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Steps Toward Artificial Intelligence
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1  From Logic to Cognitive Science

,Good Old Fashioned Al"
VEersus Artificial Intelligence

Deep Learning

. KRR: Wissenrepresentation und
Schlussfolgern, N ol g s

. PLAN: Planen LEARNING

. MAS: Multi-Agent Systems

. RBT: Robotik

. PHIL: Philosophische Fragen
NLP: Prozessieren naturlicher

S praChen KRR PLAN MAS REBT NLP
. CV: Computer vision

. ML: Machine Learning Fig. 1.1 Vertical and horizontal components of Al

Skansi, S. (2018). Introduction to Deep Learning: From Logical Calculus to Artificial Intelligence. Springer International Publishing. https://doi.org/10.1007/978-3-319-73004-2
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KUnstliches Neuron
(hier: Perceptron)
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OQutput
Probabilities

Transformer Neural
Networks” (TNN):
Grundlage von ChatGPT

Softmax

Add & Norm

(z.B. BERT; GPT-3)
Forward

Add & Norm

" Add & Norm .
A& NI Multi-Head
Attention

Add & Norm
_Add & Norm _
Add & Norm M asked

Multi-Head Multi-Head
Attention Attention

Positional

Positional
Encoding e N N e Encoding

Input Output
Embedding Embedding
Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N.,

Kaiser, L., & Polosukhin, I. (2017). Attention Is All You Need Inputs Outputs
(arXiv:1706.03762). arXiv. https://doi.org/10.48550/arXiv.1706.03762 (shifted right)




Qutput
3)1) Probabillities

.JTransformer Neural \(\
Networks” (TNN): :#%:#6:#

Grundlage von ChatGPT . \A/\ N
(z.B. BERT: GPT-3) ‘
Forward

Add & Norm

Multi-Head
Attention

Add & Norm

Masked
Multi-Head
Attention

Positional

Positional
Encoding e N N e Encoding

Input Output
Embedding Embedding
Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N.,

Kaiser, L., & Polosukhin, I. (2017). Attention Is All You Need Inputs Outputs
(arXiv:1706.03762). arXiv. https://doi.org/10.48550/arXiv.1706.03762 (shifted right)




Transformer Neural
Networks” (TNN):

Grundlage von ChatGPT
(z.B. BERT,; GPT-3)

aaaaaaaaa

Aung, A. M. (Director). (2020, Oktober 17). Intuition Behind
Self-Attention Mechanism in Transformer Networks.
https://www.youtube.com/watch?v=g2BRIuln4uc
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Multi-Head
Attention

Jede Einheit (Wort) wird als
berechnet, der

Beziehungen zu anderen

Einheiten (Wortern)

ausdruckt.

@ark_aung

Aung, A. M. (Director). (2020, Oktober 17). Intuition Behind
Self-Attention Mechanism in Transformer Networks.
https://www.youtube.com/watch?v=g2BRIuln4uc




« > C O & projector.tensorflow.org

Embedding Projector

DATA

5 tensors found

Word2Vec 10K

Label by Color by

word No color map
Edit by

word Tag selection as

Load Publish Download

Sphereize data @
Checkpoint: Demo datasets

Metadata: oss_data/word2vec_10000_200d_

labels.tsv
UMAP T-SNE PCA CUSTOM
X Y
Component #1 Component #2
Z
Component #3

PCA is approximate. @

Total variance described: 8.5%.
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society ' education
taught
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teaching
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Nearest points in the original space:

BOOKMARKS (0) @

Show All Isolate 101 Clear
Data points selection
Search by
A university| * word
neighbors @ -@ 10¢
distance COSINE EUCLIDEAN

0.355
0.403
0.453
0.455
0.470
0.486
0.489
0.499
0.506
0.520
0.537
0.565
0.572
0.572
0.582
0.584
0.585
0.585
0.597
0.602
0.604
0.609

0.609



[ 0.50451 , 0.68607 , -0.59517 , -0.022801, 0.60046 , -0.13498 , -0.08813 , 0.47377 , -0.61798 , -0.31012 ,
-0.076666, 1.493 , -0.034189, -0.98173 , 0.68229 , 0.81722 , -0.51874 , -0.31503 , -0.55809 , 0.66421 , 0.1961

