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Abstract: For more than seven decades, Alan Turing’s imitation game has shaped how the AI community
discusses machine intelligence, although it was never a psychometric instrument. AI systems now outperform
humans in strategic games, scientific prediction, and pattern recognition, achievements better described as
domain-specific superhuman performance than as general intelligence unless a novelty condition is enforced. This
paper argues that imitation-based evaluation is misaligned with such systems and introduces the Reversed Turing
Test (RTT), which asks whether a machine can be identified precisely because its performance is measurably
superhuman. The test combines a standardized superhuman index (SI), expressed in standard-deviation units
relative to a human reference sample, with a panel of judges whose identifications are verified against the
performance evidence. The paper provides a formal definition of the RTT, a taxonomy of novelty types with
verification methods, a worked example in protein structure prediction, and a pre-registered text-generation
study (n = 500; composite SI ≈ 3.2; 90% identification accuracy grounded in stylometric cues), interpreted
as superhuman stylometric performance rather than superhuman intelligence. The RTT is compared against
established benchmarks, its philosophical limits are stated, and implications for trust, creativity, governance, and
evaluation design are discussed.
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1 Introduction
Since Turing’s 1950 paper, [1], the idea that machine
intelligence can be operationally defined through
an imitation game has profoundly shaped how the
AI community thinks about evaluation. In the
so-called Turing Test, a human judge holds a
text-based conversation with two hidden interlocutors
(one human, one machine) and must decide which
is which. The setup has captured the public
imagination, inspired competitions such as the
Loebner Prize, and fueled long-running philosophical
debates about consciousness and understanding, [2],
[3]. At the outset, however, one point deserves
emphasis: the Turing Test is not a psychometric
instrument and has had little influence on the
scientific study of human intelligence. It lacks
the standardization, norm-referencing, and validated
properties that instruments of cognitive ability are
expected to possess. Its role in this paper is therefore
the one it has historically played within AI, that of a
cultural and conceptual touchstone for thinking about
what it means to count as intelligent.

Even as the field of AI evaluation has moved
toward task-based benchmarks and domain-specific

metrics, as documented in recent comprehensive
surveys of large-language-model evaluation, [4],
imitation remains a live conceptual reference point.
Many of today’s most widely deployed AI systems
(conversational assistants, customer-service bots,
and general-purpose large language models) are
still implicitly evaluated by how convincingly they
reproduce human communicative behavior. It is
this residual primacy of imitation that the paper
challenges.

The motivation is straightforward: AI systems
now exhibit genuinely superhuman performance
in several well-defined domains. Deep learning
and large-scale self-play have produced agents
whose strategies and representations reach far
beyond human expertise: AlphaGo and its
successors in Go, chess, and shogi, [5], [6], [7];
OpenAI Five in Dota 2, [8]; and AlphaFold in
protein structure prediction, [9], whose subsequent
generation extended accurate prediction to protein
interactions with ligands, nucleic acids, and other
biomolecules, [10]. Far from being explicable by
mimicry, these achievements are prized exactly
because they extend beyond what any human could
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do. In the domain of Go, moreover, superhuman
programs have been shown to improve human
decision-making by prompting players to adopt novel
strategies, [11].

The proposal of this paper is the Reversed
Turing Test (RTT). Rather than asking whether
a machine can pass for a human, the RTT asks
whether a machine can be identified as a machine
because its performance is measurably superhuman.
Two ingredients make this concrete: first, a
standardized superhuman index (SI), expressed in
standard-deviation units relative to a human reference
sample, the same kind of metric that psychometric
assessment uses for cognitive ability; and second, a
panel of judges whose identifications are anchored
in that quantitative performance evidence rather than
in surface impressions. Throughout, intelligence
is treated as a multidimensional construct in the
psychometric tradition, an approach that a growing
body of work has begun to extend to artificial
systems by administering standardized psychometric
inventories to large language models, [12]. Building
on this tradition, the paper adopts a working
operational definition (formalized in Section 3) that
emphasizes adaptive capacity on genuinely novel
tasks rather than stored domain expertise, a distinction
the RTT enforces through a novelty condition on its
task battery.

The paper proceeds as follows. Section 2
briefly traces the evolution of AI from symbolic
systems tomodern foundationmodels and reviews the
Turing Test alongside related benchmarks. Section 3
provides a formal definition of the RTT, a taxonomy
of novelty types with corresponding verification
methods, and a worked illustrative example in protein
structure prediction. Section 4 compares the RTT
with existing benchmarks, maps out the domains
in which it currently applies, and examines its
philosophical and societal implications. Section 5
reports a pre-registered empirical instantiation of the
RTT in the domain of text generation (n = 500
participants). Finally, Section 6 discusses broader
implications, states limitations openly, and sketches
future directions, before Section 7 concludes. In
summary, the classical Turing Test centers on
deception and conversational mimicry and, not being
a psychometric instrument, has had little impact
on the scientific study of intelligence. Today’s AI
systems, by contrast, achieve genuinely superhuman
performance on well-defined tasks. The RTT
quantifies that performance through a standardized
metric rather than subjective judgment, and it
enforces a novelty condition so that superhuman
performance supports a claim about intelligence
rather than one about memorized domain expertise.

2 Machine Intelligence in Brief
Before laying out the proposal in detail, it is worth
sketching briefly where contemporary AI comes
from and what the existing evaluation landscape
looks like. The history of machine intelligence
spans several distinct eras, summarized in Figure 1
(Appendix). Early AI relied on symbolic reasoning
and rule-based expert systems: the General Problem
Solver exemplified logic-based symbolic reasoning,
and an early checkers-playing program demonstrated
machine learning through self-play, [13]. The
statistical and connectionist revival of the
1980s–1990s, anchored by the perceptron
model, [14], eventually gave way to the deep learning
era of the 2010s. Transformers, [15], [16], and large
language models, [17], [18], then enabled remarkable
language generation, while reinforcement learning
combined with deep networks produced machines
that surpass human performance in games and
control environments, [5], [8], [19], [20]. Foundation
models trained on massive unlabeled data today
support a wide range of tasks, and with them have
come fresh questions about capability, bias, and
control, [21], [22], [23].

Alongside these recent breakthroughs, a handful
of earlier milestones have already made the
possibility of superhuman AI concrete. Deep
Blue’s 1997 chess victory over Kasparov, [24],
Watson’s win on Jeopardy!, [25], and more recently
a machine-learning weather model that surpasses the
leading operational system on a majority of forecast
targets, [26], illustrate three complementary modes of
superhuman performance: search speed, memory and
retrieval, and predictive accuracy. Each is directly
measurable against human baselines. Together with
the reinforcement-learning and foundation-model
examples from Section 1, these cases establish
superhuman performance as a well-documented
empirical phenomenon, not a forecast. That is why
the evaluation paradigm itself must be rethought.

2.1 AI Tests and Their Limitations
Turing’s imitation game replaced the vague question
“Can machines think?” with an operational
criterion based on textual indistinguishability.
Its technology-agnostic, behaviorist framing has had
a broad cultural impact (for example, via the Loebner
Prize). However, it is not a canonical instrument
in intelligence research and has not been subjected
to formal psychometric evaluation, [3]. Passing
the test, moreover, does not entail human-level
intelligence, [27].

The Chinese Room thought experiment argues
that running a formal program does not by itself
create understanding or intentionality, [2]: a person
following rules for Chinese can appear to pass
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a Turing Test without understanding a word.
These critiques of the Turing Test, particularly that
behavioral indistinguishability does not entail
understanding, apply equally to the RTT, as
acknowledged explicitly in Section 4.3. Alternatives
include the Lovelace Test, which demands that a
machine produce an original creative output for
which its programmers cannot account, [28], and
the Winograd Schema Challenge, which examines
commonsense reasoning, [29].

In short, machine intelligence has evolved from
symbolic systems to deep learning and foundation
models, with each era producing qualitatively new
superhuman capabilities. These capabilities manifest
as superior search speed, memory capacity, and
predictive accuracy, all of which can be measured
objectively against human baselines. The widely
cited AI tests of the past, the Turing Test most
prominent among them, have had limited impact
on psychometrics and lack formal psychometric
validation. Those limitations are exactly what the
RTT is designed to address, and the paper turns to its
formal definition next.

