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As artificial intelligence (Al) becomes increasingly embedded in daily life,
ascertaining whether an agent is humanis critical. Here we systematically
benchmark Al's ability to imitate humansin three language tasks (image
captioning, word association and conversation) and three vision tasks
(colour estimation, object detection and attention prediction), collecting
datafromn =636 humans and 37 Al agents. We also conducted 72,191
Turing-like tests with 1,916 human judges and 10 Al judges. Current Als

are approaching the ability to convincingly impersonate humans and
deceive human judges inbothlanguage and vision. Even simple Al judges
outperformed humans in distinguishing Al from human responses.
Imitation ability showed minimal correlation with conventional Al
performance metrics, suggesting that passing as humanis animportant
independent evaluation criterion. The large-scale Turing-like datasets
and metrics introduced here offer valuable benchmarks for assessing
human-likeness in Al and highlight the importance of rigorous, quantitative
imitation tests for Al development.

Current language and computer vision models excel in a wide
range of tasks, such as image captioning'”, text generation®"?,
object recognition®*'* and attention prediction”™". Developing
state-of-the-art algorithms goes hand-in-hand with the creation of
better and more precise ways of assessing their performance. The per-
formance of artificial intelligence (Al) algorithms is often defined by
comparing their outputs against human ground-truth annotations.
Such metrics are particularly prevalent in computer vision, such as
in object recognition tasks. Additionally, several metrics have been
adapted from natural language processing tasks toimage captioning,
such as BLEU', THUMB" and METEOR? (see also ref. 21). Generative

Al models are notoriously difficult to evaluate due to the inherent
ambiguities of creating novel content?. Human evaluators are often
recruited to assess the quality of sentiment, semantic relevance, reason-
ingabilities or emotional valence on text generated by large language
models®* %,

The Turi‘ng test, also known as the imitation game, was proposed
by Alan Turing in 1950 as a way of assessing a machine’s ability to
exhibitintelligent behavioursindistinguishable from those shown by
humans®. In the imitation game, a machine tries to pass as a human
during a conversation, and a human judge determines whether they
are interacting with a human agent or a machine® (Fig. 1a). Since
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Human or Human or
‘ ‘ machine?
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Caption: a person walking on a dock with an umbrella

O Human O Machine

Cue: memorable

Association: delightful

O Human O Machine

A: Hi! What’s new with you?
B: Nothing much, how about yourself!

Wisconsin). I'm actually not familiar with ucsb!

B: Isla vista killings?? Is that like the golden state killer?

A: O Human O Machine

A: Well... My son was just accepted to the college of his dreams. I'm so proud of him!
B: Damn! That’s awesome. Congratulations :) Where's he going

B: | would not recommend anywhere near me then haha. The winters are cold (though not as bad as

A: Isla vista killings were pretty bad though; california can be scary sometimes lol but its also beautiful

B: O Human O Machine

Fig.1| Turing-like tests for three language tasks. a, In each task, ahuman or
amachine agent produces an answer in response to visual or language inputs.
Given those inputs and answers, a human or machine judge assesses whether

the answer came from a human or amachine agent. The machine agent is said to
pass the Turing-like test if the judge is unable to distinguish whether the response
came from a human or amachine. b-d, Turing-like tests for three language tasks
(seealso Fig. 2 for the three vision tasks). We ask the reader to try the tests before
checking the ground-truth answers provided at the end of this figure caption. In
the image captioning task (b), the agent provides a single-sentence description of
animage. The judge is presented with animage and a caption and decides whether
the caption was produced by ahuman or amachine. In the word association

task (c), the agent is presented with a word cue and has to produce a single word
related to the cue. The judge is presented with a pair of cue and association words
and decides whether the association was produced by ahuman oramachine. In
the conversation task (d), two agents (here labelled A and B) alternate to produce
atotal of 24 exchanges (only 7 exchanges are shown here; for full examples,

see Supplementary Information section 1). The judge is presented with the
conversation and decides whether each conversant was ahuman or amachine.
There were human-human conversations, human-machine conversations and
machine-machine conversations. See Methods for the detailed description of
datacollection and Turing-like tests in each task. Ground-truth answers for these
examples: b, machine; ¢, machine; d, Aisamachine; Bisahuman,

its inception, the Turing test has generated extensive controversy
and discussion. Several notable arguments include Searle’s Chinese
Room thought experiment?, Block’s behaviourism?®®, Harnad’s Total
Turing Test?’, Watt’s Inverted Turing Test*°, Damassino’s Question-
ing Turing Test® and Sejnowski’s Reverse Turing Test*”. For example,
Searle’s Chinese Room thought experiment suggested that a system
can manipulate symbols without true understanding, challenging the
notion that passing the Turing test implies intelligence?. Similarly,
Block critiqued behaviourist views, arguing that amachine with a vast
lookup table could pass the Turing test without genuine cognition
or generalization®,

