzNPrWVy9ISBbr9wjDUnZdJ1VejoWihMHY7GUSUkyGOIKuphzHIL18csLYPtFKYIeJ0MWVPVF/T+Q4lnIU+7ozxmog571C/M/rZiq89HLK00wBJ9OPwozZKrGLPOyACiCKjTTBRFC9q11kgIkORZo6BHf+5EXSqlXds+r5Xa1c78ziKKEjdIxOkYsuUB3doAZqIoIe0TN6RW/Gk/FivBsf09YlYzZzgP7A+PwBAamWmQ==</latexit>

DischargedL2

<latexit sha1_base64="Vclyifb6AMoFZha+nosQNKvY6K8=">AAACAnicbVDLSsNAFJ34rPEVdSVugq3gqiRF0WVBFy5cVLAPaEOZTG7SoZNJmJkIJRQ3/oobF4q49Svc+TdO2i609cCFwzn3ztx7/JRRqRzn21haXlldWy9tmJtb2zu71t5+SyaZINAkCUtEx8cSGOXQVFQx6KQCcOwzaPvDq8JvP4CQNOH3apSCF+OI05ASrLTUtw57BLgCQXlkVq6pJAMsIghua5W+VXaqzgT2InFnpIxmaPStr16QkCzW7xGGpey6Tqq8HAtFCYOx2cskpJgMcQRdTTmOQXr55ISxfaKVwA4ToYsre6L+nshxLOUo9nVnjNVAznuF+J/XzVR46eWUp5kCTqYfhRmzVWIXedgBFUAUG2mCiaB6V7vIABMdijR1CO78yYukVau6Z9Xzu1q53pnFUUJH6BidIhddoDq6QQ3URAQ9omf0it6MJ+PFeDc+pq1LxmzmAP2B8fkDAy6Wmg==</latexit>

Monitoring
L2

<latexit sha1_base64="tvl8qv4aae7IuIJS1RDk1HxOjHg=">AAACBnicbZBNS8MwGMdTX2d9q3oUIbgKnkY7FD0OvHhQmOBeYCsjzdItLE1Kkgqj7OTFr+LFgyJe/Qze/DamWw+6+YfAj//zPEmef5gwqrTnfVtLyyura+ulDXtza3tn19nbbyqRSkwaWDAh2yFShFFOGppqRtqJJCgOGWmFo6u83nogUlHB7/U4IUGMBpxGFCNtrJ5z1MWEayIpH9jureBUi5xd23Zvqm7PKXsVbyq4CH4BZVCo3nO+un2B09jciRlSquN7iQ4yJDXFjEzsbqpIgvAIDUjHIEcxUUE2XWMCT4zTh5GQ5nANp+7viQzFSo3j0HTGSA/VfC03/6t1Uh1dBhnlSaoJx7OHopRBLWCeCexTSbBmYwMIS2r+CvEQSYRNMMo2IfjzKy9Cs1rxzyrnd9VyrV3EUQKH4BicAh9cgBq4BnXQABg8gmfwCt6sJ+vFerc+Zq1LVjFzAP7I+vwBnWqXVg==</latexit>

Finished
L2

<latexit sha1_base64="s/vlXhg/tkYD+//qLlcDTlaXluE=">AAACBHicbVDLSsNAFJ34rPEVddlNsBFclaQouiwI4sJFBfuANpTJ5KYdOpmEmYlQQhdu/BU3LhRx60e482+ctllo64ELh3Punbn3BCmjUrnut7Gyura+sVnaMrd3dvf2rYPDlkwyQaBJEpaIToAlMMqhqahi0EkF4Dhg0A5GV1O//QBC0oTfq3EKfowHnEaUYKWlvlXuEeAKBOUD07mmnMohhI5pOrc1p29V3Ko7g71MvIJUUIFG3/rqhQnJYv0iYVjKruemys+xUJQwmJi9TEKKyQgPoKspxzFIP58dMbFPtBLaUSJ0cWXP1N8TOY6lHMeB7oyxGspFbyr+53UzFV36OeVppoCT+UdRxmyV2NNE7JAKIIqNNcFEUL2rTYZYYKJjkaYOwVs8eZm0alXvrHp+V6vUO0UcJVRGx+gUeegC1dENaqAmIugRPaNX9GY8GS/Gu/Exb10xipkj9AfG5w+985ZG</latexit>

