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RNN (Recurrent Neural Network)

« RNN: ({SRRaRRSh, e r%;u, PR RS BEET S Yo = Wiy hy
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Temporal Convolutional Networks (TCN)

" RNN or CNN? Yo Y1 Y2 UT—2UT—1UT  oeeeeeeme e wmmm b 222D
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a f
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Shaojie Bai, J. Zico Kolter, Vladlen Koltun. An Empirical Evaluation of Generic Convolutional and Recurrent Networks for Sequence Modeling. CoRR 2018.
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Category

Dimension

Leo Breiman

Objective

Global vs. Local Methods
Probabilistic vs. Point Forecasts
Computational Complexity
Linearity & Convexity

= Statistical Modeling: The Two Cultures
- F1t7574: In-Sample Fit
- Hl88=373 % Out-of-sample Fit

Subjective

Data-driven vs. Model-driven
Ensemble vs. Single Models
Discriminative vs. Generative
Statistical Guarantees
Explanatory/Interpretable vs. Predictive

Tim Januschowski et al. Criteria for classifying forecasting methods. International Journal of Forecasting 36 (1), Pages 167-177, 2020.



“FiT" NBEFIRIR

- BUERVIRELIK), FBE—PFE

=L : :
Prior (domain)
- SEINEUEF FARER knowledge
- IRE AR
S RHEHTFI

Learning from
data




FEME

1. HEFIHRRNEZ B

2. FitHEMINRFEIFZE

3. AIEI5 B4 R A SEFiTER




2GR e b gy

(SRiC-5=5EAE) FicE, ATTEIS005F
A, SeRIANAKEREDERFE FE,
NEER, TTE5—XI'BNBEAME, BH
THREZRERERMINGE: "ERE.

J. Herschel, IHEIRNEZR, R AHEF
/DR, WEkEREtRaT), RUWEFS
FAPEZE a1 EHA

John Graunt. EEZFFR, AORITFEEA, 1622F 1A (XFIHRTARAEZAT

X
00
0
260
0
padl
200
k]
160
140

k] '
1620

T
1830

T T T T T
1840 1850 1860 1870 1620 ®30 1830 850 60 10

DR B A NEMN APHET
IRIEH P 75

M atwral and Political

OBS_ERV{?T!ONS
BUATIE) BEET A 1604FRER RN AMBIEAIE, HMNEEE

ABFZFECRRRAIRHIEH.

By FOHN GRAVNT,

> IRBAGLTLEREXS TR EFIZERRENE (R RIEET e B IS REREE AR  LONDON,

RERIEIERT—MEIEE)
> BRI —MWESHRE “WSE

> BEXRRFYIRISHT, ST AQGEE, XIRREDHE TS




BT RiTFRERE S

HEZF T FS Warren M. PersonsF1919FEF18 X {Indices of Business Conditions) S AAFTERFESREIERR] LA 95
FIGNTFIOAKREZRNGE TN : KEFEFE (secular Trends) ; 1BIAEEN (Cydlical fluctuations) ; ZEHME{E (Seasonal
variation) ; BEALIEEN (Irregular variation) ,

George Udny Yule, SRESITFER, 19270 B REAHBRFFIIRISTTR, INARSHER
PIZEARRHSERX, MENE—FFIFRIFEEEERX, BEMRENES BIRRRENESTE
R. IRHT AR(2), ARMA)REL,

Herman Wold, ImBiitEsR, 1938FE/EHTIE (A study in the Analysis of Stationary time
Series) fSHFISMENEIRZNEN, ARMARREL, FEFJIELH T Wold o e, Wi F5IERa]
LA ot s I FOREA L5 2 #0,
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. . S 1969 Weather forecasting with adaptive linear neurons (Hu)
International Journal of Forecasting ! 4 1086 Backpropagation (Rumelhart et al.)
] Volume 14, lssue 1, 1 March 1998, Pages 35-62 1988 NNs using backpropagation applied to forecasting;
ELSEVIER g .
positive results (Werbos)

. . . . 199x Many authors applying mostly feed-forward models to
Forecasting with artificial neural networks:: The various forecasting problem (single time series)
state Of the art 1998 Review articles: “The outcome of all of these studies

has been somewhat mixed”; “While ANNs provide a
great deal of promise, they also embody much
uncertainty.”

Guogiang Zhang, B. Eddy Patuwo, Michael Y. Hu &

2000 M3 competition — simple methods declared the winner
200x Less work on NN-based forecasting methods

2012 AlexNet wins ImageNet competition — start of the
Deep Learning revival (Krizhevsky et al.)

Research article & Full Access 2014 Generating Sequences With RNNs (Graves); seq2seq
architecture (Sutskever et al.)

2014- Modern deep learning techniques (RNNs, CNNs) get
applied to forecasting (across time series)

How effective are neural networks at forecasting and prediction?
A review and evaluation

Monica Adya ) Fred Collopy 2018 M4 competition: combination of NNs and classical

First published: 04 December 1998 | techninnes wins
https://doi.org/10.1002/(SIC1)1099-131X(1998090)17:5/6<481::AID-FOR709>3.0.C0O;2-Q | Citations: 212

[Jan et al. 2021]
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