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MES Stands for

H s s\\\\ll,,://,
» Manufacturing execution system [ : COURBON

RS
20N Software

Ui
MES objectives :
» Ensure the proper execution of voc:hasProduct
manufacturing operations
> Improve production efficiency CHASMACIVE

Pharmacie

Biotechnologies
Cosmetique

MES Functionalities :
» Product traceability

voc:hasProduct

rdf:type Industrial
Software

Editor

PRODUCIM®

Agroalimentaire
Chimie
Manufacturier

rdf:type

> Quallty control rdf:type
» Production monitoring
» Scheduling, Etc.

MES
Manufacturing
Execution System

Data acquisition => Lot of DATA from
different sources
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IHHIuSstration exampie ( toy car
production )

Imagine you have a toy factory where you
— make toy cars !!

Make the cars
Paint them
And package them
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The Fourth Industrial Revolution
(Industry 4.0)
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Manufacturing Enterprise

(MES)

Execution Systems Resource Plannin

(ERP)

Industry 4.0

Big data

Al applications in the
industry :

» early detection of rejects

Predictive Maintenance

quality control

* industrial prognosis

Intelligefit industrial system




Labeling of the cause of

. ?\Ior[eros abels by hand the cause of failures of every equipment, e.qg.,

I-I H o ®
Jioticed High Speed of the conveyor Yo
i lad | lad
oticed Low energy of the conveyor

* Every data about the status of machine is collected

e Every issues noticed are reported and data are labled

= Extract insight from data to solve the prevent future the problems.
=The manager (or workers) gain domain-specific knowledge and expertise.

24022023T19:00 152 (Material) 0
:02

M2 (Conveyor) 24022023T16:02 12 (Toy) Low Energy

Create
Database
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ake production line schema

-

Le lsvain est cultive et en
continu. Chagque jour un
prélévemeant ast fait et des
ingrédients sont ajoutés pour
remplacer.

Données disponibles :

+ Poids des ingrédients

* Température dans la cuve
+ pHdans la cuve

Les ingrédients, dont le levain,

sont mélangss pour former la
péate. Celle-ci est mise au
repos dans une étuve pour
lever.

Données disponibles :

+ Poids des ingrédients

+ Puissance du mélangsur
Vitesse du mélangsur
Durée de mélangs
Position dans I'étuve
Température dans I'étuve
Humidité dans I'étuve
Volume dans I'étuve
Durés de repos

La pate est mise en mouls, les
moules passent au four puis
refroidissent.

Données disponibles :

Id du moule utilisé

Id du four utilisé

Poids du moule
Températurs du four
Humidité du four

Durée da cuisson

Durée de refroidissement

. & & & & & @

DESCRIPTION GENERALE DE|
N P N N F

Les gateaux
sont démoulés, pesss et
passent un contréle qualits.

Données disponibles :
* Poids du gateau
* Résultat du contrdle :
* VISU_OK
* VISU_KO
« POIDS_INF
s POIDS_SUP

s ™
Bloc Bloc Bloc Bloc Bloc
Culture de levain Pétrissage Cuisson Controle Conditionnement
— Q_O_,
v —
414 [1d ™| =
1] L 1] L x
Description : Description : Description : Description : Description :

Les gateaux
50Nt Mis en boite et prépards
pour 'expédition.

Données disponibles :
Les donnéss ds ce bloc ne
pas récupérdes.

We are interested in
classification problem of
weight control using data
collected in mixing phase

Depuis le Bloc

D411_TM_01 (kg)%

Démoulage

(Bl@NTRJLE

Lot Gateau

POIDS_INF ou
POIDS_SUP

X

Controle de poids

8709 - 1.5% = Poids = 8700 + 30%

C421_TQ_01

VISU_OK

v

VISU_KO

X

Controle visuel

/
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Workflow
Process

Temporal
Data

|

Inputs

Workshop 1 Workshop 2 Workshop N Quality

Output
_ > - - R > p ; Control
(Configs,etc) Products
Sensors Sensors Sensors {@
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Eail) Use Case - Quality Control In

orkflow Production line - Multi-
LEVEI Diagram \/Mlme series data

06:00 07:00 08:00
DATETIME
bt - 2021-12-01 05:30:30  110.000000 &109.781280
. | . * 2021-12-01 05:31:00 108826667 6141.733192
3 2 Workshop 1 Workshop 2 Workshop N Quality 2021-12-01 05:31:30  110.000000 6184.072883
=8 Inputs . o Output N Control

