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“The entire is the contrary, 
the surface of the surface of 
the viewer to the problem 
of the same the story in the 
same not be subject and the 
surface of the self the parallel 
sense of the surface con-
straints of signification of the 
problem of the production of 
the head the problem of the 
expressed.”
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prologue
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The recursive Nature 
of (Human) Cognition*

‘human cognition’ of the surface of the second 
with the second and the series and the prob-
lem of the second that the simulacra (contours 
of the self is the problem is in the self of the 
self of the same the self the second as the se-
ries of the same the self of the second with the 
second that the self of the self of the second 
as the constitute of the same the self of the 
self of the surface of the second at the sur-
face of the second that the self of the self the 
transition of the same the series of the second 
with the entire desexuality of the self of the 
surface of the second is the self of the self is 
the problem of the same structure is the self of 
the second with the same the second all the 
self is the surface of the second is the surface 
of the second with the surface of the self of 
the series of the second is a singularities of 
the second with the entire distinction of the 
problem of the surface of the surface of the 
constitute the problem of the second that the 
same the self the surface of the specific the 
problem of the self in the series of the second 
with the second with the self… 

* This text – and the citations at the beginning of each chapter – have been created with a character-based 
text generation RNN and Tensorflow. They are based on a collection of texts we read during the course of 
this project: e.g. “The Logic of Sense” by Gilles Deleuze, “Vision” by David Marr and “Funes the Memorious” 
by Jorge Luis Borges.

PROLOGUe
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“All surface orientations of a 
series of the problem is not a 
self of the constituted by the 
technical object of the sin-
gularities of singularities and 
the phenomena of the con-
trary, the second and some 
with the surface of the body 
of its complex that which is 
not a series of the surface of 
the self which is a surface of 
the body.”
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epoCH ii

Subtle impressions, 
vibrant sensations
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The module consists of three layers: Firstly, it is 
an introduction to machine learning using GANs and 
the development of an interactive front end in Touch-
designer that reacts to music. In addition, methods 
for interdisciplinary cooperation in the sense of the 
philosophy of Gilbert Simondon are presented and 
thus, from a creative examination of the topic of AI, 
positions are developed that enable the students to 
participate critically and reflectively in the current 
discourse on AI.

The seminar will be held via the specially devel-
oped website www.mat.education. The site www.
mat.education refers to applications for online 
teaching, teamwork, programming and video con-
ferencing.

The project:
Deep Visual Memories

Using a specially designed online learning environ-
ment, we first explore the worlds of the cloud in 
which machine learning (AI) is at home and try to 
understand its pictorial understanding. This tech-
nical excursion is followed by a critical analysis of 
the topic using selected theoretical writings. At 
the same time, we will use the process known as 
Pix2Pix to train neural networks with our own visual 
condensates, which then crystallize into their struc-
tures in the form of learning processes. The resulting 
condensed crystal can then be used to transfer any 
visual content into its internal monadic structure.

Together we will develop a project in which we 
train an AI system, a so-called GAN, with visual 
material. This system is then able to transfer a visual 
(procedurally created and music responsive) input 
into the stylistics of the trained material. The end 
result will be a performable, interactive live visual 
system that combines creative expression with the 
modern possibilities of AI. It will become clear that 
such a technology can never replace artists, but like 
any other tool, it opens up new possibilities for crea-
tive processes. In addition, the inner workings of the 
systems will be revealed and exemplified.

THe PROJeCT

Text: Dr. Alexander König

Together we will develop a project in 
which we train an AI system, a so-called 
GAN, with visual material. The end result 
will be a performable, interactive live 
visual system that combines creative 
expression with the modern possibilities 
of AI.
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The actual performance will be a separate

component, for this the "performance concept"

conceived would be implemented in a hardware

setup, based on the online drafts. In addition,

there will be a live-streaming of the performance.

This can be done on all social media channels.

After the performance, the "virtual" visitors could

access the recorded material as well as try out

individual interactive elements online.

The module consists of three layers:

- it is an introduction to machine learning by using and the training so called GAN
Networks.

- introduction to cloud computing and their im0plications to collaborative e-learning.

- methods for interdisciplinary collaboration in the sense of the philosophy of Gilbert
Simondon are presented and thus, from a creative examination of the topic of AI,
positions are developed which enable the learner to participate critically and
reflectively in the current discourse on AI.
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We explore the cloud-worlds in which machine learning (AI) residence
through a specially designed online learning environment. This technical
excursion is framed by a critical examination of the topic based on selected
theoretical texts. At the same time, we will use the process known as Pix2Pix
to train neural networks with our own visual condensates, which will
crystallize into pure structures through machnine learning processes. The
resulting condensed crystal can then be used to transfer any visual content
into its internal monadic structure.

Together we will develop a project in which we will train an AI system, a so-
called GAN, with visual material of our own choice. This system is will be
able to transfer procedurally created and music responsive visuals into the
stylistics of the trained material. The end result will be a performable,
interactive live visual system that combines creative expression with the
modern possibilities of AI. It will become clear that such a technology can
never replace artists, but opens up new possibilities for creative processes. In
addition, the inner workings of the systems will be revealed and exemplified.

.

INSTALLATION-CONCEPT

developed by teamwork

in the cloud

TRAINING DRAFTS

The system uses a so-called GAN to establish structural relationship between a pair of images.

This machine-learned structure can then be applied to new inputs after the training process. For

example, black and white ma- terial can be provided with color, or a line drawing can be

extended with content. The project puts the main focus ont the possibility to experiment with

technique without getting involved in tedious programming, thus enabling a creative workflow,

which at the same time familiarizes the user with the basic procedures of machine learning.

GAN-Style

NEURAL
NETWORK

INPUT OUTPUT

© Dr. Alexander König 2020
DeepVisualMemories - Bauhaus.Modul
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with your own style presets. Through the interactive 
interface, individual styles and new concepts for the 
artistic design of character animations, coloring, 
backgrounds, etc. can be tried out and tested in 
real time. To train the system, one or more clips with 
animation styles are needed – you are welcome to 
cut several clips with similar styles together. In total 
there should be between 60-90 seconds sample 
material. Videos should be in 1280x720 - you can 
e.g. also put together footage, which corresponds 
to the styles to be tested and cut a short sequence 
if necessary.

Using a specially designed online learning environ-
ment, we first explore the worlds of the cloud in 
which machine learning (AI) is at home and try to 
understand its pictorial understanding. This tech-
nical excursion is followed by a critical analysis of 
the topic using selected theoretical writings. At 
the same time, we will use the process known as 
Pix2Pix to train neural networks with our own visual 
condensates, which then crystallize into their pure 
structures in the form of learning processes. The 
resulting condensed crystal can then be used to 
transfer any visual content into its internal monadic 
structure. The System allows you to experiment 

THe PROJeCT

Deep Visual Memories – Organization  
 

 

 

The project consists of a live-performance that is documented on video and 
presented on a webpage, with a trailer. This will be accompanied by a 
booklet with texts and pictures explaining/reflecting the project.  
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Realtime Visuals built in Touch Designer will react 
to Sound and/or Motion Capturing Data. This can 
be mixed with preproduced Animations or 3D Mod-
els. In a final step the mixed video will be fed into 
a machine learning network. This is pretrained on 
selected ‘style videos’ before and its output will be 
the final result. So, the whole setup is a combination 
of real-time environments, preproduced material 
and user interaction that is finally fed into a machine 
learning network.

