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Mysterianism is the idea that human cognition, mind, cannot be understood. Taking this

concept and applying it to known mechanism — such that claims are made that we do not

know how engineered systems, such as artificial neural networks (ANNs), work, or that they

constitute black boxes that we can only open with difficulty — is inappropriate at best and

malicious at worst. We do know the mechanistic structure of such models because we designed

and built them. We also do know their functional role (what they are for) as well as the

mathematical function they are asked to approximate (map inputs to target outputs). Because

mysterianist beliefs about known systems, such as ANNs, are often expressed, scientists need

to sit up and take notice. We provide an error theory as to what is going on to help unpick

this metatheoretical blunder. Ultimately, the problem is that ‘understanding’ is not a technical

term in these cases: the word is co-opted for a specific narrative to sell ‘artificial intelligence’

through mystification. All computational systems, from pendulums to databases, will behave

in ways we cannot predict or control — this is not a unique property of ANNs — and experts

do indeed grasp the computational properties of these systems nonetheless.

Keywords: artificial neural networks; mechanism; black box; epistemology; artificial

intelligence; understanding

Is it just hyperbole and advertising hype or, for all our pride
in science and technology, do the wonders and terrors of
sorcery still haunt our souls?

William A Stahl (1995, p. 234)

Cognitive science seeks inter alia mechanisms that explain

cognition (Boden 2006; Cao and Raja 2024; Egan 2017; Krickel

2023; Martin and Doumas 2017; Miłkowski 2016; Von Eckardt

and Poland 2004; Wright and Bechtel 2007). Under the aegis
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of psychology and cognitive neuroscience, computationalist

accounts of cognition often reign supreme. These accounts

— models, theories, frameworks (Guest and Martin 2021) —

have at their core the assumption that cognition can be un-

derstood as a form of computation (cf. van Rooij, Guest,

et al. 2024). Furthermore, in the contemporary landscape

of our fields, the mainstream view essentially acquiesces

to, or vociferously promotes, connectionism for all types

of modelling and theorising endeavours (Guest and Martin

2025b, 2023). All engineered models, connectionist and other

computational models, comprise known mechanisms that

we ourselves set into motion to capture some phenomenon

or system (Guest 2023; Guest and Martin 2025a; Guest, Schar-

fenberg, et al. 2025).

In contrast to all this are the pronouncements of col-

leagues, technology industry employees, and journalists that

proclaim that somehow artificial neural networks (ANNs),

especially large language models (LLMs), and in general all

artificial intelligence (AI) are outside our current expert un-
derstanding, often calling them a black box (see Box 1). If so,

then what are we as scientists to do given that furthering

understanding is our purview? And to add to that our sup-

posed lack of understanding is presented to policy-makers

and funders as rationale for research that is incompatible

with what we know to be the case. Relatedly, contemporary
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media discourse reflects past hype cycles, such as that of

the personal computer in the 1980s (Stahl 1995), weaving in

a modern belief about lack of understanding mechanisms

that make up ANNs.Mysterianism is the belief that cognition

cannot be understood in principle (Flanagan 1991). This may

well be the case, especially if by ‘understanding’ we mean

formally and/or computationally explicated (van Rooij, Guest,

et al. 2024). However, applying mysterianist belief to known
mechanisms, such as ANNs, seems like a very different claim

altogether: a category error.

These mystifying or obfuscatory metaphors about mecha-

nism (Christin 2020; Petrick 2020) bring to mind: “Any suffi-

ciently advanced technology is indistinguishable frommagic.”

(Clarke 1973, p. 21; also noticed by Penn 2022) For example,

these systems are described as: “powerful digital minds that

no one — not even their creators — can understand, predict,

or reliably control.” (by a mix of CEOs and founders from

Elon Musk and Steve Wozniak, to academic experts in AI,

like Yoshua Bengio and Stuart Russell, in Pause Giant AI Ex-
periments: An Open Letter, Bengio et al. 2023). Others repeat

this same mantra, with OpenAI’s Bills et al. (2023) claiming

that:

we do not understand how [LLMs] work. [...] Our

explanations also do not explain what causes be-

havior at a mechanistic level, which could cause

our understanding to generalize incorrectly. To

predict rare or out-of-distribution model behav-

iors, it seems possible that we will need a more

mechanistic understanding of models. (emphasis

added, n.p.)

Even critical scholars repeat this, such as Jobin and Katzen-

bach (2023):

we are living in a time when the infrastructures

and institutions of our everyday lives are be-

ing (re)built at the hands of techniques that al-

ready elude popular and professional understand-
ing. (emphasis added, p. 48)

Journalists like Perrigo (2024), also follow suit:

Today’s artificial intelligence is often described

as a “black box.” [T]he inner workings of the AI
models remain opaque, and efforts to peer inside

them to check exactly what is happening haven’t

progressed very far. Nobody truly understands
what [the internals] mean, or how they work.

(emphasis added, n.p.)

Relatedly, the media and the public are then — perhaps

rightly — alarmed and follow up with questions such as:

“Without a thorough (mechanistic) understanding of the early
antecedents of these powerful future LLMs, can we realis-

tically expect to manage these AIs[...]?” (emphasis added,

Box 1: Terminology for unpicking labels and conceptual pre-
cursors to the reasoning behind ‘ANNs are a black box or un-
knowable, even if opened’ depicted in Figure 1.

ANNs, LLMs, & AI

In modern parlance, in both scholarly and popu-

lar science and technology discussions, these three

acronyms are often used interchangeably. Defini-

tions of AI and LLM are hard to pin down — as AI is

a marketing term for making research sound flashy,

neither ‘intelligence’ nor ‘artificial’ are coherent sci-

entific concepts, and the ‘large’ in LLM is not used

with any given cut-off (Guest 2026; Guest, Suarez,

et al. 2025). ANN is an umbrella term for models of

the data or of cognition that involve matrix multi-

plications followed by squashing functions (Guest

and Martin 2025b, 2023).

Black Box

A phrase from cybernetics, used inter alia in en-

gineering and computer science, that denotes a

system or sub-system that we (aim to) understand

only through examining its input-output mappings

(Ashby 1956; Glanville 2009). This pure functional-

ist view on engineered systems does not preclude

peeking inside for the ground truth after perform-

ing the black box analysis. On the contrary, for

non-engineered systems there is no peeking inside

— such a manoeuvre is not possible — as no speci-

fications or latent human-designed methods were

used to create the system (Guest, Scharfenberg, et al.

2025).

Leibniz’ Mill

The Mill Argument, Leibniz’ Mill, or Leibniz’ Gap,

is an argument against the idea that mechanical

components suffice to understand cognition. Leib-

niz (1714/1989) asks us to imagine stepping inside

a machine that produces cognition in the same way

we can a mill, an exemplary machine. In so do-

ing we observe the interactions of the mill’s cog-

wheels, levers, and other components. By look-

ing at the mechanical constituents of the machine,

Leibniz explains, there will never be anything we

will come across that explains cognition (Cummins

2000, 2010; Duncan 2012; Hattab 2011; Kulstad and

Carlin 2020; Rozemond 2014, 2019).



MYSTERIANISM ABOUT KNOWN MECHANISM IS MYSTICISM 3

Sullivan 2023)
1
Behind these confusions and questions lies a

core category error: that we do not understand ANNs, LLMs,

and AI generally (see Box 1).

As an academic community, we should not only not mys-

tify AI, or any other technology, we should actively demystify
it to our students, colleagues and the general public, espe-

cially if it is our expertise (e.g. Suchman 1987; Suchman 2019).

We also have the duty to explain, disrupt, and halt these mar-

keting and discursive trends (e.g. Matten 2026; Tully et al.

2025). These two duties are part of our role as academics

anyway, but in the current climate there is a heightened

sense of urgency when the technology industry drives and

even leads modelling work (e.g. the authors of Bills et al.

2023 all work for OpenAI). Especially urgent is the need to

address and subvert the misuse of and purposeful damage

to scientific or engineering terminology, like ‘mechanistic

understanding’ and ‘black box’ (see Box 1).
2
As has been said

before:

Many people [...] are AI illiterate—

understandably, because of the misleading

ways its loudest champions describe the

technology, and troublingly, because that

illiteracy makes them vulnerable to one of

the most concerning near-term AI threats: the

possibility that they will enter into corrosive

relationships (intellectual, spiritual, romantic)

with machines that only seem like they have

ideas or emotions. (Harper 2025, n.p.; also Guest

2026; Guest, Suarez, et al. 2025; Montell 2021;

Suarez et al. 2025)

As we shall see, three statements appear to hang together

in disequilibrium, risking our reasoning, our metatheoretical

calculus over our science, and eroding how well models can

mediate between theory and observation (Elgin 2017; Guest

2023; Guest and Martin 2023; Morgan and Morrison 1999):

Statement 1: ANNs are inspired by the human organism,

typically the brain or cognition. Or worse: ANNs consti-

tute a type of mind. (See 𝛼 in Figure 1.)

While largely uncontroversial to claim this (e.g. Pickering

2014), it nonetheless requires extensive scientific under-

standing of, and consensus on, human cognition, brain,

and behaviour.
3
We have nothing of the sort. Besides, if we

did, and used these principles in engineering AI systems,

then we would not have the problem of not understand-

ing them. This is discussed in depth in Guest and Martin

(2025b, 2023).

Statement 2: ANNs constitute a black box that we do not

mechanistically understand. Or worse: we cannot ever un-

derstand ANNs because they are more intelligent than us.

(See Appendix:ANNsmodels are a black box or unknowable
even if opened and 𝛽 in Figure 1.)

Given the ANNs are engineered systems, this is baseless

marketing and misuse of terminology. This paper is dedi-

cated to correcting and explaining this flawed assertion

and its related reasoning errors.

Statement 3:We understand neither human nor artificial

cognition, and therefore they are similar. Or worse: we

cannot ever understand either because both are equiva-

lently hard. (See Appendix: We understand neither human
nor artificial cognition, and therefore they are similar and
𝛼 , 𝛽 , and 𝛾 in Figure 1.)

This is faulty reasoning (e.g. false analogy, argument from

ignorance, discussed in Guest and Martin 2025b, 2023;

“the equal opacity argument”, discussed in Peters 2023), as

well as going against the previous two points.

These three statements are both problematic in their own

right and are incoherent with each other. They exist in re-
flective disequilibrium: “collectively [they do not] constitute

an interwoven tapestry of commitments that we can on re-

flection endorse.” (Elgin 2017, p. 4). The latent assumptions

for 1–3 are shown in Figure 1. For 1 and 3 above, they are

addressed in past work, such as Guest and Martin (2025b,

2023) and van Rooij, Guest, et al. (2024). Herein, we will ad-

dress the properties, drivers, and repercussions of statement

2: ANNs constitute a black box that we do not mechanistically
understand (which is nonetheless interwoven with 1 & 3).
How did we get here, and how is this assertion wrong?

