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Comparison of Deep Time Series Prediction Models Utilizing Linear Regression Model
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Time series prediction is important for the industry and various prediction models have been proposed. Recently

some reports showed that deep learning models have higher accuracy than traditional models.

However, it is

known that these models take longer time to learn and are difficult to maintain long-term periodicity. To deal with
these problems, some researches on deep models with the concepts of autoregressive models have been proposed.
However, since these models have not been compared with the same data and same settings, it is unclear which
models are effective for diffrent tasks and different data. In this research, we apply these models to different types
of time series data under different settings and examine the learning processes and results to capture the features
of each model. The results confirmed the claimed merit of the model and suggested that simpler deep models are

effective under complicated problems.
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1 FETVOFUEEAIT (MSE)

5NV | AL (0) AL (60) %A% (0) A% (60)
Linear 10.69 10.62 8.66 10.64
MLP 11.03 10.83 8.24 17.39
LSTM 10.35 11.21 121.32 126.12
CNN 11.69 10.89 12.75 6.21
LSTNet | 10.57 10.44 8.43 10.59
R2N2 10.62 10.39 8.47 10.58
SOCNN | 10.00 10.52 4.54 6.44

9, AN ZR AT T — 20 FHlTIE, SUEEE
EFNVEMHALZETVIZLDEVEEEZRLTVWSEHOD
D BH AR E T IVIZEWTE TE WA Z L TV 5.
72, NLT—XOEEZTHFEKIZET S, Epoch I & D
T A MEAEOHERZ X 3127R7. Epoch & Dz DZEALIZ
HEHT % &, LSTNet, R2N2, SOCNN &\ o 78 JE [mle 2 1%
FHLU7=EF V5 DNN % LSTM 7 D ZEkE € 57 IV IZ AR T
FHNZIUR LT WA Z 2D RSN D, ZDZens, KRS
FHIZBIIBEEETNVIE, IN5DMXTIERINTWSE
0, MIETNVOOHHANEEIZE T ZIHZ S TRV H 5
ZENWRBEIND. £z, ZTOMEAIFEIET B NV AZEDORE
AN TFHIZBWTHEERINT WS,

WIZET =X LTO NVHAZOFRIOMRREEZ RS &, #
JEET N ZGALUEBE T IVREEIIZRWEEE 2R LTV
5. E£77, EEIZOWTIE SOCNN, 60 HEIZHEWTIX CNN
PERERWHEEZRLTWS., CNN ZiEHLAZETLAEN
FEZRUTWAHIHE LTI, BAAIZE > THRINZE X
NTW /) A ADHEPRBINT WL LIZHDILEZD
ZeNTES. F£7z, RMEEHE Y 25T M CNN
MHEE % LA AR > T WA Z 2%, LSTM TlREL S
DEBRIZBVWTEBWHENHTIZATT — XDEZ TR
TIFMDOE T VIR THEENELL RoTWEH I L 2HEX S
L, FHKSGETORAX Y THEDZENTU E S KERSFHI X
A21ZBWTIE, MIEETIVOHHEP RNN O FHIICE
MR RIZUTWS D RIBE NG,

DEnEREREEZLL, THTHHAHIFE T ILREL
ThHdLEZOLNIRRIFRRAZIZONTIE, BEET IV
EHAUZEBET VRS WEEE2RTEOO, AL
HETH o720 FRKIRIZ ATy THIRIA £ % & 5 etilfiin 2
A TlE, BMAREEET VY, #IEE TP RNN 2 EHAE
FIZ CNN 2EHEHTBETF N EZHANVSIES A, &0 EWERE
I EEZOSNS.

4. F&o

BROET N CTEBREZIT-> MR, BEHCHRE T ARE
WIThBEHEZONDIERFITH R A2 121, #IEEIRE TV
EEALUZEEETADRL DA THILLERADD, TOIEX
ORI TR R A 7 1 & 0 il € 7% CNN %5 H
LEETVAERTH D Z EDRBRI NI, T OSSR X1
HWENRE VSRR LETF— 2%, AFy THIMOEZZH
T EESSRAMEERDPBETHEEEZIOLNS.

72, RIFETIIANEAHNS e LTERLED, 5
BEY UEETMEIAIDNRY MVIITH 5% IR H
IRREZEE L TWA 72, TOREFTIRERNZEDLSLZ &
HERWVIZHEEI NG, ZOHAICB T 2MGEE 5 HBOREE
ER



2Q1-J-2-04

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

= Linear
——— DNN
— (LSTM
32 —— CNN
LSTNet

Score(MSE)

o] 1000 2000 3000 4000 5000

3: AL (0) 1281 5% Epoch ZEDETIVDT A M

SE XXk

[Birikowski 17] Birikowski, Mikotaj, Gautier Marti, and
Philippe Donnat. ” Autoregressive convolutional neural
networks for asynchronous time series.”

arXiv:1703.04122 (2017).

arXiv preprint

[Goel 17] Goel, Hardik, Igor Melnyk, and Arindam Baner-
jee. "R2N2: Residual recurrent neural networks for
multivariate time series forecasting.” arXiv preprint
arXiv:1709.03159 (2017).

[Lai 18] Lai, Guokun, et al. ”Modeling long-and short-
term temporal patterns with deep neural networks.”
The 41st International ACM SIGIR Conference on Re-
search & Development in Information Retrieval. ACM,
2018.