 

 

Realtime Visuals built in Touchdesigner will react to Sound and/or Motion 
Capturing Data. This can be mixed with preproduced Animations or 3D 
Models. In a final step the mixed video will be fed into a machine learning 
network. This is pretrained on selected “style videos” before and its output 
will be the final result. So the whole setup is a combination of real-time 
environments, preproduced material and user interaction that is finally fed 
into a machine learning network.   

 

The system uses a so-called GAN to establish struc-
tural relationship between a pair of images. This 
machine-learned structure can then be applied to 
new inputs after the training process. For example, 
black and white material can be provided with color, 
or a line drawing can be extended with content.

The main focus of the project lies on the possibil-
ity to experiment with advanced technology without 
getting involved in tedious programming, thus ena-
bling a creative workflow, which at the same time 
familiarizes the user with the basic procedures of 
machine learning.
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“The two associated with the 
artificity of the signification is 
essentially see the paradox 
of the same with the contrary, 
and the surface of the prob-
lem of the signification is the 
same the two events in the 
event of the internal produc-
tion of the structure of the 
same time to the contrary.”
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epoCH iii

Maybe it’s not the images, 
but memory itself 
that is the virtual
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networks, text becomes vectorized, encoded and 
textualized again. Virtual images are spitted out as 
memories of the machine, as something that has 
never been, always altering, always in the becoming. 
In regard of this we started to wonder maybe it’s not 
the images, but memory itself that is the virtual. The 
‘flux’ of consciousness continues, incessantly show-
ing reminiscences of something at once familiar, but 
then again, all the way through alien. Significations 
are incessantly overlapping hereby, unknown and 
opaque connections emerge and vanish, becoming 
the ‘not-yet-known’, a step beyond? Trails to which 
our horizon only hint us to.

Theoretical Background
and performance Concept

Vague dense sound combined with clear depictions, 
thwarted with word fragments that spring into sense, 
anti-sense and non-sense back and forth in an excit-
ing dramaturgy of different speeds between ‘slo-mo’ 
and ‘warp’ speed. Fostering a virtuality that is by no 
mean only imaginary, making the invisible visible in 
third picture and their reverberations. But not over-
loading the performativity of the ‘one-time-only’ as 
well. Rather allow for gestural reflexive expressions 
in a critically engineered artistic environment. 

With Deep Visual Memories we want to push 
the trained machine in unexpected directions. Art-
ists’ images get entangled in the artificial neural 

CONCePT

Text: Lennart Oberlies and Christina Schinzel

In our performance for Deep Visual 
Memories we do not want to stage a 
performance that merely and exclusively 
attracts or deludes our spectators. So, 
no cliché pictures, in which’ renditions 
already everything is shown, told and 
known. Instead, we want to emphasize 
the gesture of drawing, of composing and 
arranging in its full expressivity and fragili-
ty: the difference in potential and intensity 
between the visibly displayed and the 
invisible, lurking from of all different sides 
and behind the borders of the screen.
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These ‘trails’ or ‘horizons’ of which we speak are 
in some important sense open, because any time 
any human look at any sign, there is multivariate 
(multivalent) of possible interpretations. These vari-
ous interpretative meanings of any sign can be found 
in our genuine responses to these signs that we 
perceive. Our interpretative activities are constantly 
altering and postponing sense in a continuous 
movement process and hereby always relocating 
and deferring it while accumulating more and more 
time strata through which ‘deep layers’ our senses, 
our ability to be affected and to affect at once moves 
and is being moved. Here, in this more liminal zone, 
we wander in between the visible and the invisible, 
the sayable and the ineffable. The aspects which are 
manifest in images and sounds and movements in 
contrast to those apparently ‘outside’ or those in 
an ‘excess’ of this ‘effective surfaces’ foster form of 
emitted or absorbed intensity, but also make them 

rather volatile appearances and temporarily precar-
ious. Shivering images, vague sound, shaking lines 
as it were.

These new perspectives we engage herein were 
offered by our project sessions with regard to the 
practices, traditions and revolutions in machine 
learning, A.I. and computer vision. We considered 
how artificial neural networks are not at all about 
neurons, they are rather about linear functions for 
coefficients, pattern-recognition and statistics. 
These are patterns based on the past and we can’t 
do pro-tentative intuition here. We use extrapolation, 
but that is in an important sense something else. 
In computers we always have this notion of signal 
and noise. So below a certain threshold it becomes 
signal, below certain thresholds it is considered 
noise – the hiss of electronics. But in terms of sensor 
technologies and explicitly coding what constitutes 
this threshold, it’s a choice.

Shivering images, vague sound, shaking lines. 

TouchDesigner still: Lennart Oberlies
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these memories can vary and change slightly and 
gently in our turning towards them. They are not 
fixed, structural entities, but rather wavering con-
tours, outlines that are filled and formed each time 
anew. But these forms of memory can nevertheless 
being closely bound to intense qualitative states, on 
the verge of subtle impressions, vibrant sensation or 
sense attracting contents.

And we know this in one way or the other, our 
memory is not at all comprising described as a ‘draw-
ing register’ in which we could look up for images 
corresponding to some stimulus experienced. Our 
mind is also not simply a folder of collections, we 
cannot search it like on a computer. If we put too 
much pressure on remembering, then we will most 
likely not remember in fact, it will often slip us away. 
These more freed-up, liberated, swirling, ascending 
and descending memories more likely happen to us, 
when we are not totally caught up in sensory-motor 
activities and finalities. Rather they are sometimes 
taking place if our mind has some time to roam or 
strive around, drift apart and so on. So, it may be, 
this liberation can only have effect thanks to the 
intervention of the more ‘mechanically’ seeming 
operations of the brain, language and bodily ‘tech-
nologies’. From hereof, with some freedom at play 
from finalized and predetermined ‘work memory’, 
we are confronted and surprised with possibilities of 
choice and recover to some degree indeterminacies 
and multivalent choices. Perhaps not all by our self, 
but at least timewise some influence on the direc-
tion or in the orientation in it seem to stem from the 
capacities to shift our attention, contemplating to 
some aspects more than to others, following certain 
hints, trails, signs.

Looking at natural language processing, a widely 
used application of machine learning, a technique 
of representing words in vector space makes this 
‘alternation of meaning’ tangible, this ‘evasion’ of 
sense that we also found in the theoretical texts that 
we’ve read visible. We are using a vectorization 
technique called word2vec in Deep Visual Memo-
ries. Here, the quality of word representations can 
be measured mathematically by word similarity. 
Inside an abstract vector space, that is derived from 
real-world language corpora, words become points 
in n-dimensional space, where algebraic operations 
operate on the syntactic and semantic creation 
of language. Signification and information inside 
machine learning systems depend, among other 
factors, on the training data set, a partial sample 
of the world, creating a closed data universe. But a 
closed universe is closed only as long as it does not 
come into contact with the outside. So, we ask us: 
what is the relation of machine learning systems with 
the outside world? What is the role of the operator?

