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RfSUMf

Une des activitZs centrales de la cha’ne logistique est la gestion de IQinventaire puisquOelle
implique de larges sommes dOargent investies dans du matZriel, ce qui a un impact important
sur la probtabilitZ dOune entreprise. La gestion de IQinventaire vise en particulier ~ dZter-
miner quand et en quelle quantitZ il faut commander du matZriel. La dZmocratisation de
|QaccessibilitZ ~ des outils de prZvision performants, automatisZs et en amZlioration continue
modiPe les problemes importants que les chercheurs et dZveloppeurs de systemes de gestion
de IOinventaire doivent surmonter. De plus en plus, ces problemes se focalisent autour de
|OZvaluation, du suivi des performances, de la sZlection des modeles de prZvision et de la
prise de dZcision. Ces sujets sont abordZs dans cette these qui propose une approche pour la
conception et le dZveloppement dOun systeme de gestion de IQinventaire pour un portefeuille
de produits ~ probl de demande mixte. Les probls de demande sont une caractZristique des
sZries temporelle et il sOavere que les traitements et mZthodes de prZvisions " utiliser varient
selon le probl de demande des sZries. Plusieurs dZPs et questions demeurent sans rZponse en
prZsence de sZries ~ probl mixtes.

Notre Ztat de |IOart a soulevZ quelques-uns des principaux dZbs. Les mZtriques de prZcision
sont souvent " la base des dZcisions de sZlection de modeles de prZvision pour la gestion de
IOinventaire. Or, comment faire la sZlection de modeles lorsque les mZtriques de performance
nOatteignent pas un consensus ? Une mZthode pour quantiber la prZcision et la babilitZ des
mZtriques de performance des modeles de prZvision est dZveloppZe abn de rZpondre " cette
question. Nos rZsultats ont permis de mesurer la sensibilitZ et la pabilitZ de plusieurs mZ-
triques de performance populaires et donne quelques recommandations sur quelles mZtriques
utiliser selon di"Zrentes circonstances.

Avec cette mZthode, la sZlection de modsles de prZvision devient plus aisZe. Cependant, il
nOexiste toujours pas de consensus sur le lien qui existe entre la prZcision des modsles de
prZvision et les performances associZes en gestion dOinventaire. La littZrature ne prZsente
pas non plus de consensus sur IQimpact de la sZlection multiple et les Ztudes menZes jusqu®”
maintenant sont basZes sur la prZcision des rZsultats plut™t que sur leur utilitZ en mesurant
les performances en gestion dOinventaire. Des connaissances additionnelles sont requises et
sont fournies par nos travaux de recherche. Nos rZsultats ont montrZ que la sZlection multiple
donne de meilleurs rZsultats que la sZlection globale. Les rZsultats ont Zgalement montrZ que

la sZlection individuelle basZe sur des mZtriques de prZcision permet dOobtenir des rZsultats
en inventaire performants comparables " une sZlection basZe sur les cozts. Toutefois, le lien
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entre la prZcision et la sZlection globale demeure " Zclaircir.

Finalement, la prise de dZcision de rZapprovisionnement demeure un aspect clZ dont IOoptimi-
sation peut avoir un impact signiPcatif sur la probtabilitZ dOune entreprise. Or, IOimpact des
politiques de rZapprovisionnement dynamique demeure peu ZtudiZ. On propose donc dOZtu-
dier ce facteur tout en proposant une mZthodologie pour optimiser une politique dynamique
basZe sur le cadre conceptuel de IOapprentissage par imitation. Ce cadre conceptuel permet
de tirer parti de IOapprentissage automatique, une mZthode ayant connu un important succes
dans divers domaines dOapplication, pour la rZsolution de probleme de dZcision. Les rZsultats
ont montrZ une amZlioration importante des performances en gestion dOinventaire en utili-
sant une politique dOapprovisionnement basZe sur |Oapprentissage par imitation versus une
politique dynamique (s, Q) ou statique (s, Q) classique. Les rZsultats ont Zgalement montrZ
que la mZthode proposZe permet de gZnZrer des politiques plus robustes aux changements de
performance quOun modsle de prZvision de la demande.

La these dans son ensemble fournit plusieurs recommandations et mZthodologies pour faire la
conception dOun systeme de gestion de IQinventaire. Une mZthodologie pour mener un tel sys-
teme vers IOautonomie est Zgalement prZsentZe. Les rZsultats cumulZs des trois contributions
ont ainsi permis dOaccumuler de nouvelles connaissances sur le domaine et de proposer de
nouvelles mZthodes pour la rZsolution de problemes dOinventaire. LOaccumulation des rZsul-
tats sur la relation complexe entre les performances en inventaire et la prZcision des prZvisions
de la demande a menZ " IOexplication de la nature de la complexitZ observZe. Ces rZsultats
pourront ainsi conduire au dZveloppement de nouvelles mZtriques de performance basZes sur
IQerreur et fortement corrZIZes avec les performances dQinventaire. Ceci permettra de faire la
sZlection et |Qoptimisation des paramstres de modsles de prZvision de la demande pour la
gestion dOinventaire sans avoir recours " la simulation.

Les mZthodologies proposZes ont ZtZ validZes " I0aide de donnZes rZelles provenant de notre
partenaire industriel. Les conclusions, outils et mZthodes dZveloppZes dans cette recherche
sont en cours dOimplantation chez le partenaire industriel ~ des bPns dOutilisation en produc-
tion.
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ABSTRACT

One of the central activities of the logistics chain is inventory management since it involves
large sums of money invested in stock, which has a signibcant impact on a companyOs prof-
itability. Inventory management is concerned with determining when and in what quantity to
order material. The democratization of the accessibility to high-performance automated and
continuously improving forecasting tools is changing the important problems that researchers
and developers of inventory management systems must overcome. Increasingly, these is-
sues focus around evaluation, performance monitoring, selection of forecasting models, and
decision-making. These topics are addressed in this thesis which proposes an approach for
the design and development of an inventory management system for a portfolio of products
with a mixed demand proble. Demand probles are a characteristic of time series and it turns
out that the treatments and forecasting methods to be used vary depending on the demand
proble of the series. Several challenges and questions remain unanswered in the presence of
series with mixed probles.

Our state of the art has raised some of the main challenges. Precision metrics are often
the basis for decisions on the selection of forecasting models for inventory management.
However, how do you select models when performance metrics do not reach consensus? A
method to quantify the precision and reliability of performance metrics of forecasting models

is developed to answer this question. Our results have measured the sensitivity and reliability
of several popular performance metrics and make some recommendations on which metrics
to use under di"erent circumstances.

With this method, the selection of forecast models becomes easier. However, there is still
no consensus on the relation between the accuracy of forecasting models and the associated
performance in inventory management. There is also no consensus in the literature on the
impact of multiple selection and the studies conducted to date are based on the accuracy
of the results rather than their usefulness in measuring inventory management performance.
Additional knowledge is required and is provided by our research. Our results showed that
multiple selection gives better results than overall selection. The results also showed that
individual selection based on precision metrics achieves e!cient inventory results comparable
to selection based on cost. However, the relation between precision and overall selection
remains to be claribed.

Finally, the decision-making of replenishment remains a key aspect whose optimization can
have a signibPcant impact on the probtability of a company. However, the impact of dynamic
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replenishment policies remains little studied. We therefore propose to study this factor while
proposing a methodology to optimize a dynamic policy based on the conceptual framework
of learning by imitation. This conceptual framework makes it possible to take advantage of
machine learning, a method that has been very successful in various application areas, for
decision problems. The results showed a signibPcant improvement in inventory management
performance using an inventory policy based on imitation learning versus a dynamig,Q)

or static (s, Q) policy. The results also showed that the proposed method makes it possible
to generate policies that are more robust to changes in performance of a demand forecasting
model.

The thesis provides several recommendations and methodologies for making the design of
an inventory management system. A methodology for leading such a system towards auton-
omy is also presented. The cumulative results of the three contributions have thus made it
possible to accumulate new knowledge in the Peld and to propose new methods for solving
inventory problems. The accumulation of results on the complex relationship between in-
ventory performance and the accuracy of demand forecasts has led to the explanation of the
nature of the observed complexity. These results may thus lead to the development of new
performance metrics based on error and strongly correlated with inventory performance. This
will allow selection and optimization of demand forecasting model parameters for inventory
management without resorting to simulations.

The proposed methodologies have been validated using real data from our industrial partner.
The conclusions, tools and methods developed in this research are being implemented by the
industrial partner for use in production.
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CHAPITRE 1 INTRODUCTION

Il existe au sein dOune meme entreprise plusieurs objectifs concurrents. Par exemple, le dZ-
partement de marketing souhaite habituellement maximiser les revenus et par consZquent
conserver un stock en inventaire ZlevZ abn de rZpondre ~ la demande des clients. Le dZ-
partement responsable de la production souhaite minimiser les coZts de production et donc
favorisera de longs cycles de production avec un minimum dOarrsts. Cela requiert de conserver
un stock de matiere premisre et dOen-cours ZlevZs. Le dZpartement des bPnances souhaiterait
minimiser les investissements pour disposer dOun maximum de capital ce qui se traduit par
un minimum de stocks de matisre premiere et de produits Pnis (Arnold, 2008).

COQest entre autres raisons le besoin dOun arbitrage entre les objectifs concurrents des entre-
prises qui a menZ au regroupement des activitZs en lien avec les Bux de matisre au sein
dOune meme fonction : la gestion de la cha’ne logistique. Une des activitZs centrales de la
cha’ne logistique est la gestion de IOinventaire puisquOelle implique de larges sommes dQargent
investies dans du matZriel ce qui a un impact important sur la probtabilitZ dOune entreprise
(Chen et al., 2005). Cette activitZ vise donc ~ dZterminer quand et en quelle quantitZ il faut
commander du matZriel. ftant donnZ son impact sur IOensemble des activitZs des entreprises,
elle 0"re dans plusieurs cas un important potentiel dOZconomie (AxsSter, 2006). Il existe plu-
sieurs mZthodes pour faire la gestion de IQinventaire et de plus en plus ces mZthodes reposent
sur la prZvision de la demande (Prak and Teunter, 2019).

La prZvision de la demande contient un grand ensemble de modeles et de mZthodes de prZ-
vision spZcialisZs pour di"Zrents types de sZries. Depuis |IQapproche proposZe par Croston
(1972), une nouvelle classe de sZrie temporelle a ZtZ identibZe : les sZries temporelles in-
termittentes. Ce type de probl pour les sZries temporelles se caractZrise par la prZsence de
pZriodes consZcutives dOamplitude nulle ou par une grande variation de IOamplitude de la
sZrie. Il a ZtZ dZmontrZ que le probl de la demande dOun produit constitue un facteur ayant
un impact important sur la prZcision des prZvisions (Teunter and Duncan, 2009) et sur les
performances en gestion de IQinventaire (Sani and Kingsman, 1997). COest pourquoi plusieurs
modeles de prZvision et recommandations pour la gestion de |IOinventaire ont ZtZ proposZs
pour gZrer explicitement un tel type de demande.

Bien que les recommandations et mZthodes soient distinctes en fonction du type de demande,
dZterminer ~ quel seuil appliquer IOune ou IOautre des recommandations nOest pas Zvident.
Syntetos et al. (2005) ont proposZ des seuils pour permettre de caractZriser et de quanti-
Per thZoriquement les propriZtZs des sZries qui permettent de savoir quelle mZthode devrait



sOappliquer. AdaptZs ensuite par Kostenko and Hyndman (2006), ces seuils ne semblent pas
permettre en pratique de prZdire si un modsle de prZvision performera mieux quOun autre
sur une sZrie (Kourentzes, 2014); (do Rego and de Mesquita, 2015).

Cela rZvele un besoin ~ combler au niveau de la sZlection des modsles de prZvision spZciale-
ment en contexte ou des sZries de tout type de proPls sont prZsentes. De plus, ce projet de
recherche sQinsere dans un contexte oe les outils de prZvision entisrement automatisZs dispo-
nibles en open source, intZgrZs aux systemes de gestion dOentreprise ou sur des plateformes
de services web, se dZmocratisent et sont en amZlioration constante. Cela implique que, les
problemes importants quOont " rZsoudre les chercheurs et dZveloppeurs de systemes de gestion
dOinventaire sont de plus en plus focalisZs autour de I0Zvaluation, du suivi des performances,
de la sZlection des modsles de prZvisions et de la prise de dZcision.

Pour faire la sZlection de modeles, en gZnZral quelques mZtriques de performance sont uti-
lisZes. La recherche sur les mZtriques de performance pour les modsles de prZvision sOest
essentiellement concentrZe autour de la conception de mZtriques applicables pour tous les
types de sZries et permettant la comparaison des performances entre sZries dOZchelles di"Z-
rentes (Hyndman and Koehler, 2006), (Armstrong and Collopy, 1992). Il sOen est suivi le
dZveloppement de plusieurs mZtriques dOerreur, sans toutefois que des directives claires pour
savoir "~ quelle mZtrique accorder le plus de conbance au moment de la sZlection ne suivent.
Par exemple, en cas de dZsaccord entre les rangs attribuZs ~ di"Zrents modeles de prZvision
par di"Zrentes mZtriques de performance, ~ quelle mZtrique devrait-on accorder le plus de
conbance pour dZterminer le meilleur modsle ?

De plus en plus, la prZvision de la demande et la dZcision de rZapprovisionnement sont
ZtudiZes conjointement alors que ces deux sujets ont traditionnellement ZtZ considZrZs comme
distincts (Prak and Teunter, 2019). Ainsi, pour garantir IOutilitZ des prZvisions, Gardner
(1990) eut en premier I0idZe de les Zvaluer dans les conditions dans lesquels elles seraient
utilisZes. Depuis, plusieurs tentent de dZterminer la relation qui existe entre la prZcision
des prZvisions, ZvaluZe par des mZtriques de performance basZes sur IQerreur, et leur utilitZ
dans leur contexte dOutilisation (en gestion de IQinventaire). Les rZsultats demeurent ~ ce jour
mitigZ. En e"et, certains ne trouvent pas de lien direct entre la prZcision et 10utilitZ (Teunter
and Duncan, 2009), (Kourentzes, 2013) alors que dOautres voient une corrZlation positive
(Sanders and Graman, 2009), (Syntetos et al., 2010a). Un facteur qui semble etre signibcatif
sur la prZsence ou non de corrZlation est le probl de demande des produits. Apparemment,
en prZsence de probls intermittents, 10utilitZ nOest pas corrZIZe avec la prZcision.

Toutes ces considZrations mises bout ~ bout rZvelent plusieurs questions et dilcultZs ren-
contrZes dans la conception dOun systeme de gestion de IQinventaire. Ce projet de recherche



visera donc la conception et IQimplantation dOun systeme de gestion de IQinventaire pour un
ensemble de produits ~ probl de demande variZ. Ce faisant, certaines questions et dilcultZs
actuellement rencontrZes dans 10Ztat de IQart seront abordZes " travers trois objectifs spZci-
Pqgues.

Tel que mentionnZ, plusieurs mZtriques de performances basZes sur IQerreur sont utilisZes en
gZnZral pour faire la sZlection de modesles de prZvision. En cas de rZsultats mitigZs, comment
savoir " laquelle accorder le plus dOimportance ? Cette question revient ~ se demander com-
ment Zvaluer les mZtriques de performance. Ce sujet sera abordZ dans cette these au chapitre

4 o+ une mZthode pour quantiber la sensibilitZ et la babilitZ des mZtriques de performance
basZes sur [Oerreur est proposZe. LOidZe principale pour cet objectif est de simuler les rZsultats
obtenus dOun grand ensemble de modeles dont les paramstres de la distribution dOerreur sont
connus.

Le lien qui existe entre la prZcision des mZthodes de prZvision et les performances associZes
en contexte de gestion dOinventaire reste ~ dZmontrer. De plus, les approches de classiPcation
thZoriques des probls ne semblent pas en mesure dOidentiber quel modesle appliquer ~ quel type
de sZrie. Une mZthode de sZlection de modsles de prZvision en contexte de gestion dOinventaire
est donc requise pour en Ztudier les rZsultats et apporter des conclusions sur IQimpact de la
sZlection multiple en contexte de gestion dOinventaire. Ceci sera abordZ au chapitre 5.

Une fois les modeles de prZvisions choisis, une dZcision de rZapprovisionnement est requise
pour assurer |Oapprovisionnement de 1Qinventaire. Puisque la demande pour un produit peut
changer rapidement et ainsi les prZvisions de la demande devenir moins adZquates, une po-
litique dOinventaire doit stre en mesure de sOadapter aux changements de performance des
modeles de prZvision. Le chapitre 6 propose donc de mesurer ce facteur sur une politique
statique (s, Q) et dynamique (s, Q) tout en proposant une mZthode pour entra’ner une po-
litique de rZapprovisionnement dynamique basZe sur le cadre conceptuel de |Qapprentissage
par imitation.

La rZsolution de IQobjectif principal servira ~ rZpondre ~ une problZmatique industrielle rZelle
dOune entreprise du secteur de la distribution, Logistik Unicorp (LU), notre partenaire in-
dustriel qui 0"re un service de gestion de IOuniforme. LU reeoit chaque jour la demande des
membres des organisations clientes via une application web. La demande de chaque membre
individuel pour chaque item de IQuniforme est ainsi enregistrZe. Chacun des objectifs spZci-
Pques est implZmentZ et validZ sur ce cas dOZtude rZel. Les recommandations et mZthodes
dZveloppZes le sont dans IQobjectif dOstre implantZes en production au sein de |Oentreprise
partenaire.

La suite de cette these est organisZe comme suit : le chapitre 2 propose une revue de littZrature



qui situera le probleme dans son cadre thZorique et prZsentera les principales familles dOoutils
utilisZes pour la rZsolution des problemes. Le chapitre 3 prZsentera les dZtails et particularitZs
du probleme, de son cas dOZtude et de notre approche de rZsolution. Les chapitres 4 ~ 6
prZsentent les contributions mZthodologiques et scientibques de la these. Ces trois chapitres
ont ZtZ soumis ~ des journaux pour Zvaluation par les pairs et publication. Ces chapitres
sont suivis par une discussion des rZsultats au chapitre 7. Les conclusions et perspectives de
recherche sont prZsentZes au chapitre 8.



CHAPITRE 2 REVUE DE LITTfRATURE

2.1 Introduction

Le chapitre prZcZdent a introduit IOobjectif gZnZral, visant la conception et le dZveloppement
dOun systeme de gestion de IQinventaire pour un portefeuille de produits ~ probl de demande
mixte.

Ce chapitre se consacrera donc ~ situer le probleme au sein du domaine de la gestion de
IOinventaire " la section 2.2, puis prZsentera les principaux outils utilisZs pour le rZsoudre " la
section 2.3. La section 2.4 prZsente Pnalement une conclusion critique des travaux antZrieurs.

2.2 Gestion de IQinventaire

La gestion de IOinventaire est un sujet vaste qui touche plusieurs aspects dOune entreprise.
On pourrait donc 10Ztudier sous plusieurs angles. ftant donnZ le contexte prZsentZ et le cas
dOZtude, on limitera la revue de littZrature aux travaux touchant la dZcision de rZapprovi-
sionnement au niveau opZrationnel tel que dZbni par AxsSter (2006). I dZPnit un systeme
de gestion de IQinventaire comme un systeme visant ~ dZterminer la quantitZ et la pZriode "
laquelle commander du matZriel.

Waters (2008) distingue les mZthodes pour contr™ler le stock selon le type de demande. DOune
part, il y a les mZthodes basZes sur la demande dZpendante ou multiZchelons et dOautre part,
les mZthodes basZes sur la demande indZpendante ou ~ Zchelon unique. Dans le premier cas,
on retrouve les techniques de Material Requirement Planning et les mZthodes de Juste-"-
temps qui permettent de modZliser la dZpendance entre la demande pour di"Zrents items. Le
second cas considere que la demande pour chaque item est indZpendante de celle des autres
items. On y considere que la demande pour un item provient de IOensemble des demandes
de chaque client de maniere individuelle. COest dans ce dernier cas que se situe le projet de
recherche actuel. La revue de littZrature se concentrera donc ~ en expliquer les principales
mZthodes.

Au sein des mZthodes pour la demande indZpendante (ou "~ Zchelon unique), on distingue les
politiques dOinventaire selon quelles informations sont disponibles pour la prise de dZcision.
Ainsi, on dit des politiques dOinventaire quOelles sont basZes sur de IQinformation prZalable si
des prZvisions de la demande sont disponibles. On considere les politiques comme classiques
si elles se basent uniquement sur I0Zpuisement des stocks (Babae and Dallery, 2005).



Les mZthodes classiques contiennent principalement deux Politiques dOlnventaire (IP) : la
politique du point de commande (r,Q) (Wilson, 1934) et la politique de commande jusquOau
niveau (s,S) (Clark and Scarf, 1960); (Karlin, 1960). Il existe Zgalement divers variantes qui
sont des cas particuliers ou des hybridations de celles-ci. Ainsi que la mZthode de commande
Zconomique (EOQ) (Harris, 1913); (Wilson, 1934) qui dZtermine la quantitZ ~ commander
qui minimise les coZts.

