Proceedings of the Eighth AAAI/ACM Conference on Al, Ethics, and Society (AIES 2025)

A Mathematical Philosophy of Explanations in Mechanistic Interpretability

Kola Ayonrinde'*, Louis Jaburi’

'UK AI Security Institute
’Independent Researcher

Abstract

Mechanistic Interpretability aims to understand neural net-
works through causal explanations. We argue for the Explana-
tory View Hypothesis: that Mechanistic Interpretability re-
search is a principled approach to understanding models be-
cause neural networks contain implicit explanations which can
be extracted and understood. We hence show that Explanatory
Faithfulness, an assessment of how well an explanation fits a
model, is well-defined. We propose a definition of Mechanistic
Interpretability (MI) as the practice of producing Model-level,
Ontic, Causal-Mechanistic, and Falsifiable explanations of
neural networks, allowing us to distinguish MI from other
interpretability paradigms and detail MI’s inherent limits. We
formulate the Principle of Explanatory Optimism, a conjecture
which we argue is a necessary precondition for the success of
Mechanistic Interpretability.

1 Introduction

ML artifacts are strange objects. ML researchers have pro-
duced models with a wide range of cognitive capabilities
that no human knows how to program a machine to do, from
playing Go and poker at a superhuman level (Schrittwieser
et al. 2020; Brown and Sandholm 2019) to folding proteins
(Jumper et al. 2021), and solving advanced mathematical
problems (Glazer et al. 2024)!.

However, we did not design these systems. No human
wrote the blueprint for how Al systems ought to perform a
given task. Instead, neural networks organically learn to solve
problems via gradient descent, given large quantities of data.
Neural networks aren’t built; they’re grown.

Because we don’t design neural networks, ML researchers
typically do not know how their models perform a given
task. Additionally, neural networks often solve problems in
unintuitive ways, relying on concepts that are not obvious
to humans (Widdicombe, Julier, and Kim 2018; Hosseini
et al. 2018; Goodfellow, Shlens, and Szegedy 2014; Ilyas
et al. 2019). This situation of relative ignorance about the
processes that give rise to a neural network’s capabilities
leaves us with a scientific problem analogous to the natural
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'to deceiving humans in games (Golechha and Garriga-Alonso
2025; Bakhtin et al. 2022)
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sciences. A physicist might observe some natural dynamical
system, like the weather, and seek an explanation allowing
them to understand, predict, and possibly even steer the sys-
tem. Similarly, neural network interpretability (henceforth
just interpretability) is the process of understanding artificial
neural networks using the scientific method.

In this way, we characterise Interpretability as The Strange
Science: Interpretability is the science of understanding arti-
ficial neural phenomena, just as the natural sciences seek to
understand natural phenomena. Interpretability researchers
study formal systems using empirical methods — making
observations, generating conjectures, and refuting those con-
jectures — to understand complex neural systems. Since
interpretability is analogous to the natural sciences, a Phi-
losophy of Interpretability should be inspired by our best
understanding of the philosophy of science.

Recent works like Bereska and Gavves (2024), Sharkey
et al. (2025), and Geiger, Potts, and Icard (2023) have ex-
plored the methods and assumptions of Mechanistic Inter-
pretability (MI). Other works have explored the philosophi-
cally relevant components of MI (Milliere and Buckner 2025;
Harding 2023; Kistner and Crook 2024). In this work, we
foreground the philosophical role of explanation in Mecha-
nistic Interpretability specifically, and how this differs from
previous interpretability paradigms.? In particular, inspired
by the Information-Theoretic perspective, we can understand
explanations in terms of their compressive power and ability
to communicate understanding which generalises.

Understanding neural networks can provide affordances
for interventions which are important for Al Safety, Al Ethics,
and AI Cognitive Science (Bengio et al. 2025; Anwar et al.
2024; Chalmers 2025; Olah et al. 2020; Amodei 2025). Such
understanding also allows us to improve the performance of
neural networks and debug their failings (Lindsay and Bau
2023; Sharkey et al. 2025; Amodei 2025).

Contributions. Our contributions are as follows:

e Firstly, we show that producing compressive explanations
frames a potential solution to the Interpretability Problem.

2Lipton (2018); Gilpin et al. (2018); Fleisher (2022); Doshi-
Velez and Kim (2017); Leavitt and Morcos (2020); Erasmus, Brunet,
and Fisher (2021) provide an overview of classical (pre-Mechanistic)
Interpretability.



We hence define explanatorily faithfulness as the goal of
Mechanistic Interpretability.

e Secondly, we provide a technical definition of MI and
leverage this definition to highlight both the possibilities
and limitations of MI.

e Thirdly, we formulate the Principle of Explanatory Op-
timism, a conjecture at the heart of MI which states that
the algorithmic structure of generalising neural networks
is human-understandable. We show that without the Prin-
ciple of Explanatory Optimism the project of MI is in-
tractable.

2 The Strange Science

Is Interpretability a natural science or a formal science? Nat-
ural sciences like physics, biology, and earth sciences seek
to explain physical phenomena, creating hypotheses and run-
ning experiments. Formal sciences like algebra, decision the-
ory, formal linguistics, and music theory are concerned with
abstract systems and structures, using deductive methods to
construct proofs from axioms. The defining strange property
of neural network interpretability is that it is a natural science
whose objects of study are both artificial (constructed by hu-
mans rather than naturally occurring) and formal (inherently
abstract rather than physical systems).

Neural networks are mathematical objects; they are deter-
ministic functions from the input embedding space to the
output embedding space. Yet, the strange science of inter-
pretability is not a formal science. Interpretability researchers
are not primarily interested in proving theorems about neural
networks, but in understanding the empirical properties of
neural networks. They seek to understand “why”’ questions
about generalisation: why does the network generalise in this
specific way? or what are the reusable representations that a
neural network is using? and so on.

