Chapter 1: Introducing Time Series

Generates

Generates Learning from history

300

200

100

YValue

-100

-200

-300

—-400
60 80 100 120 140 160 180

=
5]
=
&



200

100

anep

-100

-200

-300

180

160

140

120

100

80

20

ts

1.5

0.25

0.5

=1.5 | Frequency

=— Amplitude
s==== Amplitude

1| Frequency =

mEeana
LT
-
aammanr®
FEEET Rl
ammamamE=ET
z="""

------ bk i
LT
hL T LT,
RCEETT

eEmea.,

-

e
ammmEman

n
<

[=]

-0.5

anE,

-1.5

15

10

anfep

0.5

13

10

Time



anep,

anep

15

i0

Time



Value

5 10 15
Time
t=1,2 3, .. Index denoting time step of interest. L is the

total length of the time series

n=123 ..,N

In cases where we are talking about more
than one time series: n is the index denoting
the time series and IV is the total number of
timeseries in the set of timeseries we are
considering.

¥

Value of the timeseries at timestep t

Mne

Value of the n™® time series at timestep ¢
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A complete time series of L timesteps (if
mentioned)

Y11 Va2 Y11 A set of N timeseries with L timesteps.
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¥wa ¥uaz Y.
I: Forecast at timestep t
flee+m Multi-step Forecast from timesteps t tot +
H, where H is the forecast horizon
fir  firer fie+n Multi-step Forecast for a set of time series
Fuo — fzr Forer foren (V) and timesteps t to t + H, where H is the
M.H forecast horizon
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Chapter 2: Acquiring and Processing Time Series Data

LCLid

informations_household.csv

MAC001074
stdorTou Tou
Acorn ACORN-A
Acorn_grouped Affluent
file block_0

Smart meter readings
are in different files, one
for each block

block_<x>.csv

LCLid  MAC001074
day 2012-10-17
hh_0 0.263
hh_1 0.278

Bank holidays
type

uk_bank_holidays.csv

2012-12-26
Boxing Day

time
visibility

temperature

summary

weather_hourly_darksky.csv

2011-11-11 00:00:00

5.97
10.24

Partly Cloudy

hh_47 0.169

time
temperatureMax
temperatureMin

moonPhase

weather_daily_darksky.csv

2011-11-11 00:00:00

date ISE ISE.1 SP DAX FTSE MIKKEl BOVESPA EU EM
0 2000-01-05 0.035734 0.038376 -0.004679 0.002193 0.003894 0000000 0.0317190 0012698 0.028524
1 2009-01-06 0.025426 0.031813 0007787 0.008455 0.012866 0.004162 0018920 0.011341 0.008773
2 2000-01-07 -0.028862 -0.026333 -0.03046%9 -0.017833 -0.028735 0017293 -0.035809 -0.017073 -0.020015
3 2009-01-08 -0.062208 -0.084716 0.003391 -0.011726 -0.000466 -0.040061 0.028283 -0.005561 -0.019424
4 2000-01-09 0.009800 0.0009658 -0.021533 -0.019872 -0.012710 -0.004474 -0.000764 -0.010989 -0.007802
Missing Values in PM2.5
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Forward, Backward, and Mean Value Fill

= Qriginal «-«-- Forward Fill = = Backward Fill = Mean Value Fill
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= Qriginal ===+ Linear Interpolation = = Nearest Interpolation
8 "o, i \\
- ;,__\
.
LR
6 L
[
=
24
2
0
00:00 02:00 04:00 06:00 08:00 10:00 12:00
Jul 7, 2022
Day
Spline and Polynomial Interpolation
—— Qriginal === 2nd Order Spline Interpolation = = 5th Order Polynomial Interpolation
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LCLid start_timestamp

MAC000002

MAC000246

MAC000450

MAC001074

MAC003223

2012-10-13

2011-12-04

2012-03-23

2012-05-09

2012-09-18

frequency

30min

30min

30min

30min

30min

energy_consumption

[0.263, 0.2689999999999999, 0.275, 0.256, 0.21...

LCLid energy_consumption

series_length

[0.175, 0.098, 0.144, 0.065, 0.071, 0.037, 0.0...

[0.337, 1.426, 0.996, 0.971, 0.994, 0.952, 0.8...

[0.18, 0.086, 0.106, 0.173, 0.146, 0.223, 0.21...

