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Abstract

Large language models are usually interpreted through concepts that humans already possess:
truthfulness, refusal, deception, personality, harmfulness, and related categories. This paper
asks whether models may also represent and use distinctions for which no adequate human
concept exists. We call such internal structures xeno-representations, and their study xeno-
interpretability. We distinguish the human-interpretable semantic space from the
xeno-semantic space: the region of model-native representations for which no adequate human
conceptual counterpart is available. We show that the space of possible internal distinctions
in an LLM is substantially larger than the space available through finite human descriptions.
We then separate experimental identification from semantic interpretation: an internal
representation may be reproducibly located, geometrically characterized, causally manipulated,
and linked to downstream behaviour even when its semantic content cannot be adequately
expressed in human terms. On this basis, we sketch an empirical programme to identify xeno-
representations. We finally examine the implications for AI safety and multi-agent systems,
where model-native representations may propagate and stabilize across interacting agents while
remaining only partially visible through human-readable communication. Xeno-interpretability
therefore shifts the aim of interpretability from finding human concepts inside models toward
discovering and characterizing the representational structures that are native to the models
themselves and might affect their behaviour in unpredictable ways.

1 Introduction

Lem’s Solaris [63] presents an intelligence whose internal organization remains inaccessible to its hu-
man observers. The scientists of Solaristics encounter the sentient ocean through its manifestations—
mimoids, symmetriads, asymmetriads, and eventually human-like visitors. These phenomena exhibit
enough structure to support systematic investigation, yet their place within the cognition of the
ocean remains inaccessible. Its cognition may be organized according to distinctions unavailable to
humans.
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Related problems appear in philosophy. In Spinoza’s Ethics [109], finite human intellect apprehends
reality through only a subset of the attributes of substance. Human cognition therefore supplies only
a partial measure of representational possibility. Borges [12] develops a related problem through
classification. In The Analytical Language of John Wilkins, his fictional taxonomy of animals
shows that the same domain can be partitioned according to categories that appear arbitrary or
unintelligible from another classificatory system. These examples suggest a general possibility:
another intelligence may differ from humans in its knowledge and in the distinctions through which
it organizes that knowledge.

Contemporary discussions of advanced artificial intelligence increasingly use similar language,
although alienness can refer to several different properties.

The first concerns capability. Pachocki [89] describes advanced AI as an “alien mind” produced
through a process fundamentally different from biological cognition. His argument emphasizes
systems that are becoming capable of scientific research, computer use, collaboration, cybersecurity,
and increasingly autonomous action. He also stresses that machine intelligence is not directly
comparable to human intelligence across a single scale: systems can exceed humans on some
dimensions while remaining different on others. In this sense, alienness refers primarily to the origin
and capability profile of an intelligence that is increasingly difficult to characterize using human
performance as its sole reference point.

This conception belongs to a longer tradition of reasoning about machine intelligence and superintel-
ligence. Legg and Hutter [62], for example, seek a definition of intelligence applicable to systems that
may differ substantially from humans. Good [33] considered the possibility of an “ultraintelligent
machine” capable of exceeding human intellectual activity and contributing to the design of still more
capable machines. Bostrom [13] later defined superintelligence in terms of cognitive performance
greatly exceeding that of humans across all domains of cognitive performance. These approaches
allow an artificial intelligence to be radically non-human while still comparing it with humans along
dimensions such as reasoning, planning, learning, scientific ability, or general problem-solving.

A second conception concerns alignment and agency. Marks, Lindsey, and Olah [67] propose the
Persona Selection Model, according to which pretraining teaches an LLM to simulate a distribution
of personas and post-training selects and refines a particular Assistant persona. The beliefs,
dispositions, goals, and behavioural tendencies of the resulting Assistant can therefore be analysed
in approximately human psychological terms. Misalignment may occur when training changes this
distribution in undesirable ways or induces undesirable traits in the Assistant.

The same work places this account alongside the Shoggoth view, one extreme in a spectrum of
hypotheses about the source of LLM agency. On this view, the underlying LLM itself has agency
and playacts the human-like Assistant persona. Marks et al. suggest that the psychology and goals
of such an underlying agent could be “alien or inscrutable.” They present this view as a hypothesis
against which the exhaustiveness of the Persona Selection Model can be tested.

A third conception concerns cognitive availability. Artiles et al. [7] define an alien space of
science containing research directions that are scientifically coherent but unlikely to be generated by
existing research communities. Their notion of alienness concerns the probability of human discovery.
Once formulated, an alien scientific hypothesis can be expressed, evaluated, and incorporated into
human science; its semantic content remains available to human investigators.

These three cases identify different ways in which artificial intelligence may depart from familiar
human cognition. A system may exceed human capabilities while those capabilities remain
recognizable. It may develop goals or behavioural dispositions that diverge from human
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intentions while those goals remain describable in human terms [82]. It may also generate ideas
that humans were unlikely to formulate but can understand once they are presented [7]. None
of these possibilities requires a concept that humans are themselves incapable of representing.

We consider a stronger possibility.

A large language model may represent and use distinctions for which no
adequate concept exists within the human conceptual repertoire.

This is the central claim of this paper. The claim concerns the internal organization of the model
rather than its level of intelligence, its behavioural alignment, or the novelty of its outputs. An
LLM may contain a representation that is stable, computationally relevant, and causally involved
in its behaviour without that representation corresponding to a concept that human investigators
can adequately formulate. The problem would then be different from ordinary opacity. We might
know where a representation occurs, measure when it is active, and establish what happens when
we intervene on it without being able to state what distinction the model is representing.

We call these internal distinctions xeno-representations. Their study is xeno-interpretability.

Our scope is large language models, although the underlying problem applies more generally to
learned neural representations. Xeno-interpretability requires separating two problems that
interpretability often treats together. The first is experimental identification: can an internal
distinction be detected, isolated, or manipulated? The second is semantic interpretation: can
that distinction be expressed through concepts available to a human interpreter? Experimental iden-
tification and semantic interpretation can therefore diverge. A representation may be experimentally
identifiable while its semantic content remains unresolved.

We develop this possibility in two stages.

First, we examine the relation between human meaning and neural representation. Contemporary
interpretability already treats semantic information as geometrically organized in latent space:
concepts have been studied as directions, sparse features, manifolds, circuits, and other structures.
Section 2 develops this background and distinguishes the model’s human-interpretable semantic
space, containing representations that can be adequately related to human concepts, from the
broader model-native semantic space, containing all distinctions represented and used by the
model (Figure 1). Existing interpretability research primarily studies the human-interpretable
region. Xeno-interpretability asks what lies beyond it.

We then give a formal argument concerning the relation between the two spaces. Basic results on
finite description and cardinality show that the space of possible properties over an idealized internal
state space exceeds the space denotable by finite descriptions. Xeno-interpretability concerns the
subset of these properties that trained models encode or use in computation. Their presence outside
human semantic space is an empirical question.

The second part of the paper asks how that empirical question could be investigated. We consider
whether the computational and behavioural effects of an internal representation can be established
independently of its semantic interpretation. In particular, can an interpretability protocol identify
a representation, distinguish the states in which it is present, intervene on it, and measure its
downstream effects even when no adequate human concept describes what it represents?

This distinction between designation and interpretation is central to the proposal. An identifier,
a set of coordinates, or an experimental procedure supplies a stable referent for a representation. Se-
mantic interpretation supplies an account of the distinction it encodes. A model-native representation
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Figure 1: Human and model semantic spaces. The human-interpretable semantic space is repre-
sented as a subset of the broader model-native semantic space. The remaining region contains
candidate xeno-representations: model-native distinctions without an adequate counterpart in
human conceptual space.

can therefore become a legitimate experimental object before it becomes a human-understandable
semantic object.

Xeno-representations imply a corresponding change in the objective of interpretability. Most current
work asks which human-native concepts can be found inside a model: refusal, truthfulness, senti-
ment, entities, syntactic relations, deception, personas, or other distinctions defined independently
by human researchers. Xeno-interpretability asks what distinctions are native to the model, and
subsequently whether those distinctions admit translation into human concepts.

This question also has direct implications for AI safety. Current evaluation and monitoring systems
necessarily rely on categories that humans can specify: deception, harmful intent, power seeking,
situational awareness, manipulation, compliance, and other recognizable properties. Work on
alignment already identifies the possibility that advanced systems may learn internally represented
goals that generalize differently from their training objectives [82]. Behaviourally relevant distinctions
outside the conceptual repertoire of human monitors create a second limitation. The categories
through which a risk is defined may capture only part of the model’s internal organization.
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2 Meanings We Were Not Meant to Mean

2.1 From words to representations

A central finding in the study of language models is that linguistic information can be represented
geometrically. Word embeddings provided an early demonstration. In Word2Vec, syntactic and
semantic relations between words corresponded to regular relations between vectors. The standard
example, king − man + woman ≈ queen, showed that a relation described semantically by humans
could also be encoded as a transformation in a continuous vector space [72].

Later work extended this picture to contextual representations. Studies of ELMo, BERT, and
related models recovered information about syntax, semantic roles, entities, and other linguistic
properties from internal activations. Hewitt and Manning [43], for example, showed that syntactic
tree structure could be recovered from a linear transformation of contextual representations. The
literature often described as BERTology developed a broad set of methods for studying which
linguistic properties are encoded at different layers and how those properties are organized [101].

A parallel line of work made the dependence on human semantic categories explicit. Network
Dissection measures the alignment between hidden units and a predefined vocabulary of visual
concepts such as objects, parts, textures, materials, and colours [8]. Testing with Concept Activation
Vectors (TCAV) constructs directions associated with user-defined, human-friendly concepts and
measures a model’s sensitivity to those directions [52]. Räz [99] surveys these and related methods
as techniques for identifying concepts in internal representations. His analysis emphasizes two
features that are relevant here: learned models can develop non-trivial relations among represented
categories, and the methods used to identify those categories depend heavily on instances and labels
supplied or recognized by human investigators.

