
lQ Deep Remixes

A music artist sings with the voice ofher collaborator, their faces intermingled in a hazy
algorithmic collage.A video self-portrait inwhich closeups ofthe artist’s facebecomegalax-
ies and nebulaeas seen through aneural network’sperspective. Real-life politicians perform
strange Al-generated songs as a deceased singer speaks about contemporary politics.

These cutting-edge works constitute early examples of the future of generative art.
Specifically, they belong to a new range ofremix practices enabled by deep learning tech-
nologies and by the availability oflarge data sets. These remixes happen at different levels.
First, as discussed in the previous chapter, to a very large extent machine learning art
rests on the creation of a data set, which can be done by generating one’s own material,
crowdsourcing the work, or appropriating existing materials. The careful construction of
a training set by blending data from different sources to train a desired model constitutes
a first form ofmachine learning remix. Second, once a model has been trained, it can be
reused as is to generate different outputs. This feature ofdeep learning has already opened
new possibilities for artists by giving them access to models which would otherwise be quite
expensive to train, for example through the release ofGoogle’s BigGAN (Brock,2019)as
well as the GPT-n language models (Radfordet al., 2019;Brown et al., 2020)andthe music
sample-generator Jukebox (Dhariwal,2020)developed at OpenAI.

Third, deep learning neural architectures are to some extent modifiable. Not only can
a pretrained model be reused in different contexts but under certain conditions, it can be
upgraded by,for example, retrainingthe neural network in whole or in part using a different
data set, or by adding new layers ofneurons on top ofthe existing ones.

Finally, novel machine learning techniques such as style transfer (Gatys et al., 2015),
pix2pix image-to-image translation (Isola et al., 2018; Wang et al. 2018) and Flow
Machines (Pachet,Roy,& Carré,2021)allow for awhole new rangeofalgorithmic remixes
in which a transformation from one domain to another is automated via training over a
data set.

Machine learning thus opens the door to a new era of remix culture in which not only
content but content-generation processes can be easily reproduced, copied, modified, and
remixed. This change is supported by the capacity of machine learning (in particular,
deep learning) to rematerialize large collections ofcontent (data)into dynamic structures
(models)that can be activated as generative processes. Early examples are found in recent
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Deep Remixes 135

other image-manipulation tools have radically transformed photography, and copy-pasting

has become one ofthe basic principles ofwriting thanks to word processors and the World

Wide Web.
As remixing practices were thus increasingly applied to media outside of the musical

realm in the late 1990s,they quickly became the norm. Lawyer Lawrence Lessig sees the

emergence ofthis remix culture as a positive development. He has argued that remixing

(the practice of creating derivative works by transforming existing materials) is a bene-

ficial and natural method to enhance human creativity that has been a common practice

throughout human history. While copyright laws established in the late twentieth century

have restrictedsuch practices, in the twenty-first century remix culture is nonetheless thriv-

ing thanks to technological advances that facilitate copy-pasting, modifying, and mixing

media.This is true not only for images, sounds, and video but also for source code.

Open-Source Cultures

In the early 1980s in the midst ofthe growing spread ofpersonal computers,commercially

owned software had become the norm. Richard Stallman, then a programmer at MIT’s

Artificial Intelligence Laboratory, started to create software tools for the Unix environment

forwhich hemadethe source codepublicly available. In 1983 helaunchedthe GNU? project

to create a Unix-like environment that would runusing only free, open-source software. In

1989,he wrote the GNU General Public License (GPL),which protected the rightsofusers

and developers to use, copy,and modify software—in other words, to freely remix code.*

In new media art, interconnections with free software and open-source communities can

be traced to the early 1990s, for example, through the release by composer and musician

Miller Puckette ofPure Data, a visual programming language for real-time interaction and

sound.Inthe 2000s open-source software such asArduino/Wiring, Processing,andScratch,

created for both educational and professional purposes, have pervaded the field.

This softwares directly contributes to the remix culture described by Lessig within the

niche field of new media art. They are surrounded by rich, multidisciplinary commu-

nities who share code on public forums and on source code repositories. As most new

media practitioners know, producing technology-intensive art works such as audiovisual

performances and interactive installations often involves patching together a numberofpre-

existing audio, video, hardware, and software components. Thus, artists fix, improve, and

create new open-source code such as libraries and code snippets that they then redistribute

to the community.»
Machine learning is tightly knit with open-source culture. The core software tools cur-

rently used for deep learning such as Tensorflow and PyTorch are free and open source.

