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= Estacionariedade
= Dataset D
= Amostras D,

= Propriedades estatisticas em D, nao variam com o tempo
= Séries temporais: média, variancia e covariancia

= NJo-estacionariedade
» Métodos de data analytics

= A grande maioria dos métodos assumem “implicitamente”
estacionariedade

[1] R.H. Shumway e D.S. Stoffer, 2017, Time Series Analysis and Its Applications: With R Examples. 4 ed. New York, NY, Springer. 2
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[1] E. Ogasawara, L.C. Martinez, D. De Oliveira, G. Zimbrdo, G.L. Pappa, e M. Mattoso, 2010, Adaptive Normalization: A novel data normalization

Normalizacdo (min/max)

approach for non-stationary time series, In: Proceedings of the International Joint Conference on Neural Networks
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R. Salles, K. Belloze, F. Porto, P. H. Gonzalez, e E. Ogasawara, “Nonstationary time series transformation methods: An experimental review”,
Knowledge-Based Systems, nov. 2018. 5



= Critica de Lucas

= visdo econOmica/estatistica

" Dilema da Plasticidade e Estabilidade
= visao de aprendizado de maquina

* Mudanca de conceito (Concept Drift)
= visao de Mineracao de Dados

= Padroes emergentes (Emerging patterns)
= visao de Banco de Dados



Critica de Lucas

= “Dado que a estrutura de um modelo econométrico consiste
em regras de decisdo otimas dos agentes econdmicos, e que
as regras de decisdo Otimas variam sistematicamente com as
mudancas na estrutura das séries relevantes para o decisor,
conclui-se  que qualguer mudanca na  politica
sistematicamente ira alterar a estrutura dos modelos
econometricos”

[1] D. Guijarati, 2002, Basic Econometrics. 4 ed. Boston; Montreal, McGraw-Hill/Irwin. 7



Pseudo-estacionariedade

Monthly mean temperature anomalies in degrees Celsius relative to a base period
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Periodo pseudo-estacionario
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[1] World Global Temperature, https://datahub.io/core/global-temp




Dilema da Plasticidade e Estabilidade

= Redes neurais sao conhecidas pela adaptabilidade

= Capacidade de atualizar os pesos em funcao de alteracdes no
ambiente

= Treinamento incremental
= Alteracao dos pesos sinapticos

= Sistemas adaptativos visam abordar nao-estacionariedade
= Buscando-se robustez, adota-se adaptabilidade

"= Maior adaptabilidade, mais suscetivel a situacdes espurias, menor
robustez

*= Dilema: encontrar o tempo certo para se adaptar

r"'“ fnﬁm gose .
I_suou‘ m"..-.udhif eoed  bese  ceeeee

sudden/abrupt incremental agradual reaccuring concepts autlier (not concept drift)

[1] S.O. Haykin, 2008, Neural Networks and Learning Machines. 3 ed. New York, Prentice Hall.

[2] Grossberg, S., 1988. Neural Networks and Natural Intelligence, Cambridge, MA: MIT Press.

[3] G. Ditzler, M. Roveri, C. Alippi, e R. Polikar, 2015, Learning in Nonstationary Environments: A Survey, IEEE Computational Intelligence

Magazine, v. 10, n. 4, p. 12-25. 9



" Aprendizado no contexto de distribuicbes nao-
estacionarias
= Aprendizado é feito em lotes (batches)
= Data streams (objetos com timestamps)
= Definicoes
= P(Y) probabilidade da variavel dependente (rétulo)
= P(X) probabilidade das variaveis independentes (objetos)
» P(X,Y) probabilidade conjunta dos objetos e rotulo
= P(Y|X) distribuigdao provavel do rétulo para objeto
= Concept=P(X,Y)=P(x)
Drift = P.(x) # B,(x)

[1] G.I. Webb, R. Hyde, H. Cao, H.L. Nguyen, e F. Petitjean, 2016, Characterizing concept drift, Data Mining and Knowledge Discovery, v. 30, n. 4, 10
p. 964-994.
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An old concept may reoccur after some time.

[3] G. Ditzler, M. Roveri, C. Alippi, e R. Polikar, 2015, Learning in Nonstationary Environments: A Survey, IEEE Computational Intelligence

Magazine, v. 10, n. 4, p. 12-25.
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Taxonomia de nao-estacionariedade

Time-Serias &
Diata Stream

[3] G. Ditzler, M. Roveri, C. Alippi, e R. Polikar, 2015, Learning in Nonstationary Environments: A Survey, IEEE Computational Intelligence
Magazine, v. 10, n. 4, p. 12-25.



= Magnitude do Concept Drift: D(t, u)
= Real Concept Drift

" P(Y1X) # P(Y]|X) e P.(X) = B,(X)
= Virtual Concept Drift

" P(Y1X) =P, (Y|X) e P.(X) # B,(X)

[1] G.I. Webb, R. Hyde, H. Cao, H.L. Nguyen, e F. Petitjean, 2016, Characterizing concept drift, Data Mining and Knowledge Discovery, v. 30, n. 4, 13
p. 964-994.



