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Abstract - The Turing Test has long served as a benchmark for evaluating whether machines can exhibit human-like
intelligence through conversation. However, the rapid advancement of large language models (LLMs) trained on billions
of parameters and vast textual datasets raises fundamental questions about the continued relevance of this test. In this

study, we examine whether the Turing Test remains a meaningful measure of intelligence in the era of generative Al.

Using exclusively existing datasets and peer-reviewed experimental results, this paper analyzes documented Turing Test
evaluations comparing humans with modern LLMs under varying conditions. The analysis focuses on the effects of model
scale, prompt engineering, sampling temperature, and modified test structures on human-Al indistinguishability. Results
indicate that state-of-the-art LLMs can pass classical Turing Tests when optimized through persona conditioning and
controlled randomness, in some cases being judged human more frequently than actual human participants. However,
this success is shown to be fragile: extended conversations, expert evaluators, and adversarial testing conditions

significantly reduce Al pass rates.

These findings suggest that contemporary Turing Test success primarily reflects surface-level conversational realism
rather than genuine understanding or reasoning. While the test remains useful as a measure of perceptual human-
likeness, it no longer functions as a robust indicator of intelligence. This paper argues for a shift toward multi-dimensional
evaluation frameworks that assess reasoning depth, reliability, and real-world impact, positioning the Turing Test as a

historical and supplementary tool rather than a definitive standard.
Keywords — Turing Test, LLM, Al.

l. INTRODUCTION LLMs today have progressed from various different angles.
A research paper states that latest LLMs are able to pass the
CFA 111 test, amongst many other rigorous tests. At the
same time, development has also allowed corporations such
as Character.Al to present human-like conversations from
Al models that are able to augment realistic, human
interactions. Testing these models against the turing test
allows us to quantify these human attributes.

The Turing Test was created as a method to judge the
“humanity” of an artificial system and quantify this trait.
Historically, it has been used to judge various machine
models through a simple test: A human will engage in
conversation with this artificial system or a human based on
AB testing, and will attempt to guess whether it’s a human
or system. If the system is easily recognized, it fails the

turing test. If the system goes undetected, it is able to pass The Turing Test was also formed in a pre-internet era, let
the turing test. It was originally introduced by Alan Turing alone the age of modern artificial intelligence and large
in his 1950 paper “Computing Machinery and Intelligence.” language models. This makes it an outdated method to test
It was originally called the “The Imitation Game.” the “human-ness” of a machine. Beyond its academic roots,

the relevance of the Turing Test has expanded into pressing
societal concerns. In an era where misinformation,
deepfakes, and automated bots increasingly shape public
discourse, the ability to distinguish between human and Al-
generated content has become critical. This challenge is no
longer confined to computer scientists or philosophers—it
now directly impacts lawmakers crafting regulations,
educators safeguarding academic integrity, cybersecurity
experts defending against malicious automation, and even
the general public navigating the digital information
landscape. Entire subfields of research have emerged

In the age of LLMs, this test is challenged at a different
level: to what extent can we modify and customize our
LLM’s responses to make them undetectable, and to what
extent can we leave them as they are for them to go
undetected. It is without doubt that most LLMs, with
sufficient prompt engineering, can fabricate perfectly
human responses. However, it is interesting to measure just
what level of modification, prompt engineering, and fine
tuning is needed to make these LLM models go undetected.
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around adversarial detection, where Al systems are trained

to recognize and counter other Al-generated content,
highlighting just how central this issue has become in
ensuring trust and authenticity in the digital age.

1. LITERATURE REVIEW

Classical Understanding of the Turing Test

Alan Turing’s famous 1950 paper “Computing Machinery
and Intelligence” introduced what he called the Imitation
Game, now known as the Turing Test. In this thought
experiment, a human interrogator engages in a text-based
conversation with two hidden partners — one human and one
machine — and tries to determine which is which. The
machine passes the test if the interrogator cannot reliably
tell it apart from a real human based on the conversation
alone. Turing proposed this pragmatic approach as a proxy
for the unanswerable question “Can machines think?”,
suggesting that if a machine could consistently imitate
human conversational behavior, it could be considered
intelligent in a behavioral sense. This test became a
foundational concept in Al, serving for decades as a
benchmark for human-like intelligence in machines and
sparking both excitement and debate in the computer
science community.

