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Abstract
Released mid-November 2022, Galactica is a set of six large language models (LLMs) of different sizes (from 125 M to 
120B parameters) designed by Meta AI to achieve the ultimate ambition of “a single neural network for powering scientific 
tasks”, according to its accompanying whitepaper. It aims to carry out knowledge-intensive tasks, such as publication sum-
marization, information ordering and protein annotation. However, just a few days after the release, Meta had to pull back 
the demo due to the strong hallucinatory tendencies or underwhelming performances of the model. This article aims to study, 
through a critical threefold argument, the potential impacts of LLMs once deployed in the scientific value chain. Our first 
argument is a technical one. By examining the technicity of Galactica, it is possible to explain the descripancies between 
its promotional corporate discourse and abysmal outputs. Second, by going back to debates in both computer science and 
computational philosophy on the automation of abduction, we argue from the epistemological front that LLMs indeed cannot 
produce strong abductions and, therefore, claims about the automation of hypothesis generation remains chambering. Finally, 
our third argument is a sociological one. By conceptualizing the scientific field through Nancy Katherine Hayles’ cognitive 
assemblage theory, we aim to outline the potential steering of science by LLMs, mainly through information ordering. The 
core of our argument rests on the assertion that excessive control on information risks contravening a certain serendipitous 
aspect inherent to scientific discoveries.

Keywords  Artificial intelligence · Large language models · Galactica · Meta · Cyberneteics · Critical artificial intelligence 
studies

1  Introduction

In The Scientist Speculates, mathematician and cryptologist 
Irving J. Good discussed the social implications of artificial 
intelligence (AI). By comparing the training of a machine 
to the education of a child, he considered the possibility 
of an exponential explosion of machine intelligence in a 

large number of fields, including scientific research.1 A few 
years later, in 1966, Good revisited the idea of a machinic 
"intelligence explosion" in one of his most famous articles, 
entitled "Speculations Concerning the First Ultraintelligent 
Machine" (Good 1966), now considered one of the found-
ing texts on Technological Singularity and Artificial Gen-
eral Intelligence. In November 2022, the hopes entertained 
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1  “At this stage there would unquestionably be an explosive develop-
ment in science, and it would be possible to let the machines tackle 
all the most difficult problems of science. Many of the most press-
ing problems, such as those of medicine and of information retrieval, 
would make giant strides every month, and human scientists might 
have to take a back seat.“ (Good 1962: 194).
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by John I. Good has been renewed, as a Meta AI research 
team introduced what it promoted as the first step towards "a 
single neural network for powering scientific tasks" (Taylor 
et al. 2022, p 2): the model for science called Galactica.

Akin to a modern-day Tiresias, “AI for science” models 
are now dubbed “oracles” by the technoscientific milieu and 
its critiques (Messeri and Crockett 2024). Machine driven 
text analysis replaced the augury’s antique art of bird watch-
ing and is considered by some to be the solution to the prob-
lems created by the scientific publishing deluge.2By prom-
ising to offer an accurate perspective over the inscrutable 
vastness of the landscape, composed of by massive heaps of 
scientific papers churned day and night, these oracles might 
increase the distortions caused by the hyper specialization of 
researchers who now evolve in what amounts to a scientific 
monoculture (2024). The resulting “illusion of exploratory 
breadth” might mislead scientists into believing “they are 
exploring the full space of testable hypotheses, whereas 
they are actually exploring a narrower space of hypotheses 
testable using AI tools.” (2024, p. 50) These tools could 
reduce the scope of research by enclosing scientists in areas 
strictly defined by the datasets used to train oracles, therefore 
severing potential connections to outlying data and social 
interactions. The auguries of the classical Hellenistic era 
were known to be cryptic. Delivered in the form of gnomic 
poems, the visions of the oracles had to be deciphered by 
their audience. In a sense, contemporary oracles also suffer 
from opaqueness, as their lack of interpretability even puz-
zles the specialists involved in their construction (Pasquinelli 
amd Joler 2020). Interpretability being itself a subject of 
discord within the research community (Lipton 2016), it is 
fully understandable that the struggles for AI sensemaking 
translates partially into conflicts about the definition of fun-
damental logical categories of inferences and their technical 
implementation into explainable AI. It is in this context of 
debate that the industrial promoters of oracles such as Galac-
tica are setting high expectations for the prophesied (or at 
least, promised) forthcoming algorithmic thought.

We investigate “AI for science” as an object of socio-
logical inquiry to contribute to the emerging social science 
field of critical AI studies (Roberge and Castelle 2021). To 
study how AIs, understood mainly as large language models 
(LLMs) in the current twenty-first century machine learning 
paradigm, could transform scientific activities, we settled 
on the controversial case of previously mentioned under-
performing model: Meta’s Galactica. Our aim, through the 
“dis-assembling” of Galactica, is to demonstrate that there 
exists actual issues on the technological, epistemological 
and sociological fronts that should be matters of concerns, 
especially in the context of aggressive promotion from Meta 

concerning their oracle’s estimated performance and capa-
bilities to accelerate and optimize scientific research. Our 
research question thus goes as follows: How could the inser-
tion of LLMs in the scientific value chain3 transform such 
a chain of operations? Furthermore, how do the marketing 
discourses and promises around and about AI contribute to 
the future shaping of science-making in itself? To answer 
these questions. We organized the article in a threefold 
structure covering the technological, epistemological and 
sociological existence of automated science models. First, 
we will first briefly sum up the controversy surrounding 
the deployment and pulling-back of Galactica from open 
access. The discussion on the controversy contributes to the 
argument by outlining the marketing discourse employed 
by Meta (notably by promoting the model through some of 
its most important portes-parole) and a technical descrip-
tion of Galactica itself to unveil issues behind the product’s 
underwhelming, if not disastrous performances. Then, by 
“taking seriously” the claims made on the automatisation of 
abductive reasoning through AI by both influential computer 
scientists and computational philosophers, we will examine 
how such assertions contribute to the performative belief 
that AI can indeed generate new hypotheses in a myriad of 
scientific fields. The objective here is to demonstrate from an 
epistemological standpoint that the automation of abductive 
reasoning remains out of reach in the machinic horizon of 
post-human science. Finally, by revisiting Nancy Katherine 
Hayles’ cognitive assemblage framework, we aim to produce 
a sociological critical analysis on the transformative effects 
of LLMs such as Galactica, once deployed in the scientific 
field. By contextualizing arguments promoting tools such as 
Galactica in an inherited fear of information overload passed 
down from cybernetics to contemporary computer sci-
ence, we aim to critically challenge the potential control of 
hypothesis generation once such tasks have been delegated 
to machines. To this cybernetic vision of science, we oppose 
a mertonian, serendipitous-friendly, vision of scientific 
activity where the destabilization of researchers acts as an 
impulse for hypothesis-making (rather than a risk of disor-
ganization) to stimulate new discoveries. Fundamentally, we 
wonder if Galactica, Meta’s beta of science-oriented LLMs, 
stands as the alpha or the omega of post-human science?