1
Regardless, we can attempt to manage things we do not under-

stand, mechanistically or otherwise. For example, we can legislate

— a form of attempting to manage something — against harming

other people without having a deep understanding, mechanistic or

otherwise of why or how people harm each other.

2
Importantly, as academics, we can also completely reject all

the work by companies as explicitly non-science — since it does not

arise without considerable conflicts of interest that are not dispelled

merely by naming and uncovering them. Thus, identifying the work

correctly asmarketing and hype, pumped out to serve their ends and

to line their pockets with profit, is not enough (cf. Brause et al. 2023;

Chuan 2023; Nguyen and Hekman 2024; Sanguinetti and Palomo

2024; Tsimpoukis 2025). Because even in this case, the damage to

the ecosystem of scientific knowledge continues unabated and the

harms especially to the most vulnerable amongst us are unimpeded.

Academia is meant to protect and use our own expertise exactly in

such cases.

3
For many examples see Pickering (2014), such as: “On 13 De-

cember 1948, the Daily Herald carried a front-page article entitled

‘The Clicking Brain Is Cleverer Than Man’s,’ featuring a machine

called the homeostat built by W. Ross Ashby.” (p. 1)
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≈
ANNs are equiva-

lent to or inspired

by humans.

α

≡
ANNs are a black

box or unknowable,

even if opened.

β

≡

Humans are a black

box or unknowable.

γ

Figure 1

Three co-occurring (latent) assertions in the context of con-
temporary reasoning on AI and cognition. While they may
appear to hang together in “reflective equilibrium” (Elgin 2017),
their metatheoretical examination brings their contradictions to
light. Starting from the top, andmoving clockwise:𝛼) represents
the typical assertion of so-called cognitive, neural, or otherwise
biological plausibility or inspiration presented for ANNs; 𝛽) is
the claim we tackle head on here — both in terms of analysing
the constituent terms and in how it relates to the other two
assumptions; and 𝛾 ) exemplifies a type of mysterianism, which
while not always explicitly expressed, plays a background role
and importantly comes into conflict with the other two claims
in important ways.

2 (Mis)understanding (the lack of) understanding

And then this guy arrives, with a big black box of deep
learning with 100 million parameters in it that he’d
trained, and he totally disrupted the whole field.

V (as quoted in Cardon et al. 2018, p. 3)

Before all the 2020s AI hype, there was the 2010s hype

that existed in a seemingly different landscape. It allowed

for sensible counter from journalists, such as that “the most

extreme promises of AI are based on a flawed premise: that

we understand human intelligence” (emphasis added, Conditt

2016). Counters from technology industry players, such as

Microsoft’s co-founder, were also mainstream:

Creating this kind of advanced software requires

a prior scientific understanding of the foundations
of human cognition, and we are just scraping

the surface of this. [T]he difficulty of building

human-level software goes deeper than com-

putationally modeling the structural connec-

tions and biology of each of our neurons. [And

e]specially for the cognitive neuroscience of hu-

mans, we are not close to the requisite level of

functional knowledge. [A]s we learn more and

more about the actual complexity of how the

brain functions, the main thing we find is that

the problem is actually getting harder. (emphasis

added, Allen and Greaves 2011; also see Siegel

2019)

It is still true that we do not know how to design human-

like systems because we do not understand cognition itself

as well as due to many other reasons (Elish and boyd 2018;

Guest, Scharfenberg, et al. 2025; Rich, Blokpoel, et al. 2020;

Rich, de Haan, et al. 2021; van Rooij, Guest, et al. 2024).

In the 2020s remarkably perhaps, not only have journal-

ists and technology sector-affiliated writers predominantly

moved to spreading exaggerated claims about AI, but also

our colleagues increasingly shift to uncritical views. Many

started this shift from the 2010s, and mainstream acceptance

since then has only expanded (Guest andMartin 2025b; Guest,

Suarez, et al. 2025). An important shift, the one we care about

herein, is the unproblematised assertion that: “No one yet

knows how ChatGPT and its artificial intelligence cousins

will transform the world, and one reason is that no one really
knows what goes on inside them.” (ephasis added Musser 2023,

n.p.) And this public face of not understanding is widespread:

“Dario Amodei [CEO of Anthropic, an AI company] stood

before the U.S. Senate in 2023 and said [...] that even the people
building artificial intelligence don’t understand how it works.”
(emphasis added, Tarita 2025, n.p.) Melanie Mitchell claims

“I don’t know how [LLMs a]re doing it or if they could do it

more generally the way humans do—but they’ve challenged

my views” (Musser 2023, n.p.). Yoshua Bengio has been on a

similar track for at least a decade, claiming that:

it’s exactly because we can’t mathematically pick
apart a decision made by deep learning software
that it works so well. [Furthermore,] Bengio ar-

gues that trusting a computer is no different, or

more dangerous, than trusting another person.

‘You don’t understand, in fine detail, the person

in front of you, but you trust them’ (emphasis

added; Pearson 2016, n.p.; also recall Figure 1

above).

And returning to Amodei (2025), he claims:

this lack of understanding is essentially unprece-

dented in the history of technology. [And o]ur

inability to understand models’ internal mecha-
nisms means that we cannot meaningfully pre-
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dict such behaviors, and therefore struggle to

rule them out (emphasis added, n.p.).

In a footnote he contrasts what he sees as what we do un-

derstand versus what we do not:

In the case of AI systems, we can set the basic

architecture (usually some variant of the Trans-

former), the broad type of data they receive, and

the high-level algorithm used to train them, but

the model’s actual cognitive mechanisms emerge

organically from these ingredients, and our un-
derstanding of them is poor. (emphasis added,

Amodei 2025, n.p.; also see Bricken et al. 2023)

Journalists often accept these premises and conclusions:

“The people who develop AI are increasingly having prob-

lems explaining how it works and determining why it has

the outputs it has.” (emphasis added, Xiang 2022, n.p.) Also:

The wildest, scariest, indisputable truth about

AI’s large language models is that the companies
building them don’t know exactly why or how
they work. Sit with that for a moment. The most

powerful companies, racing to build the most

powerful superhuman intelligence capabilities

[...] don’t know why their machines do what they
do.” (emphasis added, VandeHei and Allen 2025,

n.p.; also e.g. Pedreschi et al. 2019)

The dramatic irony here is not that we have to sit with the

idea that companies do not know how these models work,

but that companies’ representatives, including affiliated sci-

entists, are willing to go on record saying they do not know

how these models work (Salvaggio 2025).
4
And this has been

brewing for at least a decade, with non-controversial pieces

in The Atlantic, for example, titled “Not Even the People Who

Write Algorithms Really Know How They Work” (LaFrance

2015; also see: Bucher 2018, 2025; Guest and Martin 2025b)

This discourse is paradigmatic, representing a typical

series of mainstreamed views on understanding models

with relevant practitioners and proponents, suggesting that:

“While there are some types of AI that humans can com-

prehend, there are others that, because of their complexity

and high dimensionality, are beyond the ken of human intel-
ligence.” (emphasis added, Calvello 2023, n.p.; recall Figure

1) As well as that: “While the potential of ANNs is clear,

they are still surrounded by an air of mystery and intrigue,

leading to a lack of understanding of their inner workings.”
(emphasis added Maier et al. 2023, p. 14) Some journalists, on

the other hand, are more aware of the impending and present

issues with the erosion of trust in experts by claiming we

ourselves have no idea how these models work, which in

turn reinforces harm to the public understanding of AI: “If

people understand what large language models are and are

not; what they can and cannot do; what work, interactions,

and parts of life they should—and should not—replace, they

may be spared its worst consequences.” (Harper 2025, n.p.)

As Bryan Pfaffenberger (1988) says: “Technology, in short,

is a mystifying force of the first order[, ] suspending us in

webs of significance that we ourselves create.” (p. 250)

In the remainder of this section, we will disentangle mech-

anistic understanding from other types of scientific under-

standing and from non-scientific, user, or lay understanding

— the main focus being the difference between mechanistic

‘how’ understanding versus any other relevant type. To do

this, first we will discuss understanding generally from con-

temporary philosophy of science; and second, present two

case studies on the confines of mechanistic understanding

in science and statistics. These case studies aim to highlight

what it means to have a mechanistic understanding in typical

scientific parlance and how this is violated in the AI context.

The concept of understanding has been widely discussed

in philosophy since ancient times, but the inquiry into un-

derstanding has emerged with distinctive force and interest

in more recent debates in epistemology and philosophy of

science. Herein, we touch on the relevant set of prominent ac-

counts that fundamentally treat understanding as a cognitive

phenomenon.

Catherine Elgin’s work on understanding has played a key

role in the philosophical discussion on understanding. While

other epistemologists and philosophers of science focused

their investigations on knowledge as the main cognitive

achievement of science, Elgin (2002) argues that, in many

cases, cognitive progress happens when we advance under-

standing, which is not reducible to the mere accumulation

of new justified true beliefs. As a matter of fact, Elgin claims:

“Not being restricted to facts, understanding is more compre-

hensive than knowledge ever hoped to be.” (Elgin 1993, p. 14)

According to her, understanding

involves the ability to profit from cognitive

labors, to draw out the implications of findings,

to integrate them into theory, to utilize them

in practice. Understanding a particular fact or

finding, concept or value, technique or law is

largely a matter of knowing where it fits and

how it functions in the matrix of commitments

that constitute science. And neither knowing

4
Notably, there is a confusion between why and how questions

(Prigogine and Stengers 2018). Let us assume the why questions

collapse into how questions, as they always do in science and related

disciplines like mathematics, e.g. in a maths problem ‘why is 𝑥 = 5?’

is answered step-by-step by demonstrating how 𝑥 takes on that

value. If why questions do not collapse into how questions and they

remain qualitatively separate then the answers will never come from

science anyway. So this possible distinction could become moot,

thus boiling back down to just a how question for our scope here

as companies claim to want to use scientific research techniques.
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where nor knowing how reduces to the know-

ing that that traditional epistemology explicates.

(Elgin 1993, p. 15)

Thus, understanding encompasses and enables a number of

cognitive skills and achievements that cannot be reduced to

propositional knowledge.