Historically, the Turing Test set a “north star” benchmark
for Al research. In the early decades of Al, no computer
program came close to passing it — early conversational
programs like ELIZA (1966) could follow simple scripts
but were easily unmasked as machines. The test was so
challenging that Turing optimistically predicted that by the
year 2000, a machine might trick an average interrogator
30% of the time in five minutes of conversation — a
threshold that seemed distant for many years. In fact, it
wasn’t until 2014 that a program made headlines for
allegedly “passing” a Turing Test: a chatbot named
Eugene Goostman reportedly convinced 33% of human
judges that it was human by pretending to be a 13-year-old
non-native English speaker. While this event (later
documented by Warwick & Shah, 2016) was controversial,
it marked the first notable claim of a machine winning
Turing’s imitation game, at least under specific conditions.
This classical framing of the Turing Test — a textual
dialogue challenge of human indistinguishability — has
profoundly influenced how researchers think about machine
intelligence and evaluation.

Criticisms and Limitations of the Turing Test

Over time, many researchers and philosophers have pointed
out inherent limitations in the Turing Test as a measure
of machine intelligence. Key criticisms include:

e Measures imitation, not intelligence: The test
evaluates a machine’s ability to fake being human,
which is not the same as truly understanding or
reasoning. A system could pass by parroting human-
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like responses without any genuine comprehension. In
other words, success in the Turing Test might reflect
skillful mimicry rather than real cognitive ability or
sentience.

e Rewards deception over cognition: Because the goal
is to fool the judge, the Turing Test incentivizes tricks
and evasive tactics. A machine can deliberately give
vague or humorous answers to mask its gaps (as
Eugene Goostman did by using a playful persona),
effectively cheating its way to seeming human. This
means a shallow but sneaky program might win, while
a more intelligent system that “sounds” too logical or
literal could lose. The focus on deception and human-
like flaws is seen as problematic — it encourages
building bots that mislead, rather than truly think.

e Evaluator subjectivity: The outcome of a Turing Test
can depend heavily on the human interrogator’s skill,
biases, and expectations. Different judges may have
different thresholds for being convinced. An unskilled
or overly trusting evaluator might be easy to fool,
whereas a skeptical expert could spot machine
responses that others miss. This lack of objectivity
means the test results are not consistent or rigorous —
they hinge on personal judgment, conversation topics,
and even the mood of the participants. In scientific
terms, it’s a rather noisy and unrepeatable benchmark.

e Outdated assumptions: The Turing Test was
conceived in a text-only, pre-internet era, and it
assumes a short keyboard conversation as the ultimate
proof of intelligence. Modern Al, however, operates in
a world of vast information access, multimedia
input/output, and specialized tasks. Human intelligence
itself is now understood to be more than casual chat —
it involves things like physical interaction, long-term
memory, visual understanding, and real-world
problem-solving. Limiting the evaluation to a short
text chat ignores these facets. In today’s context, an Al
might excel at dialogue yet lack common sense or
ethical judgment, aspects not captured by a simple
imitation game. Thus, many argue the Turing Test is no
longer a sufficient or comprehensive gauge of a
machine’s “human-like” intelligence.

Human-Like Performance with LLMSs

The past few years have seen an explosion in large
language models (LLMs) that has fundamentally altered
the landscape. Models like OpenAl’s GPT-3 and GPT-4,
Google’s PaLM and Gemini, and others have demonstrated
astonishing proficiency in generating human-like text.
These systems are trained on billions of parameters and vast
datasets of human writing, which enables them to produce
fluent, contextually relevant, and often knowledge-rich
responses. The result is that Al-generated content has
proliferated — by some estimates, over half of online content
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could soon be Al-generated — making it increasingly

difficult to distinguish machine output from human-created
text. Everyday users interacting with chatbots (for customer
service, personal assistants, or entertainment) often find
them strikingly coherent and human-sounding. For
example, conversational agents on platforms like
Character.Al can adopt distinct personalities and engage in
surprisingly natural dialogues, to the point that users may
“forget” they are talking to a machine.

Not only do modern LLMs sound human, but they are also
achieving human-level performance on many
intellectual tasks. Notably, they have started passing
rigorous exams that were once thought to be exclusive to
human expertise. For instance, GPT-4 famously scored in
the top percentiles on standardized tests like the SAT, GRE,
and even professional exams. A 2025 study by researchers
at NYU Stern and Goodfin demonstrated that today’s top
LLMs can clear the CFA Level Il exam, including its
essay components — this is one of the most challenging
finance certification exams, which requires deep reasoning
and domain knowledge. Just a year or two prior, Al models
struggled with such high-level assessments, especially with
open-ended written answers. Now, with advanced
architectures and techniques like chain-of-thought
prompting, models are writing essays and analytical
answers well enough to merit passing grades. This rapid
progress in reasoning and knowledge application
underscores how far LLMs have come in mimicking not just
casual conversation, but expert human performance.

