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Body Parts Model

A Body Parts (BPs) model wrapsn € N™ neural networks, each learning the
motion of a part of the body independently of its neighbours

Context

Transmission of a body motion sequence over the network
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Proposal
Evaluating explicitly partitioned representation (body parts approach [2, 3] in _
contrast to a whole-body one [1]) to perform a motion sequence reconstruction task ! | d(g % O;L % N |

Main Contributions: We obtain n latent representations

1. A novel framework for human motion modelling featuring high modularity The transmitted latent data is semantically partitioned
2. An evaluation of the impact of the body decomposition granularity

Simulate real-time motion streaming use cases
Assert the impact of the granularity of the body decompositions on the performances

Evaluation

Skeletal motion representation

Controllability

Robustness to noise Interpretability

Assert reconstruction performance Assert noise spatial coherency Assert framework flexibility in other use cases
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Reconstruction performances on

seen and unseen datasets with:

- Semantic-based animations for novel user-created
(a) 0 (a) 1 (a) 0 (a) 1 topologies
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T A Lower body latent noise - Seated immersive videoconferences (e.g., occlusion)

No noise Input noise Latent noise
Results Reconstruction merric MPPELeml Conclusion & Take Away

el t CMU_test| 5.50+0.65 6.75+0.48 | 7.09+0.94 7.280.69
elevan + . . . :
MHAD 113.43+0.60/12.84+0.44/12.09£0.73/12.192 0.4/ Flexible sub-models Better reconstruction than expected
Edin_loco| 8.13+0.62 9.96+0.44 | 9.78+0.70 10.00 +0.61

Edin_fight|11.25+0.81 12.74=0.51|12.39= 1.00 11.72+0.83 Parallel training Training on different datasets

(Bold = best, underlined = second)

reconstruction results

Upper body latent noise
Coarse animation of a user-created topology (here, a Chimera)

Semantically partitioned
. BPs1 BPs2 BPs3 BPs5
latent representation i{ (2\ %\ ﬁ\

(Black = GT, dark blue = reconstructed, light blue = generated)

Lower body latent noise
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