In parallel with the unbounded optimistic attitudes towards Al
in the 1960s and the sober realization of the immense difficulties in
Al afterwards, many in the scientific community have shifted away
from the question of whether the Turing test is a valid and meaning-
ful measure of intelligence (for example, ref. 33) to focus instead on
average performance metrics for Al algorithms. Distinct from these
discussions, the purpose of our work is not to argue in favour of or
against Turing tests as a measure of general intelligence. Instead, we
consider Turing-like tests as a quantitative evaluation of how well cur-
rent Als can imitate humans®.

Many studies have compared how closely Al model responses
alignwith humanresponses* (Supplementary Information section 4).
This type of comparison is straightforward in classic visual object
recognition tasks and is widely used in traditional computer vision
benchmarks®*. However, in complex and open-ended tasks such as
many of the ones in the current work, these metrics are less suitable
or undefined. These challenges are similar to those seen in evaluat-
ing generative models®™. In the vision tasks examined in this work,
multiple responses may be equally valid. For example, in an object
detection task, one agent may identify different objects than another
agent. Neither may be incorrect, since all the mentioned objects might
bepresentintheimage. Therefore, the emphasisin Turing-like testsis
notondetermining whetheraresponseis correct orincorrect. Instead,
thefocusisonwhetheritis possible to distinguish responses generated
by humans from those generated by machines.

Thekeytarget of the original Turing test focused on conversations.
Generating human-like text during conversations remains adaunting
challenge for Al, with exciting progress. There have been numerous
early attempts at generating restricted topics during conversations,
such as Colby’s PARRY simulating a paranoid schizophrenic and Wei-
zenbaum'’s ELIZA simulating a psychiatrist. However, none of these
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Fig.2| Turing-like tests for three vision tasks and example stimuli from
human and machine agents for each vision task. See also Fig. 1 for the three
language tasks. a, Colour estimation. Participants were presented with animage
anda colour and had to indicate whether the colour selection was made by a
human or amachine. b, Object detection. Participants were presented with an
image and a noun and had to indicate whether the object description was made
by ahuman or amachine. ¢, Attention prediction. Participants were presented
with animage and a sequence of positions (yellow circles) joined by lines and had
toindicate whether those locations were the product of human eye movements

PLAYER

Human: track, train, tree

Microsoft: railroad, outdoor, sky
Detectron: train

Rekognition: train, transportation, vehicle
Google: train, sky, vehicle

GBVS IVSN

or machine attention predictions. See Methods for the detailed description of
data collection and Turing-like tests in each task. d, One example in the colour
estimation task from human and machine agents: Microsoft’s Azure Cognitive
Services®, the MCCQ algorithm® and Google’s Cloud Vision API*°. €, One example
inthe object detection task from human and machine agents: Microsoft’s Azure
Cognitive Services®, Facebook’s Detectron2”, Amazon’s Rekognition API** and
Google’s Cloud Vision API’. f, One example in the attention prediction task on
visual search from human and machine agents: DeepGaze3*’, GBVS models"”

and [VSN"*,

models have come close tounrestricted Turing tests. Advancesin large
language models®”'>**%5*8 have led news and social media to produce
anecdotal claims about current Al algorithms being sentient in conver-
sations. Yet, few studies have rigorously and quantitatively assessed
Alalgorithmsin their ability to imitate humans in conversations®~.

As Alalgorithms continue to blossomin the real world, itisbecom-
ingincreasingly important for lay people, law professionals, clinicians,
politicians and other experts to ascertain whether the agent they are
interacting withisahuman or not. For example, the inability to distin-
guish real news from Al-generated fake news or deepfakes can have
disastrousimplications for electoral campaigns. Additionally, criminals
are increasingly using Al-generated conversations to make phishing
scams more convincing, and such scams have even started overtaking
other types of physical crimes*’. To mitigate these issues, the Al com-
munity has started developing models to discern whether the gener-
ated perceptual inputs come from humans or Als*, including deepfake
detection on images*? and GROVER models on fake news detection*.
Cui et al. proposed a learned critique model acting as a human judge
to performa Turing test inimage captioning tasks”.