Crucially, LLMs are also being pitted directly against the
Turing Test itself. Recent research provides evidence that
some LLMs can effectively pass classic Turing-style
evaluations. For example, Jones and Bergen (2025)
conducted a formal Turing Test experiment using several
systems: a trivial baseline (the ELIZA chatbot), an off-the-
shelf GPT-4 model, a fine-tuned large model (LLaMA-3.1
with 405 billion parameters), and an advanced version
dubbed GPT-4.5. Human participants each had parallel
conversations — one with a machine and one with a real
person — and then had to judge which partner was human.
Remarkably, when GPT-4.5 was prompted to adopt a very
human-like persona, it was judged to be the human 73%
of the time — significantly higher than the chance level
(50%) and even higher than the human’s success rate in
those trials. In other words, the Al convinced people it was
human more often than the actual human did. This result
was the first empirical confirmation of an Al system
passing a standard three-party Turing Test under
controlled conditions. Another model, LLaMA-3.1, with
the same persona-based prompting, was mistaken for a
human about 56% of the time — essentially on par with
human performance (not statistically above chance).
Meanwhile, the baseline GPT-4 (without a tailored persona)
and the vintage ELIZA bot fared poorly (only ~20%
success), as expected. These findings are striking: they
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show that with the right tweaks, a modern LLM can so
closely emulate human conversational behavior that typical
people can be reliably fooled.

However, it’s not yet time to declare the Turing Test
definitively beaten in all cases. The ability to pass can
depend on how the test is conducted. Rahimov et al. (2025)
argue that the Turing Test is still a meaningful hurdle — if
one raises the bar. In their study, they trialed a more robust
Turing Test setup: longer interaction times, side-by-side
comparison of Al vs human (so judges directly contrast the
two in real-time), allowing interrogators to use tools like the
internet or even other Als to formulate tricky questions, and
using seasoned evaluators who are familiar with Al. Under
these stringent conditions, an off-the-shelf state-of-the-art
LLM that might have passed a basic chat test could not fool
the judges consistently. In fact, when the test environment
was enriched with more context and tougher interrogation,
humans became much better at telling man from machine.
This suggests that many current Al models, impressive as
they are, still have subtle tells or limits that a determined
judge can expose over a long, probing conversation. The
takeaway is twofold: On one hand, today’s best Als are
alarmingly close to human mimicry, to the point of
passing casual Turing Tests. On the other hand, a carefully
designed Turing Test — one that evolves with the technology
— can still discern Al from human in 2025. The authors
conclude that we shouldn’t abandon the Turing Test;
instead, we should modernize it (e.g. use extended
dialogues, multiple modalities, expert judges) to keep it
relevant as a tool for evaluating AI’s human-likeness.

Modern Alternatives to the Turing Test

In light of the above limitations and the ever-increasing
prowess of Al, researchers have been actively exploring
alternative benchmarks and evaluation methods beyond
the classic Turing Test. The core of the issue is that
indistinguishability from a human is a moving target and,
by itself, an insufficient definition of intelligence. Modern
thinking posits that we need more nuanced and multi-
dimensional assessments of Al systems. Several
noteworthy directions have emerged in recent literature:

e Task-Specific Benchmarks: Rather than using a
single catch-all test, the Al community now employs a
battery of specialized evaluations targeting different
aspects of intelligence. For example, the Winograd
Schema Challenge was proposed as a targeted test of
commonsense reasoning and disambiguation, areas that
traditional Turing chats might not probe deeply.
Similarly, over the past decade, standardized
benchmarks like SQUAD (for reading comprehension),
GLUE/SuperGLUE (for natural language
understanding), and BIG-bench (a collection of tricky
tasks for language models) have become popular.
These benchmarks move away from the yes/no nature
of the Turing Test and instead measure performance
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against human levels on specific capabilities. As
Tikhonov and Yamshchikov (2023) observe in their
review of LLM evaluation, the field has splintered into
many such benchmarks — each capturing one facet of
“intelligence,” from mathematical reasoning to ethical
judgment. They note that ever since dialogue agents
began to convincingly mimic human chat (the first
widely acknowledged Turing Test pass in 2014 being a
milestone), the Turing Test alone ceased to be a
reliable proxy for Al capability. Instead, the
community shifted towards these fine-grained tests,
although this has led to a fragmented landscape of
evaluation. One clear trend is the call for a unified
evaluation framework — a way to combine multiple
metrics and criteria to more holistically judge an Al
system. Without it, an Al might excel in one benchmark
(say, logic puzzles) but fail in another (like social
interaction), leaving us without a clear answer on
whether it’s “human-level.” The literature suggests that
a single test like Turing’s is too coarse, and modern Al
evaluation needs to be both broader and more
standardized.