We a priori know the model’s weights, architecture and for-
mal specification and we can compute the output behaviour
corresponding to any given input. Where other sciences might
be limited by the precision of their measuring tools or the fi-
delity of observations, in Interpretability our observations are
exactly precise and our experiments perfectly reproducible.
Furthermore, we can intervene on the network at any point
and any time to arbitrarily high precision. However, despite
this formal knowledge and potential for intervention, under-
standing neural networks remains elusive. Here we find a
peculiar reversal of the sciences: in natural science, we pur-
sue mathematical formalism to describe empirically observed
phenomena; yet in interpretability, we pursue empirical meth-
ods to understand formalism.

To make progress in understanding ML models, we ap-
proach them as naturalists studying a complex system. We
can see neural networks as an exemplar of the pitfalls of
reductionism: we know all the material and formal causes of
the network, and we understand each individual part; how-
ever, we do not understand the system. We have complete
access to all formal properties of the system, yet our scientific
knowledge of the system is incomplete. The strange paradox
of interpretability is thus: we have a complete understanding
of neural networks at the base, formal, implementation level
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up to arbitrary precision.> However, it’s not immediately ob-
vious how this low-level knowledge translates into high-level
understanding and the ability to predict and control the com-
plex system’s behaviour. We might say that the properties
of a neural network supervene on low-level mathematical
facts about the system. That is, the neural network is entirely
defined by its low-level facts, but yet there are emergent men-
tal phenomena that are not apparent purely by analysing the
low-level facts.

To understand a neural network, we would like to under-
stand the relevant variables in model’s computation. These
variables, which we might call features, are generally not
neurons or network parameters; they are instead unseen enti-
ties that we must posit and discover like subatomic particles
in physics.* Though we have perfect formal knowledge of
the system, we are nonetheless explaining what we see (the
network’s behaviour) in terms of what we cannot immedi-
ately see (the features). In interpretability, as in other natural
sciences, understanding of the seen is revealed through the
unseen (Deutsch 2011; Marion 2008; Girard, Oughourlian,
and Lefort 1987; Aquinas 1273).

Paper Structure.
follows:

The rest of this paper is organised as

o In Section 3, we provide an exposition of the Explanatory
View of neural networks: a model’s internal structures
admit explanations of model behaviour. We argue that
the Explanatory View provides additional justification
for why MI researchers can productively seek Causal-
Mechanistic explanations of ML models.

e Section 4 provides a technical definition of Mechanistic
Interpretability as seeking model explanations that are
Model-level, Ontic, Causal-Mechanistic, and Falsifiable.

e From this definition, we analyse the inherent limits of
Mechanistic Interpretability in Section 5 and discuss im-
plications of the Explanatory View in Section 6.

e We conclude in Section 7 by articulating the implicit con-
jecture at the heart of interpretability, which we call The
Principle of Explanatory Optimism (EO). EO states that
the generalising algorithms learned by neural networks
are human-understandable.

3 Explanations and Interpretability

Much of the human experience, both social and personal,
is made up of explanations. We explain why vegetables are
good to our children, why product A is likely to sell more
units than product B to our boss, why to pursue a given

3This would be comparable to a physicist having perfect knowl-
edge of the fundamental particles and forces of the universe, being
able to measure and manipulate each atom at will and see subatomic
particles with the naked eye. Or a biologist knowing the precise
reactions occurring in every cell in the body and knowing the struc-
ture and shape of every relevant molecule (though see also Jonas
and Paul Kording (2016)).

“The Sparse Autoencoder paradigm has a specific linearly ac-
cessible interpretation of these features; in general we make no
such commitment to any particular instantiation of how features are
represented in the network.



research topic to ourselves, and so on. But what do we mean
by the term ‘explanation’ in science?

3.1 Scientific Explanation

The epistemic aim of science is to understand phenomena by
way of explaining these phenomena (Regt 2017). A scientific
explanation, then, is an answer to a “why”” question (Lipton
2001). The fundamental question that explanations answer is
“why did the phenomenon occur?” (Hempel and Oppenheim
1948). We can view explanations as a solution to a problem:
there’s a gap between our current best theory and the phe-
nomena that we would like to explain. Good explanations
close this gap. With a good explanation, we can say that the
phenomenon was indeed expected — and crucially — here’s
why. Explanations are vehicles for understanding; someone
understands a phenomenon when they grasp an accurate ex-
planation of the phenomenon (Strevens 2013; Khalifa 2013).

Understanding and Compression. Wilkenfeld (2019) de-
scribes the close relationship between understanding and
compression.’ Given a series of observations which charac-
terise a phenomenon, we understand the phenomenon if we
have an explanation that compresses the data into a more
concise form such that we could reproduce the data from
the explanation or use the explanation to predict future data.
Good explanations exploit regularities in the data for com-
pression. A series of observations is incomprehensible if it
cannot be compressed, that is, if it contains no regularities
to exploit and is purely random (Li, Vitanyi et al. 2008). Ex-
planations are not merely compressions however. It is not
obvious that a compressed zip file engenders more under-
standing than the original data file in general. Explanations
are compressions of a particular kind: those compressions
that facilitate the understanding of phenomena (Ayonrinde,
Pearce, and Sharkey 2024).

3.2 From Induction To Explanation

Andrews (2023) details a classical view of machine learn-
ing as a process of induction: “ML models use evidence, or
training data, to form predictions or classifications, which
generalise what they have learned from their training set to
unseen instances (i.e., novel data). The field of ML strives to
automate inductive inference.” When we view ML models
in this behaviourist fashion as black boxes with only inputs
and outputs, we may think of them as providing predictions
without explanations. Such explanationless predictions are
of the same variety as a prophecy from an oracle.

Suppose that we are to think of an ML model qua oracle
as providing reasons to believe some proposition p. Since
oracles do not provide explanations in terms of the predic-
tion’s content (subject matter), we may only believe such
an explanationless oracle-style claim if we have extrinsic
reasons to believe the model’s prediction (for example, that
the model has been generally correct before or that we have
some knowledge of the model’s training or similar). For MI
researchers, however, believing a proposition p from an ML

5See also Chaitin (2002); Li, Vitanyi et al. (2008); MacKay
(2003); Solomonoff (1964); Hutter, Catt, and Quarel (2024).
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model should be based on the content of model explanations
rather than merely on extrinsic reasons like the model’s track
record.