= E (Configs,etc) Products Y s _ _
?C: & |Sen50rs| |Sensors| |Sensors| @ 2021-12-01 05:32:00  111.173333 6235904952
2021-12-01 05:32:30 110000000 6292 483363

-
“h—

Batch information

Temporal
Data

|

ID_LOT _PATE ETAPE TIME_START TIME_STOP

0 20211201-01

Mélange 2021-12-01 05:30:00 2021-12-01 05:44:10

1 20211201-01 | Pétrissage 2021-12-01 05:44:10  2021-12-01 05:51:30

e e — ) € P O ittt iyl

3 20211201-02 Mélange 2021-12-01 07:06:10 2021-12-01 07:20:20

4 20211201-02 | Pétrissage 2021-12-01 07:20:20 2021-12-01 07:27:40
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Ti i3
M221 TS 01 M221 TP 01
DATETIME
2021-12-01 05:30:30 110000000 &109.781280

2021-12-01 05:31:00

2021-12-01 05:31:30

2021-12-01 05:32:00

2021-12-01 05:32:30

108.826667

110.000000

111.173333

110.000000

6141.733182

6164.072883

6235.904952

6292 483363

2

Batch information

ID_LOT_PATE ETAPE TIME_START TIME_STOP

0 20211201-01 Mélange 2021-12-01 05:30:00 2021-12-01 05:44:10

1 20211201-01

Pétrissage 2021-12-01 05:44:10 2021-12-01 05:51:30

T — ) [ ot eteios oo olenlphinioh i

3 20211201-02

Mélange 2021-12-01 07:06:10 2021-12-01 07:20:20

4 20211201-02 § Pétrissage 2021-12-01 07:20:20 2021-12-01 07:27:40

Merge Data : Batch ldentifier with the
temporal data
y &l | A |
M221_TS 01 M221_ TP 01 ID_LOT PATE  ETAPE I
20211201-01 -
DATETIME
20211201-01 1
2021-12-01 05:30:30  110.000000 6109781280  20211201-01  Mélange 2021120101 .
2021-12-01 05:31:00  108.826667 6141733192 2021120101  Mélange 2021120101 .
2021-12-01 05:31:30  110.000000 6184.072883 2021120101  Mélange 2021120102 0
2021-12-01 06:32:00 111173333 6235904952  20211201-01  Mélange
2021-12-01 05:32:30  110.000000 6292483363 2021120101  Mélange
2022-03-01 12:13:30  118.854275 8742818066  20220301-05 Pétrissage I 20211201-02 0
. 20211201-02
2022-03-01 12:14:00 119676393 8765277318  20220301-05 Pétrissage
2022-03-01 12:14:30  120.888755 8787.267457  20220301-05 Pétrissage

Wight Quality Control per ID_PATE
(TARGET DATA)

ID_LOT_PATE

Qc_wight_err

2021120101

20211201-02
2021120103
20211201-04
2021120105
20211202-01
20211202-02
2021120203
20211202-04

2021120205

=

COuURBON

Software




‘Train ML Model for Quality Control -/j o

o I ca I(e Model Training & Evaluation

(1) Gradient Boosting Classifier
(~ with 50 estimators)

in Precision : 97.2% Train RecaiP!

recision : 96.9% Test Recall :18

Training and validation Mean Accuracy

(2) Deep Neural Network (3) LSTM
d%};ecision : 83.3% Train Recall: 40|8 % Train Precision: 67.1% Train

tPrecision : 82.9% Test Recall : 43% Recall: 49.5%
Training and validation precision Test P'I'raelgl_:&'rgnallda%ﬁ ng/QDTeSt

100 1 , . ) - 0.8 -
# nN L L e el ———— e e ——————
Tl [ ol 1 I~ I 1 30 (N ] 1
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i A ot ey TG AT 0.75 noyo | \ Ly [ Arg ‘L.IHJ-LJ.:J S Ay ‘h’ ~ vi“:..r 'IT_’ =
0.90 [ q-‘ﬂ.u""'l“ ARG ' A AW B T Ty T 0.6 1 [ u u U
. f_" VY A I W e - " [ [ [
' i ] ] ] Wl :
085 o.ra T Y y 1 v 059 "
| y I » oy 1
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075 I 0.60 N 1, :
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070 { I 0.55 1 j o i
1 . — Taining Mean Accuracy [ . . } | 1
oes | L T | 1 ? Taining precision ol ! ——- TFaining precision
. | | Validatiom Mean Accuracy 050 - == alidation precision H . - i
T T T T T T T T : ! P oo - S— === VWalidation precision
o 50 1040 150 200 250 300 350 400 ! ! J J J ! ’ T T T T T T
o 10 20 30 A0 50
n_estimators o ) ) o 10 20 =t 40 50
Training and wvalidation Precision & Recall Score Training and wvalidation loss Training and wvalidation loss
10 1 - e — == Taining loss S — == Training loss
_________________________ ' ——~- Walidation loss 059 \"'-1.' ——- walidation loss
070 L
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Inputs Output Control
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Production line - Multi-

