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Two error formulations

Exponential smoothing was embedded in a state space framework (Snyder, 1985) —
but two formulations exist for where the randomness enters.

SSOE - Single Source of Error MSOE — Multiple Sources of Error
e One shared disturbance drives every e Each component carries its own
component. Exponential smoothing disturbance. Structural time series
(ETS) lives here. and DLMs live here.
e Free R toolboxes since inception — e Historically no open-source tools —
wide adoption. confined to econometrics.

The two frameworks are close in theory; MSOE has not been standardised as SSOE.
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What we are suggesting

1. A taxonomy inspired by ETS. A compact Power—Trend—Seasonal taxonomy
that names any model in the family.

2. A free R/Python toolbox for MSOE models. The muse package and its
pts () function — available in R and Python — bringing MSOE estimation and
forecasting to the same ground as ETS.

3. A fair MSOE-vs-SSOE comparison — and more. Both frameworks now run in
R/Python, enabling like-for-like benchmarks, plus outlier detection, interpolation,
missing-data handling and signal extraction.
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Ye)

From the Kalman filter to structural time series

1960 Kalman — recursive filtering for dynamic systems under noise.

1989 Harvey — MSOE structural models: level, trend, seasonality, cycle as interpretable
components.

1997 West and Harrison — Bayesian Dynamic Linear Models for non-stationary series.
1991 de Jong — diffuse initialisation.
2012 Durbin and Koopman — likelihood by prediction-error decomposition.

Mature theory — smoothing, outlier diagnostics, censored and missing data — but
scattered across closed software (e.g. STAMP; Koopman et al., 2009).
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Two traditions, and why they diverged

MSOE - born in engineering SSOE - built for simplicity
e Kalman (1960) — optimal recursive e Snyder (1985) recast it with a single
estimation of hidden states; reaches source of error — far easier to estimate.
statistics via Harvey (1984, 1989). e Ord et al. (1997) added multiplicative
e Powerful and interpretable — but hard to forms; Hyndman et al. (2002, 2008)
estimate, so its use stayed confined to unified it as ETS with IC selection and
econometrics. free R software.

The bridge between them. Muth (1960) and Theil and Wage (1964) showed that additive
exponential smoothing has an underlying MSOE model — the same forecasts, reached two ways.

Free software + simplicity made SSOE the standard.
MSOE's strengths stayed underused: the gap PTS closes.
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Power-Trend-Seasonal model in the MUSE package




Not this MUSE!




More like this...
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A three-letter code, in the spirit of ETS

Power Trend Seasonal
Box—Cox parameter A\ e N None e N None
e )\=1 additive e L Local (stochastic) e D Discrete (indices)
e A=0 multiplicative (logs) e G Global (deterministic) e T Trigonometric (Fourier)
e estimated via modified e D Damped
Guerrero

Example. PTS(0,L,D): logs, local trend, discrete seasonality, behaves like
ETS(M,M,M).

4 trend x 3 seasonal — 12 base models — 24 with A\ € {0,1}
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Connection with ETS

PTS(1,N,N) PTS(1,L,N) + Seasonal + Power
Local level - like ETS(A,N,N) Local trend - like ETS(A,A,N) S € {D, T} - Box-Cox A

Seasonal adds ~; — seasonal

Y=o+ & Y= te indices (D) or Fourier harmonics
Q1 = 0 + Nt a1 = o + B+ Nag (M)
3 Power transforms the
A random-walk level plus Brr1 = Br + g measurement equation:
observation noise — Simple A
P A second component for the vizl _ o, 4+ Yt + e

. . X
Exponential Smoothing. slope — Holt's linear method.

A =1 keeps the model additive; A = 0 turns it multiplicative.
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One state space form, three recursions

Yy =W +e
viy1 = Fry + Gn,

Every PTS model is one choice of the system matrices F, G, w.

+ support for ARMA innovations in &;.
Kalman filter Fixed-interval smoother Disturbance smoother

Best component estimates using Standardised residuals per

Optimal one-step estimates,
the entire sample — signal component — diagnostics and

innovations, and the likelihood
for estimation. extraction, interpolation. outlier detection.