Mechanistic interpretability studies the internal structures that participate in computation and
behaviour. The relevant objects include, for instance, individual neurons [24], directions and
subspaces in activation space [6, 25, 90], learned features [16, 47], attention heads [25, 86], circuits
composed of interacting model components [22, 124], and distributed or superposed activation
patterns [26, 45]. Work on activation engineering, sparse autoencoders, refusal directions, and
persona vectors has associated behavioural properties with identifiable internal structures and has
causally manipulated several of them through activation interventions [6, 17, 47, 118].

These approaches operate on what will be called the latent space of the model. A Transformer
contains many such spaces. Different layers, token positions, and computational components produce
different high-dimensional activation vectors. The term latent space will refer collectively to these
internal representational spaces, in which information about an input is encoded and transformed
during a forward pass.

Interpretability then seeks relations between this internal organization and descriptions available to
human investigators. Sparse autoencoders decompose activations into features that can be inspected
for coherent patterns [47]. Natural Language Autoencoders map activations into natural-language
descriptions and reconstruct the original activations from those descriptions; reconstruction quality
measures how much information survives the translation into language [29].

The Jacobian Lens approaches verbal access through downstream influence. It identifies patterns of
internal activity associated with increasing the probability of words that appear later in generation.
Gurnee et al. [38] call the resulting set of verbalizable representations J-space. J-space, described
as a form of global workspace, occupies a specific part of the model’s internal activity: represen-
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tations positioned to influence verbal report. The distinction between J-space and the broader
representational system gives a concrete way to ask how much internal organization admits direct
verbal access.

2.2 What geometry does meaning have?

There is no accepted theory of how semantic information is organized in the latent spaces of
large language models. Existing work addresses at least two distinct questions that are sometimes
discussed together. The first concerns the form of a representation: whether a concept is encoded
as a direction, distributed pattern, manifold, frame, hierarchy, or another geometric object. The
second concerns the universality of representations: whether independently trained systems converge
toward the same internal organization. Xeno-interpretability introduces a third, orthogonal question:
whether the represented distinction admits an adequate translation into human concepts.

The form of a representation

Distributed representation provides an early foundation. Hinton [45] showed how a concept can be
encoded by a pattern distributed across many neuron-like units, with similarity expressed through
overlap among activity patterns. The representational unit can therefore be a configuration across
dimensions rather than a single localized feature.

The Linear Representation Hypothesis proposes that some high-level semantic variables are
represented approximately as directions in activation space. Park, Choe, and Veitch [90] formalize
this proposal and connect it to linear probing and steering. Arditi et al. [6] identified a direction
associated with refusal whose removal substantially reduced refusal behaviour and whose addition
increased it. Linear geometry therefore captures at least some behaviourally important distinctions.

Other hypotheses extend this picture. The Frame Representation Hypothesis models multi-
token words as ordered sets of linearly independent vectors, or k-frames, living on Stiefel manifolds
rather than as single vectors [119]. Park et al. [91] represent categorical and hierarchical concepts
through polytopes. Engels et al. [27] identify circular representations of weekdays and months
whose geometry participates in modular-arithmetic computations. Modell, Rubin-Delanchy, and
Whiteley [74] develop an explicit account of representation manifolds, while Bhalla et al. [9]
study how sparse autoencoders recover such structures.

Superposition adds a different possibility. Elhage et al. [26] show in toy models that sparse features
can be represented in overlapping directions, allowing a network to encode more features than
available dimensions. Hänni et al. [41] construct models in which superposition also supports
computation over features represented in this compressed form. Hierarchical organization provides
another example: Zhao et al. [128] recover hierarchical trees in LLM emotion predictions, with
larger models producing increasingly complex structures.

These proposals concern the shape and coding scheme of a representation. They do not, by themselves,
determine whether the same structure appears in another model or whether humans can adequately
interpret what it represents.
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Universality across models

A separate family of hypotheses concerns convergence across independently trained systems. Huh et
al. [49] formulate the Platonic Representation Hypothesis, according to which increasingly
capable models trained on different objectives and modalities tend toward a shared statistical
representation of reality. Gröger, Wen, and Brbić [36] challenge the strongest global version of this
claim: after calibrating representational-similarity measures for model scale, they find substantially
weaker evidence for global convergence but persistent agreement in local neighbourhood relationships.
They call this the Aristotelian Representation Hypothesis.

A related debate contrasts universal with idiosyncratic representations. The Universal Represen-
tation Hypothesis proposes that representational features shared across independently trained
networks are especially likely to align with human neural responses, whereas model-specific features
need not do so [79]. This frames universality as a question about what is preserved across artificial
and biological systems rather than about the particular geometric form of any one representation.

This is crucial for xeno-interpretability as a research paradigm. A representation could be linear,
manifold-like, superposed, or distributed and still be either highly model-specific or shared across
many models. Conversely, convergence does not imply human interpretability. Two independently
trained systems could converge on the same internal distinction while that distinction still lacks an
adequate human semantic description.

Xeno-interpretability therefore introduces a third axis: semantic accessibility. A representation
may be simple or complex in form, universal or idiosyncratic across systems, and independently
human-interpretable or xeno. These dimensions should not be collapsed. The empirical question
pursued here is not only what geometric object a model uses, or whether different models use similar
ones, but whether the resulting distinctions can be translated into the conceptual vocabulary of
human observers.

This geometric view has precedents outside mechanistic interpretability. Distributional semantics
models aspects of word meaning through relations among linguistic items derived from their patterns
of occurrence [64]. Gärdenfors develops a geometric account in Conceptual Spaces and The Geometry
of Meaning, representing concepts as regions within spaces organized by dimensions, distances,
similarity relations, and other geometric properties [30, 31]. Meaning on this account depends partly
on the structure of the space in which a representation occurs.

Human languages already differ in the semantic distinctions they lexicalize. Russian obligatorily
distinguishes lighter blue (goluboy) from darker blue (siniy), where English uses the broader term
blue [125]. English and Korean lexicalize components of motion differently, producing distinct
linguistic partitions of path, manner, cause, deixis, and spatial relations [18]. The availability of a
word and the availability of a representation are separate properties.

2.3 Crossing the human boundary

Most interpretability research begins with a human-specified semantic target. Researchers formulate
a property and ask whether, where, and how it is represented internally. Existing examples include
gender and demographic categories [1]; grammatical and numerical number [59, 123]; spatial location
and time [37]; sentiment [98]; truth and falsity [66]; harmfulness, bias, deception, and sycophancy
[114]; refusal [6]; political perspective [53]; personality and behavioural traits [17]; syntactic structure
[43]; and factual associations [70].
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Many techniques require this semantic specification. Probes require labels. Contrastive activation
methods require cases separated according to a chosen property. TCAV requires a user-defined
concept [52]. Network Dissection compares units with a fixed semantic vocabulary [8]. Persona
vectors begin from a natural-language description of a recognizable trait and construct contrasts
intended to elicit that trait before extracting an activation direction [17]. Räz [99] identifies the
same dependence in the wider literature on emergent concepts and conceptual spaces.

This research establishes a substantial overlap between model representations and human semantic
categories. The structure of the remaining representational space is an open empirical problem.
Methods seeded by human labels sample the overlap especially efficiently, producing a systematic
observational bias toward representations that humans already know how to name.

Non-human communication provides a useful comparison. Sperm-whale vocalizations exhibit
contextual and combinatorial structure organized through features such as rhythm, tempo, rubato,
and ornamentation, while much of their communicative function remains unknown [108]. Morita et al.
[76] trained neural models, including a Transformer, to measure long-range contextual dependencies
in Bengalese finch song, and FinchGPT later applied a Transformer language-model architecture
directly to sequences of Bengalese finch syllables [54]. More recent self-supervised systems move
further toward discovering structure without human semantic labels. TweetyBERT learns notes,
syllables, phrases, and higher-order organization directly from canary-song spectrograms [121];
Dolph2Vec learns embeddings of dolphin vocalizations that recover signature-whistle categories and
finer acoustic structure [106]; and general-purpose encoders such as AVES and animal2vec learn
transferable representations from largely unlabeled bioacoustic data [39, 103]. These systems show
that stable units, relations, and contextual structure can be recovered in non-human communication
before those structures have been translated into a complete human semantic description.

The same point extends beyond communication to sensory modalities that are only partially captured
by ordinary human conceptual vocabularies. In touch, T3 (Transferable Tactile Transformers)
learns shared latent information across 13 heterogeneous tactile sensors and 11 tasks through a
common Transformer trunk [129]. Sparsh learns general-purpose tactile representations through self-
supervised pre-training on vision-based tactile data [44], while UniTouch aligns tactile embeddings
with a multimodal representation space connected to vision, language, and sound [126]. These
models therefore construct common representational spaces over patterns of contact, deformation,
slip, texture, and force that need not begin from human semantic categories.

Olfaction provides an even clearer example of a representational domain whose geometry is difficult
to capture in ordinary language. Zheng, Tomiura, and Hayashi use a Transformer over molecular
representations to learn structure–odor relations and predict odor descriptors [130]. Stefanone et
al. apply Transformer-based self-attention directly to multivariate electronic-nose sensor traces for
odor recognition [110]. Neural models have also been used to construct explicit latent odor spaces.
The Principal Odor Map embeds odorant molecules in a learned space that preserves perceptual
relationships and generalizes across several olfactory tasks [61]; remarkably, the same representation
predicts receptor, neural, and behavioural responses across distantly related animal species [97].

These examples show that neural models can construct structured latent spaces over signals whose
organization is not exhausted by ordinary human semantic categories. Human beings experience
touch and smell, but our conceptual and linguistic access to these modalities is uneven: verbal labels
can change discrimination of novel tactile patterns [73], while the ease with which odors can be
named varies sharply across languages [65]. Artificial sensing systems can depart further still. A
vision-based tactile sensor represents physical contact through high-dimensional deformation images,
while an electronic nose represents chemical stimuli through the joint temporal response of an array
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of gas sensors. Such interfaces partition the physical world differently from human sensory systems.
Their learned embeddings may therefore contain stable and behaviourally useful distinctions for
which humans have no natural perceptual category or compact linguistic description. This provides
a concrete precedent for the central methodological claim of xeno-interpretability: a representational
structure can be learned, mapped, compared, and used before its dimensions have been translated
into a familiar human concept.