Emerging patterns

= Padroes emergentes sao colecoes de itens cuja
frequéncia muda de um dataset (batch) para outro

» Datasets D,(anterior) e D,, (préximo)
= Crescimento paraitens y: p(x)

f oo, support:(i) = 0
 p(y) = { O support,(x) = support,(x) = 0
supporty (X)

,otherwise
supporte(x)

\
= Dado um limite g, um padrdo y é emergentese p(y) = o

[1] G. Dong e 1. Li, 1999, Efficient Mining of Emerging Patterns: Discovering Trends and Differences, In: Proceedings of the Fifth ACM SIGKDD

International Conference on Knowledge Discovery and Data Mining, p. 43-52
[2] K. Ramamohanarao e J. Bailey, 2004, Emerging Patterns: Mining and Applications, In: Proceedings of International Conference on Intelligent

Sensing and Information Processing, ICISIP 2004, p. 409-414. 14



" Geréncia da memoria
= Adaptabilidade
" Transformacoes

[1] J. Gama, 1. Zliobaite, A. Bifet, M. Pechenizkiy, e A. Bouchachia, 2014, A survey on concept drift adaptation, ACM Computing Surveys, v. 46, n. 4

[2] A.M. Garcia-Vico, C.J. Carmona, D. Martin, M. Garcia-Borroto, e M.J. del Jesus, 2018, An overview of emerging pattern mining in supervised
descriptive rule discovery: taxonomy, empirical study, trends, and prospects, Wiley Interdisciplinary Reviews: Data Mining and Knowledge

Discovery, v. 8, n. 1

[3] R. Salles, K. Belloze, F. Porto, P. H. Gonzalez, e E. Ogasawara, “Nonstationary time series transformation methods: An experimental review”,
Knowledge-Based Systems, nov. 2018. 15



Memoria

= Processo
= Testa-se no ultimo batch (previsao)
" |ncorpora-se ultimo batch no treino

= Memoria

= Completa
= Sem memaoria
= Janelas deslizantes
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[1] J. Gama, 1. Zliobaite, A. Bifet, M. Pechenizkiy, e A. Bouchachia, 2014, A survey on concept drift adaptation, ACM Computing Surveys, v. 46, n. 4
[2] A.M. Garcia-Vico, C.J. Carmona, D. Martin, M. Garcia-Borroto, e M.J. del Jesus, 2018, An overview of emerging pattern mining in supervised
descriptive rule discovery: taxonomy, empirical study, trends, and prospects, Wiley Interdisciplinary Reviews. Data Mining and Knowledge
Discovery, v. 8, n. 1 16
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[1] J. Gama, I. Zliobaite, A. Bifet, M. Pechenizkiy, e A. Bouchachia, 2014, A survey on concept drift adaptation, ACM Computing Surveys, v. 46, n. 4
[2] A.M. Garcia-Vico, C.J. Carmona, D. Martin, M. Garcia-Borroto, e M.]. del Jesus, 2018, An overview of emerging pattern mining in supervised
descriptive rule discovery: taxonomy, empirical study, trends, and prospects, Wiley Interdisciplinary Reviews: Data Mining and Knowledge
Discovery, v. 8, n. 1

[3] G.I. Webb, R. Hyde, H. Cao, H.L. Nguyen, e F. Petitjean, 2016, Characterizing concept drift, Data Mining and Knowledge Discovery, v. 30, n. 4, 17
p. 964-994.
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R. Salles, K. Belloze, F. Porto, P. H. Gonzalez, e E. Ogasawara, “Nonstationary time series transformation methods: An experimental review”,
Knowledge-Based Systems, nov. 2018.




Problemas de normalizacao usando janelas deslizantes
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" Transformacao

= Conversao da série em janelas deslizantes
= Calculo de inércia da janela
= Diferenciacao das observacoes pela inércia
= Analise da distribuicao e remocao de outliers
= Normalizacao
= Desconversao
= Predicao
= Desnormalizacao
= Adicao da inércia

20
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Ipeadata - PIB Estadual a precos constantes
Brasil - 2006 - Malha: Estados

»=277.027.984
< 277.027.984
< 238.424 656
<199.821.328
< 161.218.001
<122.614.673

<84.011.345
<45.408.017
< 6.804.690

. Omisso

I?_DDE

Arna 50.816.007 59.779.252

i

Bahia 131.475.024 154.340.453

Distrito Federal 125.765.520 149.906.319

78.044.303 97.575.530

Minas Gerais 302.431.433 351.3280.905

Mato Grosso 45.453.960 09.599.950
Paraiba 25.425.318 31.947.059
17.958.480 22.060.161
Rig de Jansiro 354.234.639
Ronddnia 17.978.571
Rio Grande do Sul 217.001.407

23.932.155

Sergipe 19.962.748
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Ipeadata - PIB Estadual a pregos constantes
| Brasil - 2006 - Malha: Estados

—
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|peadata - PIB Estadual a precos constantes
' Brasil - 2010 - Malha: Estados

>=318.534.732
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< 141.358.608
< §7.064.577

< 52.770.546

< 8476515

{j Omisso
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Séries espaco-temporais tém uma posicao associadas a sensores

survey ship

source of shock waves (air gun) hydrophones
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Source: https://krisenergy.com/company/about-oil-and-gas/exploration/
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Cada sensor esta associada a uma série espago-temporal

survey ship
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26



= Probabilidades diferentes no tempo-espaco
= Modelos especializados para regioes

1001

400+

[1] https://terranubis.com/datainfo/Netherlands-Offshore-F3-Block-Complete. 27



= Aprendizado semi-supervisionado /ndo-supervisionado

= Estruturas complexas/heterogéneas
= Streaming

" Drifts transientes

= Classes desbalanceadas

= Big Data e Small Data

" Frameworks tedricos

[1] G. Ditzler, M. Roveri, C. Alippi, e R. Polikar, 2015, Learning in Nonstationary Environments: A Survey, IEEE Computational Intelligence
Magazine, v. 10, n. 4, p. 12-25.

[2]. Lu, A. Liu, F. Dong, F. Gu, J. Gama, e G. Zhang, 2018, Learning under Concept Drift: A Review, IEEE Transactions on Knowledge and Data
Engineering.
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