Inputs > ;
{Configs,etc)

Workflow
Process

Workshop 1 ]

Workshop 2 Workshop N Quality

Sensors | J

Temporal
Data

|

Concept
Modelisation

|

information about the process

l ________

Influence

Expert
Knowledge

Output Cantrol
- ® broducts ’
Sensors Sensors @

Learning Methode

influence Integ rat|0n

Reasoning

Domaine Knowledge + Process Rules

Representation Representation

What is a Concept ?
What knowledge reasoning skill we need
to integrate to our model ?
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How to Integrate Domain-specific (industry 4.0) knowledge
into Machine Learning to enhance its performance in

@OVKB]S.t.rﬁm;cﬁélﬁaze numerical data from heterogeneous observations to appl)

machine learning to downstream tasks? => C1l [ DATA INTEGRATION &
HETEROGENEITY ]

C RQ2 : How to learn the implicit knowledge embedded in the industrial process and/
reason on it usingeachine learning (ML) models? => C1 [ DATA INTEGRATION &

sererocenemy Y2 r0hlems & Challenges

s N

Cl [ Data integration and heterogeneity ] : The overabundance and
heterogeneity of available data limits application of Al techniques in the
kindustry. -

» C2 [ Explicability ] : ML/Al trained on raw data produces black-box models whic@

Ian~l, Aawemilso=lazl]lsdy s
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(1) Input Data

A ' == ot
A [ || ]
06:00 07:00 08:00 09:00 e

Process Data Ontology

(2) Integrate temporal data in
knnw cdge graph-.,

(4) Downstream Task

(3) Generate Knowledge Graph

Classificatio

Embedding




Industrial context - Modeling example

d Hierarchical Ontology Proposed for the "OlCake” (cake factory) manufacturing pro

‘ voc:ManufacturingClass ]

Properties

voc:Name _ rdfs:Literal

voc:concerns voc:Product

Y

voc:startAt

» Xsd:dataTime

voc:endsAt

- xsd:dataTime

voc:hasTimeSlot

» voc:timeSlot

Alignement

A voc:ManufacturingClass
voc:Site |
| voc:Batch
tvoc:belongsToSite voc:timeSlot
__________ I
voc:hasWorkshop ,
voc:WorkShop J voc:Steps
f voc:belongsToWorkshop
it 0
- _vgc:_ha_sE_qLiip_mgnt_;_ - rdf:Seq
I _
voc:Equipement | / |
| I R It >
R A I v
I
voc:timeSlot | . ime| | e >
. I > xsd.dataTlme]
voc:Sensor | F===-=1
________ } I L —---J
|2 I
o] ]
voc:Observation I
I
.
I

with SSNISOSA Ontology

Specialisation/Sous-Class

Une Relation

Instance

Alignement
Vocabulaire extérieure

Notre Vocabulaire
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On the Contribution of Domain-Specific

Knowledge to Machine Learning

IFERROUDIENE Mouloud [CIFRE PhO Student]
supervised by Victor CHARPENAY, Antoine ZIMMERPANN, Thisrmy LAVEILLE

y
K

-

Une école de I'MT (5] P e e et it o e
@ Context () Keywords

W The induestry 4.0 : Our research work i situated in the domain of Cyber Physical and modesn industrial systems, ([ 4 Neuro-Symibalic A1

where the Estter ane expected to be interconnected and provide the needed technolagy to exchange and share | | € Knowledge Gragh

data betwesn its eguipment {Sensors) to make critical decisions. & Deep Learning
Big Data : Large amount of data is collected from MES by leversging enterprise software in daofcation Level | | & camantic Wb

and the imtegrated sensors in the Mardware level (Manufacture Machines). & Explainability
:ﬂwhm!m:fwmummmmm& & Industry 4.0 )