Les politiques utilisZes dZpendent Zgalement du type de suivi de IQinventaire qui est soit
pZriodique soit continu. Dans le cas pZriodique, les quantitZs sont rZvisZes ~ intervalle bxe.
Les quantitZs en inventaire sont donc inconnues entre les rZvisions. Un suivi continu permet

de conna’tre le niveau des stocks en tout temps. Le probleme de gestion de IQinventaire et le
cas dOZtude dans cette these sont ceux dOun systeme de gestion de la demande indZpendante
ou " Zchelon unique, avec un suivi continu et de IQinformation prZalable sous la forme de
prZvision de la demande.

2.2.1 Politique du point de commande (r,Q)

La politique (r,Q) consiste ~ passer une commande de quantitZ bxe Q lorsque le stock atteint

ou descend en dessous du seuil de commande r. Avec IOapproche classique, dZterminer le point
de commande requiert une hypothese sur la distribution de la demande. Celui-ci correspond ~

la demande moyenne durant la pZriode de couverture plus un stock de sZcuritZ (ss) J+ Ss.

O- u correspond " la demande moyenne durant le dZlai dOapprovisionnement et la pZriode de
couverture, un nombre de pZriodes durant lesquelles la commande doit pouvoir subvenir ~ la
demande. Dans le cas dOune demande normale, le stock de sZcssjtZdqrrespond ~ I0Zcart-

type de la demande durant la pZriode de couverture fois un facteur de sZcuritZ qui correspond
au quantile correspondant au niveau de service cible (TSL). La quantitZ ~ commander Q peut

stre dZterminZe par la mZthode de Silver-Meal (Silver, 1973) ou par EOQ.

Pour dZterminer les parametres ~ partir de prZvisions de la demande, on peut remplacer
la demande moyenne durant le dZlai dOapprovisionnement par la somme des prZvisighs (
durant ladite pZriode :r, = | T Fi+ ss. Oe, LT reprZsente le dZlai dOapprovisionnement
et t la pZriode dOZvaluation du point de recommande. Cette mZthode de calcul rend le para-
metre r de la politique dynamique puisquOil est rZZvaluZ chaque pZriode (Babai et al., 2009),

cOest pourquoi on notg.

|l existe plusieurs propositions pour estimer le stock de sZcuritZ. Il est habituellement exprimZ
sous la formess = k &! . O, k est le facteur de sZcuritZ et ; |OZcart type, des erreurs
de prZvisions. Silver et al. (1998) et AxsSter (2006) proposent dOestilnepar MSE, la
racine de |Oerreur moyenne au carrZ (MSE); est alors estimZ pat .+ = LT & ;. DOautres



adoptent une approche algorithmique au probleme de dZtermination du stock de sZcuritZ ou
des paramstres de la politique. Par exemple, Kim et al. (2005) a proposZ une approche par
renforcement (action-value) pour choisir le facteur de sZcuritZ dOapres le TSL observZ. Grewal
et al. (2010) et Solis (2015) ont estimZ le meilleur point de recommande et le meilleur facteur
de sZcuritZ par simulation.

Le facteur Q est en gZnZral dZterminZ pour couvrir une quantitZ de pZriodes donnZe " partir
des prZvisions Q = | B ETERE + r # 10 oe 10O est le niveau du stock comprenant les

commandes ouvertes eR est la pZriode de couverture.

2.2.2 Politique de commande jusquOau niveau (s,S)

La politique (s,S) consiste ~ passer une commande lorsque les stocks atteignent un niveau
infZrieur ou Zgal " s (le seuil de commande). La commande est passZe de manisre ~ recomplZter
les stocks jusquOau niveau S. Cette politique di"sre de la prZcZdente par le fait que la quantitZ
~ commander varie en fonction du point auquel la commande est passZe.

Dans le cas classique, di"Zrentes heuristiques pour la sZlection des paramstres ont ZtZ propo-
sZes. Parmi celles-ci se trouvent IOheuristique de Naddor (Naddor, 1975), IOapproximation de
puissance (Ehrhardt, 1979) ainsi que IOapproximation normale (Wagner, 1970). Dans le cas
o+ des prZvisions de la demande sont disponibles, cette politique se retrouve Zquivalente " la
politique (r,Q).

Un facteur qui demeure peu ZtudiZ pour la dZtermination des parametres des politiques de
rZapprovisionnement est IOimpact dOune estimation dynamique des parametres (do Rego and
de Mesquita, 2015). Dans la plupart des recherches sur le sujet toutefois, IOimpact dOZvaluer
les parametres de fason dynamique semble positif. Par exemple, Babai and Dallery (2009)
ont montrZ en comparant une politique (r,Q) statique et dynamique IQimpact positif dOune
Zvaluation dynamique. De meme, Kanet et al. (2010) ont Zgalement montrZ quOil semblait
bZnZbque dOZvaluer le stock de sZcuritZ dynamiquement en prZsence de demandes non sta-
tionnaires. Finalement, Grewal et al. (2015) ont montrZ sur des donnZes simulZes quOadapter
les parametres selon le cycle des saisonnalitZs permet dOamZliorer les rZsultats. De plus, il
est pratique courante lorsque les parametres des politiques sont calculZs avec des prZvisions
de calculer les facteurs dynamiquement. Par exemple, Tiacci and Saetta (2009), Babai et al.
(2009) et Syntetos et al. (2010b) ont les trois calculZs les paramstres de leur politique dOap-
provisionnement en les rZZvaluant chaque pZriode pour intZgrer la donnZe la plus rZcente.

Dans notre recherche, nous mesurons IOimpact de IOZvaluation dynamique des parametres
dOune politique dOinventaire. Les interactions avec les modeles de prZvision de la demande sont



Zgalement considZrZes abn dOZvaluer la robustesse des politiques dynamiques et statiques sur
des variations de performances dans les prZvisions. Une approche pour calculer une politique
basZe sur le cadre conceptuel de IQapprentissage pas imitation est Zgalement proposZe. Ceci
sera dZveloppZ au chapitre 6, os un Ztat de IOart complZmentaire sur IQapprentissage par
imitation bPgure.

2.2.3 Minimiser les cozts

Une alternative aux politiques dOinventaire qui visent ~ garantir un TSL tout en conservant
un minimum de stock est de reprZsenter le problsme de gestion de IQinventaire comme un
probleme de minimisation des coZts. En gZnZral, des coZts de dZtention du stock et des coZts
de rupture de stock (Syntetos et al., 2010b). Beaucoup de travaux utilisant di"Zrents outils

et suivant di"Zrents courants scientibques ont ZtZ employZs pour la rZsolution du probleme
de gestion de IQinventaire.

Par exemple, plusieurs modZlisent le probleme de la gestion du stock ~ partir des coZts et
des contraintes dOun probleme particulier et utilisent diverses techniques dOoptimisation pour
minimiser les coZts. Notamment, Mohammaditabar et al. (2012) a utilisZ une rZsolution par
recuit simulZ dOun modele qui classibait les items en groupes et dZterminait simultanZment
une politique de gestion des stocks " appliquer sur chaque groupe pour minimiser les cozts.
Kdrcd et al. (2019) ont modZlisZ le probleme de gestion de IOinventaire dans un contexte dOar-
ticles pZrissables comme un jeu de Stackelberg entre le dZtaillant et le fabricant qui doivent
sOadapter " la stratZgie de IOautre et o le dZtaillant choisit lui-meme son cycle de rZapprovi-
sionnement. Movahed and Zhang (2015) ont proposZ un modele robuste de programmation
linZaire en nombres entiers mixtes (MILP) pour dZterminer les paramstres dOune politique
(s,S) qui minimise I0espZrance des coZts. Coelho and Laporte (2014) ont modZlisZ le probleme
de la livraison conjointement avec le probleme de gestion de IQinventaire pour des produits
pZrissables. Ghalebsaz-Jeddi et al. (2004) ont modZlisZ le problsme comme un probleme dOop-
timisation non linZaire, intZgrZ des contraintes de budget et considZrZ une demande normale
indZpendante et identiquement distribuZe.

Donc en gZnZral, les auteurs qui utilisent cette approche le font pour intZgrer des contraintes
additionnelles quQil serait dilcile de prendre en compte par IQutilisation de politiques dOin-
ventaire. Une faiblesse de IQapproche dOoptimisation directe de la prise de dZcision est que
|Qoptimisation est faite ~ partir de donnZes historiques ou sur des distributions de demande
connues. Alors que rien ne garantit que les parametres demeurent optimaux une fois le mo-
dele en production (Sani and Kingsman, 1997). Le modsle devrait donc stre optimisZ sur un
ensemble dOentra’nement et les rZsultats mesurZs sur un ensemble de validation pour montrer



le gain rZel apportZ.

Une autre mZthode de rZsolution est dOapprocher le probleme comme un probleme de contr™|e
optimal ou dOapprentissage par renforcement. Dans ce cas, ~ chaque pZriode le systeme doit
prendre la dZcision de rZapprovisionnement qui minimise les cozts. Par exemple, Van Roy
et al. (1997) ont utilisZ la programmation neuro dynamique pour optimiser une politique
dOinventaire. Cela consiste essentiellement " utiliser de la programmation dynamique o les
coZts sont estimZs par un modsle paramZtrique dont les parametres sont ajustZs apres chaque
observation des cozts rZels par descente de gradient. Kara and Dogan (2018) ont utilisZ du Q-
learning avec un algorithme state-action-reward-state-action (sarsa) semblable " la mZthode
prZcZdente, mais o« cette fois les cozts dOune dZcision sont ZvaluZs par les valeurs Q pour
entra’ner une politique de rZapprovisionnement. Un des dZsavantages de ces deux mZthodes
toutefois est quOelles sont dilciles ~ mettre ~ IOZchelle pour des problemes avec beaucoup
dOitems. Sinon, dOautres ont approchZ le probleme comme un probleme de dZcision markovien
(Giannoccaro and Pontrandolfo, 2002), (Zhang and Wang, 2017).

Ces mZthodes sont elcaces pour minimiser les cozts. Cependant, les coZts de stockage et les
cozts de rupture de stock sont particulisrement dilciles ™ estimer (,etinkaya and Parlar,

1998). COest pourquoi souvent, en pratique, des mZthodes basZes sur le niveau de service
sont favorisZes. Par exemple, dans le cas dOZtude de cette these, le coZt de rupture de stock
est dilcile ~ Zvaluer, car il ne revient pas ~ une vente perdue. Dans notre cas, si le TSL
nOest pas respectZ cela pourrait se traduire par la perte dOun contrat de service avec une des
organisations membres. Ce qui se traduit par des pertes importantes de revenus.

2.3 PrZvision de la demande

La prZvision de la demande en contexte de gestion dOinventaire sQappuie sur IQestimation la
demande moyenne sur un horizon de pZriodes (AxsSter, 2006). Cette information est utile
pour la planibcation et la prise de dZcision de rZapprovisionnement, car la plupart du temps

la rZception des items requiert un dZlai de livraison. Pour cette raison, les prZvisions de la
demande peuvent stre utilisZes en gestion de IOinventaire. Les mZthodes les plus populaires
sont prZsentZes ici.

On compte parmi les modesles les plus couramment utilisZs dans le domaine de la gestion de
IOinventaire, les modeles de lissage. Ceux-ci sont une adaptation de la moyenne mobile. Le
plus simple dOentre eux est le modsle de lissage exponentiel simple (SES) (Brown, 1959), oe
IOGon peut pondZrer ~ 10aide dOun facteur de lissajedmpris entre 0 et 1 IQimportance des
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nouvelles observations par rapport aux observations historiques :

o ="V + (L # ") (2.1)

Ce modsle a ZtZ adaptZ pour pouvoir inclure une tendance (Holt, 1957), une saisonnalitZ
(Winters, 1960) puis une double saisonnalitZ (Taylor, 2003). Une autre adaptation du lissage
exponentiel est la mZthode theta (Assimakopoulos and Nikolopoulos, 2000), mZthode cZlbre
pour avoir remportZ le concours de prZvision M3 (Makridakis and Hibon, 2000). Cette mZ-
thode a ZtZ dZmontrZe par Hyndman and Billah (2003) comme Ztant Zquivalente au SES avec
une dZrive :

N N 1.." 17
ﬂ+h:"vt+(1#")¢t+§9 h#t 1+ = (2.2)
) 6 $2% tY, # 1 %?f& 2.3
= = + :
n#1 n, t# (n+1) (2.3)

o+ n est le nombre dOobservations de la sZfie

Les mod-les de lissage peuvent maintenant dZterminer des intervalles de conbance gr¥oce ~ la
formulation en espace dOZtat proposZe par Hyndman et al. (2002) qui permet dOidentiber leur
modele stochastique sous-jacent. Avant cette formulation, seuls les modeles ARIMA (Box
and Jenkins, 1970) permettaient de produire des intervalles de conbance Ztant donnZ que
leur formulation permet de gZnZrer la distribution des observations. Le modele ARIMA est
dZbni ainsi : S & $ &

1# #B' (1#B)Y,= 1+ $B' % (2.4)

i=1 i=1

Il est composZ par la combinaison dOun modele autorZgressif dOprdi®une moyenne mobile
dOordrey et dOune di"Zrence dOordteB reprZsente IQopZrateur di"ZrencBYY; = Y # Y g,
#; le coelcient autorZgressif dOordriepour la sZrie temporelleY; et $ le coelcient de moyenne

mobile dOordré sur la sZrie temporelle des erreufs

Les modsles ARIMA peuvent Zgalement intZgrer la saisonnalitZ en ajoutant des termes de
di"Zrences dOordre de la saisonnalitZ. Cependant, pour quOun modsle ARIMA puisse bien
modZliser une sZrie, celle-ci doit stre stationnaire en di"Zrence.

2.3.1 Demande intermittente

Il se trouve que les sZries de demandes issues des produits " faible vZlocitZ de demande sont
rarement stationnaires en di"Zrence. Un probl de demande " faible vZlocitZ et non stationnaire
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en di"Zrence est la demande dite intermittente. Cette demande se caractZrise par des pZriodes
consZcutives de demande nulle ou bien par une forte variation dans le volume de demandes
(Babiloni et al., 2010). Croston (1972) fut le premier = proposer une approche pour ce type

de demande. Sa mZthode divise la sZrie de demandes en deux sZries : la sZrie des volumes
de demandesZ;) et la sZrie dOintermittence (nombre de pZriodes inter demand¥))( Un

lissage exponentiel des deux sZries est e"ectuZ et le quotient des deux prZvisions utilisZ pour
former la prZvision de la demande :

Bua ="Z+(L#")2 (2.5)
R = "X+ (L #")R, (2.6)
‘¢t+1 = @Hl/)@tﬂ (2.7)

On obtient ainsi la prZvision de la consommation. Toutefois, cette mZthode est biaisZe (Syn-
tetos and Boylan, 2001). Syntetos and Boylan (2005) ont donc proposZ de multiplier les
prZvisions de la mZthode de Croston par un coelcient pour corriger le biais :

¢t+1: 1#

(2.8)

Cette correction est connue sous le nom de IQapproximation de Syntetos et Boylan (SBA).
Teunter et al. (2011) ont ensuite proposZ la mZthode TSB qui utilise di"Zrents coelcients

de lissage et qui estime la probabilitZ de commande plut™t que le nombre dOintermittences
pour pouvoir rZZvaluer la probabilitZ de commande " toutes les pZriodes au lieu de devoir
attendre une nouvelle demande non nulle pour le faire :

B = O+ & # ) (2.9)
By = 2+ "pi(Z # Z’t) (2.10)
Vi1 = P B (2.11)

Oe, p: =1 quand une demande occure g = 0 en absence de demande. On remarque que
IGamplitude de la demande nOest pas mise " jour si la demande est nflje, := 2, dans le
cas o p; = 0. Ce modesle est utile pour modZliser le cycle de vie des items.

MalgrZ les promesses de meilleures performances des nouveaux modsles dZveloppZs explici-
tement pour la demande intermittente, Teunter and Duncan (2009) ont montrZ que prZvoir
systZmatiquement des valeurs nulles pouvait stre plus prZcis que dOutiliser ces mZthodes. Ce
qui a suscitZ de IOintZrst pour la recherche de nouvelles mZthodes dOZvaluation capables de
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prendre en compte la demande intermittente. Ces mZthodes sont prZsentZes dans la section
Suivante.

2.3.2 fvaluation des prZvisions

LOZvaluation des prZvisions est classiquement mesurZe par la prZcision de celles-ci. LOZvalua-
tion de la prZcision repose essentiellement sur des mZtriques Zvaluant IQerreur de prZvision.
LOerreur de prZvision est dZbnie comnme, = Y, # Fy, la di"Zrence entre la valeur actuelle

de la pZriode hY,, et la prZvision pour la pZriode hFy,.

Dans un sondage aupres de chercheurs et de praticiens Carbone and Armstrong (1982) ont
identibZ que les raisons qui motivaient la sZlection de IOune ou |Qautre des mZtriques de
performance Ztaient reliZes ~ leur facilitZ dOinterprZtation, leur facilitZ dOimplZmentation et
leur rapiditZ dOexZcution. Depuis IQarrivZe des concours de prZvision M (Makridakis and
Hibon, 2000), les mZthodes dOZvaluation ont ZtZ mieux uniformisZes " travers les publications.
Toutefois, Billah et al. (2006) ont soulevZ, malgrZ cela, IOabsence de thZorie pour dZcider quelle
mZtrique utiliser. Depuis, plusieurs problemes rencontrZs avec les mZtriques dOZvaluation ont
ZtZ rZsolus. Notamment, les dilcultZs de mise ~ IOZchelle pour une Zvaluation agrZgZe des
rZsultats de sZries ~ di"Zrentes Zchelles ou, les cas intermittents qui impliquaient souvent des
divisions par zZro ou des divisions par des nombres proche de zZro. COest en partie gr¥ce aux
propositions de Hyndman and Koehler (2006) que ces problemes sont aujourdOhui rZsolus.
Hyndman and Koehler (2006) divisent les mZtriques de performance en quatre types : Les
mZtriques dZpendantes dOZchelle, basZes sur le pourcentage dOerreur, relatives et mises °
|OZchelle. Wallstrsm and Segerstedt (2010) proposent un cinquieme type de mZtrique : les
mZtriques cumulatives. Une description et critique de chaque type de mZtrique est prZsentZe

" la table 2.1.



Tableau 2.1 Classibcation, description et critique des mZtriques de performance

Type

Exemple

Description Critique

DZpendante dOZchelle

MSE = mean(e;)
MAE = mean(|e,|)
RMSE = MSE

Ne permets pas de
comparer les
performances

entre les sZries.

MZtriques dont I0Zchelle
dZpend de celle de la
sZrie temporelle ZvaluZe.

BasZe sur le pourcentage

MAPE = mean(|$—r]|)
SMAPE =2 %L

Yh+ Fp

Ces mZtriques sont
indZPnies en prZsence
dOamplitude nulle.
PZnalisent davantage
les erreurs positives
que nZgatives.

MZtrique dont IOerreur
est ZvaluZe en proportion
de IOamplitude de la sZrie.

Relative

MRAE = mean(| =)
h

— MAE
RelMAE ~ MAE bench_

MZtrique dont IOerreur
ou la mZtrique est relative
" celle dOune mZthode de

rZfZrence

Moyenne indZPnie et
variance inbnie.

Mise ~ 10Zchelle

MASE = mean — &l

MAE bench

in! sample

MZtrique dont IQerreur est
normalisZe par un
facteur in-sample

Peut stre biaisZe vers 0.

Cumulative

|
PIS="1[ #e

Ne permets pas de
comparer les performances
entre les sZries.

MZtrique dont les erreurs
sont cummulZes

€T
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Dans la table 2.1, IOindickenchsignibe que la valeur a ZtZ calculZe "~ partir dOune mZthode
de rZfZrence, habituellement une mZthode nasve. LOindic# sample signibPe que la valeur
est calculZe sur les donnZes dOentra’nement.

Avec les mZtriques mises " I0Zchelle (Hyndman and Koehler, 2006) et les mZtriques cumula-
tives (WallstrSm and Segerstedt, 2010), il devient possible dOZvaluer la prZcision des modsles
de prZvisions meme dans des cas intermittents et dDagrZger les rZsultats " travers un ensemble
de sZries dOZchelles di"Zrentes sans tomber sur des valeurs indZPnies ou inPnies. Les mZtriques
non cumulatives peuvent toutefois demeurZes biaisZes favorablement vers des prZvisions nulles
dans le cas intermittent et tel quOobservZ par (Teunter and Duncan, 2009).