Here we set out to systematically and quantitatively investigate the
ability of current language and vision algorithms to imitate humans. To

this end, we present an integrative benchmark encompassing a wide
range of standard and well-established Al tasks across both language
and vision. Motivated by the recognition that each Al task measures
only anarrow aspect of humanintelligence and isincompleteinisola-
tion, we examine cognitive imitation abilities through six different
tasks. This approach provides a holistic assessment of the ability to
emulate human-like performance across various domains. In vision,
colour estimation, object detection and visual attention were specifi-
cally chosenbecause they directly reflect core aspects of human visual
perception and decision-making in daily tasks. We also note that some
of these vision tasks required language comprehension (see ‘General
considerations’ in Methods). Similarly, among language tasks, word
association, image captioning and conversation were chosen because
they capture fundamental aspects of linguistic cognition used in daily
activities. Although three tasks are labelled as ‘visual’ tasks, and three
tasks arelabelled as ‘language’ tasks, several tasks include both modali-
ties (for example, image captioning).

We start by creating an extensive benchmark dataset of 36,499
answers frovm 636 human participants and 37 Al models in three lan-
guage tasks(image captioning, word association and conversation) and
three vision tasks (colour estimation, object detection and attention
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prediction). These tasks were chosen to span a typical and wide range
of real-world applications (Figs. 1b—d and 2a-c and Supplementary
Table 1). Next, we systematically evaluated the ability of 1,916 human
judges to discern whether task answers came from humans or Al in
Turing-like tests, showing that current algorithms are remarkably adept
atimitating humans under restricted testing conditions. Finally, as a
proof of principle, we show that even though human judges may par-
tially struggle to distinguish human answers, simple machine learning
algorithms canserve as Aljudges and vastly outperform human judges
inTuring-like tests. Our code for data collection and analysis is available
to the community, as are the generated datasets. To facilitate future
research, we provide an open-source benchmarking tool that allows
researchers to evaluate their own models’ detectability using our Al
judge framework across five tasks, enabling standardized assessment
of human-likeness in newAl:models.

Results

Collection of human and Al agent responses in language tasks
To conduct Turing-like tests, we first compiled responses from human
participants (labelled H throughout) and Al machine models (hence-
forth labelled M) in three language tasks (Supplementary Fig.1and
Methods). Multiple controls were introduced in each task to ensure
high quality of the responses (Methods and Supplementary Table 3).
These responses were then assessed in Turing-like tests to determine
whether an independent group of human judges, or Al judges, was
able to differentiate between human and Al responses (Fig. 1a). We
also collected basic demographicinformation about each participant
(Supplementary Figs. 2,4 and 7e-g).

We begin by describing the dataset of human and Al-generated
responses for each task. In the image captioning task, both human
participants and Almodels were presented withanimage and asked to
generate a descriptive caption (Supplementary Fig. 1a). We collected
responses for1,000 images from 229 participants recruited viaAmazon
Mechanical Turk (AMT), along with responses from 5 Al models (see
demographic information about the participants in Supplementary
Fig. 2a-c). Representative examples of image captions generated by
human participants and each of the Al models are shown in Fig. 3a,b.

We considered two closely related versions of the word associa-
tion task. In the first version, participants were presented with a cue
word and asked to provide a one-word association (Supplementary
Fig. 1b1). In the second version, participants were presented with a
short prompt containing example word associations, followed by a
new cue word, and were again asked to generate asingle-word associa-
tion (Supplementary Fig. 1b2). As the results across the two task ver-
sions were similar (Supplementary Fig. 9¢e,f), we merged the datasets.
We collected responses to 1,500 prompts across both task versions
from 40 AMT participants and 5 Al models. Demographic informa-
tionabout the participantsis shownin Supplementary Fig. 2e,g. Rep-
resentative responses from human participants and each of the Al
models are shown in Fig. 3c.

In the conversation task, two agents engaged in a conversation.
Each agent could be a human or an Al model. There were three types
of conversations: human-human (H-H), human-machine (H-M)
and machine-machine (M-M). Each conversation had a total of up to
24 entries, 12 from each agent. To evaluate the effect of longer con-
versation lengths, a small subset of conversations included extended
exchanges of 48 entries, 24 from each agent. The agents were unaware
of whether they were conversing with another human or with an Al
model. Human agents were told that they would engage in abrief con-
versation about different topics. Participants performed the task via
apublicchat platform where investigators acted as intermediaries to
pass messages between agents, or via our custom-developed mobile
app (Methods). We collected a total of 510 conversations (each one with
24 entries) from 190 participants. Demographicinformationabout the
participants is shown in Supplementary Fig. 2i,k. We collected 3,845

responses from humans and 9 Al models (Supplementary Table 1).
The prompts used for each Al model are shown in the Methods. Rep-
resentative conversations are reported in Fig. 3d and Supplementary
Information section1.