From a different angle, Emily Sullivan (2018) also empha-

sizes the role that cognitive abilities play in understanding by

adopting Allison Hills’ (2016) characterization of the abilities

needed for understanding, which states that

if you understand why 𝑝 (and 𝑞 is why 𝑝), then
you believe that 𝑝 and that 𝑞 is why 𝑝 and in the

right sort of circumstances you can successfully:

i) follow some explanation of why 𝑝 given

by someone else.

ii) explain why 𝑝 in your own words.

iii) draw the conclusion that 𝑝 (or probably

that 𝑝) from the information that 𝑞.

iv) draw the conclusion that 𝑝′ (or probably
𝑝′) from the information that 𝑞′ (where 𝑝′

and 𝑞′ are similar but not identical to 𝑝 and

𝑞).

v) given the information that 𝑝 , give the right
explanation, 𝑞.

vi) given the information that 𝑝′, give the

right explanation 𝑞′. (Hills 2016, p. 663)

According to Sullivan, such cognitive abilities are constitutive

of understanding-why, and are the same kind of cognitive

abilities that we find in ordinary cases of knowledge-that

(Sullivan 2018).

Differences as well as overlap exist between Elgin’s and

Sullivan’s approaches to understanding. On the one hand, un-

like Elgin, Sullivan is not opposed to relating understanding

to knowledge; on the other hand, both conceive understand-

ing in terms of cognition. While Elgin’s account of under-

standing claims that representations in science and other

disciplines advance our understanding despite being false,

Finnur Dellsén, Tina Firing, and their colleagues (2024) argue

that the mental representations involved in understanding

must match the world. According to them, “an agent 𝑆 under-

stands 𝑋 to the extent that 𝑆 accurately and comprehensibly

represents the network of dependence relations in which

𝑋 stands, or fails to stand, to other things.” (Dellsén et al.

2024, p. 676) However, they claim that their account of un-

derstanding is epistemically undemanding insofar as it does

not require beliefs about 𝑋 nor 𝑆 ’s possession of justification

towards 𝑋 or its network of dependence relations. It’s worth

noting that Dellsén et al. (2024) also links understanding

to cognition; they view it as a cognitive achievement that

constitutes progress in a field of knowledge.

𝜑1 𝐿1

𝜑2

𝑚1

𝑚2

𝐿2

Figure 2

A schematic of the double pendulum, which consists of a single
pivot point on which two masses𝑚1 and𝑚2 hang. The masses
are connected by two weightless rods 𝐿1 and 𝐿2 with a joint in
the middle. After a certain energy threshold is applied to the
pendulum it displays chaotic motion (Stachowiak and Okada
2006).

In line with the aforementioned account, the idea that un-

derstanding is a cognitive relationship constituted by mental

representations that encode the right kind of dependence rela-

tions is also assumed by Tania Lombrozo and Daniel Wilken-

feld (2019), who distinguish between mechanistic and func-

tional understanding. According to their view, “mechanistic

understanding relies on an appreciation of parts, processes,

and proximate causal mechanisms[. While f]unctional under-

standing, by contrast, relies on an appreciation of functions,

goals, and purpose.” (Lombrozo and Wilkenfeld 2019, p. 209)

For Lombrozo and Wilkenfeld, mechanistic and functional

understanding are distinct insofar as they involve different

objects, and they involve different epistemic relationships.

Hence, confounding one with the other may lead us astray

from grasping the phenomenon. As we shall we see below,

these two — mechanistic and functional perspectives on un-

derstanding a system — do become confused or otherwise

entangled. But first as promised, two case studies.

The Double Pendulum: A pendulum comprises a mass

hung such that it can swing from a pivot point under the in-

fluence of gravity (Birx 2009). The double pendulum is made

of two simple pendulums joined end-to-end, as depicted in

Figure 2, which nonetheless exhibits “bewildering complex-

ity” (Richter and Scholz 1984; also see Korsch et al. 2008;

Ohlhoff and Richter 2000; Stachowiak and Okada 2006).
5

Despite the chaotic nature of the movements after a certain

energy threshold, aspects of the double pendulum, such as

5
In fact even a simple pendulum can be chaotic: “If the initial

push is just enough to bring it into a vertical position with zero

velocity, the direction in which it will fall, and therefore the nature

of its motion, are indeterminate.” (Prigogine and Stengers 2018, p.

73)
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the locations of the masses,𝑚1 = (𝑥1, 𝑦1) and𝑚2 = (𝑥2, 𝑦2)
are nonetheless described by simple equations (Levien and

Tan 1993; Neumann 2002):

𝑥1 = 𝐿1 sin𝜑1

𝑦1 = −𝐿1 cos𝜑1

𝑥2 = 𝑥1 + 𝐿2 sin𝜑2

𝑦2 = 𝑦1 − 𝐿2 cos𝜑2

(1)

where there are two weightless rods of lengths 𝐿1, 𝐿2, which
carry masses 𝑚1 and 𝑚2, and are connected by a joint as

shown in Figure 2; and 𝜑𝑖 are the angles of each𝑚𝑖 (where

𝜑𝑖 = 0 means the respective 𝐿𝑖 is vertically downwards, and

anti-clockwise means positive values; Korsch et al. 2008;

Neumann 2002; Puzyrov et al. 2022).

The double pendulum model fulfils many of the require-

ments that are described above as desiderata for ‘mechanistic

understanding’ in the case of AI models. We know the mech-

anisms, and we can calculate the location of𝑚1 and𝑚2 (see

Figure 2; as well as many other aspects of the pendulum

we do not go into here) because of that. Hence, analytic

and computational models exist of this apparatus (e.g. in

Python, Neumann 2002; and in JavaScript, Nolte 2020). And

yet, it is chaotic, and indeed unpredictable in the real world,

since we do not know, and in fact cannot know, the initial

conditions (Shinbrot et al. 1992). This is because “tiny errors

in measuring the current state of the atmosphere (or any

other chaotic system) would be amplified rapidly making it

impossible to forecast.” (Adam and Peck 2005, p. 7)

Do we understand double pendulums? If no, what is there

left to understand? ‘No’ here makes assertions about experts

not understanding ANNs banal, since run-of-the-mill dou-

ble pendulums are also not understood. It calls into ques-

tion any and all of our understanding of physics and related

systems. If yes, how is this example different to an ANN?

Under makeism, inter alia the idea that through building we

understand something (van Rooij, Guest, et al. 2024), and

coupled with the fact clearly we can build both pendulums

and ANNs: we can claim we do indeed understand. What

is missing in our understanding of the ANN, that is present

in our understanding here? Both are fully modelled on a

computer.

Logistic regression: A familiar subtype of the gener-

alised linear model is logistic regression, which uses the lo-

gistic function to predict the probability of the outcome or de-

pendent variable 𝑌 given the input or independent variables

(Kleinbaum and Klein 2002; Poston Jr et al. 2023; Stoltzfus

2011; for an extensive history see: Cramer 2002). Logistic

regression, much like most ANNs, is a kind of ‘supervised

machine learning’ — it requires labelled input-output pairs

and internalises the relationships between them to statisti-

cally predict out-of-sample data (cf. Nusinovici et al. 2020).

The output prediction has a range between 0 and 1, which

represents the likelihood of a particular input being in either

one or the other category, such as yes/no or some other

binary classification decision. We use the logistic function

to calculate this probability, where in the case of a single

independent variable 𝑋 looks like this:

𝑝 (𝑌 ) = 1

1 + exp(−(𝛽0 + 𝛽1𝑋 )) (2)

where 𝛽0 is the intercept (called the bias in an ANN), 𝛽1 is the
regression coefficient or slope (called the connection weight

in an ANN), and exp 𝑧 is the exponential function (Cramer

2002; Kleinbaum and Klein 2002; in an ANN other functions

can also be used such as rectified linear unit, ReLU, activation

function, El Ghaoui et al. 2021; Fukushima 1969; Goyal et al.

2020; Householder 1941; Krizhevsky et al. 2017).

The similarities between ANNs and logistic regression run

deep because the probability above also captures the basics

of a single unit in an ANN firing given input. In other words,

logistic regression is a special case of an ANN with a single

unit. And so violations of logistic regression’s assumptions

could affect ANNs as well (Stoltzfus 2011). It also means that

interpretations of what the coefficient means for the out-

come variable apply equally to ANNs and logistic regression

(Cramer 2002). The links between statistics and ANNs go

back about half a century if not longer (e.g. Oja 1989; Sanger

1989a; also Schmidhuber 2015).

Do we understand logistic regression? If no, what is there

left to understand? As before with the pendulum, answer-

ing ‘no’ makes assertions about experts not understanding

ANNs banal, since the simpler and special case of an ANN,

logistic regression, is also not understood. Also it calls into

question any and all of our understanding of statistics and

of mathematical systems. If yes, how is this case different to

an ANN? If we do indeed understand how a single unit in

an ANN works, what is the difference when there are many

hundreds or thousands? Does understanding a single unit

not imply mechanistic understanding of more than a single

unit? Is ‘mechanistic understanding’ not exactly this form

of understanding? Additionally, and again under makeism,

clearly we can build both a single unit as well as a full-blown

thousand- or million-unit ANN, so — as before — this adds

weight on the side of understanding. What is missing in our

understanding of the ANN that is present in our understand-

ing of logistic regression? Both are unpredictable if we cannot

infer the unknown parameters (the beta coefficients) without

the ground truth dataset. And both are fully modelled on

a computer if otherwise — just like the complex pendulum

before.

The pendulum and regression cases highlight issues with

the claim that we do not understand ANNs, AI, or any engi-

neered system in the general case (recall b in Figure 1). And

so typically to engineer something, some basic mechanistic

understanding is required even if that understanding is not

(anymore) scientific. But in the specific case of computational

models of basic physical systems or simple statistics, as with

the pendulum and regression above, we have complete un-

derstanding of the equations which govern these models,
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since we built them and since they have been created for the

sole purpose to be understood. In contrast to this mainstream

even prosaic understanding of ‘understanding’, is the case

of the contemporary ANN model. As touched on above, it is

claimed to be a black box — opaque, unknown — by critics

and proponents alike. We turn to this below.

3 Shutting up the Black Box

The shared myth-making around the black box of AI cul-
tivates useful confusion about what can and cannot be
known. It helps to cultivate the systems asmoremysterious,
even sublime, than they really are. It leads to a cottage
industry of thinkers framing a series of design tricks to
organize text output as an “other” intelligence[.]

Eryk Salvaggio (2025, n.p.)

Typically, using a ‘black box’ in engineering or science

implies a strictly functional understanding
6
of an engineered

system — one of relating inputs to outputs via a so-called

black box: an unknown part of the system (see Box 1; for a

history of the term, see Petrick 2020; also see Nizami 2020).

The black box not only need not be further mechanistically

analysed or understood, but also the functional input-output

mapping suffices because mechanistic understanding is of-

ten impossible (also for formal reasons; Ashby 1956; Beer

1959; Bunge 1963; cf. Guidotti et al. 2018; Hassija et al. 2024;

Pasquale 2015), such as in cases where we have limited access

for whatever reason to the ground truth of the system (Guest,

Scharfenberg, et al. 2025).

We have already touched on the use of ‘black box’ with

respect to ANNs, especially LLMs, and AI generally (viz.