Mechanistic Interpretability researchers do not view neural
networks as incomprehensible inductive black boxes. In this
paper, we offer a philosophical substantiation of Mechanistic
Interpretability as practised by scientists. We will argue that
MI researchers take an alternative Deutschian (Deutsch 2011)
Explanatory View of neural networks, which we may contrast
with the classical inductive perspective expressed by Andrews
(2023, inter alia).

Where the classical view understands neural networks as
black boxes that inductively infer from data, the Explana-
tory View would have us consider knowledge of the internal
mechanisms of the model as necessary for understanding the
model’s behaviour. Here the internal mechanisms themselves
can be seen as implicit explanations of the model’s behaviour
- the reason that a model makes a prediction is contained
within its internal mechanisms. This is a white-box (cogni-
tivist) view of neural networks. In this way, we can view
models as proto-explainers rather than merely predictors.

Generalisation: What We’re Explaining When We’re Ex-
plaining Neural Networks When we are interested in ex-
plaining neural networks, what we would like to explain is
how, and in which ways, they generalise. By generalise, we
mean that the model can leverage regularities & structure in
the training data to solve some task with respect to unseen
data. As models learn to generalise, internal structure forms
within the model.®

A system contains structure to the system’s generating
process can be expressed more concisely (i.e., in fewer bits)
than the observations of the system. That is, structure is com-
pressibility. Systems that follow general principles contain
structure and regularities such that they are (at least in princi-
ple) more predictable than structureless systems like random
noise generators. For example, consider an idealised pendu-
lum’s position over time. The pendulum’s position follows a
predictable pattern which can be expressed as a mathematical
function and hence we only need to store the equation and
the initial conditions to reproduce the observations of the
pendulum’s position over time.

In this sense, the natural world contains structural patterns
— there are natural laws which allow us to compress and
understand the world. And the training data for ML. mod-
els, which is sampled from the world, inherits such structure
from the natural world. ML models generalise to the ex-
tent that they can learn or approximate the structure in the
world through the training data.” A good explanation should
expose the model’s internal learned structures. We define

Here we are interested in explanations of neural networks as
objects of scientific and philosophical interest. Much previous work
has been interested in explanations of the results of neural networks
as it pertains to some task (e.g., medical diagnosis). Here the ap-
plication domain is of secondary interest and we are examining
explanations of neural networks themselves.

"Models trained on randomised data may memorise but never
learn to generalise (Zhang et al. 2017; Lehalleur et al. 2025; Lin,
Tegmark, and Rolnick 2017; Deletang et al. 2024).



ur-explanations® as the idealised explanations of model be-
haviour on an input distribution, given in terms of its learned
internal structures.’

The ur-explanations of a neural network can be seen as
internal computations over learned representations that com-
pute the output from the input. The network learns these
representations during training in a process of automated
Conceptual Engineering. These network computations, out-
puts, and intermediate activations together constitute not only
a prediction of some answer, but also an explanation of the
process by which the model came to such a result.

Explanatory Faithfulness The Explanatory View takes se-
riously the idea that there is structure in the model to be inter-
preted. Under this view, there is a target to the interpretability
program: we are not merely looking for explanations that
appear to correlate with model behaviour, we are looking to
extract the internal explanations from neural networks. Ex-
planations can be more than confabulatory just-so stories that
provide the illusion of understanding the model’s behaviour.
Under the Explanatory View, we can now define explana-
tory faithfulness. An explanation is explanatorily faithful
to the model to the extent that it matches the model’s ur-
explanation.'? Interpretability researchers would like to say
that their explanations are faithful to the model and (approxi-
mately) describe the same algorithmic mechanisms that the
model uses. Note the difference here between our notion
of explanatory faithfulness and (behavioural) faithfulness
(e.g., from Wang et al. (2023)): behavioural faithfulness says
that the explanation and model produce the same outputs;
explanatory faithfulness says that the step-by-step explana-
tion matches the model’s internal mechanisms, not just the
input-output behaviour. Note that defining explanatory faith-
fulness is not possible under the classical view of Machine
Learning without ur-explanations. Under the classical view,
statements about circuit equivalence can only be understood
as statements about behavioural statistics (Shi et al. 2024).

i 1
(.[ Explanatory Faithfulness } ~

An explanation E is explanatorily faithful to a
model M over some data distribution D, to the extent
that intermediate activations s; at each layer ¢ that
are given by the algorithmic explanation E closely
match the intermediate activations x; of the model
M for input data in D.

\

J

8Here we use the ur- prefix to indicate primacy or origin as in
the German language.

°Considering the model internals as ur-explanations does not
necessarily mean that all such ur-explanations will be interesting
explanations of generalisation per se. Models may have memorised
certain answers or resort to bags of faulty heuristics in some cases.
However, in at least some cases, we have evidence of models learn-
ing genuine algorithms which represent explanatory knowledge
within the network (Wang et al. 2024; Nanda et al. 2023; Wu et al.
2024).

1We argue for the uniqueness of the ur-explanation in ?2.
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3.3 Neural Networks Perform Computations over
Representations

We described the ur-explanation of a model (the idealised
explanation of model behaviour) in terms of Computations
over Representations. We now provide more details on what
is meant by each of these terms.

Computation. Marr (1982) describes 3 levels of analysis
for understanding a machine carrying out an information-
processing task (McClamrock 1990; Angelou 2025):

1. Computational Level: What is the goal of the computa-
tion, why is it appropriate, and what is the logic of the
strategy by which it can be carried out?

2. Algorithmic/Representational Level: What is the algo-
rithm being used to perform the computation? How can
this computational theory be implemented? In particular,
what is the representation for the input and output, and
what is the algorithm for the transformation?

3. Implementation Level: What is the physical implemen-
tation of the algorithm? How can the representation and
algorithm be realized physically on some computational
substrate?

For neural networks, the Implementation Level of Analysis
corresponds to matrix multiplications with the model weights
and how these are implemented on the substrate of hardware
computational accelerators (Angelou 2025). We know essen-
tially all there is to know formally about the Implementation
level.