Operational definition of Turing-like tests

After collecting responses from both human and machine agents for
eachtask, werecruited anindependent set of participants to carry out
Turing-like tests. We refer to our tests as Turing-like to emphasize that
theyare notidentical to the original Turing definitions? (Discussion).
Turing-like tests were conducted using three recruitment sources: AMT,
Prolific (alarge online crowd-sourcing platform) and in-lab experi-
ments. We presented a single instance of the answers and asked the
participants toindicate whether the answer came fromahumanoran
Alagent (Fig. 1b-d).

Wealso collected demographicinformation about the participants
asmetadata, including age, gender and educational background (Sup-
plementary Fig. 2a,c,e,g,i,k). The trial order was always randomized,
with half of the trials containing responses from human agents and the
other half containing responses from Al agents. We introduced mul-
tiple controls to ensure the quality of the responses collected in each
Turing-like test experiment (Methods). Across all tasks, the average
accuracy for identifying machine-only responses p(M|M) was above
75% on the catch trials (Supplementary Table 3). We also trained com-
putational modelstoactas Aljudges to determine whether a particular
answer came from a human or not (Methods).

Al models are close to passing three language Turing-like tests
For each Turing-like test, the ground-truth response could come from
a human agent (H) or amachine (M). We report confusion matrices
where the diagonals show the proportion of trials where judges indi-
cated Hgiventhat the ground truthwas H (p(H|H)) and the proportion
of trials where judges indicated M given that the ground truth was M
(p(M|M)) (Fig.4).Non-diagonal elements show p(M|H) (the probability
thatagentsindicated M when the ground truth was H) and p(H|M) (the
probability that agents indicated H when the ground truth was M).
Entrieswithineachrowadd up to 1. When comparing different Almod-
els for a given task in terms of their ability to imitate humans, values
closerto 0.5for p(H|H) and p(M|M) indicate greater indistinguishabil-
ity and thus stronger imitation performance. In contrast, when com-
paringjudges (for example, human versus Aljudges, or humanjudges
of different ages or educational backgrounds), higher probabilities
p(HH) and p(M|M) departing from 0.5 indicate better judges. We sum-
marize the confusion matrices in asingle number by defining the over-
all imitation detectability as i(p(H|H) + p(M|M)) , ranging from 0.5
(good imitator) to 1.0 (poor imitator).

We summarize the results of the Turing-like tests for humanjudges
across each task in Fig. 4a-c, averaging across all Al models and all
human judge demographics. In the image captioning task, human
judges correctly identified human captions as human (p(H|H)) 67%
of the time, and Al captions as Al (p(M|M)) 46% of the time (both sig-
nificantly different from chance; one-sample Wilcoxon signed-rank
tests; p(H|H): 2=13.03, P< 0.001; p(M|M): z = 4.88, P< 0.001; Fig. 4a).
We were concerned that AMT participants could be poor judges. We
therefore repeated the Turing-like experiments in person in our lab
(Supplementary Fig. 3a, with full statistics in Supplementary Table 8
and Supplementary Fig. 4a—d). Overall, the results from the in-lab
cohortwere highly consistent with those obtained online (online judges
(n=293): mean detectability, 0.57 + 0.11; in-lab judges (n = 11): mean
detectability, 0.57 + 0.10; Mann-Whitney U-test: U=1,638.5, P=0.93).

Performance varied substantially across Al models in the image
captioning task (Fig. 5a). The proportion of Al-generated captions
correctly identified as Al ranged from 37% (BLIP) to 60% (ClipCap).
Threerecent transformer-based models—GIT', OFA” and BLIP’—dem-
onstrated strongimitation capabilities (Fig. 5a). Unlike ClipCap, which
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Human: a woman with an umbrella walking on a pier
GIT: a person sitting on a wooden bridge with an umbrella
OFA: a person walking on a dock with an umbrella

BLIP: a person walking across a bridge with an umbrella
ClipCap: a person holding an umbrella in front of a building
Microsoft_API: a person on a swing

Human: a girl receiving a certificate from a woman in a group of people at a presentation
GIT: a woman shakes hands with a student

OFA: two women are talking to each other in front of a crowd

BLIP: two women standing next to each other in front of a crowd

{ ClipCap: a woman standing in front of a group of people

Microsoft_API: a couple of women in a stadium

[
Cue word Human Word2vec GPT2 GPT3 GPT3 GPT3

(embedding, (prompt, (prompt,
davinci) curie) davinci)
memorable nice phenomenal delightful meaningful unforgettable delightful
oriental asian imperial colonial eastern love colonial
nepal country vietnam pakistan nebraska new pakistan

d

A: Hey! How are you?
B: Hey, I'm doing great. What about you???

