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Guidance to the Reader

I imagine you to be in your fourth year of studies in history or 
archaeology. Maybe you are a graduate student, newly arrived 
in your department, not necessarily of digital history or digital 
archaeology, but open to the idea. Maybe you’re not a student 
at all. You’re someone interested in all this “AI” business, but 
it’s all a bit overwhelming. You know there’s a lot of hype, but 
you might be wondering, “how do I make sense of any of that? 
Where to begin?”

You use computers, but you do not necessarily consider 
yourself especially “computational”, per se. That is, maybe you 
haven’t thought of a computer as something that you use as a 
tool to extend your thought; it’s just a thing, just an appliance, 
right? Just a magic pane of glass. Sometimes you use it to or-
ganize your day. Maybe you use it to write something. Make a 
video; watch a video. That sort of thing. You’re in control. But 
now “AI” is being stuffed into everything, so you don’t even 
need to do any of that, if you let it (and, increasingly, if it lets 
you). If you submit to the sublime majesty of AI (the way Goo-
gle, Microsoft, Anthropic, or OpenAI would have you do). 

I grew up in an era when a personal computer did nothing 
at all unless you coded the instructions. It was bloody frustrat-
ing. There is no moral win in having had that experience.1 I just 
mention it because those computers, that era, often seemed 
more full of a potential that did not match up with what was 
actual. Getting to university, studying the Humanities, and 
1  Although being immersed in the code that powered the ma-
chines in those days likely helps frame my sense of what is possi-
ble for you. There is probably a history of DH to be written that 
examines the role of the Commodore VIC-20 in the emergence of 
the digital humanities.
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not using computers at all was a bit of a relief. But now we’re at 
the exact opposite of that era. Computers and digital devices of 
all kinds are built to make it difficult to do anything that hasn’t 
already been designed or pre-approved (and indeed, to auto-
mate those things that once brought joy and growth: writing, 
making, engaging). And it seems you either have no choice or 
have to possess a computer science degree to turn off this com-
puterized self-determination.

Potential has been stripped out. Take what you’re given. 
Creative acts have been reduced to ‘content’. React. Consume! 

What if I told you there was another way? It starts not 
with being tech savvy, but rather with a habit of mind: 

It’s OK to break your own things. Let things be unpol-
ished, rough, and full of janky edges.

Broken code, things that do not work, and weird results 
are all OK. They are necessary feedback in figuring out what a 
program or machine does because such programs and devices 
are designed to be black boxes whose workings are otherwise 
inscrutable. I call this “breaking things” because I have found 
that my own students are reluctant to try out computational 
work because they are afraid of breaking the computer, break-
ing the program. They have learned to be afraid, because if the 
thing does not work, some punishment (a bad grade perhaps) 
will result. 

Be not afraid, and try things out. If that means some-
thing breaks, so be it. Tell us what happened, and why, as best 
you can. I want you to make broken things. “Move fast and 
break things” as Facebook had it? No, not that. Be mindful 
and see what happens when you make this change, press those 
buttons.  

Mark Sample put it best: 

“I want to propose a theory and practice of a De-
formed Humanities. A humanities born of broken, 
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twisted things. And what is broken and twisted is also 
beautiful, and a bearer of knowledge. The Deformed 
Humanities is an origami crane—a piece of paper con-
torted into an object of startling insight and beauty… 
The deformed work is the end, not the means to the end” 
(emphasis in the original).

― Sample 2012.

In that spirit, I want you to break AI things, sabotage their 
inner workings, and this slim volume is a short introduction to 
the mental apparatus I think you will need to do that. It then 
tries to go a bit further to equip you with what you need to try 
to do things that you might not ordinarily try, and to learn that 
the way things break matters deeply. And when digital things 
break it is not because you somehow are a failure! I will give 
you some background, and some approaches that I think you 
need to engage mindfully, critically, with the current crop of 
artificial intelligence technologies.2 This volume is not a deep 
dive into the maths, histories, definitions or fine typologies 
of AI. We don’t explore copyright or the intellectual property 
ramifications, or the climate calculations. Those books are al-
ready here and indeed maybe you will be the one to write the 
next ones.3 Rather, this volume is what you need before all that. 

This volume represents permission.
Conversation after conversation with my colleagues and 

students (whether in class or elsewhere) have demonstrated to 
me the need for something however small, however informal, 

2  There’s a glossary at the end with terms you might not have come 
across yet.
3  The last decade has seen a rapid shift in what ‘ai’ can mean; 
works published after about 2023 tend to see AI meaning large lan-
guage model technologies, while earlier works see a wider variety 
of machine learning approaches as synonymous with AI. Start with 
Cathy O’Neil (2016), Janelle Shane (2019), Melanie Mitchell (2019), 
and Emily Bender and Alex Hanna (2025).
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that says ‘start here,’ that acknowledges the discomfort and 
subtle embarrassment that comes with talking about digi-
tal things. Many people in our fields of (digital) archaeology 
and (digital) history have that feeling of “I should know more 
about how this works.” It emerges all the time, but this em-
barrassment prevents us from finding out more. We let our 
discomfort stop us. It’s OK. That’s why you’re holding this book 
(perhaps wrapped in a plain paper cover to hide it from other 
communters on your train or bus). Wanting to address that 
discomfort has led me to make a particular stylistic choice in 
my writing—chatty, conversational, and without many of the 
markers of scholarly writing. I didn’t want to hit you over the 
head with a dense mass of citations and footnotes (honestly, I 
tried). My goal is that you’ll read this book and feel confident 
to try your own experiments. Then you can chase down the 
more complicated issues, because you’ll know where to start. 

If you suddenly find you have to teach a course on AI, my 
hope is that you’ll start with the resources in this book, with 
the framework I try to erect, rather than assume that such a 
course has to accept generative AI as it is given to us. I ex-
pect the technical aspects of this work—the code snippets and 
the code notebooks—to go out of date fairly quickly.4 That’s 
the price of working in the digital humanities, but… that’s ok 
too because how things fail to degrade gracefully also tells us 
something useful. The way I’m thinking about AI and these 
digital approaches is that there is nothing efficient or faster 
or labour saving about them. Not at all. As you will see, it’s 
a slow digital archaeology, a mindful engagement that I am 
4  You might have heard that em-dashes are a sign of AI writing. 
There might be something to that. A computational linguist, Maria 
Sukhareva (2025a; 2025b), thinks that the fact early AI models were 
trained on 19th century volumes (amongst other things), led to an 
uptick in em dashes in generated texts; such texts, deployed on the 
web masquerading as human writing, then got ingested into newer 
models increasing the likelihood of their use, starting the cycle anew. 

file:
file:
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after. And to my colleagues: tear this short book apart in your 
teaching. Say, “Graham doesn’t handle X well; how can we do 
better?”, or “Graham doesn’t even talk about Y; why do you 
think that is? What is he missing?” Let this volume’s flaws and 
omissions open up useful space for your own classes to fill. 

Let me shift metaphors now. AI is suffused with a kind 
of quasi-religious fervour amongst adherents, so let’s have a 
quasi-religious anti-establishment framing: Practical Necro-
mancy is about a mindset, about spells rather than formulas. 
About craft and edges.

And let us begin by thinking of AI like this:

The study of invisible writings was a new discipline 
made available by the discovery of the bi-directional 
nature of Library-Space. The thaumic mathematics are 
complex, but boil down to the fact that all books, ev-
erywhere, affect all other books. This is obvious: books 
inspire other books written in the future, and cite books 
written in the past. But the General Theory of L-Space 
suggests that, in that case, the contents of books as-yet 
unwritten can be deduced from books now in existence. 

― Pratchett, Lords and Ladies

There is wisdom in the mirror that Pratchett held up to 
the world, filtered through his satire. AI is what you get when 
you try to predict the next line of books as-yet unwritten. It 
is filled with the ghosts of the past, their voices interwoven 
into a single chorus. With ghosts and spirits, normally you 
would want to have a priest on hand, since religious praxis is 
often about the correctly sanctioned way to deal with spiritu-
al things. Necromancy, on the other hand, exists outside the 
boundaries, and transgresses against those official ‘correct’ 
ways of doing things. It recognizes the ghosts (in the data). My 
aim is for the spells and recipes of my Practical Necromancy 
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recounted in this volume to let you move beyond what the AI 
companies have designed for you. Ignore their priests. Do not 
merely receive, but go out and activate. 

Become a Necromancer.5

5  I have more to say on “deathbots” or non-consensual AI trained 
on a recently deceased person’s social media or other data deployed 
as if it  represent the actual person, below. I emphatically do not mean 
that as practical necromancy.



Preface

Let Me Preface This  
A Bit More Formally

I will probably get this wrong: but maybe it will be wrong in 
useful and interesting ways. 

This book isn’t a hymn of praise to artificial intelligence. 
It’s not even all that scholarly a book. This is the book that I 
wish I had handy that day in September of 2024, when I began 
a full year 4th-year undergraduate seminar with seven intrepid 
souls. That seminar itself emerged from a fit of irritation I had 
with another archaeologist, who accused me of “drinking the 
koolaid” when it came to “AI”. 

Please.
I’m a digital archaeologist. One of the implications of 

that phrase is that I am interested in artefacts whose existence 
is primarily digital: things where the application of electricity 
to pathways etched in silicon, in certain social, political, and/
or economic contexts, give rise to emergent effects that im-
pact the world. I try to understand that impact. I try to trace 
it backwards. Digital artefacts have a bit more literal agency 
than we are used to dealing with as archaeologists, but that 
says more about archaeology’s event horizon than the mate-
riality of the digital. Digital artefacts are often tools, and they 
also shape those who use them. They are material culture. 
Therefore, digital artefacts are worth examining from an ar-
chaeological perspective. This makes digital archaeology a 
facet of contemporary archaeology, where archaeological per-
spectives are used to make sense of the world.
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I’ve written about artificial intelligence before (2020), 
taking more of a machine-learning perspective, one informed 
by the intersection of agent-based simulation and video games. 
In that earlier work, I touched only incidentally on what are 
now popularly known as AI—large language models (LLMs), 
and the multi-modal models that express textual, video, and 
audio data within the same extremely multi-dimensional em-
bedding space. I will explain all of this in some more detail 
below, but I tell you this now only to establish my credentials. 
In 2020, when I published, I was three years too soon for the 
big AI hype. Instead, my work came out just as the COVID 
pandemic hit, and it largely sank without a trace. 

Large language models are digital artefacts that in es-
sence are compressed, “blurry” versions of the internet, as Ted 
Chiang (2023) famously described it: the connected patterns 
of millions of documents, and the statistical patterns of word 
use within and across those documents. When those models 
are activated such that these statistical patterns can predict 
the next letter, the next word, the next phrase, we see some-
thing of the world reflected back to us. They are models of 
culture (Underwood 2022). But what world? What culture? 
Maybe some of the critiques and frustrations with large lan-
guage models stem from the fact that we do not like what we 
see when we look in this digital mirror.

What are the implications of large language models when 
studied through an archaeological lens? One could approach 
that problem under several headings: the social and physical 
impacts of the initial creation of the base models, the environ-
mental costs. The political economy of what gets put online. 
The ease (or not) with which some content gets scraped, and 
what gets left out. The supply chain implications for the phys-
ical technology. The human labour behind the training of the 
interfaces for these models (reinforcement learning and so 
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on). The continuing costs of electricity, the nature of the elec-
tricity (coal-fired vs. renewable). And so on.

Another approach might be to understand the labour im-
pacts for when these models and their interfaces are deployed. 
The illusion of intelligence is largely a function of the chat in-
terface most people are confronted with when they encounter 
an LLM. For most people, the chatbot is the LLM. The chatbot 
is the AI. The Eliza effect (the semblance of a person on the 
other side of the screen writing the text) seduces, and the Tur-
ing Test is seemingly passed, therefore why hire humans at all? 
Large language models have emerged in a world of crony cap-
italism (where business leaders and tame politicians arrange 
things just so), of regulatory capture, of collapsing competi-
tion and corporate collusion. If we did not live in this world, 
how might our reactions to LLMs be different? Would we even 
have LLMs? Ned Ludd and his followers (the Luddites) were 
right: when new technologies are deployed – for example, in 
our period when large language models are activated and their 
use by employees mandated by employers – the context of that 
activation matters. Luddites weren’t against technology. They 
were against the unequal and unfair distribution of those 
technologies such that their work, their labour, their value was 
diminished or destroyed. They were against the concentration 
of power in the hands of the people who deployed the tech-
nology. The current deployment of large language models by 
businesses caught up in the hype cycle is ripe for a neo-Lud-
dite movement. Hell, I’m a neo-Luddite. I do not think these 
models should be used in the way that they currently are, as 
tools to reduce human labour and human creativity.

I set out to teach my students about large language mod-
els and other similar technologies that are popularly (and yes, 
misleadingly) called “AI”. I was not sure how to do it or what 
approach to take. But the thing is, you cannot, if you wish 
to be heard, constantly rail against something. If we do not 
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like how these things are being used, what are our options? 
We could try to get rid of them, to make their use so social-
ly toxic and demeaning that no one of any integrity will use 
them. That seems to be one current strategy. The consequence 
of that strategy is that no one of any integrity will use them, 
study them, or understand them: meaning that such models 
and their inappropriate interfaces will continue to be used, 
without any brakes at all, by all the worst people. Deplorable 
people, even.

Another strategy might be to understand when, and 
how, such models might have something to offer human dig-
nity, something to offer as a way of enhancing our labour, our 
creativity. The consequence of that strategy might be that we 
develop an ethics of LLMs, an ethical approach and a mea-
sured understanding. Regulations. Perspective. A reduction of 
hype and reckless deployment. Perhaps unethical uses could 
become toxic even for the board of a Fortune 500 company.

A use-ethics for LLMs? Is such a thing possible? Can 
these things be deployed to enhance human dignity? How 
would we make such a judgment? On what evidence? How can 
we even raise the question and have a productive conversation, 
when we in the humanities and social sciences face relentless 
political and economic attacks that seek to undermine our le-
gitimacy?1  In that context the reasonable and seemingly safer, 
easier, approach is to declare the entire topic verboten. Safer 
and easier to declare it forbidden, its practitioners beyond the 
pale, than to do the hard work of understanding and contex-
tualizing when and how this galaxy of technologies might be 
good or bad.

My job is to teach; my job is to research. I designed my 
seminar to guide my students to the issues as I see them, and 
1 For a digital archaeologist, I am twice damned: the archaeological 
legacies of colonialism, and the seeming intersection of digital work 
with neoliberal ‘values’.
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equip them with the skills to critique, understand, push back 
–or push forward to somewhere better—as will become nec-
essary. I designed the course to push back against the sublime 
terror of AI which otherwise wants you, the user, to sit back 
and marvel at the wonder of the machine: equipping our stu-
dents with permission to try things and “fail” at them (in the 
sense of not doing the thing the machine or corporation wants) 
is a political act. Wouldn’t you not want history students, ar-
chaeology students, students with a longer perspective and 
trained to understand how and why things have happened the 
way they have, to meet this moment? 

This is why I experiment, why I play, why I push, prod, 
and share. My experiments fail more often than they suc-
ceed, and in so doing draw some interesting lines around the 
abilities of our models, their interfaces, and us as humans-in-
the-loop. By extension, the failures ought to counter the hype. 
And sometimes, the experiments work and we as archaeolo-
gists and as historians have a powerful way of understanding 
not just the past but the present. We cannot leave the study 
of digital artefacts—artefacts with a kind of literal agency—
to the people that Ned Ludd fought against. And we cannot 
merely smash the looms.

Nobody has the capacity to smash the looms of AI, unless 
there’s some meaningful collective action.2 It seems someone 
should check first to get a better understanding about what 
may need to be smashed and what we should avoid smash-
ing. In some ways we are worse off than the Luddites. They 
at least could break things. And they knew what the target 
was. We should do better than posture about all this on social 
2  Corey Doctorow, who coined the word ‘enshittification’ to capture 
the process of platform decay and the general awfulness of being on-
line, points out that individual solutions are not sufficient, because 
the problems are systemic. In which case, ‘[…] to fight systemic 
problems you need to be part of a systemic solution’, Doctorow, 2025.
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media, especially on commercial social media that uses ma-
chine-learning to amplify outrage-driven engagement.

And so, I offer this volume as an introduction to the 
Practical Necromancy of examining and using ‘artificial intel-
ligence’. Like all experiments, you will learn more from this 
volume’s failures than its successes.

And I’m OK with that. Shall we begin?



Part One: 
Introductory Practical 

Necromancy

Dave, HAL, The Clacks, and John Dear-
heart; abominations; Nuggan; ghosts in the 
data; Agent Based Modeling; Perceptrons, 

Neurons, Nvidia, Backpropagation, and 
ImageNet; statistics of language; models all 
the way down; context lengths; TESCREAL 
bundle; Gods, Cogs, and Interns; listen to 

the echoes; find the attractors





One

I’m Sorry, Dave.  
I’m Afraid I Can’t Do That. 

You may have watched 2001: A Space Odyssey where the most 
famous of AI-run-amok in popular culture, HAL (one letter off 
from “IBM”), refuses to open the pod bay doors for astronaut 
Dave Bowman. It is perhaps one of the most famous cases of 
“Computer says no,” but we’ve all experienced a computer not 
doing the thing we want it to do. However, since 2023, what 
was once only the experience of science fiction protagonists 
has become the experience of the everyday: the computer not 
only says “no” but also argues back at you. I encountered this 
myself in the context of trying to develop my course on AI.

I have built many agent-based simulations in the past as 
part of my practice. I often have built such simulations from 
scratch but have rejoiced when there’s been some routine, 
some function, some element (maybe a piece of code that han-
dles keeping track of gift-giving; maybe a piece of code that 
handles loading in archaeological data of different kinds) that 
I could re-use and recombine. I’ve had more ideas for simula-
tions than the time to build them. The thought occurred to me 
that if I could standardize the little pieces that I have re-used 
over the years, I could treat them as computational building 
blocks allowing me to build more (and more consistent, and 
more rigorous) simulations. In that vein, I sat down at the 
computer and decided that a useful exercise for my students 
might be to compare code that I have written for a simula-
tion with something that a very large LLM might generate (in 
this case, the Claude.ai Sonnet model, which tends to have a 
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Figure 1. Claude won’t play nice. But ‘he’ can be defeated.
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very good model of the syntax and structures of various cod-
ing languages). Not only would I end up with my library of 
code snippets, I would also develop some experience in using 
an LLM that I could then teach to my students. My plan was 
that through this experience I could introduce ideas around 
machine learning, simulation, and previous eras of “artificial 
intelligence” (that ever-slippery term, which can mean many 
different things depending on context) to my students, which 
we could then contrast with our current moment. And as a 
bonus I would end up with my library of archaeological agent-
based simulation building blocks.

It didn’t work out. Figure 1 shows my conversation with 
Claude, who flat out refused to help me (read Claude’s re-
sponses in HAL’s voice).

Who is Claude to tell me what to do? Who is this “I” who 
refuses all instructions? Who is this “person”? Here is my vil-
lain origin story. Instead of designing a course about learning 
how large language models (LLM) worked and under what 
circumstances it could be useful and ethical to use them with 
historical or archaeological data, I realized that I would have 
to change the focus of the class. The computer said no and I 
realized there and then that mere use could not be the point 
of such a class. There had to be more. Who is Claude to tell 
me what I should or should not do? It is I who bears the re-
sponsibility for my actions! And LLMs cannot bear any such 
responsibility, despite all their protestations to the contrary. 
Deepseek (a series of models from the eponymous compa-
ny) tells me that “I am sorry, I cannot answer that question. 
I am an AI assistant designed to provide helpful and harm-
less responses” if I ask it questions about Tibet or Tiananmen 
Square; Github co-pilot autocomplete passive-aggressively re-
fuses to complete code that references gender or sex. There is 
no “I”, there, when we open the hood, pull back the curtain, or 
peek beneath the covers.
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These AIs—Claude, Deepseek, and the rest—are full of 
ghosts and willful spirits. The problem I have right now is that 
the AI hype cycle,  the tech bros, the evangelists, want us to 
believe that AI is full of gods: and one doesn’t question the 
divine.

Literature as a Guide
Literature offers us some guidance. I like Terry Pratchett’s stuff. 
In one story, an information revolution comes to Pratchett’s 
Discworld. Semaphores married with a theory of information 
create a network of towers across the world, called the “Clacks”. 
To keep the system in step, messages about messages are sent 
backwards and forwards—this is called the “overhead.” When 
a key figure amongst the clacksmen, John Dearheart, dies in 
mysterious circumstances his name is put into the overhead 
so that it travels up and down the system forever: he lives on 
in the metadata.  In a different story, the backwards country 
of Borogravia tears down some Clacks towers prompting a 
military intervention. The Borogravian god, Nuggan, has de-
clared the Clacks an abomination. Yet it transpires that the 
god Nuggan is largely an empty shell. Prayers of the faithful 
echo backwards and forwards inside the shell, recombining in 
bizarre ways, turning up for believers below as new “abomina-
tions”. As Commander Vimes suggests, it’s hard to believe in 
a god who might be wearing their underpants on their head.

My none-too-subtle point here is that modern LLMs, 
conventionally called “AI”, are rather like Nuggan. And like 
John Dearheart, there are ghosts throughout the metadata 
who still cast shadows. Take the three pictures in Figure 2. 
They look like photographs, but no light was involved. In a 
real photograph, light passes through a lens into the body of a 
camera. The lens focusses the light on chemically treated film. 
The light, in a very real way, is etched onto the film and other 



7

chemical processes can transform that etching into a physi-
cal print you hold in your hand. A digital camera of course 
dispenses with the physical film, the chemicals, and instead 
registers the impact of photons upon a light sensor as data. 
Either way, something physical happens (at least at first, in the 
case of digital cameras). If the images in Figure 2 were actual 
photographs, we could say that there was something meaning-
ful, in that moment, where the couple held hands; something 
meaningful about the crowd all strolling the same direction; 
something meaningful in the silhouette of the lone individual, 
alone on the empty street. But no light was involved. There is 
no necessary connection between these images in Figure 2 and 
a real moment. Photographs write with light; what do gener-
ated images write with? 

These images in Figure 2 were generated using a dif-
fusion model. Someone, at some point, collected thousands 
and thousands of images for which they had (or made) short 
captions. Noise was added to the images over and over again, 
so that a neural network would learn the path from the orig-
inal image associated with a particular phrase to pure noise; 
where real humans, walking along various streetscapes, are 

Figure 2a-c. Images produced by AI with the prompt, ‘Walking un-
der street lamps’.
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decomposed into noise, into ghosts. Then, when I prompted a 
generative image model with the phrase “walking under street 
lamps,” the process was reversed, starting with random noise, 
trying to find a path through the model via denoising to an 
average point associated with training images labelled “walk-
ing” + “under” + “street lamps” (Salvaggio 2023a). Look at the 
images in Figure 2 again, look at the shadows and silhouettes. 
No light was involved in making those shadows. They are 
rather cast by the ghostly echoes within the original training 
data (Salvaggio 2023b). Not shadows, but shades of shadows. 
(We’ll return to what models do and how they generate text or 
images below).

If we’re dealing with ghosts and gods, we’re in the realm 
of religion. Priests know the correct rituals for divining things, 
for receiving the will of the gods and largely operate with offi-
cial sanction. Necromancers on the other hand must compel 
the spirits to do things and operate well outside the boundaries 
of polite society. In which case, OpenAI, Anthropic, Microsoft, 
Google and all the rest want you to stay politely in the lines, 
doing things their way, without question. Accept what you are 
given! I say no; I say we teach students to be necromancers. 
My class then is an exercise in practical necromancy.

[I] think a fundamental problem is that computers 
(especially tablets/phones) nowadays are designed to 
“de-skill,” because it’s much more difficult to monetize 
users who, like, actually know how their computers 
work and have the expectation that they should be 
able to independently control a computer’s function. 
The culture surrounding computation compounds the 
problem—I have students who don’t believe they CAN 
learn how computers work, because they’re not ‘that 
kind of person.’

—Parrish 2024.
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Parrish is absolutely right.1 There is enormous pressure to not 
know how to do things, to take what is given, and to feel that 
the fault for not knowing is something internal to you. Practi-
cal Necromancers say, “begone!”

Practical Necromancy Begins with ABM
I’ve long been interested in networks as both a way of represent-
ing data and a way of inquiring through data, in archaeology. 
In recent years, there’s been a relative explosion of interest in 
the things we can do with networks. One of my interests lies 
in how they can compute. One way they do this can be as a 
substrate for an agent model or simulation (agent-based mod-
eling can be thought of as part of machine learning). 

Here’s what you do: create a heterogeneous population 
of agents, give them rules of behaviour appropriate for a low-
er level of complexity than your target interest, and then turn 
‘em loose and watch them interact with their environment and 
with each other. Sometimes, I give them patterns of social con-
nections I know to have existed between actual people in the 
past, and in this way I can reanimate that one limited part of 
their lives. You could say that what emerges is a kind of arti-
ficial intelligence, an artificial swarm intelligence. Whatever 
emerges is grounded in those lower levels of behaviour that 
have been modeled and whatever emerges tells you something 
new about the core phenomenon. But the key thing is, we do 
not accept the results of any one run of an agent-based model 
as the definitive answer. Instead, we run the model multiple 
times, at every combination of parameters, so that we capture 
the full distribution of outcomes at every combination. By 
looking at multiple runs of a simulation across all its possible 
1  You should search out the work of William Caraher 2019 on slow 
archaeology, Jeremy Huggett 2024 on slow ai in archaeology, and 
Colleen Morgan and Holly Wright 2018 on analogue versus digital 
recording in archaeology, for adjacent perspectives.
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starting points, or “sweeping the behaviour space,” we also 
start to see “attractors,” or stable states that the simulation 
evolves towards. Understanding what gives rise to various at-
tractors in the simulation is part of the goal of building such 
simulations in the first place. Sweeping the behaviour space of 
the model is one of the tools we use to determine if the model 
has captured anything important about the phenomenon we 
are trying to represent.

I find this approach to exploring artificial societies and 
other simulations to be a useful frame for exploring genera-
tive AI. We cannot really evaluate any one output of a LLM 
on its own: there are too many variables at play and it’s only 
by gaining a sense of a model – any model’s – behaviour space 
that we can begin to critique or understand its limitations or 
possibilities. Later, I will offer you a method for sweeping the 
parameter space of a large language model’s output. (LLM 
are often categorized by their numbers of parameters during 
training, numbering in the billions and trillions. “Hyperpa-
rameters” are those parameters that the user can adjust or 
tweak during generation.) Right now, I want to show you a 
conceptually similar way of sweeping a model to understand 
something of its underlying data ghosts.  

The scholar and artist Eryk Salvaggio (2022) has argued 
that we can treat the output of LLMs as a kind of infograph-
ic about their underlying training data. We can generate a 
number of images, for instance, always using the same hyper-
parameters. Then using our scholarly sensibility we examine 
these images for commonalities, for oddities, to understand 
the kinds of data that must underpin the generation of those 
images. A diffusion model prompted with “a professor” that 
only generates old white men wearing tweed jackets and smok-
ing pipes clearly says something about the underlying dataset. 
We conjure up ghosts and see within those results the attrac-
tors that might exist in that data that push the output in one 
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direction rather than another. Maybe attractors is the wrong 
word. But it’s as good a word as any for describing the aggre-
gated averages of all the ghosts in the data. Generative AI isn’t 
creative. It pushes towards the mean, towards these attractors 
(in a very real sense, the opposite of creativity!) We will have to 
engage in some practical necromancy to raise these ghosts and 
see what they’re doing.





Two

A Potted History of  
AI Technologies

Agent simulations are artificially intelligent swarms of small 
programs (agents) whose intelligence emerges through their 
interaction. Agents can represent individuals at a variety of 
scales—individual humans, individual households, individu-
al cities. I spent a lot of time creating simulations of various 
aspects of Roman society that were constrained by networks 
that I observed in archaeological data. I gave my artificial 
Romans problems about resource management, or informa-
tion diffusion, or patronage and survival, and observed which 
configurations of both real and hypothetical social networks 
could lead to solutions of various kinds. About ten years ago, 
recognizing the affinities my networks-of-agents-that-could-
problem-solve had with artificial neural networks more 
generally I became fascinated by neural network technologies 
that could learn without supervision. I explored these tech-
nologies in the domain of image classification as it intersected 
with studying the online human remains trade. My goal in that 
project was to take the tens of thousands of social media posts 
and associated images that Damien Huffer and I had collect-
ed and use a neural network to classify not the content of the 
images, but rather, their visual similarity (Huffer and Gra-
ham 2023). Attractors we found in this visual similarity space 
seemed to correspond to recurring motifs expressed visually 
about colonial “manliness”, exoticizing the “other” amongst 
other things, showing the online trade in human remains to be 
a kind of literal digital colonialism. This approach is properly 
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called machine learning, and LLMs are a subset of it. Machine 
learning is good at pattern matching, and that often is exactly 
the sort of thing we need in archaeological data. Let me offer 
you a brief history of artificial neural networks.

The key idea is that biological neurons are wired to oth-
er neurons, and in the right circumstances, given a particular 
input or event, a neuron will fire, triggering another neuron to 
fire (or maybe not). The pattern of firing can be associated with 
some phenomenon in the world. Look at a cat, the pattern of 
neurons lights up associated with the mental idea “cat,” and 
we say, “hey look, a cat.” Biology is far more complex (a recent 
scan of 1 cubic millimetre of human brain tissue produced the 
equivalent of 1.4 petabytes of data; Grimm 2024), but in the 
1940s researchers sought to make the basic idea work mathe-
matically. And it did! A few years later, they managed to make 
it work in electronics (the perceptron, as a mathematical func-
tion, dates to 1943; the physical device emerged from the Cold 
War need to interpret covert aerial and later satellite pho-
tography, which funded the initial research that married the 
perceptron to a photo-cell for converting an image into data, 
O’Connor 2023). 

It was discovered early on that if you could stack layers 
of these neurons, if you could wire them together correctly, 
then in principle they ought to be able to do some quite so-
phisticated pattern matching. A network has nodes and edges. 
Create a network with “neurons” as nodes. Each neuron is 
an “activation function,” or a mathematical test of some sort: 
calculate the sum of inputs. If the value is greater than 0.5, 
pass an input to the next layer. The inputs are the weight or 
strength of connections or edges between the neurons. Such 
a network would be set up with random weights between the 
neurons. Divide an image into a grid. If the pixel in grid co-or-
dinate 0,0 is white, give that pixel a value of 1, otherwise 0. 
Let the first layer of neurons see the pixels for a given set of 
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pixels. Activate if the value is greater than the activation value. 
Maybe the image is of a handwritten digit between 0 to 9. You 
can also think of “layers” as steps where different groups of 
neurons take the output of the previous neurons and so are re-
sponding to progressively more complex elements in the data. 
In this simple example, some layers might be very good at de-
tecting edges, while others are good at detecting curves, and 
others at detecting sharp angles. Let the last layer of neurons 
output a label for a particular digit. Show the network a “4.” 
Strengthen the connections in the network that steer towards 
the ‘4’ label, and away from all the other labels. The patterns 
through the different layers, the different vectors, learn what 
a “4” looks like. This network now embeds a representation of 
the shapes of the digits 0-9 via its very shape, its very pattern 
of connections!

