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Abstract:Androids, as we all know, dream elfectric sheep. (Generative art Convolutional
Neural Networks running the latest semantic captioning weights, do, at least). But what happens
when you ask artificial brains like these to imagine and draw abstract, conceptual representations of
constructsike gender or sexuality? In this paper, | propose an interesting new angle to gender
representation studies: how “artificial br ai
large webscraped databases of art and images choose to synthesipeesent gender concepts
like dress, colour and body shapérst analyse some typical gender representations as seen in the
media (stock photos, magazine covers, etc), then apply that lens of common attributes, biases, roles
and narratives to abstitions generated by BigGAN and V@AN generative art models, utilizing
OpenAl's CLIP captioning model for natural language association. There is already a substantial
literature exploring the ethical conundrums of Al; while the likes of Steed and Calkzhhave
developed quantitative models to analyse racial, gender and intersectional biases in state of the art
imageidentification models pretrained on standard databases like ImageNet. My study instead takes
a qualitative approach: | analyse the appastereotypes present in individual pieces of original
generative art. | then comment on how these new artworks offer insight into the societal impact of
traditional media representations of gender, as well as the potential issues that arise whemdbiases a
representation norms filter through to new media synthesis technologies.
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Introduction deciding which images best represent a given

caption/text promp{Radford et al., 2021)
arogdther, C anp t assonment of new

“

Industryst andar d i mage

datasets used to train the latest Convolutional
Neural Networks—such asmagenet 1024,
image _net16384, coco, wikiart 1024,
wikiart_16384, faceshq, and sflekicontain

a wide array of pictures and representations
scraped from the web and classified by
humans, of t en by wor
Mechanical Turk.(Untold History of Al,
2019) Such datasets are used to train A.l.
adept at classifying and categorising images
(to improve search engines, for example). An
emergingly capabl application of ALl
trained on these datasets, however, is image
generatior—fed a text prompt, a neural
network will attempt to construct a visual
representation, either abstract or literal.
Op e n Al '-BleaflsAhke field in this area
(Ramesh et al., 2021)Ad-hoc hacker
attempts at recreating the promise of systems
like DAL-E include the Big Sleep, which
blends existing image generation networks
like Big-GAN or VQ-GAN wi t h
opensourcel CLIP CNN, which excels at

technologies has wide implications: from a

vibrant new generative art scene, to the
increasingly difficult process of fact

checking images. Before we dive into
representations through these new mediums,
however, i t’ s sthenpaturet ant t o
lofegensler répitesentatior ia older, teaditional
mediums. For it is these old mediumstock
photography, advertising, magazine
photography-that populate the datasets
generative A.l.s are trained on. The biases

and stereotypes of the old thus yate the

new. | have chosen three instances of
traditional media to analyse: stills from

Ari anna Grande’s music
Wo me n’ ; “Wo man Wearing
Half-s| eeved Top’', one of t
search term “woman” on t
Pexels.com, and the cover of the April 2018

edition of AmericanVMen’s Health.
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Figurel

Figure 2

Gender
media

representation in traditional

A fundamental topic in gender studies is the
social construction of semiotic signifiers for
gender, particularly surrounding colour. Both
my chosen stock image and the music video
Dangerous Women participate in building an
association between the colouiiskgpurple
and feminine gender aspects. Most multi
modal treatments of colour stress that a
simple semiotic equation of X colour =
sociatgroup Y is flawed; additional aspects
like hue, brightness, saturation and matt are
important in analysing the naturef a
medium' s col our
Dangerous Woman, both Grande and the
plain cloth background behind her are
frequently lit in a deep, pinrgurple hue;
likewise, the saturation of the image is
reduced to create a high levels of contrast,
with areas of extremely saturated colour. (See
Fig. 1 & 2.) 1'd
of femininity can

feminist.’ As notled
postfeminist subculturesThere seems to be

a tendency to reclaim pink drredefine it as
the colour of women who regard themselves
as having achieved equality in social and
economic terms and are therefore able to
embrace pink as a marker of their
femininity.” A -madialt ianalysis
determines, then, that differesthades of the
characteristic colour pink represent different
aspects of its soci al
case, the deeper hues of the purple/pink
lighting convey a
with the posffeminist reading. As Koller,
2008 goes onte a yThere‘are very different

s i gni fpinksapbwdenpaby pihkiand deep, luscibigs e

or shocking pink. | associate the first with
girlie-baby cuteness and the second with
feisty, lively girl-power. "