[0.076, 0.079, 0.123, 0.109, 0.051, 0.069, 0.0...

series_length
24144
39216
33936
31680

25344

timestamp frequency

MACQ000002 0.263 24144 2012-10-13 00:00:00 30min
MACO000002 0.269 24144 2012-10-13 00:30:00 30min
MACO000002 0.275 24144 2012-10-13 01:00:00 30min
MACO000002 0.256 24144 2012-10-13 01:30:00 30min
MACO000002 0.211 24144 2012-10-13 02:00:00 30min
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MAC000193 Energy Consumption between 2012-10-05 and 2012-10-10
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Imputing with Hourly Profile | MAE=0.121

- Qriginal -+« Hourly Profile Imputed
1.2 |
I|
1
. |
| \
| N\ l
. L L
S os l | | - | |
= Wl f || k| |
> | Il*li A &5 ) U'--'l*"- : l\a\f
UL R VYV A A
0.2 g |'| ' A If" \: 1{\; Il |'I ilm"[ \
y 25| f | 5. - | | \
0 ,*\__“AM""\__J “V ‘L‘M 2 L '|I"7
00:00 06:00 12:00 18:00 00:00 06:00 12:00 18:00
Oct 7, 2022 Oct 8, 2022
Day
Imputing with Week Day-Hourly Profile | MAE=0.117
—— Original =---- Week Day-Hourly Profile Imputed
1.2
1
0.8
0.6 —
0.4 2
0.2
oA
00:00 06:00 12:00 18:00 00:00 06:00 12:00 18:00
Oct 7, 2012 Oct 8, 2012

Day



Value

Imputing with Seasonal Interpolation
MAE Half Hourly=0.122 | MAE Weekday-Half Hourly=0.120
Half Hourly Profile Imputed = = Week Day-Half Hourly Profile Imputed
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Chapter 3: Analyzing and Visualizing Time Series Data
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Erergy Comsumption

Energy Consumption for MAC000193
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Temperature and Energy Consumption
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Energy Consumption

Ernergy Consumption

Seasonal Plot - Monthly
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Month
Seasonal Plot Monthly: Multivariate

—e— energy_consumption_2012 == energy_consumption_2013
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Erergy Consumption

Erergy Consumption

Day of Month-Hourly Average Consumption

Hours

Box Plot: Day of Month-Hourly Average
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Energy Consumption: Hours versus Week Day
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Sine and Cosine Fourier Terms

—— Fourier Cosine Term 1 === Fourier Sine Term 1
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Seasonal Decomposition
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Seasonal Decomposition
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Seasonal Decomposition
Original

Trend

hour

day_of_week

day_of_year

Residual

Now 4 Nov 11 Nov 18 Nowv 25 Dec2

# of Outliers % of Outliers

3sD 802 2.12%

25D on Residuals 728 1.92%

4I1QR 747 1.97%

4SD on Residuals 468 1.24%

Isolation Forest 364 0.96%

Isolation Forest on Residuals 359 0.95%
ESD 420 1.11%

S-ESD 424 1.12%



Chapter 4: Setting a Strong Baseline Forecast
Naive: MAE: 0.3509 | MSE: 0.1849 | MASE: 2.7348 | Bias: -17.8854

—— Actual Consumption = = Naive Predictions

Value

Time
Naive and Moving Average Forecasts

—— Actual Consumption = = Naive
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Time



Value

Seasonal Naive:
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2014

MAE: 0.2519 | MSE: 0.1908 | MASE: 1.9633 | Bias: 13.7354

—— Actual Consumption = = Seasonal Naive Predictions
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Exponential Smoothing: MAE: 0.2327 | MSE: 0.1591 | MASE: 1.8134 | Bias: 52.4460
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—— Actual Consumption = = Exponential Smoothing Predictions
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ETS and ARIMA Forecasts

—— Actual Consumption = = ETS ===+ ARIMA
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Theta: MAE: 0.2342 | MSE: 0.1605 | MASE: 1.8252 | Bias: 53.7115
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Value

Theta and FFT Forecasts

—— Actual Consumption = = Theta -----

Jan 1 Jan 2 Jan 3 Jan 4

Jan 5

Time

Jan 6

Jan 7

Algorithm MAE MSE MASE Forecast Bias Time Elapsed

Naive 0.305 0.249
Moving Average Forecast 0.351 0.185
Seasonal Naive Forecast 0.252 0.191

Exponential Smoothing 0.233 0.159

2.380
2.735
1.963
1.813

Theta 0.234 0.160

FFT 0.239 0.120

1.825

1.860

Jan 8

-17.89%
13.74%
52.45%
24.00%
53.71%

23.15%

0.096654
0.055316
29.352878
31932249
0.268956

0.592196



Probability Density

Probability Density

Algorithm MAE MSE meanMASE Forecast Bias

ication °" (OGN o7

Theta 0282 0.245 2.274 11.80%

Algorithm MAE MSE meanMASE Forecast Bias

2.014 8.54%

Distribution of MASE in the dataset

7.64%
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Chapter 5: Time Series Forecasting as Regression

Data Program  Data Output

Traditional
Programming

Machine
Learning

Output Program

3 Target Ideal Target 1

(Dependent Function (unknown)
Variable)

Features
(I ndependent Va riables)

\ Features 2
(iIndependent Variables)
y = h(X
y _ ( ’ )
/ "~ Model
Parameters
Predicted Approximation

Target 4) of the Ideal
Target Function

T g2(X)
D(x;, J’z) (:) FuLn?:?c?on -----------

y h(X, ¢)