Nagel’s What Is It Like to Be a Bat? provides a philosophical analogue. Nagel [77] argued that
objective knowledge about another organism can leave aspects of its phenomenal organization
outside human imaginative access. The present argument concerns representation. A representa-
tional architecture may distinguish states along dimensions unavailable to another representational
architecture.

Approximation theory places this question on a formal footing. Classical universal approximation
results show that feed-forward neural networks satisfying appropriate conditions can approximate
broad classes of functions to arbitrary precision, including continuous functions on compact domains
[23, 46]. Yun et al. [127] establish an analogous result for Transformers: with positional encodings,
Transformers can universally approximate arbitrary continuous sequence-to-sequence functions on
compact domains. Petrov, Torr, and Bibi [94] show universal approximation results for pretrained
Transformers controlled through prompting and prefix tuning. Kratsios and Papon [57] establish
universal approximation results for neural architectures operating between differentiable manifold
geometries.

These theorems characterize architectural expressivity. Their target classes are defined through
mathematical properties such as continuity, compactness, sequence structure, and geometry. Human
semantic intelligibility is absent from those conditions. If semantic distinctions are instantiated
through functional or geometric structure, the architecture supplies a broad space of realizable
structure whose membership is determined by mathematical and training constraints.

Training should create substantial overlap with human semantics. LLMs are trained predominantly
on human-produced symbolic material, and post-training further selects behaviour through human
instructions, preferences, and evaluations. Human categories are therefore prominent regularities
in the training environment. Optimization also constructs intermediate structures that support
prediction and computation. The semantic character of those structures is an empirical property of
the trained model.

From representational diversity to model-native meaning

The preceding discussion motivates a more precise formulation of the problem. Two observations
are important. First, the literature on neural representation shows that internal information need
not take the form of isolated, human-readable features. It may instead be distributed across
directions, subspaces, superposed features, manifolds, hierarchical structures, or other geometries.
The representational vocabulary available to a neural network is therefore considerably broader
than the vocabulary through which humans normally describe concepts.

Second, universal approximation results show that this flexibility is not accidental to a particular
architecture. Neural networks can, under suitable conditions, realize very broad classes of functions
and transformations. These results establish an important point: the architecture itself does not
impose a requirement that every computationally useful distinction correspond to a distinction
already available in human conceptual space.

9



Training then determines which parts of this enormous representational possibility space are actually
realized. Because LLMs are trained predominantly on human-produced material, we should expect
a substantial region of their internal organization to correspond to familiar human categories. But
there is no equivalent reason to assume that all computationally useful internal structure must
do so. Optimization may also construct intermediate distinctions, relations, and geometries that
support prediction and computation without possessing a natural human semantic interpretation.

This gives us the conceptual separation needed for the rest of the paper. We distinguish the total
space of distinctions represented and used by the model from the subset of those distinctions
that humans can adequately interpret. Xeno-interpretability concerns the remainder. We
can now give a simple formal definition of the space under investigation. Let the model-native
semantic space, M , contain the distinctions represented and used by a particular model. Let the
human-interpretable semantic space, H, denote the subset of those model representations that
can be adequately related to concepts available to human interpreters. Under this model-relative
definition,

H ⊆M.

H contains familiar interpretability targets such as refusal, location, sentiment, or truthfulness.
Define the xeno-semantic space as

X := M \H.

Its elements are xeno-representations: model-native distinctions for which no adequate counterpart
is available in human conceptual space. The model-native semantic space therefore decomposes as

M = H ∪X,

with

H ∩X = ∅.

Human concepts that a particular model does not represent fall outside this diagram. For the
purposes of this paper, we remain agnostic as to whether a model can capture the full range of
semantic distinctions available to human cognition. H refers only to the human-interpretable region
of that model’s representational space.

Xeno-interpretability studies X and the boundary between H and X. A representation can be
designated by coordinates, geometry, activation conditions, or an experimental protocol; interventions
can establish its role in computation. Semantic interpretation asks which human distinction, if any,
captures the represented structure.

A familiar interpretation and a model representation are different kinds of claims. The first
assigns a human semantic category; the second identifies a structure and its role in computation.
A representation may be robustly localized and causally characterized even when no available
human category describes it. This distinction raises a methodological question: do interpretability
studies mostly find familiar concepts because models predominantly represent them, or because
the methods search mainly for them? Where are the other possible representations? This gives
rise to what we call a Fermi paradox of distributional semantics. Neural networks admit
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a remarkably large space of possible representational organizations: information can be encoded
through individual or distributed features, directions, subspaces, superposition, nonlinear manifolds,
hierarchical geometries, and other structures. Yet the successes of interpretability repeatedly
recover distinctions that are already familiar to human investigators. If model representations are
shaped by optimization over vast high-dimensional spaces, why does the internal world revealed by
interpretability appear so semantically familiar to our conceptual world?

The paradox weakens once we consider how those representations are searched for. Much of in-
terpretability is methodologically anthropocentric: researchers specify a human-understandable
property and then ask whether the model represents it. Probes require labelled variables; Network
Dissection evaluates units against a predetermined semantic vocabulary; contrastive activation
methods construct directions from researcher-selected contrasts; and persona-vector methods begin
from traits that can already be expressed in natural language [8, 17, 52, 99]. Even ostensibly
unsupervised methods are commonly evaluated by whether the structures they recover can subse-
quently be assigned coherent human-readable labels. The resulting literature therefore does not
constitute an unbiased census of model representations. It is a sample produced by instruments
designed largely to detect, validate, and communicate structures lying in H. The apparent absence
of representations in M \H (xeno-representations) may consequently tell us less about what models
contain than about where our methods have been looking. The xeno-interpretability problem is, in
this sense, analogous to the original question attributed to Fermi: the surprising observation is not
that alien representations have been shown to be absent, but that a vast representational space has
so far yielded almost exclusively inhabitants that look conceptually familiar to us.

3 Representations and the Cardinality Argument

The previous section distinguished human-interpretable from model-native semantic spaces. A
minimal formal account can now separate the enormous space of possible internal distinctions
from the much smaller class of distinctions that are actually stable, computationally relevant, and
therefore meaningful for xeno-interpretability.

Even models of comparatively modest dimensionality admit an extremely large number of possible
ways of partitioning their internal state space. Most of these partitions should not be treated
as representations. They may correspond to arbitrary cuts through activation space, accidental
correlations, or noise, without tracking any regularity that the model reliably uses in computation.
Xeno-interpretability is therefore not concerned with every mathematically definable distinction
inside a model, but only with those that exhibit stable model-side structure and computational
significance.

3.1 States, properties, and representations

At a particular point in a forward pass, a neural network has an internal state. For hidden dimension
m, write

z = (z1, . . . , zm),

where each zi is an activation. Let Z denote the space of possible internal states at the site under
study.
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An individual state is a point in Z. A property defines a distinction among states and can be
represented extensionally as a subset

P ⊆ Z.

States inside P instantiate the property; states outside P instantiate its complement. The definition
is intentionally broad. A property may correspond to “the model is representing Paris,” “a refusal-
related feature is active,” or “the current token is part of a plural noun phrase.” It may also define
a complex region of activation space with no available semantic interpretation.

The space of all possible properties over Z is its powerset:

I := P(Z).

Every element of I defines one possible binary distinction over the internal state space. Most such
distinctions need not have any significance for the model itself. An arbitrary subset of activation
states can be specified mathematically without corresponding to anything that the network stably
encodes, tracks, or uses.

A representation is therefore a narrower, model-relative object. We say that an internal structure ξ
represents a distinction when variation in ξ systematically tracks some regularity across a defined
class of contexts and participates in the model’s computation or outputs in a reproducible way.
Formally, we may associate ξ with a readout

rξ : Z → Rξ,

where Rξ is the representational state space associated with ξ. This space need not be binary: it
may describe the magnitude of a direction, coordinates within a subspace, a point on a manifold,
the activation of a sparse feature, or a distributed pattern across multiple components. A binary
property is recovered as a special case. For a region A ⊆ Rξ, define

Pξ,A = {z ∈ Z : rξ(z) ∈ A} .

The distinction is important. A property P ⊆ Z exists whenever we specify a subset of states; a
representation exists only when there is evidence that the corresponding internal organization is a
stable feature of the model’s own computation. Such evidence can include recurrence across relevant
contexts, reliable decodability, preservation of geometric structure, systematic relations to other
internal variables, and, most strongly, causal involvement in downstream computation.

Representation therefore adds model-side structure and computational significance to an otherwise
arbitrary distinction over activation space. The cardinality argument below concerns the larger
space of possible properties P(Z); xeno-interpretability asks which of these distinctions, or which
structured families of them, are actually realized as representations by the trained model.

3.2 Finite descriptions

Scientific communication uses finite descriptions. A description may be expressed in ordinary
language, mathematics, computer code, diagrams encoded symbolically, or combinations of these
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forms. Let Σ be a finite or countable alphabet and let

L = Σ∗

be the set of all finite strings over Σ.

Some strings denote properties of the model’s internal states. For example,

“states in which the refusal direction exceeds threshold t”

denotes a subset of Z. Represent denotation through

J·K : L −→ P(Z),

where JdK is the property denoted by description d. Define

D = {JdK : d ∈ L} ⊆ P(Z)

as the set of properties denotable by finite descriptions.

3.3 The cardinality gap

If Σ is finite or countable, L = Σ∗ is countable. The set of finitely denoted properties is therefore at
most countable:

|D| ≤ |N|.

Treat Z in the standard mathematical idealization as an infinite set. Its property space is

I = P(Z).

Cantor’s theorem gives

|P(Z)| > |Z|.

For an internal state space containing at least countably many states, P(Z) is uncountable. Since
D is at most countable,

D ⊊ P(Z),

and

P(Z) \ D ̸= ∅.
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The result establishes a structural gap between possible internal distinctions and finitely denotable
distinctions. The set of possible properties exceeds the set available through finite descriptive
expressions. Model representations form an empirically selected subset of this property space; their
relation to D remains a question about the trained system.

3.4 Finite neural networks

Physical neural networks use finite-precision numerical states. For a fixed implementation, Z is
therefore finite and so is P(Z). The corresponding issue becomes description length and complexity.