Bien que 1Oon sache aujourdOhui comment Zvaluer les performances agrZgZes dOun ensemble
de sZries " probl mixte, il nOen demeure pas moins quOil nexiste toujours aucune thZorie pour
choisir la "meilleure” mZtrique. En gZnZral, plusieurs mZtriques sont utilisZes pour Zvaluer
les performances dOun modele de prZvision. Mais que faire si les rZsultats des mZtriques sont
conRBictuels ? Tres peu dOZtudes ont abordZ ce sujet. Les Ztudes menZes pour comparer et
guider le choix des mZtriques se sont surtout attardZes sur les propriZtZs mathZmatiques de
celles-ci (Hyndman and Koehler, 2006) ou encore sur des comparaisons empiriques et statis-
tiques entre les rZsultats des di"Zrentes mZtriques (Armstrong and Collopy, 1992), (Wallstrsm

and Segerstedt, 2010). Aucune de ces Ztudes nOa tentZ de quantiPer la prZcision des mZtriques
pourtant ZnoncZe comme un facteur important par Armstrong and Collopy (1992). De plus,
comment choisir ~ laquelle faire le plus conbance en cas de rZsultat conRictuel ? Les Ztudes
prZcZdemment citZes nous indiquent quelles mZtriques sont corrZIZes sans donner dOindication
sur la babilitZ et donc sur IOimportance ~ accorder ~ chacune dOelles. Une piste de solution "
ce probleme est proposZe dans nos recherches au chapitre 4.

2.3.3 SZlection de modsle

Les mZtriques de performance basZes sur IQerreur (mZtriques dOerreur) servent dOindicateur
pour guider la sZlection de modsles de prZvision. Les compZtitions M (Makridakis and Hi-
bon, 2000) (Makridakis et al., 2018) ont dQailleurs permis de guider la communautZ des
prZvisionnistes et des chercheurs en procurant et en ralnant une mZthodologie dOZvaluation
des modeles de prZvisions sur un grand ensemble de sZries temporelles avec probls de de-
mande mixtes, agrZgation temporelle variZe et de nature diverses (logistique, Zconomique,
etc.). Il est gZnZralement acceptZ que le "meilleur" modsle est celui qui obtient la meilleure
prZcision (ZvaluZe avec les mZtriques dOerreur) sur IOensemble des sZries.

DOautres recherches tentent plut™t dOidentiber des facteurs thZoriques de classibcation des
sZries qui permettraient de sZlectionner le modele de prZvision le plus adaptZ sans nZcZs-
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siter dOZvaluation empirique. (Syntetos et al., 2005) ont proposZ une telle classibcation qui
devait permettre dOidentiber ~ quelle sZrie appliquer quel modesle de prZvision intermittent.
La classiPcation impliquait 4 types de sZries intermittentes : les sZries lisses, intermittentes,
erratiques et grumeleuses.

Toutefois, cette classibcation fut critiquZe par Kostenko and Hyndman (2006) qui ont argu-
mentZ quOil nOy avait en fait que deux classes de sZries : celles que la mZthode de Croston
ajuste mieux et celles que la mZthode SBA ajuste mieux. La classibcation est reprZsentZe sur
la Pgure 2.1.

Figure 2.1 Classibcation des sZries dOapres la classiPcation de (Syntetos et al., 2005) et de
(Kostenko and Hyndman, 2006)

O- preprZsente le nombre de pZriodes nulles consZcutives moyen dans la s &t 'H—i le
coelcient de variation avec! |0Zcart-type de la demande gtla demande moyenne. Toutefois,
cette classibcation thZorique ne semble pas en mesure, en pratique, dOidentibPer quel modele
performera le mieux sur une sZrie (Kourentzes, 2014), (do Rego and de Mesquita, 2015). Une
approche expZrimentale est donc ~ privilZgier.

DOun point de vue pratique, il est reconnu depuis Gardner (1990) quOil est important dOZva-
luer 10utilitZ des prZvisions en les Zvaluant selon le contexte dans lequel elles sont utilisZes.
Or, Zvaluer les modeles de prZvision dans leur contexte dOutilisation requiert un travail sup-
plZmentaire long et fastidieux pour b%otir un simulateur capable de recrZer ce contexte. Ainsi,
Ztablir le lien qui existe entre les mZtriques dOerreur et les performances de gestion dOinven-
taire est dOune grande importance. Quelques Ztudes ont Ztabli une corrZlation positive entre
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les performances en gestion dOinventaire et les mZtriques dOerreur (Syntetos et al., 2010a)
(Sanders and Graman, 2009). Cependant, ces Ztudes ont ZtZ e"ectuZes avec des sZries " probl
de demande lisse. Dans le cas intermittent, la relation est plus complexe puisque les perfor-
mances en gestion dOinventaire ne sOaccordent pas avec les rZsultats sur la prZcision (Solis,
2015), (Kourentzes, 2013), (Teunter and Duncan, 2009). Il nOexiste pas pour I0instant dOexpli-
cation qui permet dOexpliquer ce rZsultat. Les rZsultats additionnels apportZs par cette these
proposent une explication pour expliquer de tels rZsultats au chapitre 7.

Un aspect peu ZtudiZ de la sZlection de modeles est le choix de IOagrZgation des rZsultats.
Par exemple, un modele de prZvision unique aux performances globales supZrieures peut stre
sZlectionnZ. Autrement, chaque sZrie peut faire IOobjet dOune sZlection individuelle de modeles
de prZvision rZsultant en la sZlection multiple de modeles de prZvision. LOimpact de la sZlection
globale versus multiple de modsles de prZvision obtient des rZsultats mitigZs selon le probl
de demande des sZries. Par exemple Tashman and Kruk (1996) et Hyndman et al. (2002) ont
montrZ une meilleure prZcision pour la sZlection multiple sur un ensemble de sZries ~ probl
lisse, tandis que Kourentzes (2014) a conclu IQinverse dans un contexte de gestion dOinventaire
pour des sZries intermittentes. Ces rZsultats rZvelent le besoin dOinformation additionnelle sur
les deux aspects ZnoncZs : 1. la relation entre les mZtriques de sZlection et les performances
de gestion dOinventaire et 2. IOimpact de IOagregation en contexte de gestion dOinventaire. Ces
questions seront approchZes dans cette these, au chapitre 5.

2.4 Conclusion

Les domaines de la gestion de IQinventaire et des prZvisions de la demande ont traditionnel-
lement ZtZ ZtudiZs sZparZment (Prak and Teunter, 2019). Alors que les connaissances sOaccu-
mulent, de plus en plus de chercheurs constatent que ces problemes doivent stre approchZs
conjointement abn dOamZliorer les performances dOinventaire de maniere signibcative. LOZtat
de 10art a dZmontrZ que plusieurs approches de prZvision de la demande et de contr™le des
stocks existent et sont toujours dZveloppZes ~ ce jour. Pourtant, Syntetos et al. (2016) af-
Prment que malgrZ plusieurs dZveloppements thZoriques importants, tres peu se sont traduits
par des solutions opZrationnelles ou ont ZtZ intZgrZs dans des systemes dOaide " la dZcision.
lls alrment Zgalement que plusieurs heuristiques simples et robustes, ZprouvZes par 10ex-
pZrience, mais sans fondements scientipques ou thZoriques, gagnent en popularitZ dans les
applications industrielles. Ces solutions sont di!ciles ™ battre en pratique. Cette information
combinZe au constat que les gestionnaires ajustent et modiPent souvent les prZvisions de la
demande et arrivent ainsi ~ amZliorer les performances de gestion dOinventaire (Van Donse-
laar et al., 2010), (Syntetos et al., 2010a) dZmontre un besoin dOinformation additionnelle
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pour comprendre les facteurs dOinBuence des performances de la gestion de IQinventaire.

Comme piste de solution ~ ce probleme, plusieurs chercheurs commencent ~ explorer les
liens entre les performances dOinventaire et les prZvisions de la demande. Celles-ci Ztant
souvent ~ la base du processus de prise de dZcision (Prak and Teunter, 2019). Par exemple,
Strijoosch et al. (2011) ont ZtudiZ sur des donnZes simulZes IOimpact de prZvisions optimales
sur la gestion du stock. Tiacci and Saetta (2009) ont mesurZ par simulation les performances
de di"Zrents modeles de prZvision pour di"Zrentes conditions de rZapprovisionnement avec
contraintes de remplissage sur les livraisons et ont conclu que de chercher une mZtrique
pour approximer les performances dQinventaire nOZtait pas une solution envisageable Ztant
donnZe la quantitZ de facteurs importants ayant une inRuence sur IQapprovisionnement. Plus
rZcemment, Kourentzes et al. (2019) ont optimisZ un modele de lissage SES de maniere *
minimiser les cozts dOapprovisionnement et Bruzda (2020) a optimisZ des prZvisions avec des
contraintes de niveau de service sous plusieurs conditions et hypotheses.

Dans cette these nous tenterons Zgalement dOidentiber quelques facteurs ayant un impact sur
les performances dOinventaire. En particulier, trois facteurs ont ZtZ identibZs dans la revue de
littZrature comme nZcessitant de la recherche additionnelle : les criteres permettant dOZvaluer
les mZtriques de performance (chapitre 4), IOagrZgation des performances dans la sZlection de
modeles (chapitre 5) et IOimpact des politiques dynamiques versus statiques (chapitre 6). Dans
un contexte de recherche oe la relation entre les prZvisions de la demande et la gestion de
IQinventaire est de plus en plus au coeur des activitZs de recherche du domaine. Ces facteurs
" 10Ztude dans la these auront pour but dOaider la conception dOun systeme de gestion de
IQinventaire pour un portefeuille de produits ~ probl de demande mixte.

La prochaine section discute de notre approche pour faire I0Ztude de ces facteurs.
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CHAPITRE 3 DfMARCHE ET ORGANISATION

3.1 Introduction

Les chapitres prZcZdents ont introduit le contexte de recherche, la problZmatique ainsi que
les outils et limites des connaissances actuelles sur le sujet de recherche.

Le constat est que le projet de recherche sQinscrit dans un contexte o IQaccessibilitZ des
technologies issues de IQintelligence artibcielle est de plus en plus facile et oe le dZveloppe-
ment continu et rapide de ces technologies permet aux techniques de prZvision et de prise de
dZcision automatisZe de sOamZliorer continuellement. Un systeme de gestion de I0inventaire
dZveloppZ dans ce contexte devrait donc etre modulaire pour pouvoir sOadapter et intZgrer
rapidement sans trop dOe"orts ces nouvelles technologies. COest pourquoi le dZveloppement
mZthodologique dOZvaluation et de sZlection des techniques de prZvision et dZcision est un
probleme de premier plan dans la recherche sur les systemes de gestion de IQinventaire. SpZcib-
quement dans les cas o+ des demandes de di"Zrents probls sont prZsentes dans les donnZes, car
di"Zrents probls requierent di"Zrents traitements. Certains points en particulier requierent de

la recherche additionnelle. Ces points sont formulZs sous la forme dOobijectif et de questions de
recherche " la section 3.2. Cette section sera suivie par la prZsentation du contexte industriel
(section 3.3) et de la mZthodologie (section 3.4).

3.2 Les objectifs de recherche

ftant donnZ le contexte prZsentZ en introduction, IOobjectif gZnZral du projet de recherche
est de concevoir un systeme de gestion dOinventaire pour un portefeuille de produits ~ probl
de demande mixte.

Une approche pour atteindre IQobjectif serait de dZvelopper un systeme autonome composZ
de 8 opZrations sZquentielles. Le systeme et ses composants sont prZsentZs sur la bgure 3.1.
lls consistent essentiellement en deux ensembles dOopZrations dont les variables dOentrZes ~
la pZriodet sont la demande Y;) ainsi que dDautres variables exogenes, de suivi dOinventaire

et mZtadonnZes utilesX;). La sortie est la variable de dZcisionu).

Le premier ensemble dOZtapes sert ~ obtenir des prZvisions de la demande Pables. Il sOagit
pour ce faire de gZnZrer des prZvisions de la demande avec plusieurs modeles de prZvisions
(opZration 1), dOZvaluer leur erreur dOajustement (opZration 2), dOassurer par un contr™le
statistique la qualitZ des prZvisions et de prendre des mesures correctives en cas de dZviation
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signibcative (opZration 3). Une fois les prZvisions pretes, les meilleurs modsles sont sZlection-
nZs (opZration 4). LOaccomplissement de IOensemble de ces t%o.ches garantira des prZvisions de
la demande pables.

Les prZvisions et les autres donnZes serviront ensuite ~ alimenter le deuxisme ensemble
dOZtapes dont IOobjectif est la prise de dZcision de rZapprovisionnement. Des politiques dOin-
ventaire prendront donc les dZcisions de rZapprovisionnement (opZration 5). Les performances
sur les donnZes disponibles seront ZvaluZes (opZration 6) et un contr™le des performances sera
e"ectuZ pour assurer un ajustement correct des politiques (opZration 7). Finalement, les po-
litiques les plus performantes seront sZlectionnZes pour la prise de dZcision (opZration 8).

Figure 3.1 MZthodologie

Des contributions scientibques liZes au dZveloppement de certaines composantes de ce systeme
sont apportZes dans cette these. Notamment au niveau du dZveloppement mZthodologique
sur le point 2, o I0absence de mZthodologie dOZvaluation des mZtriques de performances
basZes sur |Oerreur est comblZe. Il en sera question au chapitre 4.

Suivant la revue de littZrature, il appara’t que IQimpact de I0agrZgation dans la sZlection de
modsles nOest pas bien compris. De plus, le lien entre la prZcision dans les prZvisions et leur
utilitZ en gestion dOinventaire nOest pas clair. Certains auteurs suggerent une relation positive,
alors que dOautres ne voient pas de relation. Le chapitre 5 apporte une contribution mZtho-
dologique sur la sZlection de modeles multiples en contexte de gestion dOinventaire (point 4).
Ainsi, " partir des mZtriques les plus sensibles et bables sur notre ensemble de donnZes, on Ztu-
diera I0impact de I0agrZgation dans la sZlection de modeles sur les performances dOinventaire.
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Les rZsultats des expZrimentations apportent Zgalement des connaissances additionnelles sur
la relation entre la prZcision des prZvisions de la demande et les performances en termes de
gestion dOinventaire en prZsence de sZries ~ probl mixte.

Finalement, le chapitre 6 porte sur la prise de dZcision et apporte une contribution mZtho-
dologique en proposant une approche basZe sur le cadre conceptuel de IOapprentissage par
imitation pour optimiser une politique dOinventaire dynamique adaptative au changement de
performance des modeles de prZvision de la demande (point 5).

APn de pouvoir rZpondre " ces questions, dOautres t%.ches ont ZtZ accomplies notamment les
points 1 et 6. Leurs dZtails ainsi que notre approche de rZsolution sont prZsentZs " la section
3.4. Une des motivations de ce projet de recherche en plus de sa motivation scientibque
provient du milieu industriel. Le contexte industriel qui constitue Zgalement le cas dOZtude
dans chacune des contributions est prZsentZ dans la section suivante.

3.3 Contexte industriel

Les donnZes utilisZes proviennent de notre partenaire industriel Logistik Unicorp (LU), qui
fournit un service de gestion du programme dOuniforme pour plusieurs organisations " travers
le pays et ailleurs dans le monde. LU fournit le service de la conception " la distribution pour
chaque membre individuel des organisations clientes.

LU doit conserver en inventaire les items des uniformes pour stre en mesure de rZpondre °
95% de la demande en tout temps. La demande provient directement des membres individuels
des organisations clientes qui passent leur commande via une application web. La demande
rZelle est donc accessible pour prZvoir et organiser les opZrations.

Les commandes sont passZes individuellement pour chaque item et plusieurs commandes
ouvertes en meme temps sont acceptZes par les fournisseurs. LOentreprise possede un systeme
de suivi de IQinventaire continu avec un MRP pour suivre et faire des recommandations
dOachat aux acheteurs. Les prZvisions et dZcisions de rZapprovisionnement sont agrZgZes en
semaine et, selon le fournisseur, les commandes doivent couvrir la demande durant R pZriodes
(semaines). Les fournisseurs sont engagZs " livrer les commandes "~ |OintZrieur dOune pZriode de
LT semaines considZrZe comme Ztant le dZlai de livraison. Les livraisons aux clients individuels
sont gZrZes par un fournisseur externe. La structure de la cha’ne logistique dans laquelle
sOinsere le cas dOZtude est prZsentZe sur la bgure 3.2.

Les donnZes qui ont ZtZ fournies sont la demande par unitZ de gestion des stocks (SKU)
quotidienne issue des requstes de chaque client depuis |Oapplication web. Les informations
sur chaque SKU comprenaient le LT, R, ainsi que le groupe de produit, la saison et le sexe
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Figure 3.2 Structure de la cha’ne Logistique

du produit. On disposait de la demande sur tous les items depuis 2012 jusquOau dZbut 2019.
Pour plus de 6 millions de commandes passZes par un peu plus de 1,5 million de clients sur un

peu moins de 10k SKU. En utilisant la classibcation thZorique basZe sur les caractZristiques

des sZries de (Syntetos et al., 2005), on obtient la distribution des probls des sZries prZsentZe
" la bgure 3.3.

Figure 3.3 Classibcation des SKU dOapres la classiPcation de (Syntetos et al., 2005)

La section suivante prZsente notre mZthodologie de rZsolution du probleme dans le contexte
de recherche prZsentZ avec pour objectif industriel dOaider IOentreprise ~ amZliorer la gestion
de son inventaire.
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3.4 MZthodologie

La mZthodologie pour accomplir les trois objectifs de recherche et IQobjectif principal a requis
le dZveloppement de deux systemes sur lesquels les expZrimentations pour les contributions
scientipques reposent. Le premier systeme est un systeme pour gZnZrer des prZvisions de la
demande et le second est un simulateur de la gestion de IQinventaire. La bgure 3.4 reprZsente
les deux systemes avec leurs interactions. Le dZtail des opZrations e"ectuZes par les deux
systemes est prZsentZ dans les sous-sections suivantes.

3.4.1 Systeme de prZvision de la demande

Le systeme de prZvision et dOZvaluation des prZvisions se trouve ~ gauche de la Pgure 3.4. On
y reprZsente les parametres entrants et les structures de donnZes rZsultantes.

ftape 1 - PrZparation des donnZes :  E partir de la demande quotidienne, on sZlectionne

une pZriode dOagrZgatioagg). Pour IOensemble des expZrimentations, ce paramstre est gardZ
constant pour une agrZgation hebdomadaire Ztant donnZ quQil sOagit de 10agrZgation utilisZe
par le systeme du partenaire. La somme de la demande de tous les clients pour un item sur
une pZriode est agrZgZe abn de transformer la demande en sZries temporelles de pgades

ftape 2 - Partitionnement :  Avec les donnZes agrZgZes au bon niveau de granularitZ, on
partitionne les donnZes en trois groupes. Pour ce faire, deux parametres sont requi®t t,.

Le parametre t donne la pZriode avant laquelle les donnZes sont utilisZes pour I0entra’nement
des modeles de prZvision. Les pZriodes supZrieuréssont utilisZes comme donnZes test. On
fait Zvoluert de fason dynamique jusqud” la pZriodg. Cette pZriode indique la premisre
pZriode de validation. COest-"-dire que la demande ~ partir de nOest utilisZe que pour
mesurer les performances des modeles.

ftape 3 - PrZvision : Les donnZes dOentra’nement (prZcZdensont utilisZes pour pa-
ramZtrer les modeles de prZvision sZlectionnZs. Notre systeme permet de prendre nOimporte
quelle fonction de prZvision " laquelle on applique chaque sZrie temporelle dans nos expZri-
mentations (arima avec composante saisonnisre, SBA, TSB, snaive et theta) ont ZtZ utilisZs,
car ils reprZsentent bien les divers types de modeles de prZvision statistique utilisZs.

ftape 4 - fvaluation :  Les prZvisions peuvent stre ZvaluZes avec des mZtriques de perfor-
mances basZes sur |Oerreur. Pour ce faire, les donnZes tests (esitrtg) sont utilisZes.

E partir de cette Ztape, le systeme permettant de gZnZrer et dOZvaluer des prZvisions de la
demande est complet. Ce systeme servira de cadre de base pour nous permettre de rZpondre *
la premiere problZmatique de recherche. Les deux autres problZmatiques requierent, en plus



Figure 3.4 Entrants, extrants et parametres des systemes implZmentZs
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du systeme de prZvision, un simulateur du processus de rZapprovisionnement de matZriel.
Ce systeme permet dOZvaluer les performances en termes de gestion dOinventaire. Les Ztapes
suivantes en prZsentent le dZtail.