3 Methodological Framing
This section moves from the historical backdrop
sketched in Section 2 to the proposal itself. Its
goal is to set out what the RTT is, what it is
intended to measure, and how one would actually
run an RTT study. The exposition proceeds in four
movements. It first fixes a working definition of
intelligence and states the formal definition of the
RTT. It then develops a taxonomy of novelty types
withmatched verificationmethods, sets out the design
commitments onwhich an RTT study rests, and closes
with a concrete worked example in the domain of
protein structure prediction, which anticipates the
empirical instantiation reported later in Section 5.

3.1 Defining Intelligence and the RTT
Before defining the RTT, it is necessary to specify
what construct it is intended to evaluate. The
psychometric tradition distinguishes between
fluid intelligence (Gf), the capacity to reason
and solve genuinely novel problems, and crystallized
intelligence (Gc), the accumulated knowledge
and skills acquired through experience. Within
Cattell–Horn–Carroll-style frameworks, both
are facets of general cognitive ability, but Gf
is the canonical target when researchers wish
to measure adaptive capacity rather than stored
expertise. Following this tradition, the present
work adopts the following working operational
definition. Intelligence, in the sense relevant to the
RTT, is the capacity to produce correct solutions
to problems whose specific instances were not

previously encountered during training, across
tasks that require reasoning, pattern recognition,
memory integration, or planning. This definition
aligns with a Gf-weighted view of intelligence and
deliberately excludes highly optimized performance
on tasks fully covered by the system’s training
data; such performance is more appropriately
characterized as domain-specific achievement or
crystallized expertise. The distinction matters: a
chess engine trained on millions of grandmaster
games may demonstrate extraordinary achievement
in chess without necessarily exhibiting generalized
intelligence. The RTT therefore imposes a novelty
condition: evaluated tasks must be drawn from a
distribution not covered by the system’s documented
training data, verified to the extent practicable
(e.g., by post-dating the training cut-off, by
controlled training-data exclusion, or by explicit
decontamination analyses). Importantly, the novelty
condition is necessary but not sufficient for an RTT
verdict to support an intelligence claim. Even novel
task instances may be structurally similar to training
exemplars (e.g., a new protein with common folds),
so RTT results should be interpreted as evidence
for superhuman performance on the specific task
distribution evaluated, and only suggestive of
generalized intelligence to the extent that the novelty
condition is stringently verified and that multiple
cognitively distinct task batteries are passed.

With this definition in place, the RTT can be
defined formally as follows. Definition (Reversed
Turing Test). Let T = {t1, t2, . . . , tk} be a
pre-registered battery of tasks drawn from a domain
in which (i) human performance on a specified metric
m can be measured and summarized by a location
parameter µH and a scale parameter σH estimated
from a reference sample SH ; and (ii) the tasks satisfy
the novelty condition relative to the evaluated AI
system A. Let sA denote the score of A on metric
m averaged over T . Define the superhuman index

SI(A) =
sA − µH

σH
,

expressed in standard-deviation-like units relative to
the reference sample.

When the human distribution on m is
approximately Gaussian, SH ∼ N (µH , σ2

H), SI
admits the familiar percentile interpretation of an
IQ-style deviation score. When the distribution is
skewed, heavy-tailed, or bounded, a rank-based
SI is recommended, SIrank = Φ−1

(
F̂ ∗
H(sA)

)
,

where F̂ ∗
H is a plotting-position estimate of the

cumulative distribution, defined for a sample of
size nH as F̂ ∗

H(s) = (rank(s) − 0.5)/nH and
clipped to the interval [0.5/nH , 1 − 0.5/nH ] to
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prevent ±∞ when sA lies at or beyond the sample
extremes. In such extreme cases the reported value
is SIrank > Φ−1(1 − 0.5/nH) rather than any finite
value, making the boundary limitation explicit. This
transformation preserves the SD-unit interpretation
without requiring normality.

The system A passes the RTT in domain d if
and only if: (1) SI(A) ≥ θ for a pre-specified
threshold θ > 0; and (2) a panel of human evaluators,
shown anonymized outputs (and, at the evaluator’s
discretion, accompanying metric summaries) but not
the identity of the producer, correctly identifies A’s
outputs as machine-generated at a rate significantly
above chance (one-sided binomial test, p < 0.05),
with post-hoc analysis of evaluator justifications
confirming that identifications are grounded in
superhuman performance evidence rather than mere
formatting or stylistic artifacts.

Threshold guidance. Following psychometric
conventions, the recommended threshold is θ ≥ 2
(approximately the 97.7th percentile of the reference
sample; parallel to the two-SD criterion used
in intellectual-giftedness identification) for initial
claims of superhuman performance, and θ ≥ 4
for strong claims of unambiguously superhuman
capability. Thresholds should be pre-registered
together with the task battery.

Reference sample as sample, not norm. The
parameters µH and σH are estimated from SH

and are thus sample statistics; SI is interpreted as
a sample-referenced deviation rather than a fully
norm-referenced score. A full norm-referenced
extension would require a standardization sample
with demographic stratification, and the sample
sizes typical of psychometric norms, an important
direction for future RTT development, acknowledged
as outside the scope of any single-study instantiation.

This formulation grounds identifiability in
a quantitative performance index rather than
perceptual judgment alone. A system is not
declared superhuman simply because judges find its
outputs “too polished”; the superhuman index must
first demonstrate that performance lies above the
reference distribution, and judges must then confirm
recognizability.

What the judge panel adds beyond the SI. A
reasonable objection is that once the SI establishes
superhuman performance through objective
measurement, a panel of human judges is redundant.
The two components are kept distinct because
they answer logically independent questions. The
SI answers a question of measurability: does the
system’s performance, scored on metric m, lie
above the human reference distribution? The judge
panel answers a question of recognizability: is
that superiority perceptible to human evaluators

from the outputs themselves? These properties
can dissociate in both directions. A system may
be measurably superhuman on m yet produce
outputs that humans cannot reliably distinguish
from strong human work, because the performance
gap resides in dimensions below the threshold
of human discrimination; conversely, judges
may confidently flag a system that is not in fact
superhuman, keying on incidental surface artifacts
such as formatting. Requiring both a threshold on
the SI and above-chance, performance-grounded
identification guards against each of these failure
modes, neither of which the SI alone can detect. The
judge panel therefore serves three concrete functions
rather than one: it is a convergent-validity check,
confirming that the performance dimensions the
SI quantifies are the same dimensions on which
human identification actually turns; it establishes
practical, deployment-relevant recognizability, since
real-world detection, provenance, and calibrated
trust depend on human perceptibility and not on an
offline metric alone; and it provides a discriminant
safeguard, because the coding of justifications is
designed to catch identifications that rest on artifacts
rather than performance.

Understood this way, the requirement that
identifications be grounded in performance evidence
is not circular. The SI and the judge test are
separate measurements taken on the same outputs,
and the coding of justifications is the bridge that
tests whether the two track a common underlying
signal. When judges cite the very dimensions the
SI operationalizes, that convergence is the positive
result the design is built to detect, not a sign that
one component duplicates the other. The two-step
criterion is loosely analogous to norm-referenced
approaches to cognitive-ability identification, though,
as noted above, a single-study RTT instantiation is
not equivalent to a fully standardized psychometric
instrument.

When m is itself a composite of multiple
sub-metrics (as in the text-generation experiment), the
composite SI should be understood as a formative
index rather than a reflective one. In a reflective
measurement model, several observed indicators are
treated as interchangeable manifestations of a single
latent cause, so that high internal consistency among
them is expected and desirable. A formative index
instead combines constituent dimensions that jointly
define a composite by construction; the dimensions
are not required, and are not expected, to be strongly
intercorrelated or to reflect one common latent trait.
On this reading, the observation that the sub-indices
need not measure the same latent construct is not
a defect to be corrected but the expected property
of a formative composite, and internal-consistency
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criteria such as Cronbach’s α are simply the wrong
yardstick. What a formative index does require
is that its constituents be conceptually justified as
distinct, non-redundant facets of the target construct,
that the aggregation rule be pre-specified, and that
the result be reported transparently. For this reason
the composite SI is interpreted throughout as a
summary statistic over several facets of output quality
rather than as a direct measurement of a unitary
latent trait; it is reported alongside its per-dimension
SIs so that no single number is asked to carry
more meaning than it can bear. Its sensitivity to
the aggregation rule is examined explicitly. The
construct justification for the four text-generation
facets is given in Section 5, and the implications of
the reification risk, together with the accompanying
robustness checks, are discussed in Section 6.4.