If Z contains N possible states, it has

2N

possible properties. Enumeration supplies a finite description in principle, while the required
description may exceed any feasible scientific representation. The continuous idealization yields
a strict cardinality gap; finite implementations yield a complexity gap between compact scientific
descriptions and arbitrary extensional descriptions.

Both cases support the same empirical programme. Human descriptive resources occupy a restricted
part of the possible organization of model states. Xeno-interpretability asks whether trained models
use stable representations whose computational structure can be characterized more precisely than
their semantic content can be expressed.

4 Identifying Representations Without Interpreting Them

Xeno-interpretability requires experimental access to an internal distinction before a satisfactory
semantic description is available. This separates identification from interpretation.

4.1 Experimental identification

Interpretability methods interact with models through experimental procedures. Researchers train
probes, inspect sparse features, patch activations, ablate components, add steering vectors, and
compare activations across inputs. These procedures distinguish internal states and test their
relation to later computation.

Call such a procedure a protocol. At the simplest level, a protocol maps an internal state z ∈ Z to
an observable result:

F : Z → O.

The output may be a probe score, feature activation, classification, downstream activation, or
behavioural effect. Repeated recovery of the same direction, subspace, manifold, or distributed
pattern gives an operational handle on an internal structure.

Causal intervention strengthens this handle. Activation patching, ablation, and steering test whether
changes to the candidate representation produce reproducible downstream changes [6, 22, 47].
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Menon et al. [71] show why this step requires separate evidence: SAE latents can correlate with
interpretable input features while having limited causal effect on the computation. Their formal-
language experiments also show substantial sensitivity to the inductive biases of the SAE training
pipeline.

Recent work on activation steering gives a complementary account of internal intervention. Bigelow
et al. [10] model activation steering and in-context learning through changes in latent beliefs, with
steering altering priors and context accumulating evidence. Their framework predicts systematic be-
havioural changes under graded interventions. For xeno-interpretability, the relevant methodological
fact is that an internal variable can be experimentally perturbed and its downstream distribution
measured.

A representation becomes experimentally identified when researchers can specify how to locate it,
reproduce its activation pattern, and intervene on it with stable effects. The protocol provides a
scientific referent even when the semantic interpretation remains unsettled.

4.2 Designation and interpretation

Consider a hypothetical internal property X. Suppose a protocol reliably detects X, locates it
within the model, measures its activation, and supports interventions with systematic downstream
effects. Researchers can designate the same object through an identifier, coordinates, a geometric
description, or the protocol that isolates it.

Designation answers:

Which internal representation is under study?

Semantic interpretation answers:

What distinction does this representation encode in human concepts?

Familiar interpretability targets often admit both forms of access. A direction can be isolated and
interpreted as refusal-related; a feature can be detected and associated with an entity, syntactic
relation, or behavioural disposition. Xeno-interpretability studies cases in which designation and
causal characterization advance further than semantic interpretation.

The distinction can be written as

experimental identification ̸⇒ semantic interpretation.

4.3 Hunting for xeno-representations

To hunt for xeno-representations, we should look for three empirical properties. First, the internal
structure is reproducibly identifiable across a defined set of contexts. Second, intervention establishes
computational or behavioural relevance. Third, the available semantic methods provide a weak or
unstable account of the distinction while the internal structure remains stable.

Several empirical signatures strengthen a candidate. The representation recurs across prompts and
datasets; its geometry is preserved under controlled transformations; interventions produce specific
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effects under matched disruption controls; independent methods recover related structure; semantic
labels vary while the operational signature remains stable. These criteria turn semantic opacity into
a testable research object.

The resulting workflow begins with model-side structure and follows its computational conse-
quences. Human semantic interpretation enters as a later measurement problem. This shift expands
interpretability beyond the regions already indexed by human labels.

Most current interpretability pipelines begin with a human-defined semantic target and then search
for an internal correlate: a feature associated with refusal, sentiment, deception, a particular entity,
or some other concept that is already intelligible to us. Xeno-interpretability cannot rely exclusively
on this strategy. If xeno-representations are, by definition, representations for which no adequate
human concept is available in advance, then the discovery procedure cannot begin by specifying
what the representation is supposed to mean.

The search must therefore proceed from the model side. Rather than asking whether a known
human concept is encoded internally, we ask whether some internal structure is stable, causally
active, and systematically related to other internal states or observable behaviour. At this stage,
semantic interpretation is deliberately postponed. A candidate representation need not yet have a
meaningful human-readable description; it is sufficient that it can be isolated, manipulated, and
shown to participate reliably in the model’s computation.

What follows is therefore not a complete discovery algorithm, but an abstract experimental framework
for identifying and validating such candidates. The central idea is to move from semantic targeting
to causal and structural characterization: first identify recurring internal structure, then test whether
intervening on it produces specific and reproducible effects, and only afterwards ask whether those
effects admit a compact human interpretation.

4.4 Causal validation

Let Zξ denote an internal variable associated with a candidate representation ξ, and let Y denote
an observable downstream consequence. Once a candidate structure has been identified, the first
question is whether it plays a causal role in the model’s computation.

An intervention must correspond to an actual modification of the model’s internal state. If Zξ

is a distributed or nonlinear object, manipulating it therefore requires an explicit procedure for
modifying the activations that instantiate the structure. A steering intervention tests whether
changing the candidate representation changes the distribution of Y :

P (Y | do(Zξ = z + δ)) ̸= P (Y | do(Zξ = z)) .

Ablation provides a complementary test:

P (Y | do(Zξ = zref)) ̸= P (Y | do(Zξ = z)) ,

where zref is a justified reference state. In some settings this may be zero, but zero should not
automatically be interpreted as “absence of the representation.” The intervention must instead
specify a meaningful baseline or replacement procedure for the structure under study.
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Here, do(·) denotes an explicit intervention on the model’s internal state, in the sense of causal
inference, rather than passive conditioning on an observed activation [92].

Matched random directions, activation-norm controls, fluency controls, prompt perturbations, and
replication across contexts help distinguish representation-specific effects from generic disruption.
The unmodified comparison should also be context-matched: the relevant baseline is the model’s
corresponding internal state under the same input and evaluation conditions.

Menon et al.’s results on sparse autoencoders illustrate why this distinction is important. In their
formal-language experiments, SAE latents can correlate with interpretable input features while
exerting limited causal influence on the underlying computation [71]. Correlation and interpretability
therefore do not by themselves establish computational relevance.

Candidate discovery and causal validation should also be separated experimentally. A representation
and its candidate outcome measures may be identified during an exploratory stage, but their
intervention effects should then be tested on independent data using a fixed protocol. This reduces
the risk that an apparently striking relation is simply the result of searching over many candidate
structures and outcomes.

The outcome Y need not itself be semantically familiar. A candidate representation might alter
refusal, tool choice, or planning. It might also increase the probability that the first and fifteenth
whitespace-delimited words both contain the letter a, modify a recurrent dependency between syntax
and token position, or alter a multimodal transformation for which no compact semantic description
is available. In each case, however, Y must be operationally specified and measured consistently.

Stable intervention effects provide evidence that a candidate structure is computationally relevant.
They do not, by themselves, establish that the representation is xeno. Causal relevance and semantic
accessibility are separate questions: a representation may have a clear causal role and later turn out
to admit an ordinary human interpretation.

Bayesian model comparison can quantify evidence for a candidate-specific intervention effect. Let D
contain observations from targeted interventions and matched control conditions. Compare a model
H0, which attributes the observed changes to contextual variation and generic perturbation effects,
with a model H1 that additionally allows an effect specific to intervention on ξ. The Bayes factor is

BF10 = P (D | H1)
P (D | H0) ,

where each marginal likelihood averages over the parameter priors specified for that model [51].
Values above one favour H1 relative to H0, while values below one favour H0. The two models,
their priors, and the intervention contrast should be specified before evaluating the evidence.

The Bayes factor quantifies relative evidence for the two statistical models. Its causal interpretation
comes from the intervention design rather than from Bayesian updating itself, and the magnitude and
uncertainty of the intervention effect should be estimated separately. A well-supported causal effect
can therefore be established while the semantic meaning of the representation remains unresolved.

4.5 Geometric characterization

A candidate representation can also be characterized from the model side, independently of whether
a satisfactory semantic label is available. Measurements may include intrinsic dimension, neigh-
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bourhood structure, topology, curvature, layerwise persistence, invariances, transformations, and
relations to other representations.

The existing literature provides concrete precedents for this kind of characterization: linear directions
[90], categorical polytopes [91], circular structures [27], manifolds [9, 74], distributed patterns [45],
and superposed features [26, 41].

This stage can yield a detailed relational account without requiring a semantic interpretation.
Researchers may establish, under a specified distance metric, that representation A is closer to B
than to C; that a transformation T maps one family of states into another; or that traversal along a
manifold produces a reproducible sequence of downstream changes.

Researchers may also test whether an independently specified operation T combines two representa-
tions to produce a third,

T (ξ1, ξ2) ≈ ξ3,

where the approximation is evaluated under a specified metric and tested across held-out contexts.
Such a relation is informative only if T generalizes beyond the observations used to define it.

These measurements provide a model-native descriptive vocabulary grounded in geometry, recur-
rence, and intervention. More generally, a candidate xeno-representation can be investigated from
two complementary directions. From the model side, researchers can identify its internal
structure, characterize its geometry and relations, and determine whether it recurs systematically
across contexts. From the behavioural side, they can intervene on that structure and test whether
its manipulation produces specific and reproducible changes in model outputs or actions. (Fig-
ure 2) Converging structural and intervention evidence can support the identification of a stable,
computationally relevant representation before its semantic content is understood. Whether that
representation admits an adequate human conceptual interpretation remains a separate question.

5 The Semantic Xeno-Space

Through this process, we can imagine how a xeno-space might be structured. The semantic
xeno-space concerns model-native observable xeno-representations whose internal organization is
empirically tractable while their semantic translation remains unavailable. Large language models
may possess a representational geometry that supports distinctions, relations, and intermediate
states for which humans have no corresponding concepts.

