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Some Considerations
• Larger NN (LSTM etc) 

• “have memory” so they can learn long data without changing all weights (parameters) of the 
model seasonally

• But they are not analyzable (explainable, convergence/stability,…)
• Simpler (single “neuron” model, IPLNA, HONU)  

• All weights respond to current data (learn and forgets quickly temporal dependency in data, 
no memory for long data)

• The data behavior is encoded into a vector of neural weights 
• We can use them if not enough data, if noisy data,…
• We may explain system states according to learn weights
• We can analyze/guarantee model convergence (learning stability) for any gradient learning
• We can analyze stability of a real system from learned data
• We can apply learning Entropy

• IPLNA have one global minima (we solve set of linear equations);   however, the input data 
must be linearly independent (no collinearity (redundancy) in x)  
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