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Cooperation within projects and researchers from international
universities in areas of:

* Semantic knowledge engineering
* Knowledge graphs

* Context-aware systems

* Ambient intelligence

* Sensor data analysis

* Affective computing

* Industrial Al

* Explainable Al (XAl)

* Aland Law

* Semantic data mining

Research staff mobility and position “upgrade”.

In 2020 we moved from AGH to Jagiellonian!



Areas of
Interest,
projects, and
activities

Hybrid Al systems
combining Intelligent
data analysis with
human knowledge

Contextual sensor data
analysis

Applications of Al
methods over a range
of domains

Interdiscip. workshops:
SEDAMI (ECMLPKDD),
PRAXAI (DSAA), AfCAI
(IWINAC), XAILA (JURIX)

CHIST-ERA Pacmel
project: data analysis
models for 14.0

CHIST-ERA XPM project:
PdM with XAl in 14.0

NCBR projects in Al for
marketing

BIRAFFE: affective
computing AfC

PANBA: experiments in
AfC

HULCKA: human in the
loop data clustering



Why humanized,
human centric Al?

* Al has been (so far) made by humans and
for humans

* H knowledge is de facto the driving factor
in Al

e H factors are in important in interaction,
feedback, context

e Hs are users of Al, thus need to

understand and accept it JA' | CAI
* H-centric perspective might be critical for

future Al, e.g. embodiment



Source: Presentation @ DSAA2021 l
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mprovements of cluster analysis with XAl and

e Datais multidimensional and
unlabelled

numan in the loop approach
* Main goal is to discover,

- LN 9
2\ .
“ assign meaning and analyse

and possibly contradicts with

knowledge discovered from
& data

Ji \\] \J \ patternsin the data
JHER. . & » Coarse expert knoweldge exists
L A\ “

‘ 9_:_| « Domain experts may not
VL \ \ (| Sl ° | have full expert knowledge
\ | '. about technical details of the
voou N machinery




Motivation

* Having expert labelling and
automated labelling we wanted
to confront it, and possibly
refine the former

 The refinement should include
merging and splitting expert
clusters

* The recommendations for splits
and merges should be
explained

* It should be possible to
measure the quality of
explanations
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Bobek S., Nalepa G.J., Augmenting Automatic Clustering with Expert Knowledge
and Explanations, In:Paszynski, M. et.al. (eds) Computational Science —ICCS 2021.
ICCS 2021. Lecture Notesin Computer Science, vol 12745.

Springer, Cham. https://doi.org/10.1007/978-3-030-77970-2_48

KnAC: an approach for enhancing cluster analysis with background knowledge and
explanations, S. Bobek, M. Kuk, J. Brzegowski, E. Brzychczy, and G. J. Nalepa.

ArXiv: https://axiv.org/abs/2112.08759
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https://doi.org/10.1007/978-3-030-77970-2_48
https://arxiv.org/abs/2112.08759

Select candidates for splits and merges

Expert clustering Automated clustering Hspie and Hierge
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Bobek S., Nalepa G.J., Augmenting Automatic Clustering with Expert Knowledge
and Explanations, In:Paszynski, M. et.al. (eds) Computational Science —ICCS 2021. [ ( C_l C_2 ) ]
ICCS2021. L C S 11274 .
Springer Cht;e:r:;ureNotesm omputerScience, vol 12745. (Confldence O . 8 -7 )

KnAC: an approach for enhancing cluster analysis with background knowledge and

explanations, S. Bobek, M. Kuk, J. Brzegowski, E. Brzychczy, and G. J. Nalepa. httpSZ//gith U b . CO m/SbO be k/kn a C
ArXiv: https://axiv.org/abs/2112.08759


https://doi.org/10.1007/978-3-030-77970-2_48
https://arxiv.org/abs/2112.08759

Explanations of splits and merges

Automated clustering

Expert clustering
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BobeksS., Nalepa GJ., Augmenting Automatic Clustering with Expert Knowledge
and Explanations, In:Paszynski, M. et.al. (eds) Computational Science —ICCS 2021.
ICCS 2021. Lecture Notesin Computer Science, vol 12745.

Springer, Cham. https://doi.org/10.1007/978-3-030-77970-2_48

KnAC: an approach for enhancing cluster analysis with background knowledge and
explanations,S. Bobek, M. Kuk, J. Brzegowski, E. Brzychczy, and G. J. Nalepa.

