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Contributions

Binary Morphological Classifiers trained

via Difference-of-Convex optimization —  [ieme o mulincees prellers

Showed quantitatively and qualitatively
superior compression ability
compared to ReLU FeedForward nets

Sparsity of Morphological Neural Nets —

Improved with softened morphological

MENSIoIE MUACION BIPRe-ImEIon — operators via Maslov Dequantization

Pruning Morphological Neural Nets

Enforcing Monotonicity Constraints

1. Studied sparsity of Dense Morphological Neural Networks [4]

2. Morphological Neura
FeedForward networ

3. Morphological Neura
4. Optimizer plays a role. SGD results in sparser representations than Adam

Networks have superior compression capabilities compared to
ks with RelLU activations (FF-RelU)

Networks can retain performance with only 1% of weights
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Morphological Operators for Vectors \
Softened Morphological operators
Softmax and Softmin scalar operations A~

Figure 1. Dense Morphological Network with 2 hidden layers. Squares correspond to morphological neurons.

Dilation-Erosion Layer

Dilation-Erosion Layer

Adaptive Momentum Estimation

Stochastic Gradient Descent

= Used softened morphological operators
= Active group: affine term that determines the output for pattern x € R"

= “Hard” operators — 1 — 1 correspondence between active group and output
— only active hyperplane gets updated
— a small fraction of hyperplanes dominate the training

= “Soft” operators alleviate undifferentiability — better approximation
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distinct classifiers

= K > 2 classes — 5 green indicates the absence of performance loss between the unpruned net and the one using only 1% of the

parameters, shades of red showcase the degree of (severe) deterioration in accuracy Input Data

= Used Bagging Classifier with RBF kernels
Figure 4. Comparison of monotonic regression methods

3. Training via CCP [3]: comparable results to similar nets trained with gradient descent Smooth Monotonic is ours.

4. Training via CCP [3] is robust: variation is much lower compared to gradient descent variants
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Table 1. Results of Bagging multiclass r-DEP with n RBF kernels.
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