Word Embeddings

With this understanding, we can proceed to look at trained word-vector examples (also called word embeddings) and .

start looking at some of their interesting properties. A‘t'te n't I O n
This is a word embedding for the word “king” (GloVe vector trained on Wikipedia):

s —0.13495 , -0.11476 , -0.30344 , 0.41177 , -2.223 , -1.0756 , -1.07/B3 , -0.34354 , 0.33505 , 1.9927 ,
-0.04234 , -0.64319 , 0.71125 , 0.49159 , 0.16754 , 0.34344 , -0.25663 , -0.8523 , 0.1661 , 0.40102 , 1.1685 ,
-1.0137 , -0.21585 , -0.15155 , 0.78321 , -0.91241 , -1.6106 , -0.64426 , -0.51042 ]

It’s a list of 50 numbers. We can’t tell much by looking at the values. But let’s visualize it a bit so we can compare it
other word vectors. Let’s put all these numbers in one row:

1 4 1 5 1 2 18 20 A B N W Z . v - i i1

Let’s color code the cells based on their values (red if they’re close to 2, white if they’re close to 0, blue if they’re close
to -2):

I-liﬂ
-0.8

_E'_l

- -16

Alammar, J. (2019, Marz 27). The lllustrated Word2vec.
https://jalammar.github.io/illustrated-word2vec/




Multi-Head
Attention

We'll proceed by ignoring the numbers and only looking at the colors to indicate the values of the cells. Let’s now
contrast “King” against other words:

See how “Man” and “Woman” are much more similar to each other than either of them is to “king”? This tells you
something. These vector representations capture quite a bit of the information/meaning/associations of these words.

Alammar, J. (2019, Marz 27). The lllustrated Word2vec.
https://jalammar.github.io/illustrated-word2vec/
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Alammar, J. (2019, Marz 27). The lllustrated Word2vec. https://
jalammar.github.io/illustrated-word2vec/ (shifted right)




Qutput
Probabilities

Generelles Merkmal von
Kl-Technologien im Kontext
humaner/hermeneutischer

Linear
Add & Norm

Bedeutungswelten: Feod
Forward

Add & N

F-Il —

,Brute-force“-statistische
Normierung von Bedeutung:

~>1 Add & Norm Masked
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Bohme, G. (1996). Idee und Kosmos: Platons Zeitlehre: eine
Einfihrung in seine theoretische Philosophie. Inputs Outputs
Klostermann, S. 18 (shifted right)




Generelles Merkmal von Das Problem liegt nicht in den

Kl-Technologien im Kontext Algorithmen/der Kl an sich, sondern ...
humaner/hermeneutischer

Bedeutungswelten:

1) Produktion: Versuch, die Simulation von Bedeutung
durch Statistik als User Experience zu installieren,
d.h. zu maskieren: UX < Compliance als
Geschaftsmodell

2) Rezeption: Anthropomorphisierung der Maschine
(Verwechslung von Wahrscheinlichkeit und ,Wahr-
Scheinlichkeit")

3) Politik + Wirtschaft. Universalisierung und
Automatisierung kybernetischer
Steuerungslogiken (Social Engineering,
Subjektengineering, Humanengineering, Militar,
Polizei, Rechtssprechung)




Generelles Merkmal von
Kl-Technologien im Kontext
humaner/hermeneutischer

Bedeutungswelten:

— zu unterscheidende Ebenen
von Analyse und Kritik:

1) Kritische Analytik/Hermeneutik von Kl auf der
Ebene ihrer operativen Logiken (folgender Abschnitt)

e Kl als ,andere”, non-humane Intelligenz, aber
welche Art von Alteritat mit welchen Implikationen?

2) Kritische Rekonstruktion der Praktiken und
Policies in Bezug auf Hervorbringung von und
Umgang mit Kl, d.h. v.a. ihrer politischen Okonomie

e Exklusionen (Datenformate, Daten, Archive)

e Politiken und Normativitaten, implizite ldeologien
(Ground truths, Firmenpolicies des Trainings und
Finetunings)



Generelles Merkmal von
Kl-Technologien im Kontext
humaner/hermeneutischer

Bedeutungswelten:

2) Kontrolle vs. /

Kontrollverlust

3) Kontrollsystem vs.
Kontrollverlustsystem

— zu unterscheidende Ebenen
von Analyse und Kritik:

1) Kritische Analytik/Hermeneutik von Kl auf der
Ebene ihrer operativen Logiken (folgender Abschnitt)

e Kl als ,andere”, non-humane Intelligenz, aber
welche Art von Alteritat mit welchen Implikationen?