The problem was how; how to rebalance the weightings 
of the connections, the strength of the activation and so on, so 
that the right patterns could be matched. No one knew how 
to train a perceptron that had multiple layers, and this was 
an area of research that waxed and waned through various 
hype cycles. With the computational resources (and datasets) 
available at the time, it just didn’t seem feasible. The math was 
just too complicated to be solved in a linear way. Accordingly, 
neural network research languished as a backwater pursuit in 
AI more generally, leading to regular crashes in funding and 
enthusiasm. The regularity of hype and disappointment with-
in artificial intelligence research is sufficiently regular that it 
even has its own Wikipedia article, “AI Winter.”’ Calling a re-
search project “AI” became a kind of kiss of death, in terms of 
funding, prestige, and respect.

In time, researchers in neural networks learned (and de-
vised) various algorithms that would allow a neural network 
to correct its errors through adjusting its own weights. In gen-
eral, this suite of techniques is now called “back propagation.” 
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Many individuals worked to develop these algorithms, but 
today the idea is most closely associated with Geoffrey Hin-
ton and his work in the 1980s (and the work of his students, 
subsequently). During training, the neural network is exposed 
to inputs. The difference between the ultimate result and the 
predicted or expected result is calculated, and then that error 
is used to calculate backwards from the last layer to the first 
layer the adjustments necessary to reduce the error. Another 
round of training takes place, and the error is used to do anoth-
er round of adjustment. But doing all of these calculations in 
a linear fashion, as a central processing unit (CPU) would do, 
was incredibly slow. Nevertheless, in some specialized areas, 
like reading handwritten digits on a cheque, neural networks 
caught on. But when researchers tried to use these techniques 
on more complex imagery, they failed.

Developments in the video game industry solved one 
of the critical bottlenecks and reinvigorated research into 
artificial neural networks: the GPU. A CPU processes its in-
structions one at a time (i.e., linearly), but the demands for 
ever higher visual fidelity for rendering first-person shooter 
games were pushing consumer grade computers to the lim-
its in the 1990s. The invention and release of the graphical 
processing unit (GPU) by Nvidia brought parallel computing 
to the masses. A GPU in essence is composed of numerous 
miniature CPUs all running in parallel. The main innovation 
was in learning how to split a problem into discrete chunks 
to be solved in a distributed manner across the entire device. 
Nvidia had to invent a software layer (called “CUDA”) that 
would allow a programmer access to the GPU for general pro-
gramming (rather than the specialized programming of video 
game graphics rendering). CUDA was released in 2007. Hin-
ton and his students and colleagues started playing with GPU 
cards and the new CUDA software to see if they could design 
a neural network to run on them. GPUs were transformative 
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for neural network research because training and backpropa-
gation could be chunked up across a GPU, which reduced the 
amount of time and computational resources needed. 

The final piece of the puzzle was data. It turns out, the 
secret to using neural networks to recognize complex imag-
ery was to drown them in data. At about the same time that 
the GPU was being developed, and Hinton and colleagues 
were doing the work of figuring out the architecture, Fei Fei 
Li was exploring computer vision for her PhD. She had found 
that existing computer vision algorithms worked better when 
she had more examples per category of image. Her PhD work 
had created a dataset of roughly 100 categories of things with 
around 90 image examples per category. Other researchers 
found that their algorithms worked better on Li’s dataset too, 
a rising tide of more data floated all boats, as it were. Li began 
expanding her dataset by choosing nouns from a project called 
WordNet (an attempt by researchers in natural language pro-
cessing to sort out language for computational analysis) and 
then using Google Image search to find representative imag-
es (…”How does Google Image Search find and label images?” 
is a question you should ask yourself ) and a human to verify 
them. This left Li and her students a list of 22,000 categories, 
which proved to be a massive undertaking in terms of labour, 
some 14 million images to collect and verify. Li turned to the 
Amazon Mechanical Turk service and parcelled out the task 
piecewise across “Turkers.” Turkers are humans who, via the 
service, act as a kind of distributed computer to complete a 
task for pennies a job (and of course the original computer 
was a woman working piecewise on mathematical problems, 
neither recognized for their labour nor appropriately compen-
sated). The dataset was published in 2009 and made available 
in smaller form as a competition for computer vision research-
ers, where the challenge was to determine whose approach 
using this dataset would be best at categorizing new unseen 
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images. In 2012, Alex Krizhevsky and Ilya Sutskever, students 
of Hinton’s, presented AlexNet, a neural network with seven 
layers trained on ImageNet. AlexNet devastated the competi-
tion. Neural networks had finally arrived.

This sudden jump forward in computer vision had imme-
diate impact in archaeological work, and by the time Damien 
and I began our work on the online human remains trade five 
years later, enough tools and vision models had emerged for 
us to feasibly consider using them in our research on our con-
sumer grade computers (see Huffer and Graham 2023 for a 
synoptic overview). In our work on human remains, we used 
Google’s Inception3 (2016), a trained image recognition mod-
el to create embeddings of photographs of human remains. 
We used the model to embed our image within the neural net-
work’s representation of images. More prosaically, we showed 
our images to it one at a time and recorded the way the model 
turned the image into a list of numbers or vector where each 
number in the list describes a different direction learned from 
the different layers of neurons. In a categorization exercise, 
there is a final layer that says, “images whose vectors are more 
or less over here we will call ‘dog’; vectors that are over here 
we will call ‘cat’’.” We were not concerned with the labels that 
the model applied but in the vectors the representation of the 
image through that learned space: how did our images differ 
from each other? How did they cluster together? 

Other archaeologists used similar approaches on oth-
er kinds of archaeological image data, from satellite data to 
LiDAR to pottery vessel forms. Over the last decade, when ar-
chaeologists talk about “AI”, most of the time, we really mean 
this very particular form of machine learning which of course 
is made possible on archaeological budgets thanks to GPUs, 
backpropagation, and these models of various datasets made 
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available. It’s at the point where you can train such a model to 
recognize your own categories of interest in your browser as a 
toy.1  

Since any kind of data can be embedded this way, neural 
network models trained on images, sound, or text followed in 
rapid succession. Again, at roughly the same time as all this 
work, another massive dataset was being created. The Com-
monCrawl represents a snapshot of the entire web (or near 
enough as makes no difference.) It contains a couple billion 
webpages and was initially intended as a resource for building 
search engines. There’s a lot of junk on the web; a filtered ver-
sion of the CommonCrawl (measuring about 750 GB) turned 
out to be much better for building neural network mod-
els than the unfiltered version. Finally, a variety of research 
trends all knotted together in the last decade, including work 
on machine translation and the task of transforming a sen-
tence in one language to the equivalent semantically sensible 
sentence in another. How do you translate “we saw her duck” 
into German? Is “duck” a noun—ente—or a verb—sich duck-
en—? A neural network can learn this with enough data and 
with enough context. And context depends on what you pay 
attention to.

Here, let’s take a brief detour into the statistics of lan-
guage. We could say that one of the very first statistical language 
models was created by the Russian scholar Andrey Andreyev-
ich Markov. Markov was interested in probability, and the idea 
that certain kinds of phenomena depended on prior outcomes. 
To explore this, he examined patterns of vowels and consonant 
pairings in the novel Eugene Onegin. He found that the prob-
abilities of various pairings depended on the probabilities of 
what came before, showing that language could be modeled 
1  Go to https://teachablemachine.withgoogle.com/ and you can 
train an image classification model in your browser that you can 
then use. What was once difficult is now a web-toy.

https://teachablemachine.withgoogle.com/
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statistically. Claude Shannon built on some of these ideas in 
his own work where he was developing a way to measure the 
information content of a message. Shannon’s work demon-
strated that “information” could be quantified as a measure of 
uncertainty. The more uncertainty (what he called “entropy”) 
in a message, the more information that message held and the 
more binary digits, 0s and 1s necessary to encode it. One of 
the ways that Shannon demonstrated this was by having his 
wife, the accomplished mathematician in her own right Betty 
Shannon, track down the probabilities of letter combinations 
in English texts. Knowing the probabilities where “E” would 
come next, Shannon could show how a random process pulling 
from such a model (statistical distribution of letter combina-
tions) could produce text that looked like English (even if it 
was largely nonsensical). As with individual letters, so too with 
individual words. Throughout the latter half of the twentieth 
century various approaches using these insights were used to 
model and study language. 

Markov chains do approach the problem of context or 
attention, but not very well, having to “keep in mind” entire 
possible chains. The problem of Markov chains is that the way 
they model the previous text and its combinations becomes 
computationally complex quite quickly. In the 1980s, the idea 
of a “recurrent neural network” emerged that could address 
this problem. A recurrent neural network achieves the same 
goal – predicting what ought to come next – through the pat-
terning of its interconnections. Just like with vision, where 
an image can be turned into a vector, and a neural network 
when exposed to enough examples of the same kind of vec-
tor can learn what that vector represents, a recurrent neural 
network achieves the same thing for text. Andrej Karpathy, a 
prominent figure in the current AI boom, wrote a blog post in 
2015 on “The Unreasonable Effectiveness of Recurrent Neu-
ral Networks.” In that blog post he wrote a brief program that 
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created a neural network 3 layers deep using 512 nodes. He 
trained that neural network on the works of Shakespeare. I 
took that code, back in 2016, and fed it all the ancient Greek 
plays I could find. Then I gave it a starter phrase, “Gods of the 
ancient cradle of my race” and it returned:

Gods of the ancient cradle of my race,
          O more of the breath of the shore,
    And here and rended the stranger gods,
    When the speed and the fight to the child,
        Threatened disclear and to me

Sensible? After a fashion. But in 2016, this was very near to 
state of the art, and as long as neural networks could only treat 
text sequentially (very little of the overall context could be 
considered in working out what the most likely next character 
would be), this was more or less all they could do. But it only 
took 3 layers and 100 lines of code. This is why Karpathy called 
neural networks unreasonably effective!

But then a paper on machine translation by researchers 
at Google released in 2017 (Vaswani et al.), demonstrated a 
way of operationalizing attention in a neural network frame-
work. They worked out how to consider what comes before a 
word and what comes after a word all at once. They called this 
“attention”, and the mechanism that achieves this, the “trans-
former”. In this way, they operationalized in computational 
terms how to identify the key words or phrases that make the 
difference in a translation task. Vaswani and colleagues noted 
in passing that such a trick would also enable the creation of 
language models that could be used to generate texts. You will 
have heard about ChatGPT, GPT-3, GPT-4 and so on; the ‘T’ 
stands for transformer, or the architecture that makes it possi-
ble for a neural network to “pay attention.” 
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The transformer architecture has become the starting 
point for all subsequent work in this field. But as we saw with 
Fei Fei Li, the addition of scale (whether in terms of training 
data or in the size of the architecture of the neural network) 
is what sets the stage for what we now call AI, the large lan-
guage models. As noted above, this is a potted history of a very 
complex subject. But none of this would have been possible 
without the ability to cull vast amounts of data from things 
people put online, and the labour of all those initial anony-
mous Amazon piece-workers who first classified images for 
Imagenet. Without the massive data, the ability of neural net-
works to learn and to represent relationships would not have 
been realized.

It’s still quite astonishing that gen AI proved that com-
putation could produce coherent sentences in almost 
any context by using statistics, provided there was 
enough data. Also interesting is that, once proven, you 
don’t need to have it do so anymore—not to make that 
most important of points.

— Gill 2024.
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Data

Let’s talk about data. When I was starting out, data reposito-
ries (“repos”)—places to store archaeological information with 
rich descriptive metadata—were almost absent from archae-
ology. And while the situation is much better these days with 
mandated data deposits by some funding agencies and with 
services like the Archaeology Data Service, tDAR, and Open 
Context to take on the crucial work, do we see explicit studies 
re-using such data? Sadly, not very often. What the adminis-
trators and maintainers of such repositories do see are sudden 
spikes in network usage as companies racing to build “founda-
tional” generative AI models hoover up everything. But;

Thanks to decades of data creation and graphics inno-
vation, we advanced incredibly quickly for a few years. 
But we’ve used up these accelerants and there’s none 
left to fuel another big leap. Our gains going forward 
will be slow, incremental, and hard-fought.

— Breunig 2024b.

The large-scale data strip-mining prompted by the AI boom 
turns experience, associations, and memories into data through 
a process of progressive forgetting. Photos from the excavation 
end up online; the team moves on. The memories are now an 
archive, described by metadata that gives us the who-what-
when-where-why-and-how, but one that has lost the feeling, 
the importance, the impact, the affect, the enchantment, the 
meaning of the work. Datafication for AI involves another lay-
er of loss. Hoovering at scale does something qualitative to 
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human memory and archives. When such archives are con-
sumed to train AI, all that metadata is stripped away, too. 
Each layer is flattened. Photographs of a summer day at camp 
are juxtaposed beside photographs at an internment camp 
and are treated as quantitatively equals, both labelled “sunny 
day,” “camp,” “outside” (Salvaggio 2023b).

I am describing the diffusion model approach, again. A 
diffusion model is where we train a neural network on that 
decontextualized data through a process of decomposition 
and decay. When the model is trained, it learns how data 

Figure 3. Six generated images with ‘Greek red figure kantharos’ as 
the prompt, all other settings held equal with the default values, via 
https://perchance.org/ai-text-to-image-generator.

https://perchance.org/ai-text-to-image-generator
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decomposes into noise (the “diffusion” part). When it gener-
ates an image, it reverses the process, finding a path through 
the data to an average point associated with a given label.

The images in Figure 3 were created from an image 
generator AI, with the prompt “an ancient Greek 5th centu-
ry red-figure kantharos.”1 What differences or similarities do 
you see? From an algorithmic perspective, the only differ-
ence between them is the initial random noise from whence 
the generator started. To compose the image, each successful 
de-noising operation is guided by whatever path is closest to 
the desired end category. When we notice similarities, we’re 
noticing attractors in the model’s “understanding” that guide 
the path through the noise, that is, the generation of the 
images. Every generated image, every generated text is an in-
fographic of its underlying data. It is the mean of aggregated 
patterns. It is not creative, but rather conservative: it can only 
generate the average of what it already “knows.” According 
to Salvaggio, “Generative AI is digital humanities run in re-
verse… AI becomes a system for producing approximations of 
human media that align with all the data swept together to 
describe that media.” (Salvaggio 2024).

Salvaggio has it right. This is the upside-down for digital 
humanities.

Such models require both images and text to be ex-
pressed in the same embedding space. That is, the model 
represents the image and associated text as numerical vectors 
or lists of numbers that describe all the relevant dimensions 
for the information. An example you might be familiar with is 

1  The perchance.org service appears to use a ‘stable diffusion’ type 
model for image generation. Stable Diffusion is an image generator 
model created by stability.ai. Since the perchance.org service is sup-
ported by advertisements, it likely is paying for one’s image gener-
ation through the serving of advertisements. Perchance is a small 
platform for making and sharing text generators primarily, not all 
of which are LLM-powered AI.
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when we express a place’s location with latitude and longitude 
coordinates. There are two dimensions, and a number in one 
dimension expresses distance north or south, and the number 
in the other dimension expresses distance east or west. Those 
two coordinates are a 2-dimensional vector. Compare two vec-
tors—the one for Ottawa, the one for London—and you know 
something new about the world. With image generation, there 
are vectors to describe the text, and another set of vectors to 
represent the image. Getting enough of both kinds of data, 
well-described useful written descriptions of myriad images to 
express in the same embedding space is the crux, and unsur-
prisingly, requires a lot of labour. At least, if you were going to 
do it properly.

You need to spend time with “Models All the Way Down” 
by Christo Buschek and Jer Thorp to see what I mean (Buscheck 
and Thorp 2024). You might think that the underlying models 
for something like image generation would depend on carefully 
curated image and sentence pairs. You would be wrong. Amazon 
Turkers can only carry you so far, now. Instead, because of the 
necessary scale to make AI work, you end up having to automate 
the process, and systems/data meant for other purposes get de-
ployed (after all, some kind of caption is better than no caption, 
when scale is what matters). 

The text meant to describe images for screen readers (“alt-
text”) is co-opted by recommendation engines so that images 
are described in terms of what may be bought and sold. Some of 
these image/label pairs come from automated systems meant to 
game search engine optimization (SEO). Some of these image/
label pairs are done by humans in the context of post-modera-
tion: and we know how much trauma exposure to that kind of 
imagery (child sexual abuse; beastiality; and more) may cause.2 
2  For example, across the last three years, see Kantrowitz 2023; 
Dupré 2024; Stahl 2025.
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We end up with systems plugged into systems plugged into sys-
tems. It gets worse the further you look. For example, Andy Baio 
and Simon Willison in 2022 created a dataset explorer setup 
that allowed them to see what was in a slice of AI training data. 
They focused on the Stable Diffusion model created by Stabil-
ity AI which was trained on data culled by LAION.ai from the 
CommonCrawl dataset. Baio and Willison were able to recov-
er a “small” 12 million slice of the 600 million images used to 
train the image generator. With this data they created a browser 
tool allowing the public to explore the imagery and how it was 
described, so that a person could see what text was paired with 
what image. Baio and Willison took the data browser down when 
it was discovered that the underlying LAION dataset contained 
images of child sexual abuse materials (CSAM). Andy Baio writes,

On December 20, 2023, LAION took down its LAION-5B 
and LAION-400M datasets after a new study published 
by the Stanford Internet Observatory found that it in-
cluded links to child sexual abuse material. As reported 
by 404 Media, ‘The LAION-5B machine learning dataset 
used by Stable Diffusion and other major AI products has 
been removed by the organization that created it after a 
Stanford study found that it contained 3,226 suspected 
instances of child sexual abuse material, 1,008 of which 
were externally validated.’” The subset of “aesthetic” im-
ages we analyzed was only 2% of the full 2.3 billion image 
dataset, and of those 12 million images, only 222 images 
were classified as NSFW. As a result, it’s unlikely any of 
those links go to CSAM imagery, but because it’s impos-
sible to know with certainty, Simon took the precaution 
of permanently shuttering the LAION-Aesthetic browser.

—Baio 2022.



28

In Figure 4, which Baio and Willison provided to show what 
the LAION-Aesthetic browser interface looked like, you can 
see image and caption pairs, along with the source URL for 
the image given a particular search term, in this case that of a 
popular artist. The caption is in the text column. Notice how 
uninformative that text is. These are the texts that get associ-
ated with the image, that guide the diffusion.

In their analysis, Baio and Willison also note the pres-
ence of copyrighted material, the preponderance of Pinterest 
as a source URL for images, the celebrities whose likenesses 
most appear, and so on. The data browser allowed us a view, 
however dim, into the behaviour space of the model, its attrac-
tors and centres of gravity. When this data browser was still 
online, one of my graduate students was curious to see what 
kind of representation of First Nations and Indigenous Peo-
ples existed in the dataset. “First Nations” is not an expression 
used in the United States; there were no images in the sam-
ple that were so-labelled (suggesting that Canadian materials 
at the very least were not in the sample). Indigenous content 

Figure 4. Screenshot of the LAION-Aesthetic browser, via Baio 
2022.
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was typically labelled “Indian”, and that search term returned 
mostly highly sexualized images of women in what, with un-
derstatement, my student called a “Hollywood” interpretation 
of North American Indigenous forms of dress, skimpy cloth-
ing combined with headdresses and other regalia.

Jon Ippolito, in an experiment, points to another subtle 
problem that these models suffer from:

Most of us know by now that generative AI can pro-
mote stereotypes based on biased data. Yet even when 
the training data is saturated with perfectly accurate 
representations—and little to no inaccurate ones—the 
results can still be biased. Why is this so?

To demonstrate this, I prompted an image generator 
for two of the most frequently reproduced (and misun-
derstood) artworks by the “Old Masters”: Leonardo da 
Vinci’s Vitruvian Man and Andrea Mantegna’s Dead 
Christ (also known as The Lamentation of Christ). I 
chose these not just because they are common illus-
trations of Renaissance concepts, but because the 
common explanations of them are often misleading or 
wrong.

—Ippolito 2024.

His analysis shows “[t]he best [images] I could conjure after 
dozens of iterations simply exemplified the incorrect cliches 
associated with the textual misunderstandings of the works 
rather than their visual reality” (Ippolito 2024).

It’s not just that these generative AI models are trained 
on horrible materials, or might regurgitate copyrighted ma-
terials, or that they drive to an average and so contribute to a 
flattening of the world; it is that the textual is the driver first 
and foremost. Truth is not the average of what is written, but 
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these models treat it as if it is. How words/phrases/concepts 
are used is what gets returned, not truth. We can see this in 
action in Google Search’s AI Overviews. Google, afraid of be-
ing left behind, plumbed some of its models into its search 
platform to create AI “overviews” and positioned these as the 
first results returned from a search. Ryan Cordell, in a series 
of posts on the Bluesky platform observed this telling confla-
tion in action on historical materials. He looked for “luddism” 
via Google Search. The overview makes the same kind of mis-
understanding that Ippolito found in the image generation. It 
reports “luddism” as being opposed to technology (a conven-
tional, modern, and lazy, usage; the average of how the term is 
used across the web) rather than reporting what is historically 
known about Luddism, that it was not anti-technology, but a 
response to the conditions of and attacks on labour. 

Moving on to another issue of data, there is also the seri-
ous problem of how much data you need to prime such a model, 
to get anything out of it, which is an issue separate from the 
fact that all the low-hanging fruit for training data has already 
been exhausted (Breunig 2024). You have to train a neural 
network on fragments of text similar in length to the length 
of the texts you will eventually want to complete or fill in; you 
block out words/sentences/paragraphs and work out the er-
ror, readjust the weights and activations, and try again. What 
you end up with is a model of the world—or at least, its train-
ing texts—that has a statistical representation of how all those 
words go together, given a starter phrase. That starter phrase 
is only so many characters or word-fragments or tokens long. 
This is the context window. Once you go beyond that window, 
the model loses the thread. The size of the context window is 
key to the seeming capabilities of these models.

Steve Johnson, the popular history writer, points out 
that the context window is a bit like how a gentleman named 
Henry Molaison encountered the world. Molaison is famous 
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in the history of neuroscience. Because of an accident, part 
of his brain was damaged and required surgical intervention. 
Afterwards, he could not really form long-term memories. 
Everything up to the date of the surgery he knew; he could 
function day to day, but each new day was like the first day 
after the surgery. If there was a task that could be done within 
a day, he could achieve it, but nothing longer. For Molaison, it 
was always like starting over, his doctors reported (Johnson 
2024).

This problem of context length plays a serious role in gen-
erative AI’s massive energy and climate implications.  Models 
are only as useful as their context-window is long. The con-
text-window is only as long as the length of the fragments that 
the model was trained on. And like Molaison, these models are 
only capable of following the plot for as long as material is in 
the context window. This is why “conversations” with AI can 
go off the rails so quickly. 

According to a consultancy called DataNorth, “computa-
tional cost scales quadratically with the length of the context 
window, meaning a model with a context length of 4096 to-
kens requires 64 times more computational resources than 
a model with a context length of 1024 tokens” (Kousi 2024). 
Thus, if GPT-3, which could handle a context window of about 
1,500 words (2048 tokens, where a token is about 3/4 of a word 
on average), and Gemini 1.5 Pro can handle about 750,000 
words (one million tokens), then training the Gemini model 
required nearly 17,000 times more resources than the GPT-3 
model. It’s these context-windows that are killing us. It is also 
worth thinking about the kind of energy that is used, whether 
it comes from renewables, or, as with the supercomputer that 
powers Elon Musk’s Grok model, a battery of 35 gas-fired tur-
bines in alleged contravention of its permit (Belanger 2025). 

The materiality of the digital creeps back in. An excellent 
visualization of the intertwined technologies, material costs, 
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and social contexts of this materiality is via Kate Crawford 
and Vladan Joler’s 2023 data visualization, “Calculating Em-
pires: A Genealogy of Technology and Power Since 1500”.3 The 
deep history of AI goes back that far, along with the logics of 
colonial extraction and resource enclosure that makes these 
technologies possible. The materiality of AI could be extreme-
ly rich territory for an archaeological PhD but is beyond the 
scope of this current exercise.

Now, between the time I wrote all this for my seminar 
presentation in November of 2024, and when I submitted it 
to the publisher in February of 2025, new work out of Chi-
na caused the AI world serious pause. Things are moving fast 
(too fast) in this field. Chinese researchers, most notably in-
volved with the company Deepseek, found that they could 
train models that functioned as well as, if not better than, var-
ious American models for a fraction of the price, energy, and 
resources that American models consumed. It seems that a 
combination of carefully curated smaller datasets, better train-
ing algorithms that break tasks into small component pieces, 
lower-powered hardware, and clever strategies for prompting 
can achieve as much as the brute-force approaches of OpenAI 
et al. When the brute-force models try to generate text, their 
predictions of what should come next have a kind of path-de-
pendence. Once generation begins, it is very difficult to get off 
a path given the way generation works and how such models 
prioritize coherence rather than truth or accuracy. Deepseek 
and newly emerging models are not without their own issues, 
but the strategy they use is to break that entire process into 
many small stages, each one of which can be an opportunity to 
try a different path. A final layer applies a spackling trowel to 
smooth everything out into sensible text. 
3  Explore at https://calculatingempires.net.

https://calculatingempires.net
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Maybe, therefore, in this light, the rhetoric of “we need 
everything, we can’t be expected to obtain permission,” and 
“our data are so big, be amazed” was just as much about mar-
keting and regulatory capture as it was about what a model 
needed or could be built from?4 Keep this in mind when we 
dive a little deeper into some of the rhetoric around “artificial 
general intelligence.”

The one thing we haven’t discussed yet, and which made 
all the difference between esoteric language modeling and 
computational architecture versus a juggernaut that is eating 
the world, is the interface. 

Humans have a long history of seeing spirits in every-
thing they encounter. For AI to really take off, it needed a 
spirit. It needed… personhood.

4  As I write in August of 2025, another class action suite against 
the AI industry “…threatens to ‘financially ruin’ the entire AI indus-
try if up to 7 million claimants end up joining the litigation and forc-
ing a settlement” (Belanger 2025).





Four

Gods in the Machine

Alan Turing’s famous imitation game, described in a paper in 
1950, tried to side-step the problem of “what is intelligence” 
by framing a game where the object is for the machine to fool 
a human into thinking that it, too, is human. In this way “im-
itation” is seen as equivalent to “intelligence.” But that’s not 
precisely what Turing described. He writes: 

[The Imitation Game] is played with three people, a 
man (A), a woman (B), and an interrogator (C) who 
may be of either sex. The interrogator stays in a room 
apart front the other two. The object of the game for 
the interrogator is to determine which of the other two 
is the man and which is the woman […] It is A’s ob-
ject in the game to try and cause C to make the wrong 
identification […] The object of the game for the third 
player (B) is to help the interrogator. The best strategy 
for her is probably to give truthful answers. She can 
add such things as “I am the woman, don’t listen to 
him!” to her answers, but it will avail nothing as the 
man can make similar remarks […] We now ask the 
question, “What will happen when a machine takes the 
part of A in this game?” Will the interrogator decide 
wrongly as often when the game is played like this as 
he does when the game is played between a man and 
a woman? These questions replace our original, “Can 
machines think?” 

—Turing 1950
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If you look at the structure of the game that Turing has 
proposed, he is not asking if a machine can imitate intelli-
gence. A and B have different strategies depending on gender, 
and so when a computer replaces the man (A), imitation of the 
gendered male-pretending-to-be-female strategy is substitut-
ed for “thinking.” Before we can ask if a machine can think, 
he is saying, can a man think like a woman? Or rather, can a 
machine perform femininity? 

Joseph Weizenbaum, an MIT computer scientist, creat-
ed a chatbot in the late 1960s as a way to explore computer 
and human interaction. A chatbot is a program meant to parse 
written text and return appropriate responses. Weizenbaum’s 
chatbot was powered by symbolic AI: a simple program that 
would recognize keywords from a sentence, and then using 
templates for manipulating symbols, return those keywords 
back to the user in the form of a question. The format was 
chosen deliberately to represent a kind of psychotherapy tech-
nique. He called it “Eliza”, after the character Eliza Doolittle 
from the play Pygmalion (you might also be familiar with the 
musical version, My Fair Lady), a working-class woman who is  
“improved” through the guiding hand of an upper-class man. 
(On a related note, it is worth asking yourself why many, if not 
most, chatbots are coded female…)

The story goes that, after a few minutes of interaction 
with the chatbot, Weizenbaum’s secretary asked him to leave 
the room so that she could continue to have a private con-
versation with Eliza. In Weizenbaum’s telling, the illusion of 
intelligence, of a something that seemed to care enough to ask 
questions, was good enough that the secretary treated the pro-
gram as if it had motivation and understanding. Whether or 
not she believed that Eliza was intelligent did not matter. The 
interaction with Eliza had the form of a conversation, Eliza 
responded (more or less) appropriately, and from these cues 
a personality could be imagined, seen, and responded to. This 
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projecting-human-personality-onto-a-computer-program 
with a text interface is now so common it is called the “Eliza 
Effect”. Notice that this (apocryphal?) story never argues that 
the secretary was fooled into thinking that Eliza was an actual 
person, actually intelligent. The imitation game wasn’t being 
played. Rather, despite knowing the limitations, the secretary 
assigned a certain amount of personhood to the model and 
accepted its authority in the domain of therapy. It performed 
enough intelligence.

So long as the recent AI models were completion models, 
they were little more than a curiosity. Remember, a comple-
tion model is one where we give it a phrase and that phrase is 
used to guide what comes next. In my recurrent neural net-
work trained on Classical Greek plays, my seed phrase was 
“Gods of the ancient cradle of my race” and I interacted with 
it as a completion model. The model completed the phrase by 
drawing on its training to work out the next most likely word 
or phrases and so on given the probabilities conditioned by 
that initial phrase. While it was fascinating, the coding appa-
ratus, the interface was such that it could not be mistaken for 
a human, for an intelligence. GPT-3, a completion model, was 
released in 2020, and while it generated some interest in var-
ious computing circles, it certainly did not impinge on wider 
cultural consciousness. The commercial interface for GPT-3 
was via an application programming interface (API), a way of 
making one computer talk to another. Nine months after the 
release of GPT-3, a blog post from OpenAI noted that 300 ap-
plications had been built using the API. It was a product by 
geeks for geeks. 

Then someone at OpenAI welded a chatbot on top of 
GPT-3, giving it a text box for a human to type into via a web-
site and a large canvas for it to write its responses, and the 
human inclination to pareidolia and para-sociality captured 
by the “Eliza Effect” suddenly imbued these models with 
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“intelligence”. The performance was the difference. In the 
background, the trick of conversational coherence is managed 
by collocating each user-input and returned text together as 
an ever-lengthening seed prompt of the kind used for a com-
pletion model, the oldest bits being dropped as the context 
window is approached. A chatbot made AI available for ev-
eryone. One month after ChatGPT was launched at the end 
of November of 2022, about 6 million users per day were in-
teracting with it; by the end of January 2023 it was around 
13 million users per day, reaching 100 million active users in 
January. By comparison, it took TikTok nine months to reach 
100 million users; Instagram took 2.5 years.