Another aspect that we want to highlight are – as 
said before – Memories. There are different ways to 
think about memory, and different forms of memory 
one can think about. Just assume, how memories 
are somehow manifest in and enacted through our 
bodies. Movements, affects or stimuli received 
that gets transformed in movements executed. 
Within this memory, that one could call rather auto-
matic or instinctual, the past is ‘conserved’ in the 
motor-mechanisms of our organism. Then again, we 
got more of a habitual memory as well, in which the 
past somewhat ‘survives’ in independent remem-
brances of what we are used to (do). These memo-
ries are in some sense laid-out in time and changes 
over time. Besides, we also know forms of ‘contem-
plative’ memory that is not so much about sheer 
repetition or rigid ‘crystallized’ time, but rather more 
close tide to experiences of free-floating dream-like 
states. Spontaneously occurring, or being triggered, 

CONCePT
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Maybe it’s not the images, 
but memory itself that is the virtual. 

TouchDesigner stills: Lennart Oberlies
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signals that we run on power and the devices whir in 
idle mode, waiting with their four, six or eight cores 
to process the arithmetical operations we feed them 
with. How did this change with the relative newly 
advent of Machine Learning applications? Can the 
PC user still engage herein?

Well, for quite some time the now declared ‘tra-
ditional’ programming of a computer was all about 
developers, software (requirement) engineers and 
computer scientists translating a problem of some 
sort in an information processing task. By collection 
of requirements, positing of decision rules and finally 
coding a program integrating and meeting these 
requirements in the class of formal and recogniza-
ble logic and computational principles for software 
development. Machine learning presents in this 
sense a new way to ‘program’ a computer. every 
computer program is doing so-called computer pro-
cessing. By this we refer to the set of procedures that 
can be, that are, in fact deterministically controlled 

Computers, Machine 
learning, and Crystals

Did we not all got to the point of growing fond of 
our personal computers in precisely making them 
our own, having them all time ready at our disposal, 
ready to hand in a plug and play kind of fashion? 
Well, this era is in some sense over now. We are as 
it were thrown back to the end of the 1960s in which 
period the model of ‘time-sharing’ is first conceptu-
alized in 1957 by Bom Bemer and then again realized 
by John McCarthy in 1957 with a conceptual focus 
on the sharing of a computing resource among many 
users. It appeared to each individual user as if he or 
she had all the resources of the computer at his own 
disposal for the time of operation. Indeed, this whole 
setup was in retrospect more about a faked personal 
computer – the illusion that all the computers’ power 
is for me. This being said, it was in fact the com-
put-ers’ time which was more pressures than the 
users’ time back then. Hitherto this has changed. We 
all are customed to just press the button on our PCs, 
our Tablets or Smartphones and *bling* a little light 

THeORy

Text: Lennart Oberlies

“The term ‘computer’ usually refers to a 
machine with a rather standard type of 
instruction set that usually runs serially 
but nowadays sometimes in parallel, 
under the control of programs that have 
been stored in memory.” 
— David Marr, “Vision”
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by algorithm. What is an algorithm? An algorithm 
mainly consists in its installment of rules for a func-
tion which can be broken down into individual steps. 
Now, to control an algorithm deterministically you 
not only have to know all input types, but all desired 
output types in front of a problem solution as well. 
This gets for some kind of problems easily out of 
hands, because the programming challenge is too 
large to solve or too complex to handle. While before 
ML the ‘prediction model’ was dependent on the 
program and thus on the optimization of the algo-
rithm by, large amounts of input – so called training 
data replace these former ‘theoretically derived at’ 
prediction models in this new era. A model is hereby 
constructed based on the so-called training data. 
Though we still deal with algorithms in Machine 
Learning, namely the so-called learning algorithms. 
So, not computer programmers, but these learning 
algorithms create the rules previously implemented 
to the biggest part in form of ‘frozen’ programs. 

Because knowing all desired output types in front 
for a problem solution is often impossible, machine 
learning ‘program’ will often tend to get it wrong in 
the beginning – but the sheer amount of input data 
in cooperation with the quality of these datasets can 
increases the quality of the generated prediction 
model over time. Hence there is an optimization we 
train the machine steadily against and additionally 
specified algorithms that analyze failures or prob-
lems in the prediction model sharpen the optimiza-
tion function by feeding the results back in for the 
next epoch of training. Sometimes this may lead to a 
corruption: “The term machine learning model refers 
to the model artefact that is created by the training 
process. With this machine learning model, it is now 
possible to create meaningful output based on new 
input. At least when the trained model is functioning 
as intended.”1

If one wants to put forth a slogan in this regard, 
it could be the following: ‘Machine Learning gives 

The information is highly encoded and can be seen as the 
‘structural condensate’ or ‘crystal’ of an idea or image. 

Image: Pix2pix-generated image
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input. This means that rather than viewing these 
algorithms as making random choices, we view 
them as determining these choices according to a 
sequence of random bits that is generated by some 
outside process.”

Thus, in principle the computer as a mechanical 
apparatus is a reproduction machine. There it can be 
inferred that it is impossible to create something new 
out of a dataset. For this reason, the quality (not only 
the quantity) of the datasets is from utmost impor-
tance. The so-called data cleansing is therefore all 
over the place, for it is informational representation 
that is modulated: “The theory of computation is 
concerned with the manipulation of information, and 
its transformation from one representation (the infor-
mation given) to another (the one desired). Indeed, 
a solution to a computational problem is merely a 
different representation of the information given; that 
is, a representation in which the answer is explicit 
rather than implicit.”6

This gets perhaps best explicated in the working 
of so-called Pix2Pix GANs in Machine Learning. 
They are something like a ‘structural condensate’ 
of an image, arrived at through analysis, feature 
extraction and compression of structural classifi-
cation layers. It’s in this way that they represent a 
‘bottleneck layer’ in which all the information is 
contained, but highly encoded, and which can be 
seen as the ‘structural condensate’ or ‘crystal’ of an 
idea or image. The Pix2Pix Generative Adversarial 
Network, or GAN, is an approach to training a deep 
convolutional neural network for image-to-image 
translation tasks. To optimize such GAN another 
step is necessary, in that the reconstructed picture is 
judged against a reference and evaluated as correct 
or incorrect. In fact, the recreational aspect, is what 
is referred to as inference – the process of using a 
trained ML-algorithm to make a prediction. While 
what is called training in Machine Learning refers to 
the process of creating a ML-algorithm, for example 
Pix2Pix GAN. An instance called generator creates 
random vector (noise), its initial output is also noise 
which gets then checked or evaluated by another 
instance called discriminator. The discriminator has 
access to the original data and predicts if the given 
generated output is true or false. Over time, as the 
generator receives feedback from the discriminator, 
it learns to syn-thesize more ‘realistic’ images. This 
is one way of training a ML-system: two neural net-
works playing a game. The ‘product’ of crunching 
though all the training data is the trained network, 
which can be deployed to make predictions in terms 
of data science or classification / categorization of 

computers, the ability to learn without being explic-
itly programmed’. But this shouldn’t fool us into 
believing that no one is programming the computer 
at all. Of course, people are talking nowadays about 
self-modifying programs and such, but somebody 
has to write the program to modify the program, 
and those programs are not going to be invariant. 
Rather these learning algorithms are optimized for 
a number of variables. But of course, this inspires 
imagination. What if we would write a program that 
gets specifically trained and therefore optimized 
for writing programs? Wouldn’t we have at some 
point a Machine Learning system that outdoes any 
human attempt in writing computer programs? This 
idea is always founded in some way or the other 
in the computer programs’ ability to rise above its 
function as a reproduction machine. “Ours is also an 
age dominated by deterministic machines – namely, 
digital computers – whose logic and arithmetic leave 
nothing to chance. In digital circuitry strict causality 
is the rule: Given the same initial state and the same 
inputs, the machine will always produce the same 
outputs.”2

