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Position Through Contextualising

What kind of visual culture does machine produce?

-Content
-Time

-Scale

Betfore
Line of Inquiry

&During

In terms of content: does machine recognition share the same visual vocabulary as human perception?

In terms of time: does machine vision inhabit the same historical moment as its human viewer?

In terms of the individual: can machine vision account for the culturally specific memories that shape how each

person reads an image?
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Position Through Contextualising &During

Line of Inquiry

In terms of content:

Does machine recognition share the same visual
vocabulary as human perception?
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Machine-Readable Hito & Holly
Hito Steyerl& Holly Herndon, 2018
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In terms of time: does machine vision inhabit the
same historical moment as 1ts human viewer?
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Line of Inquiry

In terms of the individual: can machine vision

account for the culturally specific memories that
shape how each person reads an 1mage?



Position Through Contextualising &During

Test
&Ref.




Position Through Contextualising &During

Test
&Ref.




Position Through Contextualising &During
Test.




Position Through Contextualising

&During
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What kind of visual culture does machine produce?

-Content -Time -Scale

In terms of content: does machine recognition share In terms of time: does machine vision inhabit the In terms of the individual: can machine vision

the same visual vocabulary as human perception? same historical moment as its human viewer? account for the culturally specific memories that
shape how each person reads an 1image?

early modern painting Renaissance painting lightning

Renaissance painting Baroque painting antenna

Baroque painting abstract modernist painting bird

19th century academic art early 20th century abstraction face

early modernism Bauhaus visual language tool

abstract art (early 20th century) contemporary digital graphic weapon

Bauhaus design signal

Constructivism WIFI

Suprematism diagram

mid-century modernism music

postmodern graphic design
contemporary digital art
post-internet aesthetics
Al-generated imagery
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Invisible Images(Your Picture Are Looking at You)
Trevor Paglen, 2016
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Invisible Images(Your Picture Are Looking at You)
Trevor Paglen, 2016

Paglen, T. (2016) 'Invisible Images: Your Pictures Are Looking at You', The New
Inquiry, 8 December.

Paglen's central argument—that images are now primarily made for machines
rather than humans—directly reframes the question my practice 1s asking. My
YOLOvVS8 experiment, in which the model identifies birds in near-empty spaces
or 1solated fragments, initially seemed like machine error. Paglen's framework
reinterprets this: the model 1s not misreading the image, it 1s reading it
correctly within 1ts own visual logic. This shifts my inquiry from "what does
the machine get wrong?' to "'what kind of seeing does the machine perform?”
More significantly, Paglen's observation that machine vision produces a visual
culture trained on human 1images but operating outside human time challenges
how I think about my Kandinsky experiment. If the model's visual culture

1s formed through mass ingestion rather than historical accumulation, then
feeding it a Kandinsky—a work whose meaning has shifted across decades—
becomes a way to expose what the machine cannot hold: the fluidity of human
visual culture.
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