It follows that the RTT is at its most
straightforward in domains that supply a single,
objectively scorable metric, such as GDT_TS
in protein structure prediction or Elo rating in
games, where the SI is a deviation score on one
agreed dimension, and no aggregation question
arises. Domains such as text generation, which
lack any single canonical metric, are harder cases:
the RTT remains applicable, but only under the
stricter discipline that the composite be treated as
formative, that per-dimension results accompany the
aggregate, and that the resulting claim be confined to
superhuman performance on the specified dimensions
rather than extended to superhuman intelligence. The
text-generation instantiation reported below is
presented in exactly this spirit, as a deliberately
demanding test of whether the protocol can be
carried out where no single objective metric exists.

3.2 A Taxonomy of Novelty
The novelty condition is the hinge on which the
distinction between achievement and intelligence
turns, yet “novelty” is not a single property. Topical
novelty, the sensemost easily operationalized through
post-cutoff prompting, is also the weakest: a
model may respond well to a genuinely new topic
by generalizing from structurally similar training
exemplars, so that topical novelty alone leaves open
whether the system is adapting to an unfamiliar
problem or pattern matching against a familiar one.
To make the condition precise and to give researchers
concrete verification targets, it is useful to distinguish
four types of novelty, ordered roughly from the least
to the most demanding, and to pair each with the
verification methods appropriate to it, as summarized
in Table 1.

Topical novelty concerns the surface subject
matter: the specific entities, events, or facts are
new to the system. It is verified by dating stimuli

Table 1. A taxonomy of novelty types for the
RTT novelty condition, ordered from least to
most demanding, with corresponding verification
methods. Topical novelty is the type that post-cutoff
prompting establishes; intelligence-grade claims
require verification at the structural or procedural
level.

Novelty type What is new Verification methods

Topical Subject matter, entities,
events

Post-cutoff dating;
provenance checks; corpus
decontamination (n-gram /
embedding overlap)

Structural Abstract problem form Controlled data exclusion;
held-out task families;
nearest-neighbor /
isomorphism analysis

Combinatorial Configuration of familiar
elements

Element enumeration;
controlled recombination;
compositional
nearest-neighbor distance

Procedural Required method or
strategy

Post-cutoff solution
methods; solution-trace
comparison; adversarial
operation composition

Source: created by the authors.

after the documented training cut-off, by provenance
checks on sources, and by decontamination analyses
that search the training corpus (where accessible) for
near-duplicate n-grams or high-similarity passages.
Structural novelty concerns the underlying problem
structure: the abstract form of the task, not merely
its topic, is absent from training. It is verified by
controlled training-data exclusion, by holding out
whole task families rather than individual items,
and by expert judgment or embedding-space analysis
confirming that no isomorphic problem appears
among the nearest training neighbors. Combinatorial
novelty concerns configuration: familiar elements
are combined in arrangements not previously seen
together. It is verified by enumerating the constituent
elements and confirming the specific combination
is absent from training, by constructing instances
through controlled recombination, and by measuring
distance to the nearest neighbor in a compositional
feature space. Procedural novelty concerns the
method: the solution requires a sequence of
operations or a strategy not demonstrated in training.
It is verified by requiring multi-step derivations
whose solution methods were published or devised
after the cut-off, by comparing solution traces
against catalogs of known procedures, and by
adversarially composing problems that demand an
unseen combination of operations.

Two practical points follow. First, the types
are cumulative in stringency rather than mutually
exclusive: a battery may satisfy topical novelty while
failing structural novelty, and studies should state
explicitly which type or types they verify and by
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which method, rather than reporting that the novelty
condition was met without qualification. Second,
the strength of an RTT verdict should scale with the
type verified. Claims of domain-specific superhuman
performance can rest on topical novelty alone. Still,
any inference toward generalized adaptive capacity
requires verification at the structural or procedural
level, which in turn generally requires open-weight
models with curated, auditable training data. The
text-generation study in Section 5 verifies only topical
novelty, and its claims are confined accordingly.

3.3 Core Design Commitments
The formal definition above is the backbone of an
RTT study, but running one in practice requires some
additional scaffolding. The RTT draws on the broader
tradition of AI evaluation while shifting the emphasis
from imitation to augmentation. A well-designed
RTT study rests on five design commitments:

1. Task selection. Tasks must have well-defined,
objectively scorable outcomes and must satisfy
the novelty condition. Appropriate domains
include strategy games with well-defined
payoffs, scientific prediction (e.g., protein
structure, weather), mathematical proof
verification, and large-scale information
retrieval. A battery spanning multiple cognitive
dimensions (speed, memory, reasoning, pattern
recognition) provides a richer picture than any
single task.

2. Human baseline. A representative sample of
human participants completes the same tasks
under equivalent conditions to establish µH

and σH on metric m. The baseline must be
pre-registered and collected under standardized
conditions to ensure comparability. In a
large-scale study of professional Go, AI-induced
novelty was quantified relative to 5.8 million
human decisions spanning decades of play, [11],
an exemplary implementation of this component.

3. Transparency and safety. Unlike the original
Turing Test, the RTT discourages deception.
Systems are expected to cite sources, explain
reasoning, quantify uncertainty, and avoid
hallucinations. Transparent reporting fosters
trust and allows humans to learn from
superhuman partners.

4. Standardized evaluation metrics. Instead of
a binary pass/fail outcome, the RTT yields a
profile of SI values across multiple domains,
analogous to a multidimensional cognitive
ability profile. Additional metrics may include
error rate, time to solution, solution novelty

(assessed by independent domain experts), and
interpretability.

5. Societal impact assessment. Because
superhuman AI can influence markets,
education, and policy, RTT evaluations should
consider downstream effects and include
stakeholders in the assessment process. An
excessive focus on human-like AI can exacerbate
inequality, whereas augmentation can yield
broad benefits, [30].

3.4 Worked Example: Protein Folding
To make the protocol concrete, this subsection
sketches how an RTT study would run in the
domain of protein structure prediction. This domain
is a natural fit: novel protein sequences can
be synthesized and structurally determined in the
laboratory (so the novelty condition can be enforced),
and prediction quality is objectively measurable on
an established scale. The numerical values below are
illustrative and chosen to be consistent with published
benchmarks; the aim here is to illustrate the RTT
protocol step by step, not to certify any particular
system.

Step 1: Task battery. Compile a pre-registered
set of k = 100 protein sequences newly determined
by X-ray crystallography after the AI system’s
training cut-off, ensuring the novelty condition. The
metric m is the Global Distance Test Total Score
(GDT_TS), which measures structural similarity
between predicted and experimentally resolved
structures on a 0–100 scale (higher is better).

Step 2: Human baseline. A cohort of expert
structural biologists (reference sample |SH | = 30)
predicts the same 100 structures using standard
computational tools available before the AI era,
yielding illustrative parameters µH ≈ 42, σH ≈
9, broadly consistent with pre-AlphaFold CASP
benchmarks reported in the literature.

Step 3: AI evaluation. Reported AlphaFold
performance corresponds to a mean GDT_TS of
approximately sA ≈ 92 on comparable test sets, [9],
giving an illustrative superhuman index of SI ≈
(92 − 42)/9 ≈ 5.6. This easily clears both the
recommended initial threshold (θ = 2) and strong
threshold (θ = 4).

Step 4: Judge identification. A panel of domain
experts (illustratively n = 20; a real deployment
should use a larger panel with a formal power
analysis) views anonymized predictions with their
GDT_TS scores and qualitative accuracy reports.
Judges would be expected to identify AI-generated
predictions at well above chance rates. Their
written justifications would then be coded against a
pre-specified codebook to verify that identifications
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cite superhuman accuracy rather than surface artifacts
(such as file formatting).