Linear Regression
1 I Y D D
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Polynomial Regression {Degree=4)
I

Polynomial Regression (Degree=15)
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Time Series Dataset




Chapter 6: Feature Engineering for Time Series Forecasting

Usable in the model Not Usable in the model

Information which becomes available after the time of prediction TI me

:

Time of Prediction

T-L

Current Timestamp

Lag 1 Lag 2 Lag 3

T-L

1 Rolling Window = 4

Rolling Window = 3

Current Timestamp

Aggregation Function

Rolling
Mean

Rolling
Mean




Weights

Rolling Window =3

Seasonal Period = M

Current Timestamp

Seasonal Rolling
Mean

Parameters=Alpha=0.3 | Span=5.67 Parameters=Alpha=0.5 | Span=3.00 Parameters=Alpha=0.8 | Span=1.50
- ! & [ [ [ @ [ [ | ]

15

0 5 10 15 20 0 15 ]

Timesteps behind t Timesteps behind t Timesteps behind t
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Representation

Representation

Step Function vs Continuous Function
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Chapter 7: Target Transformations for Time Series
Forecasting

Timeseries 1 Timeseries 2 Timeseries 3

Timeseries 4 Timeseries 5 Timeseries 6
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AR(1) with ¢ = 1.05
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Chapter 8: Forecasting Time Series with Machine Learning
Models

MAE MSE meanMASE Forecast Bias

Naive 0.086 0.045 1.050 0.02%

Seasonal Naive 0.122 0.072 1.487 4.07%
Linear Regression: MAE: 0.1595 | MSE: 0.0748 | MASE: 1.2431 | Bias: 6.1844

—— Actual Consumption ----- Linear Regression
3
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L1 Norm (Lasso Regression) L2 Norm (Ridge Regression)

Ridge Regression: MAE: 0.1595 | MSE: 0.0748 | MASE: 1.2430 | Bias: 6.1637

—— Actual Consumption ----- Ridge Regression

Walue

Jan 8

Jan 7

Jan 3 Jan 4 Jan 5 Jan 6

Jan 1 Jan 2
2014
Time
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Value

Feature Importance - Ridge Regression
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Features
Lasso Regression: MAE: 0.1599 | MSE: 0.0743 | MASE: 1.2463 | Bias: 3.6669
—— Actual Consumption =---- Lasso Regression
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Feature Importance - Lasso Regression

Partition A Partition B Partition C



Value

Decision Node

(Root Node)

Branch (right)

Branch (left)

Decision Node Decision Node

Decision Node

Decision Tree: MAE: 0.1682 | MSE: 0.0850 | MASE: 1.3111 | Bias: 9.9864

—— Actual Consumption ----- Decision Tree
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Feature Importance - Decision Tree
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Features
Random Forest: MAE: 0.1657 | MSE: 0.0820 | MASE: 1.2913 | Bias: 7.7789
—— Actual Consumption ----- Random Forest
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Features
LightGBM: MAE: 0.1498 | MSE: 0.0689 | MASE: 1.1674 | Bias: 2.7656
—— Actual Consumption ----- LightGBM
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Features

Algorithm  MAE MSE MASE Forecast Bias Time Elapsed
Naive 0.1753 0.1050 1.3664 0.03% nan
Seasonal Naive 0.2377 0.1709 1.8521 4.80% nan
Linear Regression 0.1595 0.0748 1.2431 6.18% 0.490227
Ridge Regression 0.1595 0.0748 1.2430 6.16% 0.425553
Lasso Regression 0.1599 0.0743 1.2463 3.67% 0.949244
Decision Tree 0.1682 0.0850 1.3111 9.99% 0.474296
Random Forest 0.1657 0.0820 1.2913 7.78% 26.353781
XGB Random Forest 0.1644 0.0818 1.2808 9.35% 1.786139
LightGBM ' 0.1498 0.0689 1.1674 2.77% 0.435123



Algorithm

Naive

Seasonal Naive
Lasso Regression
XGB Random Forest
LightGBM

Algorithm

Naive

Seasonal Naive
Lasso Regression
XGB Random Forest

LightGBM

Algorithm MAE

MAE

0.0882

0.1292

0.0802

0.0808

0.0772

MAE

0.086

0.122

0.077

0.078

0.075

Naive

Seasonal Naive

Lasso Regression

XGB Random Forest

LightGBM

Lasso Regression_auto_stat

XGB Random Forest_auto_stat

LightGBM _auto_stat

MSE meanMASE Forecast Bias

0.0450

0.0777

0.0271

0.0306

0.0275

1.1014

1.6004

1.0052

1.0177

0.9781

-0.00%

-1.00%

-0.29%

-2.43%

0.05%

MSE meanMASE Forecast Bias

0.045

0.072

0.026

0.030

0.027

0.088 0.045
0.129 0.078
0.080 ' 0.027
0.081 0.031
0.077 0.028
0.083 0.030
0.086 0.033

