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Abstract

In this paper, we argue that current Al research operates on a
spectrum between two different underlying conceptions of in-
telligence: Intelligence Realism, which holds that intelligence
represents a single, universal capacity measurable across all
systems, and Intelligence Pluralism, which views intelligence
as diverse, context-dependent capacities that cannot be re-
duced to a single universal measure. Through an analysis of
current debates in Al research, we demonstrate how the con-
ceptions remain largely implicit yet fundamentally shape how
empirical evidence gets interpreted across a wide range of
areas. These underlying views generate fundamentally differ-
ent research approaches across three areas. Methodologically,
they produce different approaches to model selection, bench-
mark design, and experimental validation. Interpretively, they
lead to contradictory readings of the same empirical phe-
nomena, from capability emergence to system limitations.
Regarding Al risk, they generate categorically different as-
sessments: realists view superintelligence as the primary risk
and search for unified alignment solutions, while pluralists
see diverse threats across different domains requiring context-
specific solutions. We argue that making explicit these under-
lying assumptions can contribute to a clearer understanding
of disagreements in Al research.

Introduction

There is a growing debate among researchers on the nature
and potential risks of Al, as well as the importance of re-
spective research programs. On one hand, researchers warn
that building bigger models may eventually lead to human-
like, superhuman, or “transformative” and possibly danger-
ous levels of intelligence (Amodei et al. 2016; Bengio et al.
2025; Phan et al. 2025; Hendrycks, Mazeika, and Woodside
2023). On the other hand, scholars argue that simply creat-
ing larger models is unlikely to yield human-like cognition
(Raji et al. 2021; Mitchell 2024; Johnson et al. 2024).

What is intriguing about this debate is that researchers
are observing the same empirical data, model architectures,
scaling laws, and model performance, while holding on to
profoundly different interpretations, e.g., scaling laws as
a sign of emerging superintelligence vs. task-specific im-
provements. In this article, we suggest that this dichotomy
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can be traced back to diverging beliefs on what intelligence
is. On one hand, intelligence realists hold that intelligence
represents a single, universal capacity measurable across all
systems. On the other hand, intelligence pluralists see intel-
ligence as diverse, context-dependent capacities that cannot
be reduced to a single universal measure. This has first-order
implications for how we understand “artificial” intelligence,
what we consider useful and dangerous, how we test, eval-
uate, and interpret systems, and how we build them. Dif-
ferent interpretations of empirical scaling laws, i.e., whether
they represent convergence toward universal intelligence or
domain-specific optimization, depend on which philosophi-
cal framework researchers inherently hold.

Our framework contributes to the philosophy of science
by demonstrating how paradigmatic commitments shape ob-
servation and interpretation in contemporary Al research.
Following Kuhn (1962)’s theory that theoretical frameworks
determine what counts as significant evidence, we show
how realist and pluralist assumptions function as compet-
ing paradigms that make identical empirical results (scal-
ing curves, benchmark performance, system failures) intel-
ligible in fundamentally different ways. This extends Han-
son (1958)’s theory-ladenness of observation to Al: what
researchers “see” in GPT-4’s performance depends on their
prior commitments about intelligence’s nature. By making
these implicit paradigms explicit, we enable more produc-
tive scientific discourse and clearer identification of genuine
empirical disagreements vs. philosophical differences.

The remainder of this paper is structured as follows. We
first present the features of each view with examples from
the literature. We acknowledge that this conceptualization
should be seen as a continuum rather than a hard classifica-
tion before describing the implications these positions have
on Al research methodology and Al alignment.

Our contribution is thereby not to invent a new distinction
but to provide a targeted synthesis that contextualizes long-
standing debates in psychology, philosophy, and cognitive
science within contemporary Al research. What is novel is
demonstrating how these debates structure Al research in
ways researchers often do not recognize. By making explicit
the implicit philosophical commitments underlying method-
ological choices, interpretive disagreements, and alignment
strategies, we provide a vocabulary for clearer scientific dis-
course and more productive policy debates.



Dimension Realist Indicators Intermediate/Mixed Pluralist Indicators

Ontology Intelligence as singular capacity; Acknowledges diversity but Intelligence as multiple, incom-
seeks universal algorithms looks for common principles mensurable capacities

Benchmarks Aggregates across domains Domain-specific scores but with  Separate evaluation per domain;
(ARC-AGI, BIG-bench) overall rankings refuses aggregation

Comparison “X is more intelligent than Y”; Qualified comparisons (“more Rejects cross-system comparison

Claims cross-species/-system rankings intelligent at task T”) as category error

Scaling Laws

Failure Attribution

AI Risk Focus
Architecture Pref.