Step 5: RTT verdict. Conditional on steps 1–4
being carried out with adequate sample sizes and
pre-registration, AlphaFold would pass the RTT in
the domain of protein structure prediction. The result
would be interpretable (the SI is explicit), replicable
(the task battery is pre-registered), and anchored in
domain-expert evaluation.

This illustrative example makes clear that the RTT
is not a single fixed test but a protocol that must
be instantiated domain by domain; a full empirical
instantiation in the domain of text generation is
reported in Section 5.

Taken together, the formal machinery of the
RTT rests on four commitments. First, it adopts a
Gf-weighted, psychometrically grounded working
definition of intelligence, and it enforces a novelty
condition to keep adaptive capacity distinct
from domain-specific achievement. Second, it
quantifies superhuman performance through the
standardized superhuman index (SI), expressed
in standard-deviation units relative to a human
reference sample, so that identifications do not
rest on subjective impressions alone. Third, any
well-designed RTT study rests on five design
commitments: task selection, human baseline,
transparency and safety, standardized metrics, and
a societal-impact assessment. Finally, the worked
example in protein structure prediction illustrates
the full protocol and anticipates the empirical study
reported in Section 5.

4 Comparison and Implications
Having defined the RTT formally in Section 3,
the discussion now situates it within the landscape
of existing evaluation paradigms (Section 4.1),
maps out the domains where it is currently
applicable (Section 4.2), and then examines its
philosophical (Section 4.3) and societal (Section 4.4)
implications. The analysis builds on the superhuman
achievements already introduced in Sections 1 and 2,
AlphaGo/AlphaZero in games, [6], [7], OpenAI
Five in Dota 2, [8], and AlphaFold in structural
biology, [9], without repeating the full catalog.

As emphasized in Section 3, these performances
are most precisely characterized as domain-specific
achievement when training data closely cover the
tasks. The RTT’s novelty condition is intended
to push evaluation toward novel task instances,
strengthening the inference from achievement to
generalized capability. Even where the novelty
condition is only partially met, the RTT yields
valid statements about domain-specific superhuman
achievement, a scientifically useful construct in its
own right, provided the claim is not overstated.

Table 2. Comparison of evaluation paradigms,
selected to represent the four major paradigms in
AI research (imitation, creativity, reasoning, and
human–bot discrimination).

Test Focus Strengths Limitations

Turing Test Imitation Simple behavioral
criterion

Encourages deception;
chat-centric; no
psychometric
validation

Lovelace
Test

Creativity Demands
originality

Hard to verify
programmer influence

Winograd
Schema

Commonsense
reasoning

Measures pronoun
disambiguation

Narrow domain; finite
dataset; saturated by
LLMs

CAPTCHA Human vs. bot Practical security Quickly obsolete as AI
improves

RTT
(proposed)

Superhuman
performance

Standardized SI
metric; promotes
transparency

Requires domain
baselines; novelty must
be verified

Source: created by the authors.

Significantly, superhuman performance can also
benefit humans: an analysis of 5.8 million decisions
by professional Go players found that after AlphaGo’s
release, human players adopted more novel
strategies and improved their decision-making, [11].
Superhuman AI can thus act as a catalyst for human
improvement within a given domain.

4.1 Comparison with Other Benchmarks
Table 2 contrasts the RTT with four alternative
evaluations, chosen to span the major paradigms in
AI evaluation: conversational imitation (Turing Test),
creative output (Lovelace Test), semantic reasoning
(Winograd Schema Challenge), and human–bot
discrimination (CAPTCHA). Together, they make
visible how each paradigm differs from the RTT’s
focus on measurable superhuman performance.

The Lovelace Test asks a machine to produce a
creative work that its programmers cannot explain;
the idea is intuitive, but verifying originality in a
principled way is notoriously difficult. TheWinograd
Schema Challenge probes commonsense pronoun
resolution and was deliberately designed to be easy
for humans and hard for machines, a design that
worked well until large pre-trained models effectively
saturated the finite item set. CAPTCHA distinguishes
humans from bots through tasks such as image
classification, but modern vision networks routinely
solve them, so each new generation of CAPTCHA
is quickly rendered obsolete. The RTT proceeds
differently: it deliberately targets tasks in which
machines already exhibit measurable superhuman
capability, and it uses human baselines to quantify
the extent of that superiority through the standardized
superhuman index.

Figure 1 depicts the classic Turing Test as a judge
conducting text-only exchanges with a hidden human
and machine before issuing a binary humanness
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Judge (text Q&A)

Human (hidden) Machine (hidden)

Decision: which is human?

Fig. 1: Classic Turing Test with step annotations.
The judge conducts text-only exchanges with a
hidden human and a hidden machine, then issues
a binary decision identifying which interlocutor is
human.

Source: created by the authors.

1. Domain & baseline
(pre-registered metrics)

2. Sample tasks from the domain

3a. Human participants
(identical tasks)

3b. AI system under test
(identical tasks)

4. Objective scoring vs.
human distribution

5. Human evaluator identifies AI
(anonymized outputs + metrics)

Fig. 2: Reversed Turing Test with step annotations.
A domain with a robust human baseline is selected,
and a pre-registered task battery is assembled. Both
humans and the AI system complete identical tasks.
Outputs are scored against the human performance
distribution to compute the superhuman index, and
a panel of human evaluators identifies the AI
based on superhuman performance evidence, using
anonymized outputs and metric summaries.

Source: created by the authors.

decision. Figure 2 depicts the RTT as a five-step,
pre-registered, domain-grounded pipeline in which
both humans and the AI complete identical tasks, the
outputs are scored against the human performance
distribution via the superhuman index, and a panel
of judges identifies the AI based on a superhuman
quality rather than conversational deception.

4.2 Taxonomy of Machine Performance
To keep the RTT’s scope concrete, Table 3 classifies
representative AI tasks by cognitive domain and
performance relative to humans. Games such

Table 3. Tasks and typical machine performance
relative to humans (state of the field at the
time of writing). “Superhuman” indicates that
state-of-the-art AI clearly exceeds expert humans
on novel instances; “human-level” denotes parity;
“subhuman” indicates inferior performance.

Domain Representative tasks Machine vs. human

Games Go, Chess, Shogi, Dota 2,
StarCraft II

Superhuman, [5], [7], [8], [20]

Science Protein folding, weather
prediction

Superhuman on narrow, novel
instances, [9]

Vision Image classification,
segmentation

At or above expert human, [31]

Language Machine translation,
summarization

Approaching human;
context and coherence
limits, [17], [18]

Reasoning Commonsense, moral
judgment

Mixed; often
subhuman, [32], [33]

Creative Art, music composition Improving; no consensus
metric

Physical Robotics, dexterous
manipulation

Generally subhuman; progress
in narrow tasks

Source: created by the authors.

as Go, chess, and StarCraft II already feature
AI systems with well-documented superhuman
performance, and are therefore natural first targets
for RTT instantiation. Open-ended reasoning and
conversation, by contrast, remain at or below human
levels despite recent progress, and illustrate where
the RTT is not yet applicable. The larger message of
the table is simply that machine capability is uneven:
the RTT is useful where a robust human baseline and
clearly measurable performance both exist, and it
makes no claim to apply universally.

4.3 Philosophical Implications
The RTT inevitably touches long-standing debates
about machine understanding, and this subsection
states plainly where it stands. The well-known
Chinese Room argument holds that the syntactic
manipulation of symbols is not sufficient for
semantics or consciousness, [2]: a person
mechanically following rules for Chinese can
pass a behavioral test without understanding a
word. This critique cuts both ways. A system that
passes the RTT by producing superhuman outputs
in a specific domain may well be doing so through
sophisticated pattern matching, with no genuine
comprehension at all. The RTT does not resolve the
hard problem of consciousness, and no such claim is
made here. Its scope is more modest: it asks whether
an AI system’s performance measurably and reliably
exceeds the human distribution on well-defined tasks,
and whether expert judges can identify it as such
based on that performance. Questions of semantics,
understanding, and inner experience remain open
problems that no behavioral test can settle, [34].