What may be puzzling about this statement is 
that probabilistic algorithms, which make random 
choices at various points in their execution, have 
long been essential tools in simulation, optimization, 
cryptography, number theory, and statistics3. In fact, 
the very notion of secret refers to such a random (or 
unpredictable) value4. Isn’t this the entrance gate for 
self-adaptation? It’s in fact a yes and no answer. A 
fully deterministic machine cannot produce random 
numbers.

But then again: “how is randomness smuggled 
into a deterministic device? Although computers 
cannot create randomness de novo, they can take 
a smidgen of disorder from an external source and 
amplify it to produce copious streams of pseudoran-
dom numbers. As the name suggests, these num-
bers are not truly random, but they work well enough 
to fool most probabilistic algorithms.”5 Hence, in 
serial repetition inside a computer machine noth-
ing changes. Necessary for this is that a state is 
concrete – the system is in the state and not in any 
other state and another state is close to the state. 
All states are in this sense formally distinct. And to 
achieve this, it takes a huge amount of technology 
(electrical engineering) and energy to maintain a 
bit as a bit. “We will often talk of ‘random bits’ and 
mean values selected uniformly and independently 
in {0, 1}. In particular, randomized algorithms may 
be viewed as deterministic algorithms that are given 
an adequate number of random bits as an auxiliary 

THeORy
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Sheer repetition or rigid ‘crystallized’ time? 

Image: Pix2pix-generated image
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scientist.org/article/pro-
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3 ibid
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pdf [p. 402]

5 https://www.american-
scientist.org/article/pro-
grams-and-probability

6 http://www.wisdom.weiz-
mann.ac.il/~oded/COL/rnd.
pdf [p. 404]

7 https://www.boston.co.uk/
info/nvidia-kepler/what-is-
gpu-computing.aspx

images. To do all these calculation steps is highly 
performance intensive and best done on graphic 
cards: “A CPU consists of four to eight CPU cores, 
while the GPU consists of hundreds of smaller cores. 
Together, they operate to crunch through the data in 
the application.”

For professional graphics cards explicitly spe-
cialized on Machine Learning the prices can reach 
40.000 $ and above. Such professional training 
computer setups consist often in forms of clusters 
and you pay for the ‘up-time’ your network needed 
to be trained. each epoch more you want to train 
to optimize our GAN costs therefore energy and 
money. It is in this sense that the ‘age of the personal 
computer’ is shifted to decentralized cloud-com-
puting, in which the computers’ time is once again 
somehow more pressures than the users’ time. But 
it’s not only here that the personal loses grip onto 
the technological sphere. The chasm between the 
alleged ‘coal cellars’ or ‘engine rooms’ and the 
‘parlor lounges’ is found as well in looking at the 
technical manuals, that consists in parts of highly 
technical documentation and in parts of actual sci-
entific studies and papers. Outlandish to the most 
part for the non-introduced. The literally handmade 
classification or ‘preprocessing’ of datasets regularly 
needed to arrive at useful results is another form 
of ‘cloudification’ which makes itself noticeable at 
the outset of the public discourse. And this is not 
even looked at how the requirements or credentials 

for hardware and software production tend to get 
pushed aside. Tucked away behind the interfaces, 
the modes of production pretty much went back on 
the companies’ side. They tend to get hidden, leav-
ing the personal computer user with no real access 
to the production setup, so they take up less space.

That’s why it is necessary to ask for the technical 
realities of so called ‘artificial intelligence’. And from 
all the previously mentioned the term artificial intelli-
gence should be rendered in some important sense 
misleading. An ‘A.I.’ problem is just a problem that 
computers aren’t really good at solving yet. Like-
wise, an ‘A.I’ is referring to a problem a machine is 
especially efficient at solving. A main question in our 
project: Is art one of the former or latter problems?
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generalize, make abstractions. In the teeming world 
of Fumes, there were only details, almost immediate 
in their presences”.

There are two ‘projects’ Funes tries to accom-
plish one of which is building a numerical system for 
every world he knows, “an infinite vocabulary for the 
natural series of numbers”. He tries to construct a 
“system of enumeration” that gives each number a 
different, arbitrary name. His second goal is to build 
a mental catalog of all the images of his memory. 
Both of the objectives are unachievable, intermi-
nable and senseless. In Levinas terms “achieving 
the achievement, or completing the incompletion 
the human is something essentially unachieved, or 
incomplete.” The early death of Funes echoes the 
idea of unfulfilled potential.

Borges’ short story is a great metaphor to explain 
that knowledge is not only about processing a large 
amount of information but also about generalizing 
and ignoring some of the details. Funes, the total 

Borges and the
recurrence of Networks

In the story “Funes the Memorious”, Jorge Luis 
Borges tells the story of Funes, a young man who, 
after falling from his horse, receives the ‘enhance-
ment’ of being able to remember everything and 
recall every detail about everything. “In fact, Funes 
remembered not only every leaf of every tree of every 
wood, but also every one of the times he had per-
ceived or imagined it.” His mind is overloaded with 
instance of memories, the memory of the things and 
the memory of memories. He is regularly surprised 
by his own image every time he sees himself in the 
mirror. It bothers him that the dog seen from the side 
(three fourteen) has the same name as the dog seen 
from the front (three fifteen).

Funes has a perfect memory but unable to gen-
eralize visual information into knowledge, the way a 
normal person would, in order to make sense of the 
world. Towards the end of the story, Borges puts it 
beautifully: “I suspect, however, that he was not very 
capable of thought. To think is to forget differences, 
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Text: Funda Zeynep Aygüler

“I suspect, however, that he was not very 
capable of thought. To think is to forget 
differences, generalize, make abstractions. 
In the teeming world of Fumes, there were 
only details, almost immediate in their 
presences.” — Jorge Luis Borges, “Funes 
the Memorious”
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of all the databases, accurately store all the visual 
information but he is not able to forget, generalize 
and make abstractions which is the promise of 
Machine Learning since 1950s.

The essence of machine learning is to extract gen-
eral patterns from specific observations. Computer 
learns from data as a form of pattern recognition in 
existing data sets and makes predictions based on 
these patterns. Therefore, the process of computer 
learning is understood as a process of abstraction. 
“If a computer can recognize a dog in a picture, then 
in some sense the computer has learned the con-
cept of dog, very much like the Platonic model of 
‘idea’”. This bottom down approach (inductive learn-
ing) always seems to accommodate with a strength 
and weakness. In this kind of learning, the larger the 
data set the more reliable the patterns expected to 
be. But as the data gets bigger, just as with Funes, 
the ability to abstract from the data becomes more 
complex. When a model fits the data so precisely, it 

starts to become more inaccurate, as a result, less 
efficient. This modeling error is called ‘overfitting’.