2) Kritische Rekonstruktion der Praktiken und
Policies in Bezug auf Hervorbringung von und
Umgang mit Kl, d.h. v.a. ihrer politischen Okonomie

e Exklusionen (Datenformate, Daten, Archive)

e Politiken und Normativitaten, implizite ldeologien
(Ground truths, Firmenpolicies des Trainings und
Finetunings)
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Mathematik (Mersch)

Kl (Mersch)

nicht durchgangig computierbar

unverselle Computierbarkeit

Poetik der Findungen

vollstandige Berechenbarkeit

Differenz von Berechenbarkeit und
Nichtberechenbarkeit

deduktive formale Geschlossenheit

strukturell unvollstandig

algorithmische Rationalitat

schopferisches Tatigkeitsfeld

unkreatives, totales
Kontrollparadigma

Mersch, D. (2019). Kreativitat und Kunstliche Intelligenz. Einige
Bemerkungen zu einer Kritik algorithmischer Rationalitat. Zeitschrift fur
Medienwissenschaft, 11(2), 65-74. https://doi.org/10.25969/mediarep/12634

Parisi, L. (2019). The alien subject of Al.
Subjectivity, 12(1), 27-48. https://doi.org/
10.1057/s41286-018-00064-3



Mathematik (Mersch)

Kl (Mersch)

Kl (Parisi)

nicht durchgangig computierbar

unverselle Computierbarkeit

Unverfugbarkeit als grundsatzliches,

iImmanentes Moment digitaler (Turing-)

Maschinen

Poetik der Findungen

vollstandige Berechenbarkeit

,Halteproblem®; ,Zufalle/Unfalle und
Fehler® als integraler Bestandtell,
laufende Arbeit mit kollidierenden

Daten”

Differenz von Berechenbarkeit und
Nichtberechenbarkeit

deduktive formale Geschlossenheit

affektgeladen durch
menschengemachte Daten

strukturell unvollstandig

algorithmische Rationalitat

,alien space of reasoning";
Hegemonialitat nicht grundsatzlich,
sondern Folge hegenomnialer Praxis

schopferisches Tatigkeitsfeld

unkreatives, totales
Kontrollparadigma

Mersch, D. (2019). Kreativitat und Kunstliche Intelligenz. Einige
Bemerkungen zu einer Kritik algorithmischer Rationalitat. Zeitschrift fur
Medienwissenschaft, 11(2), 65-74. https://doi.org/10.25969/mediarep/12634

kreativer Kontrollverlust
(wo nicht hegemonial eingehegt)

Parisi, L. (2019). The alien subject of Al.
Subjectivity, 12(1), 27-48. https://doi.org/
10.1057/s41286-018-00064-3
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Alammar, J. (2019, Marz 27). The lllustrated Word2vec. https:// Inputs Outputs

jalammar.github.io/illustrated-word2vec/ (shifted right)
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Heidrun Allert

AUF DEM WEG ZUR

CYBER
POLIS

Neue Formen
von Gemeinschaft,
Selbst und Blld.u_ng

Martin Donner,

[transcript] Digitale Gesellschaft

MedienPadagogik

Zeitschrift fir Theorie und Praxis der Medienbildung
www.medienpaed.com ISSN 1424-3636

Themenheft Nr. 42: Optimierung in der Medienpadagogik.
Forschungsperspektiven im Anschluss an den 27. Kongress der DGfE
Herausgegeben von Patrick Bettinger, Klaus Rummler und Karsten D. Wolf

Optimierung und Subversion

Kybernetik und neue kiinstlerisch-asthetische Medienpraktiken in den
1960er Jahren