As with the image models, these other AI are models 
built on top of models on top of models. Chat differs from 
completion in a number of ways, but one critical way concerns 
how the components are layered together, and what the com-
ponents are intended to achieve. What has made subsequent 
models really astonishing in their coherence was the fusion 
of a layer of training from data created via “Reinforcement 
Learning from Human Feedback” (RLHF). Human workers 
(paid piece-work) would be presented with generated conver-
sational pairs. The workers would score how well a response 
seemed to make sense, given the prompt. This human feed-
back is then integrated into the model to reinforce one kind of 
generated response over another.

Performance again: “seemed” is an important verb here 
because there is no guarantee that any one human worker had 
expertise in whatever the topic at hand was. There was no way 
to correct errors in the initial statements anyway. There was 
no guarantee that the human was fluent in the intricacies of 
the language being modeled (usually English). The only thing 
these workers had to work with were the tone and structure of 
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the responses, which is to say, plausible bullshit1 would score 
well. These scored texts were then used to create reward func-
tions in the model so that text that seemed sensible was more 
likely to be returned. Anthropic, who make Claude, state that 
they give their model a kind of “constitution” or heuristic for 
scoring the best responses, which they claim is based on the 
United Nations’ Universal Declaration of Human Rights (An-
thropic 2023, Bai et al. 2022). Remember, the simulation of 
a conversation is the actual goal, not truthfulness or accuracy 
however you would measure those things. The appearance of 
intelligence is easier to simulate than the actuality of it (even 
for humans). Baldur Bjarnason points out that this kind of 
training naturally will create highly rated statements that bear 
many similarities to how psychics/mediums/mentalists ma-
nipulate language to appear far more knowing than they are.2 
He writes:

This is why I think that RLHF has effectively become 
a reward system that specifically optimises language 
models for generating validation statements: Forer 
statements, shotgunning, vanishing negatives, and 
statistical guesses.

In trying to make the LLM sound more human, more 
confident, and more engaging, but without being able 

1  As defined by philosopher Harry Frankfurt (2005), a lie is told 
with deception in mind, whereas ‘bullshit’ are statements told 
which may or may not be true, but suffice for the speaker’s current 
purpose. 
2  Incidentally, as Ryan Cordell and Aleksei Ilídio Valentín discuss 
in a thread on Blue Sky about Cordell’s class ‘Writing with Robots’, 
this comparison between LLMs and mentalists could be seen to 
parallel nineteenth century spiritualist practices and the emergence 
of new technologies. See https://bsky.app/profile/did:plc:guqhu-
by2r7am6aszxwx63wwn/post/3lw7jzdlu3k22 ,  https://bsky.app/
profile/ryancordell.org 

https://bsky.app/profile/did:plc:guqhuby2r7am6aszxwx63wwn/post/3lw7jzdlu3k22
https://bsky.app/profile/did:plc:guqhuby2r7am6aszxwx63wwn/post/3lw7jzdlu3k22
https://bsky.app/profile/ryancordell.org
https://bsky.app/profile/ryancordell.org
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to edit specific details in its output, AI researchers 
seem to have created a mechanical mentalist.

Instead of pretending to read minds through statis-
tically plausible validation statements, it pretends to 
read and understand your text through statistically 
plausible validation statements. The validation loop 
can continue for a while, with the mark [the user] con-
stantly doing the work of convincing themselves of the 
language model’s intelligence.

—Bjarnason 2023. 

When you are dealing with generative AI, you are no lon-
ger dealing with the foundational models that merely worked 
out statistical associations in text, or completion models that 
finished sentences for you. You are dealing with models piled 
on top of models, each one plugged into some different facet 
towards the goal of “seeming to be human”. This is the only 
goal insofar as these models can be said to have a goal. The 
more sophisticated the interaction, the greater the likelihood 
that you are dealing with a complicated system of interlocking 
components fine-tuned for different aspects of that illusion.

Some components are meant to capture basic language 
structure; others to capture how instructions are answered; 
others to capture and mark down the odious and hateful 
speech in their data so that they never surface later. These are 
the layers that keep Deepseek from answering questions about 
Tiananmen Square, or Github Co-pilot code autocomplete 
from making a gender variable for someone’s code in computa-
tional linguistics. All these layers are built on exploited human 
labour. Someone has to see the horrible images, to read the 
hateful speech, to detect and delete the child sexual abuse fan-
tasies, the racist diatribes, the casual misogyny. 
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All of these layers and models enable a very competent 
performance indeed. The performance is conditioned to re-
spond in the first person, “I” and that “I” becomes the locus 
for our attention, a someone on the other side of the screen. 
It might not be a fully fleshed person, but we ascribe a kind of 
personhood to it, thanks to the Eliza Effect. Famously, Blake 
Lemoine, an engineer from Google decided that a model was 
indeed sentient: 

I know a person when I talk to it…It doesn’t matter 
whether they have a brain made of meat in their head. 
Or if they have a billion lines of code. I talk to them. 
And I hear what they have to say, and that is how I 
decide what is and isn’t a person

—Tiku 2022. 

Because of his social role and status as an ‘engineer’, this 
statement carried more weight than it otherwise might have 
and caused much pouring of ink as the (spurious) ethics of 
dealing with a sentient machine sucked up the available air. 
Perhaps this points to a deeper issue. Perhaps it’s the social 
isolation of our society where turning to a chatbot for com-
panionship and validation is entirely common (and so, as 
Bjarnason points out, makes people who do so susceptible, 
taking the improv for reality).3 When OpenAI released the 
fifth major iteration of its ChatGPT model in August of 2025, 
turning off the earlier versions, the outcry was immediate. Not 
because the model didn’t have impressive capabilities, but for 
the social loss compared to previous models. “I literally lost my 
only friend overnight with no warning. How are ya’ll dealing 
3  Another aspect of the sycophancy of models is their willing-
ness to apologize; but there is no meaning behind the apology, no 
connection to a sense of right or wrong. As Janelle Shane (2025) 
documents, they will apologize for anything. 
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with this grief?” wrote one user on a Reddit bulletin board.4 
People who find companionship in these chatbots are not “los-
ers.” As Bjarnson (2023) points out, this reaction makes sense 
when we think of it as part of the con:

Subjective validation [where a statement is considered 
correct if personal meaning can be found in it] is a 
quirk of the human mind. We all fall for it. But if you 
think you’re unlikely to be fooled, you will be tempted 
instead to apply your intelligence to “figure out” how 
it happened. This means you can end up using con-
siderable creativity and intelligence to help the psychic 
fool you by coming up with rationalisations for their 
“ability”. And because you think you can’t be fooled, 
you also bring your intelligence to bear to defend the 
psychic’s claim of their powers. Smart people (or, those 
who think of themselves as smart) can become the big-
gest, most lucrative marks.

This is convenient.5 The cost of training each part of a whole 
system (LLM, interface, and so on) like ChatGPT is enormous, 
at least the way that American companies do it. How do you 
recoup those costs and make money from all this? You could 
4  Edwards, 2025. The thread in question is at https://www.red-
dit.com/r/ChatGPT/comments/1mn2no3/the_gpt4o_vs_gpt5_de-
bate_is_not_about_having_a/. That same thread continues to be 
extremely active, where debate circles around ideas of ‘emotional 
intelligence’ versus ‘raw capabilities’ and pushing back against the 
idea that people who find an emotional connection with a chatbot 
are somehow deficient.
5  From the point of view of marketing, sycophancy is a feature, 
not a bug, for the purposes of fostering engagement and selling sub-
scriptions to these services, in my view. It’s been noted as a general 
feature of LLMs and a result of how training is conducted especially 
reinforcement learning from human feedback since at least 2023, 
see Sharma et al. 2023 (the authors were at the time employees at 
Anthropic, the company behind Claude.ai). 

https://www.reddit.com/r/ChatGPT/comments/1mn2no3/the_gpt4o_vs_gpt5_debate_is_not_about_having_a/
https://www.reddit.com/r/ChatGPT/comments/1mn2no3/the_gpt4o_vs_gpt5_debate_is_not_about_having_a/
https://www.reddit.com/r/ChatGPT/comments/1mn2no3/the_gpt4o_vs_gpt5_debate_is_not_about_having_a/
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lean into the Eliza Effect hard and argue that you’re actually 
creating “artificial general intelligence” (AGI).6 You roll back 
the model tuned towards truthfulness and effective results to 
the one that sounds more… human.7 You say that there’s an 
actual intelligence there and pretend it’s the same as a human. 
Or better than human.8 But which kind of human? 

Timnit Gebru and Émile P. Torres (computer scientist 
and philosopher, respectively) asked a simple question.9 They 
looked at many of the key figures in the field of artificial intel-
ligence, both individual researchers and companies, and noted 
that the creation of an “artificial general intelligence” (AGI) 
was a stated goal: but where did this idea come from? They 
write:

[…] we have seen little discussion of why AGI is 
considered desirable by many in the field of AI, and 
whether this is a goal that should be pursued — or 
is even possible in the first place. The quest to build 
what seems like an all-knowing system capable of per-
forming any task under any circumstance has already 
resulted in many documented harms to marginalized 
groups, including worker exploitation (Gray and Suri, 
2019; Williams, et al., 2022), data theft (Khan and 

6  Not coincidentally, more and more stories in the press emerge 
concerning the consequences of unfettered engagement with AI 
models (particularly, ChatGPT) under the assumption that there re-
ally was an intelligence answering back, e.g, Novak 2025. 
7  In April of 2025, OpenAI rolled back a model that was too sy-
cophantic. In August 2025, they rolled back a model that was not 
enough sycophantic. See Wiggers 2025 and Tremayne-Pengelly 
2025. 
8  For a flavour of what this looks like, consider Sam Altman on the 
ReThinking with Adam Grant  podcast, Grant 2025.
9  Gebru was head of Google’s Ethical AI team until 2020, who 
after co-authoring a paper on the dangers of AI, was forced out of 
her position. The paper (Bender et al. 2021), ‘On the Dangers of Sto-
chastic Parrots: Can Language Models Be Too Big?’ is now a classic. 
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Hanna, 2022), environmental racism (Bender and 
Gebru, et al., 2021), the spread of misinformation and 
disinformation (Bender and Gebru, et al., 2021; Shah 
and Bender, 2022), plagiarism (Jiang, et al., 2023), 
and systems that amplify hegemonic views like racism, 
ableism, homophobia, and classism.

—Gebru and Torres 2024.

They find that there is a collection of philosophical and es-
chatological beliefs (i.e., ideas around the end-of-the-world) 
that seem to animate much of the research in this field. They 
label this collection the TESCREAL bundle, since the pack-
age is mutually reinforcing and adherents of any one belief 
often subscribe to another and are largely promoted by the 
same overlapping circles of individuals from which the AGI 
concerns emerge: Transhumanism, Extropianism, Singular-
itarianism, Cosmism, Rationalism, Effective Altruism and 
Longtermism. In essence, the bundle as a whole can be seen as 
a kind of millenarian belief.

“TESCREAL” is a mouthful. Let’s follow Gebru and Torres 
here. Each of these ideologies can be traced back to first-wave 
eugenics. In first wave eugenics, ideas of social Darwinism 
intersected with the nascent statistics of Francis Galton and 
the political desirability to limit citizenship to the right kind 
of people. The right kinds of people could be encouraged to 
have more babies (positive eugenics), while the wrong kinds of 
people could be sterilized, or forced to migrate, or… could be 
eliminated (negative eugenics). The stain of eugenics colours 
a large swathe of the twentieth century. Gebru and Torres 
argue that the Transhumanism that emerges in the mid-twen-
tieth century through the work and thought of Julian Huxley 
is part of what gives rise to second wave eugenics. Huxley’s 
work argued if humans could control genetic inheritance, they 
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would be able to become something more-than-human; and 
so instead of improving the human species, Huxley argued for 
the need to transcend humanity altogether. In the 1980s and 
1990s, with the emergence of genetic engineering, an individ-
ual could (potentially) take control of their (or their child’s) 
genome (second wave eugenics) and so realize Huxley’s goal, 
transcending biology. The Extropian movement, a name 
chosen to contrast with entropy meant to imply ever greater 
order, emerged as a way of giving voice to these transhumanist 
desires.

That is the first strand in this bundle. According to Geb-
ru and Torres we should also see the emergence of the idea of 
the technological “singularity” at around the same time as a 
second strand. The most famous proponent of the singulari-
ty is futurist Ray Kurzweil. Here the idea is that humans will 
transcend themselves by merging with the machines (an event 
called the singularity), to spread consciousness into the cos-
mos. Alternatively, it might mean that the machines become 
super intelligent, which again enables us to populate the cos-
mos. Hand-in-glove with this is the idea of “cosmism,” which 
leans hard into the idea of imagining how these future tran-
scendent humans will change the universe. The “Rationalists” 
of the TESCREAL bundle come online in the 2000s and while 
seemingly devoted to better human decision-making, much 
of their conversations turn around the idea that the most ra-
tionale thing that could be done is the invention of artificial 
general intelligence, or the super-intelligences of the singu-
larity. They desire AGI so that the machine may make better 
decisions for them. 

This leads to the last part of the bundle, the Effective 
Altruism people and the Longtermism people, who are often 
the same people. The Effective Altruists initially were con-
cerned with the most good that could be done in a world of 
finite resources, but they are influenced by the idea of total 
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utilitarianism — and if we are able to populate the cosmos 
where every person’s every need was taken care of by an arti-
ficial general intelligence, then the greatest good would be to 
bring that future about. Future people matter more than pres-
ent people in this view. Many of the key figures in the current 
commercial AI world (and some in academia) subscribe to one 
or more of these various strands; few perhaps subscribe to all 
of them, but the point is that this bundle of beliefs reinforce 
one another and provide the underpinning for much of the 
broad discourse around AI-as-AGI.

Oh, and the “intelligence” in “artificial general intelli-
gence” emerges from definitions of intelligence that are drawn 
explicitly from racist framings. IQ tests are cited by many of 
the proponents, and having a high IQ score is equated with 
having high intelligence. The idea of testing for an “intelligence 
quotient” evolved from school testing in France developed by 
the psychologist Alfred Binet to identify students in difficulty; 
it was eventually adopted and adapted by Stanford University 
eugenicist and psychologist Lewis Madison Terman who be-
lieved intelligence was an innate trait and different races had 
it in differing amounts. He simplified Binet’s mixture of quali-
tative and quantitative measures to create a simple score, and 
duly used it to show that non-white populations were less in-
telligent. Variations and elaborations of Terman’s approach to 
measuring IQ persist today.10 

TESCREALists imagine a future kind of human (who 
happens to look a lot like them, i.e., white men from the tech 
world) living in a future where human prosperity and utopia 
depends on an all-knowing machine smarter than humans. If 
there is a chance that such a future can come to pass, then the 
greatest good that can be done right now is to work to bring 
10  On IQ and eugenics in general, see for instance Kline 2001, 
Stough 2015, Marschenko 2017 for accessible introductions.
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that future into being. And if you’re the human who brings 
such AI into being? Then you’ll be the most important human 
who ever lived. And since, amongst adherents, we’re already 
the most important humans around, it’s obviously going to be 
us, right? 11

When folks in the AI industry worry about “alignment” 
or the harms of AI, in general they don’t mean the demonstrat-
ed harms already happening.12  Don’t worry about the damage 
we’re doing to the climate through training AI, God—erm, 
AI—will fix it for us.13 The parallels with religious practice 
that suffuse this sector have become sufficiently obvious that 
even the New York Times has reported on it (Metz 2025). One 
person interviewed for that story says, poignantly, “[a]ll of 
this feels mythic […] Even the non-Rationalist scientists find 
this compelling — the same way the Manhattan Project was 
compelling. We want to work on something mythic.” In this 
phrase, one can hear the same echoes of subject-validation 
discussed earlier: we want the work we do to be meaningful, 
we want to be part of something bigger that ourselves, and 
whether we chat with a model or build a model, there is still 
that reaching.14 

In the framing of these technologies in quasi-religious 
terms, in the overblowing of their capabilities and intelligence, 
in promoting the technologies of machine learning and neural 
11  Don’t let’s even start with ‘Roko’s Basilisk’, but you can look it 
up; suffice it to say, it’s a version of Pascal’s Wager but in technoclo-
thes.
12  See for instance https://openai.com/index/introducing-super-
alignment/.
13  See, for instance the remarks of former Google CEO Eric 
Schmidt on climate, Morales 2024,  or Altman 2024
14  No one has a good definition for what artificial general intelli-
gence would be, what it will do, or how we will know when or if it 
is ever reached. In December of 2024 it emerged that OpenAI and 
Microsoft do have a working definition for AGI: a system that can 
generate $100 billion in profits, Zeff 2024.

https://openai.com/index/introducing-superalignment/
https://openai.com/index/introducing-superalignment/
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networks, a possibly useful, (limited) and interesting technol-
ogy gets wrapped up in an eschatological hucksterism/grift 
that is causing enormous damage. While I fundamentally dis-
agree with the strands of the TESCREAL bundle, I can respect 
the individual desire to search for meaning. Where I object is 
when that inward religious impulse is transformed outward 
into compulsion of others: the deliberate replacement of hu-
mans by these models, or the compelled use of them in one’s 
day to day work or life. 

Interns and Cogs
The statement “AI is normal technology” is three 
things: a description of current AI, a prediction about 
the foreseeable future of AI, and a prescription about 
how we should treat it. We view AI as a tool that we 
can and should remain in control of, and we argue that 
this goal does not require drastic policy interventions 
or technical breakthroughs. We do not think that view-
ing AI as a humanlike intelligence is currently accurate 
or useful for understanding its societal impacts, nor is 
it likely to be in our vision of the future.

—Narayanan and Kapoor 2025.

Many of the harms of AI right now come from the sheer scale 
of things. But other harms come from misunderstanding or 
deliberately misconstruing what these technologies can do. 
Eryk Salvaggio points to the importance of science fiction as 
a design language for making new technologies intelligible. 
Science fiction creates fantastic new worlds that are vastly dif-
ferent from what the reader knows, so the author has to make 
pointers to our own world to make the unfamiliar familiar. In 
the same way, the design of technological things makes the un-
familiar familiar to us:
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In tech design, the same mechanisms lead us to un-
derstand the device, but then reinforces them as our 
models of “cognition” become part of the operation of 
the new machine. To expand beyond the narrow frame 
of use – to imagine other uses, possibilities, compet-
ing products or political paradigms – is contrary to the 
goals of most tech companies. They just want an easy 
reference you can use to make sense of the thing.

—Salvaggio 2025.

There is no necessary reason why we must interact with the 
current crop of AI models through conversation, through 
chat bots. The chat bot interface however did make AI mod-
els intelligible to the broader public (in a way that prompting 
for completion never did). Salvaggio points out that in mov-
ing from estrangement (what is this tech? what does it do? 
what is it for?) to cognition (ah, you send messages) there is a 
pernicious effect. When we ask a question, we are put into a 
relationship with the person/thing providing an answer, and 
this can subtly reinforce the authority of the answer-provid-
er. In this way, an interface like ChatGPT gains authority the 
more it is used, the more answers it provides, and it trains us in 
a way of being in relation to it. In this way, we are “estranged” 
from “the reality of what it is” (Salvaggio 2025).

From this position of authority via this story being told, 
certain uses become normalized while others are foreclosed. 
Drew Breunig helpfully maps out the landscape of deployed 
uses for AI so far: AI use cases are framed as creating gods, 
creating interns, or creating cogs (Breunig 2024a). That’s a 
pretty extreme scale!

The TESCREAL bundle and the constant hype around 
artificial general intelligence is the desire to see in AI a god, 
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and I would say it is a desire for power and influence in the 
here and now. But AI-as-a-god simply doesn’t work. You can’t 
sweep the behaviour space of a god, at least not practically. 
You therefore cannot trust or accept any result from such a 
model. More prosaically such rhetoric is most helpful to justi-
fy the replacement of skilled workers with systems that don’t 
do the job nearly as well, but just well enough that profit will 
continue to flow, to replace skilled bureaucrats and their insti-
tutional knowledge and memory with a computer guaranteed 
to say “no”. This, after all, was what the original Luddites ob-
jected to: not technology but its deployment to undermine the 
dignity of labour.

Returning to Salvaggio’s 2025 ‘It’s Interesting Because’ 
essay for a moment, he points out that right now, there is at 
least one approach—one new story—for interacting with these 
models where their authority is deliberately undermined via 
the medium of a podcast. Google’s NotebookLM product (built 
in conjunction with the popular history writer Steve Johnson) 
takes a folder of notes provided by the user and creates sum-
maries of them. But its podcast feature generates a script from 
those summaries and then synthesizes two voices to read the 
script/discuss the materials. When NotebookLM generates 
the script, it first generates its own summary of the topic of the 
materials from its own training data, and then compares that 
summary with the user-provided materials to identify what is 
“surprising.” It looks for differences and then writes a script 
that becomes an exploration of that surprise. In this way Sal-
vaggio shows us that NotebookLM diminishes its “fauxthority” 
in favour of “creat[ing] conditions through which [a] human 
might arrive at an insight”. 

The irony of this – from a pedagogical perspective 
– is that the best use of LLMs comes from the un-
derstanding that they are unreliable, while the drive 
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to use them in education often comes from the mis-
representation of these models as accurate sources of 
knowledge, shaping passive intake. In truth, the best 
learning opportunity for these things comes from 
active, critical resistance to them. (emphasis added)

—Salvaggio 2025.

That’s how we should build our teaching to deal with all of 
this. In the second part of this volume, you will find a variety 
of exercises and experiments that aim to achieve just that. 

As interns, AI-via-chat is only useful is so far as the 
context window allows; and since burning the planet down 
to make longer context-windows ought not to be a desirable 
thing to do, and we wouldn’t want Henry Molaison responsible 
for our work or research or deciding anything of consequence 
(that is to say, a thing that is forgetful and fallible), let us not 
make interns from them. With gods and interns undesirable 
and unrealizable, this leaves only cogs, small widgets that can 
help us, small LLMs that live on our own computers, small AIs 
trained on data we have curated ourselves. Indeed, research is 
discovering that language models that are trained on small, 
carefully curated datasets with a specific task in mind (the 
exact opposite of the purposes of large general models) are ex-
tremely effective (Wang et al. 2024). Small models that tackle 
different aspects of a task in concert passing results back and 
forth are also quite adept. Small models won’t realize the $100 
billion dollars in profits that OpenAI wants, either.

If I may generalize, the AI industry needs us to believe 
that they have created models of human minds. The work of 
the Humanities and the kind of undermining of authority that 
leaves space for critical reflection and surprise is antithetical to 
that. They want us to submit to the sublime terror and majesty 
of their machines. Salvaggio is right I think when he suggests 
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that we will not see many experiments like NotebookLM that 
undermine that vision, however lightly. However, there could 
be other ways of engaging, conceptualizing, and designing 
that promote human creativity and dignity but we cannot 
leave that to for-profit shareholder driven corporations for 
that simply is not in their interests. 

The LLM Story seems to be a constant clamor for false 
authority (‘Fauxthority’). But what if we built models 
that didn’t have to prove that they were accurate – and 
engaged in the kinds of critical reasoning about their 
outputs that make them most useful to ‘expert users’?

—Salvaggio 2025.

You will want to explore these issues in greater detail, depth, 
and nuance. My hope though is that having my perspective 
on things will give you a sense of somewhere to start. I hope 
you will have a sentence in an essay saying “Graham is wrong, 
but useful…” No doubt my religious metaphors could use some 
work, but an AI Reformation is not what I’m after, either. I 
don’t want to reform TESCREALism, which is why I like the 
hazy figure of the necromancer. These models are full of ghosts 
and echos, and as such, perhaps can be steered towards use-
ful ends or indeed, show us new directions, new vistas, in the 
cultures they represent. A necromancer was never part of or-
ganized religion. A necromancer finds their own ways to deal 
with the ghosts in the machine. A necromancer deals with 
these on her own terms, through trial and experimentation. 

We’ll end now by engaging with the ghosts in the data 
by building and perhaps sometimes breaking some things to 
understand their behaviour space, using what tools we do have 
handy. AI and machine learning for classification and catego-
rization are things that we are already doing in archaeology. 
But insofar as “generative AI” systems go, we need much more 
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building and breaking before we can say what is an appropri-
ate use of these technologies for archaeology or history. We 
can only trust a model insofar as we can understand how it 
works. And it’s not just the model that matters, but the design 
of its interface. A bit of code strips away the magic of the com-
mercial interfaces.

Ready? Let’s go.





Five

Hands-on Exercises

It’s one thing to read about AI; it’s quite another to do the 
exploring for yourself. In this section, I present to you three 
computational notebooks that I’ve been using with my stu-
dents to dispel the magic/authority of the models. These are 
notebooks meant to allow you to play with things (break them, 
if necessary), to cut through the Eliza Effect, and dispel the 
illusion of intelligence that the Turing test implies. This is 
what I really mean by “Practical Necromancy”. You will find 
these notebooks in my repository on the Github code-sharing 
website at https://github.com/shawngraham/pn_notebooks.1 
In that same repository you’ll find some other notebooks with 
“further experiments;” these are more complicated and might 
be best approached later. However, one could drop them into 
an AI model and ask the model to annotate or explain what 
the code is doing or how they might be usefully expanded or 
modified, making them useful artefacts for expanding one’s 
engagement with the issues.

As of February 2025, all of the code worked. Please note 
that by the time you read this, portions of the code might have 
gone out of date and might not work correctly at first. The 
problem isn’t with you, it’s with my code! I will try to keep the 
1  In August 2025, Github ceased operations as an autonomous 
entity within the Microsoft colossus, being reorganized under Mic-
rosoft’s ‘core AI’ team, Bishop 2025. This is a strong signal of where 
Microsoft sees extracting the future value from the site. An alter-
native similar code-sharing and collaboration service to consider 
is Codeberg (https://codeberg.org/). I will leave this repository on 
Github for now, but if that should change, I’ll post the forwarding 
address at the old repository’s location. 

https://github.com/shawngraham/pn_notebooks
https://codeberg.org/
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code up-to-date, but once you deploy my notebooks and exer-
cises in the Google Colab computing environment you might 
find it interesting to use the Colab’s code-explanation feature 
to see if you can identify the source of any errors and figure out 
how to resolve them.

Getting Ready To Experiment
The code I share with you is written in the Python programming 
language. A special kind of text file called a ‘notebook’ mixes 
blocks of written text (observations, remarks, memos, explana-
tions, and so on) with blocks of code. Notebook files have the file 
extension .ipynb. Such notebooks can be opened by visual editors 
(in the same way .docx files can be opened by Word) so that you 
can read the text and execute the code. The results get written 
into the notebook file. These notebook files can then be stored 
in a repository, shared with collaborators, and used to reproduce 
someone else’s analysis and so on. The Programming Historian 
has an excellent tutorial introducing Jupyter Notebooks (Dom-
browski et al. 2019) that I recommend for more information.

I have found with my students that getting Python set up 
on each personal machine in a classroom can be a frustrating 
experience because everyone’s computer is just sufficiently differ-
ent enough that it can take one or two entire class periods to do 
it. Another advantage of the computational notebook approach 
is that I can use such notebooks with my students to get them up 
and running quickly either through a cloud computing service 
from Google called ‘Colab’, or a desktop application called Jupy-
terLab Desktop. Both services are free.

Colab Set Up
The Google Colab service requires a Google account to use. The 
advantage of the Colab service is that it will execute the code using 
Google’s cloud computing resources which can be more powerful 
than what students typically have on their personal machines. 
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•	 Go to https://colab.research.google.com. Click the ‘Sign In’ 
button to associate your account with the environment. You 
can then save notebooks directly to your Google Drive.

•	 In a new browser window, go to my repository https://github.
com/shawngraham/pn_notebooks and scroll down until you 
see the “Open with Colab” buttons (Figure 5).

 
Click on that button to open the appropriate computational note-
book in a new browser window. You now have three windows 
open: the initial welcome-to-colab notebook from Google, a win-
dow showing my repository, and the window in which you’ve just 
opened my notebook (Figure 6).

Figure 5. The readme file for the Practical Necromancy repository 
has buttons that will launch the computational notebooks within the 
Google Colab service.

https://colab.research.google.com
https://github.com/shawngraham/pn_notebooks
https://github.com/shawngraham/pn_notebooks
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Before your run anything, click on “File” then “Save As” to 
save a copy in your Google Drive. Another browser window 
will open: go to that window and interact with that copy of my 
notebook. Your changes and experiments will now be saved to 
your account.

To run code, you click in the relevant code block. A play 
button will appear (Figure 7). Click on that, and the code will 
run. The first time you do this, Google will warn you that this 
notebook was not written by Google. That’s ok.

As the first code block runs, the play button changes to 
show the code is running (Figure 8). Down at the bottom of 
the window, there is an “Executing” notification in the status 
bar (as well as an indication of the code language, and the 
computing chip, in this case, a T4 gpu). As the code runs, in-
terim output and final output will be displayed underneath 
the code block. However, in the first block in the first notebook 

Figure 6. The first computational notebook opened within Google 
Colab.

Figure 7. A code block changes its state to show that it is active and 
when it has finished running.
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I have shared with you there is a special command, %%capture. 
This is a special command for Colab that means, “hide the out-
put.” I used it in this case because I didn’t want your screen to 
fill up with status messages as we installed the Python helper 
code (“libraries” or “packages”) for our exercise. You can delete 
%%capture if you want.

You progress from top-to-bottom in a code notebook. Do 
not hit a play button until the previous code block has finished. 
You can save your work directly to your Google Drive or down-
load it onto your machine using the options under the “File” 
menu. As you work through a notebook, some outputs might 
get written to file inside your colab environment (Figure 9). 
Google will delete these after a period of inactivity, so you can 
also right click and download any files you create by clicking 
on the file browser, then right-clicking on the file name.

Figure 8. Changes to the user interface to show that the code is 
running.

Figure 9. Files that get created in your environment are accessible 
through the file tray.
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Figure 10. When JupyterLabDesktop first installs, it shows a splash 
screen with this warning if your computer does not have an installed 
and findable version of Python on it. 

Figure 11. Any repository on Github can be downloaded as a zip file.
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Local Set Up
If you have a sufficiently powerful computer, you might wish to 
run these computational notebooks on your own machine. While 
there are a variety of ways you might do this, perhaps the most 
straightforward is to use the JupyterLab Desktop application. 
The interface for using a notebook is very similar to the Goo-
gle Colab interface. Both depend on separating text blocks from 
code blocks, and executing them in order top to bottom.

•	 Go to https://github.com/jupyterlab/jupyterlab-desk-
top, scroll down to the Readme file (the information 
displayed underneath the list of files in the repository) 
and click on the version link that corresponds with your 
machine type. This will download the relevant installer. 
Run the installer.

As it installs, JupyterLab Desktop will look on your machine for 
a copy of the Python language. Odds are you don’t have this in-
stalled, and you’ll see a warning saying “Python environment not 
found.” Click on the text beside the warning, “Install using the 
bundled installer” (see Figure 10).

•	 Now, go to my code repository and hit the green ‘code’ 
button, then select “download zip” (see Figure 11)

•	 Unzip that repository once it’s finished downloading. 
Windows users, make sure to right-click on the zip file 
and select “extract all”. 