Success Criteria

Evidence of AGI convergence

2, <

“Engineering problems”;
more scale/data”

needs

AGTI; univ. alignment principles
Unified, general-purpose models

Domain-general competence

Sees progress but notes gaps

Some architectural, some funda-
mental

Both x-risk and near-term risks
Modular systems

Task-specificity, some transfer

Benchmark-specific optimization

“Fundamental mismatches”;
qualitative differences

Context-specific, near-term
Specialized domain/task models

Specific cognitive phenomena

Table 1: Diagnostic Rubric for Identifying Intelligence Positions

Different Assumptions of Intelligence
Assumptions

Before presenting our classification, we want to disclaim
two points. First, by claiming that different researchers have
different underlying assumptions of intelligence, we do not
intend to imply that these necessarily have been articulated.
We posit that assumptions are revealed through methodolog-
ical choices and interpretation of empirical research, and
will point below to these exact differences. Second, as men-
tioned above, by asserting that different views of intelligence
exist, we do not intend to imply that these exist only under
hard, declarative boundaries. Agreement with either position
need not involve a wholesale endorsement of every aspect.
We briefly develop an intermediate position below.

Intelligence Realism

Intelligence realism makes three distinct but related claims:
(1) Ontological: There exists a single, universal computa-
tional process that constitutes intelligence across all sys-
tems; (2) Epistemological: This universal process is discov-
erable through scientific investigation; (3) Methodological:
Different intelligent systems can be meaningfully ranked ac-
cording to how well they approximate this universal process.
Here, we detail its underlying assumptions. '

Algorithmic Universality The core ontological premise
of intelligence realism is that intelligence follows universal
and discoverable mathematical principles regardless of its
instantiation. Epistemologically, this translates to the possi-
bility of intelligence being described and tested for in ab-
stract terms. One example of this perspective is Marcus

'"We use “Intelligence Realism” to denote a position that
combines ontological realism (intelligence exists as a real phe-
nomenon) with monism (it constitutes a single, universal capacity).
While these are technically separable commitments (some would
say: orthogonal), with this notion, we posit that they travel together
in the Al research context we analyze: Claims about universal in-
telligence algorithms typically presuppose their reality as compu-
tational processes.

37792

Hutter’s AIXI model (Hutter 2003), which is a theoretical
framework that defines (artificial general) intelligence as the
ability to achieve goals in different environments. Hutter’s
AIXI formulation assumes that optimal intelligence can be
expressed as a single optimization function across all en-
vironments, presupposing that different environments are
commensurable and that a single policy exists that maxi-
mizes value across all contexts.

This implies that realists interpret scaling laws as evi-
dence for algorithmic universality: if larger models consis-
tently improve across diverse tasks, this suggests conver-
gence toward a universal intelligence algorithm. The smooth
power-law relationships observed across language model-
ing, reasoning, and multimodal tasks support the realist
claim that a single optimization process underlies all intelli-
gent behavior.

Single Optimality Closely tied in with the algorithmic
universality assumption, secondly, intelligence realism on-
tologically asserts the existence of an optimal intelligence
algorithm. For this, consider intelligence as a universal al-
gorithm that every instantiation (e.g., dolphin, human, or Al)
can approximate.? If every instantiation of this algorithm is
different, then every instantiation of this algorithm is closer
or further away from the universal intelligence algorithm.
It follows that there exists a ranking of every organism of
how closely this algorithm is instantiated. We want to note
that single optimality does not posit that all systems can be
linearly ranked, but that there exists an optimal mapping
from computational resources to performance across envi-
ronments. Different systems might be optimal under differ-
ent resource constraints.

One way this position is methodologically reflected in the
literature is again the AIXI work (Hutter 2003). Here, ex-
pected rewards are counted over a specific time. The uni-

2“Instantiation” refers to a particular physical or computational
system that implements (more or less successfully) the abstract op-
timization function, much as different computers can instantiate the
same sorting algorithm with varying efficiency.



versal “best” algorithms have the highest number of ex-
pected rewards for a specific time span, while instantiations
of a “worse” algorithm will count less. Also, Schmidhuber’s
work on an “optimal ordered problem solver” (Schmidhuber
2004), a “general and in a certain sense time-optimal way of
solving one problem after another,” suggests that there is an
optimal way of solving problems and that this property can
be discovered.

Intelligence Variance Through Implementation Fol-
lowing from the above, realism also asserts that different
manifestations of intelligence are viewed as varying imple-
mentations or approximations of the universal algorithmic
core.> To be precise, realists do not assume identical al-
gorithms, but rather that all intelligent behavior optimizes
the same abstract objective function, as for example some-
thing like “maximize expected utility given computational
constraints” (Legg and Hutter 2007; Hutter 2003). Differ-
ent implementations (neural networks, biological brains) ap-
proximate this optimum differently, but the underlying opti-
mization target is universal. This perspective is exemplified
by comparative studies that attempt to measure intelligence
across species using information-theoretic or computational
metrics.

Consider the work of Commons and Ross (2008), which
developed cross-species intelligence metrics based on task-
solving efficiency and adaptive behavior. Their research sug-
gests that despite significant differences in neural architec-
ture, different species might be understood as instantiating
similar underlying computational principles. A chimpanzee
solving a tool-use problem, a corvid caching food, and an Al
system playing chess could potentially be analyzed through
a common algorithmic lens.

Reducibility Any advanced form of intelligence can be
reduced to a combination of constitutive features. By do-
ing so, it could reveal fundamental principles applicable
across all intelligent systems. This reductionist approach
finds methodological expression in efforts to create com-
prehensive intelligence benchmarks across different specific
domains.