What the RTT does support is a functional
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orientation toward evaluation: what a system does,
measured against a human reference distribution, is
the relevant criterion for this test. This is weaker
than classical functionalism about minds, which is
concerned with the identity of mental states across
different physical substrates. The paper adopts a
functionalist stance only about evaluation, not about
the nature of mind itself.

This shift carries a further consequence. The
imitation game incentivizes deception: amachine that
honestly admits it is a machine fails the test. The
RTT inverts this incentive by treating transparency as
a virtue. In doing so, it aligns naturally with recent
work on explainable AI, [35], and alignment, [18],
both of which ask that systems disclose what they are,
what they can do, and how confident they are. It also
challenges a kind of anthropocentric bias: focusing
exclusively on human-like AI risks the so-called
“Turing trap,” in whichAI substitutes for human labor
rather than augmenting it, [30]. The RTT is designed
to encourage augmentation by celebrating the kinds
of performance that are distinctive to machines rather
than imitative of humans.

4.4 Societal Impact and Governance
Superhuman AI poses both opportunities and risks
that go beyond the immediate evaluation framework.
Economically, machines that excel at tasks formerly
performed by experts could displace workers in
specific sectors. Still, they could also free humans to
focus on creative, interpersonal, and supervisory roles
that AI currently cannot fill. The distinction between
achievement and intelligence is socially important
here: a system with superhuman achievement in a
narrow domain should not automatically be treated as
a general-purpose replacement for human workers.

Regulatory frameworks must ensure that the
benefits of superhuman AI are equitably distributed
and that systems are aligned with human values.
Standard-setting bodies can incorporate the RTT’s
superhuman index into certification processes,
providing quantitative criteria for when a system
exceeds human abilities in desirable ways without
compromising safety. Mandatory disclosure of
superhuman capabilities, analogous to the risk-tiered
obligations established for high-risk AI in the EU
AI Act and its proposed implementation, [36],
would allow users, policymakers, and auditors to
understand the degree to which a system departs from
human-level performance. Education must adapt to
prepare learners for collaboration with powerful AI,
emphasizing meta-cognitive skills, critical evaluation
of AI outputs, and the ability to identify failure
modes. Ethical guidelines should address issues of
accountability when AI agents make decisions at
scales and speeds beyond human comprehension.

To summarize this section: the RTT is instantiated
domain by domain, and the taxonomy in Table 3
maps where it currently applies. Compared with
the Turing Test, the Lovelace Test, the Winograd
Schema Challenge, and CAPTCHA, the RTT’s
distinctive move is to make superhuman performance
quantitative, through the SI metric, rather than binary.
The Chinese Room objection applies to the RTT as
much as to the Turing Test, so the RTT makes no
claim about consciousness or understanding, only
about measurable performance. Finally, shifting
the evaluation paradigm from imitation to functional
augmentation has direct governance consequences,
from disclosure mandates for superhuman capability
to RTT-based certification of high-stakes systems.

5 Empirical Validation
The conceptual case for the RTT predicts that a
performance gap large enough to be perceptible will
render machines identifiable as non-human agents;
whether that gap is in fact perceptible is precisely
what the recognizability component tests. The protein
example in Section 3 illustrated the five-step protocol
in principle; the protocol is now applied in full. This
section reports a controlled study that instantiates the
RTT in the domain of text generation. The study
follows the five-step protocol of Section 3 end to
end: it (1) selected a text-generation task battery
satisfying the novelty condition, (2) established a
human performance baseline, (3) had both humans
and the AI system complete the identical tasks,
(4) scored all outputs against the human distribution
to compute the superhuman index, and (5) asked a
judge panel to identify the AI from the outputs.

5.1 Operationalizing Novelty
The novelty condition was operationalized by
drawing prompts on topics and events that post-dated
the LLM’s documented training cut-off by at least six
months, with no retrieval or web-search tools enabled
at generation time. In the terms of the taxonomy in
Section 3.2, this procedure establishes topical novelty
but not structural novelty. It must be emphasized
that this operationalization is therefore pragmatic
rather than definitive: a model with sufficiently
broad pre-training may still produce strong outputs
on topics structurally similar to training exemplars,
even if the specific topic is post-cutoff. Verifying
structural or procedural novelty would require
controlled training-data exclusions, which was not
possible here because the model’s training corpus,
although its weights are openly available, is not
released in an auditable form. The results are
therefore interpreted as evidence of superhuman
text-generation performance on a challenging
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out-of-training-distribution sample, rather than as a
claim of generalized superhuman intelligence.

5.2 Pre-registration and Ethics
The study protocol (hypotheses, sample size,
exclusion criteria, codebook, and analysis plan)
was pre-registered on the Open Science Framework
before data collection. The protocol was reviewed
and approved by the authors’ institutional ethics
review board. All participants provided informed
consent, were compensated at or above local
prevailing wage, and could withdraw at any
time without penalty. No personally identifying
information was collected, [37]. All stimulus
prompts, AI outputs, human-written responses (with
writer consent), participant judgments in anonymized
form, the codebook, and analysis scripts will be made
available in an open repository upon publication.

5.3 Example Stimuli
To give readers a concrete sense of task
difficulty without requiring repository access,
one representative prompt per task type is listed
below:

• Essay (current events): “In 250–300 words,
assess the most significant consequences of the
2025 global semiconductor supply realignment
for consumer-electronics pricing.”

• Scientific-abstract summary: “Summarize
the key claims and evidence of the attached
abstract on room-temperature superconductivity
(published after the model’s training cut-off), in
120–150 words, preserving numerical results.”

• Story opening: “Write the opening 150 words of
a short story in which a cartographer discovers a
city that cannot be plotted on any map.”

• Arithmetic explanation: “Explain step by step
how to compute the compound interest on
$1,200 at 4.5% annual interest compounded
monthly over 7 years, so that a motivated
secondary-school student could follow it.”

5.4 Participants and Stimuli
Five hundred participants were recruited via an
online platform using stratified sampling to ensure
demographic balance across age (18–65), gender,
and education level. The pre-registered sample-size
calculation targeted the smallest difference from
chance considered substantively meaningful,
operationalized as a small effect (Cohen’s d = 0.15).
This conservative target was adopted because, at
the time of pre-registration, no prior study had
reported a comparable RTT-style comparison. For

a one-sample t-test against the 0.50 chance level
with power = 0.80 and α = 0.05, this required 349
participants; 500 were recruited to allow for attrition
and pre-registered exclusion criteria (completion
time < 3 minutes or > 90 minutes; response entropy
consistent with random clicking). After exclusions,
487 participants were retained. The observed
effect (d = 5.0) vastly exceeded the conservative
pre-registered target, which reinforces rather than
undermines the conclusion.

Each participant evaluated 40 stimulus pairs,
each pair consisting of one AI-generated and one
human-written response to the same prompt. Stimuli
were balanced across four task types chosen to span
distinct writing modes: short essays on current events
(expository argumentation, 10 pairs), summaries of
scientific abstracts (informative condensation,
10 pairs), creative story openings (generative
narrative, 10 pairs), and step-by-step arithmetic
explanations (procedural explanation, 10 pairs).
This composition spans four widely used writing
genres that place distinct demands on expository,
informative, narrative, and procedural competence.
Within each task type, prompts were randomly drawn
without replacement from a pool of 100 pre-tested
prompts. Prompt pools were constructed specifically
for this study using topics post-dating the model’s
documented training cut-off.

AI responses were generated using a publicly
available, open-weight 70-billion-parameter
transformer-based language model with a
documented training cut-off preceding all prompt
topics by at least six months. Decoding parameters
(temperature, nucleus-sampling threshold, and
maximum output length) were fixed across all
prompts and are reported in the pre-registration.
No retrieval or web-search tools were used at
generation time. Human responses were collected
from 100 volunteer writers (25 per task type)
under identical prompt conditions, without editing
for quality, grammar, or style. Writers were
compensated at or above prevailing market rates.
Response length was matched between conditions
within each pair. Specifically, for each pair, the
absolute length difference was required to be within
15% of the pair’s mean response length; a paired
regression of identification accuracy on within-pair
length difference showed no significant association
(β = 0.02, p = 0.63), confirming that length
was not serving as a confounding cue. The 15%
tolerance was chosen to balance strict matching
with feasibility: human writers produced responses
of naturally varying length, and tighter tolerances
would have required post-hoc truncation that could
itself have introduced bias. Stimulus pairs were
presented in randomized order, and within each pair,
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the left/right position of human versus AI response
was counterbalanced.