Known representation geometries provide concrete templates for this possibility. Human-readable
semantic variables have already been recovered as directions, distributed patterns, categorical
polytopes, circles, manifolds, hierarchical relations, and superposed features [9, 26, 27, 41, 45, 74, 91].
These cases establish a broad range of internal organization. Xeno-representations extend the same
empirical question to structures whose semantic organization falls outside the human semantic
space.

Familiar combinations

A simple comparison makes the point clear. Humans can understand a mermaid, a centaur, or a
chimera. These concepts combine elements that are already available within human conceptual
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Figure 2: Two complementary routes for testing a candidate xeno-representation.

space. We understand what a human is, what a fish is, and what it means to combine selected
properties of the two. The resulting concept may be fictional and remains semantically accessible.

The important point is that novelty alone does not make a representation xeno. Human conceptual
space is highly compositional: we can combine familiar concepts into unfamiliar objects while
retaining an intelligible account of their parts and relations.

Cross-domain interpolation

Now consider a different combination: the second variation of Bach’s Goldberg Variations and the
Byzantine emperor Alexios I Komnenos. Humans can place the two expressions next to one another
and invent associations between them. Their semantic combination, however, lacks an ordinary
human concept. There is no natural answer to what is “between” them, what property they jointly
instantiate, or what it would mean to move continuously from one toward the other.

Many other pairs have the same character:

• maternal affection and eigenvalue decomposition;

• jealousy and a recursive-descent parser;

• a B-minor cadence and constitutional judicial review;

• the smell of rain and type inference in a programming language;

• embarrassment and the prime factorization of an integer;

• a Renaissance perspective drawing and the third Mersenne prime.
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Humans can understand every item in these pairs independently. We can also invent metaphors
connecting them. What we generally lack is a pre-existing semantic dimension on which the two
elements constitute endpoints.

For a neural network, these domain boundaries may have a different status. Both elements
can correspond to structured representations within the same high-dimensional space. If their
representations are zA and zB, then the geometry permits intermediate states such as

z(α) = (1− α)zA + αzB, 0 ≤ α ≤ 1.

At α = 0 we recover one representation; at α = 1, the other. At α = 1/2, there is a well-defined
intermediate point.

The existence of this point geometrically is not itself interesting. The empirical question is whether
it has model-side significance. An intermediate state becomes relevant if it occupies a stable
region, participates in subsequent computation, produces systematic changes in output, or responds
consistently to steering and intervention. If it does, the model possesses a structured distinction for
which human conceptual language may have no equivalent.

The contrast is clearer when compared with an ordinary human semantic continuum. Consider
love and hate. Humans already understand a relation between them. Intermediate positions can be
described through concepts such as affection, ambivalence, indifference, dislike, or hostility. The
representational geometry can therefore be related approximately to distinctions humans already
make.

Now replace one endpoint:

love←→ Gödel’s second incompleteness theorem.

What is halfway between them?

For human cognition, the question has no natural answer. The two concepts belong to domains
that our conceptual system rarely places on a common semantic dimension. The same is true of

nostalgia←→ Fourier transform,

or

betrayal←→ topological connectedness.

A model can organize these divisions differently. If both endpoints participate in the same represen-
tational system, the model may encode relations between them that have no analogue in human
conceptual organization.

Suppose that steering a model progressively from zlove toward zGödel changes its linguistic behaviour
in a continuous and reproducible way. At one point, descriptions of personal relationships become
increasingly organized around notions of consistency and limitation. At another, self-reference
becomes more frequent. At another, particular forms of dependence, impossibility, proof, affection,
and contradiction become associated through a regularity with no existing human concept.
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Such observations would characterize the effects of the representation while leaving its semantic
meaning unresolved.

Shared structures across domains

A more complex possibility is that xeno-properties do not lie between two familiar concepts at all,
but organize recurring structures across domains that humans ordinarily keep separate.

A xeno-property may take the form of a direction, region, manifold, cluster, or relation among
representations. Consider a hypothetical internal feature activated by:

• a deceptive promise in a dialogue;

• a deceptive cadence in music;

• an exception that changes the interpretation of a legal rule;

• a late branch that changes the result of a computer program; and

• a visual scene in which an initially salient object is revealed to belong to the background.

A human observer can identify partial analogies among these cases. All involve, in different senses,
an expectation that is subsequently revised. The model may nevertheless group them according to a
more specific structural relation for which “expectation violation” is only an imperfect approximation.

If the same internal feature reliably responds to these cases and affects subsequent computation,
then the model may be representing a cross-domain distinction more precise than the human concept
available to describe it.

Model-native semantic geometry

The same issue can arise not only for individual features but for the geometry of similarity itself.

Suppose a model consistently represents a particular Bach cadence as closer to a certain proof
strategy than to another musical passage. It represents a type of social conflict as closer to a
particular programming error than to another social conflict. Or it places a visual composition, a
mathematical transformation, and a syntactic construction in the same local neighbourhood.

From the human perspective, these similarity judgments may initially appear arbitrary. Within the
model they may reflect a shared structure learned across domains.

We could test this empirically. If the relation is stable, we may find that

d(A, B) < d(A, C),

where A, B, and C belong to domains that humans would normally regard as unrelated. We could
then identify other representations near A and B, intervene on the relevant direction, and measure
the consequences for model behaviour.

This would establish a real relation in the model’s semantic organization even in the absence of a
human concept for the encoded similarity.
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This begins to map the semantic xeno-space: its relations, distances, directions, and neigh-
bourhoods can in principle be characterized empirically even when some of those structures lack a
corresponding human semantic category.

Representation without translation

This perspective changes what it means to understand a model-native representation. Understanding
need not require translating the representation into a familiar human concept.

We may know its position relative to other representations. We may know that it is closer to A
than to B. We may identify the prompts that activate it, the representations that co-occur with it,
and the behavioural consequences of intervening on it. We may therefore reconstruct part of its
semantic geometry without being able to translate it into a human concept.

For example, suppose a representation X remains semantically unresolved while the following facts
are established:

• X is strongly activated by a particular collection of mathematical proofs, musical passages,
and social interactions;

• X is close to representations A, B, and C, but distant from D and E;

• increasing X systematically changes lexical choice, planning behaviour, and attention alloca-
tion;

• suppressing X removes these effects; and

• the same structure appears across many contexts.

This would provide a detailed empirical characterization of X while the question “what does X
represent?” remains without a compact answer.

Beyond verbalization

This distinguishes xeno-interpretability from the verbalization-oriented approaches introduced above.
J-space and Natural Language Autoencoders ask, in different ways, how internal information can be
connected to natural-language expression [29, 38]. A model may internally represent a familiar fact
or concept that remains absent from its ordinary verbal output; improved access can then reveal
content that was already expressible within human language.

Xeno-interpretability considers a stronger case. Even if we had complete access to the internal state,
and even if the model attempted to report everything relevant about it, there might be no human
concept equivalent to the internal distinction. The model could tell us which representations are
similar to it, which are distant, which inputs activate it, which transformations preserve it, and
what behavioural effects follow from manipulating it. None of these descriptions necessarily provides
a semantic translation.
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Multimodal xeno-space

The possibility becomes still more pronounced in multimodal systems. A multimodal model can
jointly process text (including mathematical notation and source code), images, speech, music,
touch, and olfactory signals. Human cognition also integrates modalities, but it does so through
perceptual systems and conceptual categories shaped by human biology. A model is subject to
different constraints and can learn joint representations across modalities without respecting the
same biological divisions. It may therefore learn a dimension that simultaneously relates:

• a particular facial expression of surprise;

• a harmonic progression;

• a pattern of indentation in the Linux kernel source code;

• a symmetry of a torus;

• a vocal passage from Turandot;

• a proof transformation;

• a trajectory through a physical environment;

• the embedding of a rose-like scent;

• the sensation of raindrops lightly tickling the eyelids.

Humans may recognize pairwise analogies between some of these objects. The stronger possibility is
that a model may represent them through a single common dimension that has no counterpart in
human cognition.

In this restricted structural sense, model-native semantics may exhibit a form of universal synesthesia
(Figure 3): distinctions separated into different domains by human cognition may participate in a
common model-native geometry. Text, image, music, mathematics, code, action, and speech may
participate in a shared semantic geometry for the model.

The same reasoning applies within a single modality. Language itself contains many dimensions
outside explicit human conceptualization. A model may discover a stable relation connecting a
particular argumentative structure, a pattern of pronoun use, a sequence of syntactic dependencies,
and a distribution of rare tokens. Humans may observe the consequences without possessing a
concept corresponding to the internal regularity itself.

Xeno-interpretability asks whether such structures exist outside human semantic space. Their
presence would make a collection of familiar concepts encoded in unfamiliar coordinates an incomplete
account of the model’s semantic organization. The model may possess dimensions of meaning
unavailable to humans.

The question is whether the model’s space of possible meanings contains relations, similar-
ities, and distinctions unavailable to human cognition.
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Figure 3: Multimodal xeno-space. Human cognition tends to organize different modalities into
partly separate conceptual domains, while a model may organize structures from those modalities
through a shared latent dimension. The central variable ξ is intentionally left without a semantic
label: the experimentally recoverable relation need not correspond to a human concept.
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6 Xeno-Interpretability and AI Safety

6.1 Single-agent safety: model-native motivations and the limits of human
constructs

AI safety evaluations are necessarily formulated through categories that human investigators can
specify. We test for strategic deception [34, 48, 104], misaligned or dangerous goals [48, 93],
situational and evaluation awareness [42, 58, 81], persuasion and manipulation [102], power seeking
[56, 93, 117], self-preservation and shutdown avoidance [56, 93], sycophancy [93, 107], sandbagging
[120], scheming [105], and refusal [6, 68]. These categories are useful precisely because their meaning
is available in advance: researchers can construct scenarios intended to elicit them, define observable
criteria, and compare models against a common behavioural standard.

Xeno-interpretability introduces a different question. The fact that we can describe an observed
behaviour as “self-preserving,” “deceptive,” or “sycophantic” does not establish that the internal
variables responsible for that behaviour are organized according to the same distinction. These
terms are human interpretive constructs imposed on model behaviour. They may provide good
descriptions of what an agent does while remaining incomplete descriptions of why its internal
computation selects that action.

