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Contexto

« Machine & Statistical Learning
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Contexto

« Machine & Statistical Learning ‘
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Motivacao
 Distributionally Robust Convex Optimization — Wiesemann, Kuhn, Sim (2018)
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Motivacao

* Robust Wasserstein Profile Inference and Applications to Machine Learning —
Blanchet, Kang, Murthy (2019)
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Motivacao

Distributionally Robust Optimization

Métodos conhecidos de Machine Learning

Conjunto baseado na distancia de
Wasserstein
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Motivacao

Distributionally Robust Optimization

Métodos novos de Machine Learning

Conjunto baseado nos dados

Hiper parametros




Metodologia proposta

« Conjunto de ambiguidade formulado a partir dos dados
« Sem calibracao de hiper parametros
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Metodologia proposta
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Metodologia proposta

« Conjunto de ambiguidade formulado a partir dos dados
« Sem calibracao de hiper parametros
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Metodologia proposta

e Conjunto de ambiguidade formulado a partir dos dados
« Sem calibracao de hiper parametros




Metodologia proposta

* Intervalo de probabilidade de cada subconjunto calculado a partir dos dados

utilizando o Teorema Central do Limite
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Metodologia proposta

« A partir desse conjunto de ambiguidades, podemos reformular o problema
original como um problema de programacao linear

min max Ep[h(7, 0)
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Metodologia proposta — Predictive PolieDRO

« A partir desse conjunto de ambiguidades, podemos reformular o problema
original como um problema de programacao linear
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Resultados

Data set name n d | DRO Hinge SVM | C’s
accute-inflamations-1 120 6 1.0000 1.0000 2
accute-inflamations-2 120 6 1.0000 0.9833 2

balance-scale 625 4 0.9456 0.9456 3
banknote-authentication 1,372 4 0.9883 0.9810 3
blood-transfusion 748 4 0.7760 0.7638 4
breast-cancer-prognostic 194 32 0.5564 0.5897 | 4
car-evaluation 1,728 | 21 0.9520 0.9520 3
climate-model-crashes 540 20 0.9537 0.9490 2
connectionist-bench-sonar 208 60 0.7000 0.7317 3
contraceptive-method-choice | 1473 9 0.6786 0.6836 2
dermatology 358 34 0.9905 0.9905 1
fertility 100 9 0.9000 0.9000 1
glass-identification 214 9 0.6465 0.6093 3
haberman-survival 306 3 0.7508 0.7409 2
hayes-roth 132 4 0.6307 0.6846 | 3
indian-liver-patient 583 10 0.6905 0.6905 1
ionosphere 351 34 0.8685 0.8685 3

iris 150 4 1.0000 1.0000 1
letter-recognition 20,000 | 16 0.9867 0.9772 2
libras-movement 360 90 0.9138 09777 | 2
magic-gamma-telescope 19,020 | 11 0.9995 0.9995 1
mammography 830 5 0.8193 0.8193 1
monks-problems-1 556 6 0.6702 0.6702 1
monks-problems-2 601 6 0.6533 0.6533 1
monks-problems-3 554 6 0.7829 0.7829 1




Resultados

Data set name n d DRO Hinge SVM | C’s
optical recognition 5,620 | 64 0.9857 0.9774 2
ozone-level-detection-eight | 2,534 | 72 0.9420 0.9364 3
parkinsons 195 22 0.8461 0.8512 | 3
pima-indians-diabetes 768 8 0.7818 0.7784 3
planning-relax 182 12 0.7777 0.7777 1
gsar-biodegradation 1,055 | 41 0.8739 0.8663 3
seeds 210 7 0.9380 0.8714 3
seismic-bumps 210 7 0.9571 0.8857 2
spect-heart 267 | 22 0.7924 0.7888 3
spectf-heart 267 22 0.7782 0.7814 | 2
teaching-assistant-evaluation | 151 5 0.7200 0.6866 3
thoracic-surgery 470 16 0.8638 0.8638 1
wine 178 13 0.9533 0.9657 | 3
yeast-1 2,417 | 103 0.7871 0.7842 2
yeast-2 2,417 | 103 0.6327 0.6272 3
yeast-3 2,417 | 103 0.7279 0.7289 | 2
yeast-4 2,417 | 103 0.7436 0.7297 3
yeast-5 2,417 | 103 0.7706 0.7706 | 2
yeast-6 2,417 | 103 0.7631 0.7502 1
yeast-7 2,417 | 103 0.8256 0.8256 1
yeast-8 2,417 | 103 0.8082 0.8082 1
yeast-9 2,417 | 103 0.9304 0.9102
yeast-10 2,417 | 103 0.8993 0.8991 2
yeast-11 2,417 | 103 0.8853 0.8853 1
yeast-12 2,417 | 103 0.7540 0.7537 1
yeast-13 2,417 | 103 0.7524 0.7519 1
yeast-14 2,417 | 103 0.9511 0.9867 | 2

25 vitorias
18 empates
10 derrotas
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Métodos Preditivos Métodos Prescritivos ‘ DecisGes

Minimizar meétricas Minimizar métricas
de previsao de decisao




Extensoes — Prescriptive PolieDRO

|gtodos graditivos Métodos preditivos ‘
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