{Z) Description of an example of Production-Line

g (3) Problems & Domain Challenges

C1 | DATA INTEGRATION | - The averabundance and heterageneity of availsble data
limits application of M technigues in the industry.
+C2 | Euplainabiliy | : MUAL trained on raw dats pradures biack-how models which [ack

f@ Proposed Approach \\

(8] Input Daka

o

3

g Temasrel dev v [iata] Coflertad from ssumn

Figd Frapoesd Cotoigy for o Prodiction-d e ANaeed mik 55N (1)
and 2RI

@ Research

Questions

Global
How o Integrate Dmmlp—mec@ildmn;-l?.ﬂ knowdedge inta Machine Learning o
in tas

2] Integrat temparal data in in

f/_ @ Specific

* ROL : How to integrate

data fram

Questions ™y

e hine leaeming to dowmetresm tak?

e on on it wsing machine kearning (ML)

» RAOY : How ta
L\Mmlﬂtlmimmdmmhﬁ?

> Q2 : Haw ta leam the implicit knowledge embedded in the industrial pracess and

rumerical data inte 4 knowledge graph, in

o apply.

models?

to apply

' (5) Related Work N

Elinical Embudding of Patants | LEF) [5]

» CUF 5] & & frevesoct for geasmine s
reaerticen bar ary paiiem and itn
o purding pricy Eicededgs: srcoded i 3 ko edge
g

» [+ Fropaus an inisgerion methad and iry 1= anvwer ihe
quastianin C1 .

= [l & domny proe sepmiasBty 3, s ey s ot
rebadiing patenis” daa, §il Gy comider ibers ax

|

epTT—— i
it entanarmizus Driving Dut: Exgariunce sl
Practica [4]

» 4] Provide Eaplanstions bmes 01 the keoedstigs graph
mmhadsing of Searss inmiancan = Sohia O

® [ Dosun't parvidie any rmashod in mxplak ife Fnowledss
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Une école de I'IMT s l’

FB15k-237 : A Dataset Built From Freebase

— b For KG Completion Most used dataset evaluation KGEMS |
f-"' Frepg ase
rree And transductive Link prediction [1] oelibi m - Created by Teutanova and Chen

Q-2 ‘O Q\ Q) By ot ol - Excludes redundant relations
3 7 1 3 b 502,213 triples. = Excludes direct training links (Held-
; D = - 14,951 entities, out triples), No Near-duplicate and
e ( FG O - 1,345 relationships inverse relations.

Base Graphs Subset of KG[Datasets) = 272,115 triples 237 relationships

(General Facts) (Triples Store) Goal :

FB15k-237 : Disadvantageous Design Rpaws " renviitermer

Non-trivial inference

FB15k-237 [3]

[ rmski ]
- Subset of Freebase

Additional preprocessing steps prefix fh:<http://rdf freebase com/ns/>

Two-hop composed relationships ir’:-m,nmlsn :::ma::jwar:_nmmee awar:_ awar:_ : r(: m.Ocqhk

144 Relations aren't atomic e es fb::m.m:d namge :W‘frd :::rd e ::::g z
Not all paths have been preserved ¥'b: award award_nominee award_nominationséfb:award award_nomination. ward Them.02g5hs .
There's NO FreeBase n-ary relations |y fb:m.023s8 fb: awardaward_nominee. award award_ g )

fb:m.OcnlB0 (Phyllis Smith), fb:m.023s8 (Calista Flockhart)

Research Questions
I and fb:m.02g5h5 (Peter MacNicol) are movie actors. Q

RQ1L. How KGE models can distinguish between these facts and
learn what is correct ? In n-ary relation correctly modeled ?
RQ2. How does the lack of atomic relations in FB15k-237 affect
the performance of KGE models in real world applications ?

All nominated to the same award “Screen Actors Guild™;
C. Flockhart and P. MacNicol were nominated to the same edition.

