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Per-sample error, e; = y; — 9;,1 = 1,

Vector notation, e =y — y.
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Mean absolute error (MAE)
MAE used both as loss and metric.
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Huber loss
Goal: Hybrid between MAE and MSE
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Log-cosh loss
Cioal: Hybrid between MAE and MSE without hyper-

parameters.

L(e;) = logcoshe;
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Mean Squared Logarithmic Error (MLSE) Table 6.1: E le of MLSE
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Relative squared error (RSE)
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Relative absolute error (RAE)
Normalized MAE loss.
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e NN is the number of parameters, MSE  _~oorsnat A0 8 X
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e M is the number of data-points. //nuzs“ Gikr oiornx 2 #
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Akaike’s Final Prediction Error (FPE) ool Ba ez o fun
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Akaike’s Final Prediction Error (FPE) criterion provides Me| PPN

a measure of model quality.
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Huber loss
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Log(cosh) loss
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function loss = huber_loss(y,yh,delta)

e = abs(y - yh);
loss = zeros(size(e)); 1, _ .
idx = e<=delta: 2¢ leil <0
loss(idx) = e(idx).A2/2; <> Llei) = 1 _
loss(~idx) = delta*e(~idx) - deltan2/2: 0 ("”' - 5") otherwise
loss = mean(loss);

end

function loss = log_cosh_loss(y,yh)
loss = mean(log(cosh(y-yh)));
end
function loss = mae_loss(y,yh)
e = abs(y - yh);
loss = mean(e);
end
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