Furthermore, deep learning research communities have historically been defined by a cul-

ture ofsharing and open access; new results are quickly disseminated on the internet, often

with source code, on open-access platforms and journals such as arXiv and Journal of

Machine LearningResearch.
It is one thing to create a collage by combining different pictures; it is another to copy-

paste code from different sources to create anew piece ofsoftware. But what happens when

we canremixnotjustmedia content suchas image or soundbutprocesses thatgenerate such

content—for example, by applying the voice signature ofa singer to one’s own voice, or
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Deep Remixes 137

In particular, GPT-3,which is 116times larger than its predecessor GPT-2° is able to infer
new linguistic patterns or tasks from textual instructions given by the user. This capacity

allows the user to interact with the model in a fluid fashion by giving instructions in natural
language. Hence, it constitutes an alternative to traditional programming, where one can
actually interact with the system to train it to do what one wants. Writer Gwern Branwen,
who has worked extensively with GPT-3, explains that this form ofprompt programming
feels akin to teaching your pet some new tricks. “You can ask it, and it will do the trick
perfectly sometimes, which makes it all the more frustrating when it rolls over to lick its
butt instead—you know the problem is not that it can’t but that it won’t.” (Branwen,2020)
The use ofpretrained models such as BigGAN and GPT-3 supports new forms ofremix

based on the exploration of the quasi-infinite generative spaces offered by these models.
However, training these models requires so much resources that only big businesses are
currently able to afford it. These models are thus biased and out ofthe immediate control of
their users. This is a major difference with the free software movement that has supported
the emergence ofsoftware developedby users, for users.The technoscientific open cultures
fuelling machine learning research behind BigGAN and GPT-3 remain under the aegis of
big multinationals, keeping these tools out ofthe direct control ofits users.

Alternative Faces

Deep learning remixes are not only supported by big IT: community-driven technologies
are also appropriated for creative purposes,sometimes in unpredictable ways. In December
2017, it was reportedthat users in the Reddit community r/deepfakeswere using a software
tool to swap faces ofactors in porn movies with those ofother people such as celebrities,
thus creating realistic-looking sex remixes. The technology was later banned on several
websites such as Reddit, Twitter, and Pornhub (Cole,2017).

While the motivation ofthe r/deepfakes community was to generate new pornographic
flix,the technology behindthat phenomenonisa user-friendly software called FakeApp that
can be applied to any kind of video content. One important trend is the insertion ofactor
Nicolas Cage in Hollywood movies such as Forrest Gump, Raiders ofthe Lost Ark, and

Superman.Another popular style involves remixesofpoliticians, such as a remix featuring
the president ofArgentina, Mauricio Macri, superimposed on Adolf Hitler’s character in a

scene from the film Down/all, and several experiments involving deepfaking US president
Donald Trump.’

Other recent developments allow even more fine-grained modification of audio and
video content. Suwajanakorn, Seitz,& Kemelmacher-Shlizerman (2017)present a method

to generate new videos of people speaking in a frighteningly realistic way. These com-
_ puter scientists at the University ofWashington trained a neural network onmany hours of

_ footage from US ex-president Barack Obama.In a new form ofdigital puppetry they were
then able to generate convincing video sequences ofObamausing only audio records ofhis

_ yoice (Suwajanakorn, Seitz, & Kemelmacher-Shlizerman, 2017).

Artist Mario Klingemann used a similar technology in his 2017 video piece Alterna-
tive Face v1. In this work the ghostly figure of deceased French yé yé singer Frangoise
Hardy appears as an animated collage oforiginal footage taken from different sources.The
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performances oftechnological puppetry, the two animated caricatures appear dressed up
in sequined gowns, gesticulating and speaking in tongues. The imperfections ofthe face
replacement technology, which reveals itself at times in image glitches, have been left for
the viewer to see.

Heaney’s satiric work is a critique ofpolitical rhetoric and ofits interconnections with
artificial intelligence in a post-truth era—in which anyone can literally put words into the
mouths of politicians. Her work embraces an aesthetics of technological glitch, which
Heaney calls “good noise,” which depends on using machine learning systems “in ways
for which they were unintended,” in other words, to “shake them, almost to [the]breaking
point, to see what comes out, to see ourselves anew” (Heaney,2019).

BothHeaney’s and Klingemann’s works revealthe ethical, legal,andsocial repercussions
ofthe new forms ofmedia alterations made possible by deep learning tech. In the 1990s,
image editing software such as Photoshop profoundly transformed advertising, culture, and
the public’s relationship to the news.By expanding media manipulation into the realm of
video and audio, deep learning technologies in the age offake news will contribute to the
transformations previously initiated by media editing technologies.