0.079 0.029

1.050

1.487

0.946

0.966

0.914

1.101
1.600
1.005
1.018
0.978
1.055
1.098

1.002

0.02%

4.07%

0.99%

-0.18%

2.57%

MSE meanMASE Forecast Bias

-0.00%

-1.00%

-0.29%

-2.43%

0.05%

-3.50%

-8.33%

-4.41%






Chapter 9: Ensembling and Stacking

Lasso Lasso XGB XGB Random

FFT LightGBM LightGBM _auto _stat Theta Rand ti
Regression  Regression_auto_stat 9 9 | auto :o::t Forest auto stat SMeT9Y-consumption
LCLid timestamp
MAC000002 2010‘;?];2; 0255057 0455158 0418127 0419273 0414226 0398836  0.39043 0347244 0496
2014-01-01
00:30:00 0.234834 0471182 0.422963 0.425602 0.403881 0.380464 0.39043 0.328894 0.427
2014-01-01
01:00:00 0.207254 0.443879 0.418469 0.373510 0.378720 0.369484 0.39043 0.317926 0.469
2014-01-01
01:30:00 0.175136 0438553 0.382969  0.345316 0.333053 0.328537 0.39043 0.276990 0.362
2014-01-01
02:00:00 0.144155 0.309471 0.295905 0.304884 0.277279 0306195 0.36219 0.242762 0.452

Algorithm MAE MSE meanMASE Forecast Bias

LightGBM 0.0751 0.0271 0.9142 2.57%

Algorithm  MAE MSE meanMASE Forecast Bias

LightGBM 0.0751 0.0271 0.9142 2.57%
median_ensemble 0.0767 0.0279 0.9304 -0.86%

average_ensemble 0.0828 0.0285 1.0159 1.58%
Algorithm MAE MSE meanMASE Forecast Bias

LightGBM 0.0751 0.0271 0.9142 2.57%

best_fit 0.0740 0.0269 0.8971 -

median_ensemble 0.0767 0.0279 0.9304 -0.86%

average_ensemble 0.0828 0.0285 1.0159 1.58%



Algorithm MAE MSE meanMASE Forecast Bias
LightGBM 0.0751 0.0271 0.9142 2.57%

best_fit 0.0740 0.0269 0.8971 -
median_ensemble 0.0767 0.0279 0.9304 -0.86%
average_ensemble 0.0828 0.0285 1.0159 1.58%

greedy_ensemble

stochastic_hillclimb__ensemble 0.0751 0.0257 0.9206 1.18%
Algorithm MAE MSE meanMASE Forecast Bias
LightGBM 0.0751 0.0271 0.9142 2.57%
best_fit 0.0740 0.0269 0.8971 -
median_ensemble 0.0767 0.0279 0.9304 -0.86%
average_ensemble 0.0828 0.0285 1.0159 1.58%

greedy_ensemble
stochastic_hillclimb__ensemble

simulated_annealing_ensemble

0.0751

0.0257

0.9206 1.18%

0.9041 0.26%



Forecast Weights

LightGBM 0.4221
LightGBM_auto_stat 0.2991

Lasso Regression_auto_stat 0.1266
Lasso Regression 0.1012

XGB Random Forest 0.0510

FFT 0.0000

Theta 0.0000

XGB Random Forest_auto_stat 0.0000

Algorithm MAE MSE meanMASE Forecast Bias

LightGBM 0.0751 0.0271 0.9142 2.57%

best fit 0.0740 0.0269 0.8971 -

median_ensemble 0.0767 0.0279 0.9304 -0.86%
average_ensemble 0.0828 0.0285 1.0159 1.58%
greedy_ensemble 0.0733 0.0251 - 0.81%
stochastic_hillclimb__ensemble 0.0751 0.0257 0.9206 1.18%
simulated_annealing_ensemble 0.0735 - 0.9041 0.26%

optimal_combination_ensemble - 0.0248 0.8956 0.81%



Algorithm  MAE MSE meanMASE Forecast Bias

LightGBM 0.0751 0.0271 0.9142 2.57%

best_fit 0.0740 0.0269 0.8971 -
median_ensemble 0.0767 0.0279 0.9304 -0.86%
average_ensemble 0.0828 0.0285 1.0159 1.58%
greedy_ensemble 0.0733 0.0251 - 0.81%
stochastic_hillclimb__ensemble 0.0751 0.0257 0.9206 1.18%
simulated_annealing_ensemble 0.0735 0.0248 0.9041 0.26%
optimal_combination_ensemble 0.0732 0.0248 0.8956 0.81%
linear_reg_blending 0.0755 0.0245 0.9260 4.35%
ridge_reg_blending 0.0737 0.0243 0.9082 1.84%

lasso_reg_blending 0.0736 - 0.9068 1.94%

huber_reg_blending - 0.0246 0.8989 -6.42%



Chapter 10: Global Forecasting Models

Algorithm MAE MSE meanMASE Forecast Bias Time Elapsed
LightGBM 0.077183 0.027510 0.978056 0.050231 NaN
GFM Baseline 0.079581 0.027326 1.013393 0.218127 28.718087

