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Class Imbalance in Anomaly Detection:
Learning from an Exactly Solvable Model
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fPerceptron(Xn: Y’n) — III&X(O, _Yn(w - X’n + b)) g

TPR
TPR

|
AUC =0.93 AUC = 0.65

frtinge(Xn, ¥n) = max(0,1 — Yy, (w - X, +b))

1 2
Xn,Yn) =  (sign(w - Xn +b) — Yy "
foc(Xn, Ya) = 5 (sign( X pain Pham g

Borysenko, O., Byshkin, M.: Coolmomentum: A method for stochastic optimization by langevin dynamics with simulated annealing. Scientific Reports 1 1(1), 10705 (2021)
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Gradient Descent using the Perceptron loss

RESULTS

Hyper-Parameters
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D=1250
Bias=-1.00

Test Size=0.20
Eta=0.8
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Gradient Descent using the Hinge loss
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Hyper-Parameters
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Max Iter=200
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Noise Std=0.00
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Method=gradient
Intrinsic p0=0.16
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w— ROC Test
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Cross-Validation over 42 different re-sampling of the train set
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Langevin Dynamics using the Hinge loss
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Langevin Dynamics using the Error-Counting loss

Revisiting Optimal Class Ratios in Imbalanced Learning, JDSE 2025




OPTIMAL IMBALANCE RATIO Ptrain INTHE TRAIN SET:

TUNABLE
HYPERPARAMETER

CONCLUSION
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(a) Evolution of the train score across 5 runs during
Langevin dynamics using the Error-Counting loss

MNenn & ST aver S rensl

(c) Train and test performance (mean £ std over
5 runs) for Langevin Dynamics for 6 different tem-
perature values T' € [107%,107"), using the Hinge

loss, showing also the acceptance rate across runs

(b) Evolution of the train score across 5 runs during
Langevin dynamics using the Hinge loss

(d) Train and test performance {mean + std over 5
runs) for Langevin Dynamics for 10 different tem-
perature values 7' € [107%, 10|, using the Hinge
loss, showing also the acceptance rate across runs

ADDITIONAL INFOS

Hyperparameters GD Langevin

maxiter 200 15,000

Learning rate 0.8 /

T / 0.05 -> 0.005"

*0.05 for the first 1,500 iterations, 0.005 then

AE
exp(- =
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