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INTRODUCING PRENOM

Problem: Real-time multi-object mapping often ignores object = PRENOM: Prior-based Efficient Neural Object Mapper.

semantics, slowing reconstruction and reducing accuracy. Offline: Learn meta-initialized NeRF priors per category from
Gap: DeepSDF priors - slow & poor at sharp details; NeRFs -  synthetic datasets with architectures optimised per-category.
detailed but not integrated with category-level priors in real-time. Online: Use priors for faster convergence, canonical pose estimation,
Goal: Initialize object-level NeRFs with category-level priors for andimproved reconstruction fidelity.

efficient mapping on low-end GPUs. Probabilistic ray sampling focuses compute on likely object regions.

METHODOLOGY

Offline Prior Training Online Object Mapping
Meta-learning on shape datasets SLAM system as ORB-SLAM?2 [2]. Final object meshes
. . . « e . and canonical poses
using Reptile [1]. Object association and reconstruction adapted
Multi-objective genetic algorithm from RO-MAP [3].
to optimize object-level NeRF Object initialization with pose in the canonical
architecture per-category. object frame and prior NeRF weights.
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 On synthetic datasets PRENOM has 21% lower Chamfer * On ScanNet, PRENOM has 13% improvement in reconstruction
Distance on average than other object-level NeRFs. metrics, compared to DeepSDF based priors.
e Reconstructions feature improved flat surfaces and e Comparable pose recovery.
finer details.  Trained for 5x less time and with a 30% smaller prior size.
GT VMﬂp [4] RO-MAP [3] PRENOM Seen view Partially-observed view
CDJ EMD,| CR?T Sizel Timel
PRENOM USP Reference Tmage USP PRENOM Method (em) (cm) (<lem) | (MB) (s)
' ' ' ' ' NodeSLAM* 6.927 8.995 0.157 256 453
. DSP-SLAM#* 6.136 9.050 0.179 256 463
USP [15] 6.301 8.859 0.189 256 109.9
e Ours (w/o prior) 6.273 10.024 0.254 - 9.4
. Ours 5.189 8.017 0.294 17.9 9.1
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Quantitative reconstruction evaluation

Method | Trans. (cm)|  Rot. ()] Size (%)}
NodeSLAM* 14.38 52.58 36.27
DSP-SLAM* 14.74 5248 2448
USP 14.95 50.88 2341
Ours | 1860 19.46 31.60

Quantitative pose
estimation evaluation
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Qualitative comparison of PRENOM with the SOTA
DeepSDF-based prior
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CONCLUSIONS
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PRENOM is limited by its NeRF-based representation that B

can not reconstruct out-of-view features.
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