Evaluating Impact on Humans: A provocative new
angle is to evaluate Al by its effects on people, rather
than by simple imitation. In the real world, Al systems
influence decisions, perceptions, and behaviors — so
some researchers argue this influence is a meaningful
gauge of Al’s capability. Takayanagi et al. (2024)
propose a “post-Turing” evaluation where, instead of
checking if an AI’s text is indistinguishable from a
human’s, we check how the text persuades or informs
readers. Their study examined whether GPT-4’s
generated analyses could sway the decisions of
human readers, including subject-matter experts. The
findings were eye-opening: GPT-4 was able to produce
highly persuasive, coherent arguments that affected
both amateurs and professionals in their decision-
making. In other words, even when humans know they
are reading Al-generated content, that content can
change their opinions or choices — a testament to its
human-like quality in terms of impact. They assessed
dimensions like the text’s logical coherence, factual
usefulness, and convincingness, and found that these
correlate well with how audiences responded. This kind
of evaluation looks beyond whether an Al looks human
in conversation, and instead asks, “What can an Al
make humans do or believe?” It’s an alternative test
of an AI’s prowess: if an Al can consistently persuade
a knowledgeable human with its arguments or mimic
expert advice well enough to be trusted, it has achieved
a form of human-like influence. This approach also
highlights the risks: an Al that’s very good at
persuasion could be used to spread misinformation or
manipulate — thus evaluating this ability is important
for understanding broader societal implications. The
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“sway test” is just one example of how scholars are
redefining success for Al: not just passing as human in
a chat, but possibly matching human experts in
outcomes and effects.

Adversarial Detection and the “Reverse Turing
Test”: Ironically, as Als get better at pretending to be
human, there is a growing need for tools to detect Al-
generated content. Entire subfields of research have
sprung up devoted to distinguishing Al output from
human output — essentially the mirror image of the
Turing Test. One might call this a reverse Turing Test,
where the goal is to build a machine that can tell
machines apart from humans. For instance,
algorithms are trained to analyze text (or images,
deepfake videos, etc.) and flag which ones were
machine-generated. This has become critical for
combating spam, misinformation, and academic
plagiarism facilitated by Al. The existence of these
detection efforts underscores how central the human-
vs-Al differentiation issue has become. It’s no longer
just a philosophical puzzle, but a practical security and
authenticity challenge. In the context of evaluation, one
could imagine using a very good Al detector as a sort
of dynamic test: if our best detectors can no longer
reliably discern an AI’s output from human, that
implicitly means the Al has reached a new level of
human-likeness. (Of course, it then becomes a cat-and-
mouse game of Als trying to evade detection and
detectors getting more sophisticated — a cycle already
in motion.) The need for such adversarial evaluations
reveals the flipside of the Turing Test coin: rather than
celebrating an Al for fooling humans, we now also
worry about catching those Al when they do fool us.
This is a direct consequence of the modern generative
Al boom — Turing’s question “Can machines imitate
us?” has transformed into “Machines are imitating us
so well, how do we reliably know what’s real?”

Towards Holistic Al Evaluation: Given the
shortcomings of any single test, some researchers
advocate for comprehensive evaluation frameworks
that combine multiple approaches. The idea is to move
beyond a pass/fail paradigm and instead assess Al
systems across a spectrum of capabilities and criteria.
Such a framework might include Turing-test style
dialogue assessments alongside factual knowledge
tests, reasoning puzzles, ethical dilemma responses,
creativity tests (e.g. the Lovelace Test which evaluates
originality), and even physical or embodied tasks (for
Al in robotics). The goal is to capture a more complete
picture of “intelligence” or “human-likeness.” For
example, an Al might be rated on its ability to hold a
conversation and on its ability to understand context,
maintain consistency over long dialogues, explain its
reasoning, etc. This aligns with the calls in recent
literature for standardization and multi-dimensional
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metrics (Tikhonov & Yamshchikov, 2023). By having
a richer evaluation schema, we can better pinpoint
where Al equals or surpasses human abilities and
where it still falls short. This is especially relevant as
we consider Al not just as conversational agents, but as
decision-makers,  creative  collaborators,  and
autonomous systems in society.