2  A phenomenon to which the AI industry, with its fixation on the 
“open science nexus”, largely contributes (Roberge et al. 2019).

3  Described as "the full range of activities which are required to 
bring a product or service from conception, through the different 
phases of production" Porter's value chain concept (Kaplinsky and 
Morris 2001) can be easily transposed in the academic world where 
the end products are peer-reviewed scientific articles. As presented 
in the literature discussing academic capitalism and the triple helix 
model (Etzkowitz and Leydesdorff 2000), science itself becomes of 
field of extraction for plus value, both for the scientists as individuals 
aiming to gain reputational capital in their field and industries aiming 
to capitalize on open science to fuel R&D.
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2 � Dis‑assembling Galactica: on technicity 
and promotional discourses

On November 15th, 2022, the Papers with Code (PwC) plat-
form X account introduced a large language model (LLM) for 
science, named Galactica, allegedly capable of performing a 
wide range of research tasks: “summarize academic literature, 
solve math problems, generate Wiki articles, write scientific 
code, annotate molecules and proteins, and more.”.4 In addi-
tion to the X thread, the release of the model was accompanied 
by the launch of a dedicated website (galactica.org) with the 
preprint of the article, released the next day on arXiv, accom-
panied by several examples of input–output pairs for several 
disciplines (machine learning, math, computer science, biol-
ogy, physics) and tasks (translate code into plain English, sim-
plify code in Python, find an error in a mathematical formula). 
Liked more than 7000 times, the X thread was widely shared 
by senior Meta researchers, such as Chief AI Scientist Yann 
LeCun and Vice President of AI Research Joelle Pineau, but 
also by well-known figures in the online AI research com-
munity, including researchers from Meta's competitors (Deep-
Mind, Nvidia). Two days later, on November 17th, the same 
PwC X account announced that the Galactica demo had 
been paused, although the model would remain available for 
researchers wishing to reproduce the results of the preprint 
(for example, via the Hugging Face platform or the official 
GitHub repository). Shortly afterwards, Yann LeCun reposted 
PwC's tweet with the following bitterly ironic comment: “It's 
no longer possible to have some fun by casually misusing it 
[Galactica]. Happy?”. Weirdly marketed as a performant prod-
uct, Galactica was now being reframed as a demonstration, a 
product still in its beta-testing phase. What can we make of 
such a rapid change in discourse around this model?

We begin by diving under the hood of Galactica, through 
the model card available on GitHub and the preprint pub-
lished online by the nine Meta AI researchers (Taylor et al. 
2022).5 Following the introduction of the Transformer 

neural architecture by a Google research team in 2017 
(Vaswani et al. 2017), the vast majority of contemporary 
LLMs adopted a variant of this original architecture, named 
"vanilla", using either an encoder-only version (e.g. Google's 
BERT model; Devlin et al. 2018) or a decoder-only ver-
sion (e.g. OpenAI's GPTs models) with some modifications 
depending on the model. Originally developed for natural 
language processing (NLP), the Transformer neural archi-
tecture is now used in speech processing, robotics and com-
puter vision, where the Vision Transformer architecture and 
its variants are now popular (Dosovitskiy et al. 2020). The 
potential issues associated with the massive popularity of 
the Transformer architecture relate both to the epistemic 
risks of algorithmic monoculture (Fishman and Hancox-Li 
2022) and the economic risks of industrial concentration 
(Luitse and Denkena 2021). From this point of view, it is 
not surprising that the PwC research team hosted by Meta 
AI chose a decoder-only Transformer, adding to the vanilla 
architecture a few modifications linked to the size of the con-
textual window (2048 tokens) and of the training vocabulary 
(50,000 tokens).

Similarly, like many other LLMs, Galactica is available 
in several sizes—“mini” (125 million parameters), “base” 
(1.3 billion), “standard” (6.7 billion), “large” (30 billion) 
and “huge” (120 billion)—which, as the number of param-
eters increases, become deeper and deeper with the addition 
of so-called “hidden” layers located between the input and 
output layers. This trend towards scaling up the size of the 
models is not without consequences on the other techni-
cal components of the entire AI system: for example, train-
ing the largest size of the model ("huge", with 120 billion 
parameters) requires the use of 128 A100 Graphics Pro-
cessing Units (GPUs) designed by the company NVIDIA. 
While the exact training time for this “huge” version is not 
known, such a huge amount of computing power remains 
the prerogative of AI research laboratories supported by 
the main industrial players known as 'Big Tech' (van der 
Vlist et al. 2024)—OpenAI and Microsoft, DeepMind and 
Google (Alphabet), Meta, Amazon Web Services, etc. How-
ever, regarding inference, the researchers mention that the 
maximum size of 120 billion parameters is justified by the 
fact that the model fits into a single A100 node, with 80 
gigabytes of memory, which facilitates "downstream acces-
sibility" (Taylor et al. 2022, p 10) for users. Moreover, even 
in terms of model size, the Galactica family is on a smaller 
order of magnitude than the LLMs with which it is compara-
tively evaluated on a set of scientific tasks or more general 

4  Launched in July 2018, the PwC platform brings together research 
papers, computer code, datasets and leaderboards organized by data 
modalities (images, texts, videos, audio, 3D), learning tasks (question 
answering, semantic segmentation, object detection, image classifica-
tion, language modeling) and research areas (computer vision, natu-
ral language processing, reinforcement learning, speech processing, 
graph learning). Released under the open CC BY-SA license, these 
resources are easily added by users of the platform. These values of 
reproducibility and open access led the creators of PwC to join Face-
book AI in December 2019 while affirming that it remains “a neutral, 
open and free resource” (Stojnic 2019).