For example, Goertzel (2014) presents an attempt to de-
velop tests that measure intelligence independent of a spe-
cific implementation. The most comprehensive effort in this
direction is Hernandez-Orallo (2017), which develops for-
mal frameworks for evaluating diverse intelligent systems
(from biological organisms to Al) using task-based mea-
sures that claim to transcend specific implementations. Sim-
ilarly, Chollet (2019) proposes the Abstraction and Reason-
ing Corpus (ARC) as a measure of general fluid intelligence
focused on skill-acquisition efficiency rather than task-
specific performance. By designing tasks that require flex-
ible problem-solving across diverse domains, researchers
sought to create a “universal intelligence test” that could
compare cognitive capabilities across different systems that
transcend domain-specific knowledge.

3«Algorithmic core” is the abstract computational procedure
that is independent of physical substrate and defines the “optimal”
information processing for a certain goal.
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Commensurability The final key assumption following
the assumptions on variation through implementation and
reducibility is that all forms of intelligence can, after all, be
meaningfully compared along a single dimension or a small
set of unified dimensions. This perspective underpins many
intelligence tests, both natural and artificial. Without com-
mensurability, the realist’s claim that there exists an opti-
mal intelligence algorithm becomes meaningless: if differ-
ent forms of intelligence cannot be compared, then the no-
tion of optimality loses its foundation.

As an example, Legg and Hutter (2007) argue that not
only artificial intelligence but also intelligence across dif-
ferent species can be formalized as “an agent’s ability to
achieve goals in a wide range of environments.” More
specifically, their formal definition of universal intelligence
T of an agent 7, Y(7) = >_ . pw,V, encodes the real-
ist assumption of commensurability by assigning weights
w,, to different environments p of the space of all environ-
ments E. This implies that these environments can be mean-
ingfully compared and aggregated into a single intelligence

measure.4

Intelligence Pluralism

Intelligence pluralism denies all three realist claims, argu-
ing instead that: (1) Ontologically, intelligence consists of
multiple, incommensurable computational processes rather
than varying implementations of a single process; (2) Episte-
mologically, these processes can only be understood within
their specific ecological and evolutionary contexts because
context is constitutive, not merely obscuring; (3) Method-
ologically, cross-system comparisons of “intelligence” are
therefore either impossible or meaningless because there is
no universal standard against which to measure.’

Algorithmic Diversity Ontologically, pluralism sees in-
telligence as inherently tied to the specific context, environ-
ment, and evolutionary history in which it develops. While
realism assumes that there is one universal algorithm across
species that intelligence can be represented as, pluralism
assumes that there are many different algorithms across
species and maybe even within species.

One such example is the navigational system of desert
ants. Desert ants have evolved a path integration system that

“Historically, in human intelligence, this was also expressed as
the g-factor (Eid et al. 2017), or the IQ (Terman 1916). The de-
bate over whether g represents a real cognitive capacity or merely
a useful statistical artifact mirrors the realism-pluralism distinction
we develop here. Realists treat g as reflecting a unified cognitive
capacity (Jensen 1998), while pluralists see it as an instrumental
construct that may not correspond to any natural kind (see also
Borsboom (2005) and Vessonen (2019)).

SThese pluralist commitments connect to broader traditions in
cognitive science. Gardner’s theory of multiple intelligences (Gard-
ner 1983), Gigerenzer’s work on ecological rationality (Gigerenzer
and Goldstein 1996), and enactivist approaches emphasizing em-
bodied, embedded cognition (Wilson 2002) all challenge the notion
of intelligence as a unified, context-independent capacity. These
frameworks differ in details, yet share the core pluralist insight that
intelligent behavior emerges from specific agent-environment cou-
plings rather than universal computational principles.



is adapted to their featureless environment and calculates
their return path using measurements of distance and di-
rection traveled. This strategy would be suboptimal in more
complex terrains where agents can rely on landmark-based
navigation (Wehner, Srinivasan et al. 2003). This challenges
the realist assumption of optimality. The ant’s path integra-
tion system would be catastrophically suboptimal in forest
environments where landmark navigation dominates due to
potential obstacles. Yet both systems are “optimal” within
their contexts. This poses a dilemma for realists: either (1)
there’s no universal optimum, or (2) optimality is context-
dependent, which undermines the universality claim.

Realists might posit that pluralists confuse implementa-
tion diversity with algorithmic diversity: Yes, ants and hu-
mans navigate differently, but both implement approximate
solutions to the same abstract problem: optimal path plan-
ning under uncertainty. The diversity is in implementation,
not in the underlying computational problem.

Pluralists reject this move as an ontological error. The re-
alist position assumes that “path planning” exists as a natural
kind, i.e., as a problem discoverable through formal analysis
that exists independently of any particular agent (see Mag-
nus (2012); Boyle (2024)). Pluralists see this as an analyst’s
construction retrospectively imposed on diverse behaviors.
Ants are not solving “path planning” but following chem-
ical gradients that happened to be evolutionarily success-
ful; the “problem” only exists from an external perspective
that imposes human-like goals onto non-human systems. For
pluralists, path-finding in ants and humans does not yield
different solutions to the same problem. Rather, they solve
fundamentally different problems because they are differ-
ent agents in different environments. Methodologically, this
means we cannot identify the “same” problem across sys-
tems because the problem itself is constituted differently for
each agent-environment coupling.