Acorn_grouped Comfortable Adversity Affluent

Comfortable (0]

Comfortable a 0
Adversity

One-Hot Encoding

Affluent
Affluent
Algorithm MAE MSE meanMASE Forecast Bias Time Elapsed
LightGBM 0.077183 0.027510 0.978056 0.050231 NaN
GFM Baseline 0.079581 0.027326 1.013393 0.218127 28.718087
GFM+Meta (CountEncoder) 0.079411 0.027233 1.011801 0.037475 68.020298

Acorn_grouped energy_consumption

Acorn_grouped Encoded Value

”

Mean
Encoding
Algorithm MAE MSE meanMASE Forecast Bias Time Elapsed
LightGBM 0.077183 0.027510 0.978056 0.050231 NaN
GFM Baseline 0.079581 0.027326 1.013393 0.218127 28.718087
GFM+Meta (CountEncoder) 0.079411 0.027233 1.011801 0.037475 68.020298

GFM+Meta (TargetEncoder) 0.079537 0.027218 1.012400 0.335610 43.607325



Algorithm MAE MSE meanMASE Forecast Bias Time Elapsed

LightGBM 0.077183 0.027510 0.978056 0.050231 NaN

GFM Baseline 0.079581 0.027326 1.013393 0.218127 28.718087

GFM+Meta (CountEncoder) 0.079411 0.027233 1.011801 0.037475 68.020298
GFM+Meta (TargetEncoder) 0.079537 0.027218 1.012400 0.335610 43.607325
GFM+Meta (NativeLGBM) 0.079209 0.027329 1.002630 -0.083755 30.316029

Objective Function Evaluation of Different Optimization Techniques

0.082

0.08

0.078

0.076

Objective Value

0.074

0.072

0.07

[ Grid Search [ Random Search [ Bayesian Optimization

Optimization Techniques

Algorithm MAE MSE meanMASE Forecast Bias Time Elapsed

LightGBM 0.077183 0.027510 0.978056 0.050231 NaN

GFM Baseline 0.079581 0.027326 1.013393 0.218127 28.718087

GFM+Meta (CountEncoder) 0.079411 0.027233 1.011801 0.037475 68.020298
GFM+Meta (TargeteEncoder) 0.079537 0.027218 1.012400 0.335610 43.607325
GFM+Meta (NativeLGBM) 0.079209 0.027329 1.002630 -0.083755 30.316029
Tuned GFM+Meta 0.072918 0.030641 0.900749 -12.412786 57.936451



Algorithm

LightGBM

GFM Baseline

GFM+Meta (CountEncoder)
GFM+Meta (TargetEncoder)
GFM+Meta (NativeLGBM)
Tuned GFM+Meta

Tuned GFM+Meta+Random Part

Algorithm

LightGBM

GFM Baseline

GFM+Meta (CountEncoder)
GFM+Meta (TargetEncoder)
GFM+Meta (NativeLGBM)

Tuned GFM+Meta

Tuned GFM+Meta+Random Part

Tuned GFM+Meta+ACORN Part

0 ECDF 0 0 ECDF 1 0_ECDF2

LCLid

MAC000061 0.000028 0.000057  0.000085

MAC000062 0.000028 0.000057 0.000085

MAC000066 0.000028 0.000057  0.000085

MACO000086 0.000028 0.000057 0.000085

MAC000126 0.000028 0.000057 0.000085

MAE MSE meanMASE Forecast Bias Time Elapsed
0.077183 0.027510 0.978056 0.050231 NaN
0.079581 0.027326 1.013393 0.218127 28.718087
0.079411 0.027233 1.011801 0.037475 68.020298
0.079537 0.027218 1.012400 0.335610 43.607325
0.079209 0.027329 1.002630 -0.083755 30.316029
0.072918 0.030641 0.900749 -12.412786 57.936451
0.072598 0.030681 0.898618 -12.361642 49.178089

MAE MSE meanMASE Forecast Bias Time Elapsed
0.077183 0.027510 0.978056 0.050231 NaN
0.079581 0.027326 1.013393 0.218127 28.718087
0.079411 0.027233 1.011801 0.037475 68.020298
0.079537 0.027218 1.012400 0.335610 43.607325
0.079209 0.027329 1.002630 -0.083755 30.316029
0.072918 0.030641 0.900749 -12.412786 57.936451
0.072598 0.030681 0.898618 -12.361642 49.178089
0.072567 0.030786 0.898071 -12.316822 52.118687
0 ECDF 3 OECDF4 OECDF5 0ECDF6 OECDF7 0ECDF8 0ECDF9 .. °*M°d;?f’;
0000114 0000142 0000171 0000199 0000228 0000256 0000285 .. 0.000
0000114 0000142 0000171 0000199 0000228 0000256 0000285 ..  -0.003
0000114 0000742 0000171 0000199 0000228 0000256 0000285 .. 0.000
0000114 0000142 0000171 0000199 0000228 0000256 0000285 ..  -0.002
0000114 0000142 0000171 0000199 0000228 0000256 0000285 ..  -0.002