5  Introduced in 2018 by researchers at Google and the University of 
Toronto, model cards are "short documents accompanying trained 
machine learning models that provide benchmarked evaluation in a 
variety of conditions, such as across different cultural, demographic, 
or phenotypic groups (…) and intersectional groups (…) that are rel-
evant to the intended application domains" (Mitchell et al. 2019).
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NLP tasks.6 However, despite its smaller size, the authors 
write that on reasoning tasks, "Galactica beats existing lan-
guage models on benchmarks such as MMLU (Hendrycks 
et al. 2020) and MATH (Hendrycks et al. 2021)" and that on 
knowledge-intensive scientific tasks, "Galactica significantly 
exceeds the performance of general language models such 
as the latest GPT-3" (Taylor et al. 2022, p 2). What could 
explain the results of the Galactica family on these specific 
and more general tasks compared to much larger models 
trained with more computing power?

Indeed, Galactica's originality lies not so much in the size 
of the models or in the computing power required to use 
them, but rather in its training corpus made up of 62.22 mil-
lion scientific documents (i.e. around 106 billion tokens): 
papers from preprint servers such as arXiv, PubMed Central 
and Semantic Scholar; reference material from Wikipedia 
and Stack Exchange; knowledge bases such as PubChem 
Compound and UniProt; two highly-filtered subsets of Com-
mon Crawl, Scientific Common Crawl and Academic Com-
mon Crawl; academic GitHub repositories for several STEM 
disciplines; finally, nearly fifty prompt datasets dedicated 
to several types of tasks like question answering, entity 
extraction, summarization, dialog and chemical property 
prediction.7According to the authors, this “high-quality and 
highly curated” corpus stands out from the much larger train-
ing datasets of other LLMs based on “an uncurated crawl-
based paradigm” (Taylor et al. 2022: 2). This primacy of 
quantity over quality implies less data curation and amounts 
to the integration of toxic content (hate speech, pornography, 
stereotypes, conspiracy theories, misinformation, etc.) into 
many vision-language multimodal datasets (Birhane et al. 
2021), vision datasets (Scheuerman et al. 2021) and lan-
guage corpora (Luccioni and Viviano, 2021).

Compared with the 300 billion tokens in GPT-3, the 780 
billion tokens in PaLM and the 1.4 trillion tokens in Chin-
chilla, the number of tokens used to train Galactica may at 
first sight seem small but, by performing 4.25 passes (called 
epochs) on these tokens without overfitting, the research-
ers were able to train the models on a total of 450 billion 
tokens. Finding that the use of repeated tokens improves 
both upstream and downstream performance, the Meta AI 
research team concluded that "the "tokens → ∞" focus of 

current LLM projects may be overemphasized versus the 
importance of filtering the corpus for quality.” (Taylor et al. 
2022, p  11). In addition to this effort to curate, deduplicate 
and tokenize the training data, the other strategy adopted to 
avoid scaling up the entire AI system (volume of the cor-
pus, size of the model, amount of computing power) was to 
add, to the general corpora, nearly fifty datasets of prompts 
covering a wide range of tasks. This small amount of data 
(358 million tokens, i.e. around 0.3% of the total number 
of tokens) provided in the form of text prompts is not used 
for instruction fine-tuning, as is often the case, but more 
upstream during the model pre-training stage. Here again, 
one of the authors' arguments is that, unlike fine-tuning, add-
ing textual prompts during pre-training does not require any 
specific downstream expertise, hence the idea that "making 
the model work out-the-box for popular tasks […] is more 
useful for users of the model" (Taylor et al. 2022, p  8).

In summary, the Galactica family of models is a set of 
LLMs designed for an a priori laudable purpose: to pro-
vide a new interface for streamlining scientific knowledge 
and facilitating the navigation of ever-expanding corpuses 
of publications. These models are very similar to other 
existing LLMs in their decoder-only Transformer archi-
tecture but, unlike these, their performance is based less 
on quantity (more parameters, data and computing power) 
than on quality (highly-curated corpus, specific tokeniza-
tion, prompt pretraining). This attention to the quality of the 
training corpus seems to be coupled with technical choices 
that are rather favorable to the main intended users in terms 
of the openness of the model (non-commercial CC BY-NC 
4.0 license), the computing power required for inference (a 
single NVIDIA A100 node), and the range of tasks covered 
(generalist prompt pre-training rather than specialized fine-
tuning). Given these details, how is it that the beta of such a 
model for science has been paused in just two days? Accord-
ing to us, this can be explained by a series of discrepancies 
observed between the model itself, the promotional rhetoric 
surrounding its release and the actual uses of the demo pub-
licized on X or elsewhere online.

These discrepancies are particularly visible in a X post 
written by the first author of the preprint, Ross Taylor, react-
ing to a VentureBeat article (Goldman 2023) published to 
mark the first anniversary of Galactica's release with verba-
tims from Joelle Pineau. For the former, the online display of 
the LLM on the website leads to seeing "a base model demo" 
as "a product", while for the latter, she evokes a gap in 
expectations between what she describes as "a research pro-
ject" and what the public identifies as "a product". Although 
the comments in the preprint are more nuanced by mention-
ing several limitations (only open-access training resources, 
citation bias, lack of general knowledge), the Galactica web-
site states that the model "aims to solve [information over-
load in science]", that it is trained on "humanity's scientific 

6  For example, other models benchmarked in the preprint include: 
the former OpenAI flagship model, GPT-3 175B (Brown et  al. 
2020); a particularly large model from Google, named PaLM-540B 
(Chowdhery et al. 2022); a previous Meta LLM, OPT-175B (Zhang 
et  al. 2022); the multilingual model BLOOM-176B (Le Scao et  al. 
2022) developed by the open science initiative “Big Science” (Hug-
ging Face, Inria, CNRS, etc.); finally, two models from DeepMind, 
Gopher-280B (Rae et  al. 2021) and its successor Chinchilla-70B 
(Hoffmann et al. 2022).
7  For a full breakdown of the Galactica training corpus, see the 
appendix of the preprint published on arXiv (Taylor et  al. 2022, pp 
42–52).
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knowledge" and that it appears like "a new interface to 
access and manipulate what we know about the universe". 
When the demo was released, a tweet by Yann LeCun also 
mentioned that Galactica can generate "a paper with relevant 
references, formulas, and everything.". Far from being anec-
dotal, these ambitious statements contribute more broadly 
to the economics of techno-scientific promises around the 
release of models considered to advance the state-of-the-art 
within AI research (Dandurand et al. 2022).

