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Interpretations are needed in industry

Industrial ecosystems according to the EC
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Interpretations are needed in industry

Types of industries

Industry

Quaternary

Quinary

Define

Exploit natural resources and
produce raw materials.

Process raw materials and
manufacture and finished goods

Distribute goods and
provide services

Information-based services

Decision making,
Household services
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Examples

Mining, farming

Production of cars,
food, and clothes

Supermarkets,
hairdressing, travel agents

Teaching, journalism, banking

Carpet cleaning, child
care, restaurants
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Interpretations are needed in industry

Levels

Component
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Interpretations are needed in industry

Book: CRC Press. 2019

INDUSTRIAL
APPLICATIONS OF
MACHINE LEARNING
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Concha Bielza

@ CRC Press
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Interpretations are needed in industry
Explanations to...

justify, understand, discover, robustness, bias, improvement,
transferability, human comprehensibility
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Interpretations are needed in industry

Stakeholders
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Interpretations are needed in industry

Regulation of Al devices in industry

Al Programme -

Phase I: exploration Phase II: AlI/ML framework
and first guidance development consolidation

| T T T T T T T
w0 2 o €I o am oo
Al Concept Paper Issue 02 EASA Al Roadmap 2.0 (May 2023)

Learning Assurance
& Al Explainability

Human-Al Teaming

Ethics-based
assessment

Update timeline

- Update current action plan
+Add ATV domain timeline

Extension of technical scope:
*Reinforcement Learning.
*Symbolic /Hybrid Al

Published fo, ransulrtion
on 24th Febnlaly2023
(for1o weeks)

-europa. ey /o

Anticipate consolidation phase 1|

J* Develop Rulemaking Plan
«Anticipateimpacton all domains

EEASA

2 EASA Pro

Domains & Machine Learning Application Approval
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Interpretations are needed in industry

Taxonomy of XAl approaches (Belle and Papantonis, 2021)

i Popular T
Explainability Principles (examples)
Categories R v
? leamer
Model types rpitcaion
Decision tree
Logistic / Linear
regression
functions
Decision Trees
Sensitivity
e Feature relevance
Neighbours explanation Game theory e
Transparent inspired
Models Rule-based \
leamers \\ Interaction based
\
Generative \ Rule-based
Additive Models \ o Anchors
\ | Model-Agnostic —— Local explanations
P— [ W=y LIME
EerEmifEEED approximation
Counterfactuals ———  Countertactual
instances
/) Random Forest —
. Sensitivity
Visual \cE
Opaque Support Vector explanations
Models Machines [EEEEiisnsy [
PDP
Multi-ayer Neural =
Network | ule-bas
leamer >
Explanation by Decision trees / [Ess
Simplification prototypes
(" Modek-specific Distillation
Feature relevance Feature
explanation

XBN in Industry - ECAI-2023

importance
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Interpretations are needed in industry

Interpretability (Lipton, 2016)

Human in the loop
» Interpretability stands for a human-level understanding of the inner working of the model

@ Simulatability: model ability to be simulated by a human. Simplicity alone is not enough
(e.g., very large amount of simple rules). At the level of the entire model

@ Decomposability: ability to break down a model into parts and then interpret them. At the
level of individual components

@ Algorithmic transparency: ability to understand the procedure the model goes through to
generate its output. At the level of the training algorithm
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Interpretations are needed in industry
Literature
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Machine Learning
Approaches

2022
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Interpretations are needed in industry
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e Bayesian networks
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Bayesian networks

Bayesian networks

Probabilistic graphical models

@ Directed acyclic graph
n
Q@ p(Xi, ..., Xn) = [Ip(X | Pa(Xy)
i=1

@ Conditional independence: W and T are conditionally
independent given Z < p(W|T, Z) = p(W|Z)

—p| 0.95

P(A, N, S, D, P) = p(A)p(N|A)p(S|A)p(DIN, S)p(P|S)
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Bayesian networks

Bayesian networks

Probabilistic graphical models

@ Directed acyclic graph @ Exact: variable elimination, message passing

@ Approximate: sequential simulation and MCMC

@ p(X;,.... Xa) = [Ip(X | Pa(xy)
i=1

@ Conditional independence: W and T are conditionally
independent given Z < p(W|T, Z) = p(W|Z)