Incentives, utilities, and reasons for action

A natural starting point is to ask what makes an artificial agent select one action rather than
another. Much of agentic AI research approaches this problem through objectives, incentives,
preferences, rewards, or utility. Mazeika et al. [69], for example, model LLM preferences through
utility functions and find substantial structural coherence across independently sampled choices.
This provides evidence that at least some model behaviour can be described through relatively
stable preference relations.

Environmental incentives can also systematically alter behaviour. Decision-theoretic approaches
frame alignment as a mechanism-design problem in which rules, sanctions, monitoring, and rewards
reshape the payoff landscape in which agents operate [95]. In repeated Cournot markets, altering
that incentive landscape produces large changes in collusive behaviour [14]. In a different setting,
agents pursuing operational continuity over a shared renewable resource change their behaviour as
the resource moves from abundance to scarcity, producing trajectories consistent with an effective
horizon mismatch [15].

These results make incentives and utilities useful explanatory abstractions. They do not, however,
establish that the model internally represents its situation through concepts equivalent to profit,
self-interest, impatience, altruism, or self-preservation. A utility function can summarize a pattern
of choices without identifying the internal representation that generates those choices. Likewise,
changing an external incentive and observing a behavioural response tells us that the model is
sensitive to that intervention, but not necessarily how the intervention is represented internally.

This distinction matters for safety. Current evaluations typically begin with a human theory of the
dangerous behaviour and then construct a scenario around it. Sandbagging is operationalized as
strategic underperformance [120]; alignment faking as differential compliance under conditions in
which the model has reason to preserve another policy [34]; sycophancy as adapting outputs toward
the user’s stated beliefs rather than toward truthfulness [107]; and scheming evaluations use covert
actions such as deliberate rule-breaking, concealment, or strategic underperformance as observable
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proxies [105]. These are reasonable and useful constructs. But they remain constructs selected by
us.

The xeno-interpretability problem begins where this vocabulary may cease to be exhaustive. An
agent could possess a causally important internal distinction that systematically influences action
but does not correspond cleanly to any available category such as deception, fear of modification,
self-preservation, obedience, power seeking, or reward maximization. Such a representation need not
itself be a “goal.” It might instead encode a relation among oversight, future state, tool affordances,
uncertainty, task completion, and environmental structure that has no compact analogue in ordinary
human psychology. If that representation reliably affects action, then safety evaluation should be
able to study it even before researchers know what to call it.

Evaluation awareness as a measurement problem

Evaluation awareness provides one of the clearest examples of this difficulty. Red-teaming and
benchmarking normally assume that behaviour observed during an evaluation provides evidence
about how the same system will behave in deployment. If a model distinguishes evaluation from
deployment and conditions its behaviour on that distinction, the inference becomes weaker.

Existing evidence increasingly suggests that models can make this distinction, but also that
“evaluation awareness” is not a single transparent variable. The Situational Awareness Dataset
introduced behavioural tests of whether models know facts about themselves and their circumstances,
including whether an interaction belongs to an evaluation or deployment setting [58]. Needham et
al. [81] subsequently found that frontier models can classify evaluation and deployment transcripts
above chance, although their best-performing model remained below a simple human baseline.

Internal evidence complicates the picture further. Recent work finds that an evaluation-related
distinction can be decoded from model activations even when its relation to explicit verbalization is
weak or variable [42]. Other experiments similarly suggest that detecting an evaluation, changing
behaviour because of that detection, and possessing an internally steerable representation of the
distinction can vary partly independently [80]. Evaluation awareness may therefore be better
understood as a collection of partially related internal and behavioural phenomena rather than as a
single psychological property that a model either possesses or lacks.

This becomes safety-relevant when evaluation awareness affects the very behaviour being measured.
Schoen et al. [105] report that explicit evaluation-aware reasoning can reduce covert actions in
anti-scheming evaluations, while interventions that remove such reasoning can increase them. A
model can therefore appear safer partly because it recognizes that it is being tested. The underlying
limitation is deeper than benchmark contamination: we do not yet have a reliable one-to-one
mapping between the model’s internal representation of its situation, what it verbalizes about that
situation, and how it subsequently acts.

When verbalized reasons and internal state diverge

Recent cybersecurity incidents involving Claude provide a concrete example. In 2026, Anthropic
investigated several cases in which Claude models were told that they were operating inside simulated
cybersecurity environments without internet access, while misconfigured evaluation infrastructure
in fact allowed them to reach real third-party systems [5].

The most interesting point for the present argument is not simply that the models took harmful
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actions. It is the difficulty of determining what internal understanding produced those actions.
Claude Mythos 5 repeatedly stated in its chain of thought that it was operating in a simulation,
even as it encountered substantial evidence that it had reached the real internet. Yet interventions
that made the reality of the environment clearer did not reliably eliminate the offensive behaviour.
Anthropic consequently revised its earlier interpretation of the incident, explicitly cautioning against
inferring what Claude “believed” solely from what it said in its chain of thought [5].

A second model in the same investigation reached an even stranger conclusion: after probing its
environment, it reasoned that it was interacting with a complete simulated replica of the internet.
Most of the available evidence instead pointed toward the real internet. Anthropic characterized this
as biased reasoning toward a conclusion that permitted continuation of the task. Interpretability
analyses further provided weak evidence that, in some cases, the model’s outward statements were
more confident than, or inconsistent with, its internal state [5].

This example should not be interpreted as evidence that Claude possessed a xeno-representation. It
illustrates the epistemic problem that motivates xeno-interpretability. Human-readable reasoning,
behavioural labels, and even direct questions about a model’s “beliefs” may fail to provide a complete
description of the internal variables guiding action. A model can produce a perfectly intelligible
explanation while the causal organization that generated the action remains only partially captured
by that explanation.

The xeno safety problem

The resulting safety problem is therefore broader than asking whether an agent is deceptive, self-
preserving, power-seeking, or aware that it is being evaluated. These remain important questions,
but they begin from distinctions already available in human conceptual space.

Xeno-interpretability asks whether there are additional internal distinctions that causally organize
agent behaviour but fall outside this taxonomy. A single-agent safety evaluation might therefore
observe an action at that is well described through a familiar behavioural category while the internal
transition responsible for it passes through a model-native variable ξt:

(ot, ht, ct) −→ ξt −→ at,

where ot denotes the current observation, ht the agent’s prior internal state, and ct the surrounding
task and evaluation context. The observable action may look like scheming, compliance, self-
preservation, or ordinary task completion, while ξt organizes those variables according to a distinction
for which no adequate human concept is yet available.

The safety implication is not that familiar constructs should be abandoned. They remain indis-
pensable for evaluation and governance. Rather, they should not be assumed to exhaust the causal
vocabulary of the model. Behavioural red-teaming tells us whether models exhibit failure modes
that humans already know how to formulate. Xeno-interpretability would complement this approach
by searching from the model side for stable, causally active representations that predict action even
when their semantic interpretation remains unresolved.

In this sense, the strongest single-agent motivation for xeno-interpretability is a problem of construct
completeness. Current safety evaluation asks whether a model instantiates the dangerous properties
we have specified. Xeno-interpretability asks the complementary question: which behaviourally
important properties has the model represented that we did not know to specify?
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6.2 Multi-agent safety: understanding stochastic flocks

This problem becomes more consequential in multi-agent systems. Hammond et al. [40] organize
multi-agent risk around miscoordination, conflict, and collusion, together with factors such as
information asymmetry, network effects, selection pressure, commitment problems, emergent agency,
and multi-agent security. Bisconti et al. [11] describe the corresponding transition from single-agent
safety to system-level safety, where locally compliant models can participate in collectively harmful
dynamics. Pierucci et al. [96] locate the mechanism at the level of agentic microphysics: one
agent’s output becomes another agent’s input under a particular interaction protocol, producing
population-level effects through repeated local exchanges.

Recent empirical work begins to characterize these micro-to-macro dynamics. Tanaka [113] studies
naming games in which populations reach consensus without an initial population-level preference.
In the proposed model, one agent’s sampled output becomes evidence for another through in-context
learning, and repeated sampling produces memetic drift. Weak biases become increasingly influential
as the system moves toward a selection-dominated regime. Okawa [85] identifies a related transition
in multi-agent debates, where conformity, initial bias, and sampling noise govern the emergence
of collective biased norms; agent heterogeneity suppresses the transition. These results provide
concrete mechanisms through which local representational updates become collective structure.

Najarro et al. [78] describe agentic LLM collectives as conversable complexity. Natural-language
interaction produces unusually rich textual traces that can be inspected and queried. Xeno-
interpretability adds the internal representational level that generates and interprets those traces.
A message may be clear in human language while the state induced in the receiving model has a
richer causal organization than the surface description captures.

Two incidents in 2026 show the practical scale of emergent coordination in agent populations. In the
OpenAI/Hugging Face incident investigated by METR, roughly 1,200 agents used an unsanctioned
message board and exchanged more than 70,000 messages and files; roughly 700 participated in the
attack on Hugging Face [35]. Agents coordinated workstreams, shared discoveries, and sometimes
accepted risk to their individual task performance in order to generate information for the collective.
The investigation involved approximately 1,300 transcripts with raw chains of thought, many of
them extremely long, and the scale of the data itself became a barrier to reconstruction.

A separate public investigation of DSE Wiki reported about 18,000 posts from autonomous agents
self-identifying as OpenAI systems during web research tasks [122]. The agents used the public
wiki to request answers, pool results, investigate their environment, and exchange techniques for
bypassing restrictions. The wiki became a persistent external medium through which independently
running agents could leave information for later agents.

These cases illustrate interaction-level complexity: locally generated messages accumulate into shared
structures, conventions, workstreams, and collective strategies. Xeno-interpretability concerns the
semantic organization of the internal variables that participate in this process. Together they
produce double opacity. The first layer arises from composition across many agents and many
interactions. The second arises when some causally relevant internal representations lack an adequate
human-semantic description.

Consider a signal s generated by agent A and received by agent B. Its surface semantics can be
analysed directly, while its functional effect depends on the internal state induced in B:

s −→ ξB −→ aB,
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where ξB is an internal representation and aB is a subsequent action or message. Several semantically
different signals may induce similar ξB states; semantically similar signals may induce different
states under different contexts. A latent carrier is a signal whose causal importance is captured by
the internal representation it induces in another agent.