3.4.2 Simulateur de la gestion dOinventaire

ftape 5 - SZlection de la politique :  Une fois les donnZes prZparZes, on sZlectionne les
parametres de la police quOon souhaite utiliser. Les parametres ~ sZlectionner sont : le dZlai
de livraison (LT), la pZriode de couverture R), le point de recommande ) et le niveau

de rZapprovisionnement$) pour chaque item. Les parametres peuvent stre dynamiques et
modibZs chaque pZriode. Ainsi, toutes les politiques "~ suivi continu peuvent stre gZnZrZes.
Dans le cas 0°S est paramZtrZ " une valeur de 0, alors les prZvisions de la demande issues du
systeme de prZvisions sont utilisZes pour prendre la dZcision de rZapprovisionnement. Divers
scZnarios avec diverses conbgurations de politiques dynamiques ou statiques peuvent ainsi
stre gZnZrZs.

ftape 6 - Simulation de la gestion de IQinventaire : La simulation dZmarre en initiali-

sant des tables contenant pour chaque item IQinventaire initial les commandes en cou®

et les livraisonsL. DZpendamment de la politique, les prZvisions de la demande " la pZridde
sont gZnZrZes avec les modesles choisis pour chaque item sur IOhorizon requis. Utilisant la po-
litique spZcibZe " la pZriodé une dZcision de rZapprovisionnemefQ est prise. La demande
actuelleY et les livraisons " la pZriode sont ensuite additionnZes " IQinventaire. LOZtape est
rZpZtZe pour un nombre spZciPZ de pZriodes ou jusqud” atteindre la pZxjode

ftape 7 - Sauvegarde des trajectoires :  Les Ztats de chaque itZration des simulations
comprenant les informations sur les quantitZs en stotk les quantitZs en cours de commande
O, les prZvisions de la demande, la demandeY, et IOerreur dOajustement (sur IOZchantillon
dOentra’nementM SEin: sample, SONt sauvegardZes dans une table. LOobjectif de sauvegarder
les Ztats observZs ~ chaque itZration de la simulation est de pouvoir rZpondre " la troisisme
problZmatique de recherche.

ftape 8 - fvaluation des performances dOinventaire : Les rZsultats des simulations
sont analysZs une fois les itZrations terminZes. Le niveau de service et le stock total commandZ
sont les mZtriques utilisZes. Plus de dZtails sur ces mZtriques sont donnZs dans les chapitres
5 et 6.
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3.5 Conclusion

Ce chapitre a prZsentZ en dZtail les objectifs de recherche, le contexte industriel dans lequel
sOinscrit le cas dOZtude de la these ainsi que la mZthodologie utilisZe pour accomplir les
objectifs. Pour la suite, les chapitres 5 et 6 utilisent les deux systemes prZsentZs comme cadre
de base pour conduire les expZriences. Les 3 chapitres suivants expliquent avec plus de dZtails
les mZthodologies spZcibques " la rZsolution des problZmatiques de recherche.
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CHAPITRE 4 ARTICLE 1: A METHODOLOGY TO EVALUATE
FORECASTS PERFORMANCE METRICS

St-Aubin, P., Agard, B.

Abstract - Thus far, work on performance metrics has been done without knowing the ground
truth on the real performance of forecasting models. This paper proposes a hew methodology
to measure the sensitivity and reliability of forecasts performance metrics. The methodology is
tested using multiple time series of dilerent scales and demand patterns, such as intermittent
demand. The idea is to add to each series a noise following a known distribution to represent
forecasting models of a known error distribution. Varying the parameters of the distribution of
the noise allows to evaluate how sensitive and reliable performance metrics are to changes in
bias and variance of the error of a forecasting model. The experiments concluded that SRMSE
is more reliable than MASE in most cases on those series. SRMSE is especially reliable for
detecting changes in the variance of a model and sPIS is the most sensitive metric to the bias
of a model. sAPIS is sensible to both variance and bias but is less reliable.

Keywords: Performance Measurement, Forecasting, Intermittent demand, Forecast Accuracy,
Time Series

4.1 Introduction

The forecasting community has long been searching for the best method to assess the per-
formance of forecasting models. This search was in part driven to solve the dilculties of
forecasting multiple series of di"erent scale and demand patterns such as intermittent de-
mand (Croston, 1972). Makridakis et al. (2018) showed that the best forecasting techniques
at the last M competition presented a small di"erence in performance. Therefore, correctly
identifying the best technique is going to become increasingly dilcult as techniques get closer
to perfection. For this reason, evaluating with certitude what the sensitivity and reliability

of performance metrics is going to become an important factor for the selection and ranking
of forecasting models.

This paper addresses this problem by proposing a new methodology to measure the sensitivity
and reliability of performance metrics. It presents how variation in bias and variance of the
error of a forecasting model infuences the performance obtained with a specibPc metric. This
is done by comparing performance across multiple time series of di"erent scale and demand
pattern.
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The proposed methodology allows one to identify on a given dataset what is the most sensitive
and reliable performance metric. This is important since the community is aware of the
dilculties of selecting appropriate parameters and the best models, especially in the context
of intermittent demand (Kourentzes, 2014).

The sections in this paper are divided as follows. Section 4.2 presents previous work con-
cerning performance metrics and evaluation of performance metrics. Section 4.3 presents
the methodology to measure sensitivity and reliability. Section 4 presents the results of the
application of the methodology on real data. Finally, section 5 provides a summary and
recommendations based on the empirical results.

4.2 Previous Work

In many industrial applications such as retail, forecasting performance must be aggregated to
avoid the high complexity of analyzing performance for every single product (Hoover et al.,
2009). In this case, it is important to assess the performance of models in the best possible
way, since it will translate into actual and/or opportunity losses (Makridakis and Hibon,
2000).

In some cases, demand comes in an intermittent or erratic fashion (Croston, 1972). This type
of demand presents a high number of consecutive null demands, or it can be characterized
with a high coelcient of variation (Syntetos and Boylan, 2005). These cases present a
challenge in measuring the performance of forecasting models due to the high number of null
demands (Solis, 2015), which can cause some performance metrics to be undebned.

Let us noteY the time series withY; the data used to estimate the model (in-sample),, the
hold out sample (out-of-sample) data to estimate performance arkg, the forecast associated
with Y. The error is notede, = Y, # Fy the error value at horizonh. Di"erent operations
can be performed on the erroe, to assess the forecasting performance with greater precision
and discernment.

Armstrong and Collopy (1992) explored those operations through empirical comparisons.
They were not able to measure sensitivity in absence of ground truth but mentioned the
importance of the sensitivity of performance metrics. they measured reliability as being
the average Spearman correlation for pairwise comparisons among bve di"erent subsample.
They recommended Median Absolute Percentage Error (MJAPE) to select the most accurate
forecasting method and they also introduced relative based error metrics such as Relative
Absolute Error (RAE). This metric scales the absolute error with the one of a nasve method,
but (Syntetos and Boylan, 2005) argued that such a metric along with the Mean Absolute
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Percentage Error (MAPE) were not appropriate for intermittent demand since they could
involve division by zero.

To solve problems of relative based scaling methods, Hyndman and Koehler (2006) introduced
the Mean Absolute Scaled Error (MASE), an adaptation of the relative based metric which
scales the error using the in-sample error of a benchmark method instead of the out-of-sample
error of a benchmark method.

WallstrSm and Segerstedt (2010) studied the case of forecast evaluation for intermittent case.
They introduced cumulative methods such as Period in Stock (PIS) and the Cumulated
Forecast Error (CFE) as they are not biased toward zero forecast compared to other classical
metrics such as RMSE and MAD (Teunter and Duncan, 2009).

Then Petropoulos and Kourentzes (2015) used the idea proposed by Hyndman and Koehler
(2006) to scale MSE, MAE and PIS with the in-sample mean demand instead of the in-
sample error of a benchmark method. A similar idea was used in (Billah et al., 2006) but
was critiqued in (Hyndman and Koehler, 2006) as the in-sample mean could be skewed in
presence of non-stationary data.

Previous work on performance metrics was Prst to bPnd metrics able to compare the perfor-
mance of models across multiple series of di"erent scales. The second motivating factor for
research on performance metrics was to ensure debnite and stable metrics across all cases
that could be met like for the case of intermittent demand.

So far, no research has primarily focus on the sensitivity and reliability of performance metrics
to detect which metric should be used to select and optimize a forecasting model. The next
section present a new methodology that allows one to quantify the sensitivity and reliability
of a performance metric.

4.3 Methodology

This section presents a new methodology allowing one to compare performance metrics ac-
cording to their sensitivity and reliability to changes of the error distribution of a forecasting
model applied to multiple time series. The main idea of the methodology is to build Pctitious
forecasting models with a chosen error distribution. Allowing one to rank the models exactly
given their error distribution is known.

The methodology is divided into four main sections (see Figure 4.1): 1. build forecasting
models with known errors, 2. select performance metrics to evaluate, 3. measure sensitivity
and 4. measure reliability.
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Figure 4.1 Experiment diagram

4.3.1 Build Models

Here forecasting models are dePned as the original time series to forecast to which a random
noise is added:

Fih = Yin + ' (4.1)

Where'; $ N (u;,!?) is the random noise.

The choice of the error distribution could have been any distribution and the following results
would still be valid. Indeed, since to measure the performance of a forecasting model on
multiple time series, the aggregation of the performance must follow a normal distribution
according to the central limit theorem. Thus, to simplify the following analysis, the normal
distribution is chosen so that the bias and variance of the error distribution of the forecasting
models are directly related to the chosen parameters of the error distribution.
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I represents the index of the time series anld the horizon of the forecast.

In a case with multiple time series, the parameters of the distribution of the error of a model
should consider the di"erent scales of the di"erent series.

To do so, the chosen parameters of the error are coelcients of the in-sample mean value of
each series, making the error size relative to the scale of the series.

m 1 %

Wi = ﬁ Yi,t (42)
t
1%

I = &ﬁ Yit (4.3)

t

|
Where Ni - VY, is the in-sample mean value of the time series. The parametérand & take
values between 0 and 1 so the parameters of the error distribution are equal to a proportion
of the in-sample mean.

To summarize, the pctitious forecasting models are composed of the actual value plus a noise
that follows a chosen normal distribution. For each bctitious model, the parameters of the
error distribution are set to a certain proportion” and & of the in-sample mean of each series.
This makes the error distribution proportionate to the scale of each series.

This way, one can create multiple bctitious models varyin and & in an ordered manner with
di"erent increments to measure how sensitive and reliable performance metrics are to detect
the di"erence in bias and variance of the error of di"erent models. In further sections, the
models are debPned by the parameters of their error distribution which are set to a proportion
of the in-sample mean.

4.3.2 Select performance Metrics

In this section one simply needs to select the performance metrics he wants to evaluate. For
the experiment presented in section 4.RMSE, sMAPE, MASE and PIS were chosen
since they are all common and known metrics. In addition, they can be, or are, adapted to
always be debPned and can be scaled using the (Petropoulos and Kourentzes, 2015) scaling
factor. Also, the results by (WallstrSm and Segerstedt, 2010) seemed to show that all metrics
of the same category are strongly correlated, and for this reason, only one metric of each
metric class is used.

Scaled versions of the metrics are useBMSE (sRMSE), PIS (sP1S) and AbsoluteP 1S
(sAP1S). They are scaled to allow comparison of performance across series of di"erent scales.
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The metrics, along with their scaling factors, are described under:

SRMSE = — 1" (4.4)

Lt
sPIS, = P oh =28 (4.5)
Y,

SAPISy = M (4.6)
Nt Tt
We used scaled metrics as debned in (Petropoulos and Kourentzes, 2015) as it is easy to
interpret in practical terms. It will also allow us to measure what is the impact on precision
and reliability of using a scaling factor robust to non-stationary data as it is foMASE .
Finally, the aggregation of results across both time series and di"erent horizons is done by
taking the mean. For this reason, an additional OmO was added to the metrics abbreviation
so that one can make a distinction between the aggregation of horizon periods and the series

aggregation.

4.3.3 Sensitivity

Variation of the bias and the standard deviation parameter will reveal how di"erent metrics
react to changes of these parameters. This reveals which metric is the most sensitive and
potentially the best one to distinguish between two models of similar error distributions.

The same thing can be done by bxing one parameter for several di"erent values and varying
the other one. That will allow one to estimate the inBuence of each parameter on the other
one.

The results will allow one to draw conclusions about the sensitivity of metrics to standard de-
viation and bias of a model. The second measure of sensitivity presents how stable sensitivity
IS to one parameter given changing values for the other one.

4.3.4 Reliability

In this section reliability is evaluated in terms of ranking of models. Since the real error
distribution of the models are known, one can rank the models exactly. So, the ranks obtained
with the performance metrics can be compared to the real rank of each model.

To test this, di"erent conbgurations of scales for the bias, the standard deviation and the
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scale of the variation { pand! !) between two models are considered.

For example ifF! has the parameters|i,! ) the closest model in terms of error would b€&?
of parameters (1,! +! 1).

The di"erent situations are presented in 4.1. The plus and minus symbols represent the
relative order of magnitude of the di"erent parameters in comparison to the others. For
example, ifp and ! both have a minus symbol,” and & would be less than 0.01. Which
meansp and ! would be less than the order of magnitude of 1% of the in-sample mean.
Otherwise, this would mean they would both be of the order of magnitude of 1% of the in-
sample mean. The same applies for! and! u, which represent the di"erence in standard
deviation and bias of the error distribution of the forecasting models. A minus symbol would
indicate " and & are two orders of magnitude less than 1% and the plus symbol indicates
they are an order of magnitude less than 1%. The must be smaller than the parameter
so that, once multiplied by the number of models, it reaches the same order of magnitude
as the parameter. For example, the (+++0) conbguration implied, u of the order of 1%
and! ! of 0.1%. So that! ! multiplied by the number of models is of the order of 1%. The
(++-0) conbguration would have both parameters of the order of 1% antl! of 0.01%.

Table 4.1 Conbgurations of standard deviation, bias and variation standard deviation and
bias to test and evaluate the reliability of metrics

o
- - - 0
+ - 0
+ - 4+ 0
- 4+ - 0
+ + - 0
+ + o+ 0

To rank the models exactly given their error distribution, only one of the distribution param-
eters at a time will vary. So, either the bias of the standard deviation will be bxed, while the
other will change. Table 4.1 presents half the conbgurations, where the others will consider
a variation of bias with bxed standard deviation. Note there is no conbguration whereis
small and! ! is large. This is because large variations would bring the interval éf from
small to large, making it the same conbguration as both! and +! !.

The idea is to measure, for each conbguration of bias, standard deviation and delta, the
quality of the ranking rendered by the performance metrics. The quality is obtained by
comparing metrics rankings to the real ranking of models.

Two di"erent metrics are used to measure the quality of the rankings. The brst one is
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SpearmanOs rank correlation (Spearman, 1987). This metric returns the correlation between
the real rank and the rank given by metrics. The measureOs value lies between -1 and 1 to
indicate negative to positive perfect correlation. It allows us to make conclusions about the
general tendency of metrics to rank models in the same order as real rankings.

The second one is the normalized Discounted Cumulative Gain (nDCG) (JSrvelin and KekSISi-
nen, 2002). This metric provides a score between 0 and 1, 1 being the perfect ranking. The
main di"erence between nDCG and SpearmanQOs rank correlation is that nDCG gives more
importance to ranking models correctly in the prsts rank compared to those in the lasts rank.

Indeed, the nDCG metric provides a relevance score to every model it needs to rank and it
discounts the relevance, as it appears lower in the ranking. In this experiment, 1 over the

real rank of each model is used as their relevance score. This is especially important given
that being right for the ranking of the brst N models is of greater importance than showing

a similar general tendency, as does SpearmanOs rank correlation.

Reliability is observed in function of the number of forecast horizons and the number of
series performances used to average performance as illustrated in Figure 4.2. The bgure
presents three di"erent series. Its global performance is calculated by varying the number of
forecast horizons used to estimate the performance for a series (red square), and by varying
the number of series performances that are averaged (blue square).

Figure 4.2 Representation of the averaging variables to estimate performance

To make sure the results were not obtained only by chance, this step is repeated 35 times
with di"erent series and the results are averaged. The average reliability of all repetitions
is Pnally plotted to visualize the behaviour of the metrics. Thus, the convergence and the
general superiority in terms of correlation and nDCG is observed to conclude on the relative
reliability of the metrics. So even if some observations of the correlation are not formally
signibcant in a statistical sense, we can still conclude on the overall performance of the metric
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compared to the others.

4.4 Results

4.4.1 Data

The data used to test the methodology comes from Logistik Unicorp, a company in charge of
supplying uniforms to the members of organizations such as the Canadian Army, Canadian
Borders, and many other organizations. Several thousand time series were available. Each
one represents the demand for an article of clothing in the uniform of a certain size. The
demand was aggregated to weekly demand to bt with the MRP system and for other planning
purposes. Series with at least two years of demand were kept. That left 23 weeks of horizon
periods to evaluate performance on.

4.4.2 Standard deviation sensitivity

To measure the metricOs sensitivity to the standard deviation of a model, the bias of the
model was set tqu = 0. This leaves only the standard deviation parameter that was studied
through the standard deviation of the distribution, which is equal to . The parameter varied
between 1% and 50% of the in-sample mean.

Figure 4.3 illustrates the global performance of all the metrics values. The dashed line
represents the real standard deviation.msRMSE is close to the real standard deviation
of the model, which is what is expected by theory. This reassures that the scaling method
worked, since the observed trend fomsRMSE is almost perfectly aligned with the real
value.

All metrics show linear growth. Therefore, the slope of each metric can be approximated
with the equation below.

$|_(! ) #L)
|

VI = mean 4.7)

Where vr is the variation rate, L(!) is the performance metric expressed in function of
standard deviationL and! is the variation in standard deviation, which is 5% in this case.

This allows conclusions to be drawn on each metricOs sensitivity to standard deviation in
absence of bias in forecasting models:

Table 4.2 represents the variation rate of metrics in Figure 4.3.
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Figure 4.3 Standard deviation sensitivity of scaled performance metrics in absence of bias

Table 4.2 Average variation rate of performance metrics for a variation in standard deviation
and bxed bias of forecast models

Metric msPIS msAPIS mMASE msRMSE msMAPE
variation rate (vr) 0.01 2.65 0.67 0.96 0.21

What is important to note is the order of magnitude of the variation more than the values
themselves. Indeed, since the values probably vary from one dataset to another and depending
on conditions such as the number of series, the number of forecast horizons, the level of
intermittence of the data, etc. MsRMSE is the closest to the real standard deviation.
MsAP 1S is the most sensitive metric to change in standard deviation, with a variation rate

of an order of magnitude higher than the other. The average ofisP IS is near zero, since

it has a negative value when standard deviation makes the forecast lower than the actual
value. For this reason, it is expected thamsP IS is a good estimator of forecast bias as it is
not a"ected by standard deviation. With this brst result, nsMAPE and mMASE are the
brst and second least sensitive metrics to variation in the standard deviation of forecasting
models.
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4.4.3 Bias sensitivity

Let us evaluate bias sensitivity by bxing the standard deviation of forecasting models to 1%
and then varying the bias from# 50% to +50% of the in-sample mean.

Figure 4.4 Bias sensitivity of scaled performance metrics with 1% standard deviation in
forecast models

Figure 4.4 presents the variation of performance metrics for changes in bias of forecasts. Both
cumulative metrics seem to be more sensitive to biamsRMSE and mMASE are close to
the real bias values as shown by the dashed line. The variation in the values of metrics is also
partly linear. The slope of this linear trend will therefore be estimated in the same way as
standard deviation sensitivity, but with an absolute value to remove the sign from the slope:

VI = mean (4.8)

$ &
L(u+!) # L(W
|

Where L () is the performance metric expressed in function of biasand! , the variation
in bias, which is 5%.

Table 4.3 represents the average variation rate considering a symmetric rate. It brings a slight
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Table 4.3 Average variation rate of performance metrics for a variation in bias and bxed
standard deviation of forecast models

Metric msPIS msAPIS mMMASE msRMSE msMAPE
variation rate (vr) 12.00 11.87 0.80 0.95 0.28

simplibcation to the result in the case omsAPIS and msMAPE . The di"erence in the
calculated rate is noticeable when comparingisAP IS with msP 1S, which does not have
this e"ect around zero since the e"ect of standard deviation on msPIS is null, on average.
(Hyndman and Koehler, 2006) and (Goodwin and Lawton, 1999) noted thanhsMAPE
provides higher penalties to a negative bias than for a positive bias. The di"erence in rates
between the negative and positive bias fomsMAPE is around 0.11. Meaning that the
variation rate is greater by 0.11 when bias is negative, versus when it is positive.

All metrics have the same order of magnitude inr except for cumulative metrics, which are
of two orders of magnitude highermsRMSE is the closest metric to real bias.

4.4.4 Standard deviation-Bias sensitivity
4441 Standard deviation in function of bias

For the Prst measurements of sensitivity, bias and then standard deviation, were bxed to
a minimal value. This contrasts with situations in real life, in which selection of models
probably implies identifying models with di"erent values of bias and standard deviation.
This section will therefore study thevr of performance metrics for a change of both standard
deviation and bias.

Let us brst examine what happens to ther in the standard deviation direction when changing
the bias of the models on Figure 4.5.