ArXiv: https://axiv.org/abs/2112.08759

https://github.com/sbobek/knac
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Better explanations for clusters differences
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Kuk M., BobeksS., Nalepa G.J., Explainable clustering with multidimensional bounding boxes,
2021 IEEE 8th International Conference on Data Science and Advanced Analytics, DSAA
2021. https://dai.org/10.1109/DSAA53316.2021.9564220

BobeksS., Kuk M. Nalepa G.J.,
Enhancing cluster analysis with explainable Al and multidimensional cluster prototypes
(Submitten to IEEE Access)


https://doi.org/10.1109/DSAA53316.2021.9564220

Local Uncertain eXplanations (LUX)
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BobeksS., Nalepa GJ., Introducing Uncertainty into Explainable Al Methods, O [O 1 3 ] O [O ) 9 3 ]

In: Paszynski, M. et.al. (eds) Computational Science —1CCS 2021. ICCS

2021. Lecture Notes in Computer Science, vol 12745. Springer, httpSZ//gith U b .CO m/SbO be k/l UX
Cham. https://doi.org/10.1007/978-3-030-77980-1_34


https://doi.org/10.1007/978-3-030-77980-1_34

Future works: evaluation of explanations
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BobeksS., Mozolewski M., Nalepa GJ., Explanation-Driven Model Stacking,
In: Paszynski, M. et.al. (eds) Computational Science —1CCS

2021. Lecture NotesinComputerScience, vol 12745. Springer,

Cham. https://doi.org/10.1007/978-3-030-77980-1_28
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Future works: evaluation of explanations
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BobeksS., Mozolewski M., Nalepa GJ., Explanation-Driven Model Stacking,
In: Paszynski, M. et.al. (eds) Computational Science —1CCS

2021. Lecture NotesinComputerScience, vol 12745. Springer,

Cham. https://doi.org/10.1007/978-3-030-77980-1_28
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Future works: evaluation of explanations
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2021. Lecture NotesinComputerScience, vol 12745. Springer,
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Ensemble explanations
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BobeksS., Balaga P., Nalepa G.J., Towards Model-Agnostic Ensemble Explanations,
In: Paszynski, M. et.al. (eds) Computational Science—1CCS 2021. ICCS

2021. Lecture Notes in Computer Science, vol 12745. Springer, Cham. https://doi.org/10.1007/978-3-
030-77970-2_4

https://github.com/sbobek/inxai


https://doi.org/10.1007/978-3-030-77970-2_4

Methods for cluster analysis

¢[1] BobekS., Nalepa G.J., Augmenting Automatic Clustering with Expert Knowledge and Explanations, In: Paszynski, M. et.al. (eds) Computational Science —ICCS 2021. ICCS
2021. Lecture Notesin ComputerScience, vol 12745. Springer, Cham. https://doi.org/10.1007/978-3-030-77970-2 48 (140 Ministry points)

eContribution: method proposal and design, prototypeimplementation, scientificsuperision, evaluation design
eIn thiswork we present a preliminary work on enhancing cluster analysis with eplainable Al and domain background knowledge

*[2] BobeksS., Kuk M., BrzegowskiJ., Brzychczy E., Nalepa G.J., KnAC: an approach forenhancing cluster analysis with background knowledge and explanations (submitted to
Applied Itelligence) (70 Ministry points, IF: 5.09)

eContribution: method proposal, prtotype implementation, design of evaluation experiment, evaluation execution and analysis

eIn this work we presenta method for clusteranalysis with explainable Aland domain knowledge according to humaninthe loop paradigm.
We present en evaluation on benchmark and real-life datasets.

CLAMP

¢[3] Kuk M., BobekS., Nalepa G.J., Explainable clustering with multidimensionalbounding boxes, 2021 IEEE 8th International Conference on Data Science and Advanced Analytics,
DSAA 2021. https://doi.org/10.1109/DSAA53316.2021.9564220 (140 Ministry points)

eContribution: method proposal and design for bounding boxes generation, scientificsupervision, evaluation design
eIn this paperwe presentanapproach forexplainable clustering based on lightweight cluster representation in aform of multidimensional boundingboxes

¢[4] BobekS., Kuk M. Nalepa G.J., Enhancing cluster analysis with explainable Al and multidimensional cluster prototypes (Submitted to IEEE Access) (100 Ministry points, IF:
3.37)

eContribution: method proposal and design, scientificsupervision

eIn this work we presenta methodology for generating multidimensional representations of clustersin aform of bounding boxes and perform explanations on
the differences between clsuters. We present en evaluaiton on benchamrk and real-life datasets.



https://doi.org/10.1007/978-3-030-77970-2_48
https://doi.org/10.1109/DSAA53316.2021.9564220

Methods for enhanced XAl

LUX

¢ [5] Bobek S., Nalepa G.J., Introducing Uncertainty into Explainable Al Methods, In: Paszynski, M. et.al. (eds) Computational Science — ICCS 2021. ICCS
2021. Lecture Notes in Computer Science, vol 12745. Springer, Cham. https://doi.org/10.1007/978-3-030-77980-1 34 (140 Ministry points)

e Contribution: method proposal and design, prtotype implementation, evaluation design and analysis
¢ In this work we present a novel method for generating explanatinos based on local approximation of classifier decision boundary with uncertain decision trees.