Multiple Equilibria Rather than a single optimal algo-
rithm, pluralism posits that numerous valid cognitive archi-
tectures exist, optimized for different niches and challenges.
For instance, different bird species have evolved distinct
spatial memory systems: food-caching corvids like Clark’s
nutcrackers develop extraordinary spatial memory for stor-
ing thousands of seed locations, while other birds rely on
entirely different navigational strategies (Sherry, Jacobs, and
Gaulin 1992). In Al this translates to recognition that differ-
ent machine learning architectures might be optimally suited
to different problem domains. A neural network excelling at
image recognition may be fundamentally ill-suited to causal
reasoning tasks, and so on.

This aligns with bounded rationality approaches that em-
phasize how cognitive architectures are optimized for spe-
cific computational constraints and environmental regular-
ities rather than universal optimality (Simon 1990; Lieder
and Griffiths 2020). Different resource constraints (time,
memory, energy) lead to qualitatively different optimal
strategies, undermining the notion of a single best algorithm.

It further implies that these different strategies, as we will
detail below, cannot be ranked. As a first intuition, consider
the navigational skills of migratory birds, the social skills
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of elephant herds, or the distributed intelligence of slime
molds, of which each represents a cognitive strategy that de-
fies ranking or comparison. We will also detail below what
implications this has on the meaningfulness of the word “in-
telligence”.

Emergence Pluralism posits that intelligence emerges
from dynamic interactions between agents and environ-
ments, rather than from a single set of abstract principles that
can be universally generalized in mathematical form.° It as-
sumes that every form of behavior is a way of solving some
problem for a specific type of agent in a specific type of en-
vironment. In contrast to realism, it posits that even abstract
optimization targets embed specific assumptions about what
counts as “utility” and which computational constraints mat-
ter. These assumptions are inevitably shaped by particular
evolutionary histories and environmental pressures, making
supposedly universal targets actually context-dependent.

Realists would posit that emergence does not preclude
universal principles. Physics has universal laws despite
emergent phenomena. Why should intelligence not have
universal computational principles despite contextual emer-
gence? Pluralists would counter that physical universals
govern simple interactions that scale up to complexity. “In-
telligence”, however, may be ontologically different: inten-
tional states, semantic content, and goal-directed behavior
may be irreducibly tied to specific forms of embodiment
and environmental embedding (see Penny (1995); Cangelosi
et al. (2015)), not merely difficult to study in the abstract but
constituted by these specificities. The analogy to physics as-
sumes precisely what’s in dispute: that intelligence involves
universal building blocks.

Here, the obvious question is whether every species that
has emerged over millions of years can be counted as intelli-
gent. If intelligence means “cognitive strategies that enable
successful environmental adaptation,” then any species that
has survived evolutionary pressures possesses intelligence.
If pluralism rejects universal standards for intelligence and
instead evaluates systems within their own contexts, then
most surviving biological systems meet the criteria for in-
telligence within their respective niches.

It follows that under pluralism, the term “intelligence”
loses discriminatory power. If every successful cognitive
strategy counts as “intelligent,” then intelligence becomes
equivalent to “any cognitive adaptation that works”. A con-
cept that applies to everything explains nothing and becomes
analytically vacuous. Can this then still be a helpful classi-
fication to look at, e.g., risks of Al under the pluralist lens?
The implication is that other properties become more ana-
Iytically useful, such as danger for other agents, efficiency
given the environment and agent features, and innovative-
ness in comparison with other agents. Importantly, these cri-
teria are all relational in the sense that they are not universal
or general but only valid for a specific set of species. We

SPluralists do not deny that intelligent behavior can be mod-
eled mathematically: ant navigation and human planning can both
be formalized. Rather, they deny that these diverse formalizations
can be reduced to or unified under a single universal mathematical
framework.



expand more on (emergent) LLM capabilities below under
Implications for Al Research: Interpretation.

Irreducibility Pluralism further posits that intelligence as
a whole cannot be reduced to abstract concepts but has to be
viewed in its environmental and agent-based complexity. For
example, some principles of human intelligence provide a
scaffolding for understanding some principles of Al, but the
complexity of the whole “intelligence” may be fundamen-
tally irreducible to mathematical principles: only task-by-
task can an algorithm be extracted from a human problem-
solving attempt and then emulated in an artificial system.

Famously, octopuses demonstrate a distributed intelli-
gence where a significant portion of their neural process-
ing occurs in their arms, which is a very different cogni-
tive architecture from centralized brain-based intelligence
(Godfrey-Smith 2016). This challenges realist reducibility
assumptions more fundamentally. If intelligence can be “dis-
tributed” across arms with semi-autonomous processing,
what is the unit of analysis? The realist must either (1)
deny that arm-based processing constitutes intelligence or
(2) accept that intelligence does not reduce to centralized
algorithms, which undermines the universal algorithm the-
sis. Ontologically, this suggests intelligence is not a property
of algorithms per se but of specific agent-environment-body
configurations. Methodologically, this means we cannot ex-
tract “the intelligence algorithm” from the octopus any more
than we can extract “the wetness algorithm” from water; it’s
an emergent property of the whole system that cannot be
isolated from its constituent relations.