Figure 4.5 shows the metricOs value in function of a modelOs standard deviation for di"erent
values of bias. The growth in all is linear, except fomsAP 1S, which has two modes. The
prst mode makesnsAP IS behave likemsPIS. Itis the case until standard deviation reaches

a high enough value so that an increase in standard deviation has an impact on the metrics
value. All other metrics also present two modes, but with the 3at mode being much shorter.
The di"erence between the length of the brst mode is explained by the variation rate of bias,
which is greater formsAP IS than for the other metrics, which have similar variation rates

for both standard deviation and bias.msP IS converges to values close to bias and it is not
a"ected by standard deviation. To represent the impact of bias on the standard deviatiorr,

its variation is plotted for every bias value. To do so, the averager in standard deviation
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direction of the di"erent metrics is taken.

Figure 4.6 Standard deviation variation rate in function of bias

Figure 4.6 presents the variation rate of standard deviation when the bias is changed. It
shows how the variation rate in the direction of standard deviation is inffuenced by a change
in bias. msAPIS is strongly inBuenced by a change in bias and the variation rate in the
standard deviation direction goes to values close to zero for high absolute values of bias.
These results allow one to conclude that the most sensitive metric to standard deviation
would be msRMSE in the presence of high biasmsAPIS is the most sensitive metric to
standard deviation in cases in which the absolute bias is less than 5% of the in-sample mean.
It is also the least stable metric to variation of standard deviation in the presence of high
bias. msMAPE is the least sensitive metric, which has a variation rate close to zero for any
bias value. msP 1S is not a"ected by standard deviation since averaging the di"erent series
errors cancels the negative and positive errors.

4.4.4.2 Bias in function of standard deviation

The same process applied in section 4.4.4.1 can be applied with the bias in function of
standard deviation.
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Figure 4.7 shows the impact of a change in standard deviation on the shape of the metricOs
value in function of bias. Here, the variation rate change around the null bias. This is the
case for all series, but the e"ect is more pronounced fonsAPIS. Indeed, the variation
seems to Ratten and the Rattening seems to increase with the standard deviation. This could
be explained by the fact that a higher standard deviation means a higher metric value. So,
the origin in the case of null bias is higher in the presence of high standard deviation, and a
small increase in the bias is insignibPcant compared to the standard deviation.

Let us evaluate the change in average absolute variation rate of the bias in function of the
standard deviation.

Figure 4.8 Bias variation rate in function of standard deviation

Figure 4.8 presents the variation rate of the bias when the standard deviation is changed.
MSAP IS is the second most sensitive metric aftansP IS, which is constant for all standard
deviation values. All the other ones are close together, withsRM SE slightly more sensitive
than the others andmsMAPE is the least sensitive metric aftemsPIS.

4.4.5 Reliability of the metrics

For every conbguration, reliability has been measured in function of the number of series
averaged performance and the number of forecast horizons. To simplify visualization, only
extreme values of forecast horizons were kegt:= 1 andh = 23. The + and B conbgurations,
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as presented in Table 4.1, were set to be of one order of magnitude di"erent. The di"erent
values used are presented in Table 4.4. In each conbguration, 25 di"erent models were trained
with a di"erence of! ! or! u for their error distribution parameter.

4.4.5.1 Reliability to a change in standard deviation

Three di"erent cases can be distinguished when changing the standard deviation of the
models. The brst case is the one with all the models of the same order of magnitudé sp
and! ! in b or + conbguration. The second is when the bias is of a high magnitude and the
third is when the bias has a small order of magnitude. SineesP IS is invariant to standard
deviation, it was removed from the following Pgures.

445.1.1 Same order of magnitude The bgures 4.9 and 4.10 present SpearmanOs rank
correlation and nDCG in function of the number of series performance averaged. The two
di"erent types of lines present the number of forecast horizons used. The solid line presents
the case in which a single point forecast is evaluated. The dashed line is for cases with 23
forecast horizons.

Figure 4.9 and Figure 4.10 both show the superiority of mMsRMSE in ranking the models in
the correct order. Even though the correlation of mMMASE and msRMSE show that their

rankings are both going in the same direction as the real ranking, nDCG clearly distinguishes
both metrics, with msRMSE converging more quickly to a perfect ranking. SMAPE presents
some interesting properties that will be discussed in section 4.5.

4.45.1.2 High bias This section presents the results for a conbguration with a high (+)
bias.

In this case, Figure 4.12 shows that in the presence of high bias compared to standard devi-
ation, no metric can detect changes in standard deviation no matter how many observations
are used, except fomsRMSE . In both conbgurations,m\sRMSE is the most reliable met-
ric. Results in Figure 4.11 correspond to what was found in section 4.4.4.1 where most metric
sensitivity to standard deviation decreased in the presence of a high bias. The least impacted

Table 4.4 Values of each parameter for all of the di"erent conbgurations

Cases H ! ' .
+ - + - + - + ‘ -
Fixed Bias 2% | 0.1% | 1% | 0.01%| 0.1% | 0.01% 0
Fixed Standard deviation 1% | 0.01%| 2% | 0.1% 0 0.1%\ 0.01%
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Figure 4.9 Spearman Rank correlation and nDCG for{+ + ) conbguration

Figure 4.10 Spearman Rank correlation and nDCG fo## # ) conbguration

metrics by bias weremsRMSE and mMASE . Figure 4.6 also shows thamsRMSE was
slightly more sensitive to standard deviation in presence of a high bias thanMASE . This
trend might increase when increasing the di"erence between the two parameters. This could
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Figure 4.11 Spearman Rank correlation and nDCG for(+ #) conbguration

Figure 4.12 Spearman Rank correlation and nDCG fo#(+ #) conbguration

explain the results of Figure 4.12.

4.45.1.3 Small bias The remaining cases are those in which a bias is in a (-) conbgu-
ration. The Pgures 4.13 and 4.14 show which metric performs better in the quasi-absence of
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bias. While the results are tighter, it is still possible to distinguish slightly more reliable re-
sults from mMASE in the presence of 23 forecast pointsnsRM SE s slightly more reliable
for a single point forecast.

Figure 4.13 Spearman Rank correlation and nDCG for(# +) conbguration

Figure 4.14 Spearman Rank correlation and nDCG for+(# # ) conbguration
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4.4.5.2 Reliability to change in bias

When it comes to detecting change in bias, three cases can be distinguished. The brst one is
conbgurations with high standard deviation and high bias. The second one is high standard
deviation and small bias. The third one is cases with small standard deviation conbgurations.

4.4.5.2.1 High standard deviation and high bias The two cases with high standard
deviation and high bias are presented in the bgures 4.15 and 4.16.

Figure 4.15 Spearman Rank correlation and nDCG for(+ + ) conbguration

As expected, the cumulative metricsmsP 1S and msAPIS were more reliable than the
others in detecting bias. HowevermMASE and msRMSE were both able to reach a
perfect ranking with all the available observations.

4.4.5.2.2 High standard deviation and low bias This conbguration is the only one
for which msP IS was the only metric able to converge to a perfect ranking (see Figure 4.17).

This result conbPrms what was found in section 4.4.4.2, where in the presence of high standard
deviation, the sensitivity of most metrics to bias decreases to nearly zero.

4.4.5.2.3 Small standard deviation The Pnal case where standard deviation is in (-)
conbguration also corroborates with the results in section 4.4.4.2.
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Figure 4.16 Spearman Rank correlation and nDCG for(+ #) conbguration

Figure 4.17 Spearman Rank correlation and nDCG for(## ) conbguration

It has been shown that when standard deviation is small, all metrics have a non-null variation
rate for bias. This is what the bgures 4.18, 4.19 and 4.20 present.

Indeed, no metricOs variation rate for bias is null for small values of standard deviation, but
metrics with the most important sensitivity to bias are not superior to the other metrics.
This result was found in other cases, such as those in section 4.4.5.1.3, in whitdAP IS
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Figure 4.18 Spearman Rank correlation and nDCG fo##(+ + ) conbguration

Figure 4.19 Spearman Rank correlation and nDCG fo#(+ #) conbguration

did not perform as well as expected based on the sensitivity results (Figure 4.6). The next
section will discuss this and will study further results of a single point forecast for a single
series to try to explain themsMAPE results.
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Figure 4.20 Spearman Rank correlation and nDCG fo## # ) conbguration

4.5 Result Analysis

Following the reliability results, one would conclude that sensitivity did not have much impact
on reliability. However, to measure sensitivity, all 23 forecasts horizons were used with all
series. If the sensitivity experiment is rerun with 1, 10 and 100 series instead of thousands,
it is possible to see how the amount of series a"ects sensitivity and reliability (Figure 4.21),
which explains reliability results.

Figure 4.21 Standard deviation sensitivity when averaging results of 1, 10 and 100 series

From the bgure 4.21, the observation is that the cumulative metrics are the most a"ected
by the number of series used to average results. That makes sense with previous reliability
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results, in which the increase in reliability formsAP 1S could only be observed for a high
number of averaged series performances. To further study the resultsro6MAPE for a
single series and a point forecast, the level of intermittence allowed in the horizon periods
varied to see whether the proportion of zeros in the horizon periods impact the reliability of
MsMAP E . Figure 4.22 shows the reliability of all metrics when the allowable proportion of
zeros is less than a threshold. So, when the proportion of 0 allowed in a series is 0, it means
that only the series with no zero demand within their horizon periods were kept. On the
other hand, if the proportion of 0 demand allowed is 1, it means all series were kept. The
average results of all the single series respecting the threshold are represented in the bgure
4.22.

Figure 4.22 Reliability of series in function of the level of intermittence

There seems to be a relationship between the reliability oisMAP E for a single time series
point forecast and the level of intermittence in the series. This is probably caused by the
fact that near zero demandnsMAP E can explode to inPnity, making its sensitivity to small
errors greater. Finally, Table 4.5 summarizes the results of section 4.4.5.

In the case of a single time series point forecast, the conclusions in Table 4.5 only hold in the
presence of a series with a high level of intermittent demand. Other results show that the best
performance metrics aransP IS to detect bias andmsRMSE to detect standard deviation.
So, to detect both the bias and the standard deviation, one must Prst select models of the
same order of magnitude according to the absolute value ofsP1S. This ensures to keep
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Table 4.5 Best choice of metric for di"erent cases based on the reliability results

Number of series
. 1 <1000 >1000
Point forecast . , .
sigma mu sigma mu sigma mu
Single MSMAPE | msMAPE | msRMSE | msPIS | mMMASE/msRMSE | msPIS
Multiple MSRMSE | msPIS | msRMSE | msPIS MsSRMSE msPIS

the models of minimal bias without consideration to standard deviation. Next, the selected
models need to be ranked according tmsRMSE . This strategy ensures that the models of
minimal bias are kept, and then ranked according to their standard deviation.

4.6 Conclusion

The goal of this paper was to present a new methodology to assess the precision and reliability
of performance metrics. Fictitious forecasting models were debPned as the addition of a noise
of a known distribution to the actual values of the series. Given that the error distribution

of the models was known, it was possible to estimate the sensitivity of metrics to changes
in bias and standard deviation of the Pctitious models. It was also possible to rank the
models based on their error distribution, allowing the reliability of performance metrics to be
studied in di"erent cases. It is to the best of our knowledge a Prst attempt at quantifying the
sensitivity of performance metrics. Sensitivity is highly inBuenced by the number of points
used to average the performance. Results have shown that, with thousands of points for
the average,msAP|S was the most sensitive metric in most cases, followed lysRMSE

and mMMASE , while the least sensitive metric wasnsMAPE . This result contrasts with
previous beliefs thatMASE should be preferred because of its mathematical properties.
The reliability results showed that, in most casesmsRMSE was the most reliable metric,
followed by MMASE . The exception is for cases where the modelsO di"erences were due to
a change in bias. In those cases, cumulative metrics likesP IS and msAPIS were more
reliable. A surprising result was the ability ofmsMAPE to rank single point forecasting
models for a single time series with much more reliability than the other metrics. This result

is related to the level of intermittence of the time series. Removing intermittent time series
with a high proportion of zeros from the dataset brings the reliability omsMAPE closer to
other metricsO reliability.

Thus, the results 0"er a new perspective on performance metrics, where the proposed method-
ology has allowed to bPgure some metrics were more reliable to changes in bias or in variance.
Therefore, we propose a strategy to select the best forecasting model by prst selecting mod-
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els with the same order of magnitude of the absolute value ofsPIS and then ranking the
selected models based ansRMSE .

Future work could study nDCG with relevance in function of both bias and standard deviation
to verify how much more reliable selection techniques are when using this last strategy in
comparison to mean rank methods.
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CHAPITRE 5 ARTICLE 2: MULTIPLE FORECASTING MODELS
SELECTION IN THE CONTEXT OF INVENTORY MANAGEMENT

St-Aubin, P., Agard, B.

Abstract - Forecast accuracy does not necessarily lead to better inventory performance.
Therefore, it becomes important to evaluate forecasting models under the conditions they
will be used. This paper presents a multi-forecasting models selection methodology in an in-
ventory management context. This is done through a data-driven simulation to evaluate the
performances of dilerent forecasting models given a bxed inventory policy. We also propose
new multiple forecasting models selection techniques and evaluate the lift in inventory per-
formance induced by the selection of forecasting models based on simulation results versus
traditional accuracy metrics. The lift induced by the selection of multiple models compared to
the selection of a single model is also evaluated.

Keywords: Model Selection, Forecasting, Simulation, Inventory management, Inventory con-
trol

5.1 Introduction

The driving factor that has led research on demand forecasting so far has been the develop-
ment of more accurate Forecasting Models (FM). However, this factor does not always seem
to improve inventory management performance. Indeed, many research papers have reached
di"erent conclusions about the impact of improving forecasting accuracy on inventory per-
formance (Teunter and Duncan, 2009), (Sanders and Graman, 2009). For this reason, before
selecting a FM, it is important to test it under the conditions it will be used and to evaluate

it compared to the decision variables it impacts.

We propose a simulation method based on historical data to evaluate FM according to their
inventory performance. Additionally, this method makes it possible to assess the relevance
of using several FM, either by items, by periods, or both.

Until now, work on the selection of models has not explored the possibility of keeping several
FM depending on their contextual performance. To this end, we also suggest three new multi-
model selection methods that are validated by cross-validation. The impact of simulating
performance as well as selecting multiple models is explored through 3 experiments. These
experiments make it possible to estimate the lift induced by the simulation of inventory
performance, then by the selection of multiple models.
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The next sections present, in order, previous and related work 5.2, the simulation and selec-
tion process methodology 5.3, the experiments 5.4 and the results 5.5.

5.2 Previous Work

The idea of measuring forecast performances based on decision variables directly started with
Gardner (1990). He used trade-o0" curves to characterize forecasting techniques in terms of
delay of service and inventory investment. His results showed forecasts had a great impact
on investment and service. Later, (Sanders and Graman, 2009) and (Syntetos et al., 2010a)
tried to quantify the relation between accuracy performance and cost. They both found
that improving the accuracy reduced the costs. Sanders and Graman (2009) noted in their
experiment that errorOs standard deviation is linearly correlated to the cost but that over a
certain threshold bias seemed to have an exponential impact on cost. Syntetos et al. (2010a)
used empirical results gathered from a simulation based on historical data to show that a
reduction of 1% in MAPE or sSMAPE could result in a reduction of 15%-20% of stock and
increase cycle service level and bll rate by 1%. However, those results were obtained on items
with smooth and continuous demand. According to other Pndings, those relations between
accuracy and inventory performance do not always hold in an intermittent demand context.

Teunter and Duncan (2009) showed in an intermittent demand context that forecasting zeros
only can result in a lower RMSE and MAD than other forecasting methods including Cros-
tonOs method and SBA. To overcome this challenge, they simulated the forecasting method
to drive an order-up-to level (T,S) policy. Their results showed the CrostonOs based method
and bootstrap method are superior when measured on inventory performance, i.e., service
and stock level indicators. It showed that optimizing accuracy metrics does not necessary
lead to lower costs or improved service.

Even though Hyndman and Koehler (2006) have solved the problem of measuring forecast
accuracy in intermittent demand context, other authors have used simulation to assess inven-
tory performance of forecasting methods. For example, Syntetos et al. (2010b), Kourentzes
(2013), Van Wingerden et al. (2014), and Solis (2015) each assessed the performance of FM
by simulating service and stock performance given an Inventory Performance (IP). Follow-
ing the same idea, Babai et al. (2012) and do Rego and de Mesquita (2015) both studied
the impact of temporal aggregation on inventory performance. Similarly and (Barrow and
Kourentzes, 2016), studied the impact of forecast combinations on safety stock. Babai et al.
(2009), compared the performance of a dynamic versus static reorder point policy. They
showed their results were highly sensitive to the forecasts performances. This conbrms the
need to test FM in comparison to the decision variables it impacts.
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More recently, Kourentzes et al. (2019) proposed a simulation optimization approach to
optimize forecasting modelOs parameters directly based on a cost function derived from cycle
service level. His results showed that models optimized on MSE were more accurate but a
modelOs bias was minimal when the FM was optimized on the cost function. They also alrm
that model selection and combination remains an open question and suggest similar methods
could be used to explore possible solutions. This is what is done in this paper. We propose
a simulation framework to select multiple models based on di"erent selection methods and
di"erent cost functions.

So far the work done on this subject provides evidence that selecting a model for each indi-
vidual time series is benebcial under smooth demand conditions (Tashman and Kruk, 1996),
(Hyndman et al., 2002). However, this conclusion does not seem to hold under intermittent
demand conditions. Kourentzes (2014) showed single selection provided slightly more accu-
rate results than multi-selection. Since results according to smooth demand and intermittent
demand do not agree, it would be of interest to study the impact of multi-selection in the
presence of both intermittent and smooth demand. Moreover, the impact of multi-selection
has not been studied according to inventory performance.

Most previous work focuses on either smooth demand or intermittent demand. The dataset

in this paper, however, is composed of both intermittent and smooth demand with some

series presenting seasonality. It is especially interesting to test for multiple forecasting model
selection in this case as some FM are specibcally designed for intermittent demand while
others perform better in presence of seasonality and smooth demand.

The next section explains the details of the methodology we propose to simulate inventory
management and the model selection process.

5.3 Methodology

This section presents the proposed methodology to select a FM in an inventory control
context. The idea is to simulate, from historical data, the performance of a set of FM given
a selected IP. Then, we use Cross-Validation (CV) to validate the performance of dynamic
or hybrid conbgurations using multiple di"erent FM on di"erent items, di"erent periods, or
both.

To apply the methodology, one requires the historical data on each item to forecast and the
lead time of each item to reconstruct the events. To initialize the simulation one needs to
debne parameters to partition the data: the initial date for the simulation 1), the actual
date which is increased at every time step and is initialized &g (t), the last date of the
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simulation (t,), and the last date of the validation set ). Figure 5.2 presents a visualization
of the parameters. Another parameter to be set is the initial stock for each item. To consider
the di"erent scale of demand for each item, the initial stock is considered as a proportiof) (
of the safety stock §s).

Figure 5.1 presents a Bow chart of the simulation. Its components as well as the parameters
of the simulation are described in the following subsections.

Figure 5.1 Simulation Row chart

5.3.1 Data Partition

The data partition is done dynamically following the parametet. This parameter represents
the actual period ending the training set. The partitioning is done in three sets as presented
in Pgure 5.2.

The training set is used to calibrate the FM. It is changed every iteration with the increment
of t. However, note that the minimum value fort is ty which sets the minimum number of
periods to be used in the training set.

The test set begins at period and ends at periodt,. It is used to evaluate the performances
of the FM in an inventory management context. The validation set starts at period = t,
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Figure 5.2 Data Patrtition

to the end of the last periodT used for the simulation. It is used to conbPrm the generality
of the performance of the selected FM. For example, a combination of di"erent FM could
yield better inventory performance than the selection of a single one. Therefore, the selection
of a combination or a sequence of FM acts as the selection of a parameter in a model. To
conbrm that the improved results obtained with a given model conbguration are not due to
overbtting the test set, the performance of the conbguration should also yield better results
on the validation set.

5.3.2 Forecast Demand

Once the data partition is done, the parameters of the chosen FM for the simulation are
selected to minimize either the Akaike Information Criterion (AIC), if available, or the Mean
Squared Error (MSE) in-sample (on the training set). For every new period), the parame-
ters of the models are reevaluated as Syntetos et al. (2010b) and Babai et al. (2009) showed
it improved results compared to static parameters.

5.3.3 Forecast Accuracy
The accuracy of the forecasts is measured using the MSE. They are later used to calculate
the IP parameters. The MSE is estimated in-sample (on the training set).

