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1) Context and Motivation: Structured Output Problems (SOP)

Machine Learning for
Structured Output Problems

M@ZX%y

Motivation
» A priori knowledge about the structure of the outputs
helps the prediction
» How to /earn the structure of the outputs during the
training of M y?

Standard Machine Learning

M@ZX-)}/

» Inputs X € R
» QOutput y € R : classification, regression, ... » Inputs X € R

» Outputs ) € RY, @’ > 1 with structured

dependencies
'2) Our Approach: Deep Neural Networks for SOP (New Formulation)
New Formulation for SOP T _
£(6.D(x,y)) = %Z CM X 0sup,VinOou). Vi) + Lin(Rin(Xi:0in), Xi) + Lout( Rout(Yi:00ut), ¥i) (1)
=1L (inputs—>thpruts) dependencies Learn inputsEpendencies Learn output:rdependencies -
Our Approach

» Based on Deep Neural Network (IODA)[1]

» Use the layer-wise pre-training trick to:

» Learn inputs dependencies
» Learn outputs dependencies

» Pre-trainer: Auto-encoder

C(.),Lin(.), Lout(.): defined costs.

Rin(.)/Rout(.): Input/Output reconstruction. M(.): supervised task.

Rout(Yis0out) = %
Output pre-training
Keep the decoders

Rin(Xi0in) = Xi
Input pre-training
Keep the coders

/\/l(X/;ﬁsupaH/nﬁout) = y/
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1. Unsupervised Pre-training ' 2. Finetune :
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‘4 Application: Facial Landmark Detection (Regression Approach)
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o Table : Performance of: mean shape, NDA, IDA el A
AUC: and IODA on LFPW and HELEN datasets.
Area Under the CDF, Curve. | |
NDA: Non pre-trained Deep Architecture S90S e R R
IDA: Input pre-trained Deep Architecture FEF & 7 3§ 7§ 7 34

IODA: Input/Output pre-trained Deep Architecture

Figure : CDF, curves of best configurations

‘5 Perspectives

» Minimize Eg.1 at the same time using weighted

sub-losses

Conférence d’APprentissage automatique

(CAP),

2015,
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