This reading is likely, especially given
Grande’ s
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Figure 3

The

messaging of Dangerous Woman.

warnsagainst celebrating explicitly capitalist

opening lyrics describe a familiarly third noti ons of as'eqpowdring poo we r ’
wave mode of feminism, in which the idea of women; “An ideol ogy based
forceable sociakquity isembraced: onconsumerisntan never be a revolutionary
. . social movement. The fact that it appears to
II\DAor&t ”e%d . _perrrtusstlor; / be a revolutionary movement is a dangerous
e Y cectsion fo fest Ty lie that not only marketers sell to us but that
‘Cause it's my business, God as we often happily sell to ourselse.
gti\rt whathtTeSSfinished ; No such reclamation of pink can be seen in
Dont need no hold up/ ‘Woman Wearing -fldeve Col |l ard H
Taking control of this kind of Top’, my chosen stock i mage.
moment/ The woman can be seen in a light pink top,
. . , centred in front of a more saturated pink
The pink iDangerGus #omdne ' s  packdrop. Here, the colour pink is pafta
besides gjnifying intertextual solidarity with more linear semiotic langua where |nk
girl power uses of bifgies % tr?é’rﬁarkg?bf'%déral id a
more specific goal of creating coherency  gpg g denotatron (?f femrnrnrty Th Irghter
within Grande’'s persoRglyqgl t he ®®Ps top sepa
pink shade employed iRangerous Women the darker background. But the Ilghter shade
is also seen in other music videos by the same also triggers a different cog'n/ie association
artist 7 Rings andInto You. (See Figs. 4 & Gr an

51 n the weyes
becomes not only a gendsignifier but also

a brand signifier. This interpretation feeds
into critical narrat.i
overly consumerist ideapublic figures like
Grande with products and merchandise to sell
benefit from the association of colour with a
social justice message. Another ilitagion:
Barbie doll’'s recent
representation of body shapes and colours
nonetheless retains the colour pink. This is
the reason, for example, that McClure, 2004

of Gr %dggﬂaﬁs r%frne é'ht” §almne&Pde1¥eness

again, aspects of a different kind of
femininitgtfopogftf eminist ‘l oudness’
ves girl power as an

But the nature of pink itselfit tends to be a

lighter colour in generatmay clue us on to

several of the ways media representations of

gender build associations between concepts

buk & ‘tfoe minnci-speel taita likelh episry ¢ h o
‘gentle”, and “poised.” For h
separate strains of subjective readings of

colour—one as a sigfier of gender (which



Figure 4

Figure 5

is perhaps more recent, only arising in the gl |
current boy=blue, girl=pink form in the pest

WWI West), and then as a signifier of
emotional characteristics. Pink could, thus,

be t he ‘“glue’ t hoat B‘,'“.D

associated cliches like "gentle"

Finally, the gendered semiotic language
cultured by popular media like Grande's
music videoor stock photosas the effect of
forcing an arbitrarybinary taxonomy upon
gender itself Stock photos like Fig. 3 build a
binary of gender representation culturally;
they also enable physical segregation of
genders from an early age through coloured
clothes, toys and media. When popular
mediums associate body shapes and forms
with one colouror the other, we grow to
understand gender and sex within terms of
Aiblued and fApinkd, whi
room for nuance or genddiverse
expression. And, despite the progressive
tendencies of modern parents, this can be a
self-perpetuating systentFor parents, it can