Traces and crumbs left throughout all the online 
activities, the GPS locational traces, the traces left 
across websites and search engines never get lost 
and lead to the impossibility of forgetting. Just like 
human cognition, remembering everything and cap-
turing everything is problematic for data science. In 
this sense, it is important to revisit the question of 
‘la bêtise’ or stupidity in the age of deep learning. 
Gilles Deleuze in “Difference and Repetition” sets a 
distinction between human and animal on the basis 
of ‘bêtise’. “Bêtise is not animality. The animal is 
guaranteed by specific forms that prevent it from 
being bête” (in French, bête, beast, animal, and 
bêtise, stupidity, have the same roots). The animal is 
not ‘bête’, stupid but humans are. For Deleuze, stu-
pidity is a structure of thinking in itself and without 
stupidity, thought would not be possible. Here, it is 
important to distinguish stupidity from any forms of 

Details, almost immediate in their presences: 
model of an unfolded RNN and textual output. 

TouchDesigner still: Pedro Rodolpho Ramos Camargo
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The algorithm is able to produce fluent text that 
replicate the linguistic characteristics by only captur-
ing the co-occurrence probabilities between in the 
language sample it is trained on. The output words 
in this model are purely based on word frequen-
cies and the process doesn’t involve any semantic 
analysis. Therefore, the text generation is done with 
no regard for meaning whatsoever. In the sense of 
Deleuze, it is ‘stupid’ as there is no reference to truth 
or falsity. Fitzpatrick and Kelleher put it beautifully in 
their research “On the exactitude of Big Data” (2018) 
“The generation of text or the hallucination of text 
using deep learning techniques from computer sci-
ence leads to the generation of non-sense but more 
profoundly a form of bêtise which has semblance of 
meaning. It is, therefore, a form of Bêtise which has 
no reasoning, no thought or reflection within itself.”

The following is an example of a text generated 
from the books we covered in class:

error or truth. As he states “there can be a discourse 
full truth which is stupid, stupidity is not an error nor 
a tissue of errors.” Later, Deleuze extends his analy-
sis of stupidity as a form of non-sense.

Among natural language processing the most 
basic representation of (non)sense generation is 
present in Recurrent Neural Networks (RNNs). 
RNNs are class of neural networks that are suited 
to process sequential data in applications like text 
processing, machine translation, speech recogni-
tion, DNA sequences… Memory has been one of the 
most active areas of research in Recurrent Neural 
Networks as the model acquires a memory of the 
past (use data from prior inputs) and makes deci-
sions based on what it learned from the past. Text 
generation language models are trained to process 
a sequence of words from a text. It chooses an initial 
word as input, create a probability table generated 
by the model and select the word with the highest 
probability as the next word in the generated text, 
use generated word as the next input to the model 
and continue generating new words and using these 
words as input until the text has been generated.
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‘nonsense’ to be considered the analysis of the 
sign of the internal continuity of the paradox of 
the point of a series of the self. in the contrary, the 
state of a schizophrenic discovery is designated 
as positive signification. the life means a series of 
problems and constitution of the interpreted sur-
face of the beginning of the problem. problem is 
the distinction of the self in the same singularities 
of the concepts of the actions and simulacra. the 
signification is the body and the concepts of the 
surface, more considerable in the self.
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‘deep visual memories’ are considerable to 
laws that instead with a little to tell about dis-
parity. What is independence is continuously 
being about in the interpreted of the sense. 
What is its external schizing into the problem 
of the disjunction of a series of distinction is 
always a terms of the situation, the singularities 
of death- contours of divided the correspond-
ence. The individuals who are processing the 
original and do the same with the body, and the 
the cell. Alice is destructive and she see in a 
simple to explore knowing of the object of the 
simulacra, and within the beginning of the phe-
nomenon of self as such which we saw in the 
visible surface. The terms of sense, the object 
of the same without the lines and the sign of 
the present constitute the case such expressed 
with a constraints of the internal. The singular-
ity of his figures primarily links and follows for 
an information of the discovery of the form and 
the effect. 
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“It is not be retinal the 
second of the second as a 
surface of the here with the 
contrary, the neural process 
of the problem is always 
and the two series and the 
contralities and the sophis of 
the same time that the same 
with a question in the surface 
of the beant which the same 
that which is a second and 
the entire desire.”
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We wander in between
the visible and the invisible
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Setup and technical components.
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Neural networks became deep with multiple lay-
ers stacked on top of each other. Together with new 
accelerated hardware, especially parallel graphic 
processing units (GPUs), neural computation sys-
tems became powerful data crunching machines, 
that were able to process networks – like in the 
case of the convolutional neural network used for 
ImageNet – with “60 million parameters and 650,000 
neurons” and classify “1.2 million high-resolution 
images”2. Tasks like this were not possible before, 
be it because of the lack of data or because of the 
lack of computing power. In the years following, new 
advancements and new network architectures have 
been developed for specific tasks with fascinating 
results and even better accuracy.

FeeDFORWARD NeURAL NeTWORKS (FFNNs)
The basic form of a network is a feedforward neural 
network (FFNN) and the functionality is as follows: 
the network is built of nodes, so-called artificial neu-
rons, which are stacked in layers and each node is 
connected to each node of the following layer. The 
goal is to map an input (e.g. an image) to a desired 

Technical introduction:
A primer on Neural Networks

But what exactly is machine learning? And how do 
neural networks work? Neural networks are the main 
component of machine learning systems. Besides 
having a long history with many ups and downs that 
goes back to the 1940s, a turning point for mod-
ern-day neural networks – and definitely an upturn – 
can be observed around 2012. At that time an image 
data set called ImageNet was used to train a neural 
network to classify images1. Classifying images 
means, that you have an image and the network can 
tell what is depicted thereon: be it a dog, a flower, a 
bike, or one of the 997 other classes. It turned out, 
that this network performed extremely well, bet-
ter than any other neural network before – up to a 
human-like recognition rate.

There was no doubt: this was only the beginning. 
The beginning of an unstoppable ascent of infallible 
artificial intelligence systems. At least, that’s how it 
was believed at that time. Well, we will investigate 
on this assertion within the framework of our project 
and in the theoretical considerations that revolve 
around it. But on a technical level, what exactly has 
changed around 2012?

TeCHNOLOGy

Text: Christina Schinzel

The central component of this project and 
the performance of Deep Visual Memories 
is machine learning. We are using a com-
bination of different neural network archi-
tectures. Together, these networks create 
an interplay of images, words, sounds 
and, finally, meaning.
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output (e.g. a classification of the image) through 
training. The network must learn to configure itself 
and to come as close to the desired output as pos-
sible.