When we speak of a neural network carrying out computa-
tions, we are referring to the Algorithmic and Computational
Levels of Analysis. We would like to have useful compressive
causal explanations at the Algorithmic and Computational
levels which are detailed enough to be “runnable” (Cao and
Yamins 2024).!" Explanatory Faithfulness is an Algorithmic
level property: the stages of the explanation should match the
model layers and be “locatable”. It is not sufficient for Ex-
planatory Faithfulness for the outputs to agree if algorithms
producing the outputs differs.

Representation. A pattern of neural activations is a repre-
sentation when it represents something, that is it has some
appropriate correspondence with features of the input data
(and hence the external world). Representations are represen-
tations of a feature.'?> We paraphrase Harding (2023)’s three
criteria for activations to qualify as representations below.

Consider a pattern of activations h(x) for x € X, where
X is the domain of a model (e.g. natural language). Then
h(x) represents a property Z if the following three criteria
hold:

"By “runnable” here we mean that the explanation that we pro-
vide should be pseudocode that we could imagine formalising such
that it would compile and run on a computer.

121n other words, representations have intentionality. Note that
we use the word intentionality here in the philosophical sense of
“aboutness”. This usage of the term is not to be confused with the
psychological sense of “intention” (as in I intend to get the next
train home) or any claims about some conscious relationship to
representations.



e Information: The activations h(x) correlate with the
property Z. More formally, the random variable h(x)
has sufficiently high Shannon Mutual Information with
the property Z, I(h(x); Z), such that we could train a
successful probe g, : h(x) — P(Z). Intuitively, Informa-
tion says representations are Causal Results of features
contained within the input x.

e Use: The model uses the information in activations h(x)
about Z to perform its task. That is to say that if we were
to remove the relevant information from the activations
through a causal intervention, the model’s performance on
the relevant downstream tasks would decrease. Intuitively,
Use says representations are Causes of the model’s be-
haviour.

e Misrepresentation: It should be possible for the activa-
tion vector h(x) to misrepresent Z. Suppose that we have
activations h(x) which do not contain useful information
about Z and h(s) which does contain information about
the property Z. Then we say that Z is misrepresentable
if we can perform an intervention which patches the in-
formation h(s) into h(x), and predictably increase the
likelihood of our model mistaking our input x for having
property Z. Intuitively, Misrepresentation says represen-
tations can be causally intervened on."> To be able to
represent, you must be able to misrepresent.

A pattern of neural activations that satisfies the Informa-
tion, Use and Misrepresentation criteria can be called a rep-
resentation.

3.4 The Goal of Interpretability

ML methods are often applied to problems in other fields like
predicting weather patterns, classifying legal cases and allo-
cating scarce resources. Interpretability, then, can be viewed
as applying ML methods and analysis to an epistemic prob-
lem: “how does a neural network perform computations over
representations to produce useful answers to queries?”

Interpretability researchers don’t want to only know what
a neural network predicts. We would also like to understand
the structures, features, regularities, and knowledge which
cause the neural network to make such and such a prediction.
We would like to extract explanatory knowledge from neural
networks, uncovering the ur-explanations that are always-
already present within a trained, generalising model. Most
ML researchers are in the prediction business. Interpretability
researchers, however, are in the explanation business.

The Explanatory View treats neural networks as containing
explanations rather than as being purely behaviourist oracles,
moving from black-box induction to white-box computations.
The Explanatory View is the first step in understanding ML
models not in terms of prediction but in terms of explanation.

4 Demarcating Mechanistic Interpretability

There has been much discussion about what makes some in-
terpretability research ‘Mechanistic’ rather than another form
of interpretability (Saphra and Wiegreffe 2024; Chalmers

3in the sense of Causal Abstractions Theory (Geiger, Potts, and
Icard 2023; Pearl 2009; Beckers and Halpern 2019)

269

2025). Gieryn (1999) describes the problem of demarcating
where one science starts and another begins — ‘boundary-
work’— analogously to the Demarcation Problem between
Science and Pseudo-Science (Laudan 1983; Popper 1935).
The definition of a given science can be seen as a grab-bag of
associations like Wittgensteinian language games (Wittgen-
stein 1953). Another way to define a science is as (social)
culture (Latour 1987). Under this view “Science is what sci-
entists do” (Bridgman 1980).

To formalise Mechanistic Interpretability, we instead pro-
vide a technical definition that focuses on the goal of Mecha-
nistic Interpretability compared to other adjacent disciplines
(Olah et al. 2020; Saphra and Wiegreffe 2024). We define
Mechanistic Interpretability as the study of Model-level, On-
tic, Causal-Mechanistic, and Falsifiable Explanations of Neu-
ral Networks. This definition clearly delineates Mechanistic
Interpretability from other paradigms like Concept-Based
Interpretability.'* We can understand these properties of ex-
planations by way of contrast with other forms of explanation.

Model-level Explanations. An autoregressive language
model is a neural network that returns a probability distri-
bution over possible next tokens when conditioned on some
input tokens (i.e., textual prompt). A language model system
(LM system) is a software object that contains a language
model as part of the control flow. The LM system leverages
the language model to produce some useful output, like a
text completion or an image, rather than a single next-token
probability distribution. An LM system may be as simple
as augmenting a language model with a sampling method
or greedy decoding. More complex LM systems may use
meta-decoding strategies, tool use, automated prompting,
multiple language models, and more (Arditi 2024; Zaharia
et al. 2024; Khattab et al. 2023; Guo et al. 2024; Dafoe et al.
2020; Welleck et al. 2024).

Capability evaluations are typically system-level evalua-
tions. Model performance depends substantially on prompt-
ing strategies like Chain of Thought reasoning (Wei et al.
2022) and tool use (Schick et al. 2023). Systems-level ex-
planations might seek to explain whole system performance
by, for example, reading a model’s Chain of Thought (Perez
et al. 2023). Conversely, Model-level explanations seek to
understand the neural network part of the system in isolation
to explain why the output distribution is as it is.