5.3.4 Calculate Inventory Policy Parameters

Many di"erent methods can be used to calculate IP parameters. In this paper, the IP is bxed
as a(s, Q) policy and the reorder point is evaluated by:

t+bf +R '
s= F+"'"Y(TSL) MSE,&LT + R) (5.1)

i=t
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The brst part of the equation ;) is the forecasted demand for period. The second part
of the equation represents the safety stocks§) where " is the cumulative distribution of

a normal distribution in-sample at periodt,. TSL is the Target Service Level MSE; is
the in-sample Mean Square Error evaluated with data fromiy to t, LT is the Lead-Time,
and R is the number of periods covered by an order. This safety stock calculation method
follows the normal approximation as presented in (AxsSter, 2006). Note that given the actual
simulation framework, di"erent calculation methods could be used to estimate the best set
of parameters. The order quantity Q) depends on the stock level and the forecasted values.
Its formulation is explained in the following section.

5.3.5 Inventory simulation

The inventory simulation uses the real demand data from period to T with the correspond-
ing forecasted demand values of the di"erent FM to rebuild, according to the IP, the stock
levels and the sequence of orders and deliveries.

To begin, the stock levels at, (I,) are initialized as a proportion of the safety stock £s):
I, = ( &ss. Where ( is the proportion parameter of the safety stoclss.

Then, the inventory level (;) at the end of the period is obtained by:
It= It!l+ Lt# Yt (52)

Where L, is the quantity to receive on periodt, and Y; the demand during the period.

Let us debne the inventory level with the opened orders (orders passed but not yet delivered)
|
aslO; = I+ [Li(Q # L;) The order quantity Q is given by :
(
)

0, if IO >s
Qu=1 ! hirer t (5.3)

=teLT F; + s# 10y, otherwise.
Where F; is the demand forecast for period j.

Since the opened orders are taken into account for the reorder decision, several Purchase
Orders with di"erent due dates can be opened in simultaneously, therefore allowiRgto be
smaller than LT . Negative stock can also occur. That would translate as back orders.

Finally, the deliveries are set as a time lag dD; by LT periods.

Livir = Q¢ (5.4)
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5.3.6 Inventory performance

The inventory performance of the FM at each period is based on the cost functiah It
evaluates the cost of the Realized Service Lev&®$L) for the item i at periodt. The cost
function is debned as follows:

Ziy = Qip &G, + |y # TSLAY; |4

e’ o " 69
‘7 1# sgn(liy # TSLAY;,) + 7 1+sgn(liy # TSLaY;)

+

Where Qi lis, Yit, G, ¢° and c}° are the ordered quantity, inventory level, the demand,
the itemOs cost, the back order, and over stock costs for itemt period t respectively. T SL
represents the Target Service Level. In this case, the inventory level can be negative as back
orders are allowed.

Note that the cost function can still be used in absence of information about cost by attribut-
ing a cost of 0 or 1 to the items and of 1 to both back order and over stock costs. In that
case, the cost function would simplify to the brst term of Z. Di"erent penalties to positive
or negative errors can also be applied by increasing one of the costs compared to the other.

Once the performance for the period is evaluated, the peridds increased and the algorithm
checks ift has reached, which would stop the simulation and begin the model selection and
cross-validation of the selection.

5.3.7 Model selection

Di"erent selection methods can be applied and compared on the validation set. With our
methodology, the selection methods are based on the inventory performance cost function
debned above. Observing it with di"erent levels of aggregation could lead to better global
inventory performance by combining multiple FM either at di"erent periods or for di"erent
items. We use the term model conbguration to designate such a combination or sequence of
models.

Single Model Sum Selection (SMSS)  Selects a single FM based on the total sum of
costs over all items from =1 to N and all periods fromt, to T : min ! iNzl ' sz t, Zij -
This way, the model that yields the lowest cost over all items and all periods gets
selected. Note that the aggregation operation is changed for the average when used
with classical accuracy metrics.
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Single Model Ranked Selection (SMRS) Selects a single FM. It takes the sum of
the cost over all periods. For all items, the models are ranked according to their cost.
The FM with the minimum average rank over all items and periods is chosen. This
method accords the same weight to all items and therefore should yield betteSL
on the global evaluation with physical inventory.

Multi Model Item Selection (MMIS) Selects di"erent FM for di"erent items or groups
of items by taking the sum of costs over all periods. For each item or group of items,
the FM that yields minimum costs over all periods is selected.

Multi Model Period Selection (MMPS) Selects di"erent FM at di"erent periods.
The idea is similar to the previous one, where the sum of costs over all items for all
periods or aggregation of periods is taken. The minimum cost models for each period
or aggregation of periods are selected.

Multi Model Item Period Selection (MMIPS) This method combines the last two
methods. It selects models for di"erent items or groups of items and di"erent periods
or aggregation of periods. To do so, the minimum cost models over the periods or
aggregation of periods for each item or group of items are selected. This method can
result in the selection of di"erent sequences of models for each item.

Multi-model selection can be useful if di"erent items to forecast present di"erent characteris-
tics such as intermittent demand or seasonality. However, such a detailed selection of models
could lead to overbtting the test set used for the simulation. This is why cross-validation is
required to conbPrm the generality of the selection on an independent dataset.

5.3.8 Cross-validation

After applying several selection methods, a dePnitive model conbguration is chosen according
to the global performances on the validation set. This is done to avoid the selection of
models conbguration that overbts the test set. The conbguration with the best results on the
validation set should yield the best results on future observations as the application of train
test cross-validation (Hyndman, 2014) proves this conbguration performs well out-of-sample.

The Pnal global evaluation to compare the di"erent FM conbgurations selected is done ac-
cording to three metrics:

The Total Cost : TC = | N | sztV Z;; . It sums the costs over all items and periods.
One drawback of this metric is that it weighs high demand and expensive items more
than low demand item. Thus, it could mask a poor service level performance for
certain groups of products with low demand.
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The Stock Ordered : SO= I, sztv Qij . It represents the total quantity of stock
ordered.
___ | |
The average Client Service Level : CSL= & [ [, min(1,Pli/Yi). ltrep-

resents the realized service level from the point of view of a client. This implies the
CSL is between zero and one.

The next section presents an experiment following this methodology to conbrm its validity
and to compare its results to classical FM selection based on accuracy metrics.

5.4 Experiment

Figure 5.3 Experiment 1. Multi-Model Selection

To test this methodology, we built an experiment using snaive, arima with seasonal compo-
nent if necessary (Hyndman and Athanasopoulos, 2018), theta (Assimakopoulos and Nikolopou-
los, 2000), SBA (Syntetos and Boylan, 2005) and TSB (Teunter et al., 2011) as FM.

Figure 5.3 presents the Experiment 1 setup where brst, all FM are simulated with the IP and
the calculation method of its parameters on the test set. The range of the ord@ris set equal

to the lead time plus one period T + 1) as it is common in literature. With the results

of each iteration of the simulation, di"erent performance metrics are calculated. Then, a
model selection method is applied according to each metric. This results in the selection of
20 models conbgurations. Those conbgurations are then used to simulate the validation set.
The global performances of all conpgurations are then compared to make a conclusion on the
elciency of the methodology.

The experiment uses data from a company that supplies uniforms for several di"erent orga-
nizations. It contains over 10 000 items to supply. The data contains the demand for each
item from 2012 to 2019. The Pbrst two years of data are kept for the training 4g is set to
the brst date of 2014. The last complete year of data is kept for the validation set, §pis
set to the prst date of 2018.
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The initial stock is set equal to the reorder point, meanind = 1 for each item. In the
absence of information about the costs;' is set to 1, ¢S is set to 0.05, andc®® to 0.5

for all items. For the multi-model selection methods, individual items are the aggregation
considered for the items multiple selection and a 3 months period aggregation is chosen for
the period aggregation.

The accuracy metrics selected are presented in detail in (Hyndman and Koehler, 2006),
(Petropoulos and Kourentzes, 2015) and (Kourentzes, 2014) for MASE, sRMSE and sAPIS
respectively.

The next section describes the benchmarks and the contribution of the experiments.

5.4.1 Benchmarks and contribution

This experiment serves two purposes:
1. To conbrm the validity of the methodology
2. To estimate the lift induced by:
2.1 The selection of FM based on inventory performance

2.2 The selection of multiple FM through the application of new proposed methodology
on the selection process

To evaluate these points, two other experiments are carried out. Their details are explained
in the following subsections.

5.4.1.1 Conbrm the validity of the methodology

To conbrm the validity of the methodology, a second experiment is run: Experiment 2.

It follows a classical accuracy metric selection method in which a single model is selected
according to the SMSS and SMRS, which are a common selection processes in literature
(Makridakis and Hibon, 2000).

Figure 5.4 presents the characteristics of Experiment 2. It presents a classical train-test
evaluation, where the whole train and test sets are used to train the FM, and the validation
set is used to select the most accurate model. The global performance of the most accurate
model is then calculated. This last result is used as a benchmark to conbrm the validity of
the methodology and to evaluate the lifts in 2.1 and 2.2.

If the global performance obtained in Experiment 1 is similar or better than the global
performance in Experiment 2, then the methodology is considered valid to select FM.
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Figure 5.4 Experiment 2: Classical Accuracy Selection

5.4.1.2 Estimate Performance Lift

Figure 5.5 Experiment 3: Classical Simulation Selection

The lift induced by the simulation of the inventory performance is evaluated based on the
results of the Experiment 3 presented in Pgure 5.5. In this experiment, again, the selection is
made directly on the validation set. The lift is evaluated in two ways. First by comparing the
results from the selection based on the cost function in Experiment 3 to those from accuracy
metrics in Experiment 2. Second by comparing the global performance of the selection in
Experiment 2 to the model with the best global performance.

Finally, point 2.2 is estimated by comparing the global results from Experiment 1 obtained

with accuracy metrics to those of Experiment 2. The results from Experiment 1 obtained

from the inventory based cost function are compared to those of Experiment 3. Thus, the
lift caused by the multi-model selection methodology can be evaluated independently from
the performance metric used.

The results of the three experiments are presented, compared and discussed in the following
section.
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Table 5.1 Experiment 2: SMSS and SMRS results

SMSS SMRS

model | MASE SRMSE sAPIS MASE sRMSE sAPIS
SBA 1.044 11.546  73.400| 2.330 2.224 1.012
TSB 1.071 11.686 47.517 2.916 2.157 2.048
arima | 1.348 36.554 46.091 | 3.378 3.363 3.100
snaive | 1.096 12.530 49.357 3.521 4.519 3.961
theta 1.074 13.179  48.908 2.855 2.737 4.879

5.5 Results
The results of the classical accuracy metrics for single selection methods are presented in
table 5.1. The results indicate that SBA seems to be the most accurate model as it has the

best performance for most metrics in both SMSS and SMRS.

Table 5.2 Experiment 3: SMSS results

model TC 4

SBA 5.415
TSB 5.434
arima  5.847
snaive 6.028
theta 6.089

Table 5.2 presents the total cost of Experiment 3. Again, with the cost function, SBA is the
model that minimizes the overall costs. To summarize, all of the single selection methods
have selected SBA except in the case of SMRS selection with the SRMSE metric, where TSB
is selected. Thus, SBA is considered the model selected in both experiments 2 and 3.

Table 5.3 compares the global performances of all conbgurations. In this case, the results are
a little more spread across the global metrics space.

To better represent the results, we plot the results according to the stock ordered and the

average CSL on bgure 5.6. We decided to plot according to the level of Stock Ordered and
average Client Service Level since in this case, the cost information was not obtained from
real data but instead set to minimize its impact. The penalties were set to respect the 10%

ratio of overstock cost over backorder cost that Babai et al. (2009) and Syntetos et al. (2010b)

seem to bnd realistic.



Table 5.3 Conbgurations global performance

Selection model CSL SO &40° TC 4 mRank
SBA 94.7 2.555 5.415 12.833
TSB 94.9 2.562 5.434 13.000
Single arima 98.0 2545 5.847 9.667
snaive 97.9 2.495 6.028 8.667
theta 96.4 2.650 6.089 12.667
cost 97.5 2.445 5.730 6.000
MMPS MASE 94.6 2.508 5.337 9.667
SRMSE 94.8 2.510 5.348 9.667
SAPIS 94.6 2.508 5.337 9.667
cost 95.5 2.469 5.065 4.000
MMIS MASE 95.3 2.447 5.341 5.667
sRMSE 954 2.493 5.359 7.667
SAPIS 94.6 2.548 5.402 12.667
cost 96.1 2.478 5.192 4.333
MMIPS MASE 96.3 2.473 5.438 7.333
sRMSE 95.9 2.489 5.425 8.000
SAPIS 94.7 2.535 5.407 11.500

Figure 5.6 All Conbgurations level of SO compared to the average CSL
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One can see on bgure 5.6 a clear increase in performance when selecting multiple models over
a single one. However, multiple model selections based on sAPIS accuracy metric seem to
perform less well compared to the selections using other metrics. This is the same for the
MMPS selection where the selection based on accuracy yielded CSL slightly under the target
of 95%. However, it could be explained by a poor choice of period aggregation.

5.5.1 Simulation versus Accuracy selection

As presented in table 5.1, single model selection based on accuracy selection would have
selected the SBA forecasting method. Now, if we measure the lift of each conbguration
according to the performance of SBA, we obtain the results presented in table 5.4. The last
column of table 5.4 represents the mean lift of all the other columns. Since experiments 2
and 3 selected SBA, it appears the simulation could not improve the selection.

Table 5.4 Mean lift according to selection method

Selection model CSL (lift) SO (lift) TC (lift) mean (lift)

SBA 1 1 1 1
TSB 0.998 1.003 1.004 1.002
Single arima 0.966 0.996 1.080 1.014
snaive 0.967 0.977 1.113 1.019
theta 0.982 1.037 1.124 1.048
cost 0.971 0.957 1.058 0.995
MMPS MASE 1.001 0.982 0.986 0.990
SRMSE 0.999 0.983 0.988 0.990
SAPIS 1.001 0.982 0.986 0.990
cost 0.992 0.967 0.935 0.965
MMIS MASE 0.994 0.958 0.986 0.979
SRMSE 0.993 0.976 0.990 0.986
SAPIS 1.001 0.997 0.998 0.999
cost 0.985 0.970 0.959 0.971
MMIPS MASE 0.983 0.968 1.004 0.985
sRMSE 0.987 0.974 1.002 0.988
SAPIS 1.000 0.992 0.999 0.997

Despite the strong case for this selection, the Total Cost (TC) does not represent the real costs
encountered by the company and SBA was not exactly on the target service level. Therefore,
one can consider the simulation has allowed the detection of an increase of a little more than
3% on the CSL and a reduction in SO of 2.3% if the snaive model is selected instead of
SBA. Additionally, considering the mean rank (mRank) on global performance, snaive and
arima both outperform SBA. Based on those factors, one could argue the induced lift by
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the simulation is between 0% to 2.8% if taking the average lift over the global performance
metrics.

5.5.2 Multi versus single selection

The lift induced by multiple model selection is on average if we take the mean lift on all
metrics for all multi-models of 1.4%, with an average increase in CSL of 0.8%, an average
reduction in SO of 2.5% and an average reduction in cost of 0.9%. Considering the multi-
model selected is the one with the minimum average rank (mRank) on the global performance
metric (see table 5.3), the MMIS.cost conbguration would be selected. So for the best-case
scenario, the lift induced by multiple selection is of 3.5%. With an increase in CSL of 0.8%,
a reduction in SO of 3.3% and a reduction in cost of 6.5%.

5.5.3 Impact of cost on lift

Figure 5.7 Distribution of item costs

The results presented so far were obtained without considering real cost of itemhs Let us

introduce a more realistic cost by drawing' from the exponential distribution presented in
Pgure 5.7. Let us set®S to 0.5 and cB° to 5 for each period for each unit in back order.
That respects the‘cf—cf = 10% used in (Babai et al., 2009) and (Syntetos et al., 2010b).

Again, even with the change in costs, the single selection does not change and SBA is still
the selected model except for the SMRS based on SRMSE conbguration where again, TSB is
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selected. This is logic for the accuracy based selection since changing the cost of the items
does not change the accuracy of the FM nor the decisions.

Table 5.5 ConbgurationsO global performance with realistic costs

Selection model CSL SO 40 TC 4 mRank
SBA 94.7 2.555 129.4 13.500
TSB 94.9 2.562 130.0 13.833
Single arima 98.0 2.545 134.6 10.166
snaive 97.9 2.495 134.2 8.000
theta 96.4  2.650 137.3 13.000
cost 98.0 2.556 120.8 9.500
MASE 94.6 2.524 113.5 9.333

MMPS SsRMSE 94.9 2.534 113.9 9.500
SAPIS 94.6 2.524 113.5 9.333
cost 95.4 2.457 109.5 3.833
MMIS MASE 95.3 2.446 112.2 4.333
SsRMSE 954  2.493 114.2 7.167
SAPIS 94.6 2.544 114.4 12.667
cost 96.5 2.514 114.2 4.333
MMIPS MASE 96.3 2.475 113.8 7.333

SRMSE 95.9 2.483 114.7 8.000
SAPIS  94.7 2.530 114.0 11.500

Inspecting table 5.5, one can observe that SBA still outperforms the other single FM conbg-
urations in term of SO and TC.

One can also observe from bgure 5.8 that when considering realistic costs, the impact of
multi-selection appears even more important.

Considering again with realistic costs the lift induced by simulation (see table 5.6 for results),
one would bnd that it seems to have between no impact and around 3% lift if the decider only
takes into consideration CSL and SO which are the only real measures of impact. Otherwise,
one can consider the classical accuracy selection have selected the FM of minimal cost.

For multi-model selection, considering realistic costs makes the average lift of selecting mul-
tiple models on TC go from 0.9% to 15.3%. Which is a signibcant savings for a company.
Recomputing the average lift induced by multiple selection compared to single model selec-
tion, we obtain a 4.9% average lift on all global performance metrics with a maximum of
6.6% lift for the best conbguration: MMIS.cost.
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Figure 5.8 All Conbgurations TC compared to the average CSL with realistic costs

Table 5.6 Mean lift according to selection method with realistic costs

Selection model

CSL (Iifty SO (lift) TC (lift) mean (lift)

SBA 1 1 1 1
TSB 0.998 1.003 1.005 1.002
Single arima 0.966 0.996 1.041 1.001
shaive 0.967 0.977 1.038 0.994
theta 0.982 1.037 1.061 1.027
cost 0.966 1.001 0.934 0.967
MMPS MASE 1.001 0.988 0.877 0.955
SRMSE 0.998 0.982 0.881 0.957
SAPIS 1.001 0.988 0.877 0.955
cost 0.993 0.962 0.847 0.934
MMIS MASE 0.994 0.958 0.867 0.940
SRMSE 0.993 0.976 0.883 0.951
SAPIS 1.001 0.996 0.884 0.960
cost 0.981 0.984 0.883 0.949
MMIPS MASE 0.983 0.969 0.880 0.944
sRMSE 0.987 0.972 0.887 0.949
SAPIS 1.000 0.990 0.881 0.957
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5.6 Conclusion

This paper proposed a methodology to select multiple forecasting models in an inventory
management context. To do so, a simulation framework was proposed to measure inventory
performance of di"erent FM according to an IP. The framework allows for dynamic changes
in both the FM and the IP for each item and periods. Using the proposed simulation
framework, we have tested di"erent selection methodologies. Among them, new multiple
FM selections have been tested to estimate the impact in terms of lift of: 1. simulating the
inventory performance of a single FM and 2. multiple selection. The results were validated
by cross-validation on an independent set.

Based on service level, stock ordered, and total cost, the selection driven by simulation could
not improve the results, as the most accurate FM was also the model of minimum cost.
However, simulation could reveal other prospective models for selection, which required less
stock (2% less) and exceeded the target CSL (4% increase). Otherwise, the impact of the
simulation was minimal, since it selected the same model as classical accuracy metrics.

On the other hand, multi-model selection results showed a clear impact when allowing the
FM selection to be made for each individual item (MMIS). Selecting the best FM at the item
level increased the Service Level (7% increase), reduced the number of units ordered (4%
reduction), and reduced the costs (15% reduction) if it was based on either the cost-based
cost function or MASE. Indeed, the improvements were not as clear when selecting models
based on sSRMSE or sAPIS.

Based on the results, the cost of developing the simulator and the extra wait for the re-
sults might not bring signibcant improvements to the performances compared to classical
or multiple model selection based on MASE. Nevertheless, the simulation remains useful to
translate performance into cost and service units. To summarize, the results showed that
a selection based on cost is more reliable than based on accuracy. Multiple selection also
shown to improve results compared to single selection.

Since the goal of any organization should be to reduce their operationsO costs while maintain-
ing good service, it would be interesting to test if optimizing the IP given the FM can lead

to greater impact on service and costs than an improvement of FM accuracy given the IP as
we tested in this paper. That would be a step towards optimizing the FM and IP together.
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CHAPITRE 6  ARTICLE 3: AN IMITATION LEARNING APPROACH TO
INVENTORY MANAGEMENT

St-Aubin, P., Agard, B.