Figure 6

be difficult to balance political awareness ?nV:scr:u:inio ,0 k the medi ads portr
with the wish not to expose their children to ty:
peer group ridicule through  colour A related criticism involves the
choiceo(Koller, 2008) discipline’s preoccupation with
. the representation of women and
Artz & Venkatesh, 1991, note that Cr|t|ca.| Subsqu)uent lack of focus on the
analyses of gender representation tend to representation of men. This



exclusion of male representation
is an obvious illusation of how
gender is more comprehensive
than its construction in this
research stream. A final criticism
is that the research has tended to
describe sexole portrayal but
has not fully examined the
persuasive  implications  of
gender representation

This may be true; however, all three of my
popular media representations, including the

postmodernity have plad human reality
(again, at least in the West) within a kind of
6 Si muad arealityecdnstructed entirely of
representations of concepts, and yet where
the distinction between reality and
representation has been Iq&ivkin & Ryan,
2004) Urbanism removed people from the
physical realities of rural lifesuburbanism
isolated the bourgeois from other classes,
television isolated our minds from actual
social relationships. In the Simulacra the

X inabi f n di fferent
April 2018 cover of MpRER' Wall iy pehr e the poby
common thréad of representng only an — aqig is psychosocially damaglng, and can
idealistic, and often unattainable standard for thus explain the overarching malaise felt by
physical body condition. Both the malefigurg stmo erm. so This | of _hyper
on the cover of Menos ‘ﬁt)? &lgderlgéngcan%ﬁsbeaaﬁ ‘ﬁedt he
female figure in the stock photo (Fig. 3) understand _the_impacts of  all three
pr F sent., d i n tp ! akc ef rgégr)t:bgenta}% T@ énfer‘?t a?thefohlfd@glcltah y
][nabedo g?hf n s Otch em t9in, ai , Ol pBYP cto6 human
ree bodies. bolh Tigures are thin, young, ey enable the Ioss of perspective among
white and conditioned. And yet, in the _media consu‘n r I|V|ng in the Slmuta
context of the Me n 0 gonsufefs@ %rﬁbare fteir € Tinevitably
specifically, they are positioned as easily bIemlsh bodies to the hypmal
attainable. -fblask gynar |6nsandcome ut fee
AfForge your broader eelsso Igng IEcgt
asikpacko scream the CaftHls Bidldf et é)oé
t he centr al figure, en g%hl@ or h e

remindsanother caption.

A key motif among representations of men in
the context of health or fithess is bulging
muscle. On the April 2018 cover, this
idealisation of muscle is the perfect partner to
voracious
mi crowave
suggess. The figure on the front, of course,

is not an accurate representation of a fit or
normal human being, but instead a social
construction of a fit and normal human being.
(To ancient humans, bulky spacks would
have been a huge adaptive disadvantage,
requiring far more energy to upkeep than they
would have brought in(WienerBronner,
2014). And the woman in stock photo? She
too projects an ideal form; thin, with roded,
blemishless features. A key point to notice
when examining these popular media
constructions of gender is whis being
represented, and who's ,reg§pecially within
the context they appe
about men, but depicts only a certain kind of
man. Fig. 3 is a begtandard stock photo for
the query O6womanbd,
certain kind of (white, thin, western) woman.

How, broadly should we understand these
images? Hypereality may offer an answer.