A realist might counter that this misidentifies the relevant
unit of analysis: the unit is the optimization process, not
the physical substrate, and that distributed processing just
shows that optimal intelligence can be physically distributed
while remaining computationally unified. However, plural-
ists might see this, again, as an ontological error: the realist
move to abstract away from physical substrates assumes the
very thing in question: that intelligence exists independently
of its material and environmental instantiation. When the
premise is to compare different systems, the specific agent-
environment-body configuration is not an optional detail to
be abstracted away but constitutive of what intelligence is in
each case.

An example from the computational sciences is the field
of computational cognitive science that methodologically
tries to model the functions of the human brain one algo-
rithm at a time. Examples are understanding epistemic lan-
guage (Ying et al. 2025), virtual bargaining (Levine et al.
2024), logical reasoning (Olausson et al. 2023), online goal
inference (Zhi-Xuan et al. 2020), or knowledge inference
in lie production (Tan, Jara-Ettinger, and Berke 2024). In
contrast to realist methodologies, these works are trying to
figure out the exact algorithm for this one specific problem
rather than trying to infer proxies for “intelligence” for a
range of tasks from one model.

Incommensurability The last key assumption is that plu-
ralism assumes that different forms of intelligence may be
fundamentally “alien” to each other, prohibiting straight-
forward comparisons and understanding along universal di-
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mensions. This follows from what we established above: if
every system implements a range of specific, environmen-
tally optimized solutions to its specific problem, a compar-
ison to other systems would have to take into account this
exact agent-environment pair. However, as soon as we com-
pare it to the exact pair, we compare it to itself. As elabo-
rated above, this also means that different systems cannot be
ranked according to how “intelligent” they are and, with a
high likelihood, can also not understand each other’s “intel-
ligence” as a whole, if this terminology is still useful at all.
While realists would argue for an “optimization under con-
straints”, pluralists would posit that this still assumes envi-
ronments and constraints are commensurable enough to de-
fine meaningful optima. But if cognitive strategies are gen-
uinely incommensurable, the entire optimization framework
breaks down.

As a small example, researchers took a very long time
until octopuses were ascribed something like “intelligent”
behavior, and very likely this is still under an anthropomor-
phic lens. As an implication for neural language models, this
suggests that these systems might develop forms of “intel-
ligence” qualitatively different from human cognition. The
models that excel at text generation, for instance, operate
through fundamentally different mechanisms than human
linguistic cognition. In this famous view, the term “under-
standing” would be inherently misplaced and overgeneral-
ized when talking about a feature for artificial systems as
they perform statistical transformations while lacking core
aspects of human reasoning (see further (Mitchell 2021).

Intermediate Positions

The realism-pluralism distinction operates across multiple
dimensions (ontological, epistemological, methodological),
and researchers need not adopt consistent positions across
all dimensions. For instance, one might hold onfological
realism (believing intelligence reflects a universal compu-
tational process) while practicing methodological plural-
ism (using domain-specific evaluation frameworks because
universal metrics are currently infeasible). Conversely, one
might accept ontological pluralism (multiple incommensu-
rable forms of intelligence) while employing methodologi-
cal reductionism (attempting to decompose each form into
constituent algorithms for practical analysis).

Implications for AI Research

Having outlined the realism-pluralism spectrum, we will
now turn to the implications that different inherent positions
on intelligence have on research methodology, the interpre-
tation of results, and safety and governance.

Methodology

Methodological implications are the most direct and imme-
diate consequences of an underlying intelligence position.
Here, we look at model selection, benchmark design, and
validation and success criteria.

Model Selection Even though both views agree on there
being one brain in humans, the exact way in which this
property can be realized in artificial models is the core of



the realist-pluralist debate. Realist assumptions favor uni-
fied architectures capable of general-purpose large language
models, universal approximators, or architectures that can be
scaled across diverse tasks. The popularity of transformer ar-
chitectures partly reflects their apparent domain-generality.

Pluralist assumptions favor specialized architectures opti-
mized for specific cognitive domains. Pluralists do not seek
universal solutions but develop targeted approaches (as ex-
emplified above): understanding epistemic language (Ying
et al. 2025), virtual bargaining (Levine et al. 2024), logical
reasoning (Olausson et al. 2023), online goal inference (Zhi-
Xuan et al. 2020), or knowledge inference in lie production
(Tan, Jara-Ettinger, and Berke 2024). Emulating a whole
brain would be putting together all these specialized archi-
tectures in an efficient way (Griffiths, Chater, and Tenen-
baum 2024).

Benchmark Design Realist assumptions naturally lead to-
ward unified, domain-general benchmarks that assume dif-
ferent cognitive tasks tap into a common underlying capac-
ity. BIG-Bench (Kazemi et al. 2025) or ARC-AGI (Chollet
2019) exemplify this approach. They assume that diverse do-
mains across law, medicine, mathematics, or social reason-
ing (for BIG-Bench) or, again “intelligence” as a whole (for
ARC-AGI) can be meaningfully aggregated to a single mea-
sure and thereby implicitly assume the domains share suffi-
cient commonality to warrant aggregated scoring. However,
multi-task benchmarks also show the spectrum nature of our
framework. They do acknowledge domain distinctions (plu-
ralist view) and yet still aggregate performance into unified
rankings that assume commensurable underlying capacities
(realist view), which reflects the intermediate positions we
have touched upon above.