Abstract - In many cases in inventory management, it may be possible to know what would
have been the best inventory management decision given historical events. In this context,
most previous works have focused on optimizing a predebned Inventory Policy (IP) to de-
termine reorder decisions. Instead, in this paper, we propose to learn a dynamic reorder
policy using Imitation Learning (IL), which is an approach used to convert an optimization
problem into a supervised machine learning problem when optimal or near optimal solutions
are known. The derived IL-based policy is compared to a static (s,Q) and a dynamsg, Q)
reorder policy. The policies were implemented and fed using four dilerent forecasting models
(seasonal arima, sha, snaive, theta). Our results showed that the most accurate Forecasting
Models (FM) did not yield the best inventory performance and that using an IL-based policy
could improve the inventory performance by almost 30% compared to the static (s,Q) policy.

Keywords: Imitation learning, Inventory management, Inventory control, Machine learning,
Dynamic inventory policy

6.1 Introduction

The performance of an inventory management system relies heavily on demand forecasts
(Prak and Teunter, 2019). Therefore, changes in the Forecasting Model (FM) or in the
performance of the FM can require that the Inventory Policy (IP) parameters be recalibrated
to optimize inventory performance. Recalibrating the IP to the FM changes can be time
consuming and complicated. One way to mitigate this is to use a policy that can adapt to
changes in the performance of a FM. A technology that can add such information to adapt
its prediction is Machine Learning (ML). Indeed, a ML model could be trained to learn the
impact of changes in the performance of a FM and thus allow the IP to adapt its decision.
However, the methodology to learn an IP using ML is not evident.

In this paper, we propose to use Imitation Learning (IL), an approach to transform control
problems into supervised learning problems that can be solved with ML (Hussein et al., 2017).
In the present case, IL is used to learn an IP depending on the state of the inventory and
other factors. The methodology is tested with real data and the performance of the learned
policy is compared to that of a static (s,Q) and a dynamicg, Q) policy with its parameters
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updated every period as this was shown to reduce inventory costs (Babai et al., 2009). The
idea is to develop a dynamic IP that does not need to have its parameters adjusted whenever
a change in the FM or in the performance of the FM occurs.

The following sections present actual approaches to solve the problem (section 6.2), the
proposed methodology to approach an inventory management problem as an IL problem
(section 6.3), the details of the conducted experiment (section 6.4) and our results (section
6.5).

6.2 Previous works

The problem of managing inventory has mainly been approached by selecting an IP and
trying to optimize its parameters to minimize costs or stock levels while maintaining an
acceptable service level. Di"erent heuristics to select the parameters were proposed for
(s,S) and (T,s,S) policies. Among the most known are NaddorOs heuristic (Naddor, 1975),
the Power approximation (Ehrhardt, 1979) and the Normal approximation (Wagner, 1970).
However, no signibpcant di"erences in performance were observed in an empirical comparison
(Sani and Kingsman, 1997). Another empirical study Babai et al. (2010) found that the
Normal approximation yielded the best results in terms of backlog/inventory holding. For the
reorder point policy (r,Q), the Silver-Meal (Silver, 1973) or the EOQ (Wilson, 1934) heuristics
can be used to calculate the order quantit@) and an hypothesis on the demand distribution
can be made to determine the reorder point (AxsSter, 2006). While these heuristics make
approximations about the properties of the demand distribution, the costs, or the forecast
error to derive expression of the parameters in function of the forecast error/demand variance
(Syntetos et al., 2014) (Syntetos et al., 2010b), others such as Mohammaditabar et al. (2012)
use meta heuristics or mixed integer linear programming (MILP) as Movahed and Zhang
(2015) to determine when and how much to order.

So far, few studies present the impact of dynamic calculations of the parameters of an IP
(do Rego and de Mesquita, 2015). Grewal et al. (2015) has shown through simulation that
adapting the reorder point and quantity to seasonality could reduce inventory levels, and
Babai and Dallery (2009) further showed that a dynamic reorder point (r,Q) policy reduced
required inventory levels compared to a static policy. Even though extensive results about the
impact of dynamic policies are not available, many authors believe it should reduce inventory
levels. Among them, Kanet et al. (2010) advised for the use of dynamic parameters in the
presence of varying service level requirements or non stationary demand or lead time. In
most cases when a dynamic policy is proposed, it reevaluates the parameters at a certain
frequency from one of the heuristic methods as in Tiacci and Saetta (2009), Babai et al.
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(2009), and Syntetos et al. (2010Db).

Another way to solve for dynamic policies is to approach the problem from an IL perspective.
The idea of IL is to use demonstrations to train an agent (a learning machine) to perform a
task (Hussein et al., 2017). Thus, if the optimal decision for a given situation (state) is known
afterward from historical data, then one can collect a large set of (state, optimal decision)
pairs to train the agent (a ML model). The model would map a state to its optimal decision
resulting in a dynamic policy that adapts to the actual state. An advantage of IL is that
using simulation to generate the states allows the agent to learn to cope with predictable
changes of the environment or the task. In an inventory management context that means,
the policy can learn the impact of a drift in performance of the FM, a change in the lead
time, etc. Using IL also allows to include metadata such as the date or product group to
learn a policy that considers covariates to improve performance. Things that are dilcult to
do with classical IP.

IL was used in Abbasi et al. (2020) who trained a ML model to reproduce optimal decisions
obtained from solving a stochastic optimization problem on the logistics of sharing a blood
supply among a network of hospitals. The ML model was able to reproduce near optimal
solutions, reducing costs by around 29%. Similarly, Baniwal et al. (2019) could deduce from
the structure of a problem related to predictive picking in a distribution center. IL was then
used to reproduce the optimal policy. This approach performed much better than any other
heuristics.

The following section presents an IL-based approach to model a dynamic IP with ML.

6.3 Methodology

This section presents the methodology to build and evaluate an IL-based IP. The general
idea is to obtain state observations (Inventory level, Forecasts, etc.) note#(x;) through
simulation of a base heuristic (an (s,Q) IP). Then, given the actual demand is known, an
optimal policy pu(x;) can attribute the optimal decisionu, to each state observatior#(x;).
Once enough observations are gathered, a ML model is trained to learn a mapping (an
approximation of the optimal policy noted i) of a state to a decisionu.

All the components of the methodology are presented on bgure 6.1. It presents the historical
demand seriesY) of di"erent items to manage including smooth series B and C and intermit-
tent series A. Demand seriesY() are the only input data required to apply the methodology.
The Pbrst step of the methodology is to partition historical demand in two subsets. The brst,
used to train the policy, includes all available period$ beforet,. Once a policy is learned,
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the second subset, which includes all periodsgreater or equal tot,, is used to validate the
generalization capacity of the policy on unseen data and to compare its performance to other
benchmark policies.

Figure 6.1 Imitation Learning and performance evaluation methodology

The following subsections divide the methodology in two. The brst presents how to learn
the policy applying IL on the training set. The second presents how to validate the IL-based
policy using the validation set.

6.3.1 Learning the Inventory Policy

To train the policy, multiple labeled observations must be gathered. These observations
can be obtained via simulation of a base heuristic. The following subsection describes the
simulation and base heuristic used to gather observations.

6.3.1.1 Simulation

To gather multiple observations involving di"erent statesx; of demand (Y;), inventory (1),
incoming orders ), etc., one can use the historical demand and any IP as the base heuristic
to drive the reorder process and simulate what would have happened given the actual demand
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and the base heuristic. In this paper, an (s,Q) IP is used as base heuristic and the output of
the simulation are observable features of the statéfx;). These are further detailed in the
ML section 6.3.1.3. The simulation work3ow is presented in Pgure 6.2 and detailed in this
subsection.

Figure 6.2 Simulation 3ow chart

First, the initial period t, the inventory |, and the incoming ordersO are set equal to the
initialization parameters (to, 19, Og). Since an (s,Q) policy is used, demand forecasts are
required to determine the right quantity to order.

6.3.1.1.1 Forecast Demand For the simulation, four di"erent FM are used: seasonal
arima (arima), seasonal naive (snaive) (Hyndman and Athanasopoulos, 2018), theta (Assi-
makopoulos and Nikolopoulos, 2000), and SBA (Syntetos and Boylan, 2005). Their param-
eters are selected either to minimize the Akaike Information Criterion (AIC), if a statistical
model is available, or to minimize the in-sample Mean Squared Error (MSE) otherwise. The
FMOs parameters are reevaluated every period and therefore use the data from pério@ to

the actual periodt to forecast demand over the required horizon. Following this, each FMOs
in-sampleMSE at period t is evaluated MSE,) as this is used to calculate the parameters
of the base heuristic.
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6.3.1.1.2 Base Heuristic = The base heuristic can be any classical IP. In this paper, the
chosen IP is an (s,Q) policy. The reorder point is evaluated by:
t+bf +R '
S = F+" 'YTSL) MSE{&(LT + R) (6.1)

j=t

The brst part of the equation represents the estimated demand the inventory should at
all times be able to cover.F; is the forecasted demand for periogl. The second part of
the equation is the safety stock §s). The safety stock approximation follows the Normal
approximation heuristic (Wagner, 1970) as it was shown to perform well in (Babai et al.,
2010) and Sani and Kingsman (1997): is the cumulative normal distribution; TSL is the
Target Service Level (TSL);LT is the Lead Time (LT); and R is the number of periods an
order should cover for.

The order quantity (Q) depends on the stock level, the incoming orders and the demand

forecasts. §
o, ifl{+ O >s
Qu= ! hirer ) t t - (6.2)
izteL7 Fj + se# (I + Oy), otherwise.
|
Where O; = * [L] Q; # L is the incoming orders (orders to be received);, .t = Q is the

reception at periodt+ LT . The receptions are the lagged vector of the orde@ by LT . The
inventory I is updated according to:ly = Iy, 1+ Li # ;.

After the base heuristic updates the inventory levels, some additional random noise can be
added to the inventory levels to increase the probability of spanning all possible states.

6.3.1.1.3 Extract Features Once an iteration of the simulation is over, observable fea-
tures #(x;) of the state x; are saved as observations for the supervised learning problem
to model the policy. The features used in this paper are thg, O, F$ = | R
FQ = | iLH TRy, LT, t, MSE(F), the latter being the in-sample MSE of the model
trained at periodt. These features are extracted for each iteration offor each FM and each
item. The observations are kept in memory to build the dataset to train the policy with ML.

The next subsection discusses how the labels can be added to the dataset.

6.3.1.2 Set Label (optimal policy)

To approach an inventory management problem with IL, one needs to know what is the
optimal decision in any given case. In this subsection we argue what such a policy could be
to determine the labels for the dataset.
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A company generally wishes to minimize its stock investment, modeled as:
Jit = Uiy &G, (6.3)

Where u;; is the quantity ordered for the itemi at period t, and ¢, is the unit cost of item
I plus holding cost at periodt. So,J;; represents the cost at period for the item i.

Another important factor to consider is the Service Level (SL) to balance out the objective to
minimize stock. To take this into consideration, under and over-achieved TSL are attributed
an additional penalty cost P):

Pi,t = Ili,t # TSL éYI,tlé

o o #: (6.4)
'7 1# sgn(li; # TSLAY;;) + 7 1+ sgn(li; # TSLaY;)

+

And so the total cost is :

‘]i,t = Uit é.qut + Pi,t (65)

In addition to the cost of the ordering decisionu;;, the unit cost of under-achievingc‘{‘tO
and over-achievingt‘q-f{S the TSL are added, wherd;; and Y;; are the inventory level and the
demand of itemi at period t respectively. The functionsgn s the Sign function. Considering
the outcome of under-achieving the TSL can result in contract loss in addition to the usual
extra costs of back orderingel° is greater than the other costs. Therefore, to minimize the
function J;;, one needs to minimize the ordered stock to avoid over-achieving TSL costs and
to minimize the ordering costs, while ordering enough stock to avoid the high extra cost of
under-achieving the TSL.

In a context where suppliers allow multiple opened orders, an optimal policy would order,
at every period, the stock required to PIT SL percent of the demand att + LT whereLT

is the Lead Time. Such a policy would render the TSL at a minimum cost. Some suppliers
might not be willing to take new orders every period. In that case, an additional parameter
R should be added to represent the number of periods the order must Pll the demand for. As
well, the orders should be passed eveR/periods to PIIT SL percent of the demand between
periodst+ LT andt+ LT + R.

To summarize, the optimal reorder policy in a context where multiple orders are allowed,
reorder the quantity required to Pll the demand forR periods if it is no longer possible to
wait to reorder before the Realized Service Level (RSL) becomes less than the TSL. That
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can be written as the following rule :

( !
) 0, if liy + Oy >TSL & [LHT*RY;,

j=t
|
TSL& [IiT*RY; # (I + Oy), otherwise.

(6.6)

Uiy =
Where u;, represents the order quantity for itemi at period t. An order must be passed if
the inventory level with incoming orders cannot meet the demand for the followingT + R
periods. The quantity to reorder should be the di"erence between the demand between
periodst andt + LT + R and the inventory level with incoming orders.

This policy yields minimum costs if used with historical data where the actual demand; is
known beforehand. Thus, this policy is used to label any given state of inventory, incoming
orders, and demand for the following LT+R periods with the optimal decision.

6.3.1.3 Machine learning

From the labeled dataset, the extracted features of the statg(x) (I;, O, FZ, F2, LT, t,
MSE.(F) in this case) and additional metadata are used to learn the reorder policy with
supervised learning. Supervised learning uses ML to map a function (the poligy of the
input (the feature vector #(x.)) to the output (the decision u,) (Russell and Norvig, 2010).

Since the optimal policy is non linear, being 0 when the inventory and incoming stock is
greater than the demand for the range to cover (see equation 6.6), the target variable is
transformed into a linear equation to ease the learning of the policy. Another simplibcation
to the optimal policy was performed to make the learned policy more versatile. THESL
term from the optimal policy was dropped in order to learn the exact stock required. This
allows one to change th& SL at a later time and still have a valid policy. For this reason,
the debnition ofu, is adapted to include negative values and to incorporate BSL of 1.

) t+bf +R
Uy = Yii # (lix + Oir) (6.7)
j=t
Thus, the model learns the di"erence between the demand and the stock levels instead of
learning the decision directly. To Pnd the decision variable again, negative valuegik) are
set to O to transform g(x,) into the decisionu;. The TSL can also be incorporated into the
prediction afterward by taking:

U = TSLag(x)+(TSL# 1)&(l;; + Oir) (6.8)
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6.3.2 Validation

Once a policyg is learned, the validation subset of the historical demand including periods
from t, to the last period T is used to evaluate inventory performance.

6.3.2.1 Validation Simulation

The same simulation method is used to validate the performance of the IL based policy. This
time however, the historical demand from the validation setY4jiq ) is used to feed the simu-
lation with g and the other benchmark methods as IP to drive the inventory ordering process.
Once the simulation for the whole validation subset is done, the inventory performance of
each policy is analyzed using di"erent performance metrics.

6.3.2.2 Performance

To evaluate the performance of the di"erent IP, three inventory based performance metrics

are used:

| |
Total Cost : TC= I jT:tV Jij . It sums the costJ over all periodsj and itemsi.

| |
Stock Ordered :SO=" [ = sztv Qi; . Itrepresents the total quantity of stock ordered
for the whole validation period for all items.

_ | |
Average Client Service Level : CSL = &= ;" ., min(1,Pli/Yi;). It repre-

sents the RSL from the point of view of a client. Where the Physical Inventory
P1 = max(0,1), it implies the CSL is between zero and one.

These metrics are used to compare and evaluate the performance of the di"erent IP.

This concludes the presentation of the methodology. The following section presents an ex-
periment in which the methodology is applied to a real dataset to evaluate its validity and
compare its performance to classical IP.

6.4 Experiment and contribution

The experiment applies the methodology using the aforementioned simulation method and
base heuristic. The main contribution of the experiment is to:

1. Conbrm the validity of the methodology and the applicability of IL to inventory man-
agement.

2. Measure the lift induced by using dynamic policies versus static ones.

3. Compare the impact of improving the FM versus improving the IP.
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This information will allow practitioners and researchers to know where to invest time and
e"ort to maximize the impact on inventory performance, whether by putting e"ort into
sophisticated dynamic policies or in the accuracy of Forecasting Models.

6.4.1 Data

The demand data for the experiment comes from a company that supplies uniforms for several
di"erent organizations. It contains the demand for over 10 000 items between 2012 and 2019.
To conduct the experiment, the brst two years of data are used to bt the forecasting models
required for the simulation. So,ty corresponds to the brst week of 2014. The last complete
year of data is used to validate the methodology witl, corresponding to the brst week of
2018.

Figure 6.3 Items cost distribution

The costs used for the experiment are bctitious. The item costs' ] were drawn from an
exponential distribution presented in bPgure 6.3. The penalty cost®S and cB° were set
to 0.5 and 5 respectively. This seems to be a reasonable estimation that respects the ratio

cOs

o = 10% considered realistic according to Babai et al. (2009) and Syntetos et al. (2010b).

6.4.2 Simulation

The dataset was built running the simulation 10 times with randomtg, 1o, Og. The base
heuristic to generate the state was also switched randomly with a static one with valuessof
set randomly as a proportion of the sss=) %sswith 0& ) & 6.
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6.4.3 Machine Learning

Additional metadata was added to the dataset to help learning the decision. The metadata

consisted of the gender of the item, its product group, and its season, along with information

about time: week and month number. The brst three mentioned were one-hot encoded and
the week and month number were fourier transformed to represent the cyclical nature of

time, bringing the total number of features to 30 with around 3M observations.

Since the items have a great variance in scale, the features and the target variable were
standardized by subtracting the mean and dividing by the standard deviation of the training
set.

Three di"erent ML models were trained using 90% of the observations, and an additional
ensemble model stacking the three model was trained using the remaining 10%.

The brst trained model was a linear regression model with lasso shrinkage (Tibshirani, 1996).
To improve the simple linear regression model, additional squared and interaction terms
were added as features. The regularization parameter was optimized using 5 folds Cross
Validation (CV). The second model was a Gradient Boosting model with early stopping to
prevent overbtting. The third model was a Multi Layer Perceptron (MLP). It was found to
give the best results with three layers of 30, 15 and 1 neurons. The Adam optimizer with
early stopping was used to optimize the network.

Once the three models reached their optimal performance, they were combined in an ensemble
stacking of the predictions. The three models trained on 90% of the data were used to predict
u on the remaining 10% from which a 20% of data was kept as test set for the ensemble model.
The three predictions as well as the metadata were used to train a Random Forest and another
Gradient Boosting model.

6.4.4 Benchmarks

Two di"erent benchmark policies were used to compare the performance of the IL based
policies. The brst one was a static (s,Q) policy wits = p+" ' 1(TSL) MSE &(LT + R)
where y is the mean demand. The mean demandu) was evaluated using all previous
demand tot, (Prst week of 2018) andM SE was evaluated using out-of-sample error from
the previous year 2017 with the forecast models trained with the data previous to 2017.
The second benchmark was the dynamic version of the (s,Q) policy as presented in section
6.3.1.1.2.
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6.5 Results

The results present the performance as debned in section 6.3.2. But, since four di"erent
FM were used in the experiment, three di"erent aggregations across the FM are used to
characterize the performance of the IP. The performance of the FM is studied as well to
conclude which model is the most accurate.

6.5.1 Forecasting Models Performance

To know which forecasting model would have been selected in a real life situation for the
year 2018, the out-of-sample accuracy of the models is evaluated using the models btted
with the demand prior to 2017, and their performance is evaluated on the year 2017. Three
di"erent error metrics are used, and a ranking method is used to combine the three evaluations
together.

The prst one is the Mean Absolute Scaled ErroMASE ) (Hyndman and Koehler, 2006)

|
1N 7 ilel

MASE = — '
N i T!lm ;r:m+]_ |Y|t # Yi,t! m|

(6.9)

Wheree; = Y;; # F;; is the forecast error for itemi at periodj and the denominator is the
in-sample MAE of the seasonal naeve forecast with a period of 1 year. The second metric
is the scaled Root Mean Squared ErrorsRM SE) where the scaling factor is given by the
in-sample mean demand (Petropoulos and Kourentzes, 2015):
o
1% 3 €
Ny Y

(6.10)

The third metric is the mean scaled Absolute Period In StocknGsAPIS) (WallstrSm and
Segerstedt, 2010), (Kourentzes, 2014):

(6.11)

Finally, the mean Rank (mRank) ranks the models relatively to each other for each metrics
by series to forecast, then average the ranks over all metrics and series.
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Table 6.1 Forecasting models accuracy (year 2017 out-of-sample)

model MASE sRMSE sSAPIS mRank
arima 1.252 26.938 105.710 2.446
SBA 1.003 17.262 78.156 1.612
snaive 1.041 18.020 87.351 3.161
theta 1.033 17.653  86.705 2.781

Table 6.1 shows that SBA is the most accurate model for 2017 out-of-sample. Therefore, it
would be advised to select SBA to feed the inventory management system.

To conbrm the selection, performance is evaluated on the validation year as well. The model
was trained with demand prior to 2018 and performance evaluated with 2018 out-of-sample.

