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Objective and contributions  RALIANRESS

= The main objective of this project is to implement traditional time series
models in Julia, harnessing the power of JUMP to provide access to
state-of-the-art solvers, explores different modeling choices and extend

existing methodologies via novel optimization techniques.

= Contributions:
= SARIMAXjl
= UnobservedComponetsGAS.jl

= StateSpacelLearning.jl
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Our packages & LAMPS |PUG

= SARIMAX.jl

= Implements the auto SARIMA model via modern optimization

techniques.

= UnobservedComponetsGAS.jl
= Estimate a conditional time-varying dynamic for a given probabilistic

distribution parameters.

= StateSpacelLearning.jl
= Estimate a structural time series model via a high-dimensional

regression.
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SARIMAX jl & LAMPS | PUC

Given ARMA(p,q)

p q
yt:C+z¢th—i+29j€t—j+gt: g~ N(0,0%)
i=1 =1

Parameter estimation: existing approaches

Maximum likelihood via Kalman filtering

B ARIMA via

ARIMA Conditional . State Space
Box & SSum of LDu.rbln Models
Ki quares evinson Koopman
Jenkins (CSS)
I B R M | I | | -
1970 1980 1990 2000 2012
Yule Walker State Space
equations Models
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SARIMAX jl & LAMPS | PUC

Under the optimization lens:

T

min z f
c,P,0,¢e

t=1
p q

S.t: ye=c+ z Qi Ve_i + 2 Hjst_j + &
i=1 j=1
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Under the optimization lens:

T

min z gf
c,P,0,¢e

t=1
p q

S.t: YVt :C+z¢iyt_i+zgj€t_j+€t
=1 j=1

JUMP jl formulation

m = Model(Ipopt.Optimizer)
@variable(m, c)
@variable(m, ©6[1:q])
@variable(m, ¢[1:p])

@variable(m, €[1:T])

@constraint(m, [t = (max(p, q) + 1):T], €[t] == y[t] - (c + sum(@[j]*y[t-]]
for j in 1:p) + sum(B[j]*e[t-j] for j in 1:q)))

@objective(m, Min, sum((g[t])”2 for t in max(p, q) + 1:T))

optimize!(m)
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SARIMAX.jI £ LAMPS | PUC,

Package usage

model = SARIMA(trainingSet, 1, 0, 1;
seasonality=12, P=0, D=1, Q=2, allowMean=false)
fit!(model; objectiveFunction="mse"

forecast = predict!(model, stepsAhead)
scenarios = simulate(model, stepsAhead, 200)

Controled experiment: 1000 random ARMA stationary processes

Statsmodels, pmdarima 0.9 0.9 0.9 0.8 0.7 0.0 Statsmodels 0.0
StateSpaceModels. |l 1.0 1.0 1.0 0.8 0.9 20.7 Pmdarima 0.0
Rforecast 0.9 0.9 0.9 1.2 1.2 64.1 StateSpaceModels.jl 9.8
SARIMAX.jl (MSE) 89.1 89.1 89.1 89.1 89.1 15.1 Rforecast 0.6
Tied models 8.0 8.0 8.0 8.0 8.0 0.0 SARIMAX.jl (MSE) 0.0
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Possible extensions & LAMPS | PUL,

4
minimize E €
cy¢t70t6t t=1

P g
subject to y; =c+ Z GiYi—i + Zeift—i riely VB €l many D
i—1 i=1

i
minimize Z €
t=1

Add C)Q:eaﬁaft
explanatory ) m " .
variables subject to y, =c+ Z BiX,; + Z diyy_; + Z Oiei—i +e, Vte{l,---,T}
i=1 i=1 i=1
&5
Change R ; e
objective —) -

_ P q
function subject to y; =c+ Z Piye—i + Z Oiet_i +e€, Vtel,---,T
=1

=1 1=

T N
e 2 :
e e
Add >
regularization

P q
subjectto y; =c+ Z Oiyi—i + Z Oie;_; +e€, Vtel,.--, T
i=1 i=1
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Possible extensions < LAMPS | PUC

T
minimize E
c, .06 =1

P g
subject to y; =c+ Z iyt + Zeiet—i - T A= R

=1 =1
Metodologlla Liu Ord & Lowe Forecast Pro
Box & Jenkins
1982 1998 2008
| | | | | | | | | | »
I [ I [ [ | [ [ | I >
1970 1980 1989 1990 1996 2000
Hannan Hvndman
Rissanen Gomez Khy dak
ARMA andakar

5555555

Specification: Auto-ARIMA (Hyndman-Khandakar) - %% - -

oo

c® ® ©® ©® ©e °o o

Optimal Specification/Estimation: MINLP
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Possible extensions < LAMPS | PUC

T
orsgeLstise 2
minimize €
¢, 1,01t ; ¢
P q
subjectto y; =c+ Z Oiys_i + Zeiet_i +€, Vtel,---,T
i=1 i=1
Bl\gjtgdjzsgiiss Liu Ord & Lowe Forecast Pro
1982 1998 2008
< | | | | | | | | | | »
< I | 1 | | I | | 1 | >
1970 1980 1989 1990 1996 2000
I;?:::r?:n Gomez Hyndman
ARMA Khandakar
Optimal Specification/Estimation: MINLP
T
minimize E €2
1,010 —1
b q
subject to y; =c+ E iy + E Oiet—i +e€, Vtel,.---,T
1=1 1=1
[Tl < K
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Advantages & LAMPS | PUS