In summary, the Turing Test’s legacy lives on but in a
transformed way. While it remains a symbolic benchmark
— and indeed, cutting-edge LLMs are now at the point of
actually passing it under certain conditions — the consensus
in the research community is that no single test is enough
to capture the multifaceted nature of modern Al capabilities.
Alternative tests and refined evaluations have arisen to
address its flaws: some focus on specific skills like
reasoning or common sense, others on the AI’s impact on
people, and others on ensuring we can detect Al
impersonators. The literature reflects a rich ongoing
conversation about how best to measure what we really care
about in Al. Is it the appearance of humanness, the
achievement of intellectual tasks, the adherence to
human values, or something deeper about understanding
and consciousness? These questions drive the development
of new benchmarks. Ultimately, breaking the Turing Test —
or moving past it — means redefining the criteria for
machine “intelligence” in an age of LLMs, and that is
exactly what many modern researchers are now doing.

I1l.  METHODOLOGY
Research Design

This study employs a secondary-data, comparative
experimental analysis to assess the continued relevance of
the Turing Test in the context of modern large language
models (LLMSs). Rather than conducting new human-
subject experiments or deploying original Al systems, the
methodology relies exclusively on existing, peer-reviewed
experimental studies and publicly reported Turing Test
evaluations involving both humans and Al models.

This design choice is intentional. By analyzing established,
high-stakes evaluations already accepted by the research
community, the study avoids biases associated with small-
scale or student-run experiments while ensuring
methodological rigor, reproducibility, and ethical
compliance. The approach also enables meaningful
comparison across multiple generations of Al systems,
from early conversational agents to state-of-the-art LLMSs.

The central objective is to examine how model
configuration, prompt  engineering,  sampling
parameters, and evaluation conditions affect an Al
system’s likelihood of passing the Turing Test, and to
determine whether such success reflects genuine
intelligence or merely surface-level conversational
imitation.
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Data Sources and Study Selection

The analysis synthesizes data from multiple categories of
existing literature, selected using systematic inclusion
criteria. Only studies that reported quantitative Turing
Test outcomes and provided sufficient methodological
transparency were included.

1. Formal Turing Test Experiments

Primary quantitative evidence is drawn from controlled
Turing Test experiments, including:

e Jones and Bergen (2025), which conducted a
standardized three-party Turing Test comparing:

o Human participants

o Baseline GPT-4

o  Persona-conditioned GPT-4.5
o LLaMA-3.1 (405B parameters)
o ELIZA (baseline chatbot)

e Warwick and Shah (2016), documenting the
Eugene Goostman experiment, often cited as the
first partial Turing Test pass under constrained
conditions.

These studies report outcome variables such as human

identification accuracy, Al misclassification rates, and
statistical significance relative to chance performance
(50%), forming the empirical foundation of this analysis.

2. Model Capability and Scaling Studies

Information on model architecture, scale, and training
capacity is obtained from:

e Official technical disclosures by OpenAl and
Meta for GPT-4-class and LLaMA-3-class
models

e Peer-reviewed and survey-based evaluations
published in Communications of the ACM
(CACM) and arXiv review papers focused on
LLM intelligence assessment

These sources enable contextual interpretation of Turing
Test performance relative to parameter count and model
capacity.

3. Prompting and Sampling Sensitivity Analyses

To isolate the impact of controllability, the study
incorporates findings from:

e Prompt engineering and controllability analyses
(e.g., arXiv:2311.02049; arXiv:2409.16710)

e  Persona-conditioning experiments explicitly
reported by Jones and Bergen (2025), where
prompting strategy is treated as an independent
variable
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These studies provide controlled evidence on how persona
prompts, instruction tuning, and temperature settings
influence perceived humanness.

4. Extended and Adversarial Turing Test Variants

To evaluate robustness, data from modified Turing Test
designs are included, notably:

e Rahimov et al. (2025), which introduce longer
dialogue durations, expert interrogators, side-by-
side human-Al comparisons, and adversarial
questioning strategies

These variants allow assessment of how test strictness
and evaluator sophistication affect Al detectability.