Pluralist methodology, by contrast, demands task-specific
evaluations that respect the ecological context in which “in-
telligence” arises and operates. Rather than seeking a uni-
versal metric, pluralists insist on separate evaluation frame-
works for each cognitive domain, designed around the spe-
cific environmental pressures and adaptive challenges that
shaped those capacities. Examples of this specialization as-
sumption are cognitive benchmarks like ConceptARC for
abstract concept understanding (Moskvichev, Odouard, and
Mitchell 2023), FANToM for Theory of Mind, (Kim et al.
2023), NormAd for adaptive norm understanding (Rao et al.
2024), or EWoK for world knowledge (Ivanova et al. 2024).

Validation and Success Criteria Realists judge success
in terms of progress toward universal principles, i.e., theo-
ries that explain intelligence across species, domain-general
competence, or across environments. Famous examples in-
clude AIXI (Hutter 2003), Herndndez-Orallo and Dowe
(2010), or Legg and Hutter (2007). They would further val-
idate Al capabilities by demonstrating equivalence or supe-
riority to biological intelligence on standardized tasks, as
they assume commensurability between systems. Here, of
course, the level of abstraction and the differentiation in ar-
chitecture and functionality are of utmost importance. Some
intermediate positions would argue that while architectural
or fine-grained comparisons might be less meaningful, the
system can functionally be compared or at some higher level
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of abstraction, as we detailed above.

Pluralist methodology judges success in terms of under-
standing specific cognitive phenomena within their ecolog-
ical contexts. Rather than seeking universal explanations,
pluralists aim for a rich understanding of how particular cog-
nitive strategies solve specific adaptive challenges. For arti-
ficial systems, pluralists argue that these cannot be validated
against biological intelligence because they solve fundamen-
tally different computational problems through categorically
different mechanisms. This, of course, creates big challenges
for safety and governance: if we cannot assess how a ma-
chine is doing on metrics that make sense to us, how can
we assess whether it will become dangerous or not? We will
detail this below in the section on safety and governance.

Interpretation

Beyond shaping research methodology, realist and plural-
ist assumptions fundamentally alter how empirical evidence
gets interpreted. The same data patterns become evidence
for opposing theoretical positions, exemplifying what Kuhn
(1962) called paradigm-dependent observation. This is not
merely an abstract philosophical point. In practice, realist
and pluralist researchers examine the same systems, read the
same papers, and observe the same benchmark results, yet
reach opposite conclusions about what these findings mean
for Al capabilities and risks. The framework we developed
provides a vocabulary for identifying when disagreements
are empirical (solvable by more data) versus paradigmatic
(requiring explicit philosophical examination).

Scaling Laws Two examples of opposite interpretations of
the same data, scaling laws, are the realist “Sparks of Artifi-
cial General Intelligence” (Bubeck et al. 2023) and the plu-
ralist “Why Al is Harder Than We Think” (Mitchell 2021).

Bubeck et al. (2023)’s central claim is that GPT-4 “could
reasonably be viewed as an early (yet still incomplete)
version of an artificial general intelligence (AGI) system,”
which rests on the premise that intelligence constitutes a uni-
fied capacity manifesting across diverse cognitive domains.
Multi-domain competence is interpreted as evidence for an
underlying general intelligence progressing along a measur-
able continuum toward full AGI. The aggregated score re-
flects genuine cross-domain reasoning ability that approxi-
mates general intelligence.

The smooth scaling curves that show consistent improve-
ment with increased parameters and training data are read as
confirmation of algorithmic universality. Sudden capability
jumps at critical scales are interpreted as genuine cognitive
emergence, where quantitative parameter increases trigger
qualitative leaps in reasoning ability (Wei et al. 2022).

Mitchell (2021) critiques these claims by proposing how
some, as she claims, narrow advances in task-mastery are
seen as the “first step” towards some more general goal, even
though this progress might not lie on a continuum and an
unexpected obstacle might always be in the way (Mitchell
(2021) citing Dreyfus (2012)). For example, Deep Blue or
GPT-2 have been claimed to be the first steps towards an “Al
Revolution” (Aron 2016) or “general intelligence” (Alexan-
der 2019). She supports this with an analogy by the engineer



and Hubert Dreyfus’ brother, Stuart Dreyfus: “It was like
claiming that the first monkey that climbed a tree was mak-
ing progress towards landing on the moon” (Dreyfus 2012).

Under pluralist interpretation, scaling behaviors reflect
sophisticated statistical pattern matching reaching various
thresholds rather than genuine cognitive emergence. Multi-
domain competence indicates that large datasets contain suf-
ficient statistical regularities for pattern matching across
diverse text types, not that the system possesses domain-
general reasoning capabilities (see Kambhampati, Stechly,
and Valmeekam (2025); Kambhampati et al. (2025)). The
“emergence” of new capabilities represents accumulated sta-
tistical sophistication crossing perceptual thresholds, not
the development of genuine understanding (Schaeffer, Mi-
randa, and Koyejo 2023). Lastly, domain-specific perfor-
mance ceilings reflect the inherent limitations of statistical
approaches to cognitive tasks requiring genuine understand-
ing (e.g., Isbilen and Christiansen (2022)).