The two main phases of neural networks are train-
ing and evaluation. The goal of the training phase is to 
yield a network that generalizes beyond the training 
data set by finding connections, so called weights, 
between the neurons, that would best map an input 
to a desired output. The first step is a feedforward 
pass through the network, where you calculate the 
output and the error. The second step is to change 
the weights and minimize the error by performing 

backpropagation and stochastic gradient descent, 
meaning that the result of the first pass through the 
network is the input for the backward pass through 
the same network. After several passes the training 
phase is finished. Now it’s time to check how well 
the network performs. This is done in the second 
phase, the evaluation phase. The trained network 
gets to see new inputs and should now be able to 
yield the desired outputs.

Feedforward networks are the basic architecture 
on which all other networks are built upon. But there 
exist different network architectures for different 
tasks. We are using mainly two kinds of networks in 

Connections made in three-dimensional space.

3D-design: Funda Zeynep Aygüler
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for each word in a text) and save previous inputs in 
memory. In FFNNs, the output is a function of the 
current input and the weights alone - independent 
of time and memory. In RNNs, the output at a spe-
cific time depends not only on the current input and 
weights, but also on all previous inputs.

WORD eMBeDDINGS AND WORD2VeC
As we have seen, the major network architecture 
for natural language processing are RNNs. Another 
common trait in natural language processing are 
word embeddings. embeddings are not another type 
of network, but an addition to an existing network 
and often represented as additional layers for the 
input. Word embeddings change the way the words 
of a text are processed before they run through the 
network. embeddings are models that learn to map a 
set of words or phrases in a vocabulary to vectors of 
numerical values. These vectors are called embed-
dings. They can improve the ability of networks to 
learn from text data significantly.

A specific form of word embeddings is the 
word2vec embedding model, that was first intro-
duced by Mikolov et al. in the paper “Distributed 

this project: GANs (generative adversarial networks) 
for image generation and RNNs (recurrent neural 
networks) for text generation.

ReCURReNT NeURAL NeTWORKS (RNNs)
While feedforward networks are good for classifica-
tion tasks, they are static and can only process the 
current input. But much data does not have a static 
form. It is sequential and time-dependent, like text, 
speech or video. So, another type of network that 
can process exactly this type of data became widely 
popular: recurrent neural networks (RNNs). With 
RNNs, applications like sentiment analysis, speech 
recognition, time series prediction, gesture recog-
nition and natural language processing became 
possible.

When comparing RNNs to FFNNs there are two 
differences: first, the sequential input in the training 
phase and, second, memory elements. The most 
important point of RNNs is, that the output depends 
not only on external inputs, but also on previous 
inputs and weights from inside the network that are 
stored in memory cells3. RNNs perform the same 
task for each element in the input sequence (e.g. 
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Figure 2: Long Short-term Memory Cell

(LSTM) architecture [16], which uses purpose-built memory cells to store infor-
mation, is better at finding and exploiting long range dependencies in the data.
Fig. 2 illustrates a single LSTM memory cell. For the version of LSTM used in
this paper [7] H is implemented by the following composite function:

it = σ (Wxixt +Whiht−1 +Wcict−1 + bi) (7)

ft = σ (Wxfxt +Whfht−1 +Wcfct−1 + bf ) (8)

ct = ftct−1 + it tanh (Wxcxt +Whcht−1 + bc) (9)

ot = σ (Wxoxt +Whoht−1 +Wcoct + bo) (10)

ht = ot tanh(ct) (11)

where σ is the logistic sigmoid function, and i, f , o and c are respectively the
input gate, forget gate, output gate, cell and cell input activation vectors, all of
which are the same size as the hidden vector h. The weight matrix subscripts
have the obvious meaning, for example Whi is the hidden-input gate matrix,
Wxo is the input-output gate matrix etc. The weight matrices from the cell
to gate vectors (e.g. Wci) are diagonal, so element m in each gate vector only
receives input from element m of the cell vector. The bias terms (which are
added to i, f , c and o) have been omitted for clarity.

The original LSTM algorithm used a custom designed approximate gradi-
ent calculation that allowed the weights to be updated after every timestep [16].
However the full gradient can instead be calculated with backpropagation through
time [11], the method used in this paper. One difficulty when training LSTM
with the full gradient is that the derivatives sometimes become excessively large,

5

How to retain memories: a long short-term 
memory cell inside a neural network.

Image from: Graves, Alex (2013): Generating Se-
quences With Recurrent Neural Networks, p. 5
LSTM were first introduced by: Hochreiter, 
S.; Schmidhuber, J. (1997): Long short-term 
memory
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Representations of Words and Phrases and their 
Compositionality”4. Word2vec does not only map 
words to numerical values, like all embeddings do, 
but also includes the semantic meaning of words. 
Word2vec embeddings learn to vectorize words and 
their meaning mathematically, so they can represent 
the relationship between words in a vocabulary in 
n-dimensional vector space. This technique is very 
efficient for representing words, because the vectors 
also contain semantic information. For words that 
have a similar context, like coffee, tea and water, the 
vectors are near each other. In the same way, the 
relationship of verbs in the present and past tense 
can be represented. Different words are further away 
from one another, and their relationship can be rep-
resented by distance in vector space.

GeNeRATIVe ADVeRSARIAL NeTWORKS (GANs) 
Generative adversarial networks (GANs) are another 
highly popular network architecture. GANs were first 
described in 2014 by Goodfellow et al. in the paper 
“Generative Adversarial Nets”5. Since then, GANs 
have exploded in popularity because they make the 
generation of synthetic images possible. Besides 

possible applications in the non-visual domain (e.g. 
physics simulations), the most promising results of 
GANs can be observed in the visual domain, like 
image and video generation. This makes GANs par-
ticularly popular for all kinds of experiments in the 
visual arts where the visual aesthetics of networks 
can be explored. For example, you can write a 
textual description and based on that, an image is 
generated6 or you can draw a sketch, which is then 
rendered into a colored image7.

Most generative models don’t have a defined 
outcome but use some kind of approximation. GANs 
use a second network as approximation, that learns 
to guide the other network. The two networks inside 
a GAN are called discriminator and generator. The 
discriminator is a classifier, usually a convolutional 
neural network8. It gets an image as input and 
indicates whether the image it sees is real of fake. 
Meanwhile, the generator produces fake images to 
fool the discriminator. The generator doesn’t pro-
duce realistic images from the beginning, in fact it 
starts out with pure noise. So, the training process 
is a process of alternating between training the dis-
criminator and the generator. But the main point lies 

In other words, D and G play the following two-player minimax game with value function V (G,D):

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))]. (1)

In the next section, we present a theoretical analysis of adversarial nets, essentially showing that
the training criterion allows one to recover the data generating distribution as G and D are given
enough capacity, i.e., in the non-parametric limit. See Figure 1 for a less formal, more pedagogical
explanation of the approach. In practice, we must implement the game using an iterative, numerical
approach. Optimizing D to completion in the inner loop of training is computationally prohibitive,
and on finite datasets would result in overfitting. Instead, we alternate between k steps of optimizing
D and one step of optimizing G. This results in D being maintained near its optimal solution, so
long as G changes slowly enough. This strategy is analogous to the way that SML/PCD [31, 29]
training maintains samples from a Markov chain from one learning step to the next in order to avoid
burning in a Markov chain as part of the inner loop of learning. The procedure is formally presented
in Algorithm 1.

