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Matrix Decomposition Models

* Clustering MG+G

* Low-Rank Approximation GGH+G

* Binary Features BG+G

* Random Walk CG+G

* Co-Clustering M(GM™G)+G

* Clustered Matrix Decomp. (MG+G)(GM™G)+G
 Binary Matrix Factorization (BG+G)(GB™G)+G

* Dependent GSM (exp(GG+G)-G)+G
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Naive Exhaustive Search

e Clustering

* Low-Rank Approximation

* Binary Features

* Random Walk

e Co-Clustering

* Clustered Matrix Decomp.
* Binary Matrix Factorization
* Dependent GSM

MG+G

GG+G

BG+G

CG+G
M(GMT™+G)+G
(MG+G)(GM™G)+G
(BG+G)(GB™G)+G
(exp(GG+G)-G)+G



Naive Exhaustive Search

* Clustering

* Low-Rank Approximation

* Binary Features

* Random Walk

e Co-Clustering

* Clustered Matrix Decomp.
* Binary Matrix Factorization
* Dependent GSM

MG+G

GG+G

BG+G

CG+G
M(GMT™+G)+G
(MG+G)(GM™G)+G
(BG+G)(GB™G)+G
(exp(GG+G)-G)+G

Enumerate

Rank

Select



[—

Layer-wise Exhaustive Search

GG+ G
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Layer-wise Exhaustive Search

Key Observation: Each step involves the same sub-problem.
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Neurally Guided Search

Use Neural Network for Layer-wise Amortized Inference.
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Experiment — Accuracy

Data Ground Truth Grosse et al. (2012) Mat2Seq NG-SI (ours)
Low-rank GG+ G Correct Correct Correct
Clustering MG+ G Correct Correct Correct
Binary latent features BG +G Correct Correct Correct
Random walk CG+G Correct Correct Correct
Co-clustering M(GMT +G)+ G Correct MG+ G Correct
Binary matrix factorization B(GBT +G) + G Correct BG+G Correct
BCTF (MG +G)(GMT +G)+G Correct BG + G Correct
Sparse coding s(G) G+ G Correct s(G) Correct
Dependent GSM s(GG+G)G+G s(G) G+ G s(G) s(G) G+ G
Linear dynamical system (CG+G)G+G Correct CG+G B(s(G) G+ G)+G
Motion Capture - Level 1 - CG+G CG+G CG+dG
Motion Capture - Level 2 - C(GG+G)+G CG+G C(GG+G)+G/CG+G
Image Patch - Level 1 - GG+ G GG+ G GG+ G
Image Patch - Level 2 - s(G) G+ G GG+ G s(G) G+ G
Image Patch - Level 3 - s(GG+G)G+G/s()G+G GG+G s(G) G+ G
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