Clustered t-SNE

4 e ® Cluster1 4 Cluster2 ®m Cluster 3
[ ]
® o ®
3 L . .. . . 'l. . ]
. ®e ® g s 2
2 = ®oc bl . e ..
'l' L] . L4 ‘ g ] »
[ o [} = . . . [ ] | |
o - [ ® . ° "
c 0 s . Oe
a [ X ] . L ™ [ |
E * = " LR
o -1 ™ u LN ] =
2 * ¥ :I Ny
-3 :’ ‘e » z‘ 0. ’. =
* & 0. * e * L 2 *
4 o .
-5 —4 -3 -2 -1 0 1 2 3
Dimension 1
Algorithm MAE MSE meanMASE Forecast Bias Time Elapsed
0 LightGBM 0.077183 0.027510 0.978056 0.050231 NaN
1 GFM Baseline 0.079581 0.027326 1.013393 0.218127 28.718087
2 GFM+Meta (CountEncoder) 0.079411 0.027233 1.011801 0.037475 68.020298
3 GFM+Meta (TargetEncoder) 0.079537 0.027218 1.012400 0.335610 43.607325
4 GFM+Meta (NativeLGBM) 0.079209 0.027329 1.002630 -0.083755 30.316029
5 Tuned GFM+Meta 0.072918 0.030641 0.900749 -12.412786 57.936451
6 Tuned GFM+Meta+Random Part 0.072598 0.030681 0.898618 -12.361642 49.178089
7 Tuned GFM+Meta+ACORN Part 0.072567 0.030786 0.898071 -12.316822 52.118687
8 Tuned GFM+Meta+Clustered Part 0.072347 0.029976 0.905182 -12.521149 66.373510



Algorithm

MAE MSE meanMASE Forecast Bias Time Elapsed

LightGBM

GFM Baseline

GFM+Meta (CountEncoder)
GFM+Meta (TargetEncoder)
GFM+Meta (NativeLGBM)

Tuned GFM+Meta

Tuned GFM+Meta+Random Part
Tuned GFM+Meta+ACORN Part

Tuned GFM+Meta+Clustered Part

0.0773 0.0280
0.0772 0.0276
0.0773 0.0276
0.0770 0.0279
0.0700 0.0310
0.0706 0.0339

0.0696 0.0305

09142

0.9586

0.9612

0.9483

0.8384

0.8405

0.8342

2.57%

0.71%

0.99%

0.84%

-12.38%

-12.96%

-12.43%

-11.94%

nan

38.147337

71.797225

48.736455

32.467879

62.091281

55.361825

52.066995

57.231065



Chapter 11: Introduction to Deep Learning
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Loss Surface for £(a, b) = (a — 8)* + (b — 2)
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Chapter 12: Building Blocks of Deep Learning for Time Series

Desired Output
X [:> Encoder [:> 7 37
Input Spac Latent Space
1)
v = L
~ L

% 0ss
Decoder [:> y
Prediction

Input Layer € R5 Hidden Layer € IR® Hidden Layer € R® Output Layer € R!



15 x 64 64 x 32 32x32 32x1
Weight EEN EENE EEN EENE
Matrices > HEN EEN EENE EEE
EEN EENE EEN EENE

Input Output
E - Non-Linearity
Input Layer Hidden Hidden Output
15 units Layer Layer Layer
64 units 32 Units 32 Units
/f—f\ . Outputs
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_ " Inputs ~—
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States
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concatenation



3*1+3*0+4*0+2*%1=5

2-D Kernel

2x2 Output
2-D Input 3x3
4x4
1-D Input 1-D Kernel Output
1x4 1x2 1x3

10 +2%1 =2



Kernel size =2
Stride =2

Dilation = 2 e o

Kernel size =2
Stride =1
Dilation =2

Kernel size =2
Stride =2
Dilation = 1

Kernel size =2
Stride =1
Dilation = 1




Chapter 13: Common Modeling Patterns for Time Series

Algorithm MAE MSE meanMASE Forecast Bias

GFM+Meta (NativeLGBM) -0.68%

FTTransformerModel 0.0913

1.1598 5.90%




e (22) () (o)
Loss
RNN Outputs o o e

Fully Connected
| | |

RNN
Input Window

Algorithm  MAE MSE MASE Forecast Bias

Lasso Regression 0.1598 0.0743 1.2452 3.78%

XGB Random Forest 0.1641 0.0819 1.2792 9.30%

RNN 0.2685 0.1721 2.0927 29.35%



RNN: MAE: 0.2685 | MSE: 0.1721 | MASE: 2.0927 | Bias: 29.3497

—— Actual Consumption ----- RNN

Walue

Jan 1 Jan 2 Jan 3 Jan 4 Jan 5 Jan 6 Jan 7 Jan 8
2014

Time

Algorithm  MAE MSE MASE Forecast Bias

Lasso Regression 0.1598 0.0743 1.2452 3.78%
XGB Random Forest 0.1641 0.0819 1.2792 9.30%
RNN 0.2685 0.1721 2.0927 29.35%