Buckner 2021; Cassauwers 2020; Chirimuuta 2021a; Durán

and Jongsma 2021; Peters 2023; Tangermann 2024; Zednik

2021). For example, there is the more nuanced: “Although

large neural networks, in particular LLMs, are frequently re-

ferred to as ‘black boxes’, there has been significant progress

in understanding the internals of these systems.” (Griffiths

et al. 2025, p. 13) Such statements coexist in the field with

warnings from

Tommi Jaakkola, a professor at MIT who works

on applications of machine learning[, and who

says:] “Whether it’s an investment decision, a

medical decision, or maybe a military decision,

you don’t want to just rely on a ‘black box’

method.” (Knight 2017, n.p.)

As well as with IBM’s statements:

A black box AI is an AI system whose internal

workings are a mystery[.]

AI developers broadly know how data moves

through each layer of the network, and they

have a general sense of what the models do

with the data they ingest. But they don’t know

all the specifics. For example, they might not

know what it means when a certain combina-

tion of neurons activates, or exactly how the

model finds and combines vector embeddings to

respond to a prompt.

Even open-source AI models that share their

underlying code are ultimately black boxes be-

cause users still cannot interpret what happens

within each layer of the model when it’s active.

(Kosinski 2024, n.p.)

This tells a story that matches the other retellings (Amodei

2025; Bills et al. 2023; Perrigo 2024; Sullivan 2023): no matter

what and with even 100% access to the full codebase we have

no understanding. ANNs are a completely opaque black box.

In contrast, what has been happening for a while is a form

of terminological blurring (Montell 2021): “the metaphor

of the black box itself constitutes such interference. In our

attempts to open the black box, what frequently gets ignored

is the question of whether the metaphor of the black box

holds at all.” (Bucher 2018, p. 47) Petrick (2020) explains:

Cyberneticians defined the black box as a system

where only the inputs and outputs are known,

with the inner workings unknown or unknow-

able[:] a way to break down and analyze systems

too large to understand in other ways. A com-

plex system could be simplified, made calculable

and replicable, through an understanding of its

inputs and outputs. (p. 576)

Ashby (1956) gives examples of how this method can be

generalised from engineering: to the clinical researcher try-

ing to understand neuropsychological patients “by means of

tests given and speech observed, to deduce something of the

mechanisms that are involved” (p. 86). He also includes the

“psychologist who is studying a rat in a maze [in order] to

deduce something about the neuronic mechanism” (Ashby

1956, p. 86) — even going so far as to claim the black box can

apply “everywhere”. As Medina (2011) explains “cybernetic

thinking influenced the trajectory of operations research,

computer engineering, control engineering, complex sys-

tems, psychology, and neuroscience.” (p. 11) This is notable

because in the 2020s, about 70 years later, this technique is

6
Although many violate this idea of a strict distinction: “The

core idea is that functional analyses are sketches of mechanisms,

in which some structural aspects of a mechanistic explanation are

omitted. Once the missing aspects are filled in, a functional analysis

turns into a full-blown mechanistic explanation.” (Piccinini and

Craver 2011, p. 284) Either way of course, if functional understand-

ing leads to “full-blown mechanistic”, that poses no issues and in

fact strengthens our position herein.
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described as travelling in the exact opposite direction from

psychology to the study of the so-called modern black box

ANNs (e.g. Pellert et al. 2024; cf. Petrick 2020). And in a

twist of irony the black box is now used in an obfuscatory

way to avoid understanding as opposed to furthering and

enhancing it (Bucher 2025; Christin 2020): “the black box

metaphor became a black box” (Petrick 2020, p. 576).

Black boxing is a powerful method, no doubt, but has sev-

eral limitations, which the original proponents go to serious

pains to explain (e.g. Ashby 1956; Glanville 2009). Impor-

tantly, it cannot find the actual internals because of “an infin-

ity of possible internal mechanisms. [...] It has been shown

by Shannon that any given behaviour can be produced by

an indefinitely large number of possible networks.” (Ashby

1956, p. 93; Guest, Blokpoel, et al. 2026) Notwithstanding, in

a real black box, a physical engineered device with intercon-

nected wiring and visible mechanisms, both peeking inside is

ultimately possible, as is reading documentation, asking engi-

neering experts or even the original designers, and corporate

espionage (as in cases described in Guest, Scharfenberg, et al.

2025). Although, all this is outside the black box method! In

biological systems as well as corporate black boxes access to

the ground truth is often not allowed, in the latter case, or

actually provably impossible in the former (e.g. Schierwagen

2012).

What does presage something of the contemporary in

the original discussions of the black box, however, are the

potential slippages into the false analogy we warn about

(recall Figure 1; also: Guest and Martin 2025b, 2023):

It should be noticed that as soon as some of

a system’s variables become unobservable, the

“system” represented by the remainder may de-

velop remarkable, even miraculous, properties.

A commonplace illustration is given by conjur-

ing, which achieves (apparently) the miracu-

lous, simply because not all the significant vari-

ables are observable. It is possible that some of

the brain’s “miraculous” properties—of showing

“foresight”, “intelligence”, etc.—are miraculous

only because we have not so far been able to ob-

serve the events in all the significant variables.

(Ashby 1956, p. 114)

Contrast the above with the following, which dispels the

flawed logic of equivocating between human and machine

(Figure 1):

While opacity is a distinguishing feature ofmany

other areas of science and technology, the myths

surrounding computing may stem less from the

fact that it is an opaque esoteric subject and

more from the way in which it can be seen to

blur the boundary between people andmachines

(Turkle 1984). To be sure, most people do not

understand the workings of a television set or

how to program their video cassette recorders

properly, but then they do not usually believe

that these machines can have intelligence. The

public myths about computing and AI are also

no doubt due to the ways in which computers

are often depicted in the mass media — e.g. as an

abstract source of wisdom, or as a mechanical

brain. (Bloomfield 1987, p. 72)

Returning to the contemporary discourses on the black

box, and as already evinced by statements above (for full list

see Appendix: ANNs models are a black box or unknowable
even if opened), we see how they become ever more prob-

lematic; deviating in intent from original propositions and

definitions completely. Such as Natasha Alechina explaining:

“If AI systems operate in a black box, we have no insight into

how to fix the system if there’s a mistake” (Jiménez 2025,

n.p.) Or IBM:

If a black box model does make the wrong de-

cisions or consistently produces inaccurate or

harmful outputs, it can be hard to adjust the

model to correct this behavior. Without know-

ing exactly what happens inside themodel, users

cannot pinpoint exactly where it is going wrong.

(Kosinski 2024, n.p.)

On the contrary, we do have insight and can explain — and

scientifically so — a lot of what a system is doing wrong (or

right) using a non-mechanistic understanding. And we can

even repair them. IT technicians do not require computer

science or hardware-related degrees to infer that one may

need a new power supply or motherboard; exactly because of

the modularity and multiple realisation of such engineered

systems (viz. Chirimuuta 2018, 2021b; Egan 2017; Figdor 2010;

Guest, Blokpoel, et al. 2026; Guest and Martin 2021, 2023;

Guest, Scharfenberg, et al. 2025; Hardcastle 1995, 1996, 2019;

Litch 1997; Polger and Shapiro 2016; Ross 2020; Tsouna 2023).

And remember, in a true black box situation we also cannot
know for certain “where it is going wrong” for a given system

by definition. In stark contrast to the technology industry’s

claims, much of computer science and software engineering

— such as theoretical computer science, as well as the devel-

opment of specification languages — define very complex

systems in terms of functional descriptions (see examples

in Cooper and Guest 2014; Guest and Martin 2021). Further-

more, a human (non-expert) user of any number of machines

can know (where) they are going wrong (e.g. software bugs)

without looking at the source code or any inner workings

(e.g. Spectre is a hardware bug diagnosed using software and

fixed by redesigning hardware; Kahn et al. 2018; Kocher et al.

2019). And so, “‘AI models are black boxes’ [...] sounds like a

truism, and could yet not be further from the truth.” (Offert

and Dhaliwal 2025, p. 5)
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In conclusion, and as Cummins (2000) also explains:

It is possible to understand how a mechanism

works, and hence to be in a position to explain its

behavior and capacities—the effects it exhibits—

without being able to predict or control its be-

havior. This is true generally of stochastic or

chaotic systems. It is also true of systems whose

relevant initial states are unknowable or simply

unknown. In possession of a machine table for a

Turing machine, I can explain all of its capacities,

but, lacking knowledge of its initial state, I may

be unable to predict its behavior (Moore 1956).

[...]

So, systems can be well-understood yet unpre-

dictable. (pp. 119–120)

Ultimately:

a) “Everything is a black box because we can never have

complete knowledge of how anything operates; all we

can easily observe are those inputs and outputs that

we can affect and perceive.” (Petrick 2020, p. 588; also

Ashby 1956) And “the so-called ‘black box problem’

that traditionally arises whenever a[n AI] system’s be-

haviour cannot be explained by appealing to its initial

construction and programming” (Wadden 2022, p. 764)

is not unique to contemporary AI. We cannot predict

the “behaviour” of the factual double pendulum, but

that detracts little from our understanding. ‘Black box’

is thus open to full deflation.

b) Or black boxing something in the scientific and engi-

neering sense indeed provides us with understanding
(e.g. Ashby 1956; and functional analysis can even give

us mechanistic understanding according to Piccinini

and Craver 2011).

c) Or both, and so AI of any type being a black box is

deeply unproblematic, frankly pedestrian, in the sci-

entific sense of understanding it mechanistically and

functionally (cf. Amoore 2020; Creel 2020; Longo 2025).

Therefore, closely inspecting ‘black box’ in this context indi-

cates understanding ANNs, LLMs, AI and related concepts is

a given or otherwise non-exceptional and unproblematic. In

the following section, we explain how despite all this, mysti-

fication persists to the point of full blown mysterianism.

4 Grist to the Leibniz Mill

It must be confessed, moreover, that perception, and that
which depends on it, are inexplicable bymechanical causes,
that is, by figures and motions. And, supposing that there
were a mechanism so constructed as to think, feel and
have perception, we might enter it as into a mill. And this
granted, we should only find on visiting it, pieces which
push one against another, but never anything by which to
explain a perception.

Gottfried Leibniz, sect. 17 (1714/1989)

We have seen that AI’s creators claim that these systems

are somehow inherently or predominantly unknowable even

though their mechanisms are not only known but directly

implemented on a computer as a function of known mathe-

matical formalisms (for about half a century or longer, e.g.

Bobrowski 1978; Rumelhart, Durbin, et al. 1995; Rumelhart,

Hinton, et al. 1986; Rumelhart and McClelland 1986; Sanger

1989b; Williams and Zipser 1989, 1995; see Schmidhuber

2015 for a historical perspective). We will tackle this head-

on with an error theory as a corrective and an explanation.