Emergent Capabilities This interpretive difference ex-
tends to the very concept of “emergent abilities” in LLMs,
which has become a focal point of the realism-pluralism
debate. What realists interpret as discontinuous capability
emergence, i.e., the sudden appearance of capabilities like
arithmetic, theory of mind, or complex reasoning at scale,
pluralists challenge as an artifact of measurement assump-
tions. First, apparent discontinuities may result from human-
designed benchmarks with arbitrary pass/fail thresholds that
make smooth capability development appear sudden (Scha-
effer, Miranda, and Koyejo 2023). The “emergence” lives in
the metrics, not the underlying process.

Second, and more fundamentally, pluralists question
whether LLMs and humans develop “the same” capabilities
at all. When an LLM produces arithmetic outputs, is it “do-
ing arithmetic” in any sense comparable to human calcula-
tion, or performing statistical pattern matching that we ret-
rospectively label as “arithmetic” because outputs coincide?
The realist assumes “arithmetic” is a natural computational
category that both humans and LLMs instantiate; the plural-
ist sees this as imposing human categories onto alien pro-
cesses. This connects to benchmark selection: we evaluate
LLMs on human-centric tasks and interpret their success as
evidence of universal intelligence, assuming our capabilities
represent the right targets for measuring intelligence. Real-
ists interpret scaling laws as evidence of convergence toward
universal intelligence; pluralists see them as evidence that
we’ve successfully optimized for our own benchmarks.

Failure Analysis Realists frame observed deficits as ar-
chitectural flaws or insufficient size, both of which can be
solved by engineering and what some have termed “hard-
ware fixes” (Musser 2018). When GPT-4 exhibits limitations
in long-term planning, temporal reasoning, or causal under-
standing, Bubeck et al. (2023) characterize these as “miss-
ing components” amenable to engineering solutions through
“further training.” This treats general intelligence as achiev-
able through scaling solutions rather than inherent ecologi-
cal and qualitative advances.

Pluralists view such failures as revealing qualitative dif-
ferences between human and artificial cognition that resist
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technical remediation rather than being incidental. In partic-
ular, they reveal fundamental architectural mismatches be-
tween statistical pattern matching and the contextual, em-
bodied cognition that characterizes biological intelligence.
For instance, they argue that large language models still
struggle with common-sense physical reasoning (Ivanova
et al. 2024), exhibit systematic failures in Theory of Mind
(Kim et al. 2023), or do vision processing in an inherently
different, non-human way (Bowers et al. 2023). They argue
that systematic failures indicate fundamental limits, suggest-
ing that human-like cognition requires qualitatively different
architectures rather than incremental improvements to exist-
ing systems (e.g., Diaz and Madaio (2024); Griffiths, Chater,
and Tenenbaum (2024))

Alignment

These interpretive differences have direct consequences for
Al safety and governance.

Risk Assessment Realist assumptions naturally lead to
concerns about superintelligent agents pursuing unified
goals with domain-general capabilities. If intelligence con-
stitutes a universal algorithm that can be optimized across
all environments, and we see that some models are improv-
ing on one axis, then sufficiently advanced Al systems will
surpass humans on that general intelligence scale. Systems
will necessarily develop coherent goal structures and general
competencies that enable them to pursue objectives across
diverse domains (Bostrom 2014). Sufficiently advanced Al
systems would develop universal instrumental goals, making
control increasingly difficult as capabilities scale (Amodei
et al. 2016).

This realist framework directly informs major align-
ment research programs. For instance, the Constitutional Al
framework assumes harmful behaviors emerge from a sin-
gle, trainable value system that can be shaped through uni-
versal principles (Bai et al. 2022). Similarly, scalable over-
sight presupposes that alignment properties transfer across
capability levels, i.e., if we can align a weaker system, we
can use it to align stronger systems because they implement
the same underlying optimization process (Zeng et al. 2025;
Bowman et al. 2022).

The realist assumption of algorithmic universality also
underlies concerns about mesa-optimization and deceptive
alignment (Hubinger et al. 2019). If intelligence follows uni-
versal principles, then sufficiently capable systems will in-
evitably develop internal optimization processes that may
not align with their training objectives, leading to systematic
deception during training that only manifests during deploy-
ment.

Pluralist assumptions generate fundamentally different
threat models focused on diverse system behaviors emerg-
ing from the interaction of specialized Al systems operat-
ing in different contexts. The core premise that pluralists ar-
gue for is that the currently used psychometric tests investi-
gate the wrong tasks while failing to capture crucial aspects
of intelligence, such as meta-learning, causal reasoning, in-
nate priors, and robust generalization, all considered essen-
tial for superintelligence (Raji et al. 2021; Mitchell 2021).



This leads to different risk priorities. Since current Al sys-
tems already demonstrate “intelligence”, i.e., high sophisti-
cation, within specific domains like algorithmic bias in crim-
inal justice, labor displacement (Gebru and Torres 2024), or
misinformation (Bender 2024), immediate societal impacts
in these domains might take precedence over hypothetical
superintelligence scenarios (Moorosi, Sefala, and Luccioni
2023).