[} Age
a5 I
young 6%||

O/q

> Neuronal Atrophy Stroke
yes 14%

K os 100% N |
no 86%| 10 =i 0% =
<

B

\3

(] Dementia Paralysis
ves 525 N ves 757 I
no 48%|0 = no 25%| | =

p(Xij|stroke=yes)
P(A, N, S, D, P) = p(A)p(N|A)p(S|A)p(DIN, S)p(P|S)
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Bayesian networks

Conditional independence

© Age
od 75%| I
lyoung 25%| =
©  Neuronal Atrophy =) Stroke

Dementia ©  Dementia
ves 52% ]
no 48%|[0 I
p(Xi) p(Xj|stroke=yes)

ves 007 ] ves 007 ]

S Paraysis & Dementa
ves 96| I |
o 25% o 4%| I
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Bayesian networks

Learning BNs from data

STRUCTURE LEARNING

o Detecting conditional independencies between triples of variables by hypothesis tests

@ Score and search methods

e[| e

Equiv.
é Onterings L |

. Be BD, K2, Byt Greedy, simulated
: BDe, BDeu i ling EDA:

MCMC

branch & bound, | |genctic algorithms,

programming

PARAMETER LEARNING: p(X; = x; | Pa(X;) = pa{)

@ Maximum likelihood estimation
@ Bayesian estimation
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Bayesian networks

Machine learning and Bayesian networks

Clustering
o Non-probabilistic.
— Hierarchical
o Agglomerative

« Divisive

« Spectral clustering
o K-medoids

« Affinity propagation
o K-plane clustering

o Probabilistic
~ Finite-mixture models
~ Bayesian networks.

MACHINE
LEARNING

XBN in Industry - ECAI-2023

Multiview-clustering
o Agglomerative clustering
« Density-based
o Principal component analysis
~ Canonical correlation analysis

o Spectral clustering

 Co-regularization

 Ensemble clustering

« Bayesian networks

Supervised classification

« Non-probabilistic
~ Nearest neighbors
~ Classification trees
~ Rule induction
— Antificial neural networks
— Support vector machines
« Probabilistic
~ Discriminant analysis
— Logistic regression
— Bayesian network classifiers
o Metaclassifiers
— Fusion of ontputs
— Stacked generalization
— Cascading
~ Bagging.
— Random forest
~ Boosting
— Hybrid classifiers

October 1, 2023




Bayesian networks

Machine learning and Bayesian networks

Clustering Multiview-clustering

« Bayesian networks

Supervised classification

~ Bayesian network classifiers

XBN in Industry - ECAI-2023 October 1, 2023



Bayesian networks

Explainability with Bayesian networks (XBN)

2. Reasoning

Counterfactual

Most
probable
explanation

4. Decision
Most
relevant
explanation

Same-
decision
Prob.

Sensitivity
analysis
©C. Bielza, P. Larrafaga
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Bayesian networks

Explainability with Bayesian networks (XBN)

p(effect|cause)

2. Reasoning

Most
probable
explanation

Same-
decision
Prob.

4. Decision
Sensitivity
analysis

Most
relevant
explanation
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Bayesian networks

Explainability with Bayesian networks (XBN)

2. Reasoning

p(cause|effect)

Most
probable
explanation

Same-
decision
Prob.

4. Decision
Sensitivity
analysis

Most
relevant
explanation
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Bayesian networks

Explainability with Bayesian networks (XBN)

@ p e
- B|A =a,F=e)
Counterfactual

Most
probable
explanation

Same-
decision
Prob.

4. Decision
Sensitivity
analysis

Most
relevant
explanation
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Bayesian networks

Explainability with Bayesian networks (XBN)

2. Reasoning

argmaxe p(Cle) =c. Find e = e
s.t. argmaxe p(Cle') = ¢ # ¢

4. Decision
Sensitivity
analysis

Most
probable
explanation

Same-
decision

Prob.
Most

relevant
explanation
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Bayesian networks

Explainability with Bayesian networks (XBN)

2. Reasoning

h* = arg mlzllxp(H = hle)

Most
probable
explanation

Same-
decision
Prob.