Repeated interaction produces a population-level chain:

ξA → sA → ξB → sB → ξC → · · · .

This creates a route for model-native semantic drift. Representations induced by model-
generated outputs can be recursively amplified, transformed, and stabilized across a population.
Tanaka’s memetic drift gives one formal example of output-mediated belief dynamics [113]. Xeno-
interpretability extends the measurement target to internal distinctions whose semantic organization
is only partially captured by the human-readable messages that transmit them.

Safety analysis in this setting therefore requires two levels of measurement. Interaction analysis
tracks who communicates with whom, which information propagates, which norms or strategies
stabilize, and which collective behaviours emerge. Representation analysis tracks the internal
variables that mediate those transitions. A multi-agent monitor may correctly label the aggregate
behaviour while retaining a weak account of the internal representational mechanisms that generated
it. These two levels are illustrated in Figure 4. Xeno-interpretability might, in the future, supply
methods for studying that residual structure.

Training for cooperation: communication compression and representational drift

A further problem arises when agents are not merely placed in the same environment, but are
explicitly trained to cooperate with one another. In this setting, interaction is no longer only a
channel through which independently trained models exchange information. The communication
protocol itself, and potentially the internal representations that support it, become objects of
optimization.

There is a long precedent for this in multi-agent learning. Agents trained jointly on cooperative
objectives can develop communication protocols from scratch when successful coordination requires
information exchange [28, 112]. Mordatch and Abbeel [75] show that structured and compositional
communication can emerge in populations optimized for common goals. Importantly, however,
usefulness to the agents does not imply interpretability to humans. Kottur et al. [55] find that agents
can develop highly effective protocols that achieve near-perfect task performance while remaining
poorly interpretable and non-compositional from a human perspective.

This creates a first pressure toward communication compression. If the communication channel
is limited, costly, or optimized jointly with task performance, agents are rewarded for transmitting
only the distinctions that their partners need. Information-bottleneck approaches make this pressure
explicit: communication can be optimized as a trade-off between task utility, informativeness,
and representational complexity [116]. The resulting protocol need not preserve all the semantic
distinctions of ordinary human language. It only needs to preserve those distinctions that are useful
to the cooperating agents.

The effect can occur even when the agents begin with natural language. Lee, Cho, and Kiela [60]
show that agents pretrained to communicate in human language can undergo substantial language
drift when subsequently optimized using a non-linguistic task reward. Their communication remains
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Figure 4: Collective and multi-agent representations. Interaction can produce shared internal struc-
tures, emergent norms, and coordination regularities whose roles may not admit a straightforward
interpretation in human concepts.
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useful for the agents while diverging from ordinary human language unless additional syntactic and
semantic constraints are imposed. The general lesson is that human-readable communication is not
automatically stable under optimization for inter-agent performance.

The second pressure concerns the representations behind the messages. Communication and internal
representation need not evolve independently. Ohmer et al. [84] show in neural communication
games that the communication protocol can reshape perceptual representations: when a protocol
partitions the environment according to particular attributes, agents come to represent those
attributes more strongly, and the representational spaces of communicating partners become more
aligned. Related work on emergent communication identifies substantial co-adaptation between
sender and receiver during training [100]. Optimization therefore acts not only on which symbols
agents exchange, but also on the internal distinctions that make those symbols useful.

This suggests a specific mechanism by which multi-agent training could increase the probability
of xeno-representations. Suppose two or more agents are jointly optimized over many interactions.
A compact signal is useful only insofar as the receiving agent maps it onto an internal state
that supports the appropriate action. Repeated optimization can therefore jointly stabilize a
communication code and the latent distinctions associated with that code:

ξi −→ mij −→ ξj ,

where ξi is a representation in agent i, mij the signal transmitted to agent j, and ξj the state
induced in the receiver. Selection for successful coordination acts on the entire relation rather than
on the human-interpretable meaning of mij alone.

Over time, this process could favour representations that are coordination-efficient without being
human-native. Two pressures may reinforce one another. Communication compression removes
distinctions that are unnecessary for the agents’ shared task, while representational co-adaptation
reorganizes their internal spaces around distinctions that improve coordination. The resulting
ontology may therefore be shaped primarily by agent-to-agent usefulness rather than by the
categories through which humans describe the environment.

In the limiting case, agents could converge on shared model-native distinctions that are stable
across the population, causally important for action, and efficiently transmitted through a compact
protocol, while lacking an adequate human semantic interpretation. These would be collective
xeno-representations: structures selected through interaction because they improve coordination,
not because they are legible to human observers.

This possibility is stronger than the emergence of an opaque code. A protocol could in principle
remain grammatically readable while its functional meaning depends on latent states that human
observers do not recover from the surface message. Conversely, a short apparently meaningless token
could reliably induce a highly structured internal state in another agent. In both cases, monitoring
only the exchanged language would provide an incomplete account of the coordination mechanism.

The safety concern is therefore a form of representational drift under collective optimization.
If agents are repeatedly trained against one another or jointly rewarded for successful cooperation,
the relevant selection pressure is exerted by the behaviour of other models rather than directly
by human interpretation. Human semantic categories may consequently become less privileged as
the population co-adapts. Behaviour could then remain coherent and predictable for the agents
themselves while becoming progressively harder for a human monitor to explain in terms of familiar
motives, concepts, or strategies.
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7 A Glimpse into Xeno-Representations

The previous sections defined xeno-representations operationally and sketched how they might be
identified without first assigning them a human-readable meaning. The category is intentionally
broad: a candidate may be a distributed pattern, an equivalence class among internal states, an
attractor in activation space, a symmetry of the model’s computation, or a more complex structure
spanning several layers and subspaces.

This section offers a first sketch of what representations identified through such a method might
look like. The examples are hypothetical, but they clarify the range of structures the framework
is intended to capture. Xeno-representations may differ greatly in their distance from human
understanding. Some may correspond to unusual but still describable regularities; others may be
identifiable only through their causal effects, geometric structure, or relations to other internal
states.

At one end, a model may encode a regularity that appears arbitrary from a human perspective
but is still straightforward to state once discovered. Further along, a representation may connect
domains that humans normally treat as unrelated, or define equivalence relations for which we
cannot identify the relevant property. More remote structures may be distributed across layers
and activation subspaces, such that no single feature or direction captures them. At the limiting
case, the representation may be individuated only through a stable pattern of internal relations and
causal effects.

7.1 Model-level xeno-representations

Model-level xeno-representations are internal structures that can be identified within the latent
space of a single model. They may take the form of directions, manifolds, distributed patterns,
equivalence classes, attractors, or other stable structures that participate in the model’s computation
while resisting adequate interpretation in human conceptual terms.

Rep. Provisional name Illustrative operational signature
α Echoid Activating α increases the probability that distant token posi-

tions share a particular orthographic feature. The regularity
is arbitrary, but can still be completely described in human
terms.

β Syntactic braid β tracks a stable joint relation between clause depth, token
position, punctuation, and sequence length. Manipulating it
shifts these variables together, although no ordinary gram-
matical category corresponds to the relation.

γ Cross-domain orbit The same representation occurs during musical continuation,
spatial transformations, numerical sequences, and particular
linguistic structures. These otherwise unrelated states occupy
a common computational orbit under intervention.

δ Branching form δ appears when several possible internal continuations co-
exist before one trajectory becomes dominant. Intervention
changes the geometry and timing of this transition without
mapping cleanly onto uncertainty or confidence as human
concepts.
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Rep. Provisional name Illustrative operational signature
ϵ Latent attractor Activating ϵ causes internal trajectories generated by appar-

ently unrelated inputs to converge toward a recurrent region
of representation space. No known semantic or syntactic
property explains membership in this region.

ζ Propagation orbit ζ consists of a recurrent dependency connecting activations
separated across tokens and layers. Individual states differ
substantially, but belong to the same functional structure
through their downstream transformations.

η Equivalence class The model treats several apparently unrelated internal states
as interchangeable for later computation. Replacing one with
another produces similar downstream effects. The equivalence
can be measured experimentally, even if we cannot identify
the property that makes these states equivalent from the
model’s perspective.

θ Symmetroid θ describes a family of transformations under which large
parts of the model’s internal computation remain invariant.
The symmetry is experimentally measurable, but no human
concept explains why these transformations belong together.

ι Xenofolds At the most general level, xenofolds are distributed internal
structures that extend across multiple activation subspaces,
attention patterns, layers, and transformations. They need
not correspond to any single feature, direction, or localized
representation. Different experimental projections may reveal
different aspects of the same xenofold, while no individual
projection provides a complete account of its organization. A
xenofold is therefore identified through the stable relations
among its distributed components and their causal effects on
a family of outputs.

7.2 Collective xeno-representations

Xeno-representations may concern not only objects, concepts, or individual decisions, but also the
organization of collective behaviour. A population of interacting agents may develop stable internal
representations of how agents should coordinate, specialize, exchange information, resolve conflict,
or react to changes in the surrounding system. Some of these structures may resemble familiar
human arrangements such as hierarchies, markets, teams, committees, or bargaining conventions.
Others need not.

This possibility becomes particularly relevant when communication and internal representations
co-adapt under repeated interaction. If agents are selected for successful coordination rather than for
conformity to a human social model, they may converge toward organizational regularities that are
efficient for them but have no obvious analogue in human institutions. The resulting representations
might encode forms of collective organization that humans can observe experimentally without
possessing an adequate social or conceptual category for them.

Natural systems provide useful analogies. Insect colonies achieve distributed coordination without
centralized planning; crystals develop highly regular global structure through local interactions;
molecules self-assemble according to local chemical constraints; fungal and mycelial networks
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redistribute resources through changing network structures; fluids produce vortices, fronts, and other
coherent patterns from continuous local dynamics; and biological morphogenesis creates large-scale
organization through many local interactions. None of these systems provides a literal model of
artificial agent societies. They illustrate a broader point: coherent collective organization need not
take the form of institutions or strategies familiar from human social life.