Martin Donner

Zusammenfassung

Der Text fragt im Sinne subjektivationstheoretischer Ansétze nach den Liicken, die das ky-
bernetische Dispositivdem Selbst eroffnet. Dazu werden zuerst die Grundlagen dieses Dis-
positivs erortert. Besonderes Augenmerk wird dabei auf das kybernetische Selbstkonzept
und entsprechende Lernverstdndnisse gelegt. Im Rahmen dessen werden zwei wissen-
schaftliche Idiome vorgestellt, die mit der Kybernetik verbunden sind, ein reprdsentati-
onales und ein performatives. Veranschaulicht wird dies schliesslich an den kiinstlerisch-
dsthetischen Medienpraktiken von Ken Kesey (Einer flog liber das Kuckucksnest) und der
Aktionskunst-Gruppe Merry Pranksters, die aus der spielerischen Auseinandersetzung mit
dem kybernetischen Dispositiv emergieren und als prototypische Anordnungen heutiger

Multimedia-Kulturen verstanden werden kénnen. Es stellt sich die Frage, welches der bei-
den Idiome (medien-)padagogischen Kontexten in normativer Hinsicht eher angemessen
Ist.




Dabei ging es Kesey und den Pranksters ganz im Sinne des genannten For-
schungsprogramms um nichts anderes als eine <Reprogrammierung> ihres Selbst mit
Hilfe von neuen medienasthetischen Praktiken, allerdings nicht, um die bestehende
Gesellschaftsordnung zu optimieren, sondern ganz im Gegenteil, um aus dem Ge-
fangnis ihres anerzogenen Denkens ausbrechen und <Herren» ihrer selbst zu werden.

. Als Modell dient nicht mehr das abwagend rasonierende Selbst,
sondern das attektiv involvierte und sich in Feedback-Loops konstituierende. Bil-
dungsprozesse entstehen im Guten wie im Schlechten in situ in der moglichst ins-
tantanen Reaktion und Kommentierung des allgemeinen <Loopgeschehens>, in das
medial alle moglichen an- und abwesenden Akteure involviert sein konnen.

Abb. 5.: Der Prankster-Bus namens Furthur, hier u.a. mit Mitgliedern der Gruppen Jefferson Air-
plane und Grateful Dead, enthommen aus Babbs und Perry 1993, VII.

Donner, M. (2021). Optimierung und Subversion. Kybernetik und neue kunstlerisch-asthetische Medienpraktiken in den 1960er Jahren.
MedienPadagogik. Zeitschrift fur Theorie und Praxis der Medienbildung, 42, 169-198.
https://doi.org/10.21240/mpaed/42/2021.04.30.X.
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Screenshot: Holly Herndon & Jlin (feat. Spawn) - Godmother

Quelle: (Datum: 10.6.2020)


https://youtu.be/sc9OjL6Mjqo

“¥ - Andres Manon

I'm excited to finally share something | have been working on for the last year,” Holly+

| am releasing Holly+ in collaboration with Never Before Heard Sounds, the first tool of

many to allow for others to make artwork with my voice, and will distribute ownership
of my digital likeness through the creation of the Holly+ DAO }}

My voice is precious to me! It is 1 of 1 @

Voice Models, in combination with machine learning technology, already allow for
anyone to clone a voice to generate music and media, and the opportunities and
complications inherent to these techniques will only intensify!

This development raises novel questions about voice ownership that | think can be
addressed by DAO governance w

Who am I?

I'm an artist and composer @ who has been working with machine learning for many
years. My last alboum PROTO(4AD,2019) was the first to utilize singing neural network

and | completed my Doctorate at Stanford's Center for Computer Research in Music

and Acoustics, where my research focus was on the interplay between machine

learning and the voice, and the implications of this technology for IP and vocal
sovereignty &

Some Al models already know who | am! Here are some images spawned from my
likeness using OpenAl's CLIP model &
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Al technology brings virtually unlimited possibilities to education.
The 40 articles investigated a wide variety of Al applications in educa-
tion, including the following types of learning technology:

eChatbot (Fryer et al., 2017);

eExpert systems (Dias et al., 2015; Hwang et al.

eIntelligent tutors or agents (Cheung et al., 2003; Chin et al., 20

— 1 T F % T i - |
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eMachine learning (Arpaci, 2019; Wei, et a., 20

ePersonalized learning systems or environments (PLS/E) (Bahceci &

M
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Zhang, K., & Aslan, A. B. (2021). Al technologies for education: Recent
research & future directions. Computers and Education: Artificial
Intelligence, 2, 100025. https://doi.org/10.1016/j.caeai.2021.100025
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Abstract