InXAl

* [6] Bobek S., Balaga P., Nalepa G.J., Towards Model-Agnostic Ensemble Explanations, In: Paszynski, M. et.al. (eds) Computational Science —ICCS 2021. ICCS
2021. Lecture Notes in Computer Science, vol 12745. Springer, Cham. https://doi.org/10.1007/978-3-030-77970-2_4 (140 Ministry points)
e Contribution: method proposal and design, scientific supervision
¢ In this work we present a preliminary approach for combining multiple explanation models into one ensemble explanation

e [7] Bobek S., Mozolewski M., Nalepa G.J., Explanation-Driven Model Stacking, In: Paszynski, M. et.al. (eds) Computational Science —ICCS 2021. ICCS
2021. Lecture Notes in Computer Science, vol 12745. Springer, Cham. https://doi.org/10.1007/978-3-030-77980-1_28 (140 Ministry points)
e Contribution: method proposal and design, scientific supervision, evaluation design

¢ In this work we present a preliminary approach for combining multiple machine learnign models in order
to optimize explanations with respectto selected measures such as stability, consistency, etc.



https://doi.org/10.1007/978-3-030-77980-1_34
https://doi.org/10.1007/978-3-030-77970-2_4
https://doi.org/10.1007/978-3-030-77980-1_28

Application area of Industry 4.0

Industry 4.0 Applications

e [8] Jakubowskil., Stanisz P., Bobek S., Nalepa G.J., Anomaly detection in asset degradation process using
variational autoencoder and explanations, Sensors 2022, 22, 291. https://doi.org/10.3390/s22010291 (100 Ministry points, IF: 3.58)

e Contribution: methods proposal and design for explainable anomaly detection in time series, scientific supervision

¢ In this work we propose a method that allows for explainable anomaly detection in time series for industrial processes that
originates from LSTM-based variational autoencoder

¢ [9] Bobek S., Tadeja S.K., Struski L., Stachura P., Kipouros T., Tabor J., Nalepa G.J., Kristensson P.O., Virtual reality-
based parallel coordinates plots enhanced with explainable ai and data-science analytics for decision-making processes, Applied Sciences
2022,12,331. https://doi.org/10.3390/app12010331 (100 Ministry points, IF: 2.68)

e Contribution: proposal, design and implementation of explainable Al layer in IPCP environment

e In this work we demonstrated applicability of clustering and explainable Al methods in visual analytics to supportinterpretation
of immersive parallel coordinate plots.

e [10] Kuk M., Bobek S., Nalepa G.J., Comparing explanations from glass-box and black-box machine-learning models, In: D. Groen et
al. (eds.): 1CCS 2022, Lecture Notes in Computer Science vol. 13352. https://doi.org/10.1007/978-3-031-08757-8_55 (140 Ministry points)

e Contribution: methodology proposal, evaluation design, scientific supervision

e In this work we compared efficiency of inherently interpretable methods and black-box models and XAl algorithms with respect to
the accuracy and comprehensability.



https://doi.org/10.3390/s22010291
https://doi.org/10.3390/app12010331
https://doi.org/10.1007/978-3-031-08757-8_55

Application area of Industry 4.0

Industry 4.0 Applications

¢ [11] Nalepa G.J., Bobek S., Kutt K., Atzmueller M., Semantic data mining in ubiquitous sensing: A survey,
Sensors 2021, 21, 4322, https://doi.org/10.3390/s21134322 (100 Ministry points, IF: 3.58)

¢ Contribution: analysis of XAl methods in semantic data mining, analysis of applications of semantic data mining in Industry 4.0
¢ In this work we present an overview of semantic data mining methods in areas which concerns multidimensional time series

[12] Jakubowski J., Stanisz P., Bobek S., Nalepa G.J., Explainable anomaly detection for Hot-rolling industrial process, 2021 IEEE 8th International
Conference on Data Science and Advanced Analytics, DSAA 2021. https://doi.org/10.1109/DSAA53316.2021.9564228 (140 Ministry points)

e Contribution: method proposal, scientific supervision, evaluation design

¢ In this work we propose a method that allows for explainable anomaly detection in time series for industrial processes that originates from LSTM-
based autoencoder

e [13] Jakubowski J., Stanisz P., Bobek S., Nalepa G.J., Performance of Explainable Al Methods in Asset Failure Prediction, In: D. Groen et al. (eds.): ICCS
2022, Lecture Notes in Computer Science vol. 13353. https://doi.org/10.1007/978-3-031-08760-8_40 (140 Ministry points)

¢ Contribution: scientific supervition
¢ In this work we evaluated multiple explanation mechnism for the task of anomaly detection in industrial processess.

e [14] Szelgzek M., Bobek S., Nalepa G.J., Semantic Data Mining Based Decision Support for Quality Assessment in Steel Industry (Submitted to Expert
Systems) (70 Ministry points, IF: 2.59)

¢ Contribution: scientific supervision, method verification

¢ In this paper we present a method that improves the six-sigma based approach for porcess controll with machine learning and explainable Al.


https://doi.org/10.3390/s21134322
https://doi.org/10.1109/DSAA53316.2021.9564228
https://doi.org/10.1007/978-3-031-08760-8_40

How to design
intelligent assistants
of the future?