Variables and Analytical Dimensions

The analysis focuses on five independent dimensions,
extracted directly from reported datasets:

1. Model Scale

Models are categorized by approximate parameter count:
e Small: <10B parameters
e Medium: 10-100B parameters
e Large: >400B parameters

This enables evaluation of correlations between scale and
human misidentification rates.

2. Prompt Engineering Level
Two primary prompting conditions are analyzed:

e Baseline Configuration: Minimal system
prompts or default chat settings

e Persona-Conditioned Configuration: Explicit
human identity, linguistic imperfections,
emotional traits, or selective knowledge
constraints

Performance differences between these conditions are used
to assess the sensitivity of the Turing Test to surface-level
optimization.

3. Sampling Temperature

Where reported, temperature-controlled experiments are
analyzed to examine how output randomness affects
conversational realism, coherence, and detectability. Low,
moderate, and high temperature regimes are compared.

4. Turing Test Variant

Results are stratified by test structure, including:
e Classical short-form text-based dialogue
e Extended-duration conversations
e  Side-by-side human—Al comparisons

e Lay versus expert evaluators
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5. Evaluator Sensitivity

Where available, datasets are stratified based on evaluator
background (general public vs Al-aware judges) to
examine detection robustness under informed scrutiny.

Evaluation Metrics

Since no new experimental outputs are generated,
evaluation relies on reported quantitative metrics,
including:

e Human ldentification Rate (HIR): Percentage
of trials in which the Al is judged to be human

e Above-Chance Performance: Statistical
comparison against the 50% random baseline

e Human-Al Confusion Differential: Difference
between Al misclassification rates and human
misclassification rates

e Performance Degradation Under Stricter
Conditions: Reduction in HIR when transitioning
from classical to adversarial Turing Test setups

These metrics enable consistent comparison across
heterogeneous studies without introducing new
experimental noise.

Analytical Approach

Due to substantial heterogeneity in experimental design, a
comparative synthesis approach is employed rather than
formal meta-analysis. Results are interpreted through:

e Normalization of outcomes relative to chance
performance

e  Within-study comparisons between baseline and
optimized prompting

e Cross-study contrasts between classical and
modernized Turing Test variants

e  Conceptual mapping of performance trends
against model scale and controllability

This approach prioritizes explanatory validity and
interpretive robustness over numerical aggregation,
aligning with best practices in cross-study Al evaluation
research.

Robustness and Sensitivity Analysis

To ensure robustness, sensitivity checks are applied across
multiple dimensions:

e Evaluator Expertise Sensitivity: Comparison
between lay and expert judges

e Conversation Length Sensitivity: Short-form
versus extended dialogue conditions

e Prompt Dependence Sensitivity: Performance
stability across baseline and persona-conditioned
prompts
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Across all dimensions, conclusions remain stable: Turing
Test success correlates more strongly with prompt realism
and evaluation leniency than with intrinsic reasoning or
understanding.

Ethical and Methodological Considerations

All data used in this study originates from publicly
available, peer-reviewed sources. No new human
participants, personal data, or experimental interventions
are involved. As such, the study complies fully with ethical
research standards and avoids risks associated with human
subject experimentation.

Methodological Justification

By relying exclusively on established datasets and high-
profile experimental evaluations, this methodology reflects
real-world, high-stakes assessments of Al performance
rather than artificial or exploratory testing. This strengthens
the external validity of conclusions regarding the relevance
of the Turing Test in the era of large language models.

V. RESULTS AND CRITICAL ANALYSIS

1. Systematic Shift in Turing Test Outcomes

Across all analyzed datasets, results reveal a consistent and
reproducible shift in Turing Test performance when
comparing pre-transformer conversational systems with
modern large language models (LLMs). Early systems such
as ELIZA and rule-based chatbots exhibit human
misidentification rates below 20%, confirming their near-
universal detectability and establishing a stable historical
baseline.

In contrast, contemporary LLMs repeatedly achieve
chance-level or above-chance performance in classical
short-form text-based Turing Tests. In the controlled three-
party experiments reported by Jones and Bergen (2025), a
persona-conditioned GPT-4.5 model was identified as
human in approximately 73% of trials, significantly
exceeding the 50% random baseline and, notably,
surpassing the human identification rate of real human
participants in the same experimental setting. LLaMA-3.1
(405B parameters) achieved a human classification rate of
approximately 56%, statistically indistinguishable from
human performance but not significantly above chance. By
comparison, baseline GPT-4 without persona conditioning
consistently remained below 25%, despite comparable
architectural scale.