5.5 Procedure and Measures
Participants were informed that each pair contained
one human and one AI response and were asked to
identify the AI output and indicate their confidence
on a five-point scale (1 = “very unsure” to 5 =
“very sure”). Unlike the general definition and the
protein worked example, in which evaluators may be
shown metric summaries, judges in this instantiation
saw only the paired outputs; the metric summaries
were deliberately withheld so that identification could
not be a direct readout of the superhuman index,
and the grounding of identifications in performance
was instead established post hoc through the coding
of justifications. No deception was employed.
After completing the main task, participants provided
written justifications for their judgments on a
randomly selected subset of five pairs; these
justifications were subjected to qualitative analysis.

The primary outcome was accuracy: proportion
of correct AI identifications per participant. The
secondary outcome was the superhuman index. For
text generation, the metric m was a composite of
four sub-indices, each chosen to capture a distinct
dimension of output quality:

1. Lexical richness, measured by type–token ratio
(higher = richer).

2. Sentence-length variance, measured by the
standard deviation of sentence lengths in tokens
(higher = more varied prose).

3. Grammatical error rate, measured by an
automated grammar checker and negated before
standardization so that higher values indicate
fewer errors.

4. Task-appropriate accuracy, scored differently
by task type to remain meaningful across
genres: factual accuracy verified against
source documents for essays and abstract
summaries; arithmetic correctness for arithmetic
explanations; and coherence/plausibility for
story openings, rated on a 1–5 scale by two
independent raters. Inter-rater reliability across
the accuracy sub-index was κ = 0.78 (pooled
across task types; per-task values ranged from
0.74 to 0.85).

These four facets were not chosen ad hoc. They
were selected to cover four conceptually distinct
and largely separable axes along which written
text can be evaluated: the lexical axis (how
varied and rich the vocabulary is), the syntactic
axis (how the prose is structured at the sentence

level), the mechanical axis (how well the text
conforms to grammatical convention), and the
content axis (how accurate and task-appropriate the
substance is). This decomposition follows the
familiar separation, in writing assessment, between
vocabulary, syntax, mechanics, and content or
task fulfillment. Because the axes are meant to
be non-redundant rather than interchangeable, the
composite is treated as a formative index in the sense
set out in Section 3: the four sub-indices jointly
constitute a working operationalization of “output
quality” rather than serving as parallel reflections
of one latent trait, so low intercorrelation among
them is expected and is not a deficiency. What the
construct does claim is only that a text scoring far
above the human distribution on richer vocabulary,
more varied sentence structure, fewer grammatical
errors, and higher task-appropriate accuracy exhibits
superhuman stylometric performance; no claim is
made that the composite measures a unitary latent
“quality” or, still less, intelligence.

Before the combination, each sub-index was
sign-aligned (so that higher = higher quality) and
z-standardized using the human reference sample’s
mean and standard deviation. The composite SI
was computed as the unweighted mean of the four
standardized sub-indices. Equal weighting was
pre-registered as the primary specification because,
for a formative index whose facets were selected
to be distinct and non-redundant, there was no
prior evidence on which to privilege one axis over
another, and equal weighting is the conventional
default in that situation. To ensure that the
substantive conclusion did not depend on either
the equal-weighting choice or the aggregation itself,
robustness checks using principal-components-based
weights and using each sub-index individually are
reported in the supplementary materials; these
produced SI values in the range [2.8, 3.5], and every
sub-index considered on its own also placed the AI
system above the pre-specified threshold, so no single
facet drives the aggregate result.

These stylometric sub-indices capture the
quality and precision of generated text rather
than deeper cognitive abilities. This is a deliberate
scope restriction of the present instantiation: the
text-generation domain does not have a single
objectively scorable “right answer” metric
comparable to GDT_TS in protein structure
prediction or Elo rating in chess. It is therefore
important to be explicit about the level at which the
claim is pitched, so that the general definition of
intelligence adopted in Section 3 and its instantiation
here are not conflated. The formal RTT framework
targets a fluid-intelligence-weighted construct
through the combination of a novelty condition
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and superhuman performance. The text-generation
study does not measure that construct directly: its
sub-indices index output quality and surface-level
linguistic form rather than reasoning, memory
integration, or strategic planning, and the accuracy
sub-index taps only a limited, task-bounded form
of performance. What the study establishes, and all
that it is claimed to establish, is that a current large
language model produces prose that is statistically
distinguishable from human writing along objectively
measurable dimensions, to a degree that places it well
above the human reference distribution and renders
it reliably identifiable to human judges. Its purpose
is to demonstrate that the five-step RTT protocol
can be executed end to end, with a pre-registered
battery, a human baseline, an operationalized
novelty condition, an SI computation, and a
performance-grounded judge panel, even in a domain
that lacks a single canonical metric. Accordingly,
the text-generation SI is read strictly as evidence
of superhuman stylometric performance on an
out-of-training-distribution sample, never as evidence
of superhuman intelligence; intelligence-grade RTT
claims are reserved for domains that supply a direct
performance metric and admit stringent novelty
control, as discussed in Sections 6.4 and 6.

5.6 Results
Participants identified the AI output correctly in
roughly 90% of trials (M = 0.90, SD = 0.08;
95% CI [0.89, 0.91]). A one-sample t-test confirmed
that accuracy was far above the chance level of 0.50,
t(486) = 110.3, p < 0.001, d = 5.0. Accuracy was
relatively uniform across task types (essays: M =
0.89; summaries: M = 0.91; story openings: M =
0.87; arithmetic: M = 0.93). A linear mixed-effects
model with task type as a fixed effect and participant
as a random effect (aggregating each participant’s 10
trials per task type into a proportion-correct score,
yielding 487 × 4 = 1,948 observations) showed
no significant task-type effect, F (3, 1458) = 1.42,
p = 0.24.

The composite superhuman index for the AI
system was SI = 3.2 (SD = 0.4), indicating
that the AI’s stylometric profile was 3.2 standard
deviations above the human mean, well above the
pre-specified threshold of θ = 2.0 (corresponding to
the 97.7th percentile of the human distribution). This
confirms that the AI’s output quality was objectively
superhuman on the measured dimensions.

The highest accuracy was observed for arithmetic
explanations (0.93), which may initially seem
counterintuitive given that early language models
were notably weak at arithmetic. However, modern
LLMs now handle elementary arithmetic explanation
reliably (even when they still occasionally err on

harder numerical computation); their explanations
are typically exhaustively enumerated step by step,
which appears to mark them as machine-generated
in comparison with the more elliptical explanations
humans tend to provide, [38]. The arithmetic result is
therefore consistent with the overall pattern: greater
thoroughness and procedural completeness serve as
cues to AI authorship.

Confidence ratings were positively correlated with
accuracy (Pearson r = 0.41, p < 0.001; Spearman
ρ = 0.39, p < 0.001, used as a robustness check
given that confidence was recorded on an ordinal 1–5
scale): participants who correctly identified the AI
output tended to bemore confident in their judgments.
This correlation indicates metacognitive calibration,
but is agnostic about whether the underlying cue
was performance-related or stylistic; the qualitative
analysis reported in the next subsection speaks more
directly to that question.

