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Background & goals
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Forecast time series of non-negative counts
Broad purview: general framework for count data
Automation: models flexible and adaptive

Many series with hierarchical structure

Joint forecast: multi-step ahead (1:14 days)
Computational feasibility: on-line estimation

Forecasts feed into many decisions



Daily Sales

Daily Sales
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Outline of contributions

 Flexible dynamic models of counts
e Built from traditional Bayesian forecasting contexts
 Coupled binary/non-negative integer models
* Multi-scale extension: scalable, decouple/recouple
 Cascade and random effect: heterogeneity, rare events

 Decision analysis: loss functions, optimal forecasts

e Consumer sales forecasting

 Multi-scale model beneficial for many items, forecast
horizons, and metrics

e DBCM: large-scale reduction in key error metrics
* Probabilistic forecasting: uncertainty, decision making



Bayesian State Space Models

Interpretable model components (level, trend, seasonality,

regression)

Time varying parameters

Sequential learning and

forecasting
Predictive distributions

Intervention/expert info
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Dynamic Count Mixture
Model (DCMM)

Y+ : non-negative count
ze = I(y: > 0)
2y ~ Ber(m;)
( °
O, if Zt — 0
\1 +x, ¢~ Po(u), ifzz=1

Ye | 24 = <

DGLMs: logit(m;) = FY€,
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Dynamic Count Mixture
Model (DCMM)

Y+ : non-negative count
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Count forecast evaluation

e Traditional point forecast metrics: RMSE, MAD, MAPE
* Possibly undefined/infinite or misleading
e Decision analysis:
 Rationalize accuracy metrics in specific context
e Asymmetries, tail events
e Stock-outs vs overstocking
 1:14 day forecasting: cumulative forecasts
 Full predictive distribution rather than point forecasts

* Probabilistic evaluation: Calibration, coverage



Bayesian decision analysis
and point forecasts

Loss functions measure accuracy/performance and define
“optimal” point forecasts

e Standard error metrics: RMSE, MAD, MAPE
e Extensions to zero outcomes: ZAPE
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Binary calibration: Predicting zero/non-zero

“Low” selling item: 1-day ahead forecasts
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Daily Sales
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Probabilistic calibration and random effects
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rPIT: Randomized probability integral
transform:

e ordered predictive CDF values

* good model: “looks uniform”

* reveals areas of forecast deficiency

DRPS: Discrete Ranked Probability Score
e compares predictive and empirical CDF

@)

DRPS(P,y) = (P(k) —1(y < k)’

1.0
|

Empirical CDF
Oi2 0i8

0.0
|

1.0
|

0.8
|

Empirical CDF

0.2
|

0.0
|

0.6
|

0.4
|

0.6
|

0.4
|

[ [ [ [ [ [
0.0 0.2 04 06 0.8 1.0
Uniform

>\t ™ (07 wt)

[ [ [ [ [ [
0.0 0.2 04 06 0.8 1.0
Uniform

10



0.12

ensity
0.08

0.04

0.00

Coverage and random effects

Low-count forecast
uncertainty:

e Central intervals
m e HPD regions

0 5 10 15 20 25

0.12

sity
0.08

0.04

i

0.00

6 é 1b 15 Zb 55
< , -
Forecast horizon Forecast horizon
0 _ —o— 1 , 0 _ —o— 1
N —A— 7 - —A— 7
_._ _._
O o 14 © o 14
Do O)o]
© o
) o
> >
Qe Q<.
O o] Oo
N _ N _ 2
o o
)\t =0 >\t ~ (O,wt)
o ol .’
o o
| | | | | | | | | | | |
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Interval % Interval %



Multi-scale forecasting

Improve item-level forecasting through improved prediction of
aggregate daily effects (“traffic” proxy)

Borrow strength on shared patterns

Maintain efficiency/scalability

e Avoid MCMC/SMC

Decouple: univariate DCMMs

Recouple: direct simulation

e “Common” seasonal factors from external model

e Series-specific adjustment of common factors
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DCMM multi-scale framework

yi+ : set of N series
M, : individual DCMMs

¢, : latent factor (ex: seasonal, brand effect)

Mi : Hi,t — <gi’t> 9 Fi,t — (fi,t> 9 L= 17 s
1,1 t

Ait = 7;,tfi,t T B;,tgbt

My : external DLM depending on ¢,

e Simulation enables fully probabilistic use of external information
e Example Mjy: log-normal DLM of aggregate sales
e Parallel analysis of item-level DCMMs
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Multi-scale framework: aggregate and items
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Multi-scale seasonal factors
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Multi-scale seasonal coefficients
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ltems A—D
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ltems A—D

100 units
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Dynamic models for
transactions/sales time series
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Dynamic models for
transactions/sales time series

b ﬁ Qﬁ Qﬁ (bt - nl’t) x 1 Sales:
[

Dynamic binary
cascade model

Transactions:

Multi-scale
— @
e, <
- rare events -




Dynamic models for
transactions/sales time series
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Dynamic models for
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Dynamic models for
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Dynamic Binary Cascade Model
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ltems B, C on March 20
1:14 day forecasts

empirical excess strategy
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DBCM multi-item comparison
Weighted Absolute Percent Error (WAPE)

Low-sellers o Mid-sellers
—o— Joint (-1)-med - |—®— Joint (-1)-med
© | o Mean © —o— Mean
g-—O— Median e |—®— Median
(=1)-med o—o_o—0—0° (=1)-med
LIJF\'-_- /°/._._.\./. LLIg_ /./.
ol O S e
<C <C o«—®—© e
2 = - .
N o
o _ ,o:: < ./0—-0/./. ././.§.
./3:"o><:743; Zg—g=8—8—"¢ S| _.7.¢./
S{s7 Pl
() T T T T T T T T T T T T T
2 4 6 8 10 12 14 4 6 8 10 12 14
Forecast horizon Forecast horizon
High-sellers
—o— Joint (-1)-med
—8— Mean
|—®— Median
(—1)—med /.\./.\.__,.
o /./.\./ \./.
EO) o—o/./. ° —e
N- —_— — v
%EO ./o/o—o’° ./. *
o o
o—0—0—© ©®—0o—
/
Mean: o ect=a—0
(13- O ./
represents “industry X-
standard” © 2 4 6 8 10 12 14

Forecast horizon

22



Additional Resources:

Berry, L. and West, M. (2019), “Bayesian forecasting of many count-
valued time series,” Journal of Business & Economic Statistics.

Berry, L., Helman, P.,, and West, M. (2020), “Probabilistic forecasting of
heterogeneous consumer transaction-sales time series,” International
Journal of Forecasting.

Lavine, Il., Cron, A., and West, M. (2020), “Bayesian Computation in
Dynamic Latent Factor Models,” Submitted/under review.

PyBATS: Python package for Bayesian Analysis of Time Series by
|saac Lavine, Andrew Cron

e Code: https://qgithub.com/lavinei/pybats

 Documentation: https://lavinei.github.io/pybats/
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