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Que faire!

1ere possibilité: Le client extrait le maillage!
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a temps équivalent, leur méthode est plus précise!

Preuve? plus tard!

Trop long!

Besoin
d'entrainement




Que faire!

2eme possibilité: Le serveur extrait le maillage et on compresse

Neural
representation

Compression

Méthodes de compression de maillage impactent la qualité
de résultats.
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° WoS
Que faire! °

3eme possibilité: Méthodes Meshless

CPM ou méthodes Monte Carlo? Pas besoin de trianguler le domaine!

C’est trop lent!

Qu’en est il des méthodes de simulation temps réelle sur GPU?

LIRS



Méthode LIRS
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Méthode LIRS
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Figure 12: Qg learns to approximate Q as training proceeds.

*Des ablations sont faites sur ces choix la 9



Apprendre le displacement field LIRS

Les losses sont calculées a partir d'échantillons
sur la surface coarse ()’

argmln A Lc(0,0)+ApLp(0

Z g (g0 (xi)) — xi5. / \ Lp(0) = % g 8o (xi) — P (go(x:)) |13.

Assurer que le champs de déplacement
approxime le neural field

Pest un opérateur de projection sur la surface
target (Nerf, une soupe de triangle ...)
Figure 13: Our projection operator P supports various surface
representations, such as (left to right) meshes, polygon soups, point
clouds, or neural occupancy functions where the Eikonal equation
is not necessarily met (right). 10



Et alors?
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Extraction de mesh

Figure 15: Our neural displacement field can progressively refine
the mesh, allowing users to trade off runtime and accuracy in their
computation tasks.
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Figure 4: Our mesh is free of thin sliver triangles unlike isosurfac-
ing methods [LC87, HS24], leading to accurate and efficient com-
putation on the mesh. 11



Et alors?

Compression de champs scalaires
Apprendre un champs scalaire en jonction avec le displacement field

Baseline Ours (d = 8) L error of learning 10 eigenfunctions
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Figure 23: Using our map and our intrinsic encoding, one may
train a neural network that represents a scalar function on a sur-
face, like the eigenfunctions of the Laplacian (left). By increasing
the dimension of the feature vectors d, our method can achieve

lower error without changing the number of layers/neurons of the
MLP (right).
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Résultats vs compression LIRIS

Error vs. file size of geometry processing tasks vs. mesh compresion methods
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Résultats vs iso-surface extraction

Error vs. client side runtime of geometry processing tasks on NeuS [wLL*21]
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Résultats si le base mesh n’est pas top LTS
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Figure 20: Our method outperforms other methods, even when the
base mesh does not match the topology of the input surface.
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