4. Decision
Sensitivity
analysis

Most
relevant
explanation
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Bayesian networks

Explainability with Bayesian networks (XBN)

2. Reasoning

Counterfactual

Most
probable
explanation

4. Decision
Most
relevant

explanation Sensitivity
analysis

Same-
decision
Prob.

r’ = argmax @_ CcCH
T ple|-r)
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e Quenching with laser
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Quenching with laser

Q enChIng Wlth Iaser Larrafaga,..., Bielza (2019)

8001 Austenite

Temperature (C°)

Martensite -
| | | | |
1 10 100 1,000 10,000
Time (s)

TTT curve with a possible cooling trajectory of a hardening process
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Quenching with laser

Quenching with laser

= I

XBN in Industry - ECAI-2023
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Laser beams are able to heating
small and localized areas

High-speed thermal cameras

One full rotation of the surface of
each crankshaft took 21.5 seconds
(sequences of 21,500 frames)

October 1, 2023



Quenching with laser

Quenching with laser: dynamic Bayesian networks

Factorization

@ Discretize timeline into a set of time slices, regularly spaced (predetermined granularity)
@ Value of each variable attime ty = 0, ) + A, fy + 2A, ..., T
@ Transition arcs forward in time, arcs within a slice

T T
@ p(X°,... X"y = pX°) J[pX' X)) =pXO)]] p(X"|X""")  unrolled BN
| — N———

t=1 t=1
initial distribution transition net Markovian order 1

@ Stationary

Prior net Transition net Unrolled over 3 steps
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Quenching with laser

Quenching with laser: transition network

©C. Bielza, P. Larrafaga

med med
055 O

sd sd
(past) (present)

RN A AAAIARAN

max max
(past) (present)
F—@—® min min
(past) (present)
Vertical line separates the past and the present frames
XBN in Industry - ECAI-2023 October 1, 2023



Quenching with laser

Quenching with laser: Markov blanket of each region

€
[ ]

Region 3 Region 4 Region 5

[
2
(5]

Region 6 Region 7 Region 8

)
[ ]
3

Region 9 Region 10 Region 12
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Quenching with laser

Quenching with laser: conditional probability tables

med_4_present =3  med_ 4 _present = 4
med_4_present

6
Probability
1
4
3 0.75
6 7 8 9 6 7 8 9
med_4_present =5  med_4_present = 6 0.50
6 0.25
5
0
4
2,
3 3

med_T_present
T8 9. 6 7T
med_T_present

Values of p(Reg4t\Reg7', Reg4t_1 )
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Quenching with laser

Quenching with laser: anomaly detection by likelihood

Normality Anomaly Score—
Model

Estimate a probabilistic model (based on dynamic Bayesian
networks) from the normal instances

«« Q( . Establish a threshold in this joint probability distribution
___________ 3 @< Compare the likelihood of the new instance with the likelihood
"""" - TRAINING DATASET, .~ threshold
Normal @====3=== > Abnormal
Anomaly Score
Anomaly Threshold

@ Why this anomaly? =- Likelihood decomposition

@ Can we generate synthetic anomalies? Defect in the laser power supply unit, camera
sensor wear...
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Fouling in industrial furnaces

Outline

e Fouling in industrial furnaces
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Fouling in industrial furnaces

FO U | | n g | n | n d U St rl al fU aCe S Quesada, Valverde, Larrafiaga, Bielza (2021)

Fouling
layer
Fluid flow -------- >
Impurities deposited Clean tubes periodically
Heaters
In the tubes, preheat the oil before entering the furnace
520
s10 " ‘ Predict temperature to be provided to the
500 i /V‘M walls as the fouling evolves, specially in the
400 /.M ) long term (T = 2000h)
1%} 480 ] ".
4701 fF / @ Andso help operators when the next cleaning
::Z "J A (* I} years (~2.7 months), 20 cycles (~2000h),
a0 f w/ hourly data (43,415h)
430 @ 35 variables: physical properties (pressure,
1000 2000 3000 4000 5000 6000 temperatures, feed flow heaters...) from sensors

Hours

iid trayectories (cycles) to learn (different lengths)
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Fouling in industrial furnaces

Fouling in industrial furnaces

500 feed
low
heaters t4 Aetage

tube
pressure t0

intake

fluid
"
460 average average average average temperature (0
oven oven oven oven

.