In this paper, we explore how the development and affordances of predictive analytics may impact how teachers and
other educational actors think about and teach students and, more broadly, how society understands education. OQur
particular focus is on the data dashboards of learning support systems which are based on Machine Learning (ML). While
previous research has focused on how these systems produce credible knowledge, we explore here how they also
produce compelling, persuasive and convincing narratives. Our main argument is that particular kinds of stories are
written by predictive analytics and written into their data dashboards. Based on a case study of a leading predictive
analytics system, we explore how data dashboards imply causality between the ‘facts’ they are visualising. To do so, we
analyse the stories they tell according to their spatial and temporal dimensions, characters and events, sequentiality as
well as tellability. In the stories we identify, teachers are managers, students are at greater or lesser risk, and students’
sociality is reduced to machine-readable interactions. Overall, only data marked as individual behaviours becomes
relevant to the system, rendering structural inequalities invisible. Reflecting on the implications of these systems, we
suggest ways in which the uptake of these systems can interrupt such stories and reshape them in other directions.

Keywords
Predictive analytics, learning analytics, education, data visualisation, datafication, storytelling, dashboards, machine learn-
ing, artificial intelligence

Introduction :
on the ground. In this paper, we explore how the devel-

Advances in and promises of Artificial Intelligence (AI)  opment and affordances of Al-powered predictive ana-
and in particular Machine Learning (ML), a sub-field of  lytics systems may impact how teachers and
Al upon which new approaches to learning analytics are  educational organisations think about and teach stu-
based, have encouraged the hopes and hype dents and, more broadly, how society understands edu-
around educational technology (edtech) today. Since cation. Our particular focus is on the data dashboards
the beginning of the SARS-2-CoV pandemic, of learning support systems based on ML. While pre-
vast sums have been spent implementing new technolo-  vious research has focused on how these systems pro-
gies in public and private education. Market reports duce authoritative, objective and credible knowledge,
claim that the education and learning analytics market W€ explore here how they also produce compelling,
will grow on average 30% per year over the next few
years, reaching $34.7 billion by 2027 (Meticulous
Research, 2021). Educational policies written or updated  'Institute for Information Management (ifib), Centre for Media,

during the pandemic see Big Data and learning analytics =~ Communication and Information Research (ZeMKI), University of
Bremen, Bremen, Germany

2{'jem'ge Eckert Institute for International Textbook Research,
Braunschweig, Germany
highlight learning analytics, Big Data and machine ‘University of Goettingen, Goettingen, Germany
learning/Al in their hopes for how education can
V 44 be s h s &L, ; & :
bﬁ.llt,!l. dr?dl n.lh future glob l.l disruptions (Ol:(_-l_) (). {]? Julian Jarks, Eersity of Bremsn Af Fallfrm:] 28359 Breman,
Within this nexus of heightened expectations, it 1S ‘Germany.
crucial to understand how these technologies play out  Email: jarke@uni-bremen.de

as a priority for strategic action (e.g. European
Commission, 2020: 23). Supranational organisations
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Analyse von Dashboards als
,Storytelling practices”

Figure 2. Engagement dashboard presenting time in content (left) and time in content vs. grade (right) as aggregate over a whole
course (Brightspace Tutorials, 2019).”
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,Lehrkrafte werden zu Datenanalysten, die auf Dashboards nach Erkenntnissen
suchen. Wenn ,das, was gezahlt wird, zahlt’ [...], und wenn (in Systemen wie
diesen) immer mehr Schuleraktivitaten gezahlt werden, wird es zu einem immer
zeitintensiveren Tell des Lehrens, das Gezahlte zu beobachten und auf der
Grundlage dieser Daten Entscheidungen zu treffen. Wenn dies die
Aufmerksamkeit vom physischen Klassenzimmer ablenkt, andert sich das, was In
der Schule von Bedeutung ist. Weitere Rollen, z. B. die des Lehrers als Betreuer,
Berater, Motivator oder Unterstutzer, werden in diesem System unsichtbar und fur
die Geschichte von Hohen und Tiefen, Erfolg und Misserfolg irrelevant.”

