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One of the mostimportant
paradigmatic transitions
characterizing Industry 5.0
is theshift of focus from
technology-driven
progress to a thoroughly
human-centric approach.
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Towards a
sustainable, human-
centric and resilient
European industry
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Final insight:

» Improving 4 variables lead to 20% improve in productivity without the
requirement of increasing energy consumption.
* Reducing energy by 2.5% to keep the current throughput is possible.
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NM Proportion | Standard Offline KDO
7 40/60 5.649E+01 5.804E+01
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9 40/60 5.580E+01 5.776E+01
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6 30/70 5.759E+01 5.781E+01
70/30 5.617E+01 5.750E+01
10 30/70 5.729E+01  5.474E+01
70/30 5.727E+01 5.786E+01

Bold values indicate higher AUC scores.

Hypervolume

— +) -40/60, standard
—E—40/60, KDO
— =x— - 60/40, standard
—3—0/40, KDO

0.8 [

— ) - 40/60, standard 1 -
—6— 10/60, KDO i
— == = 60/40, standard ;
——60/40, KDO 0.9 |

— +) -40/60, standard
—E&—40/60, KDO
— == =60/40, standard
—— 60/40, KDO

1 10 20 30 40 50

1 10 20 30 40 50

1 10 20 30 40 50

142 5= 1.2
1 1.1
I
0.8 — )= -30/70, standard 1 — ) -30/70, standard
f —&—30/70, KDO —&—30/70, KDO
I — =x— =70/30, standard — =x— = T70/30, standard
06 1 ——T70/30, KDO 09 ——70/30, KDO
1 10 20 30 40 50 1 10 20 30 40 50
Generation

Figure 8. Convergence plots of the scenarios with 7 operators (top left), 8 operators (top center),
9 operators (top right), 6 operators (lower left), and 10 operators (lower right).
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Static Method
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Conclusions

Our proposed VF-KDO approach has advanced to provide an innovative
methodology that puts simulation, Al-based multi-objective optimization and
knowledge extraction, visualization and storing for sustainable and resilient
decision-making support into an integrated human-machine co-learning (HMCol)
framework.

We are developing an LLVI-based interface to graph database for supporting
HMCol through linking data-model-optimization-knowledge-decision for
enhancing transparency and traceability in supporting group decision making and
learning.

HMCol in a multi-objective simulation-based optimization context is relatively
new but will gain higher momentum when computing and Al are advancing in a
lightning pace — e.g., quantum computing.