LSTM 0.1982 0.1125 1.5442 17.94%

GRU 0.17714 0.0899 1.3358 14.48%



Value

Jan 1
2014

LSTM and GRU

—— Actual Consumption

Jan 2 Jan 3 Jan 4 Jan 5 Jan 6
Time
Tl (o)
RNN gt RNN g hg—> "
T i)

Legends

. Encoder ‘Deooder |/\| Unused Output
N

LSTM - — GRU

Jan 7

Loss

Jan 8



Legends

-Decoder \( )I Unused Output

=\

ha

_______________________ Encoder Decoder

Algorithm  MAE MSE MASE Forecast Bias
Lasso Regression 0.1598 0.0743 1.2452 3.78%
XGB Random Forest 0.1641 0.0819 1.2792 9.30%
LightGBM  0.1470 0.0666 1.1457 3.36%
RNN 02685 0.1721 2.0927 29.35%
LSTM 0.1982 0.1125 1.5442 17.94%
GRU 0.1714 0.0899 1.3358 14.48%
LSTM_FC_last_hidden 0.1642 0.0815 1.2797 5.87%
LSTM_FC_all_hidden 0.1667 0.0799 1.2993 10.00%
LSTM_LSTM 0.1600 0.0795 1.2472 13.31%



Value

Single Step Seq2Seq Models (One Day)

—— Actual Consumption ==--- LSTM_FC_last_hidden = = LSTM_FC_all_hidden =-= LSTM_LSTM

00:00
Jan 3, 2014

03:00 06:00 09:00 12:00 15:00 18:00 21:00
Time
Algorithm  MAE MSE MASE Forecast Bias
Lasso Regression 0.1598 0.0743 1.2452 3.78%
XGB Random Forest 0.1641 0.0819 1.2792 9.30%
LightGBM [ 0.1470 0.0666 1.1457 3.36%
RNN 0.2685 0.1721 2.0927 29.35%
LSTM 0.1982 0.1125 1.5442 17.94%
GRU 0.1714 0.0899 1.3358 14.48%
LSTM_FC_last_hidden 0.1642 0.0815 1.2797 5.87%
LSTM_FC_all_hidden 0.1667 0.0799 1.2993 10.00%
LSTM_LSTM 0.1600 0.0795 1.2472 13.31%
MultiStep LSTM_FC_last_hidden 0.2177 0.1305 1.6967 10.59%
MultiStep LSTM_FC_all_hidden 0.2344 0.1317 1.8265 9.33%
MultiStep LSTM_LSTM_teacher_forcing_0.0 0.2058 0.1241 1.6039 15.32%
MultiStep LSTM_LSTM_teacher_forcing_0.5 0.1866 0.0997 1.4544 11.90%
MultiStep LSTM_LSTM_teacher_forcing_1 0.1754 0.0912 1.3671 12.93%

00:00
Jan 4, 2014



Multi-Step Seq2Seq Models (One Day)

3 — Actual Consumption

MultiStep LSTM_FC_last_hidden

MultiStep LSTM_FC_all_hidden

MultiStep LSTM_LSTM_teacher_forcing_0.0
MultiStep LSTM_LSTM_teacher_forcing_0.5
MultiStep LSTM_LSTM_teacher_forcing_1

25 77

7 -

00:00

03:00 06:00 09:00 12:00

Jan 11, 2014

Time

15:00

18:00

21:00

00:00
Jan 12, 2014



Chapter 14: Attention and Transformers for Time Series

. Information
.. Bottleneck

»
Context Decoder

Encoder




Output Output

Attention Weight N
ention Welgnts [ff\ "’f]
Bahdanau et al.
r PR 1.
H = {hla h2, . aht} Similarit_y‘!“ sj
I Wy  Decoder [ —TE Decoder
S‘.\miI;rity
Luong et al CCj Attention Weights
V. w
: H:{hl,hg,...,ht} ZT;
Algorithm MAE  MSE MASE Forecast Bias
MultiStep LSTM_LSTM_teacher_forcing_0.0 0.2058 0.1241 1.6039 15.32%
MultiStep LSTM_LSTM_teacher_forcing_1 0.1754 0.0912 1.3671 12.93%
MultiStep_Seq2Seq_dot_Attn_teacher_forcing_1 [ 0.1536 0.0717 1.1967 8.25%
MultiStep_Seg2Seq_scaled_dot_Attn_teacher_forcing_1 0.1772 0.0878 1.3812 6.00%
MultiStep_Seq2Seq_general_Attn_teacher_forcing_1 0.1665 0.0818 1.2977 8.97%
MultiStep_Seq2Seq_concat_Attn_teacher_forcing_1 0.1632 0.0778 1.2717 6.65%
MultiStep_Seq2Seq_additive_Attn_teacher_forcing_1 0.1561 0.0734 1.2168 10.40%
sentence w_q w k W V
512 64 64 64