HOW CAN | HELP ///////
YOU TODAY? !

G. J. Nalepa, K. Kutt, and S. Bobek, “Mobile platform for affective context-aware systems,” Futur. Gener. Comput. Syst., vol. 92, pp. 490-503, Mar. 2019



How to design
intelligent assistants
of the future?

Add Events to Calendar l PR L'St, ) f. o

o Get the tasks done right... i !! {~

Make Travel Arrangements

Order Groceries

Automate Customer Service 3‘
Book Tickets @ Organize Moiving Arrangements %!

Check Flight Status LP Play Media o
~ M
Check Smart Home Devices / g Provide Facts and Information

1
Give Recommendations \“7 Schedule Meetings I l
o

v
(W7 o
Hold a Natural Conversations Send Text Messages '

Make Phone Calls ﬂ = Set Alarms and Reminders

Make Shopping Lists ‘ Shop Online (Conversational Commerce) ‘I - '5

G. J. Nalepa, K. Kutt, and S. Bobek, “Mobile platform for affective context-aware systems,” Futur. Gener. Comput. Syst., vol. 92, pp. 490-503, Mar. 2019




How to design
intelligent assistants
of the future?

o Get the tasks done right...
o ...and react to emotions...

G. J. Nalepa, K. Kutt, and S. Bobek, “Mobile platform for affective context-aware systems,” Futur. Gener. Comput. Syst., vol. 92, pp. 490-503, Mar. 2019



How to design
intelligent assistants
of the future?

o Get the tasks done right... Shenalecnuisiiiong=9] | Fesfure

Extraction

o ...and react to emotions...

Signal processing

o ...in the affective loop!

Pattern

Control Signal

P o o - ——————————————_— i ——— - -

Feedback

Control System

G. J. Nalepa, K. Kutt, and S. Bobek, “Mobile platform for affective context-aware systems,” Futur. Gener. Comput. Syst., vol. 92, pp. 490-503, Mar. 2019




Context Context Biomedical
provider provider context
(AWARE) (AWARE) (AWARE)

How to design \'*#"/ """"""""""""""""" ;

intelligent assistants

(Uncertain Hoeffding Trees) (HMR+)

Of th e futu re ? Mediation Model and Mechanism
(Implicit/Explicit Mediation)
m
(] """""""""';
g Emotion recognition ;
w module : N
o Get the tasks done right... 2 R
. E (HMR+) : c
o ...and react to emotions... < N Y
< Reasoning : Egg
o ..in the affective loop! Ml 1
§§§ : ﬁ Mediator
Our universal framework as a basis mg i
for interaction design in intelligent d I
systems! CTIIITIIITIIITIIIN I
E E A | t Human
S | pplication Mediator

G. J. Nalepa, K. Kutt, and S. Bobek, “Mobile platform for affective context-aware systems,” Futur. Gener. Comput. Syst., vol. 92, pp. 490-503, Mar. 2019
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Affective computing exists, but...

It does not work well
"in the wild"

o There is a need for
ecological experimental
environment!

G. J. Nalepa et al., “Analysis and Use of the Emotional Context with Wearable Devices for Games and Intelligent Assistants,” Sensors, vol. 19, no. 11, p. 2509, 2019.



Video game-based ~ N
affective environment

Rich (as a real life) &
controllable (as a classical experiment)
context-based research environment!

L4

G. J. Nalepa et al., “Analysis and Use of the Emotional Context with Wearable Devices for Games and Intelligent Assistants, ” Sensors, vol. 19, no. / p. 2509, 2019.

V4



Video game-based
affective environment

Rich (as a real life) &
controllable (as a classical experiment)
context-based research environment! 0

9 :
Lo 218

18 B

Game: London Bridge

Goal: Affective vs neutral feedback? i

-

\ \ l
G. J. Nalepa, B. Gizycka, K. Kutt, and J. K. Argasinski, “Affective Design Patternsin Computer Games. Scrollrunner Ct($e Study,” in FedCSIS 2017, p%45—352.



Video game-based
affective environment

Rich (as a real life) &
controllable (as a classical experiment)
context-based research environment!

