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Introduction Expressiveness of Representing Conditional Distributions Learning Generic SCR via Optimization Unrolling

How current 3D reconstruction pipeline works

 Method I: Training with differentiable DAG regularization:

P(V,D,L,A|I)= P(V|I)- P(D|I)- P(L|I) - P(A|I |
( 0= PVID - PDID - P - PAI) min Lol (W = nVw Lirain(W, M), M) + Apac H(M)

Assume conditional independence Unrolling the training gradients to the validation loss

X} Differentiable | :

8% Rend  M: adjacency matrix of causal ordering; W: weights of encoders

P(V,D,L,A|I)=P(V|I)- P(D|I,V)-P(L|I,V,D) - P(A|I,V,D,L)

Image

Method Il: Training on top of the adjacency matrix in dense SCR
Chain factorization without any assumption

Thus more expressive! i Gt (W = VW Larain (W, M © Miense), M © Miense)

« M*: The learned dense causal ordering from Bayesian optimization

Learning Dynamic SCR via Masked Self-Attention

 Standard 3D reconstruction pipelines can be

viewed as independently extracting four physical "da i [* ﬂ?f‘t‘sf‘{‘?id?ﬂ“;u g S * Similaridea to Method Il in learning generic SCR
. : IE g E ZE E Viewpoint V E . . . . .
factors from the image. Nl i) AR [ PRt * Making the predicted M a function of the input image:

----------

 This is by no means an optimal design, since

minyy Ltrain(Wy Q(’U,) & M;ikense)
these four factors may have mutual dependency.

* q(u) is a parameter-free function, realized by self attention among V,D,L,A.
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Does causal modeling of the four factors matter? 5 ! L : :
e, ] e, e, Experiments and Results

Differentiable Render
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Ercods NE : o , Albedo 4 Decoding with
: | @ ﬂ : 1 tmememmsssesaea :
D Y o é: &A) ﬁﬁﬁﬁﬁﬁ iﬁﬁﬁ> , T ,;12': CausalFactorOrderlng Method SIDE (X10_2) \l/ MAD (deg) \L
Supervised 0.410 +£0.103 10.78 +1.01
Permuted Adjacency Matrix + Identity Matrix Constant Null Depth 2.723 4+0.371 43.34 +2.25
®000 0000 @000 0000 . .. Average GT Depth 1.990 £0.556  23.26 42.85
o] Jolo 000® C00® C00® Structure Space of
jelel Je) 000®: felel Jor 000® Input 2 Latent Factors Wu et al. [75] (reported) | 0.793 $+0.140 16.51 4+1.56
, _ gejelel X jejelel X Rejelel 2 ©OO0®) = Input3 Ho et al. [27] (reported) | 0.834 £0.169  15.49 41.50
Dense Orderlng of the four thSlcal factors Example: VDLA Independent SCR Dense SCR Generic SCR Dynamic SCR Wu et al. [75] (our run) 0.901 +0.190 17.53 +1.84
Independent SCR 0.895 £0.183  17.36 +1.78
. . Our SCR framework for learning causal ordering of factors Dense SCR (random) 1.000 £0.275  17.66 +2.09
e We conduct an experiment to see the effect of different causal Dense SCR (BO) 0.830 +0.205 14.88 +1.94
orderings of the four physical factors. Generic SCR (Eq. 5) 0.859 £0.215  15.17 £+1.92
* Encoding of viewpoint, depth, lighting and albedo: Generic SCR (Eq. 6) 0.820 +0.190  14.79 +1.96
* We then show the empirical performance of their 3D reconstruction. Dynamic SCR (Sigmoid) | 0.827 £0.220  14.86 +2.02
V = fo (f‘1/ (I), M‘Iu) D = 3 (fll) (I) ,Mgu) Dynamic SCR (Cosine) 0.815 +0.232 14.80 +1.95
 VDLA: Viewpoint -> Depth -> Lighting -> Albedo S/ _ S/ _ ,
L=f2 (fL (I), M ’u,) A=f2 (fA (I), M u) Depth reconstruction results on BFM
* SIDE: Scale Invariant Depth Error; MAD: Mean Angle Deviation;
Input Image

Wu et al. Independent SCR Dense SCR Generic SCR Dynamic SCR

* Three types of causal orderings: e
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Learning dense SCR via Bayesian optimization
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Ntmber sf Bports O - B * Dense SCR: order permutation of viewpoint, lighting, depth and albedo

e Evaluation on a helf-out validation set

Textureless view and canonical normal map on CelebA

Causal ordering matters a lot!
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