Ontic Explanations. Ontic explanations consist of real,
physical entities (Salmon 1984). We may contrast Ontic ex-
planations with epistemic explanations which focus on mak-
ing phenomena understandable or predictable to the inter-
preter, potentially using idealizations, models, or abstractions
that may not directly correspond to reality. Non-ontic, “epis-
temic” explanations may give useful rules of thumb for pre-
diction or intuition but may not be well supported by reality.
Varma et al. (2023)’s work on circuit efficiency can be seen

'“This delineation is useful for researchers but we do not intend
to imply that non-Mechanistic Interpretability is not useful.

>Note that scientific non-realists may only produce epistemic
explanations, as they may not believe that the entities referred to in
scientific theories actually exist in reality.



as giving non-ontic explanations, through the hypothesised
efficiency metric.

Causal-Mechanistic Explanations. Causal-Mechanistic
Explanations (Woodward 2003; Salmon 1989; Lewis 1986)
identify the causal processes that produce phenomena rather
than just describing statistical correlations or general laws.
Here, we are interested in the relevant components of a sys-
tem, how they are organised, and how they interact to produce
phenomena. Causal-Mechanistic theorists refer to these ex-
planations as “explaining why by explaining how” (Bechtel
and Abrahamsen 2005): explaining why a phenomenon oc-
curred involves identifying the underlying mechanisms that
give rise to observed phenomena. Causal-Mechanistic Ex-
planations go step by step to explain the end-to-end process:
they provide a continuous causal chain from cause to effect,
without any unexplained gaps. Causal-Mechanistic Explana-
tions explain the end-to-end process (Salmon 1984; Lipton
2003).16
We can contrast Causal-Mechanistic Explanations with:

o Statistically Relevant Explanations (Salmon, Jeffrey,
and Greeno 1971; Salmon 1989). X explains Y if and only
if P(Y|X) # P(Y) — that is, if and only if the condi-
tional probability of Y given X differs from the probability
of Y. For example, we might explain ice cream sales by
high correlation with temperature.'’

e Telic Explanations (Sosa 2021). We explain a phe-
nomenon by reference to its purpose, aims, or function
rather than in terms of a causal chain of events. For exam-
ple, we might explain the heart as being for the purpose
of transmitting and pumping blood.

e Nomological Explanations (Myers 2012; Scheibe 2002).
We explain a phenomenon by reference to general laws
or principles rather than in terms of a causal chain of
events. For example, linguistic theory might appeal to uni-
versal grammar “laws” to explain the structure of human
languages.

Definition of Mechanistic Interpretability

Interpretability explanations are valid as Mechanistic
Interpretability explanations if they are Model-level,
Ontic, Causal-Mechanistic and Falsifiable.

Causal-Mechanistic and Ontic explanations are neces-
sary to the empirical practice of Mechanistic Interpretabil-
ity amongst active researchers (Bereska and Gavves 2024;
Sharkey et al. 2025). Though it is feasible to imagine a causal-
mechanistic approach to understand system-level behaviours,
it is a historically contingent fact that the field has coalesced
around methods for model-level explanations (Saphra and
Wiegreffe 2024).'8

16Several works within Machine Learning that also provide a
good introduction to causal modelling include Jin and Garrido
(2024); Scholkopf et al. (2021); Liu et al. (2024); Pearl (2009).

"7or unhelpfully, our explanation could show correlation with the
number of shark attacks

"8Since system-level explanations are of practical and academic
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5 The Limits of Mechanistic Interpretability

We have analysed the type of explanations that Mechanis-
tic Interpretability researchers seek, namely those which are
Model-level, Ontic, Causal-Mechanistic and Falsifiable Ex-
planations of a model’s internal mechanisms. We now turn
our attention to the extent of the limits and challenges of such
explanations.

5.1 Value-Ladenness & Theory-Ladenness of
Explanations

We would like explanations that are accurate and human-
understandable compressed representations of observations.
With this goal in mind, the best explanation of a phenomenon
is interpreter-relative in the following two senses. Firstly,
the ideal explanation is relative to the interpreter’s initial set
of concepts, their priors and what types of explanation are
easy for them to understand. In this sense, explanations are
Theory-Laden. Secondly, the ideal explanation depends on
what the interpreter would like to do with such an explanation.
The interpreter may be satisfied with a different level of
granularity of explanation depending on whether they are
seeking an explanation of a model’s behaviour to be able to
make crude interventions, or to make guarantees about model
performance, or for scientific curiosity. In other words, the
ideal explanation is also relative to the interpreter’s values;
explanations are Value-Laden.

Value-Ladenness of Explanations Weber (1949) argued
for the Value-Free Ideal in the sciences, the principle that
scientists should be value neutral. We can articulate the Value-
Free Ideal as “Scientists should strive to minimize the influ-
ence of contextual values on scientific reasoning, e.g., in
gathering evidence and assessing/accepting scientific theo-
ries” (Reiss and Sprenger 2020).

For the normative statement of the Value-Free Ideal to be
considered a reasonable ideal, it must be attainable (at least
to some degree). That is, ought implies can. So we may first
analyse whether value-freeness is possible which can be ex-
pressed in the Value-Neutrality Thesis as follows: “Scientists
can—at least in principle—gather evidence and assess/ac-
cept theories without making contextual value judgments”
(Reiss and Sprenger 2020).

In science generally, and interpretability research particu-
larly, it is difficult to hold Value-Neutrality. Hence the Value-
Free Ideal seems to be unattainable and likely undesirable
as a goal (Douglas 2009). The choice of methods and which
results are particularly interesting for researchers has a close
dependence on what researchers might hope to achieve. Many
researchers in Mechanistic Interpretability are interested in
the applications to Al Safety, Al Ethics, Al Cognitive Science
and Al Governance (Bengio et al. 2025; Anwar et al. 2024;

interest, there is currently an opportunity for a new field to emerge
focusing on system-level explanations, possibly building on the
work of the mechanistic interpretability community.

Perhaps the nascent field of LLM-ology might be a candidate to
fill this gap (Trott 2023). Note that many Benchmarks and Evalu-
ations researchers could be seen as working in this space already.
Chain of Thought interpretability (Perez et al. 2023) is another
example of system-level explanation.