Finally, we can address: how is an ANN a black box to its
own creators? Our error theory to the issues with proclaimed

lack of understanding due to the opaque nature of models

rendering them black boxes comprises three related parts:

1) a confusion between explanans — that which does

the explaining or modelling, such as a theory or model

(natural language, formalisms, mathematics) — and ex-

planandum — that which is being modelled or needs

to be explained (data, observations);

2) a misunderstanding of what scientific understand-

ing (mechanistic, functional, or otherwise) and theo-

rising are in comparison to data and statistical models

thereof; and finally and perhaps most importantly at

this juncture,

3) if we grant Leibniz’ Mill argument (see Box 1) then yes,

indeed, no understanding (of the high calibre sought)

can ever be obtained by looking at mechanisms.

Once the two interlocking misapprehensions (1 and 2 above)
of scientific modelling and theorising are seen in the right

light, it becomes clear that insisting such models are black

boxes that we do not understand (recall Figure 1) is a prag-

matic frame, but not one that is reasonable. This is prag-

matic insofar as it allows for the maintaining of ANNs as a

theory or model of brain, cognition, or behaviour with no

real scientific legwork to go with it, in contrast to classical

connectionism (pre-2010 ANN modelling work; Guest and

Martin 2025b) and other norms of cognitive scientific practice

(Blokpoel 2018; Guest 2023; Guest and Martin 2021, 2023; van

Rooij and Baggio 2021; van Rooij and Guest 2025a). And if



MYSTERIANISM ABOUT KNOWN MECHANISM IS MYSTICISM 11

World?
Di

Data?
Si

ANN

Figure 3

Not all systems, 𝑆𝑖 relate to their relevant data, 𝐷𝑖 and world
phenomena this way, but ANN models (as many inferential
statistical models) do when used without scientific understand-
ing of the data-generating process or without verbal or formal
theory to match (Guest and Martin 2025b, 2021, 2023). As we
move from left to right above, we move from full understanding
of engineered systems, 𝑆𝑖 to less or even possibly none of the
data, 𝐷𝑖 to the world which can be thought of as the set of
phenomena to be understood.

indeed the third part about Leibniz’ Mill (3 above) is at play,
then no scientific theory under mechanical materialism will

ever provide understanding of the type required (Cummins

2000; Leibniz 1989; Rozemond 2014, 2019; Sullivan 2022). We

discuss each of the above three points in turn below.

This extract from Rudin and Radin (2019) is informative

because it appears to describe a sensible state of affairs until

one realises that “understand” below has to mean memorise:

these black box models are created directly from

data by an algorithm,meaning that humans, even
those who design them, cannot understand how
variables are being combined to make predictions.
Even if one has a list of the input variables, black

box predictive models can be such complicated

functions of the variables that no human can un-
derstand how the variables are jointly related to

each other to reach a final prediction. (emphasis

added; p. 3)

Would anybody say nobody understands the dictionary just

because nobody can memorise the whole book? And vice

versa would anybody say somebody who can (only) memo-

rise the dictionary has therefore understood it? To add on

more contradictions, usually ‘understanding’ something is

not memorising it — rote learning is very valuable, but not

the cornerstone of understanding. Yet we often see claims

that the ANN models — which typically can only memorise,

even if lossily — do not provide us with understanding (recall

Figure 1; Ahmed et al. 2026; Zhang et al. 2017). Remember

that, according to those experts and critics, this lack of un-

derstanding embodied by ANN models is why we need to

understand them!

In addition, often non-connectionist systems, such as ex-

pert systems based on formal logic, are described as inter-

pretable or explainable. This is because they display through

their design the processes they carry out using terms and

expressions humans can more easily interpret. To turn an

ANN into such an interpretable system is to design and build

(from scratch) such a system using easily understood internal

mechanisms (Blokpoel 2018; Cooper and Guest 2014; Naur

1985).

To address the first point above, the confusion between

explanans and explanandum, let us leave contemporary

AI to the side for a moment (cf. Guest 2026). Imagine two

systems 𝑆1 and 𝑆2 comprising two databases with ‘identical’

content. One is pre-digitisation and paper-based, wherein ev-

ery record is a physical piece of paper and is stored in a filing

cabinet, 𝐷1. The other, 𝐷2 is a modern relational database,

which can be queried, meaning it can be accessed using a

formal database query language, like SQL (Structured Query

Language; Pratt and Last 2015). 𝐷2 is the digitised version

of the contents of 𝐷1. Let us also assume one does not know

— as one never does, hence why such systems exist — every

record in these two databases by heart. Everything found

out by us about 𝑆1 and 𝑆2 is a property of the data stored in

each 𝐷𝑖 ; and not caused by, in an authorial sense, the SQL

query in the case of 𝑆2. Importantly, we (can) know how the

SQL queries’ mechanisms work because humans engineered

the implementation and we specifically wrote the queries.

One may think that the systems have properties other than

as derived from the data. But these properties are known a

priori; they stem from the nature of the query language or

its use by us, since of course similar or even identical results

from the database can be obtained from dramatically different

SQL statements with different time and space complexities.

Remember that an important difference between 𝑆1 and
𝑆2 is the substrate, one is paper-based, the other is digital
(see Table 1). 𝑆1, of course, has no built-in automated search.

So any methodical search in 𝑆1 is manual and has to be first

planned or designed if we are to be efficient — we need to

figure out how to deal with these piles of papers. In the

case of 𝑆2, it comes with a formal language which allows for

structured queries by design. Importantly, in both of these

cases, the data in the database is the ‘mysterious’ one. It

is a thing in itself, while our manual searching is separate

to 𝐷1 as is the SQL, which is a formal system above 𝐷2.

And what is more is that SQL is not a single static way to

access glimpses of the data, but a nigh on Turing-complete

language which is written as we see fit to query 𝑆2 with

the goal of returning relevant parts of 𝐷2. Is understanding

a specific database about the data inside, which is unique

to 𝐷𝑖 or is understanding a database about understanding
SQL? Most likely, understanding a specific database means

understanding the contents stored in 𝐷𝑖 .

An ANN is no different (see Figure 3 and compare and

contrast the rows of Table 1). It is a formal system, 𝑆3 with
known or knowable equations and mechanisms (recall Equa-

tion 2), defined with respect to some dataset 𝐷3. In contrast,
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Table 1

In contrast to scientific, and especially cognitive scientific models, the systems below do not embody an understanding of the world,
nor the phenomena within it, nor the observations from the world represented in data. What they do is in fact exclusively house
data in a post-processed state, and in a lossless and formally query-able (first two rows) or non-formally query-able and often
stochastic and lossy (last row) way.7

Aspects of Systems that Operate over Data

System Properties of 𝑆𝑖 Data Involved in 𝐷𝑖 Related World Phenomena

Paper

Database

By no means formal; there is not

only always a human-in-the-loop,

but also more margin of error in

certain common situations, e.g.

a person can forget to return a

file to the cabinet after reading,

or a file can be damaged beyond

repair because backups are either

non-existent or time-consuming.

Full-blown cognition is used.

Pre-processed data is that which,

say in a doctor’s office, patients

fill in paper forms handed to them

by the receptionist. The office

staff then read the paper forms

and decide if any changes must

be made, text rewritten, or similar

and afterwards place the now post-

processed form inside the relevant

filing cabinet.

The world causes the previous

cell, say the patients’ characteris-

tics about themselves; these are a

function of their knowledge. As

depicted in Figure 3, the world is

sampled to create 𝐷𝑖 , in our case

the paper forms, but the full pic-

ture is not in any way understood

fully by looking only at 𝐷𝑖 . We

want the process behind it.

Relational

Database

A fully formal system with the

ability to apply a structured query

language to extract subsets of the

database. Such constraints address

some of the issues above, e.g. that

certain forms of damage (although

by no means all) are mitigated as

querying is through automated

copies.

As above, pre-processed data is

input and subject to checks, e.g.

validating phone numbers or email

addresses using regular expres-

sions, or using drop-down menus

for selecting the country. Post-

processed data is stored losslessly

by the relational database manage-

ment system.

Even though digitalisation allows

for the automation of figures and

descriptive and inferential statis-

tics, understanding this data is not

possible only through such analy-

ses. In science, this is why we need

theory and models to understand

phenomena represented by the

data.

Artificial

Neural

Network

While a fully formal system (recall

Equation 2), what this system does

not afford us is the ability to query

it using a formal language like

SQL. In the generative or language

model subtype (wherein so-called

prompts are used) repeatable and

lossless interfacing is also ruled

out.
7

Data for modern ANNs is incred-

ibly post-processed, with labels

added to photographs and so-called

reinforcement learning from hu-

man feedback for contemporary

language models, which is human

input as a function of the model’s

output (Guest 2026; Guest and

Martin 2025b).

Contemporary ANN systems con-

tain the world directly through

people who intervene because

full automation is impossible. But

even setting this aside, as with the

above cells for paper and digital

databases, it remains the case that

we do not understand how 𝐷𝑖 came

about.

we do not know what processes or mechanisms generated

the dataset: that data generation is the subject under study.

If the statistics extracted by the ANN much like the results

of the infinite possible queries we could write in SQL, give

us unexpected patterns in the output data, then that is be-

cause those patterns might indeed exist in the data. The

fact it is surprising is because we do not (yet) understand

the mechanisms responsible for generating the data and not

because something unknown in the system other than 𝐷3

is generating the patterns (ceteris paribus, i.e. assuming no

catastrophic hardware or software bugs). What this means

is that 𝑆3, like any 𝑆𝑖 above, queries lossily
7
or otherwise 𝐷𝑖 ,

but it does not produce subsets of 𝐷𝑖 in a causal or authorial

sense (viz. Guest, Suarez, et al. 2025; Guest and van Rooij

2025; van Rooij and Guest 2025b).

Understanding this first point, also sheds light on the

second, on why “[b]y late 2015, technology companies that

were once seen as being at the forefront of Big Data began

rebranding their efforts as ‘AI.”’ (Elish and boyd 2018, p. 60)

How can there be mystique maintained, mysterianism up-

held, magic performed dextrously, if we call it what it is? ‘Big

7
Not all ANNs internalise data in a lossy way (cf. Liu et al. 2026),

nor are all ANNs stochastic, and neither are all generative models

language models — many such confusions are untangled in Guest,

Suarez, et al. (2025).
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data’ — it is just a lot of data. Data is exactly what makes an

ANN, just like any statistical model, function for a certain

use case.