UT : PSmith and C. Flockhart were not nominated at the same edition.
Hence : The last triple seems to have a high , which is NOT

Contribution : FB15k-CVT The Proposed Dataset
X t.owmm
ool 0@ Iz
Entity Filtering (FB15k-237 topics] —— Select Relstions (decompased + direct relatins in F815k-237)

Fair Evaluation : Link Prediction to Path Prediction

+Same Train/Valid/Test entities split as in FB15k-237 dataset i
+ Split two-hop relations, Adding intermediate nodes (CVTs) i

~ Frecbase
(Last update)
[ In August 2015)

+ All Topics in different subset should appear in training set et n
+Not all CTs appears in training ser Direct path Joining path : Splitting patl |
+ Not all CVTs are learned by KGE Models (1 P P / ) ||| (e0 7 )/ (i) | [y rye) J (e re)

+ Baseline KGEMs : TransE [4] and DistMult [5]
+ Experiment : Path prediction (PP) on FB15k-CVT

Adapting Score Functions

Where ? Modifying scoring function in the evaluation phase
Why ? Not taking CVT representations inte account .
Can it learn the space representation of intermediate nodes

ﬁ+ﬁ:@ F TT‘ ) .I .I

| fw('u'x Tz62) = Miey # sign(ry)ry ) - [ez- signiry )Lrz )il

Evaluation Results

\TransE

Conclusions
- Our paper addresses the limitations of current KGEM evaluation datasets and Introduces F815k-CVT.
- Our dataset FB15-CVT Is created from Freebase and FB15k-237. It ks an exact subset of Freebase.
- Wie argue that the reintroduction of CVTs in the dataset offers new challenges for emerging KGEMS.
- Preliminary evaluation results shows that the overall performances of the two models significantly l

v P T i e, ety s o b o g
decrease In the prasence of CVTs e ncadig i i et R S LASTL

| 1R L Mﬁs
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Rirumue Frusgas

FB15k-CVT: A Challenging Dataset for Knowledge
Graph Embedding Models

r Charpenay' and ne Zimmermann'

ferroudjene™, Vict

'Mines Saint-Etienne, Univ Clermont Awvergne, INP Clermont Auvergne, CNRS, UMR 6158 LIVOS, Szint-Etienne, France
“COURBON Software, 70 rue de la Montat — C5 0327, 42015 Saint-Etienne, France

Abstract

Knowledge Graphs (Ks) are an essential component of newre-symbolic AL KG Embedding Models
[KGEMs) are used to represent elements of a KG (its entities and relatsons) in a veclor space, to enable
efficient processing and reasoning over knowledge. Most KGEMs are evaluated against datasets derived
fram the Frecbase KG: FE15k and FR15k-257. In this paper. we identify limitations in these datasets
with respect to Compound Value Types (CVTs), which are nodes introduced in Freebase as a suhstitute
for n-ary relations. In FE15k and FES1k-237, CVTs have been removed, thereby eliminating valuable
mformation. To evaluate whether KGEMs can keamn semantically accurate representations of entities
and relatsons in Freebase, we introduce here a new dataset named FE15k-CVT, which reintroduces the
deleted CVT nodes. In a preliminary evaluation, we assess the limitations of baseline KGEMs (TransE,
Disthult) in the presence of CVTs. The evaluation suggests that KGEMs based on tensar decompasition
are more promesing than translational medels but, most of all, it calls for further expenmments with
KGEMs that can answer conjunctive queties or that preserve logical entailment.

Keywords
Knowledge Graphs, Neuresymbolic Al, Knowldge Graph Embeddings Maodels, FB13K-237

1. Introduction

Enowledge graphs (KGs) have become an essential component of neuro-symbolic Al research.
A KG is a uniform source of information in which physical-world entities are represented as
vertices of a directed edge-labeled graph. In the context of representation learning, edge labels
of a K are called relations, and its edges are called facts or triples [1].

KGa can be leveraged in a great variety of Al applications. Over the past decade, many KG
Embedding Models (KGEMs) have been developed for that purpose [1, Sec. 4.2]. By representing
entities and relations as numeric structures in a vector space, KGEMs ]va'u:le a way to integrate
bath symbolic and sub-symbolic knowledge, enabling efficient processing and reasoning over
complex and heterogeneous data. Most KGEMs are evaluated against datasets that are derived
from Freebase®, a (now archived) public KG containing millions of entities and billions of facts.

In KGEM research, the most notable datasets derived from Freehase are FE15k and FB15k-237.
FB15k is a subset of Freebase that includes 15k entities selected among the most frequent entities

by H023, 17th Internatione] Workshop on Newral-Symbalic Learning and Beasoning, Centosa di Pontignana, Stena,

emse fr (V. Charpenay]);
2023 Copsright far o Licwras Aeibutian A0 niemainal 00 B 4
[="=2 CEUR Warkshop Proceedings {CE

' Freehase data dumps hitps rechase, accessed 20 March 2023
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