Remixing the Generative

There is a profound consequence underlying machine learning software’s ability to pho-
toshop audio and video content: the ability to automatically create and remix generative
processes ofmedia production. This is the natural result ofthe fundamental properties of
contemporary machine learning systems. As we have described, machine learning algo-
rithmsare able to automatically transform generative processesinto data structures (models)
that canbe stored, copied,and modified. These processes can then be used to generate new,
unforeseenmedia contentsuchas images andsoundandalso newagent behaviors forgames
and robotic art.

Consider for example the emergence of digital technologies that allow the creation of
synthetic voices able to convincingly imitate someone’s voice on the basis of a few sam-
ples. These digital voices are in fact complex mathematical functions embodied in a neural
network’s weights that take text and transform it into words spoken using someone’s voice.
In other words, it is a recordor sample notofthe voice itselfbutofthe process that cangen-
erate the voice. Once trained, this process is turned into a piece ofdata that can be copied,
pasted,and modified.
The ability provided by deep learning systems to automate the creation of a content-

generation program is unprecedented inhumanhistory at least to suchascale and with such
flexibility. Another example is style transfer, a technology that allows the application ofa
specific style to an image. The firstpaperon the subjectappeared in 2015on arXiv (Gatys
et al., 2015) explaining how to use a convolutional neural network in which the represen-
tations of content and style are separated and can thus be manipulated independently to
produce new images.

Similarly, research project Flow Machines aimed to transform musical styles into com-
putational objects that could easily be remixed by composers and musicians. In September
2016 the group released two songs whose scores were generated by a style-imitating
algorithm—one was trained on scores from the Beatles and the other on scores by a mix of



pojduresso[Ajs[enstAJoUOeZIPLIgAY94}MOT]P[[IM1oJsue.]9[4]SCOPIAJosonbruyoo}MON
‘souloojnopursonovidjueSuNoedunAjpunojoid‘suondosaneoioMouAueUl0}JOOPoy}
uado[JIMsoydurexoAj1vaosoy)yey)syisodsonbruyse)Suruses,daopJoAjIqeleosoy

‘(4810Z“UOpuia}{)JoyjOUR‘JO9OIOA94)YSNOIY)OJBOTUNLULUODJO‘JOYOMOY)OTLUTLU
0}9/qe9qWstutJoyYIMSune1oge|[ooauodAueyey)JUSLOYyNs‘roy10qyo3Ajuo[[]IMpure“siajoR1eyo

[BO0AJOsaAjsUOHIsOduioda.injeUsis9}¥919010}SuruIeo]JepoosAyordApeoryesituMedg‘orsnu|
SUIssoUIMYSnoryyA[dug‘UONesIOAUODJe]sJoRSqepUksoyeID[9O0RO.INYINO91qIS9]SUTYORULJOBIO
ay}Ing‘s1oyJOAqpoywo.o[BLIDIVUJO9SN[BOIYIOOY}INOgesusB.UODAueULpastesSurduresJoyuaApe
SY‘OIsNuJooinynyoy}INoqesuoNsonbSuNsosojUIynoge1YSno1qseyssoooidsty)yYSnosy)SuIoH

isppeays,-ApogAwJosuoneyrunyeoishydoy)ssed.insseyyyy9O1OAALUYIMoIsNUT9yROI9
0}9]g2We],,‘piesoys.‘uMedsJosomoedespooueyusoy}YIMUONeIoge]joo3uLMjnU
U],,(UOPUO}),JOYJOUL,,JYJO9OIOAdy}UIJeJoySuNosdsojuIOApure(UIP),AOYJOWIPOS,,,|
OY0}Buruojst],,soussi]jowurouryorulyuooseu,,oyAqpoyeoiosemsooidoy}MoyBul|
-quosop“juRjulJoyseUMedg0}PoLJoJolUOPUO}“YOMOY}]NOGEJUDUIDe}S[VIOYJOueUy|
(8107“Urry.yooodss,AT[oHUrsj1ejspursdojsoy}wosSuruIeoy,,A[qvunsord‘uyILI03]e