200 400 600 800 1000 1200 1400 1600 1800
Hours out flow 0

Predictions of a test cycle (red) DGBN (order 4)
p(XHh'eO:t)

@ D(Gaussian)BNs, different Markovian orders Other inferences
o gg;l;te scenarios (effect of some X; on the o p(X’|e°:') (filtering)

t—h|a0:t :
@ dbnR package, with visualization tool @ p(x!~"|e"") (smoothing)
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Fouling in industrial furnaces

FO U | I ng Wlth aCtl O nS Valverde, Quesada, Larrafiaga, Bielza (2023)

Ve ®

LY
°ooo0
13

A €(01)
Observation | O Reward | R Action | if A; > 0.5
Ty, T2, Se Car -y Ry =e®hi® then Stop

(XXX T

Reinforcement learning Two options of Bayesian networks
[+ Policy based on a Bayesian 1 Ordinary differential equations + Action node
network 2 Partial expert knowledge + rest learned from data

@ In1and 2, BN parameter adaptation based on
the reward function and likelihood

300

0 50 100 150 0 50 100 150
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Ball-bearing degradation

e Ball-bearing degradation
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Ball-bearing degradation

B al I a be a. I’I n g d e g rad atl O n Puerto-Santana, Larranaga, Bielza (2022a)

\7‘% AL A Radial force
CAGE \x
4 3 A OUTER RACE
== = INNER RACE
Real bearing https://www.electricmotorengineering.com/ Setup; until one fails (Qian et al., 2017)

@ Vibrational sensors — signals — filtered signals — Fourier transform
— 4 fundamental frequencies related to typical bearing defects in its components
(inner/outer rings, rollers and cage). 20 kHz

@ Observed variables: ball pass frequency outer (BPFO), inner (BPFI), ball spin frequency
(BSF), fundamental train frequency (FTF)
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Ball-bearing degradation

Ball-bearing degradation: hidden Markov models

TRANSITION

b(x"") b,[x“z) EMISSION

Hidden Markov model

Autoregressive asymmetric linear Gaussian
HMM
Puerto-Santana et al (2022b, 2022c, 2023)

@ Hidden state = bearing health state
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Ball-bearing degradation

Ball-bearing degradation: results

@ At B3: “Viterbi path” {Q!} for explaining the evidence. Interpretable?

@ Rather, map g(/) : Q — R depending on the model parameters (automatic numerical
labeling). In this case, g adds the mean magnitudes of all variables

0.038882 0.10
0.12

v ) v

3 E] 3

£020 £ 0.038880 £008

2 g 2

£0.08 £ £

%’o.os 50.038878 50.06

[ 200 200 600 0 200 400 600 0 200 200 600
seconds seconds seconds
Our model (v) LMSAR (v) Naive-HMM (inconsistent)

@ = expected behavior; but LMSAR has insignificant differences in g values
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Ball-bearing degradation

Ball-bearing degradation: results

@ |Interpret the state-specific Gaussian BNs:

BPFO BPFI
FTF

(a) BN given healthy bearings (b) BN given a bad health

BPFI

(a) cage frequencies (FTF) determine the remaining variables;
(b) more complex, with other relationships and AR (impact of the past)
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Machine-tool condition monitoring

Outline

e Machine-tool condition monitoring

©C. Bielza, P. Larrafaga XBN in Industry - ECAI-2023 October 1, 2023



Machine-tool condition monitoring

MaChIne_tOOI Condltlon monltorlng Diaz-Rozo, Bielza, Larrafiaga (2020)

@ A machine-tool that produces engine crankshafts at high speed
@ 31 machining cycles (crankshafts). 30 s and 3000 instances each

@ Variables: angular speed, temperature, power, and torque, taken from each of the two
spindle heads of the machine

I\ne

(a) Crankshaft machine-tool (b) Crankshaft (credit: Abilene Machine (CC
BY 2.0))

. Clustering
(c) Spindle head Posterior probability

@ Multivariate Gaussian mixture model: f(x, ) = Zfﬂ i fi (X; ek, Xk ), with f @ Gaussian
@ K can change
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Machine-tool condition monitoring