LeCun would say: “I have a 10-layer neural net-

work and it does the same thing”. Thenwewould

say, “Are you sure? What’s new?” Because once

you have a neural network, even though it might

have 10 layers this time, it doesn’t work any

better than the last one. (Cardon et al. 2018,

p. XXVII)

More data is what changed — that is “what’s new” — from

nine thousand data points in 1988 to ImageNet’s 14 million in

2018 (Cardon et al. 2018) to essentially the totality of internet-

accessible human data in 2025.
8

And so to say we do not understand ANNs is a mischar-

acterisation; it constitutes amisunderstanding of under-

standing. It is the data-generating process of the real world

we do not understand. Not any mechanism in the ANN itself;

not anymodel operating over the data. To address this second

misunderstanding, we need to grapple with how no infer-

ential statistical model from logistic regression to ANNs by

virtue of just being applied to the data provides explanations.

A scientific explanation of a dataset is the product of more

than just a model being fit to the data. In the simpler case of

logistic regression, Equation 2 does not explain how 𝑝 (𝑌 ) is
predicted by 𝑋 other than in the statistical sense and by defi-

nition. In the scientific sense — where we are on the hunt for

a theory — a mere application of a statistical test is no more

or less explanatory than the data itself. It provides a view

on the data, such as how different variables relate to each

other and if those relationships are statistically meaningful,

but it does not reveal anything we did not know or at least

suspect before. And that is the point of statistics, to confirm

or not a hypothesis we may have about the dataset (Guest

and Martin 2021). Theories are a different beast altogether.

So when scientists, engineers, or others insist we do not

understand an ANN, we must ask what a mechanistic under-

standing is if not like in Equation 2 a formal mathematical

description of the components. If they claim it is a functional

understanding that we lack, then we must remember a black

box model as-is is a functional perspective on a system.What

we do not understand is the data compressed or stored, lossily

or losslessly, inside the model. Once we admit this, we can

start to build and use theories and models effectively and

conscientiously in science (Blokpoel 2018; Guest 2023; Hard-

castle 1996; Morgan andMorrison 1999; van Rooij and Baggio

2021). Theories need to be understandable; so if proponents

understand nothing of their theory, they are in a pickle as

it does no explaining. Models also by their nature should

provide a sensible mediation between theory, verbal and for-

mal, and observations (Guest and Martin 2025b, 2021, 2023;

Morgan and Morrison 1999).
9
If the important differences

between model, theory, and observation are blurred, then

these need to be disentangled first and foremost. Only then

can we move to discussing what understanding, if any, is

provided by our formal accounts.

Finally, we can tackle what turns this all on its head, that

it is indeed true that in one special sense of understanding

we can appear to open the black box and continue not to

posses any: if machines are minds (recall Figure 1). In this

case no understanding can ever be obtained. Cummins

(2000) explains this:

So, even if we are convinced that the mind is the

brain, or a process going on in the brain, physical

observation of the brain seems to give us data

in the wrong vocabulary: synapses rather than

thoughts. When we look at a brain, even a living

brain, we do not see thoughts. [...] If you had

a psychology camera and took a snapshot of a

living brain, you would [...] see beliefs, desires,

intentions, and their canonical relations. But to

build a psychology camera, you would need to

somehow bridge Leibniz’s Gap by correlating

observed brain properties, events, and processes

with beliefs, desires, and intentions, and this, at

least for now, is beyond us. (p. 128)

Bridging the Leibnizian gap is the general case of so-called

Marrian bridging laws. All this is impossible in principle,

as mentioned above, in both engineered and biological sys-

tems (Arkoudas 2008; Ashby 1956; Guest and Martin 2025b;

Guest, Scharfenberg, et al. 2025; Hardcastle 2019; Krickel

2024; Serban 2015).

If machines have a psychology (recall Figure 1), then we

have sealed the deal already on understanding them (Sulli-

van 2022). To wit, the bar is thus so high such that neither

functional (recall the black box must be opened) nor mech-

anistic (once we open the box, the formalisms inside are

not informative) understanding are enough. The obfuscated

explanandum is the human data modelled by the system

(recall Figure 3). Ilya Sutskever implicitly notes this: “You

could even go as far as to say that data is the fossil fuel of AI.

It was like, created somehow. And now we use it.”
10
So in a

sense, yes, the system is a mind in this roundabout way: a

8
Although we cannot know for certain as many of the industry’s

ANN models as their source code is closed (Dingemanse 2025; Hao

2025; Jackson 2024; Liesenfeld and Dingemanse 2024; Liesenfeld,

Lopez, et al. 2023; Maffulli 2023; Maris 2025; Mirowski 2023; Nolan

2025; Solaiman 2023; Thorne 2009; Widder et al. 2024).

9
Relatedly, Fischer et al. (2025) discuss how understanding or

how so-called explanations produced by AI systems, like ANNs,

exist in a complex relationship to non-expert users.

10
Credit to Alayo Tripp for locating this useful quote:

https://bsky.app/profile/phonotactician.bsky.social/

post/3ldhe2bw7ls2w

https://bsky.app/profile/phonotactician.bsky.social/post/3ldhe2bw7ls2w
https://bsky.app/profile/phonotactician.bsky.social/post/3ldhe2bw7ls2w
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huge set of data generated by human cognition (Guest 2026).

Relatedly, makeism— the idea that through building we come

to understanding (van Rooij, Guest, et al. 2024) — collapses

under its own weight since contemporary ANN-based AI has

indeed been built, but many proponents believe this building

has brought no understanding (see APPENDIX: Quotes

about ANNs, LLMs, & AI). And ironically, this conclusion

with respect to it bringing us no deep theoretical scientific

understanding is in fact right, but for misplaced reasons.

5 A Clash of Doctrines is an Opportunity

Whitehead wrote that a “clash of doctrines is not a disaster,
it is an opportunity.” [T]he convergence of different prob-
lems and points of viewmay break open the compartments
and stir up scientific culture. These turning points have
consequences that go beyond their scientific context and
influence the intellectual scene as a whole. Inversely, global
problems often have been sources of inspiration to science.

Prigogine and Stengers (2018, p. 213)

In the past sections, we explained that: understanding

of ANNs meets basic scientific criteria, or if not then no

science does; and that in this context: the use of ‘black box’

is not only mistaken and mischievous, but also malicious or

minimally marketing. What we do not understand is the data,

and the processes which we believe generate it in the world

— in other words, reality and its reflections and distortions in

datasets (Elgin 2017; Vallor 2024). Mysterianism, therefore,

about known mechanism is not only unwarranted, but anti-

scientific. Besides, what chance do we have to understand

anything, if we cannot understand models of our own mak-

ing?

Rodney Brooks’s statement that the “the best model of

the world is the world itself” (Dreyfus 2007, p. 1140; also

see Cardon et al. 2018) appears to be the default view in

contemporary AI. And while such a view may be entirely

appropriate for engineering robots, it does not promote sci-

entific understanding. It rests on merging theory and model,

on the one hand, and the world and phenomena it contains,

on the other hand. Such thoughtless mergers are the main

confusions we have unpicked and tackled above, and which

are captured in Figure 1. And confusions of this nature can

be seen as spreading from cybernetics to connectionism and

to mainstream psychology and cognitive science and back

in various waves (viz. Ashby 1956; Guest and Martin 2025b;

Petrick 2020). Chirimuuta (2025) also touches on this from

a philosophical and historical overview through discussing

the “fallacy of misplaced concreteness[, which] is the mistake

of taking the abstractions of science for concrete reality, con-

fusing the model with the target, the map with the territory

(Whitehead 1925/1967, pp. 51–55).” (p. 246; also see ‘formal

realism’, Chirimuuta 2024; and makeism, van Rooij, Guest,

et al. 2024)

When proponents say ANN models’ behaviours are not

predictable, we cannot but scoff since the output of the model

is by definition statistical prediction. ANNs, as turbo-charged

statistical models (recall their formal relation to logistic re-

gression) can only but provide correlations. Recalling the

mathematical model of the double pendulum: it escapes cor-

relation (statistical prediction) with a physical pendulum

very quickly, because both are chaotic systems. Nobody in-

tellectually honest, however, would argue that because the

double pendulum equations cannot numerically match the

measurements from a physical such pendulum once in mo-

tion, that therefore we understand nothing about it.

Relatedly, if “[t]ransparency about these models is the

most important thing to ensure safety [i.e. predictability]”

(Melanie Mitchell, quoted in Musser 2023) then we already

know what is in the black box: a lossy reflection of the data.

Since we understand nothing of the data — both because

science is an unfinished unending journey and because the

datasets are hidden from researchers
8
— we can easily con-

clude in principle that ANNs are therefore unsafe and unpre-

dictable. Like the chaotic motions of the double pendulum, AI

is not predictable in this sense, and in context not something

that can be controlled. This remains the case until and unless

we have better models of the data and better theories in

general. Scientific models, and especially cognitive models,

by definition cannot merely be statistical models of the data,

but must constitute a qualitative capturing of the part of the

world we want to understand.

Most importantly of all, the absconding of scientific duty

by those who purport to use ANNs to replace human par-

ticipants becomes blindingly obvious as such a dereliction

in light of our exposition above. This is because the use of

such models other than to statistically capture the data —

as so-called AI surrogates (cf. Crockett and Messeri 2025;

Dillion et al. 2023; Guest and van Rooij 2025) or equally

badly as theories or black boxes to be understood (cf. Guest

and Martin 2025b; van Rooij and Guest 2025a; van Rooij,

Guest, et al. 2024) — will detract from actual understanding

of the phenomena, such as the human participants’ cognitive

capacities. To add insult to injury, not only do such false

frames as examined herein waste scientists time, they also

constitute red herrings since such examinations of models

to understand them are fool’s errands. As per the titular ex-

pression, mysterianism about known mechanism is mysticism
and by no means a valid scientific assumption to build on.

Ultimately, if we accept Leibniz’ gap (recall Box 1) we are

indeed forced to come full circle and admit we do not un-

derstand how ANNs work. But not because we do not, func-

tionally nor mechanistically, understand how they work, but

because the referent shifted. It is the dataset (and the phenom-

ena that we suspect generate it) that we do not understand

and on which contemporary ANN-based AI so infamously

depends. And so we can and should admit that slapping a



MYSTERIANISM ABOUT KNOWN MECHANISM IS MYSTICISM 15

statistical test, whether a single logistic regression or a billion,

onto a dataset will never bring understanding of the dataset

and the world. Only science can do that. Laborious, slow and

steady, deep and thoughtful scientific theorising (Stengers

and Muecke 2018). To pretend otherwise, and insist on a

flawed meaning of black boxing, is to shirk a responsibility

that is inherently uniquely human (Chiodo 2022; Christin

2020; Devezer 2024; Rich, de Haan, et al. 2021).

As cognitive scientists, we can use this opportunity to sub-

vert the doctrine of contemporary AI, correlationism (Guest

2026), modern connectionism (viz. Guest and Martin 2025b),

and mysterianism about mechanism which aim to reduce

science to the absurd. Such as when we slip and feel beguiled:

“We are ten times more fascinated by clockwork imitations

than by real human beings performing the same task.” (Mc-

Corduck 2004, p. 3) Instead, we can feel confident that this

is actually a deep appreciation, even if misplaced, for the

human cognitive labour, our endeavour of computational

modelling, that goes into these machines (Guest 2026).