Game: Affective SpaceShooter ‘
Goal: Asteroid color = Emotional stimuli \

P

G. J. Nalepa et al., “Analysis and Use of the Emotional Context with Wearable Devices for Games and Intelligent Assistants, 4 Sensors, vol. 19, no. / p. 2509, 2019.



Video game-based ~ N
affective environment , 55

Rich (as a real life) &
controllable (as a classical experiment)
context-based research environment!

o

Game: Freud Me Out
Goal: Peaceful vs aggressive scenario

L4

G. J. Nalepa et al., “Analysis and Use of the Emotional Context with Wearable Devices for Games and Intelligent Assistants, ” Sensors, vol. 19, no. / p. 2509, 2019.
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— s el N ‘
Video game-based e N
affective environment

Rich (as a real life) &
controllable (as a classical experiment)
context-based research environment!

Game: Room of the Ghosts / Jump! /
Labyrinth

Goal: Short levels aimed at restricted set
of emotions

L. Zuchowska, K. Kutt, etal., “Affective Games Provide Controlable Context. Proposal of an Experimental Framework/’ in MRC@ECAI 2020, vol. ZIA pp. 45-50.



Video game-based
affective environment

Rich (as a real life) &
controllable (as a classical experiment)
context-based research environment!

IND ANYTHING YA LIKE?

JEE INTERESTING.

Game: Not-Named Affective RPG diie'v g 20

Goal: Bartle's Types of Players vs
Personality & Emotions

-

)0 A /
. \
L. Zuchowska, K. Kutt, and G. J. Nalepa, “Bartle Taxonomy-based Game for Affective and Personality Computing Rekearch,” in MRC@I1JCAI 2021, #}/ pp. 51-55.



Affective computing exists, but...

It does not work well
"in the wild"

o There is a need for
ecological experimental
environment!

. y
o There is a need

for personalization!

K. Kutt, D. Drqzyk, S. Bobek, and G. J. Nalepa, “Personality-Based Affective Adaptation Methods for Intelligent Systems,” Sensors, vol. 21, no. 1,p. 163, 2021.



Adaptation and personalization

We want to know something about this particular user:

nnnnnn

Personality

/

"Big Five" factors of personality as a base!
1.

Start by determining the user's personality
(personality computing)

Select one of pre-trained models for personality
profiles (no "cold start" problem!)

The system is pre-adapted to the user (better than
general model!)

Later, collect the interaction-related data to more
accurately personalize the model for that particular
user

K. Kutt, D. Drqzyk, S. Bobek, and G. J. Nalepa, “Personality-Based Affective Adaptation Methods for Intelligent Systems,” Sensors, vol. 21, no. 1,p. 163, 2021.



BIRAFFE series of experiments & datasets

BIRAFFE2

103 participants (33% female)
Classical experiment & games session
"Big Five" personality traits

Detailed game & procedure logs

~60 min of recordings for each participant:

ECG, EDA, gyroscope, face images

Available under CC licence at Zenodo

@ BIRAFFE2: The 2nd Study in X +

& cC O o zenodo.org

Zen0do

June 1, 2020

BIRAFFE2: The 2nd Study in Bio-Reactions

and Faces for Emotion-based
Personalization for Al Systems

Kutt, Krzysztof; (® Drazyk, Dominika; (& Bobek, Szymon; (® Nalepa, Grzegorz J
Data collector(s)

Drazyk, Dominika; Kutt, Krzysztof; (® Szelazek, Maciej; Zuchowska, Laura
Editor(s)

Drazyk, Dominika; (® Kutt, Krzysztof; (& Szelazek, Maciej
Researcher(s)

Kutt, Krzysztof; (& Drazyk, Dominika; & Bobek, Szymon; & Nalepa, Grzegorz J

K. Kutt et al., “BIRAFFE2, a multimodal dataset for emotion-based personalization in rich affective game environments,” Sci. Data, vol. 9, no. 1, p. 274, 2022.




Future Works: BIRAFFE3

* More signals: mobile EEG! * Pilot: July & September 2022

 More person-related data: Actual study: Autumn 2022
EPQ-R (personality), Bartle New dataset: January 2023
Taxonomy of Players!

* Brand new affective game! Analyses:

* New sensor kit: biosignalsplux * Pre-adapted models

provides better ECG and EDA!
* Better face images!

e Multimodal fusion

* High-level context extraction

* Wider range of emotions: fear! * Process mining on game logs



Loki: semantic wiki

Title: The Call of Cthulhu **Title**: [[title:=The Call of Cthulhu]]

Author h P lovecraft **pyblisher**: [[publisher::bookstore:publisher:iap]]

Publisher: |-r:'|F' **Language**: [[language:=english]]

Date: 2005

Language: english
Recommendation:

Books by this author:

Genre: haorrar

Pages: 52
at_the_mountains_of_madness

Keywords: evenings the_call_of_cthulhu

K. Kutt, and G. J. Nalepa, “Loki—the Semantic Wiki for Collaborative Knowledge Engineering,” Expert Systems with Applications, submitted in May 2022.