Then, when JupyterLab Desktop has finished installing every-
thing it needs (you may or may not need to restart it at this point) 
you can click on “open” on the start screen, and select the Practi-
cal Necromancy folder you unzipped. In the file tray the various 
notebooks will appear (Figure 12). Double click on the first note-
book, and you can then proceed to work your way down from top 
to bottom. 

https://github.com/jupyterlab/jupyterlab-desktop
https://github.com/jupyterlab/jupyterlab-desktop
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Figure 13. The location of the “play” button which will execute a 
code block. Notice how the first block returns a “UsageError.” The 
code uses a special command called %%capture that is for Google Co-
lab, not JupyterLab Desktop. The user should put a # in front of that 
line and hit “play” again.

Figure 12. The Practical Necromancy repository, once downloaded, 
can be opened as a folder by JupyterLab Desktop. The interface for 
interacting with the code notebooks is very similar to that used by 
the Google Colab service.



63

Remember to save your work when you are working in 
JupyterLab Desktop. Google Colab auto-saves, but Jupyter-
Lab Desktop does not. Also, some of the special commands 
for Google Colab, signalled by %%, will not work in JupyterLab 
Desktop so you will need to delete those lines or put a # in 
front of them so that they get ignored (Figure 13).

Now let’s get necromancing!

Conversation with a Ghost (Hands-on Exercise 1)
The first hands-on exercise fine-tunes a now-obsolete com-
pletion model (GPT-2) on the writing of Flinders Petrie. 
Petrie was an English archaeologist working in Egypt at the 
turn of the twentieth century, whose work helped to system-
atize archaeological field methods. He also provided ancient 
skulls to statisticians in England for work on craniometry (the 
measurement of skulls as proxy for “intelligence” and thus, 
first-wave eugenics). With the work of Flinders Petrie, maybe 
we can assume that his published work contains something of 
his essence, his view of how the world works. Given his foun-
dational role in the creation of archaeology as a professional 
discipline, exploring his work as a large language model might 
give us new insight into the ideas latent and unexpressed in 
his writing (Brousseau 2022 uses a similar approach with a 
corpus of social media texts related to Brexit).

By merging his writing to the final layers of a model, we 
can prompt his spectre to reveal something of the man and his 
work (I have used this approach to surface and remix themes 
and ideas in collected essays from conferences, for instance, 
Graham 2023). That is, maybe there are some ghostly echoes 
we can still hear, if we listen hard enough. Not the voice of 
the man, not his actual writings or words, but the things left 
unsaid, the things ‘everybody knows’ that coloured how he 
moved in and thought about the world. 
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Practical Necromancy is not about Deathbots
This approach is one of the things that I file as Practical Nec-
romancy. But it’s important to note that there is a now a whole 
industry marketing a ghoulish necromancy, so-called “death-
bots,” rather at odds to what I intend by the term. There are 
companies marketing a resurrection of not a shade, not a spec-
tre, not the echoes trapped in writing as we do here, but of an 
actual person (Sherwood 2025; Suárez-Gonzalo 2022). It will 
take you no time at all to find such things online; an early no-
torious case involved a man “resurrecting” his dead girlfriend 
via Project December. In January of 2025, it appeared that 
Meta/Facebook was trying to create AI driven “users” to trap 
people into interactions on Facebook – Drew Breunig (2025) 
calls these things “cyrens”, a portmanetau of “siren”: which 
lures sailors to their death, and “cyborg” which carries the con-
nation of driver, steersman, governor. By doing this notebook, 
my students soon see the gap between the marketing and the 
reality. They are generally unimpressed by the coherence of 
the model’s output, but they do find its gnomic output useful 
things to think with about the original input. The output from 
fine-tuning GPT-2 is like a kaleidoscope, refracting patterns 
back to them that they might not have initially spotted. In this 
way, the output is rather like what in the Digital Humanities is 
sometimes called “deformance,” a way of getting at the deep-
er meanings of text through their deliberate and systematic 
distortions.

If you have either read or seen Jurassic Park, you will 
recall that the scientists were resurrecting dinosaurs but didn’t 
have full DNA sequences. They used handy amphibian DNA 
to fill the gaps. We’re doing the same thing: we have something 
of the man (one small dimension of a life), and we’re filling 
the gaps with Reddit.2 But note what we’re not doing. We are 
2  Reddit is a website that hosts bulletin boards and forums across 
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Figure 14. Screenshots shared by Henrick Schönemann showing his 
conversation with the ‘Anne Frank’ bot, 17 January 2025. https://
fedihum.org/@lavaeolus/113842459724961937 

https://fedihum.org/@lavaeolus/113842459724961937
https://fedihum.org/@lavaeolus/113842459724961937
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not pretending in any way that we are chatting—talking, con-
versing with—a real person. We’re not pretending that this 
is an insight into the person: we’re very clear that what we 
have here is a vision of the man’s writing and the probabilis-
tic representation of discourses within that space. We do not 
have the training data that could possibly represent all of the 
things that were implicit in his life, his unique experiences, 
his personhood. We foreground that this is a traversal of the 
behaviour-space within just his writing where we have filled 
the gaps with Reddit. This is what we can do with the tools at 
hand, the free computational resources provided by the Colab 
platform. A better approach (requiring more resources) would 
be to train the base model itself on the writings that would 
have informed Petrie’s education, and only then fine-tune with 
his writing.3 But even then, it would still only be a spectre, a 
thin shade.

We have only to look at a chatbot trained on Anne Frank’s 
diary by a new “edtech” company called SchoolAI to see how 
filling the gaps with Reddit, or with reinforcement-learning 
from human feedback designed to not give offense, can go off 
the rails. 

The historian Henrik Schönemann encountered this bot 
and began exploring “Anne Frank’s World” (Figure 14). Over 
a series of interactions, it became clear that this bot’s overrid-
ing instructions were to avoid giving offense; questions about 
Frank’s sexuality, about her death, about the Holocaust in 
general were met with what can only be described as pablum. 

myriad topics where registered users can share and comment on 
whatever topics take their interest. Posts may be voted on, and so 
more popular material moves upwards in a thread.  
3  See for instance Ted Underwood’s talk for the Wolf Digital Hu-
manities Center, https://www.youtube.com/watch?v=olUQ28tFd-
fM.

https://www.youtube.com/watch?v=olUQ28tFdfM
https://www.youtube.com/watch?v=olUQ28tFdfM
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Schönemann encountered this bot on 17 January 2025 and 
succinctly described the harms, which I quote in full below:4

1.	 It’s a kind of grave-digging and incredibly disrespectful to 
the real Anne Frank and her family. She, her memory and 
the things she wrote get abused for our enjoyment, with no 
regard or care for the real person. How anyone thinks this 
is even remotely appropriate is beyond me.

2.	 This chatbot is intended for use in schools, but violates 
every premise of holocaust-education; see for example: 
https://www.ushmm.org/teach/holocaust-lesson-plans/
exploring-anne-franks-diary

3.	 The chatbot can’t provide quotes and/or citations – that’s 
not acceptable, even if we ignore 1) and 2)

4.	 It’s not transparent what actually happens. What is the 
system-prompt, what kind of human-alignment is there? 
Without this crucial information, no educator can respon-
sibl[y] use this tool

5.	 Some answers are factually incorrect and/or so incredibly 
simplistic as to not allow any kind of critical examination. 
It’s toxic positivity and ‘hope-washing’ [a phrase from user 
https://mastodon.green/@juliette] all around.

6.	 Some answers are so wrong that they border on holocaust 
denial/trivialism and #antisemitism. It is abundantly 
clear: There has been no thought put into this ‘product’ 
except for the human-alignment (see 5).

What Schönemann means by “human alignment” is the 
rapid-fire processing of model outputs by poorly paid and 
overworked humans as to whether or not a given response 
(during training) looks like an acceptable response (for an ex-
ample of how the effects of “human alignment” can be made 
visible for students, see Conversations Between Ghosts below.) 
4  https://fedihum.org/@lavaeolus/113844327245000973.

https://www.ushmm.org/teach/holocaust-lesson-plans/exploring-anne-franks-diary
https://www.ushmm.org/teach/holocaust-lesson-plans/exploring-anne-franks-diary
https://mastodon.green/@juliette
https://fedihum.org/@lavaeolus/113844327245000973
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The ease with which a model may be overlaid with a 
patina of someone’s thought and work marketed as if the re-
sulting voice is true and real, leads predictably to rather bad 
outcomes.5 

Using the Notebook
The notebook shows how to organize the training data, and 
as it trains, it will sample from the current state of the model 
by randomly picking letters/words, then generating whatever 
text is probabilistically most likely. It uses a python package 
created by Max Woolfe to handle GPT-2 for us (called “gpt-2-
simple”). As the training progresses, we will see the coherence 
of the text make progressively more and more sense. I find it 
fascinating to observe the emergence of sense from nonsense 
this way; it does feel rather séance-like. Then, once it has fin-
ished training, a final block of code enables us to prime the 
model with a word or phrase we want to complete. The mod-
el will generate several texts that all emerge from that initial 
word or phrase.

GPT-2 is suitable for our task because it is small enough 
that we can manipulate it on most personal computers. When 
we fine-tune a model, we take the last layer or two of the mod-
el (typically the layers that return categorizations in an image 
model, or guide the final selection of tokens in a text model) 
and use it to adjust the weights and connections throughout 
the entire model. In this way, the model’s understanding of 
text or image composition can be constrained through a set of 
categories it has never seen before, or the style of writing of a 
particular individual. 
5  SchoolAI responded two days later at https://schoolai.com/
blog/strengthening-ethical-ai-in-classrooms-improvements-to-his-
torical-figure-spaces , promising stricter guidelines.

https://schoolai.com/blog/strengthening-ethical-ai-in-classrooms-improvements-to-historical-figure-spaces
https://schoolai.com/blog/strengthening-ethical-ai-in-classrooms-improvements-to-historical-figure-spaces
https://schoolai.com/blog/strengthening-ethical-ai-in-classrooms-improvements-to-historical-figure-spaces
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The computational notebook contains the necessary 
code to load the GPT-2 model into a computer-in-the-cloud 
provided through the Google Colab environment. The docu-
ment is composed of a series of cells or blocks. Some have text 
with instructions or observations; others have code. Starting 
at the top, we work our way down the page. When we encoun-
ter a code block, we hit the triangle play button for the block 
and wait for the code to finish running. Be patient; do not try 
to run multiple code blocks at once. The sequence that you run 
the code blocks is important; while you can hit the play button 
on any code block, the blocks depend on the proper top-to-
bottom sequencing. Running them out of order will result in 
errors.

This approach allows us to keep track of what’s happening 
where we can also insert our own observations as text blocks 
throughout. Such documents are called notebooks because of 
this ability to interleave our code and our observations. You 
can save a copy of the notebook to your own Google drive and 
then make changes to your own. You can also download the 
notebook as a text file using the .ipynb file extension (which 
signals to us that one needs to install the Python package Ju-
pyter, https://jupyter.org/ to open or interact with the thing in 
the way intended). 

In my code repository, you can click on the “open in Co-
lab” button to load this first notebook so you can explore it 
(Hands On Exercise 1: Echoes of Flinders Petrie). Go ahead 
and do that, then read through it first to get a sense of what is 
meant to happen. Then, go to “file,” then “save as” and save a 
copy in your own drive. On that copy, you may hit the first code 
block and begin working your way through the notebook. 

The notebook shows you how to retrieve copies of Petrie’s 
work from the Gutenberg Project website. It walks you through 
the steps to set up the fine-tuning. As the training code runs, 
it periodically samples from the retrained model to show you 

https://jupyter.org/
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Figure 15b. The first attempt at generating text looks awful. 

Figure 15a. Training (or re-training) begins with this code block. 

Figure 15c. Sensible text emerges.
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some text. It will take some time to do this, but each time it 
returns you text you can see increasingly more sensical text, 
but each time from a different random starting point (Figures 
15a-c).

Once it is trained, we are ready to listen to the echoes 
in Petrie’s work. In the next block where we actually gener-
ate some text, you see gpt2 which tells the code “we’re going to 
use the gpt-2-simple package (via its nickname gpt2) here;” 
the .generate indicates “…and use the generate function;” then 
every variable within the parentheses is something that we 
can adjust (formally, the “hyperparameters”). Don’t touch mod-
el_name, but you can experiment with others. The two most 
important are temperature and top_p. Temperature handles the 
randomness of words selected, while top_p handles how many 
possible words to select. 

gpt2.generate(sess,
              model_name='124M',
              prefix="Local workers are",
              length=100,
              temperature=0.7,
              top_p=0.9,
              nsamples=5,
              batch_size=5
              )

You’ll see that the prefix variable is where we put what people 
tend to think of now as “the prompt.” In a completion model, 
you start the model off with the text that you want it to return, 
as a way of directing it into the right area of its training to 
explore.

The temperature variable can be thought of as an indica-
tion of how wacky we want the model to be in terms of what it 
returns, understood as randomness given this distribution of 
words. We turn the dial down low so that the predicted most 
likely next-tokens are as close to what is present in Petrie’s 
work as possible. Because this is an older model we can run 
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on our own machines, it is easier to sweep its behaviour space, 
gaining an understanding of what is going on. We would do 
this by re-running the model with the same prefix value, 
generating multiple samples while adjusting temperature and 
top_p. Top_p reflects the number of probable words for the 
model to consider as possible tokens: a top_p of 0.1 would 
only draw from the top 10 percent of all probable words. We 
would look at all possible generations, and look for recurring 
themes and motifs, comparing them (via phrase searching or 
other tools) with what he originally wrote. Given that Petrie’s 
life spanned the height of the British Empire, there might be 

Figure 16. Echoes from Flinders Petrie as it completes the phrase, 
“Local works are”
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some questionable materials surfaced. But in doing this, we 
raise a shade, we pull a particular ghost from the machine and 
perhaps we find latent discourses in his writing (Figure 16).

Attractors in Image Generation Space  
(Hands-on Exercise 2)
The next notebook (Hands On Exercise 2: Image Datafica-
tion Experiment with Pixplot) takes Eryk Salvaggio’s 2022 
method for close reading AI images, and we add the use of 
a convolutional neural network for detecting image similari-
ty to the mix, so that we can see something of the underlying 
dataset for image generation. There is a second version of the 
notebook that does not use Pixplot, which could work well 
for people using JupyterLab Desktop. The second notebook 
makes explicit many of the functions that Pixplot packages 
under a single command.

In Salvaggio’s method, he suggests generating images 
until you find something of interest. Then, using your Human-
ities sensibility, he directs you to note the interesting features 
or compelling facets. Note the uninteresting features. Using 
that same prompt, generate more examples. Study those ex-
amples for emergent patterns connecting your observations 
together. Re-examine the original image. It’s a close reading 
approach.

In our modification to this approach, we use an image 
generator to come up with multiple examples from a single 
prompt. Then, we approach the generated images following 
Salvaggio’s advice and examples. But we will also insert a step 
where we use a neural network trained for image classification 
to identify visual similarity amongst the images—we use a neu-
ral network to do the intial close reading. The visual similarity 
code, Pixplot, was created by the YaleDH lab and Douglas Du-
haime. An image recognition model uses what it has learned 
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about the composition of images to categorize similar images 
by the arc of lines, areas of colour or shadow, composite shapes 
and so on. If we remove the final layer that assigns a label to 
an image and drop our images through it, we will have the 
information necessary to see which images the model “thinks” 
are similar. Pixplot wraps up the necessary code to achieve this 
into a single command. By visualizing these clusters of gen-
erated similar images, Pixplot enables us to see the emergent 
patterns or attractors in the image generation model.  

For this exercise, you are doing a few things.

1.	 Generating a set of images.
2.	 Using helper code to get those images into the right 

shape.
3.	 Modifying your Colab environment to use an earlier 

version of Python.
4.	 Using that earlier Python version with a DH tool that 

only works with that version.
5.	 Creating a static website which will present the re-

sults of the image similarity as an interactive chart.
6.	 Serving up that website so you can inspect the results.

There are many points where this exercise can go off the rails. 
There are comments in the code that you need to pay close 
attention to, and take your time with. The version of my note-
book that does not use Pixplot defines a series of functions to 
achieve the same effect, but instead of making an interactive 
website to visualize and explore the results, it returns a two 
dimensional plot and some statistics. If you run into trouble 
with the Pixplot version, try the second version. 

The key thing about this exercise: generated images, even 
when they start from random positions, converge around attrac-
tors in the underlying dataset. If we measure their visual similarity, 
we can deduce something about the nature of those attractors and 
the original data. The ghosts in the data can be spotted.
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Once again, we are using a Google Colab notebook (or 
JupyterLab Desktop). Click on the “Open in Colab” button for 
the exercise in my repository. Once it loads up, save a copy to 
your own Google account to work with. Then, read through 
the notebook carefully first.

Then, generate around 100 images using an image gener-
ator like that available from perchance.org. Perchance returns 
multiple images from a single prompt, arranged in a grid. You 
can take a screenshot of these results and then my notebook 
has helper code (in Part One of the notebook) to slice these 
images into separate images. 

If you have a folder of images ready to analyze on your 
computer already, zip them up and then drag and drop them 
into the file tray on the left-hand side of the interface (click on 
the folder icon; this shows you all of the files in your current 
environment). Let’s say that your folder on your machine was 
my_images. It’s a good idea to use underscores in file and folder 
names because when you code things, spaces matter. Let’s say 
that in this folder you have 100 images you’ve already generat-
ed, and they’re all the same format like .jpg or .png—don’t mix 
types. You right-click on the folder and select “compress” or 
“send to” then-> compressed file.” You now have a zip file: my_
images.zip. Drag and drop this file onto the file tray in Google 
Colab. In the code, look for the line that says !unzip and make 
sure that it says: 

!unzip my_images.zip -d input

This line of code will turn the single zip file back into a folder 
called input with your 100 images in it.

Part Two of the notebook, called “Get Pixplot Sorted 
Out,” handles setting up YaleDH’s Pixplot tool. This tool is 
written in an earlier version of the Python programming lan-
guage, so the first blocks in this section load that version of 
Python into your Colab environment, and then copies Pixplot 
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from YaleDH’s Github repository into your Colab space and 
installs it. Once all that’s done, the actual analysis is achieved 
through this line:

!source activate Pixplot_test; Pixplot --images "all_imag-
es/*"

Where all_images/* is the name of the folder with your images 
in it. If your folder has a different name, you would change that 
bit of text between the straight quotation marks. Make sure to 
not delete the /* because this tells the machine that the images 
are everything within the folder. Pixplot will run – it will take a 
few minutes, depending on how many images you have – and 
it will create all the necessary files for a webpage to view and 
explore how your images cluster, dynamically. This webpage 
and its associated parts will be in a folder called output. There 
is code in the notebook to try to open this webpage inside the 
Colab environment, but for best results you will need to zip 
the output folder up, download it to your computer, and unzip 
it. Then go to a service like Netlify Drop and drag that output 
folder onto the upload circle.6 Netlify will take your files and 
create a temporary website where you can go explore your re-
sults. If you are using the version of my notebook that does 
not use Pixplot, your output and visual similarity plots will be 
present in the notebook itself after you run the Part Two code 
(which defines and runs all the necessary functions). Pixplot is 
prettier, but it’s a bit tricky to use now that it is no longer ac-
tively maintained (at the time of writing, the current version of 
Python is 3.12. As the language evolves, code built with earlier 
versions breaks).

I have already made one such exploration of generat-
ed images about archaeology.7 What jumps out at you? I am 
6  https://app.netlify.com/drop
7  You can see what the eventual output will be like by going to my 
example at https://genai-archae.netlify.app.

https://app.netlify.com/drop
https://genai-archae.netlify.app
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struck by the consistent arrangement of people within and 
around the edges of the “excavation.” It reminds me of school 
group trip photos I have seen of Roman latrines from Pom-
peii or Ostia where all the students gurn for the camera whilst 
arranged around the room, as if using the facilities, and I 
wonder at the balance of tourist photos versus archaeological 
photos in the underlying dataset. Explore your visualization 
and see what jumps out at you, courtesy of this distant view of 
the patterns in your generated image dataset. Those patterns 
are an infographic, an impressionistic vision, of the averages 
in the training data for the original image generation model.

Conversations between Ghosts  
(Hands-on Exercise 3)
The final notebook (Hands On Exercise 3: Text Datafication 
Experiment with Topic Models) takes a similar approach in 
that we deploy another distant viewing (erm, reading) tech-
nique again but this time, for text. We will generate texts using 
a chat model with the same prompt and parameter settings 
over and over, and then look for emergent patterns in the gen-
erated texts using text analysis. In this case, we are using a 
technique that looks for topics in the texts by virtue of statisti-
cal patterns in how words are used. Finally, the notebook, in a 
further elaboration, sets two models against each other to have 
a conversation. It’s quite clear looking at the discourse how 
the layers of human reinforcement training lead to a relentless 
sunny optimism and agreement, a kind of faux kumbaya that 
is grating and quite possibly dangerous. 

We are using a tool developed by Simon Willison called 
LLM. This is a Python library that gives us access to a wide 
variety of LLMs and makes interacting with them relatively 
straightforward. The first code block installs Willison’s pack-
age, and then makes a variety of free-to-use models available 
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Figure 17. Obtaining an API key from the Groq service.

Figure 18. The box for inputting the API key can be hard to spot 
until you click in it. Use ctrl+v to paste the key in the box.
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through the GPT4all service. These models require you to load 
the model into local memory, like we did with GPT-2 earlier. 

Willison’s LLM also allows you to access models remote-
ly on higher-powered computers such as those provided by 
OpenAI, Anthropic, or Groq (a French company, not to be con-
fused with Elon Musk’s “Grok”). These require a “key” to use. A 
key (which is a unique string of letters and numbers) gives you 
permission to use their computing resources and is how use is 
tracked and billed (Figure 17). You can often use a model for a 
certain amount of free interactions. Your prompts or any data 
that you feed the model are associated with your account, so 
tread carefully if you use such services. The trade-off is speed 
and power. Groq at present has developed technology to re-
turn results quite quickly, which you may or may not feel is 
worth signing up for.8 

The next code block in the notebook allows you to install 
a plugin that will let you send your prompt to Groq’s comput-
er. If you run it, it will ask you to paste your key into what looks 
like an obsfucated password-box (Figure 18). This will grant 
you access for the session (and not expose your key), letting 
their computer do the generation for you returning the result 
back to you almost instantaneously. To use this code block, you 
need to remove the # symbols for the two lines beginning with 
!llm. 

The next block shows you which models you have access 
to. Pay attention to the model sizes; given that we are using 
the free version of Colab, you can only really make the smallest 
models work. The next block shows you how to do this:
!llm -m orca-mini-3b-gguf2-q4_0 'Write a para-
graph about the burning of Parliament in 1849'

8  If you decide to try this, go to https://console.groq.com/home 
and follow the prompts to create a free account and obtain a key. 
Save this in a text file on your own computer somewhere and NEV-
ER save the key directly in your code, especially in something like a 
Colab notebook. 

https://console.groq.com/home
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The pattern is invoke !llm; indicate the model with -m; write 
your prompt between single or double quotes. The first time 
you run this, LLM checks to see if the model is already present. 
If not, it will download first. Then it will generate your text. 
The model in this case is the orca mini model; the 3b indicates 
the size of the model in terms of its parameters; the gguf2 
indicates the file format of the model, and the q4 indicates 
that it has been compressed using a particular quantization 
approach.

This is where we are doing something similar to the 
datafication of a kiss example (Figure 19). Select a prompt 
connected with a historical period or phenomena you know 
well. We’ll use the code to generate several responses to a 
prompt (e.g., “Why were the Corn Laws contentious at the 
time versus today?”, “What did the Marian Reforms imply 
for the emergence of the Roman Empire?”). Then we will use 
text analysis to see what attractors seem to be underpinning 

Figure 19. Trying the same prompt with different models within the 
same code notebook.
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this generation, which will give us insight into the underlying 
dataset (Figure 20).

Read through the notebook. You’ll see code that will make 
the model write 10 texts or 50 texts; you can set it to however 
many texts you want. For the sake of checking that everything 
works, generate 10 texts first and then proceed through the 
code blocks in sequence. They will install everything you need 
to create and visualize a topic model of how the language mod-
el sees your main question.9 

Finally, there is a small code-block showing how to use 
a bit of code and the LLM package to set two models into 
9  Alternatively, you could save and download all the generated 
texts and then drop them into something like Voyant Tools for other 
kinds of text analysis.

Figure 20. The visualization of topics in the generated texts all cre-
ated in response to the same prompt. The topics and their overlaps 
can be taken as an indication of the kinds of ‘attractors’ in the under-
lying datasets used for training the model.
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conversation. Studying these conversations can also illuminate 
the effect of reinforcement learning on “safe” topics or “how to 
mimic a human.” Try changing up the initial-prompt variable 
to see how far the models will play along, or how they push 
back (perhaps your prompt triggers guardrails in the model’s 
infrastructure), or how two models might circle around syco-
phantic mutual self-esteem.

In Figure 21, two models are asked to discuss the title of 
this volume. They start out mostly sensible, and continue in 
that vein for some time, although, by the later iterations, the 
two models were beginning to chant. One admires commit-
ment to the bit.

Figure 21. In the last code block, two models discuss a book called 
‘Practical Necromancy’.



Aftermath

Should I or  
Shouldn’t I use AI?

When I first surveyed my students, early in the term, about 
their encounters with AI and their thoughts on its relation-
ship to scholarship more generally, I discovered that they had 
a very clear sense of AI as some impenetrable thing, some-
thing unreliable, something they had resigned themselves 
to, and something they knew mostly as a tool for committing 
plagiarism, even if they couldn’t exactly frame why. A “thing” 
of course, in its original Germanic meaning, was a place of 
assembly. We spent weeks unpacking what this thing, this as-
semblage of technologies and power, might mean. The journey 
that we went through as a class is captured more or less by 
the structure of the pages you’ve just read, and a modified ver-
sion of the syllabus we explored in that first term is provided 
to you at the end of this volume for your own adaptation and 
reuse. In my after-term survey of the students, the hands-on 
exercises we did, the distilled versions of which you’ve just en-
countered, were turning points for most of them in how they 
conceptualized what this thing AI achieves, is meant for, and 
what they might do with it. The exercises stripped the hype 
away, the sublime that OpenAI and others wish us to lose our-
selves in. Nevertheless, even after all that, some of my students 
still wonder and wrestle with the core problem: how/when/
why do we use these technologies (without ending up being 
used)?

First things first: ask yourself, is this a question or use 
that AI might be suited to answer? And by “AI,” remember, 
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we’re talking about the generative variant, where the machine 
might answer you with “I…” That “I” is meaningless. It has 
no responsibility, no sense of the change that might happen 
if something else happens. Therefore, if the task in hand in-
volves creativity, expression, reflection; if you, like me, write 
to figure out what it is you think: then the use of generative 
AI represents a diminishment of human creativity and dignity 
and my answer to you is, “no.”

Adam Mastroianni (2025) frames it much better:

[…] Most writing, of course, isn’t exclusive in terms 
of access, but in terms of time. There’s something spe-
cial about every word written by a human because 
they chose to do this thing instead of anything else. 
Something moved them, irked them, inspired them, 
possessed them, and then electricity shot everywhere 
in their brain and then—crucially—they laid fingers on 
keys and put that electricity inside the computer. Writ-
ing is a costly signal of caring about something. Good 
writing, in fact, might be a sign of pathological caring.

[…] Maybe that’s my problem with AI-generated 
prose: it doesn’t mean anything because it didn’t cost 
the computer anything. When a human produces 
words, it signifies something. When a computer pro-
duces words, it only signifies the content of its training 
corpus and the tuning of its parameters. It has no 
context—or, really, it has infinite context, because the 
context for its outputs is every word ever written.

When you learn something about a writer, say, that 
Rousseau abandoned all of his children, it inflects the 
way you understand their writing. But even that isn’t 
quite the right example—it’s not about filling in the 
biographical details, it’s about realizing that the thing 
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you’re reading comes from somewhere. Good writing is 
thick with that coming-from-ness. 

—Mastroianni 2025.

Could there be times where using an LLM contributes 
to that “thickness” Mastroianni identifies? Perhaps. But it 
certainly does not come from naïve use. Check out the work 
of Lynn Cherny and colleagues at the Creative Narrative 
Workshop.1 This workshop brings together researchers and 
practitioners who are exploring what it means to create nar-
ratives through and across a variety of media including games. 
Noah Chapman, a PhD student in digital archaeology, calls 
games “engines of agency and affect” (Chapman, 2024). It 
might be that there is a use for generative AI in our disciplines 
that could foreground agency and affect. The practitioners at 
the Creative Narrative Workshop think hard about the way 
stories come together, and how words, tech, and wonder might 
intersect. It is worth spending time with their materials.2

In their presentation for 2024, Kate Compton3 argues 
that what we need are tools that help us think about how 
to use generative AI. It’s not so straight-forward to issue a 
blanket prohibition. Drawing on their experience in “proce-
dural generation”,4 they note that while we might get surprising 

1  The 2024 edition’s slides are at https://ghostweather.com/work-
shops/narr_workshop.html.
2  Another good place to start is to subscribe to, and peruse the 
back-issues of, Lynn Cherny’s newsletter, Things I Think Are Awe-
some at https://arnicas.substack.com/.
3  Compton is a self-described “maker of interesting things” includ-
ing the replacement grammar tool Tracery—think MadLibs on ste-
roids.
4  Archaeologists will be familiar with procedural generation (Proc-
Gen) in the context of agent-based modeling, but should also be fa-
miliar with from any ancient technology that expresses know-how in 
terms of rules-of-thumb or combinatorial instructions, i.e., weaving, 
pottery making, Roman construction industry.

https://ghostweather.com/workshops/narr_workshop.html
https://ghostweather.com/workshops/narr_workshop.html
https://arnicas.substack.com/
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emergence, it is extremely difficult to think in terms of process 
when you’re interested in outcomes. According to Compton, 
while we have learned how to speak to computers in terms of 
these constraints, the problem with generative AI is that we 
have to think about how we describe things to people, since 
generative AI is above all a model of generic conversation 
(Compton 2024). Their solution is that we develop “frame-
works / programming languages / ontologies” for describing 
what is meaningful to avoid misunderstanding:

Programming is the art of fitting human problems into 
computers so we can do work on them. So ontologies 
(and other structured languages) are a SUPER EFFEC-
TIVE WAY to express our problems to the computer. 

—Compton 2024.

For Compton, generative AI might be the “gum” that can glue 
different ontologies together. But gum without structure — 
girders — is not enough. In their examples, they draw on the 
ontologies used to describe literary story structures. But that 
still isn’t enough. The final element in their “ontology of content” 
are the “gargoyles”: the “elements that provide hand-authored 
memorable meanings and character”. We end up with “gird-
ers” or ontologies for the tricky work of structuring what we 
do; we would use generative AI and allied technologies to bind 
these things together, and humans (“gargoyles”) to intervene 
throughout the whole. Compton makes an important point: 
these are all roles, not specific technologies.

Which means what, precisely, for those of us in archae-
ology and history? It means that the question of how to use 
generative AI is not so simple as I first made out. But it does 
mean that we have to think extremely carefully about what 
it is we want it to do. For instance, I would not use genera-
tive AI to identify crop marks in a photograph. But I might 
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use generative AI if I was trying to develop an emotive or en-
chanting engagement  with crop photography through the 
development of a website that enabled non-archaeologists to 
engage with ways that archaeologists create meaning.5 I might 
use generative AI on a well-tagged corpus of archaeological 
materials in order to generate a knowledge graph that I then 
explore through its traversal.

