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Simple neural networks

Feedforward neural network

Binary activations (threshold)

Lo — 1 ifx>0,
bd = 0 otherwise.

@ Shallow networks (1 hidden layer) \‘/
@ Narrow networks
@ Sparse (2)
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Building the networks: BGN

Characteristics

@ For tackling regression tasks

o Greedy algorithm (inspired from
Adaboost)

@ Uses a L1 norm regularization

@ Convergence guarantees on the train
. : |y71‘V‘ \Y+1|V
mean squared error ~ argmin { == Var(y_1) + ar (y+1)

w,b

@ No fixed architecture
. with  y+1={vi | (xi,9:) €S, sgn(w -x; +0) = £1}
o Fewer hyperparameter (no learning rate,

batch size, ...)



Tackling the drawbacks of greediness

Sin toy dataset : z = sin(x) + sin(y) + €
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Tackling the drawbacks of greediness

1o B algerithm an the Sin dataset {withaut replacement) 2o 2N algorithm on the Sin dataset (with replacement)
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Testing our interpretable approach

The criterion

o Additive model
@ Simple interactions between features
@ Simple feature manipulations

@ Small amount of features

B(Medinc, MedAge, TotalBed) =
1.00 +

1.27 - 140,08 TotalBed-+ Medlnc>65.46} -
L0+ 10.50-TotalBed-+Medinc>63.56} +
0.60 - 1{Medinc>28.203F

0.36 - I{TotalBed>622.0} +

0.27 - 1{MedAge>20.0}



Testing our interpretable approach

B(Medinc, MedAge, TotalBed) =
1.00 +

1.01 -
1.27 -
0.60 -
0.27 -
0.36 -

]l{O.59~TotaIBed+MedInc>63.56} +
140.08-TotalBed+Medlinc>65.46} +
LMedinc>28.201 +
LtMedAge>20.0}F

LiTotalBed>622.0}
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Experiments
@ Performances experiments

o Is state-of-the-art when it comes to
performances
e Truly sparse and small predictors

@ Pruning experiments
o Better than pruned large networks

@ Interpretability experiments

e Arguably more interpretable than
regression tree
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Conclusion

Artificial neural networks can be interpretable predictors...
... When trained with such a goal in mind!
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Thank you for your attention :)

Leblanc and Germain




