




d) Physics-Constrained Foundation Models: We applied
Picasso to improve inference-time performance of foundation
models, such as SAM3D. Beyond inference, another direction
is to use Picasso to generate constraint-satisfying data that
could be used to augment training for foundation models.
In addition, such physics constraints could be incorporated
directly into the model training procedure, building on recent
work in constrained diffusion modeling [17, 37, 6].

VII. CONCLUSION

We proposed an approach for holistic scene understanding,
which accounts for sensor measurements (e.g., RGB-D scans)
and physical plausibility. The proposed approach, Picasso,
decouples scene reconstruction into a sequential physics-
informed estimation of object poses, and enables fast inference
using GPU-parallelized coarse-to-�ne rejection sampling. We
also proposed the Picasso dataset, a collection of 10 contact-
rich real-world scenes with ground truth annotations, as well
as a novel metric to quantify physical plausibility, which we
open-sourced with our benchmark. Results on the Picasso
and YCB-V dataset show that Picasso largely outperforms the
state of the art while providing reconstructions that are both
physically plausible and more aligned with human intuition.
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