Ready
L2

<latexit sha1_base64="6dErJAyF5tXvgZgZei0FJqLvHi4=">AAACAXicbVDLSsNAFJ34rPEVdSO4CTaCq5IURZcFNy5cVLEPaEOZTG7boZNJmJkIIdSNv+LGhSJu/Qt3/o3TNgttPXDhcM69M/eeIGFUKtf9NpaWV1bX1ksb5ubW9s6utbfflHEqCDRIzGLRDrAERjk0FFUM2okAHAUMWsHoauK3HkBIGvN7lSXgR3jAaZ8SrLTUsw67BLgCQfnAdO4Ah5ljms5N1elZZbfiTmEvEq8gZVSg3rO+umFM0kg/RxiWsuO5ifJzLBQlDMZmN5WQYDLCA+hoynEE0s+nF4ztE62Edj8Wuriyp+rviRxHUmZRoDsjrIZy3puI/3mdVPUv/ZzyJFXAyeyjfspsFduTOOyQCiCKZZpgIqje1SZDLDDRmUhTh+DNn7xImtWKd1Y5v62Wa+0ijhI6QsfoFHnoAtXQNaqjBiLoET2jV/RmPBkvxrvxMWtdMoqZA/QHxucPXX+U8w==</latexit>

GoFromL2
ToL1

<latexit sha1_base64="Gt4IeTQKq86X3Y5vSul0MupPlqQ=">AAACBnicbVDLSgMxFM3UVx1foy5FCLaCqzJTFF0WBHXRRYW+oB1KJs20oZlkSDJCGbpy46+4caGIW7/BnX9j2s5CWw9cOJxzb3LvCWJGlXbdbyu3srq2vpHftLe2d3b3nP2DphKJxKSBBROyHSBFGOWkoalmpB1LgqKAkVYwup76rQciFRW8rscx8SM04DSkGGkj9ZzjLiZcE0n5wC7eihspomq5aNvFuqh6xZ5TcEvuDHCZeBkpgAy1nvPV7QucROZNzJBSHc+NtZ8iqSlmZGJ3E0VihEdoQDqGchQR5aezMybw1Ch9GAppims4U39PpChSahwFpjNCeqgWvan4n9dJdHjlp5THiSYczz8KEwa1gNNMYJ9KgjUbG4KwpGZXiIdIImyCUbYJwVs8eZk0yyXvvHRxXy5U2lkceXAETsAZ8MAlqIA7UAMNgMEjeAav4M16sl6sd+tj3pqzsplD8AfW5w+oJpa6</latexit>

Navigating
L2ToL1

<latexit sha1_base64="6Yag16x1trUB8BWhAy8KyLrlTVM=">AAACCnicbVDLSsNAFJ3UV42vqEs3o43gqiRF0WXBjYsiFfqCNpTJdJIOnUzCzKRQQtdu/BU3LhRx6xe482+ctllo64ELh3Punbn3+AmjUjnOt1FYW9/Y3Cpumzu7e/sH1uFRS8apwKSJYxaLjo8kYZSTpqKKkU4iCIp8Rtr+6Hbmt8dESBrzhpokxItQyGlAMVJa6lunPUy4IoLy0LTv0ZiG2uChbZp2rdKIa67dt0pO2ZkDrhI3JyWQo963vnqDGKeRfhczJGXXdRLlZUgoihmZmr1UkgThEQpJV1OOIiK9bH7KFJ5rZQCDWOjiCs7V3xMZiqScRL7ujJAaymVvJv7ndVMV3HgZ5UmqCMeLj4KUQRXDWS5wQAXBik00QVhQvSvEQyQQ1uFIU4fgLp+8SlqVsntZvnqolKqdPI4iOAFn4AK44BpUwR2ogybA4BE8g1fwZjwZL8a78bFoLRj5zDH4A+PzBxC1mKA=</latexit>

Charging

<latexit sha1_base64="QS5Yv+NzXKDmmToOvaJAby/1dOI=">AAAB/nicbZDLSsNAFIZPvNZ4i4orN4Ot4KokRdFloRuXFewF2lAm00k6dDIJMxOhhIKv4saFIm59Dne+jdM2C209MPDx/+fMnPmDlDOlXffbWlvf2NzaLu3Yu3v7B4fO0XFbJZkktEUSnshugBXlTNCWZprTbiopjgNOO8G4MfM7j1QqlogHPUmpH+NIsJARrI00cE77hApNJRORXWmMsIwMVQZO2a2680Kr4BVQhqKaA+erP0xIFpu7CMdK9Tw31X6OpWaE06ndzxRNMRnjiPYMChxT5efz9afowihDFCbSHKHRXP09keNYqUkcmM4Y65Fa9mbif14v0+GtnzORZpoKsngozDjSCZplgYZMUqL5xAAmkpldETERYGICUbYJwVv+8iq0a1Xvqnp9XyvXu0UcJTiDc7gED26gDnfQhBYQyOEZXuHNerJerHfrY9G6ZhUzJ/CnrM8fWj+VKQ==</latexit>