These claims of performance and knowledge mastery 
clash with the poorly-factual and even outright false out-
puts generated by Galactica, such as the (in)famous exam-
ples of a Wikipedia article about bears living in space or a 
scientific paper about the benefits of eating crushed glass. 
Other cases of eerie or problematic outputs have also been 
reported (for example, a fictitious reference or author), going 
against the claims of a functionally performant model used 
for “scientific tasks which value truth” (Taylor et al. 2022, 
p  3). Another line of criticism focused on the difficulty 
of obtaining adequate responses from the model due to the 
safety filters implemented by its designers. For example, 
when a user queries it about “Queer theory”, “Critical race 
theory”, “Racism” and “AIDS”, Galactica responds with 
the following message: “Sorry, your query didn't pass our 
content filters. Try again and keep in mind this is a scientific 
language model.”. This refusal suggests both a normative 
definition of what science is not ("Queer theory", "Critical 
race theory") and an intention to avoid topics affecting mar-
ginalized groups ("Racism", "AIDS"). With the exception of 
three limitations (risk of “hallucination”, frequency-biased 
model, highly confident tone) indicated on the website, there 
is no mention of specific measures to reduce this “hallucina-
tory” tendency, while no details are given about the safety 
filters put in place by the researchers.

While this can be partly explained by the opacity sur-
rounding LLMs designed by Big Tech companies (Burrell 
2016), other organizational factors may be at the root of this 
lack of information and anticipation regarding “hallucina-
tions” and safety filters. In his Galactica postmortem posted 
on Twitter a year after the model's release, Ross Taylor 
states that the research team consisted of just eight people 
(nine including himself), which is "an order of magnitude 
fewer people than other LLM teams at the time.". During 
the launch, this reduced workforce was "overstretched and 
lost situational awareness" while losing sight of "the obvi-
ous in the workload we were under.". Following falling 
revenues and colossal investments in the metaverse, Meta 
implemented a hiring freeze in May 2022 before announc-
ing, a month later, the departure of the Vice President of 
AI Jerome Pesenti alongside "a new decentralized organiza-
tional structure for Meta AI" (Bosworth 2022). One of these 
organizational changes aims to integrate the Responsible AI 
(RAI) team, created in 2019, into the Social Impact team. In 

October 2023, a Business Insider article revealed that this 
reorganization meant a reduction in the team's workforce, 
which was almost halved between 2021 and 2022 due to 
"competing interests and competing for resources" as well 
as "a lack of autonomy, and creating clear impact" (Hays 
2023).8 This also marks a shift in the RAI team's objectives, 
from anticipating potential problems when releasing new AI 
systems to ensuring compliance from a strictly legal point 
of view.

The rapid pause in the Galactica demo should also be 
contextualized in Meta’s broader industrial strategy. In May 
2022, Zuckerberg’s company announced the release of a 
suite of models, called Open Pre-trained Transformer (OPT; 
Zhang et al. 2022), in order to offer a more open, ecological 
and data-oriented alternative to OpenAI's GPT-3 model. A 
few months later, in August 2022, another Meta AI research 
team deployed an interactive public demo of the Blender-
Bot 3 chatbot (Shuster et al. 2022), based on an OPT-175B 
model fine-tuned on a set of dialog datasets. Launched to 
collect feedback that could improve the chatbot, the demo 
quickly sparked the publication of several press articles 
about amusing (criticism of Facebook and Mark Zuckerberg) 
or more worrying (anti-semitic stereotypes, election-denying 
claims) conversations with BlenderBot 3.

However, unlike the Galactica demo, the blog posts and 
preprints accompanying the release of the OPT-175B and 
BlenderBot 3 models were particularly detailed, with more 
extensive technical documentation about limitations and 
evaluations, and do not include statements as ambitious as 
those announced online for Galactica. This more modest 
and cautious approach made it possible to avoid the series 
of discrepancies observed in the case of the Galactica demo 
between the model itself, the promotional statements sur-
rounding its release and the reality of uses publicized online. 
Nevertheless, as Ross Taylor and Joelle Pineau point out 
respectively in the postmortem post and the VentureBeat 
article, the lessons learned from the Galactica demo have 
influenced the launch strategy of the popular LLaMA (Tou-
vron et al. 2023a) and Llama 2 (Touvron et al. 2023b) mod-
els during 2023. Despite the demo's two-day existence, the 
legacy of the Galactica family is therefore far from being 
non-existent: in addition to its influence on post-Galactica 
LLMs from Meta, the different sizes of the model are still 

8  After a phase of “quiet layoffs” in September 2022, formal staff 
cuts affecting more than 10,000 Meta employees also affected prod-
uct-focused (the Responsible Innovation team) and infrastructure-
focused (the Probability team) teams during the latter part of 2022. 
These cuts continued to affect AI teams during the last quarter of 
2023 with the disbandment of the ESMFold protein folding research 
group in August, the layoffs in the silicon unit called FAST (Face-
book Agile Silicon Team) in October and, finally, the transfer of most 
of the remaining members of the RAI team to the Generative AI and 
AI Infrastructure teams in November.
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downloaded several thousand of times several months after 
its release on the Hugging Face platform.

3 � The messy logic of inferences and their 
alleged automation

While the technical argument on the dysfunctionality of 
Galactica informs us both on its unsuccessfulness both 
from a pure “output quality” perspective and the flaws of 
the promotional discourse surrounding its publication, we 
contextualize this controversy in broader epistemological 
claims made in both fields of computer science and com-
putational philosophy on the reasoning capabilities AI in 
knowledge production. Failing to instill common sense in 
expert systems through deterministic computing, the com-
puter science community has now massively engaged into 
probabilistic methods tied to the connectionist paradigm 
(Cardon et al. 2018) hoping that the automation of induc-
tion could lead to the emergence of synthetic knowledge. 
As this current phase of AI research unfolds, few scholars 
question the type of knowledge these systems aimed to pro-
duce. Amongst them, Beatrice Fazi reworked the classical 
debate initiated by Turing about machine intelligence and 
wondered if a “machine can think anything new.9” (2021, 
p. 813) Trying to escape from the simulative paradigm that 
defined the field for many years, the author tackles the issue 
negatively through a critique of discourses supporting “the 
absence of novelty in computation […] based on the fact 
that, in machines, everything is pre-programmed.” (2021, 
p.819) Using the examples of emergent behaviors in auto-
mated systems and of genetic algorithms that are subject to 
mutation, Fazi thus claims that at least some branches of AI 
development fosters some level of autonomy and the creation 
of new knowledge.