As the French philosopher and media theorist
Jean Baudrillard hypothesised in his
Simulacra and Simulation, the three threads
of mass media, late capitalism and

magazmesmd girls who were trylng to look

like women in the media wefsignificantly

more likely than their peers to use products to
improve appearance or strength Mor e
broadly, media exposure to unrealistically

consumer i s mthin ingages phpsglbeeq ghown to dead to
MUSCLE meal sd'sﬁﬁt's‘cﬁp@

apRearangey in - both
escent girlgLevine et al., 1994)and

adultwomen(Wilcox & Laird, 2000) In one

study, despite the fact that 65.1% of the men

in the sample were within their normal

weight for height range (BMI), 80.9%

desired to be a ight different than their

own. Crucially, more time spent skimming

maleorientated magazines was correlated

with feelings of di ssatisfac
body(Hatoum Moeller & Belle, 2004)

Meta-analysis of gender ideas in Al
research
: i s
yethe trepédpgisemd abheps gof “men”

discussed in the above section are in" many
ways anachronisms. Particularly in the last
couple of years, popular media has placed an
increasing focus on broadening the scope of
their representations of gender, raceda
sexuality. (Conde Nast, 2021But while
society may havemoved onfrom binary
gender semioticor hyperreal balies,A.l. is



largelystuck learning from outdated datasets. In 8 tests, our nwhine results

Consider the example of ImageNet, the match documented human

industry standard, containing over 14 million g:ggeibdﬂg'“?r:”?afg eOf IaSnglL?:ge:

captioned pictures: models. The 7 tests which did
You open up a database of not show significant humalike
pictures used to train artificial biases are from IATs with only
intelligence systems. At first, small samples of picture stimuli.

things seem straightforward. Neural Networks offer an intesting tool

Youdre met with thougs: h 0 o
images: apples and oranges, with Which to empirically test and measure

birds, dogs, horses, mountains, the impacts of given media representations
clouds, houses, and street signs. on social biases. Neural Networks have
But as you probe further into the proven to be influenced by the nature of the
dataset, people begin to appear: dataset they are trained on; media theorists
cheerleaders, scuba divers, could thus alter key datasetfor example
welders, Boy Scouts, fire only including young females who are
walkers, and flower girls. Things dressed in pink-before measuring and

\?V%tmsgrna”gnii:“ﬁgp:“nOtgggi‘Ei';ioifsa quantifying the resultant biases in the trained

labelled a fisl attern, sq:NN‘

slovenly wo man, trolj .0 . .
young man drinking beer is A & Quanttative method for critical

categorized as an fi geprgsgrﬁa(;i(')nén tgdies is the theory of

alky, dipsomaniac, boozer, lush selection exclusion. Often,
soaker, souse. o A chirgpgsenatiansicanybe biased not by the
sunglasses is classified as a nature of their included content but by what
ifailure, -staterser, n they do not represent. In seeming proof of
unsuccessful per son. this, the tedearehers from the above study

looking at the fper s ophfoint a diggdiesy in  proportional
'c?f?hiartﬁggf@?ggg'ﬂ%%et':'aeiﬁiﬁge representation of different people within

sets for machine learning. ImageNetfor example. Thus:
'2|'(r)1izslpr;lragra|0h(,]I as pzr C_ravvfordh& Paglenf, #giﬂ?;éeggsfgﬁ'%z‘(pléa Wtr%e
, is a good introduction to the topic o ! | v
gender representation in A.l systems. for instance, White people are

. A more associated with
Predictably, given the nature of ImageNet pleasantness and Black people
classifications, machine learning models with unpleasantness. There is a
seem to be able wmutomaticallypick upbias similar  theory in  social
from the way people are stereotypically psychology: most bias takes the
portrayedin the media(Note: According to form of in- group favouritism
Crawford & Paglen, ImageNet has rather ~ than ougroup
subsequently pulled much depgtiony he “person”

category from the web$teed & Caliskan,
2021 summarise the findings of their study

into intersectionabiases in artificial image Anecdotal evidence indicates more

classification systems as such: subtle racial and gender biases. In a
tweet, Lil Uzi Hurt remarks that:
We find statisticallysignificant (SoIIy n.d )

racial, gender, and intersectional
biases embedded in two statie
theart unsupervised image
models pretrained on ImageNet
[64], iGPT [14] and SIimCLRv2
[13].