State-of-the-art optimization algorithms through modern solvers
Gurobi;

lpopt;
SCIP.
Possibility to use global solvers, like

Alpine;
Eago;

Access to a wide range of optimization resources, including:
Flexibility to add necessary restrictions;
Regularization terms in the objective function;
Initialization techniques, e.g. warm-start;
Mixed Integer Programming (MIP);

Robust optimization techniques.
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UnobservedComponentsGAS.jl RANIiIsYkasle

Estimates a conditional time-varying dynamic for a given probabilistic distribution

parameters

Ve ~ DVel Uejt-15Ye-1,0,0) = N(Ut)t-1,0)
He+1)t = Mett|e
Mer1)e = Meje—1 + Deje—1 + K St
bes1je = bije—1 + KpSt

Optimization problem

T . (7, — )2
max Z(—Eln(Znaz)— Ye ~ Prie-1 )

I’llmlblelelo-l 20-2
s(poy) =1
S.t.: tut+1|t == mt+t|t Vt = 1,...,T

Mey1)e= Mee—1 + beje—1 + KmSe VE=1,...,T
ber1)t = beje—1 + KpSt vte=1,..,T
o>0
LB<k,, <UB
LB<k, <UB
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UnobservedComponentsGAS.jl RANIiIsYkasle

Currently available distributions:

Gaussian
LogNormal

t-Location-Scale

More continuous and discrete distributions will be implemented.

Currently available components structures:
Level: random walk, random walk with slope, AR(1)

Seasonality with trigonometric functions: deterministic and stochastic

Autoregressive of order p

Explanatory variables
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UnobservedComponentsGAS.jl

Package usage

UnobservedComponentsGAS.NormalDistribution()
0.0

params [true, false]

level ["random walk slope", ""]

seasonality ["deterministic 12", ""]

ar [missing, missing]

gas_model UnobservedComponentsGAS.GASModel (dist, params, d, level,

seasonality, ar)

fitted model = UnobservedComponentsGAS.fit(gas _model, y)
forec UnobservedComponentsGAS.predict(gas_model, fitted model, Y,

steps_ahead, num_scenarious)
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StateSpacelLearning.jl & LAMPS | PUG

The Basic Structural Model

Yt = Ut T Ve + & & ~ N(0,0%)
Ut = Ue—1 + Ve + &4, $e~ N(O' UEZ)
Ve = Vi1 + G e~ N(0, 052)

s—1
Vt=—z, 1Vt—j+wtr we~ N(0,04)
]:

Can be written as a high-dimensional regression:

t—1 t—1 M,
Yt = Mo T tvg + Z 1(t -1+ 1){ + Z 151 + Vr_sM; + Z , 1(a)t—j5 - wt—js—1) + &
T= T= j=
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StateSpaceLearning.jl & LAMPS | PUG

For an illustrative example, consider the local level model:

Yt = Ut T+ €¢
Mt = Ug—1 + Tt

By iterating the level component we obtain:

t
Ye =Mt Z Net €
T=2
This equation can be written in a vectorized form:

}’:Ii1+X71+€:

Wherey=(y1,...,yT),n=(N2,...,nT)and:
0 0 .. O
1 0 .. 0
N
1 1 .. 0
1 1 .. 1
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StateSpaceLearning.jl & LAMPS | PUG

Result of a Lasso estimation for the local level model in regression form :

40 AAQA'A\
|
30 + /

20

——— Avrtificial Series
10 Fitin Sample

1 1 1 1 1 1
5 10 15 20 25 30
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StateSpaceLearning.jl & LAMPS | PUG

In principle we fit a regularized regression (“AdalLasso”) using “coordinate descent”

algorithm.
To explore other regularization techniques such as the norm LO, we will rely on JuMP to

solve the optimization model.

1
min 5 lly = XBll; + 18]

Package usage:

output = StateSpacelearning.fit_model(y)

prediction = StateSpacelLearning.forecast(output, steps ahead)
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Comparison % LAMPS | PUC

Airline Time Series

Fit and Forecast - Airline - State Space Learning

series
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Numerical Results & LAMPS

Results for out of sample forecasting accuracy for 48000 monthly M4 time series competition

MASE
o | mEm
mmm
autoARIMA Python . 0.969 0.947 0.488 0.719 0.909 0.745
StateSpaceModels.jI 0.662 1.031 1.34 1.011 0.504 0.741 0.929 0.765
SARIMAX jl 0.632 0.963 1.229 0.942 0.478 0.708 0.891 0.733
UnobserverdCompon 1.717 4.161 6.738 4.205 0.679 0.883 1.106 0.924
entsGAS jlI
StateSpacelearning.jl  0.654 0.96 1.194 0.936 0.501 0.695 0.845 0.72
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