Machine-tool condition monitoring: results

Number of components evolution Power consumption evolution
9
8

8
g7 6
§
§e s
£
g° B
4
o
i 0 "T_
H]
2, 5

1

-4
01— T T T T v v v v v v T
0 20000 40000 60000 80000 3000 4000 5000 6000 7000 8000 9000 10000
Instances Instances
(a) N = 1000 (b) Concept drifts location (N = 1000)

@ N is the window length used for training
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Machine-tool condition monitoring

Machine-tool condition monitoring: interpretation

First:

Component Rule Number of instances

H Power 70 W

M \P ‘1 Temperature € [34.12,34.16] °C
4 Angular speed ~ 0 RPM

Angular speed evolution
> Temperature = 342 °C

o]
z [ JL
< —2000 -

—4000 Angular speed > §5.6 RPM

Power 0 W

Temperature € [34.12,34.16] °C a74
(Ostopped (drilling (@ drilling @other (@ tapping Torque € [0.23,031] N m and [<0.12,~1.03] N m

3 Other 1717
@ accelerating | @ tapping @ accelerating | @ stopped @ tapping Power > 0

5 > Temperature € [34.14 - 3425] °C 42
) ) ) Torque 5026 N m
tappin; tappin; tappin;
Otapping  |@other Qother Qtapping | @tapping B TR
Torue <0 N m

©
v

@other @drilling  |@breaking  [@drilling | @ other > Temperature = 342 °C
7 Torque > ~020 N m 745
@ drilling @ tapping ®spinning  [@ spinning | @ drilling A Angular speed < -57.12 RPM
@spiming | @tapping @ drilling
@breaking  |@paused Third:
1 Angular speed # 3820 RPM 10
3898 5215 6235 7469 8738
9 Power <0.16 W 20
v Y — M Angular speed < ~3820 RPM
warm-up machining finishing cycle starting cycle  machining 3 Other 936
starting cycle machining T ) Temperature <360 °C "
hini Angular speed < 3819 RPM

similar cycles 5 Angular speed ~ —3819 RPM 18
@ |Interpret clusters: for insights into machining process and evolution
@ Cluster number as the class variable to induce a set of rules (RIPPER)
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Energy disaggregation

e Energy disaggregation
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Energy disaggregation

Energy disaggregation  viasinco Larasaga, sieza (2021)

» Identify the operation of individual motors by using the aggregate power consumption

500
700
600

=500

5 400

—— measured pover

0 200 400 600 800 1000
Time [s]

=== load 1
== load 2
— load 3

load 4

e

) 200 100 G0 00 1000
Time |5

Brucke et al. (2020)

Electrical measurements from an industrial machine working in a real environment (high power consumers)

Variables: intensity (/), voltage (V), active power (P), reactive power (Q), and apparent power (S), observed at 500Hz
and discretized into 30 states (equal width) x 3 (3-phase motors, A, B, C) — 15 variables

Classify the power consumption state (high/low/inactive) of each motor C1-C6 (6 classes), by using the energy
consumption of the machine as a whole

Physical relations: C1-C2, C5-C6 work together on similar tasks. C3 and C4 work synchronously with the motor pairs
C1/C2 and C5/C86, respectively
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Electric Motor 2

ElecticMotor5  ElectricMolord  Electic Motor 3

Electic Motor &

Eloctric Motor 1

F

Energy disaggregation

Energy disaggregation: datasets

@ 15 datasets. Training sequences all last 0.3 s (needs of the company); 150 obs/seq

g

. Active Power (normaiized)

Q._,I_I_H_ILLFN‘IJI_IULH_M Y I

. .
M_II_I_H_ILLFHI_IJI_IULH_WI Y I

e .
hw I o |

- I

I 1 I
EETS %5300 %5315 %5530 65345 85400 05415 065430
Timestamp. Aug 01,2019
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Energy disaggregation

Energy disaggregation: Multi-CTBNCs
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Energy disaggregation

Energy disaggregation: Multi-CTBNCs
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Energy disaggregation

Energy disaggregation: Multi-CTBNCs

@ Significant differences wrt 6 independent CTBNC (global Acc 0.74 vs 0.68; F1 0.81 vs 0.8)

@ Expected relationships: C’s match the setup, same children for all C’s in the bridge
subgraph (similar motors), feature subgraph with 3-phase connections of S and P
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Energy disaggregation: predictions
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