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SVR

Scaler = {MinMax, Standard, Robust}
Kernel = {Linear, Poly, RBF}

C = {100, 200, 300, 500, 1000}
degree ={1, 3, 5, 7, 10}
gamma={0.1, 0.3, 0.5, 0.7, 1}
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Kernel = RBF

C = 500
gamma = 0.038
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Scaler = Robust
Kernel = Poly
C =270
degree = 2
gamma = 0.1
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Random Forest (RF)
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Random Forest (RF)

Random Forest Regressor
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Height, Favorite Color and Gender... ” *
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Handles
P4 overfitting
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e.g. Random U4l Reduce

\

\
* Indepgndent 1.6 Blue Male 16.8
classifiers
1.6 Green Female 4.8 t . :
...to Predict the Residuals.
J Can overfit rl
/ 1.5 Blue Female -15.2
/
) e.g. Gradient 4l Reduce bias 1.8 Red Male 1.8
\L 1.5 Green Male 5.8
N Sequential
classifiers 1.4 Blue Female -14.2
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GB Regression
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Time series data
1st X st y
2nd X ‘ 2nd y
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AAIE HIO|E{E LSTMO|| 8% AR
WindowE MA610] timestep2 DS 0{0}t
1. CHHZFt-12~t-1(X), tly) AIE A

2. [CHHZF-12~t-1(X), t~t11(y) AI™ 4o

Batch size (# of examples)
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LSTM

CHHZE (t-12~t-1)AIBO 2 tAIA 0|Z

CIHZF A HE LSTM 7|HS

refraned = series_to_supervised(scaled,
#-121GI0E S B Hos Ff S8

refraned, head()

223510 t-12~t-1A| ™ 22 tA|H 0| =

12,1)

MAST, (2 HLY HEZ -128H 1)

vari(t- var2(t- var3(t- vard(t- var(t- var6(t- varf(t- vard(t- var9(t-  var10(t- vart4(t)
12) 12) 12) 12) 12) 12) 12) 12) 12) 12) ™
12 0328068 0.000000 0000000 0000000 0.308060 0118133 0607143 0185287 0693370 0000000 0.186230
13 0387857 0.069949 0136390 0.019048 0512210 0066116 0583333 0274416 0701657 001721 0.266655
14 0384343 0155257 0100221 0.059364 0915984 0113272 0535714 0179262 0698895 0005795 0.296410
15 0476220 0334567 0334246 0.045527 1.000000 0.112299 0595238 0223199 0701657 0012697 0.317764
16 0581335 0413174 0438320 0073445 0901895 0121536 0.658730 0187798 0.726519 0.008181 0.347260
5 rows x 299 columns
A2 QI E @e) o8 o A3 QI A TE FHo
print{train_%. shape,valid_% shape,test_%. shape) print(train_¥. shape,valid_¥.shape,test_¥.shape)
print{train_v.shape,valid_v.shape, test_y.shape) print{train_y.shape,valid_y. shape,test_y.shape)

{23, 1, 298) (15, 1, 298) (22, 1. 298)
{23, 1) (15, 1) (22, 1)
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(29, 1, 298) (18, 1, 298) (25, 1, 298)
(29, 13 (18, 1) (25, 1)
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1. Data import (data1, data2)

2. Data split (train, valid, test)

3. Data Scaling (MinMaxScaler)

4. HI0|E Het = window MA (timestepS t-1282E t7HX])

5. SR 1211 MO 2270 ¥14)E X2 B4
(tAIES| A2} XI4)2 y2 split

6. InputZta 3XH HIMZ Het
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LSTM

ait - J[Zt

Model 1 | Model2 | Model3 | Model4 | Model 5 | Model 6 | Model 7
Layer 3 2 1 1 1 1 5
Units 20 20 20 10 20 8 5
Optimizer Adam Adam Adam Sad Sagd Sgd Adam
Epochs 1000 1000 1000 300 800 500 2000
Val_MSE 0.0206 0.0357 0.0168 0.0080 0.0163 0.0133 0.0147
Val_MAE 0.1281 0.1486 0.0974 0.0763 0.1023 0.0865 0.0937
Val_RMSE 0.1435 0.1889 0.1296 0.0894 0.1276 0.1153 0.1212
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= A4 - 71241
Model 1 Model 2 Model 3 Model 4
Layer 1 1 1 1
Units 150 150 100 15
Optimizer Adam Adam Adam Adam
Epochs 1000 1000 300 1000
Val_MSE 0.0208 0.0158 0.0160 0.1273
Val_MAE 0.1271 0.1131 0.1274 0.3011
Val_RMSE 0.1442 0.1256 0.1256 0.3567
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DUAL ATTENTION MODEL
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DUAL ATTENTION MODEL

E‘EE‘EF'EE
\
g

=1

Batch = {64,128} S ESNLS 1z \\
Encoder = {64,128,256)} 1 wf |
Decoder = {64,128,256} Batch = 64 \ e
Ntime ={3,5,10} Encoder = 256 N Preictod  Tedt
LR = Decoder = 256 007 008 009 010 011 012 2013
{0.1,0.001,0.003,0.005,0. Ntime = 3
0001} LR =0.003 o |
Epochs ={100,500,1000} Epochs = 1000
o 4 J‘M
MAE RMSE 100 -
712t 0.5946 0.5972 © _J
712t 0.5448 0.6674 o — e T

2013 2014 2015 2016 2017 013 2019 2020
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25
vy 12
RMSE MAE RMSE MAE

SVR 1.9193 2.2809 4.1796 5.2946
Random Forest 3.6915 4.4457 19.8820 21.7705
Gradient Boosting 3.9837 4.6407 18.0640 20.0299
LSTM 0.0865 0.1153 0.3011 0.3567

Dual Attention 0.5972 0.5946 0.6674 0.5448
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