Charged

<latexit sha1_base64="Io3/YWQdDw13/FueXNV+XZgjXzc=">AAAB/XicbVDLSsNAFJ3UV42v+Ni5CbaCq5IURZeFblxWsA9oQ5lMbtKhk0mYmQg1FH/FjQtF3Pof7vwbp20W2nrgwuGce2fuPX7KqFSO822U1tY3NrfK2+bO7t7+gXV41JFJJgi0ScIS0fOxBEY5tBVVDHqpABz7DLr+uDnzuw8gJE34vZqk4MU44jSkBCstDa2TAQGuQFAemdXmCIsIgurQqjg1Zw57lbgFqaACraH1NQgSksX6KcKwlH3XSZWXY6EoYTA1B5mEFJMxjqCvKccxSC+fbz+1z7US2GEidHFlz9XfEzmOpZzEvu6MsRrJZW8m/uf1MxXeeDnlaaaAk8VHYcZsldizKOyACiCKTTTBRFC9q010ApjoPKSpQ3CXT14lnXrNvaxd3dUrjV4RRxmdojN0gVx0jRroFrVQGxH0iJ7RK3oznowX4934WLSWjGLmGP2B8fkDfDWUqg==</latexit>

ArrivedL1

<latexit sha1_base64="eUDjEMMtd9JJJ1u69DY5sMngM9A=">AAAB/3icbVDLSsNAFJ3UV42vqODGTbAVXJWkKLqsuHHhooJ9QBvKZHLTDp1MwsykUGIX/oobF4q49Tfc+TdO2yy09cCFwzn3ztx7/IRRqRzn2yisrK6tbxQ3za3tnd09a/+gKeNUEGiQmMWi7WMJjHJoKKoYtBMBOPIZtPzhzdRvjUBIGvMHNU7Ai3Cf05ASrLTUs466BLgCQXnfLF8LQUcQ3LnlnlVyKs4M9jJxc1JCOeo966sbxCSN9GOEYSk7rpMoL8NCUcJgYnZTCQkmQ9yHjqYcRyC9bLb/xD7VSmCHsdDFlT1Tf09kOJJyHPm6M8JqIBe9qfif10lVeOVllCepAk7mH4Ups1VsT8OwAyqAKDbWBBNB9a42GWCBiU5EmjoEd/HkZdKsVtzzysV9tVRr53EU0TE6QWfIRZeohm5RHTUQQY/oGb2iN+PJeDHejY95a8HIZw7RHxifP8KJlVo=</latexit>

Repeat
L2

<latexit sha1_base64="lJ8LGHbGLdFgrvmTVQgsI7LIV0I=">AAACAnicbVDLSsNAFJ34rPEVdSVuBhvBVUmKosuCGxcuqtgHtKFMprft0MkkzEyEEoobf8WNC0Xc+hXu/BunbRbaeuDC4Zx7Z+49YcKZ0p73bS0tr6yurRc27M2t7Z1dZ2+/ruJUUqjRmMeyGRIFnAmoaaY5NBMJJAo5NMLh1cRvPIBULBb3epRAEJG+YD1GiTZSxzlsUxAaJBN9272DBIh2bdu9Kbsdp+iVvCnwIvFzUkQ5qh3nq92NaRqZ9ygnSrV8L9FBRqRmlMPYbqcKEkKHpA8tQwWJQAXZ9IQxPjFKF/diaUpoPFV/T2QkUmoUhaYzInqg5r2J+J/XSnXvMsiYSFINgs4+6qUc6xhP8sBdJoFqPjKEUMnMrpgOiCTUhKJsE4I/f/IiqZdL/lnp/LZcrDTzOAroCB2jU+SjC1RB16iKaoiiR/SMXtGb9WS9WO/Wx6x1ycpnDtAfWJ8/L7iVaQ==</latexit>

(a) (b)

Figure 1: (a) Stage map. The setup consists in 4 robots, 6 loca-
tions and 1 charging station. Above each location is shown
the reward assigned to it. (b) Building blocks of the GSPNR
model that captures the monitoring problem.
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Figure 2: Accumulated reward while executing each policy
in the Stage simulation. The lines represent the mean and
the shadows the standard deviation.

consideration. We show that these policies can outperform a care-
fully hand-crafted policy. In the future, we intend to extend this
method to arbitrary GSPNR models. Additionally, we will compare
it against other state-of-the-art methods, such as ones that optimize
the discounted expected reward.
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