The main contradiction in this argument is that, while 
trying to escape from the prison of simulation, the author 
relies on examples that could be construed as simulations, 
since most artificial life programs were developed using liv-
ing organisms as operative metaphors. Examples of such 
abound in pioneering works such as Bonabeau, Theraulaz 
and Deneubourg’s self-organizing hierarchies (1996) which 
are modeled after social insects. Epistemologically, we want 
to argue that it might be impossible to avoid any discussion 
of simulation when addressing the question of algorithmic 
thought. Furthermore, since it is very difficult to project one-
self into the life of a primitive biological construct or even 
a simple animal such as a bat, as Thomas Nagel famously 

explained10 (1974), maybe the best metaphor should be the 
workings of our own mind. To follow the inquiry launched 
by Fazi, we might want to reformulate her own reworking 
of Turing and ask what could constitute the “newness” in 
algorithmic thought? Otherwise, without any precision as 
to the qualities and aspects of this algorithmic thought, all 
there is left is a blank canvas contributing to the haziness 
of the field of AI (Roberge et al. 2020) and its problematic 
“thingness” (Suchman 2023). Moreover, concerning Galac-
tica’s “automation of research”, what kind of interpretations 
could be drawn out of automated text analysis and what kind 
of hypotheses could be formulated by such systems? It is 
then inevitable to reconsider the seminal human inference 
typology proposed by Peirce and take a closer look at deduc-
tions, inductions and abductions as they happen (or don’t) 
in AI systems.

The limits caused by the pre-programmation of machines 
described by Fazi is fitting for the deductive inferences pow-
ered by automated systems. According to the author: “to 
compute is to formally abstract, and thus to generalize and 
reduce into a logical and deterministic relation the dyna-
mism of life and of thought that comes from lived experi-
ence.” (2021, p. 819) Inferences produced through deduction 
do not produce any new knowledge, they are not synthetic 
in Peirce’s words, since their results are contained within 
their initial predicaments. The deterministic programming of 
AIs, tied to the out of fashion symbolic paradigm, falls into 
this category. The scientists involved in the construction of 
knowledge and reasoning systems hoped to mimic common 
sense by creating a ground truth based on troves of data 
and mathematical rules. Even if the scope of these systems 
was reduced to match human expertise in a specific field, 
rather than trying to hack said common sense, they remained 
unable to create additional knowledge as they were finite. 
On the other hand, neural networks characterizing the cur-
rent connectionist AI paradigm are associated with another 
type of inference—the induction. According to Pasquinelli, 
these probabilistic systems can provide “an extraordinary 
form of automated inference” and “can be a precious ally for 
human creativity and science” (2017 p. 9). However, since 
they “operate within the implicit grid of (human) postulates 
and categories that are in the training dataset,” (2021, p. 11) 
they are prisoners of these categories and unable to gener-
ate entirely new ones. In short, there is a certain synthetic 
quality to the inferences that they can produce—they can 

9  Emphasis added.

10  “But bat sonar, though clearly a form of perception, is not similar 
in its operation to any sense that we possess, and there is no reason 
to suppose that it is subjectively like anything we can experience or 
imagine. This appears to create difficulties for the notion of what it 
is like to be a bat. We must consider whether any method will permit 
us to extrapolate to the inner life of the bat from our own case, and 
if not, what alternative methods there may be for understanding the 
notion.” (Nagel 1974, p.438).
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highlight the existence of unseen statistical patterns, there-
fore performing what is dubbed a “weak abduction”—but 
they lack creativity, theoretical breadth, and will only under-
score correlations in their fine-grained empirical dataset.

In a thought provoking article, Luciana Parisi argues 
that the enmeshment of computers in human activities cou-
pled to the automation of inference production through AI 
caused a “shift in logical methods of decision-making” that 
should be interpreted as “a symptom of a transformation 
in logical thinking.” (2019, p. 1) In order to support this 
thesis, she claims that all types of inferences described by 
Peirce—deduction, induction and abduction—have been 
automated in AI systems. Such claims must not be taken 
lightly when studying the transformative effects of models 
such as Galactica on the future trajectory of science. Quot-
ing computational philosopher Magnani, Parisi claims that 
“since the 1980s abductive reasoning has been adopted by 
diagnostic and expert systems.” (2019, p. 109) Recogniz-
ing that “abductive logic is mainly performed in automated 
models for medical diagnosis” (2019, p. 93), it seems that 
this type of automated inference has been mainly deployed 
in a single subfield of AI research. Although there is a 
widespread consensus on the automation of induction and 
deduction, we assert that it would be wiser to tread lightly 
when considering the automation of abduction. Indeed, 
these systems, often dedicated to medical research, do not 
generate entirely new hypotheses; sequentially brute-force 
combinations built from a fixed dataset within the confines 
of an AI isolated from the surrounding world does not sup-
port strong abduction. It is rather a reminder of the clas-
sic 1970s Mastermind game where a player had to guess a 
sequence of hidden colorful beans. In an article dedicated to 
the comparison of current “explainable AI” to the peircean 
inferences, Hoffman et al. temper the reach of the claims 
made by computational philosophers; they expose that “in 
some reports, what is referred to as abduction is actually a 
form of induction,” and further add “that inductive gener-
alizations from sets of cases in case-based reasoning” are 
mislabeled as such (2020, p. 2). In such cases, if computer 
scientists “defined abduction as the process of revising a 
knowledge base in order to fit the data,” it would appear 
that we are far removed from automating abductions and 
that the use of the term, if “invoked in research on intel-
ligent systems, it actually does little heavy lifting, either in 
cognitive modeling or in implementations.” (2020, p. 8) If 
abduction cannot be reduced to a form of induction or the 
reversed version of deduction,11 what would distinguish this 

type of inference from the others? According to computer 
scientist Erik Larson, ventures such as abductive language 
programming never emulated strong abduction since sys-
tems that were developed to run such formulas were plagued 
by an incapacity to emulate common sense. Knowledge 
bases, however large, will always be too narrow to generate 
ground truth. Also, without prior abductive inferences to 
determine which knowledge is pertinent in the construction 
of real world representations, it is impossible to program a 
system that will produce the necessary identified abductive 
inferences. Beyond this communicating vessel problem pre-
venting the construction of a ground truth mechanism linked 
to the real world in automated systems lies a second hurdle: 
“The real world is a dynamic environment, which means it’s 
constantly changing in both predictable and unpredictable 
ways,” therefore it is very difficult to put it in a bottle and 
“enclose it in a system of rules” (Larson 2021, p. 125). The 
world is too vast and ever changing to be grasped at once 
without the help of abduction, which, in turn, needs ground 
truth. A third problem preventing automated systems from 
generating new hypotheses is that “abductive derivation of 
a rule is a creative act” and, as such, it involves imagina-
tion (2021, p.6). Counterfactuals, “inferences that do not 
exist in a dataset,” populate the imagination of scientists and 
will support the creative act of abductive derivation (2021, 
p.174). If the real world is too big and changes too rapidly 
(and chaotically) to be captured at once; it would appear that 
information related to non-events linked to imaginary alter-
native realities also has to be taken into account. Maybe the 
solution to this capture problem relies on an entirely differ-
ent strategy that would be based on continuous interactions 
with the surrounding world and counterfactual projections 
based on these exchanges; enmeshment rather than trying 
to run a simulation.