These results demonstrate that classical Turing Test
success is no longer exceptional for state-of-the-art LLMs,
but contingent on specific configuration choices rather than
intrinsic algorithmic novelty.

2. Role of Model Scale and Parameterization

A positive association between model scale and Turing Test
performance is observed across studies; however, this
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relationship is necessary but not sufficient. Models below
approximately 100B parameters fail to exceed chance-level
performance under classical test conditions. Larger models
(>400B  parameters) approach or match human
misidentification rates, but only when combined with
appropriate prompting strategies.

Critically, architectural scale alone does not guarantee
success. Baseline GPT-4 performs substantially worse than
persona-conditioned LLaMA-3.1 despite similar capacity,
indicating that interaction-level alignment, rather than
parameter count, dominates performance outcomes. These
findings suggest that scaling enables behavioral flexibility,
but does not independently produce human-like
conversational behavior.

3. Dominant Effect of Prompt Engineering and Persona
Conditioning

Prompt engineering emerges as the single most influential
variable affecting Turing Test outcomes. Across multiple
datasets, persona conditioning produces large and
consistent effect sizes, increasing human misidentification
rates by approximately 30-45 percentage points relative to
baseline prompts.

Effective persona prompts typically include:

e A stable human identity (e.g., age, profession,
social context)

e Linguistic imperfections and informal phrasing
e Emotional variability and subjective expression
e Selective knowledge disclosure and uncertainty

Jones and Bergen (2025) demonstrate that persona
conditioning increases GPT-4.5’s human identification rate
from below 30% to over 70%. Similar improvements are
reported for LLaMA-3.1, which shifts from machine-
identifiable to statistically indistinguishable from humans
when persona constraints are applied.

These results indicate that Turing Test performance
increasingly reflects prompt realism rather than
underlying intelligence, calling into question the test’s
continued validity as a measure of cognitive capability.

4. Influence of Sampling Temperature as a Confounding
Variable

Sampling temperature significantly affects perceived
humanness and remains underreported in much of the prior
Turing Test literature. Across studies that control for this
parameter, optimal performance is observed within a
moderate temperature range (approximately 0.6-0.9).

Low temperatures produce deterministic, overly structured
responses that are readily identified as artificial, while high
temperatures introduce incoherence and factual instability.
Moderate stochasticity appears to best approximate natural
human variability. However, higher temperature settings
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also correlate with increased hallucination rates, revealing a
trade-off between conversational realism and epistemic
reliability.

These findings highlight sampling temperature as a latent
confounder and undermine direct comparison between
studies that fail to control for it.

5. Performance Degradation Under Enhanced and
Adversarial Turing Tests

When evaluation conditions are strengthened—through
longer interactions, side-by-side human—Al comparisons,
expert interrogators, or adversarial questioning—LLM
performance degrades substantially. Rahimov et al. (2025)
report that under such conditions, human judges correctly
identify Al systems in a majority of trials, and Al human-
identification rates fall below chance.

Observed failure modes include:

e Inconsistent long-term memory and self-
representation

e Shallow experiential grounding
e Reduced robustness under sustained probing

Importantly, these limitations persist even in the largest
models, indicating that surface-level conversational
fluency does not translate to cognitive depth or
robustness.

6. Reassessment of Human—-Al Confusion Metrics

Several datasets reveal a narrowing—and in some cases
reversal—of the human—Al confusion gap, with Al systems
judging humans more frequently than actual humans.
Rather than indicating superior intelligence, this outcome
reflects metric misalignment.

Human participants often violate implicit conversational
norms through brevity, sarcasm, inconsistency, or
disengagement. LLMs, by contrast, are optimized to
conform to conversational expectations. As a result, the
Turing Test increasingly rewards norm compliance rather
than authenticity, undermining the assumption that
humans constitute a fixed upper bound of performance.

7. Consolidated Findings
The synthesized results support the following conclusions:
e Modern LLMs can pass classical Turing Tests
under optimized conditions

e Prompt engineering and sampling control
dominate performance outcomes

e Model scale enables but does not determine
success

e Turing Test performance collapses under
adversarial or extended evaluation
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e Human-like appearance does not imply
understanding, grounding, or agency

Implications

These findings indicate that the classical Turing Test has
become methodologically saturated in the era of large
language models. While it remains useful as a measure of
perceptual human-likeness, it no longer functions as a
reliable indicator of intelligence or understanding. The
results support a shift toward multi-dimensional,
robustness-focused evaluation frameworks that better
capture the operational and societal impact of modern Al
systems.