Loki: semantic wiki with KR modules (BPMN)

Bl Pl T bl Bt 11
events: {

start: {
se_orderRec: {

""""""""""""""""" : "Order received”,
type: message

Iy | [y o 4
[PH | [H [H, = &

: "Payment received”,

"Article removed”

intermediate: {
ie undeliverable: {
name: "undeliverable",
type: error

name: late Delivery”,
type: escalatlon,

"Customer informed",

EPF Ermn

mww e 0000080
Fs
-
A

s process_order_fulfillment
[} process_finsettlement

_'] pProcess_proc

urement

Check

availability

) .
Order received

Order Fulfillment Process codew

Article
available

no

(14

£

@'

®

Ship article

%

Procurement

(A

\_\h_/

=

late Delivery

H{(Z

Y

undeliverable

_

) ()
N ) ~ L

K. Kutt, and G. J. Nalepa, “Loki—the Semantic Wiki for Collaborative Knowledge Engineering,” Expert Systems with Applications, submitted in May 2022.
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Loki: semantic wiki with KR modules (SBVR)

Zaso by_ludzkie Create new SBVR project (©rental_duration (©)renter
1. evaluation interview is conducted every is measured in has possession of
6 months

2. evaluation interview concerns topic of the worker evaluation ©rental time_unit| | @rented_car| |(@)request for_pick up

3. evaluation interview concerns topic of the company evaluation /

4. evaluation interview ends with creation of = report \'iia“ig"edm / s

5. administrative assistant checks candidate has a medical certificate & © o

6. company gives periodically a referral for medical examination to the worker O actual_pick_up_date_time

7. company gives a referral for medical examination to the candidate ek b

8. administrative assistant requests for completing the documentation Eggggg{{gg%"_group
candidate did not submit 2 medical certificate copies of diplomas copy of ID card 0 o heduncipich.un data ims
statement about not being unemployed statement about account number for payment N
document about completing safety training signed legislation on equal treatment for men and includes includes is manifested in
women PIT-2 personal data form photograph statement about reading the labor

@car_movement @rental_period ©rental_contract_document

regulations

K. Kutt, and G. J. Nalepa, “Loki—the Semantic Wiki for Collaborative Knowledge Engineering,” Expert Systems with Applications, submitted in May 2022.



Loki: semantic wiki with CKE support

CKE agile process support:

o Reasoning unit tests Systemn Metaphor

Change ontologies [ 1. Motivating Scenarios } 1

O
. 2. Competency Questions
o Semantic changelog
. Integration Planning Game
o Metrics of changes S valua
. . 8 D valuation lteration Planning
o Gamification-based - Documentation
incentives for users - N
Implementation
o Usability: code hint and 3. Knowledge Acquisition
leti 4. Conceptualisation [€
completion 5. Integration
\ 6. Implementation y

K. Kutt, and G. J. Nalepa, “Loki—the Semantic Wiki for Collaborative Knowledge Engineering,” Expert Systems with Applications, submitted in May 2022.



Loki is the whole ecosystem

DOKUWIKI
PLUGINS

A plugin A plugin
suitable for suitable for

specific project specific project
Discussion DokuWiki
Engine
RDFLoki

KR MODULES

BPMN SBVR
Loki XTT
Engine

LokiOntology

€ > C 0t @ lokire/wiki/doku.php

|
L gic Logic in wiki

in wiKI

Trace: - start

Hello!

Home
Who we are?

Papers
W GEIST Research Group

Start here!

1.5h Tour through our tools (T)

% Demo-instaftation (currently
closed due to spam bots)

Download

Download

Loki Semantic Wiki

About Loki

Tutorial

Welcome to the Loki!

This is a wiki about the projects developed by

Loki - semantic wiki:

semantic annotations
SPARQL and ASK queries
RDF/XML export

u SPARQL Endpoint
Reasoning Unit Tests

powered by SWI-Prolog
If you want to know more...

DokuWiki as a base:

Log In

Recent Changes Media Manager Sitemap

GEIST Team at AGH-UST in Krakéw, Poland:

BiFr6ST Framework for Semantical
Tracking:

u changelog saved as RDF graph

ratings and dicussion
If you want to know more...

Semantic Business Platform -
business processes (BPMN) and rules
(SBVR):

business process modeling

E = web interface simplebpmn syntax
RevisionsRater LOKI CORE ScrumIDE BiFr6ST Framework easy collaboration (e.g. user “ BPr\;)N jsim;ebpmn
https://loki.re/
PROV PROVViz Gamification AdaptiveUl

SEMANTIC
CHANGE GRAPH

K. Kutt, and G. J. Nalepa, “Loki—the Semantic Wiki for Collaborative Knowledge Engineering,” Expert Systems with Applications, submitted in May 2022.