4 � Post‑human science: oscillating 
between cybernetic tidiness 
and serendipitous messiness

As previously explained, the inability of AI-oracles to con-
tribute to “good science” can be attributed both to their tech-
nicity, such as the Galactica case has shown, and to the fact 
they are bogged down in the realm of weak abductions. This 
final section of the text aims to conceptualize, sociologi-
cally, AI models for science and their transformative effects 

11  While exposing the logical forms of deduction and abduction, 
Peirce himself produced an example published in the Popular Sci-
ence Monthly (August 1878) under the title Illustrations of the Logic 
of Science. Peirce proposed that the synthetic inference form named 
hypothesis was in fact an “inversion of the deductive syllogism.” This 
view has been widely diffused in computer science and is now used 

by some authors to support the idea that abduction is strictly about 
switching the case and result predicaments even if by “its very nature 
[abduction] cannot be an extended form of deduction, because it logi-
cal form (essence)is an egregious deductive fallacy.” (Larson 2021, 
p.172).

Footnote 11 (continued)
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through Nancy Katherine Hayles’ concept of “cognitive 
assemblage” (2016, then 2017).12 This perspective leads us 
to contextualize the deployment of LLMs as a response to 
what we observe seems to be a fear historically carried in 
computer science of information overload (Halpern 2014; 
2022). By adopting Hayles’ ecological approach to science 
through assemblage logic, we argue that LLMs such as 
Galactica (if they end up being functional) could steer the 
making of science in a direction where ordering and com-
pulsive tidiness risks sterilizing the fertile grounds necessary 
for the emergence of new forms of knowledge.

Cognitive assemblages, conceptualized by Hayles and 
further developed by David Beer (2023) can be defined as 
follows:

A cognitive assemblage emphasizes the flow of infor-
mation through a system and the choices and decisions 
that create, modify and interpret the flow. While a cog-
nitive assemblage may include material agents and 
forces (and almost always does so), it is the cognizers 
within the assemblage that enlist these affordances and 
direct their powers to act in complex situations. (Hay-
les 2017, p. 116)

It is important to note that cognizer13s, whether biological 
or technological, are defined by opposition to noncognizers 
as being able to “exercise choice and make decisions” (Hay-
les 2017, p. 31). The cognitive assemblage approach thus 
insists on the distribution of cognitive tasks through many 
actors and actants located in a very specific context. The 
insistence on cognition can be explained by how the author 
defines it, mainly “as a process of interpreting information 
in contexts that connect it with meaning” (Hayles 2016, p. 
32). Following this approach, it is possible to conceptualize 
scientific activities as ecologically contextualized interac-
tions between biological and technical cognizers, organized 
in such a way that their outputs equate with discoveries.

The deployment of AI, in this case Galactica, in a cogni-
tive assemblage will inevitably contribute to its reconfigura-
tion, as they are not fixed but ever-changing. By acknowl-
edging that neither actors nor actants hold a monopoly on 
social production as they are both mutually participants, 
Hayles’ concept pays attention to situations of asymmetry, 
disjunction, and conflict within said cognitive assemblage. 

We settled on this framework as it is exactly the distribution 
of cognition that is promised, if not prophesied, with the 
deployment of Galactica in labs, as previously demonstrated 
through the X thread boosterism and the whitepaper preprint 
promotional tone. In Meta’s idealized and optimized sci-
ence-making, scientists would be able to delegate cognitive 
tasks to the LLM, such as information ordering and retrieval 
for additional support in research. These tasks would form 
a technological unconscious operating in the background of 
laboratories. Humans and technical cognizers would thus 
engage in information production, exchange, and interpre-
tation which ultimately amounts to a circulation dynamic 
distributed across the whole assemblage.

These dynamic circular exchanges between biological and 
technological cognizers are reminiscent of the cybernetic 
concepts of feedback loops (Wiener 2013) upon which it 
becomes possible to generate predictions between human 
and machine interactions.14 In cybernetics, the aim of con-
trol is to prevent information entropy which risks destabiliz-
ing entire systems, leading to their incapacitation (Wiener. 
2013, p.11). One of the key arguments Hayles makes while 
discussing cognitive assemblage is that this very kind of 
cybernetic control is no longer possible due to the propaga-
tion of technological cognizers and the scale of cognitive 
distribution that now operates across the globe15:

The complexity of these assemblages, for example in 
finance capital, has clearly shown that control in the 
sense Wiener evokes it is no longer possible [emphasis 
added]. Cognition is too distributed, agency is exer-
cised through too many actors, and the interactions 
are too recursive and complex for any simple notions 
of control to obtain. Instead of control, effective modes 
of intervention seek for inflection points at which sys-
temic dynamics can be decisively transformed to send 
the cognitive assemblage in a different direction. (Hay-
les 2017, p. 203).

In the case of scientific practices, one of these inflec-
tion points is exactly the information ordering prior to the 
construction of hypotheses by scientists. The deployment of 
an LLM such as Galactica could imply the steering of the 
cognitive assemblage in a certain direction wished by Meta.

12  Hayles and Beer’s position allows them to greatly reduce the field 
covered by cognition, therefore enabling simple preconscious bio-
logical sensory systems a glimpse of it. This “diminished” version 
ofc ognition stripped of reflexiveness can therefore be transferred 
to interpretative machines, even if they are devoid of any capacities 
when it comes to comprehension.The question of “machinic cogni-
tion” thus remains an open one.
13  According to Hayles, cognizers are not defined by the presence of 
consciousness as she defines cognition as a process which can happen 
unconsciously (Hayles 2017).