Olah et al. 2020), all of which affect researchers’ contextual
value judgements. Evidential standards for accepting theories
are highly influenced by such application-guided values.

Given the increasing importance of Al systems in society
and their potential benefits and harms, it is perhaps more in-
structive to understand (the lack of) value-freeness in Mecha-
nistic Interpretability as we would in Climate Science or Pub-
lic Health, rather than in Theoretical Physics.!® Researchers
must share reproducible, quantitative results for the commu-
nity to assess but it is unavoidable that the choice of study
and what counts as sufficiently convincing to such and such a
conclusion is highly value-laden (Sharkey et al. 2025; Casper,
Krueger, and Hadfield-Menell 2025).

Expressing an interpretability-flavoured notion of Value-
Ladenness, Dmitry’s Koan (Vaintrob 2025) states:

There is no such thing as interpreting a neural network.
There is only interpreting a neural network at a given
scale of precision.

We can view Dmitry’s Koan as a direct consequence of the
Value-Ladenness of explanations in Mechanistic Interpretabil-
ity: what counts as a good explanation is highly dependent
on the level of precision that the interpreter desires. Explana-
tions at a maximal precision would capture lots of noise as
well as useful explanatory signal.

For some use cases (e.g., determining the safety of critical
Al systems), higher fidelity explanations may be required for
providing guarantees about model behaviour and so we would
like highly precise explanations. In other cases, the interpreter
may seek sufficient understanding with which to monitor
or steer the model, which might be possible with a lower
fidelity explanation.”’ The ideal precision depends on the
(human) interpreter’s goals and hence the ideal explanation
is inherently value-laden.

Noting that we do not always have an appropriate defi-
nition of what ‘precision’ itself means in our interpreter’s
context, we can extend Dmitry’s Koan to Dmitry’s Koan™ "
2! stating:

There is no such thing as interpreting a neural network.
There is only interpreting a neural network at a given
scale of precision and a given metric for defining what
precision means.

Dmitry’s Koan™* ™ highlights that the choice of precision
metric itself is value-laden.

Theory-Ladenness of Explanations We might hope to un-
derstand ML systems on their own terms, in their ontology,
removing all human “biases” from the explanation. After all,
if we have enough data, perhaps the data will speak for itself,
we might think. This (unfortunate) desire is known as the
Theory-Free Ideal (Andrews 2023).

Some philosophers have further argued that the Value-Free
Ideal is not even tenable or desirable in Theoretical Physics either.

2 Sharkey (2024) provide a careful analysis of the trade-offs
between explanation precision and complexity. We also note the
close analogy to rate-distortion theory in Information Theory.

2'We may also refer to Dmitry’s Koan™t as Nora’s Koan, after
Interpretability Researcher Nora Belrose who brought this to our
attention.
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Our explanations always contain underlying (human) the-
ory. Indeed, so-called “unsupervised” learning cannot occur
without either pre-defined inductive biases or external super-
vision (Andrews 2023; Wolpert and Macready 1997; Gold-
blum et al. 2023; Locatello et al. 2019). All observations (and
interpretations) are theory-laden (Kuhn 1962; Duhem 1954;
Popper 1935). Interpreter theory seeps into the explanation in
all stages of an interpretability workflow: from problem for-
mulation and model design to model selection and semantic
interpretation.

Example: Theory-Ladenness of Sparse Autoencoder Ex-
planations Sparse Autoencoders (SAEs) are a method for
unsupervised interpretability, aiming to extract concepts (or
“features”) from the activation space of neural networks. Con-
cept representations are generally entangled and difficult to
access in the neural activation space. We may hope for SAEs
to disentangle these representations into a linear combination
of monosemantic concepts by mapping the neural activations
to a feature basis. Empirically, it has been shown that disen-
tangled concept representations are more amenable to human
interpretation (Bricken et al. 2023).

We might believe that we are doing completely unsuper-
vised learning with no human theory when producing SAE
derived explanations of neural activations. However, note that
in using the SAE, we are committing to the theory that fea-
tures are sparsely activated and linearly represented (Bricken
et al. 2023). Similarly, in choosing a particular SAE archi-
tecture like TopK (Gao et al. 2024) or Jump-ReLU SAEs
(Rajamanoharan et al. 2024), we are committing to the Mono-
tonic Importance Heuristic (Ayonrinde 2024), the conjecture
that feature activations are not typically both small and impor-
tant simultaneously. Hindupur et al. (2025) further describe
the theoretical assumptions that come with different choices
of SAE architecture. Following Locatello et al. (2019), we
note that unsupervised disentanglement learning in the gen-
eral case is not possible; we must first hold some theoretical
commitment to the structure of the data. We choose theo-
retical commitments because we have reason to believe that
they are good inductive priors for the data distribution, or
because we believe that the structures will be more easily
human-understandable.

Interpretability is not and cannot be a purely engineering
affair, devoid of theory. We require theory for two reasons:
Firstly, as we have seen with SAEs and disentanglement
learning, holding the wrong theoretical commitments®? leads
to the intractability of unsupervised learning.>* And secondly,
the human (interpreter’s) priors are a key part of the theory,
as indeed it’s humans that we would like to make interpre-
tations for! In this sense, Interpretability is a fundamentally
socio-technical problem which may be best addressed by
a combination of understanding humans, machines and the
interactions between the two. Hence we see a key role for
Human-Computer Interaction (HCI) and the Social Sciences

Zwhich is very easy if researchers believe that they are holding
no theoretical commitments at all!

ZSince interpretability aims to understand neural systems which
we do not yet understand, it is inherently an unsupervised learning
problem: we don’t know what we don’t know about the system.



in MI. We suggest that increased focus on the criteria which
make explanations accessible to humans (Schut et al. 2023;
Ayonrinde, Pearce, and Sharkey 2024), especially to diverse
humans (Himmelsbach et al. 2019), is likely to prove fruitful
for future interpretability work.>*

5.2 Limits of Model-level vs System-level
Explanations

As detailed in Section 4, explanations in Mechanistic Inter-
pretability are inherently Model-level explanations. However,
when interacting with Al, we are typically interacting with Al
systems, not models. Though models may think, only systems
behave: it is systems that perform actions in the world. MI
explanations, then, have limited explanatory power when the
system-model relationship is complex or not well-understood.
In systems with meta-decoding processes such as those with
inference-time compute loops, ensembling methods, or sim-
ilar, then we might expect model-level explanations to be
insufficient for understanding system-level behaviour.