However, as touched upon above, the boundaries are not
clear-cut, and there might be many researchers and research
programs that acknowledge both superintelligence risk and
societal risk (e.g., see Hendrycks, Mazeika, and Woodside
(2023)).

Alignment Approaches Realists often seek universal
principles to control or align systems and favor solutions
like reward models that capture human preferences across
all domains (Russell 2019; Zhi-Xuan et al. 2024a), inter-
pretability techniques that reveal the universal optimization
process underlying Al behavior (Elhage et al. 2022), and ro-
bustness guarantees that hold regardless of deployment con-
text (Zhao et al. 2024; Sanfiz and Akrout 2021). Some of
these attempts, however, face challenges that suggest the
validity of a more pluralist view, including issues of con-
text dependence (Milliere 2023), frame problems (Shana-
han 2004; Peterson 2025), and specification challenges (Zhi-
Xuan et al. 2024a). For example, impact measures like At-
tainable Utility Preservation (Turner, Hadfield-Menell, and
Tadepalli 2020) struggle to define impacts without refer-
ence to specific contexts and value systems. The persistent
challenge of reward hacking across different alignment ap-
proaches further demonstrates how safety mechanisms de-
signed under universalist assumptions often fail when con-
fronted with the rich complexity of real-world environments
(Amodei et al. 2016).

Pluralist priorities emphasize context-specific alignment:
developing evaluation frameworks that assess Al behavior
within specific ecological niches (Enevoldsen et al. 2023;
Martin et al. 2019), specific cognitive functions (Zhi-Xuan
et al. 2024b; Olausson et al. 2023), and specific human-Al
collaboration contexts rather than general-purpose intelli-
gence (Collins et al. 2024; Zhi-Xuan et al. 2024b; Olden-
burg and Zhi-Xuan 2024). This includes research on cul-
tural value diversity in Al systems (Rao et al. 2024; Li
et al. 2024a,b), work on developing domain-specific safety
measures for Al deployment in healthcare (Aggarwal et al.
2023), autonomous driving (Wischle et al. 2022), education
(Clark et al. 2025), etc., and investigation of how different
Al architectures might be optimally suited to different hu-
man social contexts (Tomasev et al. 2020; Abbass 2019).

Governance Implications These different approaches
lead to concrete policy disagreements. Realists tend to sup-
port capability-based regulation focusing on general Al ca-
pabilities regardless of application, and international co-
ordination on universal Al safety standards (Hendrycks,
Mazeika, and Woodside 2023). This perspective in-
forms proposals for global Al governance institutions and
capability-based licensing schemes.

Pluralists advocate for application-specific regulation that
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varies by domain and context, emphasizing democratic par-
ticipation in Al governance and regulatory frameworks that
account for the diversity of human values and social con-
texts (Bogiatzis-Gibbons 2024). The EU Al Act exempli-
fies this approach by categorizing risks based on deploy-
ment context rather than general capability level (Veale and
Zuiderveen Borgesius 2021).

Conclusion

We have argued that contemporary Al research operates
along a spectrum between two fundamentally different con-
ceptions of intelligence that remain largely implicit: Intelli-
gence Realism and Intelligence Pluralism. We showed how
they fundamentally shape the field’s methodology, interpre-
tation, and risk assessment. Making these underlying as-
sumptions explicit serves several purposes.

Methodologically, recognizing the realism-pluralism
spectrum helps researchers understand why different ap-
proaches to benchmark design, model selection, and val-
idation criteria persist. These are not merely engineering
choices but reflect deep commitments about the nature and
existence of “intelligence”. Researchers favoring a domain-
specific architecture and task-specific, cognitive benchmarks
probably agree more with the pluralist framing than those fa-
voring general models and aggregate benchmarks. More im-
portantly, they are operating from different ontological start-
ing points.

Interpretively, the framework clarifies why identical em-
pirical evidence generates opposite conclusions. When re-
alists and pluralists examine GPT-4’s performance, they are
not disagreeing about the data but about what “intelligence”
is and how it can be recognized. This explains why scaling
law debates, failure analysis, and capability assessments re-
main unresolved despite abundant empirical work. The dis-
agreements are paradigmatic, not merely empirical.

For AI risk research, these different conceptions gen-
erate fundamentally different risk models and governance
approaches. Realists focus on superintelligence scenarios
and universal alignment principles; pluralists emphasize dis-
tributed, context-specific, and currently existing risks and
tailored safety measures. Both perspectives identify risks,
but they prioritize different threats and solutions. Making
these commitments explicit enables more productive de-
bates: rather than arguing past each other about “the” Al
risk, stakeholders can identify which conception of intelli-
gence underlies their concerns and whether disagreements
are empirical or philosophical.

We do not claim to resolve the realism-pluralism de-
bate that would require extensive empirical and philosoph-
ical work beyond this paper’s scope. Rather, our contribu-
tion is to make explicit the implicit assumptions that struc-
ture contemporary Al research, providing a vocabulary for
clearer scientific and policy discourse. As Al systems be-
come more capable and consequential, understanding these
foundational disagreements becomes increasingly urgent. A
research community that explicitly engages with its philo-
sophical commitments is better positioned to navigate the
challenges ahead.
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