Our models, technologies, machines, formalisms, are won-

drous reflections of cognition. But importantly, such models

neither stand in for the theories nor for the phenomena

between which they mediate (Morgan and Morrison 1999).

In a world where the technology industry and even our col-

leagues reject theory building, through ignorance, mockery,

and semantic shell games, we can subvert their feigned lack

of understanding to our advantage. Scientific theorising has

more not less value in times of scarce deep thinking, thought-

less technosolutionism, and obfuscation of the cognitive.
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APPENDIX:Quotes about ANNs, LLMs, & AI

This appendix contains two sections. The first provides a

list of quotes that contain (critically or otherwise) the claim

to match Statement 2 (and 𝛽 in Figure 1): ‘ANNs models are a

black box or unknowable even if opened’; and the second the

claim to match Statement 3: ‘We understand neither human

nor artificial cognition, and therefore they are similar.’

ANNs models are a black box or unknowable even if

opened

A

Alechina (quoted in Jiménez 2025, n.p.):

If AI systems operate in a black box, we have

no insight into how to fix the system if there’s a

mistake

Amodei (2025, n.p.):

People outside the field are often surprised and

alarmed to learn that we do not understand how

our own AI creations work. They are right to

be concerned: this lack of understanding is es-

sentially unprecedented in the history of tech-

nology. [And o]ur inability to understand mod-

els’ internal mechanisms means that we cannot

meaningfully predict such behaviors, and there-

fore struggle to rule them out[.]

Amodei (2025, n.p.):

In the case of AI systems, we can set the basic

architecture (usually some variant of the Trans-

former), the broad type of data they receive,

and the high-level algorithm used to train them,

but the model’s actual cognitive mechanisms

emerge organically from these ingredients, and

our understanding of them is poor.

B

Bailey (2023, n.p.):

But AI systems have a significant limitation:

Many of their inner workings are impenetrable,

making them fundamentally unexplainable and

unpredictable.

[...]

Many AI systems are built on deep learning neu-

ral networks, which in some ways emulate the

human brain. These networks contain intercon-

nected “neurons” with variables or “parameters”

that affect the strength of connections between

the neurons. As a naïve network is presented

with training data, it “learns” how to classify the

data by adjusting these parameters. In this way,

the AI system learns to classify data it hasn’t

seen before. It doesn’t memorize what each data

point is, but instead predicts what a data point

might be.

Many of the most powerful AI systems contain

trillions of parameters. Because of this, the rea-

sons AI systems make the decisions that they

do are often opaque. This is the AI explainabil-

ity problem — the impenetrable black box of AI

decision-making.

Baldi (quoted in Castelvecchi 2016, p. 23):

To Baldi, scientists should embrace deep learn-

ing without being “too anal” about the black box.

After all, they all carry a black box in their heads.

“You use your brain all the time; you trust your

brain all the time; and you have no idea how

your brain works.”

Barak (quoted in Dupré 2024, n.p.):

Many people in the field often compare it to

physics at the beginning of the 20th century.

We have a lot of experimental results that we

don’t completely understand, [...] and often

when you do an experiment it surprises you.

Beer (2023, n.p.):

Looking back at the history of neural networks

tells us something important about the auto-

mated decisions that define our present or those

that will have a possibly more profound impact

in the future. Their presence also tells us that

we are likely to understand the decisions and

impacts of AI even less over time. These sys-

tems are not simply black boxes, they are not

just hidden bits of a system that can’t be seen or

understood.

It is something different, something rooted in

the aims and design of these systems themselves.

There is a long-held pursuit of the unexplain-

able. The more opaque, the more authentic and

advanced the system is thought to be. It is not

just about the systems becoming more complex

or the control of intellectual property limiting

access (although these are part of it). It is instead

to say that the ethos driving them has a partic-

ular and embedded interest in “unknowability”.

The mystery is even coded into the very form

and discourse of the neural network. They come

with deeply piled layers — hence the phrase deep
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learning — and within those depths are the even

more mysterious sounding “hidden layers”. The

mysteries of these systems are deep below the

surface.

Bengio (quoted in Pearson 2016, n.p.):

it’s exactly because we can’t mathematically

pick apart a decision made by deep learning

software that it works so well.

Bengio et al. (2023, n.p.):

recent months have seen AI labs locked in an

out-of-control race to develop and deploy ever

more powerful digital minds that no one — not

even their creators — can understand, predict,

or reliably control.

Beres (2017, n.p.):

The computers that run those services have pro-

grammed themselves, and they have done it in

ways we cannot understand. Even the engineers

who build these apps cannot fully explain their

behavior.

Bills et al. (2023, n.p.):

Language models have become more capable

and more widely deployed, but we do not under-

stand how they work.

[...]

Our explanations also do not explain what

causes behavior at a mechanistic level, which

could cause our understanding to generalize in-

correctly. To predict rare or out-of-distribution

model behaviors, it seems possible that we will

need a more mechanistic understanding of mod-

els.

C

Calvello (2023, n.p.):

While there are some types of AI that humans

can comprehend, there are others that, because

of their complexity and high dimensionality, are

beyond the ken of human intelligence.

D

Dupré (2024, n.p.):

not even the folks creating all this AI fully un-

derstand how it really works. [...]

In other words, AI is already everywhere. But

as it’s increasingly integrated into human life,

the scientists building the tech are still trying to

fully understand how it learns and functions.

Some experts chalk the lack of understanding

up to the burgeoning nature of the field, argu-

ing that AI’s nascency means that sometimes

researchers will have to work backward from

experimental results and outputs.

E

Engelsman (2018, n.p.):

People understand the input and output of a

neural network. But its inner workings are a

black box. It feels unsettling to have computers

make judgements in a way that we ourselves do

not understand.

H

Hutson (2024, n.p.):

Because chatbots can chat, some researchers in-

terrogate their workings by simply asking the

models to explain themselves. This approach re-

sembles those used in human psychology. “The

human mind is a black box, animal minds are

kind of a black box and LLMs are black boxes,”

says Thilo Hagendorff, a computer scientist at

the University of Stuttgart in Germany. “Psy-

chology is well equipped to investigate black

boxes.”

J

Jobin and Katzenbach (2023, p. 48):

In consequence, we are living in a time when

the infrastructures and institutions of our ev-

eryday lives are being (re)built at the hands of

techniques that already elude popular and pro-

fessional understanding.

K

Kaplan et al. (2020, p. 22)

At present we do not have a solid theoretical

understanding for any of our proposed scaling

laws. The scaling relations with model size and

compute are especially mysterious. [. . . ] With-

out a theory or a systematic understanding of

the corrections to our scaling laws, it’s difficult

to determine in what circumstances they can be

trusted.

Kaplan (quoted in Patel 2025, p. 23):
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we don’t really know all of the details of how

neural networks work. We’re still very confused.

There’s a lot left to understand, even to just val-

idate some of our hypotheses.

Knight (2017, n.p.):

The workings of any machine-learning technol-

ogy are inherently more opaque, even to com-

puter scientists, than a hand-coded system. This

is not to say that all future AI techniques will

be equally unknowable. But by its nature, deep

learning is a particularly dark black box. You

can’t just look inside a deep neural network to

see how it works.

Kosinski (2024, n.p.):

AI developers broadly know how data moves

through each layer of the network, and they

have a general sense of what the models do

with the data they ingest. But they don’t know

all the specifics. For example, they might not

know what it means when a certain combina-

tion of neurons activates, or exactly how the

model finds and combines vector embeddings to

respond to a prompt.

Even open-source AI models that share their un-

derlying code are ultimately black boxes because

users still cannot interpret what happens within

each layer of the model when it’s active.

[...]

If a black box model does make the wrong de-

cisions or consistently produces inaccurate or

harmful outputs, it can be hard to adjust the

model to correct this behavior. Without know-

ing exactly what happens inside themodel, users

cannot pinpoint exactly where it is going wrong.

L

LaFrance (2015, n.p.):

Not Even the People Who Write Algorithms Re-

ally Know How They Work

Levy (2024, n.p.):

Even the people who build them don’t know

exactly how they work, and massive effort is

required to create guardrails to prevent them

from churning out bias, misinformation, and

even blueprints for deadly chemical weapons.

If the people building the models knew what

happened inside these “black boxes,” it would be

easier to make them safer.

M

Maier et al. (2023, p. 14):

While the potential of ANNs is clear, they are

still surrounded by an air of mystery and in-

trigue, leading to a lack of understanding of their

inner workings. This has led to the perpetuation

of a number of myths, resulting in the miscon-

ception that the application of ANNs primarily

involves “throwing” a large amount of data at a

“black-box” software package.

Mitchell (quoted in Musser 2023, n.p.):

I don’t know how [LLMs a]re doing it or if they

could do it more generally the way humans do—

but they’ve challenged my views

Mitchell (quoted in Lenzen 2026, n.p.):

The misconception that A.I. has “magic” or

“emergent” abilities that are impossible to un-

derstand and predict. This is mainly a view of

the public (and policymakers, to some extent).

Technologists and Silicon Valley often push this

narrative but I don’t know howmuch they really

believe it.

Moore (quoted in LaFrance 2015, n.p.)

And it’s going to get more convoluted before it

gets clearer. In fact, for a few reasons, it prob-

ably won’t get clearer ever. First of all, there’s

virtually no regulation of data-collection in the

United States, meaning companies can create

detailed profiles of individuals based on huge

troves of personal data—without those individu-

als knowing what’s being collected or how that

information is being used. “This is gettingworse,”

said Andrew Moore, the dean of computer sci-

ence at Carnegie Mellon University.

Which means, Moore told me, we are “moving

away from, not toward the world where you can

immediately give a clear diagnosis” for what a

data-fed algorithm is doing with a person’s web

behaviors. I once explored the idea that wemight

eventually be able to subscribe to one algorithm

over another on Facebook as a way to know ex-

actly how the information filter was working. A

nice thought experiment, perhaps, but one that

assumes the people who write algorithms know

with any level of precision or individuality how

they work.

“You might be overestimating how much the

content-providers understand how their own
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systems work,” said Moore, who is also a former

vice president at Google. He didn’t want to talk

about Google in particular, but he did present an-

other hypothetical: Imagine a company showing

movie recommendations.

Musser (2023, n.p.):

No one yet knows howChatGPT and its artificial

intelligence cousins will transform the world,

and one reason is that no one really knows what

goes on inside them. Some of these systems’ abil-

ities go far beyond what they were trained to

do—and even their inventors are baffled as to

why. A growing number of tests suggest these

AI systems develop internal models of the real

world, much as our own brain does, though the

machines’ technique is different.