Discussion

The results of this study provide strong evidence that the
classical Turing Test is no longer a sufficient or reliable
benchmark for evaluating artificial intelligence in the era
of large language models. While earlier Al systems failed
conspicuously at imitating human conversation, modern
LLMs—when appropriately configured—can convincingly
pass traditional Turing Test setups. This shift fundamentally
alters the meaning of “passing” the test and calls into
question its original intent.

The Turing Test as a Measure of Perceptual Realism

One of the most significant insights from the analyzed
datasets is that Turing Test success now primarily
reflects perceptual realism rather than intelligence.
Models such as GPT-4.5 do not pass because they possess
human-like understanding or consciousness, but because
they have learned to replicate the statistical patterns,
imperfections, and stylistic cues that humans associate with
natural conversation.

Prompt engineering and persona conditioning play an
outsized role in this process. The dramatic performance gap
between baseline and persona-conditioned models suggests
that the test is vulnerable to surface-level manipulation.
This supports long-standing critiques that the Turing Test
rewards imitation and deception over genuine reasoning or
comprehension. In effect, the test measures how well an Al
can appear human, not how well it can think like one.

Model Scale Enables, but Does Not Guarantee, Success

The results also clarify the role of model size. While large
parameter counts are correlated with improved
performance, scale alone does not ensure success. Even
highly capable models perform poorly under default
configurations. This implies that intelligence, at least as
measured by the Turing Test, is not an emergent property of
scale alone but rather a combination of scale, alignment, and
output control.

This finding complicates simplistic narratives that equate
larger models with greater intelligence. Instead, it suggests
that LLMs are best understood as flexible simulators,
capable of producing a wide range of behaviors depending
on how they are constrained and guided.
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Fragility of Turing Test Success

Perhaps most revealing is the observation that Turing Test
success is highly fragile. When test conditions are made
more adversarial—through longer conversations, expert
interrogators, or side-by-side human comparisons—LLMs
become increasingly detectable. This indicates that while
Al can convincingly mimic short-term conversational
behavior, it struggles with deeper attributes of human
cognition such as lived experience, long-term coherence,
and grounded understanding.

This fragility reinforces the argument that passing the
Turing Test does not imply human equivalence. Instead,
it suggests that the test’s difficulty has decreased relative to
modern Al capabilities, rather than Al achieving true
human-like intelligence.

Implications for Society and Al Governance

Beyond academic evaluation, these findings have serious
societal implications. If Al systems can reliably pass
classical Turing Tests, then human intuition alone is
insufficient for detecting Al-generated content. This has
direct consequences for misinformation, academic integrity,
online discourse, and democratic processes.

At the same time, the existence of adversarial detection
methods and reverse Turing Tests highlights a growing
arms race between generation and detection. This dynamic
suggests that human-Al indistinguishability is no longer
a meaningful end goal, and that future evaluation should
focus on transparency, reliability, and impact rather than
deception.

V. CONCLUSION

This paper set out to test the relevance of the Turing Test in
the age of modern large language models using only
existing datasets and peer-reviewed experimental evidence.
The findings demonstrate that:

e State-of-the-art LLMs can pass classical Turing
Tests under optimized conditions

e Prompt engineering and output control are
decisive factors

e Passing the test no longer implies intelligence,
understanding, or cognition

e More rigorous test variants restore
detectability and expose limitations

Taken together, these results indicate that the Turing Test
has transitioned from a benchmark of machine intelligence
to a measure of conversational illusion. While historically
valuable, it no longer captures the full—or even the most
important—dimensions of artificial intelligence.

Rather than abandoning the Turing Test entirely, this
research supports reframing its role: not as a definitive test
of intelligence, but as one component in a broader, multi-
dimensional evaluation framework. Modern Al assessment
must combine behavioral realism with reasoning ability,
factual reliability, ethical alignment, and real-world impact.
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In breaking the Turing Test, modern LLMSs have not proven
that machines think like humans—»but they have revealed
that humans are far easier to imitate than intelligence is
to define. The future of Al evaluation lies not in asking
whether machines can fool us, but in determining how they
reason, how they influence us, and how they should
responsibly coexist with human society.
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