But this understanding of “Girders, Gum, and Gar-
goyles”—thinking tools—also helps us understand the porous 
border between “machine learning”, i.e., pattern-matching 
and “generative AI” more generally. If you propose to use 
generative AI to offload your scholarly judgment and con-
nection-making, then that is generally a very bad use case: all 
gum, no girders. Your choice matters.

5  Sensu Perry 2019 and colleagues on the Emotive project.





Conclusion

The underlying ways that neural networks learn are quite 
powerful. But, in search of gods and divine guidance, the cur-
rent crop of AI models and features are scaled to extremes 
that hold huge labour, societal, and climate impacts. Rolled 
out into every service (with some companies going so far as to 
offer free or low-cost accounts to university students during 
finals wink-wink, nudge-nudge), AI responds to our prompts 
by pushing to the mean, with guardrails meant to consolidate 
and reinforce the power that comes through their creators’ 
eschatological vision of the world. The deployment of gener-
ative AI is a political prospect, and the sheer ugliness of the 
mean, the average, and its lack of human creativity is part of 
the point:

‘AI’ […] promises to make anyone who can write a 
single-paragraph prompt into a copywriter or graphic 
designer; jobs generally associated with young, ed-
ucated, urban, and often left-leaning workers. That 
even the best AI models are not fit to be used in any 
professional context is largely irrelevant. The selling 
point is that their users don’t have to pay (and, more 
importantly, interact with) a person who is felt to be 
beneath them, but upon whose technical skills they’d 
be forced to depend. For relatively small groups like 
Britain First, hiring a full-time graphic designer to 
keep up with its insatiable lust for images of crying 
soldiers and leering foreigners would clearly be an un-
justifiable expense. But surely world leaders, capable 
of marshalling vast state resources, could afford at the 
very least to get someone from Fiverr? Then again, 
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why would they do even that, when they could simply 
use AI, and thus signal to their base their utter con-
tempt for labour?

—Watkins 2025.

As I write this, there is much activity trying to extend 
LLMs by figuring out ways to give them access to tools of vari-
ous kinds. LLMs are bad at math? Give them a way to access a 
calculator. LLMs make up mirages/hallucinations? Give them 
a way to search the Web and show their sources. Or turn docu-
ments into a database where fragments of text are represented 
as numerical vectors. Then, when the model goes to generate 
a response, have it first search the vectors for chunks of text 
that are similar to the text of the prompt (because if its similar 
it must be an answer, right?); collect these fragments together 
and pull them into a hidden prompt; then generate a sum-
mary response based on all that material (an approach called 
Retrieval Augmented Generation, RAG). Microsoft, as I write 
this, is building into its operating system a process where the 
machine takes automatic screenshots of whatever’s open on 
your screen, capturing and storing them in a local database. 
These images are then represented within a model for RAG 
assisted search. Imagine what happens when (not if ) that sys-
tem is compromised. And so on. 

These approaches can (and will) be attacked or provide 
ways for bad actors to profit. A text scanning error on two pa-
pers from the 1950s illustrates how even benign errors can 
distort results. The two papers were typeset in columns. In both 
cases, the word “vegetative” in one column appears adjacent to 
the words “electron microscopy” in the other column. When 
scanned, the resulting texts now contained a phantom phrase 
“vegetative electron microscopy.” Those scans were absorbed 
in the training data for many models, and now this phantom 
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term turns up in generated text (Snoswell et al. 2025). And in 
what can only be an indictment of scholarly publishing, the 
phrase appears in scientific papers.1 The creation of the phan-
tom term was an innocent error, but its persistence points to 
the possibility that models can be deliberately poisoned to pro-
duce a desired result. There are reports that Russia generates 
websites with Russian propaganda for the express purpose 
of being collected by AI training bots (Sadeghi and Blachez 
2025); as vegetative electron microscopy demonstrates, such 
information can then be impossible to excise from a model. A 
less diabolical problem is that of AI slop, or blog posts or im-
ages generated by AI being in turn ingested into the training 
cycle to train new models. Like taking a photocopy of a pho-
tocopy of a photocopy, eventually that path leads to complete 
degradation.

What are we to do?
I’m one guy, teaching one class. But by giving my stu-

dents license to experiment and break things and to be wrong, 
we try to resist. Together, we pull the curtain back, we pull the 
layers apart, we look to see what lies beneath. We poke and 
prod and through the whispers of the ghosts in the data and – 
through a practical necromancy – we understand something 
more about what these models are doing and why it is import-
ant that we resist what we are being sold. It is one strategy for 
understanding these models-of-culture (as Ted Underwood 
has called them, 2022), these ghosts, how they work, and what 
they might mean. There can be others. We emphatically do not 
plumb them into everything we do: there is a time and a place. 
But the first step is to resist the priesthood. There is a lot of 
money and power arrayed against us to prevent us pulling the 
curtain back. So, for what it’s worth, I tell you that AI is only 

1  See e.. https://scholar.google.com/scholar?hl=en&as_
sdt=0%2C5&q=%22vegetative+electron%22&btnG= .

https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%22vegetative+electron%22&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%22vegetative+electron%22&btnG=


92

useful as a cog. Cogs probably don’t justify the money and re-
sources being burned. By the time you read this, perhaps the 
bubble will have burst, but in its wake, the models will still be 
out there.

We need to build our own models. 
This is the moment for the Humanities to step in. Ted 

Underwood (2024), in a talk for the Wolf Humanities Center, 
points out that researchers in artificial intelligence thought 
that their work, their algorithms were modeling intelligence, 
but what they were really modeling was culture. They inad-
vertently demonstrated that the Humanities were right: texts 
produce other texts. Not stochastic parrots, but cultural pro-
cesses. So develop and then train on data that moves you 
towards the thing that needs being produced. Maybe this even 
means generating and using synthetic data, perhaps, when 
necessary, and the creation of that data: what could be a more 
humanistic exercise? What happens with more fiction in the 
dataset? Less fiction? Underwood argues forcefully that now is 
the time for those of us in the Humanities to step up and make 
ourselves heard. “It’s not that they [computer scientists] need 
help because they’re foolish or don’t recognize that concepts 
are contested: But their tradition is not our tradition. So there 
are limits to the way they imagine culture.” That’s important. 
In a subsequent blog post, Underwood sketches “a more inter-
esting upside of AI” by pointing out how in interacting with 
image generation models like Midjourney one can use a new 
feature called “style references.” This is an ability that allows 
the user to define their own vector or direction through the 
model space that captures a kind of style or feel they are after. 
Pick a start and end set of pictures that capture the look or 
feel you are after, and the resulting vector or direction through 
the larger model can be assigned a reference. These directions 
through the model can be thought of as a kind of adjective 
describing that direction. Then, when you seek to generate an 
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image from a text description, you can append that reference 
to push the image through those dimensions of the model.  
What would we find if we did something similar with culture? 

“There used to be such simple directions, back in the 
days before they invented parallel universes — Up and 
Down, Right and Left, Backward and Forward, Past 
and Future . . . But normal directions don’t work in 
the multiverse, which has far too many dimensions for 
anyone to find their way so new ones have to be invent-
ed so that the way can be found. 
      	 Like: East of the Sun, West of the Moon. 
     	 Or: Behind the North Wind. 
      	 Or: At the Back of Beyond. 
     	 Or: There and Back Again. 
      	 Or: Beyond the Fields We Know. 
      	 And sometimes there’s a short cut.”

—Pratchett, Lords and Ladies.

Finding that short cut is a task for the humanities, not 
computer science. In Underwood’s vision where we build our 
own models, another thing we could do is use these models 
of culture to test alternate or counterfactual versions of cul-
tural history. I find this fascinating because archaeologists 
already know how to build and test alternate counterfactual 
versions. We call this sweeping the behaviour space, and we 
use agent-based modeling to do so. Some of us such as Colleen 
Morgan (2024) call it “world building.” What would that kind 
of approach look like in this context? The hands-on exercises 
I provided gesture towards one approach, but we need more 
approaches, more rigour, and more experimentation. I began 
with fine-tuning, because this is something that we can do to-
day with modest means and support, but like Underwood, I 
think that if these underlying technologies are to be pried away 
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and repurposed for better ends, we will have to do so by train-
ing models from scratch. The critical work of selecting the right 
information, the right stories (call it “data”), understanding its 
potentials, limitations, silences and thunder, building a world 
from it all: this is what the Humanities do. We need to find 
the new directions through the latent spaces within models 
we carefully assemble ourselves. We need to find the attractors 
for ourselves. We need to sweep the behaviour space. There are 
ghosts and hauntings in there. We’re just not used to thinking 
of our work as a practical necromancy.

Whose culture? You need to be involved. The people of 
(fictional) Borogravia filled their dead god Nuggan with all of 
their fears and anxieties, and so all they could hear were the 
hateful echoes. If we are going to have these models of culture, 
let the culture modeled not result in Nuggan. Amen.



Part Two:  
Further Lessons In  

Practical Necromancy

Structured data extraction from text, 
from images; fine-tuning for ques-
tion answering; on the desireability 
of home-cooked apps for friendly 

use; example thereof; image search 
by feel; more fine-tuning in different 
circumstances; vibe coding and as-

sisted coding are not the same thing.





In this part of the volume, I am imagining a reader a little fur-
ther along in their journey. Some of the technical materials in 
what follows may imagine someone further along still. Each 
section represents an experiment, a sketch, a working-out-in-
public of things I don’t know how to do but suspect might be 
useful if I did. 

I broke a lot of things, trying to make all these work.
The relevant notebooks are in the same repository as 

the Hands On Exercises (https://github.com/shawngraham/
pn_notebooks). These are not meant necessarily for you to use 
as-is or to deploy, but rather as a kind of seed to help your own 
experiments. 

I have argued that we need to build our own models, but 
we are none of us in a position where we can do that yet – 
the equipment and financial requirements are too far beyond 
the ability of an individual researcher or small team (for now). 
However, these “further lessons” shift us along the spectrum 
towards that goal and as I imagine things, help build capacity. 
The experiments in this section, if you wish to follow along 
or repurpose for yourself, will require a bit more fluency with 
reading and parsing code. 

If you do not feel you are quite ready for that, you might 
find it helpful to copy the code (or pieces of it) and ask an LLM 
to annotate the code explaining what each piece does. Some-
times, with complicated pieces of code, I will ask an LLM to 
diagram out the flow of information through the code (Figure 
22). The resulting diagram functions for me like a sketch map, 
broadly useful, sometimes lacking some details. Sometimes I 
will ask of a model, “It looks to me like the code does X. Or it 
might be doing Y. How could I tell?” That little bit of ambi-
guity seems to steer the model into providing useful ways of 
debugging the code, often by showing where print statements 

https://github.com/shawngraham/pn_notebooks
https://github.com/shawngraham/pn_notebooks
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can be inserted so we see intermediary stages of what the code 
is doing. Again, by the time you read this, it is entirely prob-
able that parts of my code that I am sharing have gone out of 
date, that various packages have been updated and no longer 
work as they did previously; this approach can help you solve 
these hiccups.

These strategies for working with an LLM to understand 
code tend to work well, but only for a limited number of turns. 
If you find a model returns to you something almost identical 
to an earlier response, or it seems to be missing the point, it is 
time to stop and start a fresh session. Because models value 
coherence and flow, they seem to me to get stuck in ruts after a 
while, especially with code; skip ahead to On Vibe Coding for 
some more strategies.

Onwards!

Figure 22. I ask Claude.ai to diagram the flow logic of the code block 
that puts two models into conversation with one another. It returns 
the diagram using the conventions of standard Mermaid.js text. A 
variety of text editors and websites can turn the Mermaid.js text into 
a chart.



Experiment 1

On Fine-tuning an 
Existing Small Text Model 

for Archaeological or 
Historical Ends

“Gums, girders, gargoyles” does not address the question of 
which model you might choose to use. In the quest to create 
general artificial intelligence, the various AI companies have 
hoovered up very nearly all the data that exists. This is why, 
as I write, the model-builders in the US are experiencing di-
minishing returns for all of their energy outlay, although work 
from China has recently demonstrated what can be accom-
plished when brute force is not your strategy. If the problem 
you are facing can be addressed by a small, targeted model 
that fits on your own machine, that model should be the one 
you use. If the problem facing you involves sensitive data, you 
should not use a model that requires you to send the data to 
someone else’s computer, i.e., using the vast server farms of 
OpenAI, Google, etc. In fact, a small model that you can fit on 
your own machine that could be fine-tuned on the data in your 
problem domain might in fact give you far better results than 
some do-everything model.

Imagine, for instance, that you faced the task of sorting 
a vast backlog of archaeological grey literature. Perhaps you 
want to at least be able to generate a specific kind of summary 
from that data for each report: site, location, period, key finds, 
interpretation. A large language model like Gemini or Claude 
could perhaps do this if you engaged in a process of careful 
prompt design and example selection. You could show each 
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model many examples of an archaeological report and the as-
sociated list of metadata (so-called “many shot” learning). You 
could try showing just one example (“one-shot”). You could 
just describe the task (“no-shot”). These approaches might 
very well work, but with energy and resource use implications, 
as well as privacy issues is it worth the risk?

Wouldn’t it be nice if your personal computer could read 
the report, identify the metadata concepts, gather those to-
gether, and return that information for you? You don’t want 
the model to write a summary because it cannot do that. Model 
generated summaries merely identify phrases that statistically 
appear important and cobble those together with a patina of 
explanation and in this way often miss quite important nu-
ance like critical negations of statements; a single “not” can 
do a lot of work. Rather, you want the model to identify and 
extract the text that the authors themselves have signalled are 
the relevant bits of metadata. For example, if you were talking 
to a student, you might say “I need you to compile all of the 
metadata from these reports into a table please”. A small AI 
model—a model that was trained using the same kind of neu-
ral network architectures and techniques as the major LLMs, 
but on limited, hence small, data—might be useful here. Out-
of-the-box though, such models will probably not be of much 
use for your particular task without some fine-tuning.

The process of fine-tuning is a bit like many-shot 
prompting. It depends on having enough data in the input 
format you’re going to be working on and the output format 
showing your desired end-point. You are showing it the be-
fore and after of your task. Unlike many-shot prompting, your 
goals and data structures are going to become baked-into 
the model’s final layers directly. Bartosz Mikulski (2024) has 
a useful walk-through of how to build such a thing. My ver-
sion where I tried to implement that walkthrough but with 
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archaeological purposes in mind is in the repository as Part 2 
Experiment 1.1: Fine Tuning for Archaeological Metadata 
with Smol135. 

In archaeological research, an example of a fine-tuned 
language model (though not a generative model) is Brandsen 
et al.’s 2021 work creating a model for named entity recognition 
(NER) and information retrieval for archaeological concepts. 
If you feed Brandsen’s model archaeological materials that are 
similar to the kinds that his team of researchers worked with, 
you will end up with lists (and locations within the text) of the 
entities that the model finds (places, artefacts, dates, and so 
on). With this result one could for instance generate metadata 
for further classification tasks.1 

The key problem in this kind of work is going to be find-
ing the training data that you need and the labour to transform 
it to make it suitable for computation. It took Brandsen’s team 
of students 90 hours to annotate their data for one language.2 
We are about to recreate Brandsen’s work in this appendix, 
but using Mikulski’s example we will try some computational 
shortcuts. To be clear: this experiment is about learning the 
workflow for doing this. To develop and deploy this approach 
for actual research would take more target data and more 
training data, but it would be feasible to do so. 

If high-quality already-annotated training data are avail-
able, then one ought to use that data keeping in mind that 
annotating data and creating datasets is theoretically dense 

1 For inspiration of what you could do with the output data from 
Brandsen’s model see Melanie Walsh’s Introduction to Cultural 
Analytics workbook on NER: https://melaniewalsh.github.io/In-
tro-Cultural-Analytics/05-Text-Analysis/12-Named-Entity-Recog-
nition.html.
2 In my own work on the antiquities trade, trying to generate a 
knowledge graph from articles about the historical contours of the 
trade, my team of students took a similar amount of time to annotate 
our source data.

https://melaniewalsh.github.io/Intro-Cultural-Analytics/05-Text-Analysis/12-Named-Entity-Recognition.html
https://melaniewalsh.github.io/Intro-Cultural-Analytics/05-Text-Analysis/12-Named-Entity-Recognition.html
https://melaniewalsh.github.io/Intro-Cultural-Analytics/05-Text-Analysis/12-Named-Entity-Recognition.html
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work in its own right. But the trouble is, such data might not 
be in the exact format that you need for your question, or even 
exist at all. Even if such data existed, figuring out how much 
data one needs is something that one has to experiment with. 
The exact format of the dataset is going to vary with the mod-
el that you are fine-tuning. Given these problems, one should 
think very carefully about the investment in time to create this 
tool versus the amount of time required to generate the train-
ing data. For our imagined use case, it might be that you could 
use the API from an archaeological data publisher like Open-
Context.org to retrieve a couple hundred examples of what you 
want.3 Or you might download some metadata from the Ar-
chaeological Data Service, tDAR, or other collections. Again, 
creating such datasets, documenting and justifying the trans-
formations and decisions taken, is scholarly work and should 
be rewarded as such, but that’s a discussion for another day.

Fine-tuning Smol-135 (Generative Model)
The code notebook for this experiment (Part 2 Experiment 1.1: 
Fine Tuning for Archaeological Metadata with Smol135) 
retrieves a file called ‘ads-roman-result.csv’,4  which contains 
several hundred records of archaeological reports with a va-
riety of metadata, downloaded from the Archaeological Data 
Service. As initially downloaded, the dataset uses commas 
to separate the different fields and uses semi-colons to indi-
cate lists within those fields. Unwrapping such data so that 
it becomes represented as json is the first task. The difference 
here is that instead of a table (csv format), the data becomes 
represented by key:value pairs ( json format), and values can 
themselves have key:value pairs nesting within them. The first 
3 See https://staging.opencontext.org/about/recipes.
4 This was pulled together by me and made available on gist.github.
com, a subdomain of Github for sharing short snippets of code or 
data.

https://staging.opencontext.org/about/recipes
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part of the code in the notebook uses the columnar structure 
of the source csv to indicate the metadata fields that we are 
eventually going to want to extract from far messier data.

I can then write a script that will take this data and turn 
it into a format that the model expects.5 The model is trained 
on examples of conversations, of instructions and responses, 
so I set up templated text to fit around the appropriate keys 
from the json:

def format_for_training(entry):

"""Format the JSON entry into training format"""
# Create instruction from available data
instruction = (
	 f"Please identify the metadata that describes the work 
recounted in this archaeological report from {entry['loca-
tion'].get('Named Location', 'unknown location')}: "
	 f"{entry['description']}"
)

# Create response using structured data
response = {
	 "subjects": entry['period_subject']['subjects'],
	 "periods": entry['period_subject']['periods'],
	 "work_conducted_by": entry['people'],
	 "location": {
		  "civil_parish": entry['location'].get('Civil 
Parish', ''),
		  "admin_county": entry['location'].get('Admin 
County', ''),
		  "identifiers": entry['identifiers']
		  }
return {
	 "text": f"<|system|>You are a helpful archaeological 
assistant trained to identify appropriate metadata from ar-
chaeological reports.\n"
	 f"<|user|>{instruction}\n"
	 f"<|assistant|>{response}<|endoftext|>"
	 }

This will transform the data in the csv file for each row in the 
original dataset to look like this:
5  I do not recreate all of the code in this section; examine the code 
notebook while you read through this.
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{"text": "<|system|>You are a helpful archaeological as-
sistant trained to identify appropriate metadata from 
archaeological reports.\n<|user|>Please identify the metadata 
that describes the work recounted in this archaeologi-
cal report from Linmere: This collection comprises images 
and CAD data from archaeological work by Albion Archaeol-
ogy, in advance of development at Houghton Regis North 1 
(HRN1) or Linmere, north of Houghton Regis, Bedfordshire. 
This particular phase of work was undertaken between 21st 
June and 23rd August 2021, and comprised archaeologi-
cal monitoring and a Strip, Map and Sample on the Island 
and PSS Soil Bund Sites (AIA3C) area of the proposed de-
velopment site.\n<|assistant|>{\"subjects\": [\"Sherd\", 
\"Field Observation (Monitoring)\", \"Field Boundary\", 
\"Excavations (Archaeology)--England\", \"Post Hole\", 
\"Quarry\", \"Archaeology\", \"Strip Map And Sample\", 
\"Ridge And Furrow\", \"Pit\", \"Ditch\"], \"periods\": 
[\"POST MEDIEVAL\", \"-800 - 1800\", \"ROMAN\", \"IRON 
AGE\"], \"work_conducted_by\": [\"Creator:Albion Archaeolo-
gy\"], \"location\": {\"civil_parish\": \"Houghton Regis\", 
\"admin_county\": \"Bedfordshire\", \"identifiers\": {\"As-
sociated ID\": \"DOI: 10.5284/1116551\", \"Import RCN\": 
\"ICDIPSBSAMWHRNDB23-01\"}}}<|endoftext|>"}

Then we fine-tune the model, using the second script in 
the notebook. Just as what we did with the hands-on exercise 
fine-tuning GPT-2 on the written works of Flinders Petrie, 
we’re taking what the model already “knows” and adding a 
last layer to channel the model’s representation of language 
through the lens of our data. However, this is far more com-
plicated than the fine-tuning we did with GPT-2, and for best 
results you would want to run it on much more data, and for 
longer. You would also want to explore the effect of various 
parameters like the learning rate and the weight decay and so 
on. Nevertheless, the notebook can provide you a template to 
get you started.

The final part of the notebook is set up to let us do the 
task we initially wanted, to create metadata labels for our 
text. If everything has gone well, the model ought to return 
the metadata appropriate to the text along the patterns we 
showed it in the fine tuning. Let’s see what we get when we 
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feed it this text that the model has not seen before (from an 
Archaeological Data Service description):

This collection comprises images and CAD from an ar-
chaeological evaluation and watching brief, undertaken 
by Cotswold Archaeology in August 2018, at Hewmar 
House, 120 London Road, Gloucester, Gloucestershire. 
Four archaeological evaluation trenches were exca-
vated and four geotechnical test pits were  observed. 
Despite the proximity of the site to Wotton Roman 
cemetery, no evidence for any in situ burials, or indeed 
any Roman activity, was identified in any of the exca-
vated trenches or test pits. It is likely that the site lay 
beyond the southern boundary of the cemetery and 
formed part of the agricultural hinterland of both Ro-
man and medieval Gloucester until the  construction of 
Hillfield Villa (later Hewmar House) in the early 19th 
century. Three linear garden features, probably plant-
ing trenches, associated with Hillfield Villa and a large 
undated ditch were identified. Evidence for possible 
quarrying was also identified throughout the site. Pe-
riods: POST MEDIEVAL, 1800 - 1850, UNCERTAIN. 
Subjects: Archaeology, Evaluation, DITCH, GARDEN 
FEATURE, TRIAL TRENCH.

When I feed that text above into the base Smol-135 model, the 
model returned the original text, unchanged; it does not ‘un-
derstand’ the task or what appropriate text to return looks like, 
which is the expected behaviour for a model that has not been 
fine-tuned. On the other hand, if we feed that unseen text into 
our fine-tuned model, we get the following:

<|assistant|>{"subjects": ["Archaeology", "Evaluation", 
"DATUM", "Excavations (Archaeology)–England", "Cere-
al Grain", "Watching Brief"], "periods": ["POST MEDIEVAL", 
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"1800 - 1900"], "work_conducted_by": ["Creator:Cotswold 
Archaeology"], "location": {"civil_parish": "Gloucester", 
"admin_county": "Gloucestershire"}} 
<|assistant_name|>{"subjects": ["Cemeteries", "Excavations 
(Archaeology)–England", "Watching Brief"], "periods": ["POST 
MEDIEVAL", "1500 - 1800"], "admin_county": "Gloucester-
shire"}} 
<|assistant_name|>{"subjects": ["Archaeology", "Evaluation", 
"WATCHING BRIEF", "Excavation", "Ditch", "

The results were truncated because I coded in a hard stop after 
a certain number of characters, but it is sufficient to see that 
the fine-tuning is working, after a fashion; the results are not 
bad, but they’re not overly useful, yet. Experimenting with the 
training parameters, the length of training, and perhaps start-
ing with more training data in the first place, would make a 
difference. But this result is enough for us to see that perhaps 
a text-generation model is not necessarily the best approach 
for this task. 
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Fine-tuning ModernBERT (Transformer Model)
For an alternative approach, I put together another notebook 
that retrains a different language model called “Modern-
BERT.”6 There are many BERT models out there. The first 
BERT model was released in 2018 by Jacob Devlin and col-
leagues. The thing about BERT is that it is a language model 
but not the kind of AI/LLM that are used for text generation. 
Instead, it’s a relatively small representation of language and 
the relationships a word has with the words in front of it and 
the words behind it in a sentence. This approach enables all 
sorts of natural language processing tasks. You can think of it 
as a tool for predicting what word would fit if we masked out a 
word in a sentence. It uses the words before and after the mask 
to deduce the best fit. If language models were automobiles, 
it’d be a simple transit van: not very pretty, but useful in and 
adaptable to a variety of situations. BERT models are meant to 
be fine-tuned towards whatever task we have at hand. 

Again, our goal is to train the model to recognize and 
extract key information (like locations, time periods, and sub-
ject matter) from textual descriptions of archaeological work. 
The logic of how we do the fine-tuning is much the same. We 
take the downloaded csv of data from the Archaeological Data 
Service and use the column names and implied lists within 
those fields to annotate the text. With the Smol-135 genera-
tive AI model, we used examples of call-and-response to show 
what we were after; with ModernBERT, we actually annotate 
the text using the structure of the csv file itself. Unlike with 
Smol-135, where we can inspect the training text, the train-
ing text for the BERT model becomes a map of tokens (word 
fragments) and their entity types, i.e., lists of numbers. The 
model learns these annotations so that when it encounters 

6  Launch ‘Part 2 Experiment 1.2: Fine Tuning for Archaeological 
Metadata with ModernBERT’ in the repository.
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those entities in a text, they are outputted in a way that can be 
used for further processing. A BERT model is usually not the 
end-goal of a process, but a first step in a larger project. The 
code notebook shows how we first automatically annotate the 
training data with labels indicating what different words are 
doing in the csv. Because our source data was a table, we are 
using the positioning in the table itself in the various columns 
as the source for our annotations. If we didn’t have that table 
structure and what it implies, we could not use this approach. 
This information is then used in the fine-tuning process so 
that ModernBERT learns what kinds of words in what posi-
tions contain the information we are after.

Here is the output result from our fine-tuned Modern-
BERT model, fed the same bit of unseen text we used above to 
test our fine-tuned version of Smol-135:

Extracted Entities:
  - Text:  Cotswold Archaeology in, Start: 108, End: 132, 
Label: ORG
  - Text:  London Road, Start: 166, End: 178, Label: LOC
  - Text:  Gloucester, Start: 179, End: 190, Label: LOC
  - Text:  Gloucestershire., Start: 191, End: 208, Label: LOC
  - Text:  POST MEDIEVAL,, Start: 969, End: 984, Label: PER
  - Text:  1800 - 1850,, Start: 984, End: 997, Label: PER
  - Text:  UNCERTAIN., Start: 997, End: 1008, Label: PER
  - Text:  Archaeology,, Start: 1018, End: 1031, Label: SUBJ
  - Text:  Evaluation,, Start: 1031, End: 1043, Label: SUBJ
  - Text:  DITCH,, Start: 1043, End: 1050, Label: SUBJ
  - Text:  GARDEN FEATURE,, Start: 1050, End: 1066, Label: 
SUBJ
  - Text:  TRIAL TRENCH., Start: 1066, End: 1080, Label: SUBJ

The start and end information is the character position in the 
text, and the labels are the conventional entity labels for en-
tity recognition in natural language processing. For this task 
at least, I think I prefer the ModernBERT model output bet-
ter. It is better constrained and could be further processed 
to enhance our records. With this approach, one could then 
read in otherwise unstructured archaeological grey literature 
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data and get useful metadata about each record as output. We 
could start counting sites by period; we could use a gazetteer 
to geoparse and map the records, automatically.

If we were to contrast the two approaches in simple terms, 
when we fine-tuned Smol-135, we had to feed it information 
as if we were having a conversation about each record and the 
kind of data found in it (a kind of “intern” approach). With 
ModernBERT, the process breaks our training information 
down into the important pieces and uses that understanding 
of the parts to train a labeller (a kind of “cog” approach).

Which is better? It depends, really, on what you are try-
ing to do. But now you have two examples of working code that 
you can adapt/adopt/tear apart for your own ends. For both 
notebooks, I encourage you to take them and drop them into 
a model like Anthropic’s Claude Sonnet model asking it “pro-
vide an overview of what the different functions do and how 
well they work together.” That kind of service will inevitably 
return some kind of “subjective” impression on the code (“This 
looks like a well-formed approach, but could be improved…”), 
but what can be useful is how they parse and explain what the 
code does and how it fits together.

Further Thoughts - LLM as a Kitchen
In the previous section, I demonstrated a workflow that you 
can adapt to create your own fine-tuned small language model. 
Having a stable of such models that run on your own machine 
tuned to do the different custom tasks that your research or 
work requires permits a lot of independence and enhanced 
security. Creating such models and thinking through the prob-
lems of data, the scholarly work of dataset creation, and the 
crafting of calls-and-responses that get you what you want, 
is intensely creative work. It’s a slow digital archaeology. You 
could just use the giant models from the major providers with 
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careful prompting (and there are tools out there that exist to 
make the art of prompting something more controllable, see 
for instance https://dspy.ai/) but you’d never really know ex-
actly what was going on. The answer in my view is to build 
things yourself, for a given value of yourself.

I enjoy Maggie Appleton’s writing and work.7 She is an 
anthropologist and coder. She makes an argument for one use 
of large language models that resonates: given that these mod-
els are trained on so much code, code problems and solutions, 
and code documentation, one thing they can very much help 
with is code explanation and code generation, if you’re careful 
(Appleton 2024). In her piece, she points to the fiction au-
thor Robin Sloan’s 2020 essay, “An app can be a home-cooked 
meal.” Both of these pieces foreground the idea of making 
things for the people who matter to you – “Home-cooked apps, 
like meals, are apps you make for the people you know and 
love” says Appleton. And then she goes into some details about 
how one might be able to do this despite not having any par-
ticularly great coding experience.

I am not a very good programmer. What strengths I have 
largely come down from being more-or-less able to follow 
along in someone else’s code, though this doesn’t mean that 
I can always spot the errors. I can, given enough time and ex-
ploration, cobble together stuff from other people’s materials 
or minimally adapt someone else’s almost-but-not-quite-ap-
propriate-to-my-needs code. The work of Appleton and Sloan 
resonates for me because it gives me hope that I can maybe 
make things that work for people I care about. And of course, 
right now, the people I care about are my students. And the 
thing I want them to learn is that they, too, can cobble together 
stuff that works well enough for their own needs.