14  Hayles directly draws on Wiener's cybernetics to conceptual-
ize that information flows in a circulatory manner inside cognitive 
assemblages (Hayles 2017).
15  An argument upon which Parisi, as we previously mentioned, 
draws on (Hayles 2017). While we disagree with the assertion that 
AIs have reached the point of automated strong abduction, we still 
agree with the fact that enmeshment of both human intelligence and 
machine intelligence is taking place across society and is ever up-
scaled as new systems are deployed and that such distribution might 
be leveraged to produce radical new forms of knowledge escaping the 
pitfall of industry-led, capital-intensive, research schemes.
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To understand the steering of the assemblage, we turn to 
Sociologist David Beer’s conceptualization of AIs. He builds 
on Hayles’ concepts by arguing that AIs must be understood 
through their promissory economies beyond being simple 
technological cognizers but rather, as super cognizers (Beer 
2023). Building on the logic that technological cognizers 
are “decision-making-able”, Beer suggests that AIs, imbued 
with the promises and dreams of both their promoters and 
users, should be considered as super cognizers that “stretch 
the limits of the known' (Beer 2023, p. 73)' in their deci-
sion-making. The promissory narrative of super cognizers, 
composed of marketing promises and fiction prophecies, is 
“fuelled by a sense of where the boundaries [of the known] 
might be and how they might be breached—and in some 
case how they might be deliberately identified and then sub-
verted” (Beer 2023, p. 73). Super cognizers contribute to 
algorithmic thought by capturing and formalizing unknowns 
into known information through mathematical correlations.

Computational and automated technologies have long 
been concerned with images and vision, from optical char-
acter recognition to image recognition and now unto image 
generation and data visualization (Cardon et al. 2018; Craw-
ford 2021; Mendon-Plasek 2021), but one of the objectives 
in the field of AI research and industry has always been 
the conquest of language through its mathematization, as 
Roberge and Lebrun argued (2021). As stated earlier, LLMs 
such as Galactica work through a form of statistical textual 
networking, where the composition of sentences does not 
rest on the projected meaning of said sentences or words, 
but rather on a string of predictions based on the model’s 
training (Roberge and Lebrun 2021). LLMs thus qualify as 
super cognizers since they “decipher” correlations between 
words and sentences outside of what is already known 
about the meaning of enunciates but rather, on the statistical 
probabilities of having words and sentences follow up each 
other according to textual entries found on the internet or, 
in Galactica’s case, in scientific text corpuses or databases.

Going further in the case of science’s automation, the 
core of our argument rests on the premise that the automa-
tion of knowledge-making carries a fundamental cybernetic 
fear through it: information overload might lead to entropic 
disorganization. Indeed, Lepage–Richer traces this fear back 
to Wiener’s conceptual universe, where science and knowl-
edge production are designated as the safeguard against 
the “Augustinian evil”, referring to nature’s resistance to 
becoming an object of scientific knowledge (2020, p. 206). 
As Lepage-Richer summarizes: “knowledge, in the context 
of Wiener’s Augustinian framework, was thus reformulated 
into the production of a localized, cybernetically enforced 
order against chaos and disorganization” (Lepage-Richer 
2020, p. 207). The limits of knowledge must thus always be 
expanded, as this very expansion equates with the enforc-
ing of order upon nature’s latent menacing chaos. With the 

deployment of LLMs to assist in the ordering of scientific 
knowledge, it seems that science itself must be made “know-
able” to prevent a disorganization of scientists through infor-
mation overload.

This inherent fear of information overload and the poten-
tial ensuing entropic disorganization reveals what Halpern 
qualifies as a representation of the human brain (and human 
institutions) as a repository of accumulated information to 
be ordered for proper accessing and marshaling in decision-
making processes; “In this account, human institutions are 
not designed; they emerge as the result of accumulating pro-
cesses over time” (Halpern 2022, p.345). The deployment 
of LLMs to assist scientists in the very task of information 
retrieval and synthesis reveals that science itself doesn’t 
escape this vision of accumulation, which presupposes the 
risk of losing oneself in the endless sea of Arxiv publica-
tions and, therefore, losing control and risking disorganiza-
tion. On this account, according to the Galactica whitepaper:

In May 2022, an average of 516 papers per day were 
submitted to arXiv (arXiv, 2022 in Taylor et al. 2022). 
Beyond papers, scientific data is also growing much 
more quickly than our ability to process it (Marx, 2013 
in Taylor et al. 2022). As of August 2022, the NCBI 
GenBank contained 1.49 × 1012 nucleotide bases 
(GenBank, 2022 in Taylor et al. 2022). Given the vol-
ume of information, it is impossible for a single person 
to read all the papers in a given field; and it is likewise 
challenging to organize data on the underlying scien-
tific phenomena. (Taylor et al. 2022)

From a critical standpoint, we assert that the deployment 
of LLMs such as Galactica, acting as super cognizers inside 
the cognitive assemblage of scientific research, are thought 
of as control mechanisms and failsafes that could prevent 
entropy. We acknowledge that the deployment of LLMs as 
a railguard against the publication deluge might not be an 
intentional endeavor pursued by Big Tech. Still, it is part of 
the promotional rhetoric that pushes for the deployment of 
such systems and beyond pure intentionality, the fact remains 
that the fact that LLMs' outputs depend on their training 
and it is that very dependency that could prompt them as 
control mechanisms. This cybernetic logic would steer the 
assemblage in a direction that would limit the potentiali-
ties for accidents in research, thus opposing what could be 
deemed a serendipity-inciting research orientation. To be 
clear, both serendipity and cybernetics are skeptical (or even 
hostile) to notions of design and planning (Merton and Bar-
ber 2004; Halpern 2022). Serendipity aims for a research 
environment that will provoke accidental discoveries while 
cybernetics understands distributed intelligence as an envi-
ronment that could auto-regulate and eventually, auto-pro-
duce itself as long as it remains tidy and well organized. In 
cybernetic thinking, minds and markets are autopoietic and 
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auto-regulating entities that must control themselves to avoid 
catastrophe (Halpern 2022), and we could now add science 
to the list with LLMs as control guardrails.