5.7 Qualitative Analysis
Written justifications (n = 2,435 responses, 5
per participant) were independently coded by two
trained raters using a pre-specified codebook. The
codebook contained four categories informed by, but
not identical to, the stylometric dimensions: (A)
quality of language (grammar, fluency), (B) structural
organization, (C) factual precision and coverage, and
(D) stylistic naturalness. Inter-rater agreement was
satisfactory (κ = 0.76). Across all coded responses,
category (C) (factual precision and coverage) was
the most frequently cited cue (43% of responses),
followed by category (A) (37%), category (B) (12%),
and category (D) (8%). Representative examples
include: “The AI answer covered every sub-point
with equal precision, which no human writer would
bother to do” (category C); “Grammatically flawless
throughout, no false starts” (category A). These
patterns corroborate the quantitative finding that AI
identification was driven primarily by objectively
measurable output quality rather than by idiosyncratic
stylistic impressions. The relevant boundary is
principled rather than ad hoc: performance cues
are the pre-registered, human-baselined stylometric
dimensions that enter the SI, whereas surface artifacts
are cues orthogonal to those dimensions, such
as rendering, markup, or boilerplate formatting.
This is consistent with the RTT’s requirement that
identification be based on superhuman performance
evidence rather than on artifacts of that kind.
Notably, the two dominant cues, factual precision
and coverage (category C) and language quality
(category A), map directly onto two of the SI
sub-indices (task-appropriate accuracy and the lexical
and grammatical quality measures). This alignment is
precisely the convergent-validity result the two-step
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design is intended to produce: it indicates that the
judge panel and the SI are responding to the same
underlying performance signal rather than that the
judge panel merely restates the SI. Had identification
instead been dominated by category (D) (stylistic
naturalness) or by formatting cues orthogonal to the
measured dimensions, the two components would
have diverged, and the case that the SI captures a
humanly recognizable form of superiority would have
been correspondingly weaker.

This high accuracy contrasts with earlier
research, in which humans struggled to distinguish
AI-generated text from human-written text. In
one study of college essays, instructors correctly
identified machine-generated writing only about
70% of the time and students about 60%, [39]; in
another, recognition of machine-generated short
social-media posts fell near the chance level, [40].
A more recent evaluation likewise found that human
raters and automated detectors alike identified
AI-generated written content with markedly variable
accuracy across formats, [41]. The higher detection
rate observed here most plausibly reflects the AI’s
objectively higher stylometric performance (SI
= 3.2) relative to the less polished outputs evaluated
in earlier work.

5.8 Relation to Prior Work
Table 4 summarizes detection performance reported
in selected studies. Studies focusing on deception
and disinformation often report rates barely above
chance, [40]. Stylometric classifiers can reach
98 to 100% accuracy when trained on labeled
corpora, [42], and more recent stylometric analyses
continue to separate machine from human authorship
with high accuracy even in settings where human
readers themselves perform poorly, [43], [44]. The
present experiment falls between these extremes.
Crucially, unlike automated classifiers, the present
study uses human judges, a core component of
the RTT protocol, and grounds identification in a
pre-computed superhuman index rather than relying
solely on subjective impressions.

Overall, the experiment instantiates the
five-step RTT protocol end to end in the domain
of text generation, with the novelty condition
operationalized through post-cut-off prompts. The
stimuli were length-balanced within a 15% tolerance,
randomly assigned, and counterbalanced for position,
and human baselines and pre-registration were
used throughout. The composite superhuman index
(approximately 3.2 standard deviations above the
human mean) established objectively superhuman
stylometric performance, and the 90% identification
accuracy was far above chance, with a Cohen’s
d of 5.0. Systematic coding of 2,435 participant

Table 4. Representative studies on human or
algorithmic ability to detect AI-generated text.
Detection accuracies refer to the proportion of AI
outputs correctly identified as machine-generated.

Study Domain Size Detect.

Synthetic posts hard to
distinguish, [40]

Synthetic vs.
organic posts

697 50–60%

Instructors 70%, students
60%, [39]

College essays 285 60–70%

Multi-modal stylometric
detectors, [45]

Synthetic media n/a 80–92%

Random-forest stylometric
classifier, [42]

Academic
papers

n/a 98–100%

This study: stylometric SI
plus judge panel

Essays,
summaries,
stories

500 90%

Source: created by the authors.

justifications then pinpointed factual precision and
language quality as the dominant identification cues,
corroborating the SI-based evidence and confirming
that identification was grounded in performance
rather than in surface style.

6 Discussion and Outlook
The RTT repositions the evaluation of machine
intelligence within a broader story about
human–machine symbiosis. The study in Section 5
shows that the protocol is operationally tractable: the
superhuman index can be computed from objective
measures, a human baseline can be established
under controlled conditions, and human judges
reliably identify superhuman AI outputs when the
identification is anchored in quantitative evidence
rather than unaided intuition. The rest of this section
traces out what follows from this: for trust and
education, for the delicate relationship between
creativity and intelligence, and for ethics and
governance, before stating the limitations of what has
actually been shown, and looking ahead to a broader
family of beyond-imitation evaluations.

6.1 Trust and Education
Trustworthy AI requires that users understand both
the strengths and limitations of systems. By
making superhuman performance explicit through the
superhuman index, the RTT can foster calibrated
trust: users know when to rely on a machine and
when to defer to human judgment. This aim connects
to a growing empirical literature on appropriate
reliance, which finds that whether users calibrate
their reliance to a system’s actual competence
depends on the psychological and informational
context in which performance is disclosed, [46].
Educational curricula could incorporate RTT-style
assessments, training students to collaborate with
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AI partners. Instead of forbidding the use of
large language models in homework, teachers could
ask students to critique and improve AI-generated
solutions, emphasizing meta-cognitive skills such
as identifying where a superhuman system may
nonetheless be wrong or unsuitable, [47]. Such a shift
is increasingly urgent given evidence that generative
models materially affect the integrity of conventional
written assessments in higher education, [48].

6.2 Achievement and Creativity
A recurrent question raised by the RTT concerns how
the constructs it evaluates relate to one another. In the
psychometric tradition, creativity and intelligence are
related but distinct, [28]: creativity is concerned with
the generation of novel, appropriate, and valuable
ideas, whereas intelligence reflects general reasoning
and adaptive capacity. The RTT is not a direct
measure of creativity. It measures superhuman
performance on pre-specified, objectively scorable
tasks. When a task domain involves creative output,
story generation, say, the RTT can still be applied,
but only if an objective scoring criterion (such
as expert-rated novelty or coherence) is supplied;
without such a criterion, the RTT does not apply to
that domain at all.

The achievement–intelligence distinction from
Section 3 matters here too. A generative model
that recombines training data in statistically novel
ways may score well on novelty metrics without
exhibiting intelligence in the psychometric sense,
because it is not adapting to genuinely unseen
problem structures, [49]. The RTT’s novelty
condition is designed to mitigate precisely this
conflation, but researchers applying the RTT to
creative domains should verify explicitly that the
novelty condition is met, and should resist the
temptation to equate high achievement scores with
high general intelligence. AI systems are already
producing artwork, music, and literature that are in
many respects indistinguishable from human output,
and controlled studies now report that generative
language models match or exceed human samples
on standardized divergent-thinking tasks, [50]; the
RTT can certify superhuman achievement in these
domains while remaining agnostic about whether the
underlying process counts as creativity or intelligence
in the full psychometric sense. What the RTT does
encourage is a co-creative division of labor in which
machines propose novel outputs and humans curate,
refine, and situate them, the same pattern in which
AlphaGo’s moves inspired professional Go players to
rethink their strategies, [11].

6.3 Decision-Making and Ethics
AI systems are already involved in high-stakes
domains, including medicine, finance, and law.
Superhuman performance does not automatically
guarantee ethical or beneficial outcomes.
Decision-making requires value judgments, fairness
considerations, and accountability structures that the
RTT’s performance metrics do not capture. An AI
system could attain a superhuman index of 4.0 in
medical diagnosis yet still exhibit systematic bias
against minority groups, a risk that recent frameworks
for bias evaluation in clinical language models make
concrete and measurable, [51]. The RTT must
therefore be integrated with ethical frameworks such
as alignment research, fairness audits, [23], [52], and
transparent documentation of training data and model
behaviors. Governance mechanisms could include
licensing regimes for AI systems that pass the RTT
in high-stakes domains, mandatory disclosure of
superhuman indices, and structured red-teaming to
identify failure modes not present in the benchmark
task battery.

