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Motivation Network Architecture and Loss Single Image 3D Reconstruction on ShapelNet
o Lixisting shape representations focus on recovering the local 3D geometry GGiven an input and a target mesh represented as a set of OccUDANCy pairs X = {(x;,0;) }iv;, e Our representation outperforms primitive-based methods and the Oc-
oflan. object with.out considering its part-based decomposition or our network predicts a binary tree of primitives P = { {pk}Q 1 d=1{0...D}}. For each cNet w.r.t. IoU and is the second best w.r.t. Chamfer-L1.
relations between its parts. primitive pk, the network regresses its parameters )\d and 1ts reconstructlon quality q,‘j. e Associate every primitive with a unique color, thus primitives illus-
e Goal: Jointly recover the geometry of an object as a set of primitives ~ \ trated with the same color correspond to the same object part
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and their latent hierarchical layout without part-level supervision.
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Image ¢ Xg defined via hg-» Predicted Tree of Primitives
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Predicted Hierarchy The predicted shape at depth d is G%(x) is the union of the per-primitive occupancy functions N
: d (X, )\cki) at depth d. Structure-aware predictions (Ours)
Our Representation |
e Structure Loss: L. (H;X) = Z Z ollx —h%|, 0604 g T I | 0,215
Idea: . . . . . . 2d _ 1 5 | A
ea: Model the hierarchical decomposition of various objects as a binary hd e H (x, 0)6 xe 0T w il
tree of primitives of depth D, where simple parts are modelled with fewer D 2°-1 s
d d .\ d 0457 |
primitives and more complex parts with more. o Reconstruction Loss: Lyeo(P;X) = ) ZL (GUx)0)+), D D Lilgk(x:X).0) = 0a0]
(x,0)eX d=0 d=0 k=0 (x,o)EX,f % 0354 1
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° Compatlbllty Loss: [fcomp 7) X Z Z —loU pk’Xk)) e !o Net  SQ SIF CvxNets O 7 OceNet  SQ SIF  CvxNets O
 d=0 k=0
D 2"—1 Z_4 Implicit Shape Representantations EEE Primitive-based Representations EEE Ours
| e Proximity Loss: L,,,.(P) = Z Z [t(AL) — he|l,
N d=0 k=0
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o B Single Image 3D Reconstruction on D-FAUST

At every depth level, each of the 2¢ | d = {0,..., D} nodes is recursively ” h ﬂ

split into two nodes (its children) until reaching the maximum depth.
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