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Mathematical Background
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Mathematical Background

Liouvill eds theor em:
A Gi V& manalytic (differentiable) atalla ¥ 6 and
bounded,then™Qa i s a constant functi

Wirtinger Calculus

o) e

‘] (](b '?’fl)(_ld)' rl,‘gzl'. C—l_ . '?’Q_
1 (@ é

e

] W.

[3] Robert F. H. Fischerin Pr ecodi ng and Signal Shaping for
Transmi200i ono

ONERA

4 Complex-Valued Neural Network for Classification Perspectivesf'




Motivation
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Mathematical Background: Circularity

Complex random variable : & 'Qds circular if
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Two sources of non-circularity [1]:
1. Unequal variances

2. Correlation "
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Model Architecture

Complex-Valued Multi-Layer Perceptron

Model:

A Loss: Categorical cross-entropy
A Weight initialization: Glorot uniform
A SGD (Stochastic Gradient Descent)
A Learning rate 0.1
A Wirtinger Derivative

I = T

Input Size 128 256
Hidden Layer Size 64 128
Activation Function RelLU Type A[2] RelLU
Dropout 50% 50%
Output Size 2 2
Output Activation Softmax over Softmax

absolute value

Complex-Valued Neural Network for Classification Perspectives:-“'

Dataset:

A Input vector size 128

A 8000 training vectors / class
A 2000 validation vectors / class

Simulation:

A 30 trials each model
A 300 epochs

A Batch size 100
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Experimental Results

Training Loss
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Experimental Results: Without Dropout

Validation Loss
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Data A Data B Data C

Class 1 2 1 2 1
p 0.3 —-0.3 0 0 0.3 —-0.3
o5 1 1 1 2 1 2
oy 1 1 2 1 2 1
. . 1 1 1—0.6 0.6—
0z J0.3  —j0.3 —3 3 = T
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Table 1: Dataset Characteristics

Table 2: Test accuracy results (%)
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