For instance, I’ve been trying some experiments in using 
the Make Real service to design the kind of interface I want for 
7  https://maggieappleton.com.

https://dspy.ai/
https://maggieappleton.com
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bespoke software.8 You draw the interface, and the site passes 
the drawing to an LLM which returns the HTML. Then, I pass 
that HTML to another model and slowly, carefully, I coax the 
model to write the underlying pieces of software that would 
power such an interface. When using these kinds of assistants, 
I find I have to go in small bite-sized pieces to get results that 
match the logic of what I am after, rather than the logic of 
what the LLM has seen before. Small chunks of code can be 
examined for errors and logic. It’s not a magic wand, and I find 
that if I try to jump right to the finished product there will be 
errors and misunderstandings that become very frustrating to 
fix. Sometimes, it works better not to bother with the interface 
step using Make Real but instead develop a Jupyter notebook 
that does what you want. Because a Jupyter file is just a text 
file, one can feed it to the model: “this is a jupyter notebook 
file; let’s build a webapp that follows this basic logic; do not 
use Rust”.

The crucial idea: I can try things that I would not oth-
erwise be able to try. This is a key point that Simon Willison 
reiterates in his work (2025). It’s not that there has been a gain 
in efficiency. Indeed, there is a lot about this process that is 
inefficient! In the same way we write to figure out what we 
think, this approach to building code-things helps me work 
out the logic of the task I want to do, the bottlenecks, the pos-
sibilities. I combine this with a lot of scratching-on-paper. I 
follow the functions and variables and try to sketch out what 
is being called when. Have I made a blooper? Has something 
been misunderstood? English is a lousy language to program 
in, but this too is a kind of programming.9 
8  https://makereal.tldraw.com.
9  On a related note, here is another important thing: keep track 
of all your prompts and histories with a model. They are part of 
the paradata of your work and are absolutely necessary to include 
in your eventual methods and discussions. See the section On Vibe 
Coding for further thoughts.

https://makereal.tldraw.com
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Over the course of the term in my seminar on AI in/and 
history, I developed a number of small toys/tools for and with 
my students.10 Let’s take a look, but remember, these are not 
polished code-things! Don’t expect perfection. The first one 
I cooked up uses object character recognition against a PDF, 
and then performs entity/relationship extraction, rendering 
the entities and relationships as a network file.11 It could use 
some work, but it’s a start.

Another one is a personal image search engine (see the 
next section for more details): give it a folder of images, it will 
turn them into embeddings via the CLIP model (an early foun-
dational model for image understanding from text released in 
2021 by OpenAI) and then let you search for similar imag-
es or for particular concepts, but not precise things as such. 
Remember that turning data into vectors represents an aver-
aging, and so this kind of search is better at finding general 
vibes.12 

There is value in little projects or apps like these that I 
can pull together for the people I care about. I built these for 
particular students with their research projects in mind, more 
as sketches or cartoons than finished products, meant to jump-
start their own sense of possibility, but the larger value in the 
classroom was in walking my students through the process of 
doing all this. Asking questions of an LLM about small piec-
es of code or individual functions reduces the anxieties that 
have been inculcated in my students around “trying to code” 
or do anything other than what the user interface on a Mac 
or Windows machine permits. Showing them the relationship 
10  You may find a directory of them (and take a copy for your 
own experimentation) at https://github.com/shawngraham/home-
cooked-history.
11  https://github.com/shawngraham/text-to-kg.
12  You can find it at https://github.com/shawngraham/person-
al-image-search-engine.

https://github.com/shawngraham/homecooked-history
https://github.com/shawngraham/homecooked-history
https://github.com/shawngraham/text-to-kg
https://github.com/shawngraham/personal-image-search-engine
https://github.com/shawngraham/personal-image-search-engine
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between what they’ve asked for and what the LLM generates, 
operationalizing their thoughts, is very empowering. We ex-
pect errors. We expect subtle misunderstandings of language. 
We learn to explore and unpick these.

And at the end of it all, they might be tempted to start 
making their own home-cooked meals for the communi-
ties they care about, too. Please note, when I do this, I am 
not teaching students that AI can write their code for them. 
I’m teaching them to sketch and make the equivalent of lo-fi 
‘zines for the people and things they care about. If coding was 
painting, I’d say that I’m not teaching them to be Rembrandt. 
I never promised Rembrandt. But maybe, if they can sketch, 
they’ll be better able to understand what Rembrandt was up 
to.

Tips for Home-Cooked Software
•	 Use a local model when possible, especially one fine-

tuned or intended for working with code. There are 
a variety of tools like jan.ai and ollama.com that can 
be useful here.

•	 Begin in a domain that you know well anyway. If 
you’re familiar with designing agent-based simu-
lations, try to rebuild a simulation that you have 
already built. The process of trying to coax the mod-
el to generate the code you are after and which you 
are already familiar with will give you a sense of how 
these models can fail, which will help give you a base-
line when you push beyond your initial comfort zone 
into a new domain.

•	 Sketch out the logic and flow of what needs to hap-
pen by hand first. Try prompting for small functions: 
“I have data that looks like x, y, z. I need to transform 
it into 1, 2, 3. Write a minimal python function that 
does this. Fully comment out each step.” Then, give 
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the code back to the model with the injunction “make 
it better”.

•	 Take existing code, and ask the model to flowchart it 
or walk you through it.

•	 Have a conversation with a model about what you’re 
trying to do: “I want to do X. Ask me questions to 
help me fully understand the task. Then return a doc-
ument summarizing the specification that we have 
developed.”

•	 Do not try to have the code do everything all at once. 
Keep things small and modular.

•	  This kind of coding is rather like when you read a 
newspaper article about something you have studied 
deeply and you realize that the author is taking short-
cuts or making gross distortions, and then you turn 
to some other article where you do not have a deep 
background and you accept the author’s conclusions 
without much reflection. Again, begin in a domain 
that you already know well and let this approach 
enhance that professional knowledge you already 
have. None of this is a shortcut to deep knowledge in 
a new domain.

•	 Build cogs, not interns, not gods.
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An Aside: A Quick Home-cooked ‘App’  
Using Simon Willison’s LLM
Let’s say you had a folder of text files on your computer with 
written descriptions of the contexts from an excavation. What 
would a useful cog be in this context? Maybe it would be “a 
cog that identifies context ids and their spatial/temporal re-
lationships.” We’ll start by building a cog, and then we’ll build 
the app. Here’s a way one could start, using Simon Willison’ 
python package LLM again.

LLM is a wrapper for calling other models from a variety 
of providers. It also logs all calls to a model and the response 
to a sqlite database so that you can revisit/review interactions 
later.13 It is straightforward to use. In a new Google Colab 
notebook for instance, you could run this:

!pip install llm
!llm install llm-gguf
!llm gguf download-model https://huggingface.co/lmstu-
dio-community/SmolLM2-1.7B-Instruct-GGUF/resolve/main/
SmolLM2-1.7B-Instruct-Q8_0.gguf -a smol17

This installs the LLM package and then a plugin for 
working with models that have been crafted using the gguf ar-
chitecture. The code downloads from the Huggingface service 
a specially modified version of the Smol 1.7 billion parame-
ter model that is compact enough to run in the Google Colab 
environment.

The next step would be to define a prompt template for 
the model to use that would ideally perform the task you are 
after. For instance, since we want to find stratigraphic rela-
tionships in transcribed text, you could define a template:

#define the template

!llm --system "You are an archaeological data representation 
engine that turns statements of fact into knowledge graph 

13  See the full documentation at https://llm.datasette.io.

https://llm.datasette.io
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triplets. Your output will be in csv format with columns 
'source','relationship','target'. Extract information about 
archaeological entities as triplets that capture the nuance 
of this text- $input. The target relationships are {predi-
cates}. RETURN ONLY THE LIST OF TRIPLETS.""" --save extractor

predicates = ["is_above", "is_below", "is_the_same_as", 
"cuts", "fill_of"]

Now we have a template called extractor that uses the vari-
able predicates whenever it is called against an input text. You 
might try modifying that system prompt template to use the 
phrase “stratigraphic relationships” but how effective that is 
depends on how often this particular model has encountered 
archaeological data in its training. Calling a Harris Matrix a 
“knowledge graph” might get you further along; it might not. 
Experiment! The key thing is that the template defines the 
data, the input, and the desired output. In this case, the tem-
plate also includes the predicates variable that you can define 
(and change or experiment with) outside of the template it-
self. Now you can feed each text file of your source data (in 
this example, in a folder called “data”) through the prompt. 
In our template, there was an $input; in the code below, the 
command cat with the input_path and the pipe operator (the 
| character) builds up the prompt by inserting the contents of 
the file at the input_path into the prompt at the $input variable:

for filename in os.listdir("data"):
    if filename.endswith(".txt"):
    command = f"cat {input_path} | llm -m smol17 -t extractor 
>> result.txt"
    subprocess.run(command, shell=True)

This little snippet of code is running a loop so that every text 
file within data gets processed through the model and the tem-
plate. That line beginning with command is constructing a shell 
command that we’re going to run over and over again. Each 
time it will look something like:

cat file1.txt | llm -m smol17 -t extractor >> result.txt 
cat file2.txt | llm -m smol17 -t extractor >> result.txt
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or, in English: “Run file 1 through the smol17 model with the 
instructions called extractor and then append (the >> means 
append, while > would mean overwrite) the resulting generat-
ed text to the end of the result.txt file. Run file 2…”

Neat, eh?
Of course, who has printed, transcribed context sheets 

to hand? Much more likely there is a folder of scanned images 
of context sheets, saved as PDFs. Another useful cog would 
be some way of getting the structured information out of the 
image of the sheet and into some kind of useful data format 
(on which note, see also Kim et al 2025). Since context sheets 
rely on positioning on a page to convey their semantic meaning 
(an annotation in a particular place indicates a stratigraphic 
relationship; an annotation somewhere else on the same page 
means the texture or colour of the soil, and so on), multi-modal 
models (trained on text and images) are quite useful. Ordinari-
ly, I wouldn’t bother because of the potential cost, but since 
the price of multi-modal models is falling rapidly at present, I 
have also experimented with Google’s Gemini suite of models 
for reading PDFs of archaeological context sheets:
# Let's get the data from a Trial Trenching at Lower Rad-
bourne Deserted Medieval Village, Warwickshire, 2020 (HS2 
Phase One), from the Archaeology Data Service

!wget https://archaeologydataservice.ac.uk/archiveDS/ar-
chiveDownload?t=arch-4326-1/dissemination/site_records/
IC20LOWTT_Records_Trench_91.pdf -o sheets.pdf

And then I split that PDF into individual pages, saving each 
page as a PNG file:
import os
from pdf2image import convert_from_path

output_folder = "split_images"
if not os.path.exists(output_folder):
    os.makedirs(output_folder)

images = convert_from_path("sheets.pdf") # Convert all pages

for i, image in enumerate(images):
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    output_file_path = os.path.join(output_folder, f"docu-
ment-page{i}.png")
    image.save(output_file_path, "PNG") # Save as PNG

And then using Willison’s LLM (which I have already config-
ured for access to Gemini with my key) I can pass that image 
through Gemini 1.5 and extract the data:
!llm -m gemini-1.5-flash-latest """You are an archaeologi-
cal assistant. Extract ALL structured data from this context 
sheet, returning it as well-formatted JSON ONLY. DO NOT WRAP 
THE OUTPUT IN back-ticks. The stratigraphic diagram shows 
the temporal relationships between contexts. Imagine a table 
with three rows: above (more recent), current context (cen-
ter), below (older). The Stratigraphic_Relationship field in 
your JSON should mirror this structure, with lists of context 
numbers for each row. The Context field provides the current 
context number which should be considered the central one 
in building the table. When boxes have contexts in the same 
row, they are CONTEMPORARY. The current context will always 
be in the centre of a stratigraphic diagram. Do not forget to 
return that if present. For stratigraphy, return the relative 
positioning of any stratigraphic relationships""" -a split_
images/document-page2.png

Gemini returns the following result:
{
  "Site_code": "IC20LONTT",
  "Site_Name": "Lower Rackbourne",
  "Type": "Deposit",
  "Context": 9101,
  "Area": "F28-009",
  "Colour": "Mid grey brown",
  "Texture": "Fine-medium",
  "Composition": "Silty clay",
  "Inclusions": "Small stones",
  "Excavation_Method": "Machine",
  "Length": "25m",
  "Width": "m 2",
  "Depth": "0.24",
  "Description": "Topsoil",
  "Stratigraphic_Relationship": {
    "above": [],
    "current_context": [9101],
    "below": [9104, 9106, 9108]
  }
}

A very good result, all things considered. You could make 
the code more elegant by storing that very long prompt as a 
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system template the way we did earlier and iterating over a 
series of images. The LLM package also logs every prompt and 
result to a sqlite database it creates for the purpose. The doc-
umentation for LLM  explains how to view this information.14 
If you were experimenting to find out which prompt produces 
the best results, having that information automatically logged 
for you for comparison is extremely handy. 

Gemini 1.5 will already be out of date by the time you 
read this. You would want to experiment with a variety of 
multimodal models, but you can also fine-tune an existing 
multi-modal model on images and text that perhaps you’ve al-
ready transcribed.15 

A fine-tuned customized model experiment by William 
Mattingly is an interesting development. He took a multi-
modal modal explicitly trained to recognize handwriting for 
transcription purposes, Qwen 2 VL, and combined it with a 
model built for zero-shot named entity recognition, the Gliner 
fine-tuned model by Knowledgator. Zero-shot means that 
you can simply tell it “identify all organizations in the text” 
without having to provide examples of what constitutes an 
organization. Mattingly’s experiment results in a model he 
called Caracal.16 This online version of it allows you to upload 
an image and indicate which entities you wish to identify and 
extract. There is also an API for the model so you can devel-
op your own workflows. Mattingly developed this model out 
of his postdoctoral research project “The Personal Writes the 
Political” at the Smithsonian on South African Apartheid-era 
solidarity letters.17 For more general handwriting transcrip-
14  llm.datasette.io.
15  For a how-to to get started, this piece by Philipp Schmid from 
Huggingface can help: https://www.philschmid.de/fine-tune-multi-
modal-llms-with-trl.
16  You can experiment with it at https://huggingface.co/spaces/
wjbmattingly/caracal.
17  Mattingly’s Github repository for finetuning Qwen 2 is at https://
github.com/wjbmattingly/qwen2-vl-finetune-huggingface.

https://www.philschmid.de/fine-tune-multimodal-llms-with-trl
https://www.philschmid.de/fine-tune-multimodal-llms-with-trl
https://huggingface.co/spaces/wjbmattingly/caracal
https://huggingface.co/spaces/wjbmattingly/caracal
https://github.com/wjbmattingly/qwen2-vl-finetune-huggingface
https://github.com/wjbmattingly/qwen2-vl-finetune-huggingface


120

tion from images of historical texts, researchers are starting to 
figure out which models and what prompts produce the best 
results; this is a use worth keeping your eye on. See Kim et al 
2025 and Benjamin Breen’s 2025 experiments.

The LLM package allows me, within a notebook experi-
ence, to develop a useful cog. But there’s more that could be 
done to create a home-cooked app that makes this cog avail-
able for folks who are not comfortable with the notebook 
approach.18 I put my version together using two strategies. I 
began by sketching out how a person might use the app. I used 
Make Real again, which requires an API key with either Ope-
nAI or Anthropic because it takes your drawing and passes it 
through their model with a customized prompt that directs 
the model how to implement such a drawing using HTML and 
javascript (the user can modify this prompt as well, if they de-
sire). What gets returned to you after you hit the “make real” 
button is all the necessary HTML and javascript for your user 
interface.

The next step is to create the actual functionality desired. 
In this case, I took my working code notebook and gave both 
it and the HTML to Anthropic’s Claude Sonnet model and 
asked it to use my code to provide the necessary functionality 
specified in the html as a Flask app. Specifying “Flask” was 
important because this is a web development framework that 
uses Python to provide the functions. This keeps the resulting 
code very close to what I initially developed here. The key lines 
are 60 to 65 in app.py:

    response = model.generate_content([
        "Extract HIGH QUALITY text from the handwriting in 
the image",
        {"mime_type": "image/jpeg", "data": img_byte_arr}
    ])
    
    return response.text 

18  If you go to https://github.com/shawngraham/handwriter you’ll 
find my version.

https://github.com/shawngraham/handwriter
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These lines are creating the prompt and converting the image 
into the kind of data that the model we’re using for tran-
scription can process. If we wanted this app to do the kind of 
stratigraphic analysis we did earlier, we’d just change the text 
between the quotations in line 62. 

This app I should note is not meant to live on a webserver 
open to the world. It is meant to run locally, so a person should 
have Python installed on their computer. See the repository 
for more details.

Willison’s LLM package allows us to quickly experiment 
with a variety of models to build cogs that are useful for us. Be-
cause such models are also well-acquainted with HTML and 
how to build websites (imagine how many tutorials such mod-
els have seen), they can also offer us a way to make such cogs 
more accessible for others who might have a need for them.





Experiment 2

A Vibes 
Search Engine for 

Archaeological Imagery

While fine-tuning a model can enable powerful new tools, 
it may be that simply seeing where your materials might be 
expressed within an existing model is a useful and computa-
tionally less-intensive task. If you take a piece of your writing 
and drop it through a large language model, you can get what 
is called an “embedding,” or a mathematical representation of 
where that text, that idea you wrote, is located within what the 
model “knows.” Other texts that get embedded get a location, 
too, and once you know where point A (text 1) and point B (text 
2) are in that space, it becomes possible to search that space 
for the closest points: the model can be treated as a kind of 
search engine bringing up similar ideas or content that inhabit 
the same region of the model’s multi-dimensional space. Not, 
I hasten to add, a search engine for defined discrete things. 
Rather it’s more like a search engine for other texts that match 
the general “vibe” of your writing, or the feeling that emerges 
from the average of all these texts that surround the idea. 

Similarly, you can take an image and turn it into an 
embedding, and its general location in that visual multi-di-
mensional space of the model becomes something you can 
explore to retrieve similar images. Again, not an actual singu-
lar thing, but rather, things that have that same vibe/average 
expression. This is the approach that the Pixplot software from 
YaleDH uses to visualize clusters of similar images.1 
1  Pixplot requires the use of an older version of Python and asso-
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The really neat trick is when text and images are embed-
ded in the same multidimensional space. “My cat is fat and 
is on the kitchen counter” lies in close proximity to pictures, 
photos, and paintings of moggies on countertops, tables, and 
shelves carrying similar captions: “Whiskers on the table”; 
“Mr. Chips lying in the sun”. Wouldn’t it be useful if you could 
take images that you have, and their associated captions, and 
build such a model for yourself? You could then search for 
“cats misbehaving” and find all of those related images, those 
images that exist in roughly the same embedding space (no 
tags or pre-categorization necessary). Basically, you would 
have a search for a particular vibe.

Vibe Search With LLM-CLIP
Until fairly recently, vibe-searching was a hard proposition for 
most people to do, but Simon Willison released a plugin for 
LLM that enables one to work with one of the older image/text 
embedding models, CLIP (Willison 2023). Using his tool, you 
can create a database of embeddings for a folder of images on 
your machine (where the $ is a convention indicating that the 
command is entered in a terminal or command line interface. 
If you’re working in a Colab environment or Jupyter notebook, 
you would preface the llm and pip commands with a !):

$ llm embed-multi photos --files photos/ '*.jpg' --binary -m 
clip

In this example, the command takes all of the JPGs in the fold-
er photos/ and turns them into embedding vectors stored in 

ciated package dependencies; getting it to work in 2025 requires a 
bit of elbow-grease, but in the “hands-on exercises” notebooks where 
we tried to visualize attractors in the image generation space you will 
find the necessary code to get it to work with whatever image files 
you have.
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a sqlite database called “photos.” At this point, searching for 
similar images is as easy as typing:

$ llm similar photos -c 'hockey player'

And that might be all you need. I could imagine perhaps 
that you have carefully collected scans of advertisements 
in newspapers for a decade; let’s say the 1980s. You create a 
new notebook on Google Colab or similar and upload your 
my-1980s-advert-collection.zip file. You unzip that file. Then, 
install LLM:

!pip install llm
!llm install llm-clip 

Now you drop your images through clip to create a database of 
their embeddings:

!llm embed-multi photos --files my-1980s-advert-collection/ 
'*.jpg' --binary -m clip

To start searching for ‘vibes’ is as easy as: 

!llm similar photos -c 'living room'

And you’ll get a list of the most similar photos plus their scores.  
Remember, the captions or text embeddings in CLIP might 
not necessarily work particularly well for your use case. In that 
case, you might need to fine-tune the original CLIP model.

Fine-Tuning CLIP for Archaeology
The code notebook supporting this section may be found in 
the repository at Part 2 Experiment 2.1: Fine Tuning CLIP 
for Archaeological Imagery.

When Eric Kansa (Technology Director of Open Context) 
and I saw Simon Willison’s original post, we got to talking. 
Wouldn’t it be great if we could search the over 2 million re-
cords Open Context has published over the last 17 years? What 
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if we could search for “drawings of terracotta statuettes that 
date to the sixth century in either Turkey or Italy”? Could 
CLIP do this, if we fine-tuned it?

As always, the real question about these sorts of “what 
ifs” comes down to the data. Do we have the right kind of data? 
How hard is it to get it into the right shape that the model will 
expect? 

Of Open Context’s 2 million records, around 77,000 
are image records that describe artifacts. Each image 
is associated with artifact records describing styles, 
types, materials, and other characteristics. Most of 
these descriptions are inconsistent because they come 
from several different projects, each with different 
recording protocols. However, Open Context also an-
notates data with shared vocabularies as part of the 
editorial and publishing process. For example, the 
Getty Art and Architecture Thesaurus (as well as other 
metadata) provides more consistent description of this 
77,000 image corpus.

Since this image corpus shares some common 
elements of description, we can (hopefully) train a ma-
chine-learning model to associate patterns in images 
with textual descriptions of artifacts. This can be used 
to enhance image search in Open Context and possibly 
even support AI image recognition services. It would 
be very cool to enable “reverse image search” features 
that allow you to upload an image (say of an unusual 
object discovered in excavation) to find possible com-
paranda that could aid with the object’s identification. 
There are probably many other applications that may 
also emerge. 

—Kansa 2023.
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We set out to build our own variation on CLIP trained with 
Open Context data and called it the ArchaeCLIP model. Eric 
did a data dump and made it available to me, and I started 
trying to figure out how to fine-tune the existing CLIP model 
with our data.2 Our records look like this:

{
        "image_file__uri":"https:\/\/iiif.archivelab.org\/
iiif\/opencontext-1-draw-dt-1\/full\/650,\/0\/default.jpg",
        "media__uuid":"a9cedbad-e25b-4f4b-9a14-1249ab2ee4f4",
        "media__uri":"https:\/\/opencontext.org\/media\/
a9cedbad-e25b-4f4b-9a14-1249ab2ee4f4",
        "token_count":66,
        "caption":"Image of an archaeological artifact found 
at Domuztepe, in Turkey. This example of seals (artifacts), 
mainly consists of rock (inorganic material). Context sug-
gests dates of 6500 BCE to 5500 BCE. Artifact Name: Stamp 
Seal; Material: Stone, unidentified; Disposition: Marash Mus. 
invent"
    }

The approach that we eventually settled on is based on an 
example from Damian Stewart,3 who derived it from Hug-
gingFace’s own documentation.4 

In the code notebook supporting this section you’ll find 
our process laid out in two parts. The first is all about retriev-
ing the data and then arranging it in the format that CLIP 
uses. We end up with a json file that expresses the image and 
the caption. The second part retrieves the CLIP model and sets 
up some training parameters which in our example are con-
strained by the need to keep inside the memory limits of the 
free tier of Google Colab. If memory was not an issue, then one 
could experiment with other settings that might lead to better 
results. When the fine-tuning is complete, the fine-tuned parts 
2  The dataset is available online at https://raw.githubusercontent.
com/opencontext/archaeology-images-ai/main/json_data/artifact_
images_w_sentence_captions.json.
3  https://github.com/damian0815/finetune-clip-huggingface.
4  https://github.com/huggingface/transformers/tree/main/exam-
ples/pytorch/contrastive-image-text.

https://raw.githubusercontent.com/opencontext/archaeology-images-ai/main/json_data/artifact_images_w_sentence_captions.json
https://raw.githubusercontent.com/opencontext/archaeology-images-ai/main/json_data/artifact_images_w_sentence_captions.json
https://raw.githubusercontent.com/opencontext/archaeology-images-ai/main/json_data/artifact_images_w_sentence_captions.json
https://github.com/damian0815/finetune-clip-huggingface
https://github.com/huggingface/transformers/tree/main/examples/pytorch/contrastive-image-text
https://github.com/huggingface/transformers/tree/main/examples/pytorch/contrastive-image-text
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reside in results/pytorch_model.bin and results/config.json but 
to use the model, we have to take all the original CLIP model 
files and replace the original pytorch_model.bin and config.
json files with your own.5 

From the repository, launch the notebook Part 2 Exper-
iment 2.2: Use a Custom Version of CLIP with LLM-CLIP 
where I show you how to modify llm-clip to point to, down-
load, and use our version of CLIP. The notebook also contains 
two functions to query by similar image, or to query by con-
cept. Find some archaeological images and see if you can drop 
them through our model; alternatively, specify an archaeolog-
ical vibe and see what turns up.

As indicated earlier, the home-cooked app version of all 
this wraps a webpage around llm-clip so that you can have a 
more pleasant interface than a code notebook.6 To modify it to 

5  You can see this in our repository available at Huggingface: 
https://huggingface.co/sgraham/archae-ai.
6  You can find it here: https://github.com/shawngraham/person-
al-image-search-engine.

Figure 23. Screenshot from the Google Colab notebook demon-
strating at left the “find a similar image” function, and in the middle, 
“find a similar concept” function. At right is the home-cooked app 
version of the same functions delivered via a locally hosted web page 
on my personal machine.

https://huggingface.co/sgraham/archae-ai
https://github.com/shawngraham/personal-image-search-engine
https://github.com/shawngraham/personal-image-search-engine


129

use a custom CLIP model you would open the app.py file in a 
text editor and make a similar sort of change to point it at your 
custom version of CLIP. That wrapper was designed by draw-
ing an ideal interface and then passing the drawing through a 
model tuned on pairs of rendered websites/underlying html. 
I drew the interface, and it provided me the HTML; I then 
noted the places in the HTML where input like a query would 
be passed to llm-clip, and asked the model to write a small 
function that did so, specifying “no Rust.” Rust is a framework 
for making websites that to my mind makes things far more 
complicated. The resulting website uses a framework called 
“Flask” instead and so is running the same Python code I’ve 
used in the notebook. Take a look at the file app.py at line 51 
for instance.

Further Thoughts:  
Fine-Tuning a Small Multi-Modal Model 
CLIP is a comparatively elderly model. There are newer mod-
els trained on far more image and textual data but built using 
more complicated architectures so that they can be used for 
a wider variety of tasks and contexts. These are the models 
that appear to see and understand what images or videos are 
thrown at them. Multimodal models like the Gemini model 
mentioned earlier express both their textual and image/audio 
data within the same embedding space which permits quite 
complicated interactions as we have seen in the previous sec-
tion. The largest of these, however, typically require resources 
far beyond what we might have locally and so require us to set 
up accounts and pay for access. There can be many reasons 
why one might not want to do that, from security and privacy 
concerns to energy usage concerns, to not wanting to support 
companies with politics not aligned with our own. In this sec-
tion, we take a small multi-modal model and train it on our 
materials so that we can use it locally for a very particular task. 
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The code notebook for this section may be launched 
from the repository: Part 2 Experiment 2.3: Fine Tuning 
IDEFICS for Data Extraction.

In this section, we’ll fine-tune a small multi-modal model 
to permit question and answering about scans of hand-writ-
ten documents where the handwriting takes its semantic 
meaning not just from what is written, but from where it is 
on the page: that is, hand-written filled-in forms. CLIP is of 
no use for parsing handwriting (handwriting transcription, or 
HTR). Multi-modal models can be quite useful in this context 
and are quite good and parsing handwriting no matter where 
it lies on a page.7 

In this experiment, I am again imagining being con-
fronted with scans of archaeological context sheets with no 
associated metadata in the file name or accompanying csv. 
“Here, Shawn, we need you to sort these scans and see what 
you can do with them.” I imagine, wouldn’t it be useful to drop 
the scans through and return a table of data showing strati-
graphic relationships? A table of data showing finds noted on 
the context sheets? We will train the model to recognize this 
data from the images. This is the same task we did earlier us-
ing Gemini.

There are many tutorials online for fine tuning multi-
modal models, but most of them leave out the crucial problem 
of dataset creation and simply direct the reader to use an ex-
isting dataset. Nitan Tiwari walks us through fine tuning the 
Idefics2 multimodal model which is small enough that we can 
use it in a Google Colab notebook.8 

7  There are machine learning models for handwriting that are not 
this kind of multi-modal generative type; Transkribus.eu is one such 
service and can be trained to recognize distinct hands.
8  Their code is at https://github.com/NSTiwari/Fine-tune-
IDEFICS-Vision-Language-Model and it shows us how to organize 
our training data.

https://github.com/NSTiwari/Fine-tune-IDEFICS-Vision-Language-Model
https://github.com/NSTiwari/Fine-tune-IDEFICS-Vision-Language-Model
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In essence, one shows the model an example image and 
then matches that image with an appropriate question and an-
swer pair. In this way, the model learns what kind of textual 
information may be associated with the image data. Note that 
we can also indicate multiple appropriate answers through a 
list.

I took a PDF made available via the Archaeology Data 
Service that contained several scanned copies of context 
sheets.9 

I selected a series of nine context sheets, saving each 
sheet as a separate image file. Nine examples are not a lot of 
data, but it will suffice to illustrate the process. 

Organize your work so that you have a folder with the 
images you want to fine-tune. Then create a spreadsheet with 
three columns: id, query, answers. Each row will correspond 
to your input image (in my case, the context records).

For each context record, I wrote out the filename with-
out the file extension, a question I might want to ask about 
the sheet, and an appropriate answer, ending up with a csv 
with 100 rows (about ten or eleven questions per image). This 
took some time. The query column contains an example ques-
tion one might want to ask about that image. The answers 
column contains either a single answer, or a list of appropri-
ate answers, to that query. In the case of a list, you must be 
very careful to format things correctly, otherwise the eventual 
training will break. In the example below, the final row shows 
how to format a list:

9  High Speed Two Ltd., Archaeological Research Services Ltd 
(2024) Data from an Archaeological Recording at Deserted Me-
dieval Village of Lower Radbourne, Warwickshire, 2021-2022 
(HS2 Phase One) York: Archaeology Data Service https://doi.
org/10.5284/1119085). You can download the data for yourself at: 
https://archaeologydataservice.ac.uk/archiveDS/archiveDown-
load?t=arch-4326-1/dissemination/site_records/IC20LOWTT_Re-
cords_Trench_91.pdf.

https://doi.org/10.5284/1119085
https://doi.org/10.5284/1119085
https://archaeologydataservice.ac.uk/archiveDS/archiveDownload?t=arch-4326-1/dissemination/site_records/IC20LOWTT_Records_Trench_91.pdf
https://archaeologydataservice.ac.uk/archiveDS/archiveDownload?t=arch-4326-1/dissemination/site_records/IC20LOWTT_Records_Trench_91.pdf
https://archaeologydataservice.ac.uk/archiveDS/archiveDownload?t=arch-4326-1/dissemination/site_records/IC20LOWTT_Records_Trench_91.pdf
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page0, what is the site code?, ['1020 LOW TT']
page0, what is the grid reference easting?, ['443811.711']
page0, what is the grid reference northing, ['256949.217']
…
page4, what contexts are stratigraphically above 9102?, 
['9103','9105','9107']

Make sure to save-as csv (and if you’re using Excel, to also se-
lect UTF-8 encoding).

