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LGGAN is conditioned on body UV map and garment UV semantic segments, Results

Global decoder G_g is responsible to predict low frequency details (overall shape),

Local decoder G_l is responsible to learn specific dynamics w.r.t. each garment class,

The amount of aggregation of global and local information is controlled by weight

decoder G_w through softmax,

e C(lass-specific discriminative feature learning branch classifies masked features to the
target garment class,

e Discriminator D receives the conditioning image (body UV map) and predicted

garment UV map to distinguish real data from fake.

e Garments are registered on top of SMPL [2] mesh to have
homogeneous topology at both training and inference time.

e The UV coordinates are discrete points, thus UV maps have empty
gaps between vertices. we use image inpainting techniques to
estimate the values of the empty spaces.

e We use displacement UV maps that store garment vertices as an offset
over the estimated SMPL body vertices.

e We create UV maps for the garment mesh, garment semantic
segments and body mesh.
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e Shared latent code is
upconvolved to form
per-pixel features,

e Features are masked into

. specific branches by garment
Blography semantic labels,

Input image -Inpainting -Local generator -Displacement maps  -Condition on body -Mesh losses Full model Ground truth

fi S2S error (in mm
e garment-specific Model . ( . ) .

convolutions map the Top | T-shirt | Trousers | Jumpsuit | Skirt | Dress | All
[1] H. Tang, D. Xu, Y. Yan, P. H. S. Torr, and N. Sebe. Local class-specific and global image-level generative . Full model 18.1 21.6 15.3 18.3 25.6 21.1 19.1
adversarial networks for semantic-guided scene generation, CVPR, 2020. features to relative 3D —
[2] M. Loper, N. Mahmood, J. Romero, G. Pons-Moll, and M. J. Black. SMPL: A skinned multi-person linear coordinates, S - ... W S -Mesh losses 18.3 21.9 15.4 18.5 25.1 21.1 19.2
model. ACM Trans. Graphics (Proc. SIGGRAPH Asia), 34(6):248:1-248:16, Oct. 2015. -Condition on bod 18.9 99 3 16.3 18.3 6.4 21.6 19.5
[3] M. Madadi, H. Bertiche, W. Bouzouita, |. Guyon, and S. Escalera. Learning cloth dynamics: 3d + texture o All branches are aggregated > -| £ £ , y Ground truth
garment reconstruction benchmark. In Proceedings of the NeurlPS 2020 Competition and Demonstration to form the final UV map. § 8 S ‘ -DISplaCCment maps 45.6 44.5 42.1 41.4 47.8 46.5 43.7
e Corons. A Pumaron G alenya. 6. Pone-Mol. and F. Moreno-Noguer. Smplicit: Topol °) 18 y -Local generator 245 | 283 23.2 26.3 449 | 321 [ 2738

. Corona, A. Pumarola, G. Alenya, G. Pons-Moll, and F. Moreno-Noguer. Smplicit: Topology-aware | —

generative model for clothed people, CVPR, 2021. i -Inpainting 20.9 24.1 22.6 21.3 42.6 5l 24.9