USER-ORIENTED



Future Works: Lok

* In progress: Loki Engine migration from Prolog to triple store

e Then:
* Use Loki with domain experts, e.g., in Digital Humanities
* Adaptive Ul (based on logged user actions)
* More gamification



Knowledge graphs: J.A.N.E.

) . J.AN.E. Architecture ﬁ
Voice Assistant

O Alexa /
I[E Lambda || l n
\

e DynamoDB B AR
{©> Open Weather Map @

Gg Linked Geo Data

NIl wikidata |“||I|I||

K. Kutt, S. Skoczen, and G. J. Nalepa, “A Voice-Based Travel Recommendation System Using Linked Open Data,” in ICCS 2021, Partlll, 2021, pp. 370-377



Knowledge graphs: JARVIS

Low Prassure Compressor characteristic

|| Command: Which engine’s HPC is running at the highest efficiency?

>| Answer: { "engineID": O,

"subsystem": "HPC",

"message": "HPC of engine 0 has the highest value of Efficiency. It is equal to 88.1635" }

Command: At what speed is HPC of Engine 3 running at?

7| Answer: { "engineID": 3,

"subsystem": "HPC",

"message": "HPC of engine 3 has Speed equal to 80.0" }

Listing 2: Sample commands sent to speech bundle server and answers returned by the server.

S. K. Tadeja et al., “Jarvis for Aeroengine Analytics: Using Speech and Knowledge Mining in Virtual Reality,” IEEE Transactio ns on Aerospace and Electronic Systems,
submitted in January 2022. Preprint: https.//arxiv.org/pdf/2107.13403. pdf



Knowledge graphs in goods and vehicle monitoring

Sensory data semantization
solution:

ObservablePr...

Platform Temperature

sensorCode
(functional)

o Ontology for sensory data in the
logistics domain

hostsPlatforms

sensorEAN

(functional) placedinPoint

Acceleration

o Implementation using state-of- inkecWithGarrir
the-art tools (Jena, Blazegraph) inkeaWithPiatiorn [l 260" it MobieBeacon

o Detailed description of several

challenges (with their solutions)

washingTime

Beacon_X1

SystemCapability

o Real-time inference with large
amount of incoming data and
complex model is not possible

Carrier

capability

hasSystemCapability Efento_BLE_Tem...

conservationTime

K. Kutt et al., “Smart Data for Goods and Vehicle Monitoring — Practical Considerations on Data Semantization,” in ICTAI 2021, pp. 1216-1220.



Publications [Affective computing]

[BIRAFFE] K. Kutt, D. Drazyk, L. Zuchowska, M. Szelazek, S. Bobek, and G. J. Nalepa, “BIRAFFE2, a multimodal dataset for emotion-based personalization in rich
affective game environments,” Sci. Data, vol. 9, no. 1, p. 274, 2022, doi: 10.1038/s41597-022-01402-6 (140 Ministry points, IF: 6.444)

1. The presentation of the BIRAFFE2 dataset (Data Descriptor)
[BIRAFFE] K. Kutt, P. Sobczyk, and G. J. Nalepa, “Evaluation of Selected APIs for Emotion Recognition from Facial Expressions,” in IWINAC 2022 Proceedings, Part Il, ).
M. Ferrandez Vicente, J. R. Alvarez-Sanchez, F. de la Paz Lépez, and H. Adeli, Eds. Cham: Springer International Publishing, 2022, pp. 65—74.

1. Practical evaluation of two most popular APIs on benchmark datasets
[BIRAFFE] K. Kutt, D. Drazyk, S. Bobek, and G. J. Nalepa, “Personality-Based Affective Adaptation Methods for Intelligent Systems,” Sensors, vol. 21, no. 1, p. 163,
2021. (100 Ministry points, IF: 3.275)

1. Summary of our approach for pre-adaptation followed by further personalization with results from BIRAFFE1 experiment

[Other] L. Zuchowska, K. Kutt, K. Geleta, S. Bobek, and G. J. Nalepa, “Affective Games Provide Controlable Context. Proposal of an Experimental Framework,” in
MRC@ECAI 2020, vol. 2787, pp. 45-50.