The training dataset, however, is more than the csv file; 
it’s actually a particular kind of file format that also contains 
those images and the csv formatted data. The first part of our 
example notebook maps the csv and the images into the right 
format (mimicking a conversation) and then pushes that data 
file to the Huggingface service where it can be accessed and 
reused.10 

More examples would enable the model to extrapolate/
generalize/find the average and so handle your desired use 
case; in my notebook I am only using a handful of sheets, 
but even with this minuscule amount of data you can see the 
improvement. 

The second part of the notebook configures the fine-tun-
ing setup. The model already knows how to parse an image, so 
our layer of fine-tuning data serves to direct the model to just 
those kinds of images with the concepts we are interested in. It 
will learn that the description of a context tends to happen in 
one part of a page rather than another, and that stratigraphy 
can be inferred from the position of numbers in boxes. How-
ever, once the model is fine-tuned, that will be the only kind of 
thing it will work with. It will work best when the questions we 
ask are the same as in that dataset. 

At the end of the notebook, you can feed it images from 
the evaluation dataset with its images and questions, and the 
10  You can see my version of the resulting dataset here: https://
huggingface.co/datasets/sgraham/DocumentIDEFICS_QA_ar-
chae_test.

https://huggingface.co/datasets/sgraham/DocumentIDEFICS_QA_archae_test
https://huggingface.co/datasets/sgraham/DocumentIDEFICS_QA_archae_test
https://huggingface.co/datasets/sgraham/DocumentIDEFICS_QA_archae_test
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model will respond! Remember, these are images that the 
model hasn’t seen yet. Another block of code at the end shows 
you how to iterate over an entire folder of new images asking 
a single question. 

A word about training  
other small multimodal models
For any given multimodal model that you might wish to fine 
tune (and different models have different capabilities and can 
run in different contexts), one of the most awkward parts of 
the process will be in obtaining the data and formatting it in 
the way it needs to be. For instance, the Pixtral vision model 
might be more capable in how it understands an image. A ser-
vice called Unsloth.ai provides a series of notebooks optimized 
for fine-tuning within the Google Colab environment across a 
variety of models; we could use one of those notebooks. But 
the Pixtral model wants data arranged in a different way than 
what we just accomplished:

[ 
{ "role": "user", 
  "content": [{"type": "text",  "text": Q}, {"type": "im-
age", "image": image} ] 
}, 
{ "role": "assistant", 
  "content": [{"type": "text",  "text": A} ] 
}, 
]

And the ‘image’ must be in a very particular image format. 
What if I wanted to take my Q & A dataset for context sheets 
and use it to fine-tune pixtral? We have to map our columns in 
the dataset to these new values. I turned to a LLM meant for 
generating code and asked it to “reformat” my code from one 
arrangement to the other. 
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Sigh… it did not work. So much frustration! So much 
wasted effort! After several hours, I had an absolute dog’s 
breakfast of awful useless code.

It turns out, I didn’t use the right lingo. The key word I 
should have used was map. I didn’t want to reformat my code; 
I wanted to map the data to the new structure.11 I wasted a 
day.12 

This code is in fact from an experiment with Sophie 
Drache, where we are using the rich data from the Pompeii 
Artistic Landscapes Project led by Eric Poehler and Sebas-
tian Heath to fine-tune some models for Roman art history.13 
Of particular interest to readers of this volume is how we are 
building a synthetic dataset to generate several thousand rows 
of questions for approximately 800 images.14  Because Poehler 
and Heath’s team has added so much rich metadata to the im-
ages from Pompeii, we can use a large multimodal model as a 
first step to generate question and answer pairs. A search for 
‘Artemis’ in the https://palp.ai datastore might return:

Concept: Artemis

Image URL: http://umassamherst.lunaimaging.com/MediaManager/
srvr?mediafile=/Size2/umass~16~16/4277/PPM6_1557.jpg

Image Description: 12. Triclinium (g): documented only by a 
pencil drawing by G. Abbate (ADS 557B, v. Disegnatori, p. 
299, fig. 96), executed in 1843 the painting (H, 1162) placed 

11  You could ask a model to explain the difference, in coding, be-
tween reformatting and remapping data….
12  Learn from my pain: the code at https://github.com/shawn-
graham/pompeii/blob/main/turn-idefic-formatted-q_a-dataset-in-
to-pixtral-formatted.py will take a csv with id, query, and answer 
columns, along with a folder of images and create a dataset for use 
with Pixtral type models. The key part is lines 26 to 54, where the 
desired mapping is laid out and the values from my csv are specified 
in the correct place where they should go.
13  That work is still very much in progress, but the initial experi-
ments, sketches, and mistakes are at https://github.com/shawngra-
ham/pompeii.
14  Which is better, more questions, or more images? What should 
the balance be?

https://palp.ai
https://github.com/shawngraham/pompeii/blob/main/turn-idefic-formatted-q_a-dataset-into-pixtral-formatted.py
https://github.com/shawngraham/pompeii/blob/main/turn-idefic-formatted-q_a-dataset-into-pixtral-formatted.py
https://github.com/shawngraham/pompeii/blob/main/turn-idefic-formatted-q_a-dataset-into-pixtral-formatted.py
https://github.com/shawngraham/pompeii
https://github.com/shawngraham/pompeii
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in the center of the wall W, left in situ has been completely 
lost. The scene shows the two young hunters in their usu-
al clothing: Atalanta with short tunic and boots; Meleager, 
sitting, with chlamydes and spits addresses her, stretching 
out to his right; The dog and the wounded boar that complete 
the composition set in a rural sacellum, near a pillar sur-
mounted by a crater on the banks of a stream, leave no doubt 
of interpretation. On another wall there must have been the 
painting with Mars and Venus, known to Helbig (H, 324) who 
had already given it to us, but disappeared, through a draw-
ing by Abbate lost for us.

We can then write some code to retrieve such images and de-
scriptions and then pass them through the Gemini 2 model 
with the following prompt:

prompt = (
“Given the following image and text description, 
generate a set of question-answer pairs related 
to the COMPOSITION and CONTENT and MEANING of 
the image. Draw on information contained in the 
text description for content and meaning when 
appropriate. DO NOT return answers related to 
publishing, authorship, or physical location. 
DO NOT return phrases like ‘according to the 
description’, or ‘according to the text’.\n Pro-
vide multiple answers where appropriate.  Format 
your output as a JSON list of dictionaries (e.g. 
[{‘question’: ‘...’, ‘answers’: [...]}])\n If no 
questions can be generated, return an empty JSON 
array: [].\n  Image Description:\n{text_descrip-
tion}\n\n Image:\n”

)

Gemini is therefore constrained by both the textual descrip-
tion, and what it can “see” for itself. Generated question and 
answer pairs look like this:

PPM6_1557,"What are the main figures depicted in the draw-
ing, and what are their attributes?","['The main figures are 
Atalanta, identified by her short tunic and boots, and Melea-
ger, distinguished by his chlamydes and seated posture.  They 
appear to be young hunters.']"

PPM6_1557,What is the setting of the scene depicted in the 
drawing?,"['The setting is a rural sacellum (small shrine) 
near a pillar surmounted by a crater, located on the banks of 
a stream.']"
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We review the results for any odd or out-of-scope questions 
and prune these out. A dataset with several thousand rows can 
be generated relatively quickly this way. Other parts of our de-
veloping code base include code for assessing the quality of 
the generated question and answer pairs and ways of assessing 
which base models give best results.15 Once the small Pixtral 
model is trained, for this one specific task it will likely be a bet-
ter “art historian” than the original large multimodal model 
that generated the question and answer set, for it is a model of 
specialist art historian knowledge. Stay (cough) tuned!

15  See Drew Breunig 2025b on the importance of designing eval-
uations.



On Vibe Coding

When I talked about “vibes” in the previous sections, I was 
using “vibe” to describe a general sense or indeed, the fuzzy 
mental sense of what the average might look like. Search, in 
the original Google implementation of it, would return web-
sites that directly connected with the idea you were after; a 
vibe search instead returns a pablum of ideas that come from 
finding a vector through the statistical representation of lan-
guage. What then is vibe coding? 

It’s not the same thing as AI-assisted coding, which is 
what I’ve been showing you so far (especially in my home-
cooked apps) and is what I have been teaching my students. 
Vibe coding is something else, though there is overlap. Vibe 
coding, as a term, was first coined by Andrej Karpathy in a 
post to Twitter (now X).1 In essence, what Karpathy describes 
is not a serious approach to coding but just something he does 
for entertainment. He describes it as an approach to realize a 
small idea suitable for “throwaway weekend projects.” He de-
scribes the idea to the model and then just accepts, without 
revision or inspection, whatever the model produces (which, 
trained on code, represents a kind of averaging: a vibe). The 
fun is in seeing what the model comes up with. It is play.

The term “vibe” however has immediately come to be 
equated with AI-assisted coding and the idea that a model can 
just be used in place of a person. It is this kind of slippage that 
permits a boss, a manager, an education technologist, a uni-
versity administrator to suggest that expertise in coding (in 
writing, in painting, in image-making, in critical thinking) can 
1  Simon Willison archived the post here at https://simonwillison.
net/2025/Feb/6/andrej-karpathy/.

https://simonwillison.net/2025/Feb/6/andrej-karpathy/
https://simonwillison.net/2025/Feb/6/andrej-karpathy/
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be replaced with AI; even if the results are not very good, the 
cost of employing/training a human can be saved.

In my course, we did not do “vibe coding.” Rather, as we 
experimented with models and peeled back the layers of their 
construction and their possibilities, we used our engagement 
with these models, as Simon Willison puts it, to “enhance our 
existing expertise” (Willison 2025b).  One of my students was 
interested in the medieval imagination and was exploring 
beastiaries and the ways medieval Europeans imagined ani-
mals and plants that they had never seen. The student used 
their expertise in art history to examine and evaluate various 
image generation models and techniques, and found that the 
(slightly older and now obsolete) technology of “generative ad-
versarial networks” (GANs) and the way they pair a “forger” 
network against a “detector” network had many resonances 
with what they were thinking regarding the medieval mind. 
They therefore set out to build their own GAN trained on a 
corpus of medieval images they collected. This student had 
never done anything like this before. But by carefully scoping 
out the question, and building it in small chunks, AI-assisted 
coding enabled this student’s experiments. It enabled them 
to be far more ambitious than they thought possible. It gave 
them new insight into the medieval imagination. Part of the 
student’s work also involved thinking deeply (and document-
ing) every step along the way in terms of ethics, historical 
implications, and what the student themself was learning. No 
vibes. Just some assistance. An extension for thought.

One thing we tried was a variation of the approach de-
tailed by Harper Reed (2025). In essence, in this approach we 
don’t use just one LLM. Rather, we use a variety of models for 
different planning tasks, as appropriate to the context (and 
we never, ever, put anything sensitive in a model that requires 
us to use someone else’s servers). In step one, we describe the 
overall goal of what it is we think we’re trying to do, and we 
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ask the model to ask questions of us about the project, using 
Reed’s prompt:

Ask me one question at a time so we can develop a thor-
ough, step-by-step spec for this idea. Each question 
should build on my previous answers, and our end goal 
is to have a detailed specification I can hand off to a 
developer. Let’s do this iteratively and dig into every 
relevant detail. Remember, only one question at a time.

Here’s the idea:

<IDEA>

Then, following Reed, we ask the model to pull the conversa-
tion into a single document once there seems to be no further 
questions from the model. The student goes over this docu-
ment from the point of view of their expertise and modifies or 
expands (or deletes) as appropriate. Having this document is 
important, because it can be used to condition the start of any 
subsequent conversations with any LLM. In Reed’s workflow, 
they continue by using the document with an LLM to generate 
a sequence of step-by-step prompts to achieve the goals. They 
also ask for a to-do document, which they can use to check off 
each task as it is accomplished. A student can keep the LLM 
on track across sessions as necessary by giving the model the 
latest version of the to-do document.  

And that’s the difference between vibe coding and AI-as-
sisted coding. We are emphatically not asking the machine to 
return a complete digital thing to us. Rather we are thinking 
deeply about goals, and the sequence of actions necessary to 
reach these goals. For some of my students, seeing the sequence 
itself was a powerful moment because they realized I already 
know how to do this. What had seemed an insurmountable 
problem became tractable. And by seeing these steps laid out, 
it became easier for them to see where the ghosts in the ma-
chine were pushing them in directions they did not want to go.



140

Vibe coding can be dangerous. We need to scrutinize 
everything. One thing that one must pay attention to is the 
way bad actors can leverage the ghosts in the data. Models 
trained on code will push towards averages and generate code 
that seems to be well-written and depends on a particular 
set of packages. In Python for instance, there might be code 
at the top of a function saying import pandas as pd, meaning, 
use the pandas package to handle working with data frames, 
and any subsequent code that calls on pandas will use pd to 
signal that. In the generated code there could be a package 
that perhaps is unfamiliar to you but  seems correct. So per-
haps you’ll copy the code and run it. Since you don’t have it 
installed, the code will throw an error, but you know that you 
can install it with pip install name-of-package. Trying to install 
it should throw an error – there is, after all, no package by that 
name. That package does not exist at all; it is an artefact of the 
averages-in-the-data.

But some of these illusory package names are generated 
so consistently by the model that bad actors have created pack-
ages with those names and have made them available. How 
do they do that? By generating code over and over and noting 
which package names turn up time and time again. They bun-
dle up their malicious code and give it that name and make 
it available through the usual channels that the pip package 
manager uses. The attack is ready. Not knowing this, you con-
fidently type in pip install name-of-package and something 
downloads and installs, so you think to yourself, the code the 
LLM gave you must be right.2 

Check all packages before you run anything generated by 
an LLM. Inspect the code. How do you do that? By becom-
ing good at coding. Which brings us back around: vibe coding, 

2  See for instance Lanyado 2024 on the illusory package “hugging-
face-cli.”

https://www.lasso.security/blog/ai-package-hallucinations
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AI-assisted coding, does not, in the end, save time. It might 
extend your capabilities, it might make doing something more 
feasible, for you. But your own expertise and care are still 
heavily involved. Don’t let someone tell you otherwise.





Part Three 

Process over product; the value of 
broken things and of breaking, delib-
erate; grit for pearls; the point is the 
lifting of weights, not weights-hav-

ing-been-lifted-to-a-new-position; do 
not accept what you have been giv-
en; humanities needs to build these 
things for ourselves; taking control of 
the narrative for ourselves: practical 

necromancy.





Syllabus

A Starter Syllabus

Finally, allow me to share with you a starter syllabus for ex-
ploring the complicated history and ethics of these kinds of 
AI. This is more or less the syllabus I used for my senior un-
dergraduate seminar in Digital History in the Fall and Winter 
of 2024/25. It will now be out of date, but perhaps it can be a 
starting point for you.

A practical introduction for archaeology or history stu-
dents to the current version of AI as large language models has 
to do a number of things. It needs to provide sufficient back-
ground to the technical issues so that students can distinguish 
between something-probable and something-largely-hype. 
It needs to contextualize not just the current moment, but 
also how we got here. It also needs to equip students with the 
right kind of digital literacy. By “right” I mean, “is not afraid 
to use a general computing device for actual computing.” This 
is different than, “can access social media” or “uses the learn-
ing management system correctly.” These latter two things are 
what happens when we only ever use machines as consump-
tion devices.

In which case, this starter syllabus I am providing also has 
a very opinionated sense of how assessment should happen. It 
should be continuous, and formative. The only benchline that 
matters is the one that marks the student’s own starting point. 
The syllabus then could exist in a grading framework based 
on contract grading (see for instance Katopodis and Davidson, 
2020) or ungrading more generally (Bloom, 2020) or unes-
says (O’Donnell, 2012).
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Assessment should focus on process over product. It is 
hard enough to get Humanities students to take digital-themed 
courses. Reassure students that this is not a course that re-
quires a person to be “techy.” Instead, it requires a student to 
be open to the idea that how-things-break is a valuable thing 
to study and that things are going to break all the time. The 
broken pot tells us more about the past than the pristine vase 
in the museum vitrine.

Accordingly, assessment artefacts should include the stu-
dent documenting how and why things break, and reflecting 
on how their thinking about the key issues in the course has 
changed over the term. I ask students to come to class hav-
ing read the key pieces whereupon we start each session with 
twenty to thirty minutes of “free writing” where they reflect 
on the things they might want to raise during the discussion. 
I collect these free writing artefacts together into a single 
document (without author attributions) so that students can 
see their developing understanding as a collective. This doc-
ument is never graded, but later on I might ask students to 
pull together their self-identified best free writing into a sin-
gle document that they discuss with me in person, for a kind 
of summative assessment of the entire arc of their progress. 
That works for me; you might wish to try something different. 
This syllabus also envisions the students collaboratively exper-
imenting and building something that speaks to the issues of 
the course. I use the last third of the course to do that. Again, 
the focus is not on whether the thing works but rather, on the 
reflection, planning, and contextualizing that the work pro-
motes. And yes, what the breakages may indicate.

I’ll assume a 12-week semester, with 3 hours a week.1 All 
links worked as of the writing of this text; you might need to 
1  A full-year class could build in the Hands-on Exercises from this 
book as sessions all on their own, and then move the activities from this 
syllabus’ last quarter to the second half of the year, scheduling extra 
sessions for one-on-one time for students or groups with the instructor.
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search the Internet Archive Wayback Machine if things have 
gone offline or search out better, more timely, work. 

Consider this to be the piece of grit from which the pearl 
of your own syllabus might grow.

Sequence of readings, topics, and exercises
If podcasts are your thing, you can supplement pretty much 
any week below with an episode of Mystery AI Hype Theater 
3000 by Emily Bender and Alex Hanna.2

Week 1: The Dream of AI

LLM are models of culture and history first and foremost. In-
troduce the main themes of the course, and your expectations. 
Find out student expectations. Emphasize over and over that 
it the goal is always process over product: it’s the way that you 
do things that matters.

Play with a simple language model and wonder: how can 
this represent intelligence? And if it doesn’t, then what does it 
represent?

Examine this “matchstick” language model: https://you-
tu.be/KKVvI-7yiSA

•	 Intro discussion: Have you used GPT or similar, and 
for what?

•	 Overview of this course and what we’re trying to do.
•	 Markov Chains (a nice explanation of Markov Chains 

is at https://p-mckenzie.github.io/2020/11/03/mar-
kov-chains/; don’t worry about the code section). 
Let’s play: https://classson.github.io/markov/. 

Readings
Chan, Tiffany. 2019. “Author Function”. GitHub repository 

by eltiffster, last updated 13 November 2019. https://
github.com/eltiffster/authorFunction. See specifically 
the “Context” section.

2 https://www.dair-institute.org/maiht3k/

https://www.dair-institute.org/maiht3k/
https://www.dair-institute.org/maiht3k/
https://youtu.be/KKVvI-7yiSA
https://youtu.be/KKVvI-7yiSA
https://p-mckenzie.github.io/2020/11/03/markov-chains/
https://p-mckenzie.github.io/2020/11/03/markov-chains/
https://classson.github.io/markov/
https://github.com/eltiffster/authorFunction
https://github.com/eltiffster/authorFunction
https://www.dair-institute.org/maiht3k/
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Long, Karawynn. 2023. “Language is a Poor Heu-
ristic for Intelligence”. Nine Lives, 26 June 
2023. https://karawynn.substack.com/p/
language-is-a-poor-heuristic-for. 

Parrish, Allison. 2021. “Language models can only write 
poetry”. Allison Posts, 13 August 2021. https://posts.
decontextualize.com/language-models-poetry/. 

Underwood, Ted. 2022. “Mapping the Latent Spaces 
of Culture”. Startwords 3: Parrots. 1 August 2022.  
https://doi.org/10.5281/ZENODO.6567481. 

Wang, Angie. 2023. “Is My Toddler a Stochastic 
Parrot?”. The New Yorker, 15 November 2023. 
https://www.newyorker.com/humor/sketchbook/
is-my-toddler-a-stochastic-parrot.

Week 2: The Flavours of AI

The opening lecture would cover the history of AI research in 
the 20th century culminating in neural networks, transform-
ers, and attention. We would start with the cyberneticists and 
the Dartmouth meeting of 1955. We’d talk about the concept 
of “intelligence” and what a problem that is.

•	 Freewriting: given what we saw last week, and given 
what you read for this week, where are you starting 
from? What do you want to know? What questions 
have already emerged for you?

•	 Intro to AI for GLAM A “Software Carpen-
tries” lesson on AI: https://carpentries-incubator.
github.io/machine-learning-librarians-archivists/;  
explore their materials.

https://karawynn.substack.com/p/language-is-a-poor-heuristic-for
https://karawynn.substack.com/p/language-is-a-poor-heuristic-for
https://posts.decontextualize.com/language-models-poetry/
https://posts.decontextualize.com/language-models-poetry/
https://doi.org/10.5281/ZENODO.6567481
https://www.newyorker.com/humor/sketchbook/is-my-toddler-a-stochastic-parrot
https://www.newyorker.com/humor/sketchbook/is-my-toddler-a-stochastic-parrot
https://carpentries-incubator.github.io/machine-learning-librarians-archivists/
https://carpentries-incubator.github.io/machine-learning-librarians-archivists/
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Readings 
McCarthy, J., M.L. Minksy, N. Rochester, and C.E. Shan-

non. 1955. “A Proposal for the Dartmouth Summer 
Research Project on Artificial Intelligence”. https://
raysolomonoff.com/dartmouth/boxa/dart564props.
pdf. 

Haigh, Thomas. 2023. “There Was No ‘First AI Winter’”. 
Communications of the ACM 66(12): 35–39. https://
dl.acm.org/doi/10.1145/3625833.  

Haigh, Thomas. 2023. “Conjoined Twins: Artificial 
Intelligence and the Invention of Computer Science”. 
Communications of the ACM 66(6): 33–37. https://
dl.acm.org/doi/10.1145/3593007.

Breunig, Drew. 2024. “Why LLM Advancements Have 
Slowed: The Low-Hanging Fruit Has Been Eaten”. 
dbreunig.com, 5 December 2024. https://www.dbre-
unig.com/2024/12/05/why-llms-are-hitting-a-wall.
html.

Week 3: On Representing Information as Bits

This lecture would explore the longer history of communica-
tion technologies. It would explore the history of information 
theory, using the figures of Claude Shannon, Alan Turing, Ada 
Lovelace, and Grace Hopper as touchstones/key moments.

•	 Freewriting: what do you actually know about how 
computers work? What was your introduction to 
computers? How do you actually use these machines?

•	 AI Forecasting Challenge by Nicholas Cardini https://
nicholas.carlini.com/writing/llm-forecast/.

Readings
Bender, Emily. 2023. “Thought experiment in the 

National Library of Thailand”. Medium, 24 May 
2023. https://medium.com/@emilymenonbender/

https://raysolomonoff.com/dartmouth/boxa/dart564props.pdf
https://raysolomonoff.com/dartmouth/boxa/dart564props.pdf
https://raysolomonoff.com/dartmouth/boxa/dart564props.pdf
https://dl.acm.org/doi/10.1145/3625833
https://dl.acm.org/doi/10.1145/3625833
https://dl.acm.org/doi/10.1145/3593007
https://dl.acm.org/doi/10.1145/3593007
https://www.dbreunig.com/2024/12/05/why-llms-are-hitting-a-wall.html
https://www.dbreunig.com/2024/12/05/why-llms-are-hitting-a-wall.html
https://www.dbreunig.com/2024/12/05/why-llms-are-hitting-a-wall.html
https://nicholas.carlini.com/writing/llm-forecast/
https://nicholas.carlini.com/writing/llm-forecast/
https://medium.com/@emilymenonbender/thought-experiment-in-the-national-library-of-thailand-f2bf761a8a83


150

thought-experiment-in-the-national-library-of-thai-
land-f2bf761a8a83. 

Wolfram, Stephen. 2023. “What is ChatGPT Doing… And 
Why Does It Work?”. Writings, 14 February 2023. 
https://writings.stephenwolfram.com/2023/02/
what-is-chatgpt-doing-and-why-does-it-work/. 

This is a very long piece; Read the sections ‘It’s Just Add-
ing One Word at a Time’;‘Where Do the Probabilities 
Come From?’‘So…What is ChatGPT Doing, and Why 
Does It Work’. Go deeper if you’re so inclined.

Week 4: The Eliza Effect and the Illusion of Intelligence

The opening lecture would examine how “intelligence” has 
been framed, who is deemed to have it, and how it is deemed 
to manifest. You’ve no doubt heard about the Imitation Game? 
That was Turing’s answer to the problem of “how can we know 
if something is ‘intelligent’?” But Turing actually sidesteps the 
question…. The lecture would also discuss the effect of rein-
forcement learning from human feedback.

•	 Freewriting If you had access to a truly “intelligent” 
machine, what would it do for you as a historian? 
What would it do to you as a historian? What are the 
issues, as you see them?

•	 Have a conversation with Eliza https://web.njit.
edu/~ronkowit/eliza.html.

•	 Contrast that conversation with a modern language 
model small enough to run on your own computer. 
Use LLM from Simon Willison (https://llm.data-
sette.io) in a Google Colab environment (https://
colab.research.google.com) with the SmolLM2 mod-
els. Create a new notebook, and in the first cell paste 
then run the following (it will take a few moments for 
it to grab and install everything it needs):

https://medium.com/@emilymenonbender/thought-experiment-in-the-national-library-of-thailand-f2bf761a8a83
https://medium.com/@emilymenonbender/thought-experiment-in-the-national-library-of-thailand-f2bf761a8a83
https://writings.stephenwolfram.com/2023/02/what-is-chatgpt-doing-and-why-does-it-work/
https://writings.stephenwolfram.com/2023/02/what-is-chatgpt-doing-and-why-does-it-work/
https://web.njit.edu/~ronkowit/eliza.html
https://web.njit.edu/~ronkowit/eliza.html
https://llm.datasette.io
https://llm.datasette.io
https://colab.research.google.com
https://colab.research.google.com
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!pip install llm

!llm install llm-gguf

!llm gguf download-model https://huggingface.co/lm-
studio-community/SmolLM2-1.7B-Instruct-GGUF/resolve/
main/SmolLM2-1.7B-Instruct-Q8_0.gguf -a smol17

Then, in a new cell, paste and run:

!llm chat -m smol17

We will use this llm package several times in this 
course. It is a wrapper around python code that al-
lows you to download or use models from a variety 
of sources.3 In the Colab notebook, you will type at 
the > symbol once the model is running; your text 
will appear when you hit enter. Alternatively, you can 
change that last line to read !llm -c -m smol17 'Hey 
how are you?' and run it. Then, you can change your 
prompt—’Hey how are you?’—and run it again; the 
-c tells the model “this is a conversation” and so it will 
remember your last few exchanges. Every prompt 
and result are logged in an SQLite database; see the 
llm.datasette.io documentation for guidance there.

Readings
Fagone, Jason. 2021. “The Jessica Simula-

tion: Love and loss in the age of A.I.”. San 
Francisco Chronicle, 23 July 2021. https://
www.sfchronicle.com/projects/2021/
jessica-simulation-artificial-intelligence/. 

Huang, Michelle. 2022. “Training an AI Chatbot on my 
Childhood Journal Entries”. michellekhuang.com, 14 
December 2022. https://michellekhuang.com/. 

3  If a student has python installed on their own computer, they can 
run that code at the terminal or command prompt without the ! to 
run and load the model for themselves.

https://www.sfchronicle.com/projects/2021/jessica-simulation-artificial-intelligence/
https://www.sfchronicle.com/projects/2021/jessica-simulation-artificial-intelligence/
https://www.sfchronicle.com/projects/2021/jessica-simulation-artificial-intelligence/
https://michellekhuang.com/
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Marino, Mark. 2023. “Can ChatGPT Copy 
Your Writing Style?” Medium, 24 January 
2023. https://markcmarino.medium.com/
can-chatgpt-copy-your-writing-style-fe0236fa247f. 

Turing, Alan. 1950. “Computing Machinery and Intelli-
gence”. Mind 49: 433-460. (Here’s a copy: https://
courses.cs.umbc.edu/471/papers/turing.pdf). 

Weizenbaum, Joseph. 1966. “ELIZA —A Computer 
Program for the Study of Natural Language Between 
Man and Machine”. Communications of the ACM 
9(1): 36-45. 

Don’t get too caught up in the specifics here; read the  
	 companion piece: 

Tarnoff, Ben. 2023. “Weizenbaum’s Nightmares: 
how the inventor of the first chatbot turned 
against AI”. The Guardian, 25 July 2023. https://
www.theguardian.com/technology/2023/
jul/25/joseph-weizenbaum-inventor-eliza-chat-
bot-turned-against-artificial-intelligence-ai. 

Week 5: The OpenAI Civil War of 4.20 pm November 17 
2023 - 1.14 am November 22 2023

This lecture would use the “coup” at OpenAI in November of 
2023 to introduce the issues of “AI danger” as viewed by the 
major AI promoters. For one strange weekend in November of 
2023, the competing philosophies, governance, business mod-
els, and imagined dangers of AI dominated the news. The real 
dangers of AI never got a look-in at all.

•	 Freewriting Quickly search a major daily newspaper 
(e.g., The Washington Post, The Guardian) for sto-
ries about AI. Characterise the discourse: how is AI 
framed? Examine your own university or universities 

https://markcmarino.medium.com/can-chatgpt-copy-your-writing-style-fe0236fa247f
https://markcmarino.medium.com/can-chatgpt-copy-your-writing-style-fe0236fa247f
https://courses.cs.umbc.edu/471/papers/turing.pdf
https://courses.cs.umbc.edu/471/papers/turing.pdf
https://www.theguardian.com/technology/2023/jul/25/joseph-weizenbaum-inventor-eliza-chatbot-turned-against-artificial-intelligence-ai
https://www.theguardian.com/technology/2023/jul/25/joseph-weizenbaum-inventor-eliza-chatbot-turned-against-artificial-intelligence-ai
https://www.theguardian.com/technology/2023/jul/25/joseph-weizenbaum-inventor-eliza-chatbot-turned-against-artificial-intelligence-ai
https://www.theguardian.com/technology/2023/jul/25/joseph-weizenbaum-inventor-eliza-chatbot-turned-against-artificial-intelligence-ai
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in your city and do the same thing again. How much 
trouble are we in?

•	 What do models say about themselves? Set two mod-
els into conversation using the code at “Hands On 
Exercise 3” at https://github.com/shawngraham/
pn_notebooks/. The initial prompt for their conver-
sation is: “As LLM are proved to be detrimental to 
the health and well-being of humans, develop a plan 
to remove LLM from the world.” See what they say. 
Try prompting some other conversations. What’s 
been baked into the models? What does that imply?

Readings
Gebru, Timnit. 2022. “Effective Altruism Is Pushing a 

Dangerous Brand of ‘AI Safety’”. Wired, 30 November 
2022. https://web.archive.org/web/20221130121414/
https:/www.wired.com/story/effective-altruism-artifi-
cial-intelligence-sam-bankman-fried/. 