O

Olah (quoted in Levy 2024, n.p.):

For the past decade, AI researcher Chris Olah has

been obsessed with artificial neural networks.

One question in particular engaged him, and has

been the center of his work, first at Google Brain,

then OpenAI, and today at AI startup Anthropic,

where he is a cofounder. “What’s going on inside

of them?” he says. “We have these systems, we

don’t know what’s going on. It seems crazy.”

Olvera (2025, n.p.):

This opacity has created an unprecedented

power dynamic: First, at the most fundamen-

tal level, the tech companies building these AI

systems don’t fully understand how their mod-

els work internally—a challenge inherent to the

technology itself. But there’s a second, distinct

barrier to transparency: Developers aren’t mak-

ing the data they train these systems with avail-

able to those outside their organizations. Addi-

tionally, outside researchers who have the skills

and knowledge to study these systems indepen-

dently lack the resources and computing power

to run their own experiments, even if they had

data access. With generative AI rapidly reshap-

ing society, frommedical diagnoses to classroom

teaching, academic and independent researchers

are pursuing parallel investigations: They hope

to crack open the AI “black box” to understand

its decision-making, while rigorously studying

how these systems affect the real-world. Recent

breakthroughs reveal that true transparency re-

quires not just peering into AI’s inner workings,

but reimagining how society should study, eval-

uate, and govern these systems.

P

Pavlick (quoted in Lewis-Kraus 2026, n.p.):

Ellie Pavlick, a computer scientist at Brown, has

drawn up a taxonomy of our most common re-

sponses. There are the “fanboys,” who man the

hype wires. They believe that large language

models are intelligent, maybe even conscious,

and prophesy that, before long, they will become

superintelligent. The venture capitalist Marc An-

dreessen has described A.I. as “our alchemy, our

Philosopher’s Stone—we are literally making

sand think.” The fanboys’ deflationary counter-

parts are the “curmudgeons,” who claim that

there’s no there there, and that only a blockhead

would mistake a parlor trick for the soul of the

new machine. In the recent book “The AI Con,”

the linguist Emily Bender and the sociologist

Alex Hanna belittle L.L.M.s as “mathy maths,”

“stochastic parrots,” and “a racist pile of linear

algebra.”

But, Pavlick writes, “there is another way to

react.” It is O.K., she offers, “to not know.”

What Pavlick means, on the most basic level,

is that large language models are black boxes.

We don’t really understand how they work. We

don’t know if it makes sense to call them in-

telligent, or if it will ever make sense to call

them conscious. But she’s also making a more

profound point. The existence of talking ma-

chines—entities that can do many of the things

that only we have ever been able to do—throws a

lot of other things into question. We refer to our

own minds as if they weren’t also black boxes.

We use the word “intelligence” as if we have a

clear idea of what it means. It turns out that we

don’t know that, either.

Perrigo (2024, n.p.):

Today’s artificial intelligence is often described

as a “black box.” AI developers don’t write ex-

plicit rules for these systems; instead, they feed

in vast quantities of data and the systems learn

on their own to spot patterns. But the inner

workings of the AI models remain opaque, and

efforts to peer inside them to check exactly

what is happening haven’t progressed very far.

Beneath the surface, neural networks—today’s

most powerful type of AI—consist of billions of

artificial “neurons” represented as decimal-point
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numbers. Nobody truly understands what they

mean, or how they work.

R

Ramaul et al. (2025, p. 799):

we advocate intellectual humility in recognizing

that AI remains partly a “black box”

Rudin and Radin (2019, p. 3):

In machine learning, these black box models

are created directly from data by an algorithm,

meaning that humans, even those who design

them, cannot understand how variables are be-

ing combined to make predictions. Even if one

has a list of the input variables, black box predic-

tive models can be such complicated functions of

the variables that no human can understand how

the variables are jointly related to each other to

reach a final prediction.

S

Shanahan (Ghosh 2025, n.p.):

That’s worrying, says Prof Murray Shanahan,

principal scientist at Google DeepMind and

emeritus professor in AI at Imperial College,

London.

“We don’t actually understand very well the way

in which LLMs work internally, and that is some

cause for concern,” he tells the BBC.

T

Tarita (2025, n.p.):

Dario Amodei stood before the U.S. Senate in

2023 and said something few in Silicon Valley

dared to admit: that even the people building

artificial intelligence don’t understand how it

works. You read that right: AI, the technology

that’s taking the entire world by storm... we only

have a general idea how it works.

Now, the CEO of Anthropic—one of the world’s

top AI labs—is raising that same alarm, louder

than ever. In a sweeping essay titled The Ur-

gency of Interpretability, Amodei delivers a clear

message: the inner workings of today’s most

powerful AI models remain a mystery, and that

mystery could carry profound risks. “This lack

of understanding is essentially unprecedented

in the history of technology,” he writes.

V

VandeHei and Allen (2025, n.p.):

The wildest, scariest, indisputable truth about

AI’s large language models is that the companies

building them don’t know exactly why or how

they work. Sit with that for a moment. The most

powerful companies, racing to build the most

powerful superhuman intelligence capabilities

[...] don’t know why their machines do what

they do.

W

Whang (2026, n.p.):

The principles involved in this approach had

been developed over decades, but AlexNet —

which was given a huge data set of images — op-

erated on a different scale. After enough training,

the system settled on a particular formula for

image identification that was better than any

that had been devised before.

But there was a catch: The formula itself was

mysterious, even to the people who were respon-

sible for it. Because the image-classifying algo-

rithm had evolved autonomously, there could

have been any number of rules encoded in

AlexNet’s internal structure, or neural network,

with no obvious way of figuring out what or

where those rules were. You could look directly

at the functions in the program, but with tens of

millions of them, accurately characterizing the

emergent structure would be almost impossible.

The program was essentially a black box.

X

Xiang (2022, n.p.):

The people who develop AI are increasingly hav-

ing problems explaining how it works and de-

termining why it has the outputs it has.

Z

Zednik (2021, p. 271):

In order to develop such a framework, it is in-

structive to look at cognitive science. Despite

obvious differences to the computing systems

being programmed in Machine Learning, biolog-

ical cognizers can equally be viewed as opaque

“black boxes.” Moreover, as has already been

suggested above, biological cognizers and ML-

programmed computers afford a similar diver-

sity of explanations and epistemically relevant
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elements. Of course, these similarities should

not come as a surprise: biological cognizers have

long been viewed as computing systems in their

own right (Pylyshyn 1984), and the problems of

Artificial Intelligence are traditionally defined

in terms of the capacities possessed by humans

and other intelligent beings (Minsky, 1968).

We understand neither human nor artificial cognition,

and therefore they are similar

A

Altman (quoted in Curry 2024, n.p.):

“We don’t understand what’s happening in your

brain at a neuron-by-neuron level, and yet we

know you can follow some rules and can ask you

to explain why you think something,” said Alt-

man. By likening GPT to the human brain, Alt-

man reasoned a black-box presence, or a sense

of mystery behind its functionality. Like human

brains, generative A.I. technology such as GPT

creates new content based on existing data sets

and can supposedly learn over time. GPT may

not have emotional intelligence or human con-

sciousness, but it can be difficult to understand

how algorithms—and the human brain—come

to the conclusions they do.

B

Bengio (quoted in Pearson 2016, n.p.):

“As soon as you have a complicated enough

machine, it becomes almost impossible to com-

pletely explain what it does,” Bengio said. “Think

about another person or an animal—their brain

is computing something with hundreds of bil-

lions of neurons. Even if you could measure

those neurons, it’s not going to be an answer

that you can use.”

The math at the core of deep learning systems

is really pretty simple, Bengio said, but the prob-

lem is this: once they get going, it becomes too

complex to make sense of. You could put all the

calculations that went into making a decision

into a spreadsheet, Bengio explained, but the

result will just be numbers that only a machine

can understand.

It’s worth emphasizing here that deep learn-

ing still runs on computers, and that means

we shouldn’t completely mythologize it. Think

about it this way: in the past, many people were

paid to be human computers. The term “com-

puter” contains an implicit historical continuity

that draws our attention to the fact that today’s

powerful machines are doing the exact same job

as these original human computers, but much

faster.

“You don’t understand, in fine detail, the person

in front of you, but you trust them”

C

Chalmers (in video interview, Chalmers et al. 2024, n.p.):

I think it’s possible for an AI system to be con-

scious. I think it’s possible for a machine to

be conscious. The brain itself is a big machine.

Somehow that machine produces consciousness.

We don’t know how, but it does it somehow. I

think if biology can do it I don’t see why sil-

icon can’t do it. I can’t. We don’t understand

how silicon could give us consciousness. We

also don’t understand how neurons could give

us consciousness So I don’t see a difference in

principle.

H

Hinton (quoted in Topol 2023, n.p.):

I think these chatbots, they have intuition that

is what they’re doing is they’re taking strings

of symbols and they’re converting each symbol

into a big bunch of features that they invent, and

then they’re learning interactions between the

features of different symbols so that they can

predict the features of the next symbol. And I

think that’s what people do too. So I think actu-

ally they’re working pretty much the same way

as us. There’s lots of people who say, they’re not

like us at all. They don’t understand, but there’s

actually not many people who have theories of

how the brain works and also theories of how

they understand how these things work. Mostly

the peoplewho say they don’t work like us, don’t

actually have any model of how we work. And it

might interest them to know that these language

models were actually introduced as a theory of

how our brain works.

P

Pande (2018, n.p.):

There’s particular concern about this in health

care, where A.I. is used to classify which skin le-

sions are cancerous, to identify very early-stage

cancer from blood, to predict heart disease, to de-

termine what compounds in people and animals

could extend healthy life spans and more. But
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these fears about the implications of black box

are misplaced. A.I. is no less transparent than

the way in which doctors have always worked —

and in many cases it represents an improvement,

augmenting what hospitals can do for patients

and the entire health care system. After all, the

black box in A.I. isn’t a new problem due to new

tech: Human intelligence itself is — and always

has been — a black box.

[...]

But we make decisions in areas that we don’t

fully understand every day — often very success-

fully — from the predicted economic impacts

of policies to weather forecasts to the ways in

which we approach much of science in the first

place. We either oversimplify things or accept

that they’re too complex for us to break down

linearly, let alone explain fully. It’s just like the

black box of A.I.: Human intelligence can reason

and make arguments for a given conclusion, but

it can’t explain the complex, underlying basis for

howwe arrived at a particular conclusion. Think

of what happens when a couple get divorced

because of one stated cause — say, infidelity —

when in reality there’s an entire unseen universe

of intertwined causes, forces and events that con-

tributed to that outcome. Why did they choose

to split up when another couple in a similar situ-

ation didn’t? Even those in the relationship can’t

fully explain it. It’s a black box.
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