No matter what kind of image |
upload, ImageNet Roulette,
which categorizes people based
on an Al that knows 2500 tags,

We test for 15 previously only sees me as Black, Black

documented human and machine African, Negroid or Negro.

biases that have been studied for )

decades and validated in social Some of the other possible tags, ) .
psychology and conduct the first f~ or examp I e, ar e AiDoctor, o
machine replication of Implicit iParento or

Association Tests (IATs) with fi Ha n d spcrmetergom/w

picture stimuli [31]. kiHPzI3kP


https://t.co/wkjHPzl3kP
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Crawford & Paglen, 2021 highlight another
key issue with Computer Vision and image
captioning, one familiar to postructuralist
media theorists of more traditional media:

“ mages do not describe themselvéds Mu c h
as the pipe painted Bené Magrittén 1929

in the Treachery of Images was, of course,

not a pipe but a representation of a pipe, the

i mages in | mageNet
but representations o}
when CNNslearn to describe and caption
images based on training with large human
captioned datasets, they learn, by definition,
not what the objects in the imagese, but

what the humans captioning them originally
thought theywere. Even cold, mechanical
systems like Computer Vision A.l.s cannot
avoid the basic tenet of image representation
theory—subjectivity. In summary:

This is a feature that artists have
explored for centuries. Agnes

Martin creates a gritlke
painting and dubs i
Fl ower ,riie pMdsg a

picture of an apple with the

words AThis is not

see those images differently

when we see how

labelled The circuit between

ar e

t helyocee@

label, and referent is

image,
flexible and can be reconstructed

Figure D

in any number of ways to do

differ ent kinds of work.
more, those circuits can change
over time as the cultural context
of an image shifts, and can mean
N Qjitferent €hidgs Sepending® 1 s ay ,

f C whd I80ks, andylvisere thes) aremo r e,
located. Images are open to
interpretation and
reinterpretation.

The reason Generative art and artificially
conceptualised representations are such a hot
topic right now is in large part the huge
strides that have recently been made in
enabling abstraction and multimodal neurons
in CNNs. Researchers have repd the
existence of biologicallymitative
neurons/nodes in artificial neural networks
t hat “fire’ relative

concepivHiket & public figurdGoh et al.,

2021)

a nin 200p, & letter published in the journal

Nature first identified the phenomenon by
single human
activate when considering single concepts

Wh a't

neur ons

0s

WO



i kef'eledmi st on or '
the *“Tower of Piza.’
interesting was that these same neurons fired
regardless of whether the person in question

Ms$ edpexially intdresting, aas 'we @an see
Wdmmdn sewdosc agsaeciattons cthatl ciearlly y
maxi mi se t he Neur al
femininity; the traditional female glyph,

Net wor k'’

was shown photographs, images or even sever al shades of pi nk, t he
written passagegeferringto the concept in and the contour of an eyebrow. Looking more
question. This year, a similar process was closely at the Imagdé¢et images that also
first not ed i n OpenAhkhTctsi Cdtle® t hemahtemal e’ neuron,
association program. The researchers write: common pink colour theme, plenty of
. , typographic example of “girl,
o ot po s “woman. ' obut al'so phrases I
fictional characters, such SHE' S H OT.! L .G' ri- Power and
asLady Gagaor Spidermanl t 6 s style cartoons depicting hsewives. (See
importantto note that the vast Fig. 8)
majority of people these models . ,
rejcggﬁipze donot haveTQesPe&nia#ie_c neuron tends t
neuron, but instead are frequently when fed images of spiderman and
represented by a combination of superhero comics, images of Heineken beer,
neurons. Often, the contributing and i mages wit Fig.tl® e word ‘ he
neurons are conceptually related. This is not to chermpick negative or out
For example, we found a Donald dated associations: thef e mal e’ neuron, fo
Trump neuron whth fires (albeit example, also fired often when fed images of
T e oo o women''s ‘protesiequmarches or
Some of the neurons we found pIac_ards(Flg. 9Nonet hel ess, It doesn’
seem strikingly similar to those genius to see the not necessarily positive
described in neuroscience. trends that might emerge in an A.L
) . o . conceptually trained omése kinds of images
The abstract features we find in
vision nodels can be seen as a
kind of Ainverse gr g&nprétivéd Al Analysis
vision taking on more abstract
features by connection to
language This includes some of .
the classic kinds of bias we see | fed several CLIfbased generative art
in word embeddings, such as a CNNs text prompts regarding abstract gender
iterrorismodo/ ol sl amo  canaepts.nlrainirgrof models and rendering
an il mmi griacdd & n o/ o0 Ma&f ximages was done on Googieovided
neuron. GPUs through the collab research interface,
Finally, of interest to my study, given the use ~ USINg operaccess code provided Byillel
of CLIP as part of the V@BAN-CLIP Wayne and Katherine CrowsorBoth code ,
sets (Katherine-GANNowson’s us