N o o

2 = o o
<float32> <float32> <float32> <float32>



g = sentence @ w ¢
64 512 64
S D
- - o
<float3Z= <float32> <float3Z=
k = sentence @ w Kk
64 512 64
S D
- - o
<float3Z= <float32> <float3Z=
v = sentence @ w. Vv
64 512 64
S S
— — [Ty}
<float3Z> <float3i> <float3z>
attn scores = q @ v .t()
10 64 64
S O O
<float32> <float32> <float32=>
attn_output = attn weights @ v
64 10 64
2 2 2
<floatiz= <floatiz> <float3z>
q = q .reshape(seqg_len, n_heads, sub_dim).permute(1,0,2)
64
<float32> :ﬂoat32>

q, k, v dimensions: n_heads, seq_len, sub_dim:8 x10x 8



attn_scores = v .permute(0,2,1)

wg mlg N
<float32> <float32> <float32>

attn output = attn weights @ v

<float32> <float32> <float32>

attn_output dimensions: n_heads, seq_len, sub_dim: 8 x 10 x 8

attn_output_ = attn_output.permute(1, @, 2).reshape(seq_len, n_heads*sub_dim)
64 10

2 4 2

<float32> <float3z>

attn_output dimensions: seq_len, n_heads*sub_dim (attn_dim) : 8 x 10 x 8
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Layer Normalization
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Chapter 15: Strategies for Global Deep Learning Forecasting
Models

1 Day 1 Month
Train - Test Original
Dataframes
2 Days (History) 1 Month
_ Preprocessed
2 Days (History) 1 Day Dataframes

Train

sizes of x =
encoder_cat = torch.Size([512, 96, 9])
encoder_cont = torch.Size([512, 96, 1])
encoder_target = torch.Size([512, 96])
encoder lengths = torch.Size([512])
decoder_cat = torch.Size([512, 1, 0])
decoder_cont = torch.Size([512, 1, 1])
decoder_target = torch.Size([512, 1])
decoder lengths = torch.Size([512])
decoder_time_idx = torch.Size([512, 1])
groups = torch.Size([512, 1])
target_scale = torch.Size([512, 2])

size of y
torch.Size([512, 1])
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Algorithm  MAE MSE meanMASE Forecast Bias

simple 0.0854 1.0787 1.41%

simple+time_varying

Algorithm MAE MSE meanMASE Forecast Bias

simple 0.0854 0.0308 1.0787 1.41%

simple+time_varying 0.0851 0.0310 1.0764

simple+static+time_varying
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Chapter 16: Specialized Deep Learning Architectures for
Forecasting
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Chapter 17: Multi-Step Forecasting

. Recursive DirRec

RecJoint
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Joint . .

IBD Direct
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Rectify
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W 1; Yz - - -, YrrH-1)
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YT= {yls"'vyT}

Training W(Y,) M Tt [ Yo
WY 45 o) m—’ U I
Optimization
WY 45 G141, - - - Gramr) M erm|Yerm

Forecasting
W(Y
Horizon (H) (¥z)

Strategy  # of Models Type Output Size Training Time Prediction Time

Recursive 1 S.0 1 1xT,, H x I,
Direct H S.0 1 H x T, Hx I,
DirRec H S.0 1 HxT,, H x I,
IBD L S.0 1 L x T, Hx I,
Rectify H+1 S.0 1 (H+1) xT,, 2x H x I,
Joint 1 M.O H 1 x T 1% Lo
RecJoint 1 M.O 1 1 X (Tho +9) HxI,,




Chapter 18: Evaluating Forecasts — Forecast Metrics

Forecast
Error

Measures

66066 &

MSF MAPF SMAPF  Forecast Bias (CFE) MRAE MASE PB
MdAF RMSE MdJAPE sMJAPE Tracking Signal MdRAE RMSSE
GMAE RMASE WAPE RelMAE
ND* GRMSE RelMSE
WMAE NRMSE* RelRMSE
AvgRelRMSE*

* - Strictly Aggregate Measures
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Chapter 19: Evaluating Forecasts — Validation Strategies
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(a). Rep Hold-out (No Overlap)(Rep-Holdout-O)
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time(t)
(b). Rep Hold-out (No Overlap) with Gaps (Rep-Holdout-O(G))
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(a). Blocked Cross Validation (BI-CV)

time(t)
(b). Blocked Cross Validation with Gaps (BI-CV(G))
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