In practice, equation 1 may not provide sufficient gradient for G to learn well. Early in learning,
when G is poor, D can reject samples with high confidence because they are clearly different from
the training data. In this case, log(1 − D(G(z))) saturates. Rather than training G to minimize
log(1−D(G(z))) we can train G to maximize logD(G(z)). This objective function results in the
same fixed point of the dynamics of G and D but provides much stronger gradients early in learning.

. . .

(a) (b) (c) (d)

Figure 1: Generative adversarial nets are trained by simultaneously updating the discriminative distribution
(D, blue, dashed line) so that it discriminates between samples from the data generating distribution (black,
dotted line) px from those of the generative distribution pg (G) (green, solid line). The lower horizontal line is
the domain from which z is sampled, in this case uniformly. The horizontal line above is part of the domain
of x. The upward arrows show how the mapping x = G(z) imposes the non-uniform distribution pg on
transformed samples. G contracts in regions of high density and expands in regions of low density of pg . (a)
Consider an adversarial pair near convergence: pg is similar to pdata and D is a partially accurate classifier.
(b) In the inner loop of the algorithm D is trained to discriminate samples from data, converging to D∗(x) =

pdata(x)
pdata(x)+pg(x)

. (c) After an update to G, gradient of D has guided G(z) to flow to regions that are more likely
to be classified as data. (d) After several steps of training, if G and D have enough capacity, they will reach a
point at which both cannot improve because pg = pdata. The discriminator is unable to differentiate between
the two distributions, i.e. D(x) = 1

2
.

4 Theoretical Results

The generator G implicitly defines a probability distribution pg as the distribution of the samples
G(z) obtained when z ∼ pz . Therefore, we would like Algorithm 1 to converge to a good estimator
of pdata, if given enough capacity and training time. The results of this section are done in a non-
parametric setting, e.g. we represent a model with infinite capacity by studying convergence in the
space of probability density functions.

We will show in section 4.1 that this minimax game has a global optimum for pg = pdata. We will
then show in section 4.2 that Algorithm 1 optimizes Eq 1, thus obtaining the desired result.

3

In serch for an equilibrium: Generative adversari-
al nets are trained by simultaneously updating the 
discriminative distribution (blue, dashed line) so that it 
discriminates between samples from the data gener-
ating distribution (black, dotted line) from those of the 
generative distribution (green, solid line).

Image from: Goodfellow et al. (2014): Generative 
Adversarial Networks, p. 3
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here: the two networks are fighting over one number, 
that is the error rate of the discriminator. The dis-
criminator wants his classification error to be low. If it 
sees a fake image, it wants to classify it as fake. The 
generator wants the opposite. It wants the classifi-
cation error of the discriminator to be high because 
he wants to fool the discriminator. During the training 
process, both networks improve until the discrimi-
nator classifies all images with a value around 0.5. 
This means: draw. The classification now lies exactly 
between fake image (classified as 0) and real image 
(classified as 1). Or in the words of game theory: an 
equilibrium is reached. The discriminator doesn’t 
know any more if an image is fake or real. The images 
are now indistinguishable from each other.

IMAGe-TO-IMAGe TRANSLATION AND PIx2PIx
The main component in our project is a special kind 
of GAN. It is image-to-image translation, or pix2pix9. 
Pix2pix is a GAN, but with a different functionality 
as described above. A typical GAN starts off by 
generating images from a random noise vector. It is 
creating images from scratch. But in image-to-im-
age translation, the input is not random noise, but 
another image. So, we want the generator to learn a 
mapping between an input image and a desired out-
put image. The mapping is done as a mathematical 
transformation from one image to another. examples 
of this translation include the translation of daytime 
to night-time images, black-and-white photographs 
to colored photographs or the translation of a sketch 
to a colored image.
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Pix2pix is based on a conditional adversarial 
network (CGAN or conditional GAN) that learns the 
mapping from an input image to an output image. 
The architecture includes, like a typical GAN, a 
generator and a discriminator – but with a bit of a 
twist. A conditional GAN has additional layers, so it 
can process another image as input. The additional 
layers can be found inside the generator: it now has 
an encoder and a decoder. The encoder produces a 
feature level representation by transposing and dis-
tilling information out of the input image into smaller 
feature level representations. Then, the decoder 
builds up a new image out of the feature level rep-
resentation. The decoder portion of each generator 
acts like a typical generator. Once the generator is 
set up, its output can be linked to the discrimina-
tor, that will try to characterize the images as real 
or fake. But instead of classifying only one image, 
like in the case of a typical GAN, the classification is 
conditioned to be a pair of images. The discriminator 
now looks at one image from the encoder and the 
corresponding image from the decoder and outputs 
a value for a real or fake image pair.

These are the major machine learning techniques 
and neural network architectures we are using in 
Deep Visual Memories. We are using pix2pix to 
translate movie stills into other feature level rep-
resentations, that is, into other images, as the fol-
lowing pages will show.
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“The world repetition is in-
separable from the same 
story is what is like the series 
of the problem is interpreta-
tion of the difference of the 
problem of the surface of the 
presentity of the surface of 
the relation to the surface of 
the internal production in the 
technical objects that the sec-
ond and sense may be said to 
the single of the second.”
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epoCH V

outlines that are filled and 
formed each time anew
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We took some common science fiction tropes 
and invented an art-creating A.I., that is better than 
humans in making and promoting art. The balloon 
dog from Jeff Koons is logo and signifier alike by 
referencing well-known artworks.

For Aleph A:i, we made a website with an inter-
active and pattern-changing three-dimensional dog 
and a promotional video.

We made use of ‘Irony’ as a storytelling tool helping 
us accessing the ‘dark arts’ of Machine Learning 
through the wisps of fog and raised dust, that wrap 
the engine rooms at least for the ‘non-initiated’, who 
do not yet belong to the shamans of the machine 
cult. The tension between how things and their 
developments are brought to us in a modern Cyber-
culture, and this means communicated, marketed 
and showcased, and how they do function and 
are continuously being ‘made up’ of in historical 
terms and as such carry out decision and concrete 
enactments, to render this contrast visible lead us 
to engage in the mystification against the mystified 
- Aleph A:i.

ALePH A:I

We created Aleph A:i as a humorous 
response to all the hype around Artificial 
Intelligence: a superhuman intelligence, 
ready to take over the art world. 
Or so we were told.

Welcome to Aleph A:i: What will A.I. 
Teach Us About Ourselves?
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Website with WebGL.

UI/UX design: Tian Feng
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We spent the last three years 
together with some of the 
world’s leading developers, 
computer- and neuroscien-
tists. Now, we can introduce 
you to Aleph A:i.

Running on massively paral-
lel artificial neural networks 
ideally suited for high com-
putational workloads, Aleph’s 
self-organizing algorithms 
learn from the full range spec-
tra of human emotion and feel-
ings in the experience of art.
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Applying a mesmerizing new 
deep-learning system and 
predicative market trend 
cloud computing on multilay-
ered analysis of big artwork 
pools, Aleph will confront, 
inspire and move us and the 
art world regularly anew with 
works from the very heart of 
the machine. Sheer accuracy 
meets the preeminent spark of 
intuition.

What will A.I. art teach us 
about ourselves?