Systems which can well be described as having an Ex-
tended Mind, in the sense of Clark and Chalmers (1998)
or as embodied/embedded agents (Demski and Garrabrant
2018; Shapiro and Spaulding 2021) may also be difficult
to understand with model-level explanations. It may be dif-
ficult to pick out some feature if the feature as it appears
in the model is simply a pointer to some cognitive process
distributed elsewhere in the system. A particularly notable
case of such systems is multi-agent Al systems, which may
have emergent properties not well explained by the analysis
of individual agents. For example, consider a flock of birds
or a well-functioning marketplace which may not be easily
understood by the analysis of individual agents within the
system (Hyland et al. 2024).

5.3 Limits of Low Abstraction Explanations

One other possible, though surmountable, limit to Mechanis-
tic Interpretability explanations is that low-level explanations
may be difficult, or even impossible, to turn into explana-
tions at higher levels of abstraction.?> For example, in the
natural sciences, it is not generally known whether the laws
of thermodynamics can be derived from lower-level particle
physics laws. If MI provides low-level explanations akin to
quantum mechanics, research questions that more closely
resemble chemistry, biology or, social science questions may

**Theory-ladenness of explanations is also relevant in the context
of the Construct Validity problem (Cronbach and Meehl 1955) - the
problem of whether the explanation is measuring what it purports to
measure. (As Heisenberg (1958, p.58) put it: “what we observe is not
nature in itself but nature exposed to our method of questioning.”)
It is very possible for researchers to agree on the data reported and
the statistical validity of hypothesis tests and yet disagree on the
interpretation because their underlying theories are different.

®Note that by levels of abstraction here we do not mean the
semantic abstraction level of a given feature, where some features
might represent more higher-level concepts than others (for example
those at later layers of a model). We instead mean that features
themselves are low-level units compared to higher-level abstractions
like components or circuits which they may compose.
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not be obviously derivable in a reductionist way from MI
explanations.

6 Discussion

Given a data distribution D, suppose that we would like to
explain the behaviour of a neural network M over a subset
of the data distribution D C D. Then the goal of Mech-
anistic Interpretability is to provide a Model-level, Ontic,
Causal-Mechanistic, Falsifiable explanation E of the model’s
behaviour on D which is explanatorily faithful to M. Where
behavioural faithfulness requires that the end predictions of
the models agree, explanatory faithfulness is a stronger con-
dition that requires the causal structure of the explanation E/
to be faithful to the causal structure of M at each stage of the
causal chain.

In this work, we have argued that approaching the Problem
of Interpretability through the Explanatory View of Mecha-
nistic Interpretability is likely to be fruitful because neural
networks naturally admit explanations of their behaviour
through their internal structures, where structure corresponds
to compressibility. Hence, our explanatory methods can and
should look to uncover causal structure in the model M rather
than merely producing confabulatory descriptions of model
behaviour. The Explanatory View of Neural Networks pro-
vides a justification for using explanatory faithfulness as the
goal of explanations in Mechanistic Interpretability.

However, there are significant limitations to this approach.
In particular, it is infeasible to have a general algorithm for
finding explanations F for all models M and all data distri-
butions D which are optimal for all purposes. Solutions to
the interpretability problem are Theory-Laden: they require
some theoretical priors about neural networks and/or the data
distribution to find good explanations. Similarly, the problem
of finding good explanations is Value-Laden: what makes for
a good explanation depends on our goals as interpreters.

A core problem to address in future work is how to appro-
priately characterise what makes a good explanation in the
context of Mechanistic Interpretability. Here, we have argued
for necessary criteria for an explanation to be validly con-
sidered ‘Mechanistic’ (namely that it is Model-level, Ontic,
Causal-Mechanistic and Falsifiable). We would further like
to understand how some explanations are better than others
in terms of their usefulness and likelihood to point towards
truth.

7 Coda: Explanatory Optimism

“Have you persuaded yourself that there are knowl-
edges and truths beyond your grasp, things that you
simply cannot learn? ... If you have allowed this to
happen, you have arbitrarily imposed limits on your
intellectual freedom, and you have smothered the fires
from which all other freedoms arise.”

— Scott Buchanan, 1958

We conclude by introducing a conjecture at the heart of
(Mechanistic) Interpretability, that we call The Principle
of Explanatory Optimism. We would like to explicate this
conjecture, argue for its importance for MI research, and raise
a Call to Action for further research into clarifying both the



statement and its veracity. Here we provide no arguments for
the truth of Explanatory Optimism (EO) as a conjecture; we
leave further arguments, proofs, or refutations to future work.

7.1 Alien Concepts

Suppose that an AT M (Machine) and the interpreter H (Hu-
man) each have some set of concepts which are understand-
able to them, C'y; and C'y respectively (Schut et al. 2023; He-
witt, Geirhos, and Kim 2025). If C; C Cp, then intuitively
all concepts that the machine uses for its computations can be
immediately understood by the human interpreter. However,
if Cps \ C is large, then there are Machine-concepts that
are not natively Human-understandable.

Some Machine-concepts that aren’t intuitively understand-
able by humans may be human-understandable with some hu-
man effort, effective translation, or good explanations. How-
ever, a core problem remains if there are concepts that are
understandable to the model but which are fundamentally
alien and incomprehensible to humans. We call such con-
cepts Alien Concepts and label these C'4. Alien concepts
are Machine-concepts in C; \ Cy that are effectively un-
translatable into Human-concept terms (see Figure 1).