Jarke, J./Macgilchrist, F. (2021): Dashboard stories: How narratives told by predictive analytics
reconfigure roles. risk and sociality in education. In: Big Data & Society 8. S. 11.
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Distributed interpretation - teaching reconstructive methods
in the social sciences supported by artificial intelligence
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ABSTRACT ARTICLE HISTORY

This article highlights teaching and learning in reconstructive research Received 12 April 2022

supported by artificial intelligence (Al) and machine interpretation in par-  Revised 14 October 2022

ticular. The focus is whether the traditional teaching of methodological Accepted 2 November

. . 2022

competence through research workshops can be supplemented with arti-

ficial intelligence (natural language processing, NLP) implemented in KEYWORDS

computer-assisted qualitative data analysis software (CAQDAS). A case study documentary method;

shows that Al models can be trained to interpret texts. Thus, distributed prompt engineering;

interpretation by humans and Al becomes possible, opening up new pos- group d'SCPS-‘j'O”?

sibilities for teaching qualitative methods. How people deal with these new  Method skills; method
tens : : knowledge

possibilities is presented based on an explorative evaluation of a group

discussion with young researchers. Finally, this contribution discusses the

possibilities and limits of this new form of interpretation together with a

machine.

Introduction

The teaching of qualitative research has recently received increased attention (Eisenhart & Jurow,
2014). This paper addresses whether and how Al-supported machine interpretation can support
the teaching of procedures related to reconstructive methods in social sciences. It is mainly
concerned with teaching method skills of reconstructive approaches to qualitative empirical social
research (and their possible support by Al) and not with teaching qualitative methods in general
(Eisenhart & Jurow, 2014; Flick, 2014; Denzin & Lincoln, 2018). However, the term reconstructive
research (Pfaff et al., 2010) refers to methods this article summarizes under the collective term
deep interpretation, which culminates with Al-supported machine interpretation to a practice
of distributed interpretation.

Artificial Intelligence (AI), coined by computer scientists McCarthy and Minsky (1955), has
been discussed controversially and in many ways. In addition to genuine computer science pub-
lications (Chowdhary, 2020; Mackworth & Poole, 2017; Russell & Norvig, 2016; Kaplan, 2016),
publications in the intersection of computer science, social and cultural sciences are indirectly
N17: R )
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The participants’ examination of the results of machine interpretation is a prerequisite for placing . Dleser Artl kel SCh Iagt den Beg rlff deS

trust in it. However, doing so is countered by today’s Als, which are mainly nontransparent due . .
to their complexity and the sheer volume of data processed in the hidden layers. Their use in aIS eline PraX|S

an interpretive process insofar presupposes a "risky investment” through the "trusting expectation”

v sl (I rekonstruktiven Forschung vor, die
einem neuronalen Netzwerk ahnelt, das

aus maschineller Interpretation durch Ki

This article highlights that interpreting is multifaceted, a reciprocal relationship of different einerseits und tiefer Inte rp retation durch

actors and artifacts as tools that form an interpretive network of distributed intelligence (Pea,

1993). Subsequently, this article proposes the notion of distributed interpretation as a practice mens ChIIChe Inter reten andere rs eItS
of reconstructive research that resembles a neural network consisting of machine interpretation p

by AI on the one hand and deep interpretation by human interpreters on the other. Reciprocal

relations between these entities result in abductive leaps and, thus, creative interpretive perfor- beSte ht

mances, which promote method skills. AI becomes an interpretation generator whose potential,

but also danger, lies on the one hand in generating an infinite number of machine interpreta-

tions—sometimes more, sometimes less accurate. On the other hand it enables abductive leaps

and loosens creative blockades by irritating the human interpreters. Machine interpretation thus

extends deep interpretation, creating a state of distributed interpretation. The AI takes on the
role of an opaque other, in a certain sense, like an oracle, and a hybrid research workshop

emerges in which learners acquire method knowledge and skills together with the AI. Some Und damlt ZU kreatlven
Interpretationsleistungen, die die

,Die Kl iibernimmt die Rolle eines undurchsichtigen MethOdenkOmpetenZ fordern.”
Anderen, in gewissem Sinne wie ein Orakel [...].“

Schaffer, B., & Lieder, F. R. (2023). Distributed interpretation — teaching reconstructive methods in the social sciences supported by artificial
intelligence. Journal of Research on Technology in Education, 55(1), 111-124. https://doi.org/10.1080/15391523.2022.2148786, S. 120.
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