generative art model:

These neurons detect gendgy.
this, we mean both that it
responds to people presenting as
this gender, as well as that it
responds to ancepts associated
with that gendeand age, as well

as facial features like
moustaches
OpenAl’' s web program
to i sol at e both t he

neurons, and the ImageNet frames relative to
it. (Unit 2,518 and 320respectively, to be
precise.)
(https://microscope.openai.com/models/cont
rastive_4x/image_block 4 5 Add 6 0/251
8.) The web program provides an artificial,
optimized image that maximizes activations
of the female neuron. (See Fig. 7) This image

are based on the initial CLIP + BGAN
pairing first discovered by @avadnoun.

(MIT License, n.d.)

An important thing to note is that, unlike
DAL-E, the GAN models used in my study
tend towards very abstract, deconstructionist,
and frequently surrealist/psychedelic art
styles.
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images is skin colour. The A.l.
clearly tends towards using

Rationale behind prompts Caucasian skin tones. This is

The textual prompts | fed to the generative particularly apparent in
models fall under two main categories. meaning of femininity’, ‘'t
woman V1 anciddaR’ and “th
man.’' This is a clear dem
1. Questions regarding subjective of represgntation bias in our (_1ata
interpretations of gender sets fee_dlng through to z_;\rtn‘l(:lally
concepts. synthesised representations. A
human who lives in an isolated,
homogenous community will have
0 ‘The meaning of a very narrow idea of what it means
masculinity to be femée. Likewise, an A.l.
0 ‘The meaning of trained on an Euroentric image
femininity’ (V 1 and V2) data base will have a narrow idea
0 ‘Theidealwoman ( V1 of gender and racial vari
and V2) meaning of femininity’' V1
0 ‘Theideal mah both seem to be clear examples of
0 ‘The relationship betwee this. Femininity is a nuanced and
men and women complicated social construdtut
o ‘“True mascul inity’ alsoadiverse physical phenomena.
These paintings, however, largely
. o . suggest homogeneity of skin
2. Quegtlons specifically regarding col%%r. In the sgame Pe/lshion, both
media portrayals
0 ‘Men in music videds
o0 ‘Women in music videos
o0 ‘Women in the media
0 ‘A hero saves the day
o ‘A magazine cover
i deal man’
o ‘A magazine cover
idealwo man’
The idea behind the first category of images
is to test the CNN with subjective concepts
that should ideally indicate the ways in which
representation of male and female figures in
the media construct an idea of gender norms.
The second category istargeted at
understanding the impact of media
representations direct| e ht
procgss, asking it toepresent gender ideas y Alcon U ’
in reference to common media. Aluminum
‘“the meaning of mascul inif
masculinity’ and “a portr
i deal man’ exhibit |ight
Key trends in representation skin tones, omhe muscled details.
0 Consistency of semiotic
vocabulary. This trend was
. . apparent in the femaielated
0  Skin colour ho'mogenezly. Qne of prompts, but not the matelated
the most Ob_VIOL_JS trends in form prompts. All images with the
representation in my sampéet of keywords ‘female’ or ' wom:

10



wo men or femininity’ b anen.(Aswexplained in
(the ideal woman V2, the reference to the April
relationship between women and 2018 Men’'s Health
men’) made heavy use of magazine cover.)
pink/purple colours. This is 3 And/or; ImageNet data
consistent with existing semiotic sets overwhelmingly
language surrounding gender, as include only muscly men
discussed in both the stock image R And/or; ImageNet human
andDangerous Women examples. classifiers only tag the
The specific hues/shades and the muscly men within their
apparentorm of the colours datasets as “masculine
changes depending of the artwork “masculinity”
in question. Shades in the Either way, these three images
‘“meaning of femininit ycollecdvkly viadicty homogenous
from saturated lighpurple to rose traditional  representations  of
pink.| nterestingly, bot h mMmasguline body forms. We also see
magazine cover of the Gtdhe&r mtarnad't'O”aHy “ma
and ‘A magazine cover %A% p f1§) I-n the Al
w0 ma n tain gink andertones. representamns he central face in ,
While the amount and saturation of A portrait of ideal man
S : cublst painting, appears to have a
thep|nk|sfargreater|nthe. hick beard. Similarly, *1
‘woman’' version of th'&f pnﬁaos”bpdlwmty- V1 contair
there are still light shades on the like form in the bottom left quarter,
male version. Perhaps the style of which is also covered in a thick dark
magazine that maxi mi sebgardCLI| P’ s
‘“magazine’ actevat i oo SHing bfBypet-saxealisanion?
early to midcentury style versions; Interestingly, and perhaps
often with diluted pastel colours? |mpreSS|ver, the reductive forms
Aspects of ideal forms. Something in ‘“women in music videos’

true of bot h va

a 0 nte comfdrm to typicaly
meaning of masc [

riati
ul i ni t ycurved/seasuahiseXudl bodygoses.
‘ ty i
sections of bul gi
ul

true mascul ini s Horsingtanaet, eorsider the two
n g muferroslhighlightedhh o me n i
meaning of masc i nitymusVilc .Thisdseawespecially
contains two instances of fascinating aspedf A.l. gender
deconstructionist, hyperrealist representation; the forms are
muscle, one in the top lefuarter extremely simplistic and stylised,
of the painting, and one in the yet still contain a reductive
bottom right. These muscle bulges representation of typical body
were surprisingly consistent across forms/movements in music videos.
all paintings containing the key The A.l. has thus internalised a
word ‘masculinity.’ ‘ Tseamagly complex setoftechnical
masculinity’ is | ar gelcopdecamdconventions regadding
of four masses of hirsute muscle. gender representation in popular
‘“The meaad aagl iorfi tmy’ V2 media music videos.
again contains musclée forms, 0 Intertextuality. There are a
this time either heavily tanned or surprisingly number of intertextual
tinted red for apparently stylistic references in my sample set of
reasons. Together, these artworks generative art.
from Big-GAN and VQGAN betweenworan and men’
suggest that: to draw stylistic inspiration from
3 Alis extremely receptive 50sstyle comics/advertisements,
to idealised depictions of particularly with the hair styles of
masculiniy in the media, both the male and female figures,
which often contain the lipstick shades and the general
unrealistically muscly colour scheme of dull, earthy tones.
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“A hero saamonptlt he
designed to test
internalisation of traditional

narratives around masculinity and
heroism, appears to reference the
colour schemes of both Iron Man

and Spider Man comic. (Remember
that a large set of the images

CLI P s
activated by contain vintage
comics.) Other than the semiotic
reference through colour, not much
el se is clear in
day Women in the
together an interesting collection of
abstracted symbols. The painting is
dividedinto a large number of
‘“tiles’, each
together. Several of the tiles take
the appearance of newspapers,
while others appear to be either
TVs orproducer screens. The
vaguely human figures (there are
about 12) consist mainly of short
blonde hairstyles, red/pink clothes,
and White skin tones.