Table 6.2 Forecasting models accuracy (year 2018 out-of-sample)

model MASE sRMSE sAPIS mRank
arima 1.333 32.156 60.713 2.433
SBA 1.034 9.938 39.095 1.607
snaive 1.088 11.076  39.368 3.192
theta 1.063 11.451  40.949 2.768

The results presented on table 6.2 shows that, indeed, SBA is the most accurate model for
the validation period (year 2018), and the results seem stable across years.

6.5.2 Inventory Policies Performance

The inventory performance is Prst presented including the results of all combinations of IP
and FM in table 6.3. The results show that the most accurate FM (SBA) systematically
performs less well than the other FM with respect to the CSL. On the other metrics, SBA
does not improve the performance except for the static policy. That shows the relation
between inventory performance and forecasting accuracy is not direct and an increase in
accuracy does not necessarily lead to improved inventory performance.

Since it was shown that a classical accuracy evaluation of the FM has concluded that SBA
Is the most accurate model, this model is kept for visualization. To take into consideration
the robustness of the policy to changing performance of the FM, the mean and the standard
deviation of performance according to the di"erent FM are plotted in bPgure 6.4. The error
bars represent a standard deviation on each side of the mean. The horizontal standard
deviation is calculated according to thex axis variable and vertical to they axis variable.
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Table 6.3 Inventory Performance

policy model CSL SO 4C TC 4C mRank
arima 0.991 1.586 77.459 6.33
SBA 0.973 1.622 78.066 11.33
snaive 0.990 1.536 78.461 6.33
theta 0.986 1.671 84.168 13.50
arima 0.975 1.544 74.834 6.00
SBA 0.930 1.600 76.772 14.67
snaive 0.975 1.499 75.931 4.67
theta 0.965 1.629 81.730 15.00
arima 0.976 1.539 74.923 4.83
SBA 0.932 1.593 76.268 13.33

ensemble_GB

ensemble_RF

GB snaive 0.975 1.502 76.178 5.33
theta 0.966 1.641 82.458 15.67

arima 0.971 1.632 79.065 13.33

L asso SB_A 0.946 1.709 81.722 19.33
snaive 0.970 1.543 78.360 10.33

theta 0.960 1.707 85.955 19.33

arima 0.952 1.571 76.569 12.00

MLP SB_A 0.891 1.685 81.677 20.00
snaive 0.943 1.516 77.594 12.00

theta 0.921 1.654 83.868 20.33

arima 0.986 2.124 108.004 17.17

SBA 0.955 2.155 106.730 22.33
SuQ snaive 0.976 2.035 106.870 16.83
theta 0.962 2.220 113.275 23.68

arima 0.993 2.116 111.239 16.33

5.0 SBA 0.958 2.289 110.840 23.67

snaive 0.980 2.091 112.233 18.00
theta 0.964 2.423 122.910 24.33

The IL-based policy decreases the total level of stock ordered by around 26% to 30% compared
to the static (s,Q) IP. While the dynamic (s;,Q) reduces it by around 4%. However, bgure
6.4 also show most IL-based policy reduce the mean CSL by around 1.5%. The mentioned
lift is calculated from table 6.4, which was obtained by measuring the average performance
over the FM and dividing it by those of the static policy.
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Figure 6.4 Policies mean and standard deviation across all FM and SBA Client Service Level
and Stock Ordered

Table 6.4 Average Performance Lift

policy CSL (lift) SO (lift) TC (lift)

ensemble_GB 1.012 0.719 0.696

ensemble_ RF 0.987 0.703 0.676
GB 0.988 0.704 0.678
lasso 0.988 0.739 0.711
MLP 0.952 0.721 0.699
stQ 0.996 0.957 0.951
sQ 1.000 1.000 1.000

The same visualization is used to present the performance of the policies according to the
total costs.

According to the inventory performance metrics, if a single combination policy x model were
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Figure 6.5 Policies mean and standard deviation across all FM and SBA Client Service Level
and Total Cost

chosen, the combination with the lowest cost with RSL greater than TSL should be selected.
However, considering a real life application, the FMOs performance could change in time, or
one might want to change the FM without having to simulate the whole inventory system.
To take this in consideration, additional importance should be accorded to the stability of the
performance of a policy. For this reason, from the results in table 6.3 and according to the
visualization on bgure 6.4 and 6.5, one can conclude the policy with the most stable results
(smallest standard deviation) and best average results is the ensemble gradient boosting
model.

6.6 Conclusion

In this paper, an IL-based methodology was proposed to learn a dynamic inventory policy.
The idea of IL is to transform an optimization problem into a supervised learning problem.
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To do so, a dataset with a large number of features of the sampled state with their optimal
decision must be acquired. That was done by extracting observable features of states as the
stock level, incoming orders, and other features. The states were obtained from a data driven
simulation model from which the features were extracted at each iteration. The simulation
model ran a base heuristic to drive the reorder process from the historical demand over 10k
items to forecast demand for. The base heuristic was a dynamis;,(Q) policy similar to

the one proposed in Babai et al. (2009). The forecasts were obtained from four di"erent
Forecasting Models (arima, sba, theta and snaive). Once a large enough dataset of sampled
states was aquired, the optimal reorder decision was added as the target variable. This
optimal decision could be retrieved given the structure of the costs and future demand was
known. Once the optimal decision were obtained, ML could be used to train a policy to
reproduce the optimal decisions in a given state.

That has led to the training of bve IL-based policies a Lasso model, a Gradient Boosting
model, a Multi Layer Perceptron, and two stacking ensemble models. The inventory perfor-
mance of those policies were then compared to a classical static (s,Q) policy and to the base
heuristic, the dynamic (s, Q) policy.

The results showed that an IL-based policy could reduce costs by around 30% compared
to the static (s,Q) policy, while the (s;, Q) policy could deliver only a 5% cost reduction.
However, the IL-based policies also reduced the Realized Service Level by 1.2% on average.
Yet, the ensemble Gradient Boosting model could keep stable results regardless of the FM
used. To summarize, this paper showed that systematically updating IP parameters had a
benebcial impact over static parameters.

Another important Pnding from this paper is that improving the accuracy of the FM did not
necessarily lead to improved inventory performance. Therefore, it appears that putting e"ort
into optimizing the reorder policy yields greater improvements for inventory performance than
working to improve the accuracy of the forecasts. For this reason, additional e"ort should
go into the selection of FM in an inventory management context to guide practitioners and
help researchers understand the relation between forecasts and inventory performance.
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CHAPITRE 7 DISCUSSION GfNfRALE

Les trois chapitres prZcZdents ont prZsentZ les rZsultats de nos recherches pour la rZsolution
de certaines problZmatiques en lien avec la conception dOun systeme de gestion de IQinventaire.
Ce chapitre met en perspectives les rZsultats obtenus et les prZsentent en relation les uns avec
les autres.

DOabord, une mZthode pour Zvaluer les mZtriques de performances de modele de prZvisions
~ ZtZ proposZe. Des recommandations sur les mZtriques de performance " utiliser selon les
circonstances ont Zgalement ZtZ donnZes. Auparavant on ne pouvait quOargumenter sur les
propriZtZs thZoriques des mZtriques ou faire des comparaisons entre les rZsultats avec IOhypo-
these que les rZsultats partagZs par le plus de mZtriques sont les "meilleurs”. Cette contribu-
tion se distingue donc des travaux prZcZdents puisquOelle implique IQutilisation de rZsultats
connus pour tirer des conclusions sur les propriZtZs des mZtriques.

Ensuite, une mZthode de sZlection de modeles en contexte de gestion de IQinventaire a permis
dOapporter des rZponses sur I0impact de [OagrZgation dans la sZlection. Ce qui est, ~ notre
connaissance, la premiere Ztude menZe sur des sZries " probl mixte et la premisre ~ en
Zvaluer les impacts en lien ~ la gestion dOinventaire. Notre recherche introduit Zgalement une
terminologie claire pour classiber les mZthodes de sZlection. Cinqg mZthodes de sZlection ont
ZtZ identibZes.

Finalement, une mZthode pour optimiser une politique dOinventaire dynamique adaptative
aux performances dOun modele de prZvision, basZe sur le cadre conceptuel de [Oapprentissage
par imitation, a ZtZ ZvaluZe. Les rZsultats ont montrZ que IQapproche proposZe fonctionne et
permet dOamZliorer les rZsultats par rapport ~ une politique, (Q). Les rZsultats semblent
Zgalement montrer quOil est plus avantageux de travailler ~ amZliorer les politiques dOapprovi-
sionnement que les mZthodes de prZvisions puisque la variance sur les rZsultats des di"Zrents
modeles de prZvision est plus faible que celle sur les di"Zrentes politiques dOinventaire.

Par ailleurs, les rZsultats ont apportZ de IQinformation supplZmentaire sur la relation entre
IOerreur de prZvision et les performances dQinventaire. Il apparait que les relations trouvZes
prZcZdemment pour des probls de demande lisse ne tiennent pas en prZsence de probls mixtes
et que IOabsence de corrZlation identibZe dans des travaux prZcZdents sur la demande inter-
mittente se gZnZralise au cas mixte.

Ce constat, avec le fait quQil ait ZtZ identipZ dOabord sur la demande intermittente spZcib-
quement, nous permet dOidentiber pourquoi la relation entre la prZcision et les performances
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dOinventaire est complexe " partir dOun exemple simple prZsentZ sur la bgure 7.1.

Figure 7.1 Exemple de prZvision pour une sZrie intermittente

La bgure 7.1 prZsente des prZvisions pour une sZrie intermittente bciveSoit un modele

de prZvision qui essaie de reproduire les pics de demanderdeommesnaive et un modele
intermittent, ici, croston. Si on mesure la prZcision avec des mZtriques de performance basZes
sur IQerreur, on obtient les rZsultats prZsentZs " la table 7.1.

Tableau 7.1 PrZcisions des modeles de prZvision

model MAE RMSE APIS
snaive 3.750 4.873 14.625
croston 2.625 3.082 10.500

Les rZsultats de la table 7.1 indiquent que la mZthode de Croston est plus prZcise de 47% si
on considere le lift moyen sur les trois mZtriques. Ce qui devrait garantir une bien meilleure
performance en inventaire que la mZthode snaive. Toutefois, pour obtenir une bonne perfor-
mance en inventaire, un stock su!sant doit «tre disponible pour atteindre le niveau de service
cible tout en ayant le minimum de stock nZcessaire. Pour reprZsenter cela, on considere une



90

politique qui commande le stock prZvu ~ chaque pZriode sans dZlai de livraison. On trace sur
la bgure 7.2 le stock ~ chaque pZriode.

Figure 7.2 QuantitZ en stock ~ chaque pZriode selon les recommandations du modele

La bgure 7.2 montre que la mZthode de Croston implique de conserver un stock plus ZlevZ
en tout temps que la mZthode snaive. Si on considere un cozt de stockageg et un cozt

de rupture de stock €bg par unitZ et par pZriode symZtriquedos= 1, cbo= 1), alors on
obtient un coZt de 17$ pour snaive et de 40$ pour Croston. Ce qui conPrme que la prZcision
ne garantit pas une bonne performance en inventaire puisque ce qui compte rZellement pour
la gestion de IQinventaire est dOavoir le moins de stock possible pour pouvoir atteindre le
niveau de service cible.

Pour considZrer cela, une mZtrique basZe sur IQerreur devrait pouvoir considZrer le dZcalage
entre les prZvisions et la demande. Une piste de solution ~ ce probleme est la mZtrique PIS
qui permet de suivre un stock Pctif. Toutefois, cette mZtrique ne donne que le niveau de
stock bnal et est aveugle aux performances intermZdiaires. Plus de recherche est donc requise
pour dZvelopper une mZtrique de performance adZquate pour la gestion dOinventaire qui ne
requiert pas de simulation.

Donc en plus de rZpondre aux questions de recherche, la mise en commun des mZthodes



91

proposZes avec les systemes dZveloppZs dZcrits au chapitre 3 permet de concevoir un systeme
de gestion de IOinventaire elcace.

COest surement en partie ce facteur qui permet dOexpliquer pourquoi la mZthode de Croston
nOa pas permis dOamZliorer les performances en pratique (Syntetos and Boylan, 2001), (Sani
and Kingsman, 1997).
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CHAPITRE 8 CONCLUSION ET RECOMMANDATIONS

LOaccessibilitZ grandissante pour un large public ~ de nouvelles mZthodes de prZvision toujours
plus performantes suggere que la prochaine gZnZration de systmes de gestion de IQinventaire
reposera en grande partie sur leur utilisation.

Toutefois, des recommandations claires sur plusieurs aspects de IQintZgration des mZthodes
de prZvisions aux systemes de gestion de IQinventaire manquent toujours. Tel quOidentipZ en
revue de littZrature, des recommandations manquent spZciPquement en prZsence de sZries de
demande " probl mixte (lisse et intermittent). Cette absence de recommandations combinZe
au contexte de dZmocratisation dOoutils de prZvision a menZ ~ IQobjectif gZnZrale visant la
conception et le dZveloppement dOun systeme de gestion de IQinventaire pour un portefeuille
de produits ~ probl de demande mixte. Plus spZciPquement, elle a inspirZ trois objectifs spZ-
cibques en lien avec le contexte dOapplication et le besoin de recommandations en prZsence de
sZries ~ probl mixte. Ces trois objectifs spZcibques mis bout ~ bout forment un cadre concep-
tuel pour guider [Outilisation de mZthodes de prZvisions dans la conception dOun systeme de
gestion de IQinventaire.

Les contributions liZes " la rZsolution de chaque objectif spZciPque puis ceux de la these dans
son ensemble sont prZsentZes dans cette section.

Le premier objectif spZcibque prZsentZ au chapitre 4 vise ~ dZvelopper une mZthodologie
dOZvaluation des mZtriques de performance pour les modsles de prZvision. Pour ce faire, une
mZthodologie se basant sur [Outilisation dOerreurs connues a ZtZ proposZe. Ce faisant, IO0Ztude
et IOanalyse des propriZtZs des mZtriques de performance pouvaient maintenant se baser sur
des indicateurs clairs. Une mZthode pour Zvaluer la sensibilitZ et la babilitZ des mZtriques a
ensuite ZtZ testZe dans di"Zrentes circonstances, abn de comparer les propriZtZs de mZtriques
de performance populaires pour Zvaluer les modsles de prZvision.

Une critique de cette approche est quOen pratique les erreurs dOun modele nOont pas la meme
distribution pour toutes les sZries. Il aurait donc ZtZ intZressant dOZtudier les propriZtZs des
mZtriques pour une seule sZrie " la fois. De meme, la distribution de IQerreur est gZnZralement
croissante en fonction de IOhorizon de prZvision. Cet aspect a ZtZ nZgligZ dans nos recherches.

Le second objectif spZcibque prZsentZ au chapitre 5 veut identiper une mZthode de sZlection
des modsles de prZvision dans un contexte de gestion de IOinventaire pour des items " probl
mixte. Pour ce faire, di"Zrents scZnarios de sZlection ont ZtZ proposZs et testZs par simulation.
LOimpact de IOagrZgation dans la sZlection de modeles ainsi que la relation entre les mZtriques
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de prZcision et les performances dOinventaire ont pu stre mieux compris gr%o.ce ~ de nouveaux
rZsultats. Les scZnarios de sZlection proposZs impliquent dans le cas de la sZlection multiple
des parametres. Ces parametres nOont pas ZtZ sZlectionnZs de maniere optimale dans le cadre
de la recherche. De meilleures performances pourraient etre trouvZes en sZlectionnant les
parametres optimaux des mZthodes de sZlection multiple.

Finalement, le troisisme objectif vise " tirer probt des nouvelles mZthodes de prZvision pour
concevoir une politique dOinventaire dynamique en se basant sur le cadre conceptuel de IQap-
prentissage par imitation. PrZsentZe au chapitre 6, cette mZthode lance plusieurs simulations
avec di"Zrents parametres dOune politique dOinventaire de base et di"Zrents modeles de prZ-
vision de la demande pour acquZrir plusieurs observations de di*Zrents Ztats de IQinventaire.
E chaque observation de 10Ztat, une dZcision optimale est assignZe pour former des paires
observations - dZcision optimale. Ces paires ont ensuite ZtZ utilisZes pour entra’ner un mo-
dele dOapprentissage automatique et ainsi apprendre une politique de rZapprovisionnement
dynamique qui sOadapte aux performances changeantes dOun modele de prZvision. Il aurait ZtZ
intZressant de comparer cette approche pour dZterminer une politique dOapprovisionnement
" une mZthode dOapprentissage par renforcement comme un processus de dZcision markovien.

Pour les deux derniers objectifs, un dZlai de livraison stochastique nOa pas ZtZ considZrZ.
Di"Zrentes mZthodes de calculs du stock de sZcuritZ auraient pu stre utilisZes. LOimpact du
niveau de service cible aurait aussi pu etre ZtudiZ. Ajouter IQimpact de ces facteurs pourrait
permettre de conclure avec plus de certitude que les rZsultats observZs sont dus " la variation
des facteurs ~ 10Ztude. Une autre limite est IOabsence dOinformation rZelle sur les coZts et
le choix des mZtriques dOinventaire qui ne permettent pas de conna’tre le niveau de stock
moyen.

Chacune des propositions a ZtZ implZmentZe " partir de donnZes provenant dOun cas dOZtude
industriel rZel. DOailleurs, les dZveloppements et les connaissances acquises par nos travaux
de recherche sont en cours dOimplZmentation chez notre partenaire industriel. Donc, tous
ensemble, les rZsultats, mZthodes et recommandations faites dans cette these permettent de
guider un ingZnieur pour le dZveloppement dOun systeme de gestion de IQinventaire.

Les cas industriels sont la plupart du temps beaucoup plus complexes que la maniere dont ils
sont reprZsentZs dans les cas dOZtudes en recherche. Notamment, il existe souvent plusieurs
fournisseurs pour un meme produit avec des prix di"Zrents et des dZlais de livraison di"Zrents.
Dans nos Ztudes de cas, ces facteurs ont ZtZ ignorZs et les donnZes des fournisseurs " prioriser
par le partenaire industriel ont ZtZ sZlectionnZes.

Une autre limite sur IOapproche globale est que IOimpact de IOensemble des recommandations
sur les performances dQinventaire nOa pas ZtZ ZtudiZ conjointement. Donc IOe"et cumulZ de la
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sZlection multiple avec IQutilisation dOune politique basZe sur le cadre conceptuel de I0appren-
tissage par imitation reste inconnu.

LOanalyse des rZsultats mis en commun a Zgalement pu rZvZler la raison faisant en sorte que
des rZsultats mitigZs Ztaient observZs au sujet de la relation entre les performances de gestion
dOinventaire et la prZcision. Ceci ouvre la porte ~ plusieurs opportunitZs de recherche sur le
dZveloppement dOune mZtrique de performance capable de considZrer les facteurs importants
ZnoncZs au chapitre 7.

DZvelopper une telle mZtrique serait Zgalement une opportunitZ intZressante dOapplication
de la mZthodologie dZveloppZe au chapitre 4. Avec cette mZthodologie, la PabilitZ des mZ-
triques de performance pour la sZlection de modeles de prZvision performants pour la gestion

dOinventaire pourrait donc stre quantipZe.

Une autre perspective de recherche intZressante serait dOintZgrer le dZlai de livraison stochas-
tique dans les mZthodologies des chapitres 5 et 6 pour gZnZraliser les conclusions ~ plus de
cas rencontrZs en industrie.

DOun point de vue global, certaines Ztapes de la mZthodologie proposZe pour la conception
dOun systeme de gestion de IOinventaire autonome demeurent inexplorZes. Ces Ztapes consti-
tuent des opportunitZs de recherche qui sont encore peu explorZes jusqu®”™ maintenant et dont
les impacts sont importants.

Ces Ztapes inexplorZes de la mZthodologie permettraient de garantir que les prZvisions de
la demande et les politiques dOinventaire seraient capables de sOadapter ~ une perturbation
majeure dans les distributions de la demande. Cela rendrait le systeme robuste ~ des pannes
dans le systeme ou encore ~ des Zvenements plus rares comme la situation actuelle oe la
pandZmie mondiale de COVID-19 a modiPZ drastiquement la demande dans plusieurs secteurs
de IGZconomie.

Les limites industrielles suggerent que la situation des entreprises est souvent beaucoup plus
complexe que celle modZlisZe dans les Ztudes de cas et sur lesquels reposent plusieurs rZsul-
tats en gestion de IQinventaire. Cela permet de relever une question qui sera de plus en plus
importante ~ poser dans les annZes ~ venir. Dans un contexte oe le dZveloppement dOoutils
performants de contr™Ie optimal, dOapprentissage par renforcement, de prZvision et dOappren-
tissage automatique est de mieux en mieux compris et oe les outils requis pour dZvelopper
des systemes qui reposent sur ces outils se dZmocratisent, serait-il avantageux pour les en-
treprises de sOadapter pour faciliter [Outilisation et IOimplZmentation de ces technologies ? Os
devrait-on adapter [Outilisation des technologies aux situations des entreprises ?
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