Estimation is maximum likelihood by prediction-error decomposition, with a diffuse

start for unknown initial states.
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Built on the MSOE literature

Each model in the taxonomy draws on decades of MSOE structural /
unobserved-components research. Some resources (not an exhaustive list):

Trends Seasonality Box—Cox transform
e Harvey (1984) e Harvey (1989) e Box and Cox (1964)
e Sbrana and Silvestrini e West and Harrison (1997) e Proietti and Riani (2009)
(2020) e Proietti (2000)
e Sbrana and Silvestrini e Pedregal and Young (2006)
(2025)
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Two ways to decompose the same series
ETS(M,A,M)

States of ETS(MAM)

PTS(0,L,T)

States of PTS(O,LT)
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Beyond point forecasts

1. Diffuse initialisation. Exact (Durbin and 4. Exogenous regressors. Added to the
Koopman, 2012) or augmented (de Jong, measurement equation, concentrated out of
1991) starts for unknown states. the likelihood.

2. Missing data, natively. Skip the update 5. Automatic model selection. AIC / AlCc /
step; the backward pass interpolates from BIC / BICc across the taxonomy.
the full sample. 6. Signal extraction. Smoothed level, trend

3. Outlier detection. Additive outliers, level and seasonal components for interpretation.

shifts and slope changes from auxiliary
residuals (Harvey and Koopman, 1992).
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Real data evaluation

Models & packages
e pts — MSOE model

muse - github.com/config-il/muse

e adam — SSOE benchmark
smooth - CRAN & PyPI - Svetunkov (2023)
e ets — conventional ETS

e Every model fitted at each origin; results forecast - CRAN - Hyndman and Khandakar
pooled across all series and origins. (2008)

Design
e 325 series, 72 months each (6 yrs).
e 12 rolling origins, h = 12 months ahead.

e Expanding window, in-sample 49-60 obs,
seasonality 12.

Error measures (lower is better); A; = in-sample first differences, e;+; = forecast errors:

RMSSE = RMSE SAME = AME

1 T A
\/m 71 Dtn | O]
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pts leads on point accuracy

Full distribution Computational time per series (s)
Q1 Med Q3 Mean Q1 Med Q3 Mean
RMSSE pts 0.086 0.116 0.131 0.111
pts  0.170 0.289 0.583 0.616 adam 0071 0087 0.102 0.094
adam 0323 0.588 0.906 0.831 ets 0401 0470 0512 0426

ets 0348 0612 1048 0972 pts &~ adam (~0.1 s/series); ets is 4-5x slower.

SAME

pts 0.070 0.182 0.451 0.685
adam 0.142 0.353 0.738 0.728
ets 0.169 0.409 0.867 0.914
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Which components pts selects — and why it wins

Pooled across all 325 series and 12 origins, pts adapts per series — choosing the power transform, trend
and seasonal form that fit each one.

PTS selected Seasonal component

PTS selected Trend component

PTS selected lambda (Power transform)
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amods

Power: ) clusters at 0 (log), 1 (identity), 2.  Trend: mostly local-linear or none.  Season:

trigonometric dominates.
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How the data looks

Eurostat tourism ... series 8

Overnight stays
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A typical Eurostat monthly series: strong seasonality, a sharp COVID collapse in 2020, then a steady

recovery.
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And here is the real reason!

Full distribution Computational time per series (s)
Q1 Med Q3 Mean Q1 Med Q3 Mean
RMSSE snaive 0.008 0.009 0.009 0.009
snaive 0.146 0.258 0.488 0.487 pts 0086 0116 0131 0.111
adam 0323 0588 0906 0.831 ets 0401 0470 0.512 0.426
ets 0.348 0.612 1.048 0.972
SAME
snaive 0.053 0.147 0.339 0.413
pts 0.070 0.182 0.451 0.685
adam 0.142 0.353 0.738 0.728
ets 0.169 0.409 0.867 0.914
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Conclusions

e MSOE models are powerful and potentially more flexible than SSOE.

e Building on the existing work, we created a unified taxonomy, PTS.

e The taxonomy uses an ETS-style vocabulary and relies on automatic selection.

e PTS delivers outlier detection, missing-values handling and signal extraction
seamlessly.

e On Eurostat tourism, pts is more accurate than the SSOE benchmarks at
comparable speed.
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Thank you!

Any questions?
R/Python package: muse - pts(y, model = "ZZZ")
Authors: Pedregal - Trapero - Svetunkov
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