48

ject is intended to concatenate into. Also taking this 
into account, there is space for what one might call 
imperfections. Perhaps a missing frame, or some 
seconds of chaotic merging. But there’s also enough 
space for an element one can surely expect on a live 
performance, which is the energy, the dynamism, 
and the natural interaction with the environment, the 
sound, and as eventually possible, the people that 
might be sharing the experience.

Just as a music performance, the visual perfor-
mance also demands rehearsing. After listening to 
the track some times, it was possible to have some 
idea on the different aspects of the track that could 
match the different animations. After some rehears-
ing, it was time to record the footage, also more than 
one time, to see what worked out better. In a process 
of trial, error, experimenting, the product starts to 
naturally develop itself.

But there’s a lot more room to try different 
approaches and try things out. Always.

Audioreactives and Sound

TOUCH DeSIGNeR AUDIO ReACTIVITy
The process approached for generating the Touch 
Designer visuals was like the documentation of a 
visual performance. The ground work of building the 
patch is about getting the playground ready. Choos-
ing and developing different generative animations, 
and experimenting the different possibilities with it on 
Touch Designer. After developing the first patches, 
Alexander upgraded them, which were then assem-
bled on the patch used to generate the videos that 
were included in the training material.

With the patch ready to go, the different 
parameters of sound reactivity assigned to different 
parameters of the animations, and the interfaces 
used for generating it also ready, then it was time to 
experiment around the possibilities of combination, 
merging of different animations, and arranging of the 
material as a video. Such process also resembles 
the possibility of doing the same on the context of a 
live performance, which is the environment the pro-

AUDIOReACTIVeS

Text: Pedro Rodolpho Ramos Camargo

We wander in between the visible and the invisible, 
the sayable and the ineffable. 

TouchDesigner still: Pedro Rodolpho Ramos Camargo
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Ableton Live 9 screen: Won Chul Ji

TouchDesigner screen: Lennart Oberlies
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Stage Design for On Site and
Online Performance

Stage design: Pedro Rodolpho Ramos Camargo

machine learning networks, audioreactive images 
and 3D objects. The different screens form an inter-
play of different styles and meanings. The visitors 
can explore and interact with the performance. The 
online performance is a website where the visitors 
can choose between 2D and 3D mode. 

Originally conceived as a live performance, we have 
now planned for two kinds of performances: an on 
site performance and an online performance. The on 
site performance consists of several screens where 
different videos are projected. The videos come from 
various sources: generated images and text from the 

STAGe DeSIGN
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Through the landing page, visitors can access the 
online performance. They can choose between 2D 
or 3D mode to explore the performance. In 3D mode, 
users can drag the mouse to rotate the three dimen-
sional virtual space. They can also zoom in and out 
to look through the details and overviews. To get 

more detailed information they can press the screen 
in 3D mode to switch to 2D mode.

UI/UX design: Tian Feng

STAGe DeSIGN
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“All the body-original sense, 
and the self and means of 
the simulacra is a simple 
and complex the possible to 
see where an image of the 
second is the representation 
of the same the surface of 
the contrary, and the same 
strained the primal sketch 
and all the surface of the 
whole something.”
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epoCH Vi

Not fixed, but rather 
wavering contours
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Additionally, 3D-objects serve as an underlying 
structure and symbols, where the generated images 
can be projected upon.

Visual Style and Design

The visual style is a combination of different mov-
ies, 3D-objects and generated images. The movies 
are used as input for machine learning, where each 
movie still is processed and run through the pix2pix 
neural network. The style of the movies reaches from 
animation to expressionist black-and-white movies. 

VISUAL STyLe

Movie stills from: 
Loving Vincent, Nosferatu, Metropolis, The Cabinet of 

Dr. Caligari, OFFF, Backwater Gospel and Monster Calls
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Cover and poster designs 

Design: Yijia Fu
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“Language is the power of 
the constitute of the bear-
ing which is a simple of the 
importance of the world as 
the becomes the pass in the 
matches and set of the series 
of the constric pull in the 
contertic problems and the 
problem of the problem of 
the sense of the ensemble of 
the surface.”
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epoCH Vii

Details, 
almost immediate
in their presences
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It was my first project at Bauhaus, 
and it was an opportunity to produce 
music, which is my strength. I pr 
duced sound and music and the pro-
gram I used is Ableton Live 9.
— Wonchul Ji

Deep Visual Memories has been an 
extraordinary opportunity to work 
with competent people in a real 
group work environment. In parallel, 
I’m glad to have the chance to bring 
different of my skill sets and areas 
of interest to the table: contributing 
with the sound, Audioreactive vis-
uals in Touch Designer, Video edit-
ing with After effects and Premiere, 
and thinking about the stage design, 
all of it in collaboration with different 
multi-talented fellow artists and de-
signers.
— Pedro Rodolpho Ramos Camargo

Teamwork and
personal Motivation

TeAMWORK
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Weiru

What I can do

User Interface Design

Illustrator

XD

Sketch

Photoshop

Video Editing

AfterEffect

Programming

html, css

Arduino

Painting

Pencils/Pen

SoftPastals

WaterColor

What I want to learn

Skills

Python

3D Projection Mapping

TouchDesigner?

Isadora?

HeavyM?

Mapio?

Processing(learning)

Max(learning)

Unity

Magenta

necessary ML knowledge and readings

Idea for the project

Live Poem Painting according to the input (words refers to emotions or actual images.)

Jean Dubuffet 

-

References

Nevermind

Can Computer Create Art?

Poetry Foundation

Refik Anadol

Projects

Installation-ReflectedBamboo

Game-Tesseract

tian

Project

input

kinect: kinectic data from human bodys, motion recognazation Azure kinect?

human data

emotional data inputs

output

touchdesigner: live performoce

VR

interactive installation

computer vision

style Cyberpunk Topichttps://www.bilibili.com/video/BV1L4411G7FS?from=search&seid=8753821806407195213

references（Kinect）
https://www.instagram.com/p/CAaZwKwHaHe/?utm_source=ig_web_button_share_sheet

https://www.instagram.com/p/CANkOt6jsA7/?utm_source=ig_web_button_share_sheet
I want to learn

touchdesignerlive visual effects

real-time audio visualizationaudio and motion as input together

machine learning framework

how to build structures

technical part in touchdesigner

know about how tensorflow works

what can i do

Photogrammerty

UX design

ARAR application with unity

Mindmap: Tian Feng

Mindmap: Wei-Ru Tai

TeAMWORK
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Collaboration Tools 
and Coding

We work completely remotely on this project. This 
means, that we need some good organization and 
collaboration tools. We use an environment con-
sisting of web conferencing, messaging, file sharing 
and coding to share and discuss our project. We 
use NextCloud for file sharing and BigBlueButton for 
online meetings.

For collaborative coding, we use GitLab and 
share notebooks on JupyterHub. Generally, coding 
is done in Python (with the help of Anaconda), Jupy-
ter Notebooks and Tensorflow as machine learning 
framework.

Collaboration and file sharing on NextCloud.

COLLABORATION
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From top to bottom: coding with 
GitLab, JupyterHub and Tensorflow 

COLLABORATION
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Booklet concept and design: Christina Schinzel



64