Conclusions and impacts

I f this study makes
the semiotic trends and intersectional biases
within traditional media representations of
gender certainly filter through tartificial
syntheses of these social concepts.
Additionally, generative art promises a new
field of intersectional representation studies,
measuring both the impact of traditional
media on the biases of artificial brains, but
also the way artificial brasimay choose to
synthesis human social relationships and
concepts, especially as the technology
becomes increasingly sophisticated.

The overall trend observed in my sample set
of generative images was homogeneity of
aspects of representation. For exampie,
vast majority of generated representations of
feminine text prompts utilised a consistently
pink/purple colour scheme, in keeping with
existing semiotic relationships between
gender and colour. Likewise, all variations on
t he t heme of “many’”
presented bulging muscular forms; all human
forms presented Caucasian skin tones.

12

ma maximallyp e u r

me 4%

cont

@his yas several impacts.

Eir%t, fto‘furlth'er ssupports the theory that
unsupervised  Neural Networks can
assimilate intersectional biases through
training on semantic iage association in
popular media. In illustration of this is the
lack of diversity within multiple different
representations of gender concepts.

?t irpldicéltgs that semiotic relationshipsuch

as feminine=pink—perpetuated by popular
media can easily be irnalised by artificial
medija consumers. Pink, as examined in the
first k’e@ytibn‘? onl§ RAERIY bedatiePsocietally
doBated diti® Yehder, although some
evolutionary cognitive scientists have
suggested sedifferentiated perceptions of
colour(Frassanito & Pettorini, 2008 his is

e rtestaentb fo thd @ewere df media
representation.

If Neural Networks trained on Imaljet
consistently presergkewed perceptions of
concepts I|Iike *“what i
line with the hypeimuscular,
overwhelmingly white ideal put forward by
traditional media, other applications of
imageto-text A.l.s should continue to be
closely rutinised. New technologies like
A.l.  Dungeon, which uses language
processing CNNs like GR3 and Griffin to
write individualised roleplaying narratives,
should be studied carefujlyparticularly in
how they maydescrbe concepts like gender

to players.

Ir}L}/rtftlelb Iprcr)]rrﬁsingc :I;mgly%ig Within tthis
emerging field of media studies can hope to
test ideas of gender representation in more
literal systems like DALE, which can
construct photgealistic generated images of
text-prompts.(DALL-E, 2021)it will also

be interesting to see the nature of replications
of my kind of study into gender
representation in generative art.

S

Ultimately, this paper serves not as an
indictment of generative art as a genre; the
field shows ral creative promise. Instead, it
contributes to the growing literature
demonstrating  the  development  of
spontaneous biases in artificial brains that
learn about the worlgurely through human
media—sans any interaction with actual
humans.But like any artstic movement,
generative art is about sorting the good from
the bad As a field, italso promises to bring
pew, perhaps smeofe| humanitiesentated
perspectives to the field of Atrtificial
Intelligence. (Srinivasan & Parikh, 20213n
overly simplistic view ofgender biases in

t hat



A.l. art would risk rejecting the promise of Sociocultural Factors to Eating
artificial brains themselves. As Charlie Snell Attitudes and Behaviors among

at Berkeley university has noted, CNNs are . .
less imitations of human brains than they are Middle School GirlsThe Journal of

whole new kinds of * al i eklwrlAdgescangend44), 475F49Q. s
“alien’ @ramises e qoriversely, a https://doi.org/10.1177/027243169
whole new perspective on art, humanity and 4014004004

reality. (Alien Dreams: An Emerging MIT License. (n.d.). Retrieved August 15,

Art Scene - ML@B Blog, n.d.) 2021, from https:/miticense.org/

Nast, C. (2021, August 5)Generation
America: The Models Changing an

Industry. Vogue.
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