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Re-plan after a planning cycle.
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» Challenge: Goal positions estimation for robots to achieve efficient collaboration
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* |dea: Learning neural bipartite graph matching
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Problem abstraction
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Learned Neural Distance Insight: Learn representative distance metric

[Ours] that incorporates both history information and
future prediction.
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* NeuralCoMapping

« Global Planner: Multiplex Graph Neural Network (mGNN) + Linear Assignment Layer
L Iteration | l Iteration |

TN |

" S (I | .
e~ .
. . ts L 7f_”:

0.0 =

g . sum=1 o
] or - | G o= » - -| |g
=)
| ' >

frontiers :% .ot YUY

gf grf
_ ’ 0
:L___.r"_ stOry g@als

» d ' 4 [
Affinity Matrix Row & Col Normalization

Multiplex Graph Neural Network

Linear Assignment Layer

« Training with Reinforcement Learning

Global
Planner
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Make use of long-
term rewards to
incorporate future
predictions.

Scanning for a planning cycle.

.+ Encourage coverage increment. R = Rtime + AcReoverage

* Punish unnecessary time steps. t

. Coverage
Increment

 Numerical Results: Our algorithm achieves more superiority in larger scenes.

Small Scenes (< 35m?) Middle Scenes (35 — 70m?) Large Scenes (> 70m?)
Method Cov. (%) Time (#steps) Cov. (%) Time (#steps) Cov. (%) Time (#steps)
Greedy [41] 98.7 420.6 98.8 669.4 994 1057.0
VorSEG [2] 98.5 350.8 98.8 570.3 99.6 1080.5
mTSP [19] 98.8 3514 98.6 564.5 98.9 1029.0
CoScan [16] 98.6 304.2 99.0 496.1 99.5 985.0
NeuralCoMapping (Ours) 98.6 302.5 (-0.6%) 98.8 471.7 (-4.9%) 98.9 882.0 (-10.5%)

Table 1. Numerical results on the Gibson dataset [45]. Parentheses: %steps reduced against the best competitor (blue) for our algorithm (red).

Small Scenes (< 100m?) Middle Scenes (100 — 300m?) Large Scenes (> 300m?)
Method Cov. (%) Time (#steps) Cov. (%) Time (#steps) Cov. (%) Time (#steps)
Greedy [41] 95.9 801.2 95.1 2043.1 91.3 3345.4
VorSEG [?] 95.5 652.7 94.7 1693.2 91.0 2852.0
mTSP [19] 96.6 712.5 95.6 1742.6 91.4 2963.6
CoScan [16] 97.1 581.7 96.1 1505.5 92.1 2781.0
ANS-DeCen 85.1 1860.4 59.9 3229.8 48.5 5639.6
ANS-Cen 89.7 1536.8 64.3 2781.3 52.2 4961.3
NeuralCoMapping (Ours) 96.7 506.1 (-13.0%) 96.0 1217.3 ( ) 92.4 1874.8 (-32.6%)

Table 2. Generalization to the unseen Matterport3D dataset [ 7], which is consistently larger than the Gibson dataset. Note our algorithm is
trained only on 9 scenes in the Gibson dataset, while the ANS variants are trained on the entire Gibson dataset.
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Generalization Ability

More Visual Results

Train with 2 robots Train with 3 robots Train with 4 robots
Test number of robots Cov. (%) Time (#steps) Cov. (%) Time (#steps) Cov. (%) Time (#steps)
2 robots 96.7 1002.6 96.4 1005.0 97.1 1019.7
3 robots 96.7 680.0 96.3 661.7 96.1 683.7
4 robots 97.1 617.2 96.7 626.3 96.7 614.6
Train with 3 robots Upper bound
Generalize to different #robots Test number of robots Cov. (%) Time (#steps) Cov. (%) Time (#steps)
Only on learnable module 2 robots 97.1 1293.8 96.6 1276.5
Robots only partially involved ;‘rogots gz-‘: Zggz gg-;‘ gg-g
robots . . . .
Node features updated as 7 robots 96.9 694.0 98.4 662.3
weighted sum of neighbors 9 robots 98.6 589.7 98.5 580.8
When only trained on a single scene, NeuralCoMapping (Ours) | Cov. (%)  Time (#steps)
our method can still performs well. It . —
further demonstrates the generalization single training scene 97.1 691.3
ability of our method. nine training scenes 96.3 661.7