1. Proposal of the Unity-based framework for the generation of game-based experiments and in-game questionnaires

[Other] G. J. Nalepa, K. Kutt, B. Gizycka, P. Jemiotfo, and S. Bobek, “Analysis and Use of the Emotional Context with Wearable Devices for Games and Intelligent
Assistants,” Sensors, vol. 19, no. 11, p. 2509, 2019. (100 Ministry points, IF: 3.031)

1. Summary of experiments conducted before the emergence of personalization/adaptation ideas (pre-BIRAFFE)
[Other] G.J. Nalepa, K. Kutt, and S. Bobek, “Mobile platform for affective context-aware systems,” Futur. Gener. Comput. Syst.,vol. 92, pp. 490-503, Mar.
2019. (100 Ministry points, IF: 3.997)

1. Proposal of context-aware architecture for affective computing systems



Publications [Knowledge graphs]

[Loki] K. Kutt, and G. J. Nalepa, “Loki — the Semantic Wiki for Collaborative Knowledge Engineering,” Expert Systems with Applications, submitted in May 2022.

1. Development of modules for Loki to better support collaborative knowledge engineering, e.g., introduction of unit tests and metrics

[Other] S. K. Tadeja, K. Kutt, Y. Lu, P. Seshadri, G. J. Nalepa, and P. O. Kristensson, “Jarvis for Aeroengine Analytics: Using Speech and Knowledge Mining in Virtual
Reality,” IEEE Transactions on Aerospace and Electronic Systems, submitted in January 2022. Preprint: https://arxiv.org/pdf/2107.13403.pdf

1. Knowledge graphs as a foundation for a dialog system supporting jet engine analytics in virtual reality environment

[Other] K. Kutt, P. Nowara, R. Szczur, G. Barnowska, and G. J. Nalepa, “Smart Data for Goods and Vehicle Monitoring — Practical Considerations on Data
Semantization,” in 2021 IEEE 33rd International Conference on Tools with Artificial Intelligence (ICTAI), Nov. 2021, pp. 1216-1220.

1. Summary of triple store deployment for processing transport-related sensory data (e.g., parcel temperature or acceleration)

[Other] G.J. Nalepa, S. Bobek, K. Kutt, and M. Atzmueller, “Semantic Data Mining in Ubiquitous Sensing: A Survey,” Sensors, vol. 21, no. 13, p. 4322,
2021. (100 Ministry points, IF: 3.275)

1. My contribution: review of methods for semantization of various environmental data

[Other] K. Kutt, S. Skoczen, and G. J. Nalepa, “A Voice-Based Travel Recommendation System Using Linked Open Data,” in Computational Science — ICCS 2021, Part
I, 2021, pp. 370-377, doi: 10.1007/978-3-030-77967-2_31 (140 Ministry points)

1. Proposal of JLAN.E. -- intelligent assistant, which suggests travel directions based on user preferences and selected sets of linked open data



*  Workshops

* SEDAMI -- The theme of the SEDAMI workshop is semantic data mining. We
focus mainly on methods that allow include/utilize/exploit semantic
information and domain knowledge in the context of machine learning and
data mining, focusing on domains and research questions that have not been
deeply investigated so far and to improve solutions to classic tasks.

* PRAXAI -- special session at The 9th |EEE International Conference on Data
Science and Advanced Analytics focuses on bringing the research on
Explainable Artificial Intelligence (XAl) to actual applications and tools that
help to better integrate them as a must-have step in every Al pipeline

* AfCAIl 2022 —workshop at IWINAC 2022 aimed at bring together people
interested in research on affective computing, ambient intelligence, and
context aware systems. We assume a goal-oriented yet multidisciplinary

R n t research approach, including computer science, artificial intelligence,
e C e biomedical engineering, and experimental sciences

A * Projectactivities
a Ct I V I t | e S * Humanin the Loop Clustering with Knowledge Augmentations (HuLCKA)

* Inicjatywa Doskonatosci UJ

* Knowledge encoding methods and augmentation with clustering algorit
hms.

* Custom explanation mechanisms exploiting nature of the data
and type of background knowledge.

* Optimisation of the guided process of merges and splits.

* Application and evaluation of results to different types of
data, such as tabular data, time series and possibly images

* Personality, Affective Context and the Brain (PANBA)

* Inicjatywa Doskonatosci UJ

* Analysis of data collected in BIRAFFE1 and BIRAFFE2

* Preparation of the BIRAFFE3 (new game, several extensions in the
research protocol)




* Specific challenges
» Explanation evaluation for time series (InXAl)
* Better Anomaly Explanations (LUX)

* Knowlege-based explanations — including expert
knowledge in explanation generation (or
evaluation)

* Pre-adapted emotion prediction models (on
AreaS Of BIRAFFE2/BIRAFFE3)

CO‘ ‘a bQ rati on » Affective games' logs exploration

* Use Loki with domain experts in a real-life
scenario

* ML models in financial modeling ,
* Ontological modeling in humanities

* Open positions at JU: postdoc from the XPM
project, assistant profesor (tenure track) /

> 4




Thank you -

GEIST.re
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