—_ Machine

Cx

Figure 1: A Venn diagram showing the relationship between
the concept spaces of the machine M and human interpreter
H. The machine and human have some shared concepts
which they can use to communicate (C; N Cg) but there
are many concepts that the machine uses that the human
does not understand (Cs \ Cr). The set of Alien Concepts
Ca C (Cp\Ch),is asubset of the Machine-concepts. Alien
Concepts are causally relevant for the model’s computation
but are fundamentally incomprehensible to humans. If this
set is large or important, then Interpretability may be highly
limited.

To the extent that Alien Concepts are present in the model,
and are important for the model’s computation, the project of
Interpretability may be fundamentally flawed. The conjecture
at the heart of (Mechanistic) Interpretability then is that ar-
tificial neural network-based general intelligences have few,
or no, alien concepts that are both vital to model behaviour
and not human-understandable. A version of this conjecture
appears to be a prerequisite for interpretability research: if
most of the model’s concepts aren’t understandable to MI re-
searchers, then it is not clear how MI research can plroceed.26

% Conversely, if model concepts are possible to be made under-
standable by MI researchers, then MI research is a tenable research
direction (though it may still be difficult).
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7.2 The Principle of Explanatory Optimism

As phrased above, the “no alien concepts” conjecture is about
neural networks. It may be more instructive, however, to
rephrase this conjecture to put human intelligence at the cen-
ter and understand it as a claim about a class of general intel-
ligence (such as neural-network based Al systems). Rephras-
ing then: Everything that is important for the behaviour of
an intelligence with implicit explanatory knowledge within
some explanatory complexity class is human-understandable.
This statement is a strong form of the conjecture that we call
The Principle of Explanatory Optimism.?” Weaker forms
of Explanatory Optimism might claim that “most” rather than
all neural network behaviour is human-understandable (in
terms of variance explained for example).

Humans have certain cognitive limitations compared to
future generally intelligent systems: we have limited memory
and processing power, we are somewhat limited in bandwidth
and speed, and we may lack attention. Strong Explanatory
Optimism suggests that, given sufficient time, we could under-
stand these artificial intelligences, if augmented with good,
concise explanations, memory devices, cognitive tools and
such like. The Explanatory Optimism conjecture implies that
explanations for understanding Machine-Concepts exist.

(.[ The Principle of Explanatory Optimism H

The Strong Principle of Explanatory Optimism
(SEO):

Everything important for the behaviour of an
intelligence with implicit explanatory knowl-
edge within some explanatory complexity class
is human-understandable.

The Weak Principle of Explanatory Optimism
(WEO):

Most important behaviour of an intelligence
with implicit explanatory knowledge within
some explanatory complexity class is human-
understandable.

\ J

Explanatory Optimism (EO) can also be understood, as
in Deutsch (2011), as a view of explanatory universality,
defined analogously to computational universality as given in
the Church-Turing thesis (Turing 1936; Church 1936). In the
same sense that any Turing machine can simulate any other
Turing machine, we would like a theory that maintains that
some intelligences are explanatorily universal in the sense
that they can understand and explain any other intelligence
of an equivalent explanatory complexity class. We leave the
question of what such an explanatory complexity class might
look like and how to prove explanatory class equivalence and
universality to future work.

The truth value of Weak Explanatory Optimism is a load-
bearing question for the field of interpretability: if models
aren’t human-understandable, then the field will face unas-
sailable roadblocks in its mission to explain neural networks

*"This idea is closely analogous to Deutsch (2011)’s theory of
Optimism.



to humans. Hence, an appropriate disproof of, or otherwise
sufficiently convincing arguments against, (W)EO should
motivate researchers working on Mechanistic Interpretability
to consider reorienting their research focus.?®

({ Call to Action for Explanatory Optimism H

The Call To Action for future work is twofold:

o Firstly, to formalise the above conjectures (SEO
and WEO). We would like to develop core defini-
tions for the explanatory complexity classes and
the appropriate notion of explanatory universality.
This formalisation would likely involve under-
standing the explanatory complexity classes of
different intelligences as well as operationalising
the quantitative notion of understanding “most”
of a model’s behaviour.

e Secondly, to prove the formalised conjectures. We
would like to assess the truth value of the Principle
of Explanatory Optimism. We believe that such
results would be of great interest, both to inter-
pretability researchers and scientists who expect
to use non-transparent computational models.

\ J

Complexity theorists, theoretical computer scientists, an-
alytic philosophers, and computational mechanics theorists
may be able to use the tools from their fields to make progress
on this conjecture.?’

7.3 The Importance of Explanatory Optimism

As ML models begin to do more cognitive work in the world,
the frontiers of knowledge in mathematics, the (natural, so-
cial, and computational) sciences, and the humanities may
be known to machines before humans.*® The default state of
the world when living alongside such cognitively advanced
machines is that humans are epistemically disempowered and
subjected to living in a world built by knowledge that no
human understands. However, Explanatory Optimism offers
an alternative future for humanity. The upshot of Explanatory
Optimism is that as machines learn more about the world,
through interpretability, humans can learn more about the
world too. Any Machine Knowledge can become Human
Knowledge.

Z8MI researchers with a downstream goal of Al Safety, Al Ethics,
or Al Cognitive Science may be interested in whether EO holds.
Absent EO, MI may not be an effective way to reach their goals.

P Explanatory Optimism is another area where we might expect
fruitful collaboration between Philosophy and Computational Com-
plexity (and Machine Learning) as in Aaronson (2013).

30 Arguably AT automation of science may be the final stage of
the long-continuing Crisis of the European Sciences depicted by
Husserl and Carr (1970). For Husserl, the fact that the sciences
have become so disconnected from the phenomenological world
of everyday experience results in scientific disciplines becoming
increasingly specialised such that no human has a unified under-
standing of science as a whole. With sufficiently intelligent Al, we
can imagine a world where no human has an understanding of the
furthest advances in even a single scientific discipline.
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Hence, if Explanatory Optimism is true, Interpretability
may be one of the most important projects in the history
of modern science. Explanatory Optimism implies that all
explanatory knowledge is accessible to people through inter-
pretability and human-computer interaction: we are sitting at
but the beginning of an explosion in human understanding.
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