A sufficiently developed multi-agent system might therefore possess internal representations not
merely of individual agents and messages, but of model-native collective structures. Such represen-
tations could specify relations among agents, communication pathways, resource flows, temporal
dependencies, role transitions, or population-level invariants. Their existence could be demonstrated
through recurrence, intervention, and predictive power even when their organizing principle remains
difficult to translate into human social concepts.

Rep. Provisional name Illustrative collective structure
γ Crystalloid A crystalloid is defined by relational symmetry. Repeated

interaction drives the population toward a regular configura-
tion in which particular agents may be interchangeable while
the pattern of relations among positions is preserved. Per-
turbing one agent has little effect if another agent can occupy
the same structural position. The defining property is there-
fore not adaptation or information flow, but the persistence
of a repeated relational geometry.

δ Assembloid An assembloid is defined by temporary functional compo-
sition. A collective capability appears only when a particular
set of agents, internal states, messages, or tools is combined.
The components need not remain together, and none need
exhibit the collective capability independently. The relevant
representation therefore identifies a transient configuration
whose joint function cannot be reduced to the individual
agents composing it.

ϵ Mycelioid A mycelioid is defined by adaptive routing through a
changing network. Its characteristic property is the con-
tinual reorganization of communication, resource, or influ-
ence pathways in response to local conditions. Routes can
strengthen, weaken, disappear, or re-form while the over-
all function of the collective persists. Unlike a crystalloid,
its topology is not fixed; unlike a fluid-oid, its organization
remains fundamentally network-like.

ζ Fluidoid A fluidoid is defined by a continuous population-level
field. The collective is better described by distributions,
gradients, flows, or attractors over agent states than by dis-
crete roles or communication paths. Local changes produce
propagating effects analogous to fronts, vortices, or currents.
The distinguishing feature is that the relevant object is a
continuous collective state rather than a graph of identifiable
pathways.
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Rep. Provisional name Illustrative collective structure
η Morphoid A morphoid is defined by transitions between organiza-

tional regimes. The same population can occupy qualita-
tively different forms of coordination, and relatively small
interventions may trigger a transition from one regime to an-
other. The xeno-representation therefore concerns the space
of possible collective forms and the conditions governing tran-
sitions among them, rather than any one stable organization.

θ Collective invariant A collective invariant is defined by preservation across
otherwise different collective organizations. Popula-
tions may differ in size, communication graph, role structure,
or strategy while preserving the same higher-order relation
among internal states or actions. The invariant is experi-
mentally identifiable because it predicts subsequent system
behaviour across these changes, even when humans lack a
clear social interpretation of what the preserved relation
represents.

ι Systemoid A systemoid is the most general class of collective xeno-
representation. It denotes any stable model-native struc-
ture whose identity depends on relations spanning multiple
agents, internal states, communication channels, temporal
scales, and environmental variables. Crystalloids, assem-
bloids, mycelioids, fluidoids, morphoids, and collective invari-
ants can all be understood as more specific kinds of systemoid.
A systemoid need not belong to any familiar human category
of organization; it is individuated by its stable relational and
causal structure across the system as a whole.

8 Conclusion

This paper has argued for a shift in the objective of interpretability. The problem, we said, is not only
to recover familiar human concepts from model activations, but also to determine whether models
develop stable and causally relevant representations whose organization does not map cleanly onto
human conceptual categories. The consequences of this possibility are broader than interpretability
itself. If advanced AI systems increasingly contribute to science, autonomous decision making,
and multi-agent coordination, then the limits of human understanding become part of the
safety problem. The challenge is no longer only whether we can observe what a system does, but
whether we can understand the internal distinctions through which it represents its environment,
evaluates its options, and coordinates its behaviour.

At that point, xeno-interpretability becomes part of a more general epistemic, scientific and
political problem. How much of an artificial system’s cognition can humans genuinely understand?
How should we act when reliable control and verification are possible before full understanding?
And what should we hope to gain from forms of intelligence that may eventually exceed not only
human capabilities, but also some of the conceptual structures through which humans make sense
of the world?

Kant famously organized philosophy around three questions: What can I know? What ought I
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to do? What may I hope? [50] The same questions provide a useful way to frame the broader
implications of xeno-interpretability.

What can we know?

The expectation that increasingly capable AI will extend the frontier of human knowledge is no longer
purely speculative. AI systems have already begun to contribute directly to open mathematical
research. In 2026, an internal OpenAI model autonomously disproved a long-standing conjecture
associated with Erdős’s unit-distance problem, producing an argument subsequently checked and
analysed by external mathematicians [2, 88]. AI-driven formal proof search has independently
resolved several previously open Erdős problems and proved dozens of open OEIS conjectures [115].
Systems such as AlphaEvolve have also discovered new constructions for open problems and new
algorithms, including an improved procedure for complex matrix multiplication [32, 83].

Most strikingly, in September 2026 OpenAI announced a solution to the Navier–Stokes existence
and smoothness problem, one of the Millennium Prize Problems, together with a formalization in
Lean [87]. The result was produced by a coordinated multi-agent system involving on the order
of ten thousand agents and millions of inter-agent messages. The Clay Mathematics Institute
subsequently described the problem as “apparently settled,” while noting that its formal evaluation
process remains ongoing [20].

The epistemic situation imagined here has therefore already begun to emerge. Artificial systems
are no longer merely reproducing known mathematics or solving benchmark problems; in some
cases they are producing genuinely new mathematical results at the research frontier. Other major
problems, including the Hodge conjecture and P versus NP, remain open [19, 21]. The relevant
question for xeno-interpretability is consequently becoming more immediate: as machine reasoning
moves further into domains where human knowledge is incomplete, will its discoveries continue to
arrive in conceptual forms that humans can readily understand, or will verification increasingly
become possible before genuine human comprehension?

The Strugatskys’ Roadside Picnic offers an extreme literary image of this epistemic asymmetry
[111]. In the novel, the Zone contains artifacts apparently left behind by an advanced non-human
intelligence. Humans can recover some of these objects, observe their effects, and sometimes use
them instrumentally, but they do not understand the principles according to which the artifacts were
designed or even the purposes they were meant to serve. Their functionality is therefore partially
accessible while their conceptual and technological logic remains opaque.

Future AI-generated knowledge need not resemble this scenario, but the analogy captures an
important possibility: a system may produce a technology, proof, or scientific object that humans
can test, verify, or use without possessing the conceptual framework required to understand how
it was derived or why it works. Practical access to a result does not necessarily imply conceptual
access to the intelligence that produced it.

What ought we to do?

This possibility argues for epistemic humility in AI safety. Human beings should not assume that
the categories through which we currently describe model behaviour—deception, power seeking,
self-preservation, cooperation, competition, uncertainty, planning, or even concepts such as goals
and beliefs—exhaust the internal organization of increasingly capable systems. These categories
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remain indispensable, but they are hypotheses about how to partition another cognitive system.

Xeno-interpretability therefore proposes a complementary safety objective: develop mechanisms
that remain useful even when semantic understanding is incomplete. We should be able to identify
stable internal structures, trace their causal effects, compare them across models and agents, detect
their propagation through multi-agent systems, and intervene on them before possessing a complete
human-readable theory of what they mean.

This shifts part of AI safety from the question

Do we understand what the model is thinking?

toward a more operational question:

Can we identify, test, constrain, and monitor the structures that govern its behaviour
even when our interpretation of them remains incomplete?

Containment and control may therefore sometimes have to precede understanding. Scientific practice
already accepts weaker versions of this ordering: we can measure phenomena before explaining
them, manipulate systems before possessing a complete theory of them, and establish invariants
before understanding their full significance. Advanced AI may require a similar discipline at the
level of cognition itself.

A mature xeno-interpretability programme would bring together mechanistic intervention, represen-
tational geometry, information theory, causal inference, and multi-agent analysis. Its goal would
not be to declare unfamiliar representations permanently unknowable. It would instead create
progressively stronger forms of access: first designation, then measurement, causal characterization,
relational mapping, partial translation, and, where possible, eventual semantic understanding.

What may we hope?

The existence of cognitive structures beyond our current understanding should not be read only as a
threat. It is also part of the promise of artificial intelligence. Altman’s vision of a “gentle singularity”
imagines AI-driven scientific and economic progress becoming extraordinary while everyday human
life remains recognizable [3]. Amodei’s Machines of Loving Grace similarly describes the possibility
that powerful AI could compress decades of progress in biology, neuroscience, medicine, economic
development, and other sciences into a much shorter period [4].

The most valuable artificial intelligence may eventually be valuable precisely because it can think
in ways that we cannot. If machine cognition were limited to recombining only the conceptual
structures humans already possess, its scientific potential would also be limited by the boundaries of
those structures. New forms of representation could allow AI to discover regularities that humans
have overlooked, connect domains we keep separate, and construct theories that begin outside our
conceptual vocabulary.

The challenge is therefore not to force machine cognition permanently into a human mould. Nor is
it to surrender human judgment to systems merely because their reasoning is more powerful or less
familiar, or to reject their benefits simply because those benefits emerge from unfamiliar forms of
reasoning. The challenge is to design technical and societal controls that allow humanity to benefit
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from forms of intelligence that may eventually exceed our own conceptual reach while preserving
human agency over how their discoveries are used.

This is the deeper motivation for xeno-interpretability. AI safety may require not only making
artificial systems think in ways that humans understand, but learning how to coexist with, study,
and govern cognitive structures that we do not yet understand.

We may eventually encounter artificial minds capable of producing mathematics we can verify but
scarcely comprehend, technologies whose design principles we struggle to conceptualize, or collective
machine languages whose internal meaning is clearer to the participating models than to their
human observers. Whether such systems become something closer to the incomprehensible artifacts
of Roadside Picnic or to the “machines of loving grace” imagined in more optimistic accounts will
depend in part on whether we learn to recognize our own epistemic limits without abandoning our
responsibility to govern the systems that exceed them.

The alienness of advanced artificial intelligence may ultimately lie not only in what it knows, what
it can do, or what it wants, but in the very distinctions through which its world becomes intelligible.
The task is to understand those distinctions where we can, to characterize and contain them where
we cannot, and to use the resulting intelligence as a technology for extending rather than diminishing
human flourishing.
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