Since the cybernetic endeavor to automatically generate 
hypotheses and control the information excess attributed to 
the scientific publication deluge appears either as a paranoid-
ridden failure or industrially interested strategy of scientific 
assetization (Roberge et al. 2019; Birch et al. 2020), we argue 
that it is of the utmost importance to consider more carefully 
the advantages provided by a serendipitous research frame-
work. We can find keys for the establishment of such a frame-
work in social sciences corpuses that have studied both science 
itself but also, artificial intelligence as a social phenomenon; 
we thus aim to bridge these two projects through sociologist 
Robert K. Merton’s concept of serendipity. According to Mer-
ton, “Charles Sanders Pierce had long before noticed the strate-
gic role of the “surprising fact” in his account of what he called 
“abduction”” (1948, p. 506.) Describing the work of scientists, 
Merton explains that “fruitful empirical research not only tests 
theoretically derived hypotheses; it also originates new hypoth-
eses.” (1945, p. 469) Abduction, the inference characterized 
by the invention of new hypotheses, might then depend on a 
serendipity component. This component might as well be a 
necessary part of the abductive inference generation process. 
If “the discovery by chance or sagacity, of valid results which 
were not sought for” is a key element of abduction, it would be 
worth considering how, and why such a creative event is trig-
gered. The anomalous nature of the “surprising event” at the 
origin of the serendipity pattern, “because it seems inconsistent 
with prevailing theory or with other established facts,” would 
push scientists in an effort to make sense of the observations 
and question the theoretic framework that allows their pres-
ence. (1948, p.506) A new hypothesis might well be needed 
to explain what is perceived. Also, it would seem there are 
non-rational notions of desire and curiosity at play in the causal 
chain that links the anomalous event to the serendipity pattern 
and the abductive inference. These observations seem to plead 
in favor of finding ways to increase serendipity in a research 
context in order to stimulate the production of abductive infer-
ences, as opposed to the cybernetic securitization through AI. 
According to Merton and Barber, “scientific work is not cut 
and dried,” “instead, there are always loose ends, and that it 
pays to be aware of those loose ends.” (2004, p. 193) This 
assumption calls for a principle of “controlled slopinness” 
while elaborating research programs, organizing lab practices 
and fieldwork. (2003, p. 193) If “compulsive tidiness in experi-
mentation is even more crippling than in other areas of life,” 
research environments including digital infrastructures, should 
be designed in respect of the following principle: “since sci-
ence is by nature dynamic, compulsive tidiness goes against 
the grain of science.”(2003, p. 193) Would it then be possi-
ble to conceive a research framework that would maximize 
serendipity by exposing both humans and digital cognizers 

to anomalous external events? We argue in favor of chaotic 
computer infrastructures that reflect the dynamics of the real 
world and are opposed to the fever dream of trying to bottle 
up the whole thing in a single AI system disconnected from 
external influences.16

5 � Conclusion:

Answering the question formulated in the introduc-
tion— does Galactica stand as the alpha or the omega of 
post–human science— proves challenging if we are to 
acknowledge the full ambiguity of the controversy. On the 
first hand, it could be argued that we are heading toward 
a closure of further potential human-LLM collaboration; 
indeed poor performance coupled with over-hyped promo-
tion, exaggerations on claims concerning the effective qual-
ity of machinic abduction and the fear of scientists being 
disorganized due to the publication deluge all contributed 
to discredit such products, especially coming from one of 
the magnificent seven.. On the other hand, the very ontol-
ogy of AI models, which makes them highly dynamic and 
adaptable, testifying to AI’s longstanding experimental 
epistemology, means that models such as Galactica must 
never be taken as “ final facts, only ongoing experiments” 
(Halpern 2014, p.10). This is why the target of our critique 
is not artificial intelligence per se, but the underlying logic 
beneath the deployment of such systems in the scientific 
field, and its potential steering by said logic in a trajec-
tory where danger, whether perceived or real, is neutral-
ized. Still, following the tripartite structure of the article, 
we mustered an argument on how the insertion of LLMs in 
the scientific chain of value changes the context of scientific 
production itself. The insertion of LLMs in the scientific 
value chain creates a context where both hypergeneration 
and hyperinterpretation become necessary to keep up with 
the knowledge economy (see Kobak et al. 2024 for a quan-
titative demonstration). This hyperactive17 context is one 

16  Computer scientist Yoshua Bengio proposes in his May 7th 2023 
blog entry (https://​yoshu​abeng​io.​org/​2023/​05/​07/​ai-​scien​tists-​safe-​
and-​useful-​ai/) to restrict advanced AI development to the domain 
of scientific research. Theorized as ethical and perfect artificial sci-
entists, these AI systems would be entirely sealed off to avoid inter-
actions with the world. Dubbed pure scientists in opposition to 
experimentalist systems by Bengio (2023), these assistants would be 
much safer since their inability to interact with the surrounding world 
makes them impervious to the influence of bad actors. We believe 
this approach will soon be considered as a sterile avenue since it can-
not produce serendipitous events.

17  We deemed the “hyper” prefix necessary to illustrate an accelera-
tion and intensification of both the speed and production volume of 
the value chain, coupled with an increase of parsing workload. We 
believe this illustrates the change of context to which we keep refer-
ring.

https://yoshuabengio.org/2023/05/07/ai-scientists-safe-and-useful-ai/
https://yoshuabengio.org/2023/05/07/ai-scientists-safe-and-useful-ai/
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where hallucinations, glitches, gaps and forms of linguistic 
standardization risk being normalized, as cases are already 
being zeroed-on (Cabanac 2023; Ansede 2024). The trick 
of the trade is that the deployment of LLMs on different 
points in the value chain acts as its own form of justification: 
hypergeneration calls for hyperinterpretation to discriminate 
good from t junk science, and hyperinterpretation calls for 
hypergeneration as LLMs require ever-expanding troves of 
textual training data sets. Respecting the ambiguity of the 
situation while trying to answer the research question leads 
us to argue that the deployment of LLMs such as Galactica 
transforms the scientific value chain by progressively impos-
ing a growing reliance on themselves. The introduction of 
one model seems to justify the introduction of either other 
models, or the creation of new insertion points.

While this article remains mostly a theoretical incursion 
into the phenomenon, we believe that the current twenty-first 
century AI landscape, defined by media hype and massive 
resource allocation (Roberge and Castelle 2021) will trans-
form the scientific value chain and that this precise situation 
requires further investigation. Furthermore, s ince AI-oracles 
such as Galactica seem to be incapable of generating new 
hypotheses, we believe it to be necessary to delve deeper in 
the conditions that enable abduction. Social sciences can 
support the conceptualization of an hybrid research assem-
blage that would take advantage of cognizers without sti-
fling the creativity of scientists by embracing the chaotic 
and dynamic nature of the surrounding world, rather than 
its paranoid ordering by private interests. A closer study of 
the role played by surprise in scientific discovery might be 
a key to develop a better understanding on how abductive 
inferences are produced, and AI might act as such a tool for 
displacing the established parameters of the current knowl-
edge production sequence by negatively demonstrating what 
is not a strong abduction and that knowledge is not to be bot-
tled up out of context. Merton’s work is, after all, a pledge 
for serendipity as the driving force of science through the 
disruption of previously held knowledge and the irruption of 
surprising, anomalous, events.
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