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2 The experimental set-up

2.1 Set-up for experiments with local communication
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Fig. 1. Set-up of simulations of section 4: Arenas of meters (top) and meter (bottom left)
of diameter with respectively 5 and 5 worker robots. The database robot stands in the center of
each arena. There are 0 and 4 objects in the big (top) and small (bottom left) arenas respectively
represented as patches of 0. m and 0.07m diameter lying on the floor. Bottom right Division of
the small arena into 80 zones.
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2.2 Set-up for experiments with global communication

Fig. 2. Set-up of section 5: Square arena of 78 by 78 cm with 4 robots (Webots simulation (left)

and physical set-up (right)). There are 4 objects represented as square patches.
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3.1 Local communication
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4 Experiments with local communication
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Fig. 4. The Y-axis represents the mean (over O runs) time delay T of the database robot to learn
all object locations. The X-axis is the number of robots. Each figure compares the prediction of the
probabilistic model (diamonds points) and of the Webots simulations (‘x’ point with error bars) in

the small arena (left) and in the big arena (right). Error bars correspond to standard deviations.
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Correctly learned locations: mean value over whole run

Correctly learned locations: mean value over whole run
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Fig. 5. Top:

Mean number of correctly and incorrectly learned locations over the whole run for

small (left) and big arenas (right); superposition of the results for three robots’ configurations (left:
,3,5 robots; right: 5, 0, 5 robots). X-axis is the update rate equal to P/5. Bottom State of the

database’s knowledge (number of known locations) along a run. 5 robots configuration in small arena

(left) and O robots configuration in big arena (right).
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Fig. 6. The Y-axis represents the mean (over 0 runs) time delay T and the X-axis is the number of
robots. The prediction of the probabilistic model is compared to the results of the Webots simulations
and the physical experiments.
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6 Conclusion
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