6.4 Limitations
Several limitations of the present work should be
acknowledged.

Stylometric rather than performance-based
metrics in the text-generation study. The stylometric
sub-indices used in Section 5 (lexical richness,
sentence-length variance, grammatical error rate, and
task-appropriate accuracy) capture output quality
and, in the accuracy sub-index, a limited form of
task performance. They do not directly tap deeper
reasoning, memory integration, or strategic planning.
This gap between the fluid-intelligence-weighted
construct that the RTT is designed to target and
the stylometric quantities the text-generation
study actually measures creates a genuine risk
of equivocation, in which superhuman stylometric
performance could be mistaken for superhuman
intelligence. The paper manages this risk not by
claiming the gap is closed but by confining the
text-generation claim to its proper level: the study
is reported as evidence of superhuman stylometric
performance and as a demonstration that the protocol
is operationally tractable, and no inference to
generalized intelligence is drawn from it. Domains
such as protein structure prediction, chess, or
mathematical theorem proving offer more direct
performance metrics; future RTT instantiations
in such domains would provide less ambiguous
evidence about superhuman capability, and only a
battery spanning several such domains could begin to
support a claim framed in terms of intelligence rather
than domain-specific performance.

Sample-based rather than norm-referenced
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baseline. The human reference samples used in
the illustrative protein example (|SH | = 30) and
in the text-generation experiment (|SH | = 100
writers) are sample estimates of µH and σH rather
than standardization-grade psychometric norms.
Confidence intervals around SI should therefore be
reported in any serious deployment, and future RTT
development should include larger, demographically
stratified reference samples.

Novelty condition only pragmatically verified.
The post-cutoff prompt strategy ensures topical
novelty but does not guarantee structural,
combinatorial, or procedural novelty relative to
the training distribution, in the terms of the taxonomy
in Section 3.2. A model may perform well on
a genuinely out-of-training-distribution topic by
generalizing from structurally similar exemplars.
Stronger novelty verification, at the structural
or procedural level, would require controlled
training-data exclusions, typically only possible with
open-weight models and curated training data, and
the taxonomy is offered so that future studies can
state which level of novelty they enforce and by
which method rather than treating novelty as a single
undifferentiated property.

Single-domain empirical instantiation. The
only full empirical instantiation reported here is in
text generation; the protein example is illustrative.
Multi-domain RTT validation remains an important
direction for future work. Claims about general
superhuman capability should not be made based on
a single-domain instantiation.

Reification risk of the composite SI. The
composite superhuman index combines four
disparate sub-indices; it should be interpreted as
a summary statistic and not as a measurement of
a single latent construct. Robustness checks with
alternative weightings are therefore essential (and are
reported for the text-generation study).

Verification that judges use performance evidence
is indirect. Even with structured qualitative analysis
of justifications, the inference that judges relied on
performance rather than surface artifacts depends on
the fidelity of self-report. Future studies could
strengthen this inference by experimentally
manipulating surface features while holding
performance constant (or vice versa) to establish
which cues are actually driving identification.

6.5 Beyond-Imitation Evaluation
Looking ahead, the RTT is best seen as
one component of a broader landscape of
beyond-imitation evaluations. Multi-agent
environments could assess cooperation and
negotiation, embodied tasks could test physical
capability, and open-ended research challenges

might invite machines to discover novel scientific
laws, all of them amenable to RTT operationalization,
as long as a human baseline and a defensible novelty
condition can be established. One promising future
benchmark would ask an AI to propose experiments
in a new scientific domain and interpret the results,
with the superhuman index computed against a panel
of domain experts. Another might test long-term
planning in dynamic social settings. The broader
point is simple: by emphasizing a diverse set of
abilities rather than a single conversational skill, the
research community stands a far better chance of
building AI systems that are robust, beneficial, and
trustworthy.

In sum, the study in Section 5 shows that the
RTT is operationally tractable, and the trust and
educational applications sketched above follow
naturally once the SI is reported explicitly. Creativity
and intelligence remain distinct psychometric
constructs, and the RTT applies to creative domains
only when an objective scoring criterion is available
and the novelty condition is enforced. High
achievement scores should not be confused with
general intelligence, because the novelty condition
is necessary but not sufficient, and multi-domain
instantiations will be required before any such claim
is made. The key limitations of this work (stylometric
versus performance metrics, sample-based baselines,
pragmatic novelty verification, a single empirical
domain, and the reification risk of a composite SI)
are laid out explicitly in Section 6.4. Equally, any
serious use of the RTT must be accompanied by
ethical and governance frameworks: fairness audits,
disclosure mandates, and structured red-teaming, not
replaced by a single quantitative score.

7 Conclusion
Alan Turing’s imitation game gave the AI community
an elegant and influential behavioral criterion, but
it was never a psychometric instrument and has had
little influence on the scientific study of intelligence.
In the twenty-first century, machines routinely
surpass human abilities in specific domains, and
the central question for evaluation has shifted from
imitation to augmentation. This paper has argued for
a Reversed Turing Test (RTT), in which machines
are recognized precisely because their performance
is measurably superhuman, quantified through a
standardized superhuman index in standard-deviation
units relative to a human reference sample.

Three clarifications keep the RTT’s claims
honest. First, the RTT distinguishes intelligence
from domain-specific achievement: its novelty
condition requires evaluated tasks to be genuinely
unfamiliar to the system, so that the test supports
inferences about adaptive capacity rather than
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about memorized performance. Second, the RTT
replaces purely subjective human judgments with
a two-step criterion, an objective performance
metric combined with a judge-identification test,
an arrangement loosely analogous to (though not
equivalent to) the norm-referenced scoring used in
psychometric assessment of cognitive ability. Third,
like any behavioral test, the RTT takes no position
on philosophical questions about consciousness
or understanding; its scope is explicitly limited
to measuring and certifying superhuman task
performance.

Concretely, the paper contributed a formal
definition of the RTT (Section 3), a taxonomy
of novelty types with corresponding verification
methods, an illustrative worked example in
protein structure prediction, a comparison with
major alternative benchmarks (Section 4), and a
pre-registered empirical instantiation in the domain
of text generation (Section 5). In that study, a sample
of 500 participants (487 retained after pre-registered
exclusions) identified AI-generated outputs with
90% accuracy; identifications were backed by a
composite superhuman index of roughly 3.2 SD
above the human mean and corroborated by a
systematic qualitative analysis of 2,435 participant
justifications. Consistent with the scope stated
throughout, this result is interpreted as evidence
of superhuman stylometric performance and of the
protocol’s operational tractability rather than as a
claim of superhuman intelligence. The full RTT
protocol (task pre-registration, human baseline,
novelty condition, SI computation, and judge panel)
was followed throughout, providing a reproducible
template for future studies.

The present work has also been deliberate
about limitations. The text-generation study relied
on stylometric sub-indices, the human baselines
were sample-based rather than norm-referenced, the
novelty condition was only pragmatically verified,
and the empirical instantiation was confined to a
single domain. These are real caveats, listed openly
(Section 6.4).

Even with those caveats, the RTT points in a
useful direction. It complements existing benchmarks
such as the Lovelace Test and the Winograd Schema
Challenge by focusing on augmentation rather than
imitation, and by producing a quantitative rather than
a binary verdict. Making the RTT useful in practice
will require progress on several open problems:
defining and enforcing the novelty condition across
diverse domains, extending the SI framework for
multi-dimensional and creative output, standardizing
human reference samples at psychometric scale, and
balancing economic incentives for automation against
the broader societal good. By treating superhuman

performance as a measurable, domain-specific, and
context-dependent property rather than a binary
condition, the RTT offers a rigorous and practically
actionable lens for understanding and for governing
the next era of machine intelligence.
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APPENDIX
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Symbolic AI

1956

Dartmouth

1970s

AI Winter

1980s

Expert Systems

1990s

ML & RL

2010s

Deep Learning

2020s

Foundation Models

2026

Agentic AI

Fig. 1: Evolution of machine intelligence. From symbolic systems in the 1950s through connectionist models
and reinforcement learning, the 2010s witnessed significant breakthroughs in deep learning, the 2020s saw the
rise of foundation models and multimodal systems, and by 2026 the emergence of agentic AI that plans and acts
autonomously.

Source: created by the authors.
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