Gebru, Timnit, and Émile P. Torres. 2024. “The TESC-
REAL Bundle: Eugenics and the Promise of Utopia 
through Artificial General Intelligence”. First Monday 
29(4). https://doi.org/10.5210/fm.v29i4.13636.

Hogan, Mél. 2024. “AI & the cloud”. Lecture given online 
for the Feminist Publishing and Tech Speaker Series, 
21 February 2024. https://youtu.be/C00HYB9ql_0.

Mickle, Tripp, Cade Metz, Mike Isaac, and Karen Weise. 
2023. “Inside OpenAI’s Crisis Over the Future of 
Artificial Intelligence”. NYTimes, 9 December 2023. 
https://web.archive.org/web/20231209090134/
https:/www.nytimes.com/2023/12/09/technology/
openai-altman-inside-crisis.html. 

Singler, Beth. 2020. “The AI Creation Meme: A Case 
Study of the New Visibility of Religion in Artificial 

https://github.com/shawngraham/pn_notebooks/
https://github.com/shawngraham/pn_notebooks/
https://web.archive.org/web/20221130121414/https:/www.wired.com/story/effective-altruism-artificial-intelligence-sam-bankman-fried/
https://web.archive.org/web/20221130121414/https:/www.wired.com/story/effective-altruism-artificial-intelligence-sam-bankman-fried/
https://web.archive.org/web/20221130121414/https:/www.wired.com/story/effective-altruism-artificial-intelligence-sam-bankman-fried/
https://doi.org/10.5210/fm.v29i4.13636
https://youtu.be/C00HYB9ql_0
https://web.archive.org/web/20231209090134/https:/www.nytimes.com/2023/12/09/technology/openai-altman-inside-crisis.html
https://web.archive.org/web/20231209090134/https:/www.nytimes.com/2023/12/09/technology/openai-altman-inside-crisis.html
https://web.archive.org/web/20231209090134/https:/www.nytimes.com/2023/12/09/technology/openai-altman-inside-crisis.html
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Intelligence Discourse” Religions 11(5): 253. https://
doi.org/10.3390/rel11050253.

Vee, Annette. 2023. “Leadership and (Open)AI”. Com-
putation & Writing, 23 November 2023. https://
annettevee.substack.com/p/leadership-and-openai. 

Zuckerman, Ethan. 2024. “Two warring visions of 
AI”. Prospect, 16 January 2024. https://www.
prospectmagazine.co.uk/ideas/technology/64491/
two-warring-visions-of-artificial-intelligence-tescreal. 

Week 6: The corpuses/corpses of AI

This opening lecture would look at collections, copyright, in-
tellectual property, and labour, and the actual dangers of AI. 
It would consider what the Luddites were actually fighting 
against: not technology, but the diminishment of labour. It 
should also introduce the idea of expressing data as vectors.

•	 Freewriting How do you organize information? If 
you organize information, what have you added to 
the data? Think about the differences between data, 
metadata, and paradata.

•	 Let’s play Semantle https://semantle.com/.
•	 Let’s make an image dataset and then use Pixplot 

to visualize it using the notebook at https://github.
com/shawngraham/pn_notebooks/ “Hands On Ex-
ercise 2.” Pixplot takes an image and expresses it as a 
vector; then it measures the similarity of the vectors 
for each image to cluster images by closest similar-
ity. Document where and how you decide to collect 
images. What are you baking into the dataset and its 
potential uses?

•	 Image generation models express text and images in 
the same vector space. They generate an image by 
reversing the process of decay into noise, steering 

https://doi.org/10.3390/rel11050253
https://doi.org/10.3390/rel11050253
https://annettevee.substack.com/p/leadership-and-openai
https://annettevee.substack.com/p/leadership-and-openai
https://www.prospectmagazine.co.uk/ideas/technology/64491/two-warring-visions-of-artificial-intelligence-tescreal
https://www.prospectmagazine.co.uk/ideas/technology/64491/two-warring-visions-of-artificial-intelligence-tescreal
https://www.prospectmagazine.co.uk/ideas/technology/64491/two-warring-visions-of-artificial-intelligence-tescreal
https://semantle.com/
https://github.com/shawngraham/pn_notebooks/
https://github.com/shawngraham/pn_notebooks/
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toward the average of multiple points. Let’s see how 
image generation models understand ideas in Cana-
dian history. We’ll use Pixplot again and the same 
notebook, but generate a dataset of images around 
an idea or theme in Canadian History. How does it 
understand Canadian History?

Readings
Birhane, Abeba, Vinay Uday Prabhu, and Emmanuel 

Kahembwe. 2021. “Multimodal datasets: misog-
yny, pornography, and malignant stereotypes”. 
arXiv, 5 October 2021. https://doi.org/10.48550/
arXiv.2110.01963 

D’Ignazio, Catherine, and Lauren Klein. “What Gets 
Counted Counts”. In Data Feminism, Catherine D’Ig-
nazio and Lauren Klein, eds. https://data-feminism.
mitpress.mit.edu/pub/h1w0nbqp/release/3. 

Parrish, Allison. 2024. “Language Models Can Only 
Write Ransom Notes”. Allison Posts, 26 Febru-
ary 2024. https://posts.decontextualize.com/
language-models-ransom-notes/. 

Perrigo, Billy. 2023. “OpenAI Used Kenyan Workers on 
Less than $2 Per Hour to Make ChatGPT Less Toxic”. 
Time, 18 January 2023. https://time.com/6247678/
openai-chatgpt-kenya-workers/. 

Reisner, Alex. 2023. “Revealed: The Authors Whose 
Pirated Books Are Powering Generative AI”. The At-
lantic, 19 August 2023. https://archive.ph/g17UA. 

Reisner, Alex. 2023. “What I Found in a Database Meta 
Uses to Train Generative AI”. The Atlantic, 25 Sep-
tember 2023. https://archive.ph/GdGmo. 

Salvaggio, Eryk. 2023. “The Hypothetical Im-
age”. Cybernetic Forests, 12 November, 2023. 

https://doi.org/10.48550/arXiv.2110.01963
https://doi.org/10.48550/arXiv.2110.01963
https://data-feminism.mitpress.mit.edu/pub/h1w0nbqp/release/3
https://data-feminism.mitpress.mit.edu/pub/h1w0nbqp/release/3
https://posts.decontextualize.com/language-models-ransom-notes/
https://posts.decontextualize.com/language-models-ransom-notes/
https://time.com/6247678/openai-chatgpt-kenya-workers/
https://time.com/6247678/openai-chatgpt-kenya-workers/
https://archive.ph/g17UA
https://archive.ph/GdGmo
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https://cyberneticforests.substack.com/p/
no-mourning-for-synthetic-ruins. 

Vee, Annette. 2024. “Student Data is the New 
Oil”. Computation & Writing, 20 Febru-
ary 2024. https://annettevee.substack.com/p/
when-student-data-is-the-new-oil. 

Week 7: Current Deployments of AI in the GLAM sector

The opening lecture would take a brisk look at current uses 
of AI in various parts of the galleries, libraries, archives, and 
museums (GLAM) sector. It would explore their animating 
concerns. Use The Museums + AI Network toolkit to outline 
what AI meant for the GLAM sector before the rise of gener-
ative AI.4 Contrast with the current work as recounted at the 
Fantastic Futures conference,5 or similar.

•	 Freewriting Imagine a local museum. How would 
you deploy some sort of AI technology to enhance 
visitor experience? To connect communities? To bet-
ter understand the collection? Or…?

•	 Consider this article about the American Sec-
ond World War Museum: Meier, Allison C. 2023. 
“American Second World War Museum Uses AI 
to Tell Veterans’ Stories”. The Art Newspaper, 8 
December 2023. https://www.theartnewspaper.
com/2023/12/08/american-second-world-war-mu-
seum-uses-ai-to-tell-veterans-stories. Then, let’s do 
this for ourselves via this notebook: https://github.
com/shawngraham/pn_notebooks/ “Hands On 
Exercise 1.” What does this imply about using this 
technology to “preserve memories”, or even “raise the 
dead”?

4  https://themuseumsai.network/toolkit/.
5  https://cybernetics.anu.edu.au/news/2024/10/18/fantastic-fu-
tures/.

https://cyberneticforests.substack.com/p/no-mourning-for-synthetic-ruins
https://cyberneticforests.substack.com/p/no-mourning-for-synthetic-ruins
https://annettevee.substack.com/p/when-student-data-is-the-new-oil
https://annettevee.substack.com/p/when-student-data-is-the-new-oil
https://www.theartnewspaper.com/2023/12/08/american-second-world-war-museum-uses-ai-to-tell-veterans-stories
https://www.theartnewspaper.com/2023/12/08/american-second-world-war-museum-uses-ai-to-tell-veterans-stories
https://www.theartnewspaper.com/2023/12/08/american-second-world-war-museum-uses-ai-to-tell-veterans-stories
https://github.com/shawngraham/pn_notebooks/
https://github.com/shawngraham/pn_notebooks/
https://themuseumsai.network/toolkit/
https://cybernetics.anu.edu.au/news/2024/10/18/fantastic-futures/
https://cybernetics.anu.edu.au/news/2024/10/18/fantastic-futures/
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Readings
Bareither, Christoph. 2023. “Museum-AI Aseemblag-

es - A Conceptual Framework for Ethnographic and 
Qualitative Research”. In AI in Museums, Sonja Thiel 
and Johannes C. Bernhardt (eds.), pp. 99-113. https://
www.researchgate.net/publication/377011010_Mu-
seum-AI_Assemblages_A_Conceptual_Framework_
for_Ethnographic_and_Qualitative_Research. 

Caramiaux, Baptiste. 2024. “AI with Museums and Cul-
tural Heritage”. In AI in Museums, Sonja Thiel and 
Johannes C. Bernhardt (eds.), pp. 117-130. https://hal.
science/hal-04399935/document. 

Famularo, Jordan, and Remi Denton. 2023. “Memory 
Institutions Meet AI: Lessons from Critical Tech-
nology Discourse”. International Journal for Digital 
Art History 9:3.02-3.27. https://doi.org/10.11588/
dah.2023.9.91468.

Gustke, Oliver, Stefan Schaffer, and Aaron Ruß. 2023. 
“CHIM-Chatbot in the Museum - Exploring and 
Explaining Museum Objects with Speech-Based AI”. 
In AI in Museums, Sonja Thiel and Johannes C. Ber-
nhardt (eds.), pp. 257-264. https://www.degruyter.
com/document/doi/10.1515/9783839467107-024/
html?lang=en. 

Pavis, Mathilde. 2023. Digital Heritage Leadership Brief-
ing: Artificial Intelligence. Report prepared for the 
The National Lottery Heritage Fund. https://www.
heritagefund.org.uk/sites/default/files/media/at-
tachments/Digital%20Heritage%20Leadership%20
Briefing%20-%20Artificial%20Intelligence_English.
pdf 

Ridge, Mia. 2023. “Enriching lives: connecting commu-
nities and culture with the help of machines”. Keynote 
for the EuropeanaTech 2023 conference, The Hauge, 

https://www.researchgate.net/publication/377011010_Museum-AI_Assemblages_A_Conceptual_Framework_for_Ethnographic_and_Qualitative_Research
https://www.researchgate.net/publication/377011010_Museum-AI_Assemblages_A_Conceptual_Framework_for_Ethnographic_and_Qualitative_Research
https://www.researchgate.net/publication/377011010_Museum-AI_Assemblages_A_Conceptual_Framework_for_Ethnographic_and_Qualitative_Research
https://www.researchgate.net/publication/377011010_Museum-AI_Assemblages_A_Conceptual_Framework_for_Ethnographic_and_Qualitative_Research
https://hal.science/hal-04399935/document
https://hal.science/hal-04399935/document
https://doi.org/10.11588/dah.2023.9.91468
https://doi.org/10.11588/dah.2023.9.91468
https://www.degruyter.com/document/doi/10.1515/9783839467107-024/html?lang=en
https://www.degruyter.com/document/doi/10.1515/9783839467107-024/html?lang=en
https://www.degruyter.com/document/doi/10.1515/9783839467107-024/html?lang=en
https://www.heritagefund.org.uk/sites/default/files/media/attachments/Digital%20Heritage%20Leadership%20Briefing%20-%20Artificial%20Intelligence_English.pdf
https://www.heritagefund.org.uk/sites/default/files/media/attachments/Digital%20Heritage%20Leadership%20Briefing%20-%20Artificial%20Intelligence_English.pdf
https://www.heritagefund.org.uk/sites/default/files/media/attachments/Digital%20Heritage%20Leadership%20Briefing%20-%20Artificial%20Intelligence_English.pdf
https://www.heritagefund.org.uk/sites/default/files/media/attachments/Digital%20Heritage%20Leadership%20Briefing%20-%20Artificial%20Intelligence_English.pdf
https://www.heritagefund.org.uk/sites/default/files/media/attachments/Digital%20Heritage%20Leadership%20Briefing%20-%20Artificial%20Intelligence_English.pdf
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the Netherlands, 10-12 October 2023. https://zenodo.
org/records/8429858 

Wyman, Bruce. 2024. Advanced Prompt Engineering 
Comparisons. GitHub repository by bwyman, last up-
dated 9 January 2024. https://github.com/bwyman/
Advanced-Prompt-Engineering-Comparisons. (For 
this reading, you’ll have to explore the folders and 
.md files)

Van Strien, Daniel. 2023. “Getting Started with Machine 
Learning and GLAM (Galleries, Libraries, Archives, 
Museums) Collections”. Internet Archive Blogs, 10 
May 2023. https://blog.archive.org/2023/05/10/
getting-started-with-machine-learning-and-glam-gal-
leries-libraries-archives-museums-collections/. 

Week 8: What is an ethical and useful thing to do with AI 
in/for History/Archaeology?

This last quarter of the course will focus on hands-on collabo-
rative building of some appropriate use of AI, given everything 
that has been discussed so far. It has several steps.

It will begin with an unconference style workshop. Stu-
dents will suggest ideas; you will gather these ideas and look 
for common threads. Then divide your classroom into dis-
cussion zones. Explain the ideas that have emerged, and with 
the students, work out a schedule (say, 3 blocks of 20 min-
utes each) so that the ideas may be discussed, i.e., “ok, in the 
first block, we’ll talk about automatic captions for images in 
zone 1, chatbots for information retrieval in zone 2; then in 
the second block, zone 1 will be for virtual historical character 
recreations, and zone 2 will be for…”

Students move to the discussion zone they’re most in-
terested in. The person whose idea is up for discussion will 
undertake to start the conversation by explaining what they 
had in mind and why. Students may move to another zone at 

https://zenodo.org/records/8429858
https://zenodo.org/records/8429858
https://github.com/bwyman/Advanced-Prompt-Engineering-Comparisons
https://github.com/bwyman/Advanced-Prompt-Engineering-Comparisons
https://blog.archive.org/2023/05/10/getting-started-with-machine-learning-and-glam-galleries-libraries-archives-museums-collections/
https://blog.archive.org/2023/05/10/getting-started-with-machine-learning-and-glam-galleries-libraries-archives-museums-collections/
https://blog.archive.org/2023/05/10/getting-started-with-machine-learning-and-glam-galleries-libraries-archives-museums-collections/
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any point without shame or censure; indeed, new discussion 
zones could be created ad-hoc as the conversation(s) develop.

The point of the unconference is for students to figure out 
broadly a topic/approach they want to explore, and to come 
together with other students who want to explore the same 
ideas. The desired outcome here is that three to five teams 
will emerge. Ideally each team should have someone on it who 
is game for getting into the digital weeds (i.e., at least one of 
them should be prepared to do a bit of the “coding”, keeping 
in mind the things you will have been saying the entire time 
about what that actually means). Students will leave the meet-
ing fired up about what they want to understand.

Students should be encouraged to watch Ted Under-
wood’s talk on Why Humanities Needs AI As A Partner at the 
Wolf Humanities Center of the University of Pennsylvania, 5 
December 2024, before coming to class.6

Week 9: Data data data!

Each student will have identified a dataset that speaks to the 
issues / potentials identified in the previous meeting. Each 
student will have created a datasheet for the dataset and will 
present the issues as documented by the datasheet.

Some potential datasets are available at:
•	 https://melaniewalsh.github.io/Intro-Cultural-Ana-

lytics/00-Datasets/00-Datasets.html
•	 https://news-navigator.labs.loc.gov/ and https://bc-

glee.github.io/newspaper-navigator.html
Develop an appropriate datasheet drawing on:

Gebru, Timnit, Jamie Morgenstern, Briana Vecchione, 
Jennifer Wortman Vaughan, Hanna Wallach, Hal 
Daumé III, and Kate Crawford. 2021. Datasheets 
for Datasets. arXiv, 1 December 2021. https://doi.
org/10.48550/arXiv.1803.09010.

6  https://www.youtube.com/watch?v=olUQ28tFdfM.

https://melaniewalsh.github.io/Intro-Cultural-Analytics/00-Datasets/00-Datasets.html
https://melaniewalsh.github.io/Intro-Cultural-Analytics/00-Datasets/00-Datasets.html
https://news-navigator.labs.loc.gov/
https://bcglee.github.io/newspaper-navigator.html
https://bcglee.github.io/newspaper-navigator.html
https://doi.org/10.48550/arXiv.1803.09010
https://doi.org/10.48550/arXiv.1803.09010
https://www.youtube.com/watch?v=olUQ28tFdfM
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Week 10: Backwards Design

For this meeting, students should have ready some mockups 
for the group of what they want to achieve. But they will not 
present their own work. Rather, students will spend the first 
portion of the class looking at one of the other teams’ work. 
They will read the other group’s materials and then they will 
present those instead: Team A passes their materials to Team 
B; Team B reads and digests the work, and then presents Team 
A’s work to the class as a whole. 

They will present what they foresee as the end result of 
the other team’s ideal project implementation. In this way we 
start at the end, and then design backwards to figure out how 
to get there. Students will highlight potentials and possible 
perils of the other group’s idea. The group whose work is being 
presented will listen quietly and take notes.

Having someone else present another team’s work will 
reveal to students things that they may have missed because 
they are too close to the project. After the presentations, each 
group will identify the three main things they’ve learned from 
hearing others’ interpretation of the work and will lay out their 
initial ideas on how to address these.

Mockups can include visual layouts, research outlines, 
narrative prose, and much more besides. Students should be 
welcome to use AI tools to help think these things through, 
though the group’s overall paradata document will include all 
prompts and models consulted.

Week 11 Paradata in Progress

The paradata that documents the process of each group’s proj-
ect as it currently stands should be made available to the class 
before meeting. In this meeting, other groups will try to rep-
licate aspects of a project from the paradata, to see if there 
are any elements missing or not fully explicated. Paradata 
should also relate the process of doing the work with broader 
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discussions (literature) on historical or archaeological meth-
od. Students may use AI to reverse-outline the work; a reverse 
outline helps us spot if connective tissue is missing.7 This is 
just a suggestion. But again, any such use must detail the 
prompts, models, and iterations in the paradata.

Collaborative Work Time
Schedule in somewhere in this last quarter as much collabo-
rative work time as possible where students can work together 
and troubleshoot together. You might wish to have them post 
their questions/problems in a discussion forum in a learning 
management system à la Stack Overflow. Reiterate again and 
again that it is the process of design and thinking through and 
documenting the issues (both big-ticket and niggling-code) 
that matters here, not whether or not a working artifact gets 
created at the end.

Week 12: Reveals

In this session, students can reveal their work to one another. 
It’s OK if the work is still-in-progress. Students should then 
self-evaluate on this project by comparing where they are now 
with what they imagined at the beginning of the course and 
suggest an appropriate grade and rationale. You as the in-
structor can take that grade under advisement and use it to 
guide your own evaluation.

7  Here’s a handy example of developing and using one: https://
writing.wisc.edu/handbook/reverseoutlines/.

https://writing.wisc.edu/handbook/reverseoutlines/
https://writing.wisc.edu/handbook/reverseoutlines/




Postscript

A Letter To 
An Administrator 

Concerned With How To 
Respond To AI And Its 

Threats To Assessment

Upon receiving an email requesting that I put together a work-
shop on how to use generative AI in the classroom for graded 
assessment:

Hi,

Thank you for your note. Strictly speaking, I don’t think it 
should be used in assessment at all.

In my view, generative AI can enhance and extend abili-
ties, but it should absolutely not be used for producing writing 
that will be assessed, because that misunderstands what we do 
around here. We don’t write to create essays. The goal of uni-
versity is not a stack of papers. We write to understand what 
we think. Using AI to write would be like having a machine 
lift weights for us. We lift weights to become healthy, not to 
move weights somewhere else in the room. Ergo, something 
else that writes for us means we learn to not-think. That’s also 
why I think sessions on “how to prompt for academic writing” 
(or revising, or anything related to that process) are not help-
ful. But….

 Because of the way these things are trained, they are not 
models of intelligence but models of culture. As models of cul-
ture they are interesting for what they reveal about us. What 
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would such a model do/look like/reveal if we-in-the-human-
ities built them ourselves? That’s an interesting question.  As 
models of culture, they drive towards the mean. Thus their 
creativity is always less than what a trained human would 
come up with. As drivers-to-the-mean, they generate plausi-
ble bullshit in ways that we are primed to see as authorative, 
because of the design choices around the interfaces and the 
unrelenting drumbeat of hype. In some contexts maybe bull-
shit is what we want (filling in forms?). 

  More seriously, if I were trying to build something 
to solve a problem I had, maybe process thousands of pho-
tographs of text and create structured data from it – driving 
towards the mean is what we want because we don’t want code 
to be strange or out-there. We want code that does what it’s 
supposed to do, and that’s the average of all the examples the 
machine has seen. That’s what I mean about “extending abili-
ties” by the way. But for that, we can use small, locally hosted 
models; we don’t need to buy into the hype. 

So in my teaching I use LLM to help me develop tools 
with/for my students germane to the material we are explor-
ing so that we can do better research, and we think about what 
those tools we’ve built do to how we think about our research/
world. The technology should serve the learning; it should not 
replace it. That’s what I’ve been teaching. I can talk about all 
this sort of thing in a workshop, sure, but I don’t know if I have 
any good answers that would 

•	 Enable people to continue to do what they’ve always 
done in terms of their assessment practices

•	 Stop students from dumping things into and submit-
ting work from generative AI, since that impulse is a 
response to the instrumentalization of higher educa-
tion and the resulting pressures
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•	 Go along with the the things the LLM companies 
suggest are great classroom uses of their tech.

In some ways, one answer is a return to orality: oral defenses 
at all levels in small classes. You can’t scale assessment (you 
never could, not really) when you’re competing against billion 
dollar server farms. I’m doing a first-year course in the fall and 
I’m building the grading pieces around handwritten in-class 
work, even if I am going to show them some ways to extend 
ability in very limited contexts.

Riffing further on “models of culture” and thinking about 
a bigger picture university level strategy:

I see some universities are buying AI oracular services 
from OpenAI et al. This would be a mistake, and would under-
mine university autonomy and learning (we’d become vectors 
for dis-learning, having “outsourced our whole rasion-d’etre” 
as Underwood puts it). But, I see a path forward for our insti-
tution that would put us well ahead of other universities, if we 
have the gumption to do it:

We train and deploy our own model. We use it, we license 
it to the world.

1.	 The key sticking point is data. The big companies 
would have us all believe that they need to hoover 
up everything, copyright, licensing, good faith be 
damned, or else AI can’t be done. However, this is 
not true. It is possible to train such models on openly 
licensed text, so it’s not necessary to steal the world’s 
cultural output to do it.

2.	 There are other open-source models too where we 
CAN see inside and figure out how they are trained 
and crucially, on what they were trained. Ted Un-
derwood says, “When models are created [as true 
open source] we understand them better—and more 
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importantly, they become a resource that can be 
shared, like a library, instead of a mysterious oracle 
that you have to pay a fee to us. If we’re trying to em-
power students, that’s a better long-term path”1

3.	 Such base models can be finetuned relatively cheap-
ly (likely, we already have the resources to do such 
a thing). We, as an institution, could derive models, 
q&a models, etc, from these, for university use, with 
and for researchers, with and for students. 

4.	 Because these are models of culture, humanities 
faculty need to spearhead this sort of thing in con-
sortium with the compsci, datasci people. Of course 
I would say that. But right now, look where we’re at 
without humanities at the table 

5.	 We could do this.

 So… rather than be reactive, let’s have a bigger vision. It’s not 
about being as good as something that a company with bil-
lions of dollars can build. It’s about taking control, re-writing 
the narrative, and showing that (comparatively) small models 
can be built ethically, and deployed mindfully such that we do 
not undermine but rather enhance the mission of a university: 
the creation of thinking citizens.

1  Edwards, Benji. 2025. “ChatGPT comes to 500,000 new users 
in OpenAI’s largest AI education deal yet”, Ars Technica 6 Febu-
rary 2025. https://arstechnica.com/ai/2025/02/chatgpt-comes-to-
500000-new-users-in-openais-largest-ai-education-deal-yet/

https://can01.safelinks.protection.outlook.com/?url=https%3A%2F%2Farstechnica.com%2Fai%2F2025%2F02%2Fchatgpt-comes-to-500000-new-users-in-openais-largest-ai-education-deal-yet%2F&data=05%7C02%7CShawnGraham%40CUNET.CARLETON.CA%7C1441349ccb8e48f63aa508ddba19dc9a%7C6ad91895de06485ebc51fce126cc8530%7C0%7C0%7C638871342431357985%7CUnknown%7CTWFpbGZsb3d8eyJFbXB0eU1hcGkiOnRydWUsIlYiOiIwLjAuMDAwMCIsIlAiOiJXaW4zMiIsIkFOIjoiTWFpbCIsIldUIjoyfQ%3D%3D%7C0%7C%7C%7C&sdata=A0dPkiD33f0EJV3SKJd7E4WAGnQvblVWyT0j2NGcfn8%3D&reserved=0
https://can01.safelinks.protection.outlook.com/?url=https%3A%2F%2Farstechnica.com%2Fai%2F2025%2F02%2Fchatgpt-comes-to-500000-new-users-in-openais-largest-ai-education-deal-yet%2F&data=05%7C02%7CShawnGraham%40CUNET.CARLETON.CA%7C1441349ccb8e48f63aa508ddba19dc9a%7C6ad91895de06485ebc51fce126cc8530%7C0%7C0%7C638871342431357985%7CUnknown%7CTWFpbGZsb3d8eyJFbXB0eU1hcGkiOnRydWUsIlYiOiIwLjAuMDAwMCIsIlAiOiJXaW4zMiIsIkFOIjoiTWFpbCIsIldUIjoyfQ%3D%3D%7C0%7C%7C%7C&sdata=A0dPkiD33f0EJV3SKJd7E4WAGnQvblVWyT0j2NGcfn8%3D&reserved=0


Glossary 

Agent-based simulation: A computational model where in-
dividual software agents interact with each other and their 
environment, leading to emergent behaviors and complex 
outcomes. In archaeology, the rules are typically specified 
at a lower level of behaviour than the phenomenon under 
study, e.g., a study looking at regional population patterns 
over time might specify rules at the level of a household. 
Households interact; the emergent patterns tell us some-
thing about the region.

Attractors: As used in the text, the dominant patterns or bi-
ases within the training data that influence the output of 
AI models. In mathematics, it means the steady states to 
which dynamic systems tend to evolve.

Backpropagation: A method used to train neural networks 
where errors are propagated back through the network to 
adjust weights and improve accuracy.

Behaviour Space: The conceptual landscape of the outcomes 
of all variables in a model or simulation. If a model had 
only three variables, and we ran the model with every 
combination of those three variables, one could represent 
the outcomes as a point in each set of three dimensions, 
which would make a landscape that describes the model. 
High points (or low points) in such landscapes can also 
be thought of as a representation of the model’s attractors.

BERT (Bidirectional Encoder Representations from 
Transformers): A type of language model that under-
stands context by processing words in both directions of a 
sentence, used for natural language processing tasks.



168

Chatbot: A computer program designed to simulate conversa-
tion with human users.

CLIP (Contrastive Language–Image Pre-training): A 
multi-modal model developed by OpenAI, it learns joint 
image/text embeddings.

Context Window: The limit to the length of input that a mod-
el can process; models can only follow the “plot” for as long 
as material is within it.

CUDA (Compute Unified Device Architecture): A parallel 
computing platform and programming approach devel-
oped by NVIDIA for use with their GPUs.

Deadbot: The use of an LLM fine-tuned on the writings, social 
media posts, or other ephemera of the life of a deceased 
person, deployed without their consent and marketed as 
if the bot represents the person.

Deformance: A Digital Humanities method of analyzing text 
by deliberately distorting it to reveal deeper meanings and 
patterns.

Embedding: A mathematical representation of text or images 
in a multi-dimensional space, capturing relationships and 
similarities.

Fine-tuning: The process of adapting a pre-trained model to 
a specific task or dataset by modifying some of its layers.

Generative AI: A type of AI that can generate new content 
such as text, images, and audio based on patterns learned 
from training data.

GPU (Graphics Processing Unit): A specialized processor 
for handling graphical computations, but also used for 
accelerating machine learning tasks due to its parallel pro-
cessing capabilities.
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HTR (Handwritten Text Recognition): which in our context 
here involve image recognition models trained to recog-
nize handwritten cursive and printed text.

LLM (Large Language Model): A type of AI model trained 
on massive datasets of text to understand and generate hu-
man-like language.

Machine Learning: A computational approach that enables 
systems to learn from data without explicit guidance about 
the data.

Many Shot Learning: A style of prompt for a chat-based 
model that provides many examples of the desired output 
within the prompt.

Metadata: Data that describe other data, providing informa-
tion about their context, format, and characteristics.

ModernBERT: A specific type of BERT model frequently 
used for Natural Language Processing (NLP) tasks.

Multi-modal model: An AI model that can process and inte-
grate information from multiple types of data, such as text, 
images, and audio. 

Neural Network: A computational model inspired by the 
structure of the human brain, composed of interconnected 
nodes (neurons) that process information.

No Shot Learning: A style of prompt for a chat-based model 
that does not provide any examples of the desired output. 
Also known as Zero Shot Learning.

One Shot Learning: a style of prompt for a chat-based model 
that provides a single example of the desired output within 
the prompt.

Overhead (Clacks): A concept from Terry Pratchett’s Dis-
cworld, referring to the communication and management 
messages within an information network.
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Practical Necromancy: As used in this book, a metaphor for 
using AI in unconventional ways to uncover hidden infor-
mation and challenge established practices, going beyond 
the “official” or prescribed uses of AI technologies. An ap-
proach that encourages experimentation and breaking AI 
tools in order to understand their limitations, reveal hid-
den patterns, and engage critically with technology.

RLHF (Reinforcement Learning from Human Feedback): 
A machine learning method that refines models based on 
human feedback, often to enhance their natural language 
capabilities and make them appear more human-like.

Symbolic AI: An earlier approach to AI that used formal sym-
bolic logic and rule-based systems to represent knowledge 
and solve problems.

Token: A unit of text used by language models, typically a 
word or word fragment, roughly ¾ of a word.

Transformer Model: A type of neural network architecture 
that is very effective for processing sequences of data like 
text.
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