ayiAq..dnpouieorp,,AjarquasemornyeoySIy}‘s10JvoIDOY}0}SUIPIODOW“Surxoqyeoqour
-uryoeulyoodejuouAuuvounuesonpo.d0syuoWSey[BdO0ASasndardoY|,“9OI0A$,uTT¢SuIsN
SUIS0}UOPUIDH{ATJOHSuIMo]yeE‘JoysueIo]A4sssnyey}JopoooapoyusWneJoq[INg-WO}sn9
Jopury@shojdwuowiajsAsayy*(Z'0|o1ndy99s)dryssoyyneonyeoNquyRsysyzeoyYoIyM
o1umedgpoureu,,d0udST][9}UISUIYORUL,,BUIpalpoquidsossadoidOILY}LIOS|eJo39sxo{du09
BSuisnpoyesouossem“(eg[QZ‘UOpUJOH])/aysompoypo|[eo‘Buospouuiojiadoy],‘SoxTWaI
MUIYILIOS[eJOWOJMausIy}Joa[dwexoSuoysvsopraoid‘oov[ge]sornepueysinykuq
BYYUMuoe1oge][OoUt“UlfpukeUOpUIOH]ATJOHSuBIOISNUd1UO.ND9[9AqYOMJUDI01Y

‘Qoduin.y&pueeyINSoLQOs]9URUdIMIJo0qPLIgdYv‘ajduIexoJ0J)syUOLUN.YSUT
MolsnulJospopourSurxiuAqs}USWUMSU![eUSIPMoUoye19U9SURdJeY}YIUAGNpoy[eo[00}
MBAYOs&posvafalvyuase]noidyoreosal9[ooH“oyeBuoyJON*SiOLIMBuOsuRoOUTY

Peas]PIpaydnorysuvdsogJoAsoy.no_‘ooptaoisnuray)WO[INS°g[OZ“aysowpoy“ul[ppueuopusoT]ATO]

TOLaansty

||
|

;yDOrl



Deep Remixes 141

from existing movies and other visual content. Romance novels could be automatically
rewritten in the style ofMargaret Atwood, and The Handmaid's Tale turned into a coming

ofage novel. New variations will be automatically generated from a single movie genre

or mixes ofmany (e.g., dramatic comedy and zombies). Machine learning will allow the
creation of new character personalities for fiction, movies, and video games, including

speech, movements, appearance, and other characteristics, by mixing existing characters.

It will also bepossible to make transfers across different media forms.Forexample,artists

will be able to automatically generate a soundtrack based on a video scene captured from

their smartphone, or correspondingly to generate image filters that match a soundtrack. It

will also be possible to transpose natural patterns found in nature, such as the movements

ofa flame, into text, sound effects, or the behavior ofa robot.

With this revolution in remix culture will come a numberofchallenges and issues related

to authorship and copyright. Herndon warns about the ethical implications of these new

forms ofremixing,which could result in a “permission-less mimicry” fostered by a “data-

driven new musical ecosystem surgically tailored to give people more ofwhat they like”

with decreasing regard for the artistic identity of ideas. Referring to experimental com-

poser George Lewis, she argues for a “more beautiful, symbiotic, path ofmachine/human

collaboration” offering an opportunity “to reconsider who we are, and dream up new ways

ofcreating and organizing accordingly” (Herndon,2018b).

An AI Opera

Euro(re)vision and Godmother are distinguished by the integration of several different

techniques. The piece Legend of Wrong Mountain (2018) takes this principle to the

extreme, in an attempt to create a Chinese kunqu opera entirely generated by learning

algorithms (Huang et al., 2019). Created by an interdisciplinary team ofartists, computer

engineers and designers, the project is described by the authors as “a machine’s attempt at

Gesamtkunstwerk,”® the project is a complex technological remix integrating a plethora of

learning algorithms trained on four different sets ofdata.

Every component ofthe piece is thus computer generated. To create the music score, a

RNN was trained on a hundred images oftraditional Kunqu sheet music. For the script, the

authors relied on a custom hierarchical system ofMarkov chains trained on a database of

sixty traditional Kunqu scripts. This approach,they claim,allows them to preserve a logical

structure with chapters, dialogues, and lyrics. The script was used for the generation ofa

video performance and also rendered as a computer-generated book ofthe script in tradi-

tional woodcut style, which was also generated by a neural network. Finally, the music and

script are accompanied by generated visuals created from texture analysis and performer

video clip poses as well as scene images.

Whereas the result is a bit shaky, the project is nonetheless relevant as an experiment
in machine learning art. It pushes the automation ofa creative process to the extreme by

the interplay of different techniques and data sets, all made possible by the distribution

ofmachine learning tools under open-source licenses and by the availability ofdata sets.

LegendofWrong Mountain sets the stage for future machine learning based total works of

Wagnerian magnitude in which dataandalgorithms are intermingledin spectacularmachinic

collages.
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