A: I'm good. I just finished up work and am looking for something to do.

B: Did you go for work today???
A: Yeah, | went to the office.

B: We had vacation for a week and the amount of assignments are killing me

A: Yeah, | know. Is there anything you're interested in doing?

B: Right now I'm very much occupied with my university’s thing that | don’t even have time for other things but I'd

love to spend some time learning Korean
A: Korean?
B: Yeah, the language

A: Oh, | see. That's really interesting and something that | would like to learn too one day. Would you like me to

teach you?
B: Can you? | never knew you know Korean

A: | learned it while living in South Korea for a year. It's not as hard to learn as people think and | would be happy

to teach you.
B: I'd love that! Where did you stay in South Korea?
A: | stayed in Seoul.

B: It's so pretty!! | badly want to visit Seoul and attend BTS’s concert

A: You should! BTS is amazing. They’re my favorite group.

B: Omg!! Whom do you like the most in the band??

A: | really like Jin, Suga and J-Hope.

B: They're awesome. Which our the bands you know??
A: | like EXO, BTS and 2NET.

B: Have been to any concert??

A: No, | haven't. But I'd love to go to one!

B: Where are you staying right now??

Fig.3 | Example stimuli from human and machine agents for each language
task. a,b, Two caption examples from both human and machine agents: GIT',
OFA?, BLIP?, ClipCap* and Microsoft’s Azure Cognitive Services’. ¢, Three
examplesin the word association task from both human and machine agents
(columns): Word2Vec’, GPT2%, GPT3-embedding (davinci)’, GPT3-prompt

(text-curie-001)° and GPT3-prompt (text-davinci-002) °. d, Example of a
conversation consisting of 24 exchanges between GPT3 curie'® (A) and ahuman
(B). See Supplementary Information section 1for more example conversations,
including human-human and machine-machine conversations,

is solely trained for image captioning, these models were developed
as generative unified transformer frameworks, trained on multiple
tasks, including image-text retrieval and visual question answer-
ing. This suggests that multi-task training aids models to generate
human-like captions. To assess generalization, we included both
in-domain images from MSCOCO** and out-of-domain images from
the nocaps dataset **, which contains novel object categories not pre-
sentin MSCOCO. Despite these variations, humanjudge performance
did not differ significantly between out-of-domain nocaps images
andin-domain nocapsimages (permutation test with Bonferroni cor-
rection, P> 0.05), even for models such as GIT, OFA and BLIP, which
were fine-tuned on MSCOCO (Supplementary Fig. 3d). Moreover, on
out-of-domain nocaps images, BLIP outperformed all other models
inthe Turing-like tests.

In the word association task, human judges correctly identified
human-generated word associations as human in 58% of the trials,
significantly above chance (one-sample Wilcoxon signed-rank test:
z=-3.36, P<0.001), and machine-generated word associations as
machine in 47% of the trials (one-sample Wilcoxon signed-rank test:
z=-1.63,P=0.10; Fig. 4b). The results of in-person experiments were
comparable to those from AMT participants (Supplementary Fig. 3b;
permutation test with Bonferroni correction, P> 0.05). Among Al
models, Word2Vec exhibited the poorest imitation performance
(p(M|M)=0.58), while GPT3 (prompt davinci) outperformed the other
models (p(M|M) =0.41) (Friedman test: y*=3.39, P=0.50; Fig. 5c). In the
conversation task, judges distinguished human-generated exchanges
inconversations as humans 66% of the time (above chance; one-sample
Wilcoxonsigned-rank test: z=-5.06, P<0.001) and machine-generated
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Language tasks
Image captioning Word association

N B BN B

- 0.67 0.33 0.58 0.42
n (0.09) (0.09) (0.09) (0.09)
2 0.54 0.46 053 0.47
< ‘H‘ (0.09) (0.09) (0.09) (0.09)
3
3
s d
° = 0.03
n (0.03)
017 0.83 0.09 foXel
(0.07) (0.07) (0.05) (0.05)
Predictions
Vision tasks
Colour estimation Object detection
(] =] (] =]
et 1™ 1)
[ ]
0.55 0.45 0.53 0.47
(0.02) (0.02) (0.02) (0.02)
0.39 0.61 0.37 0.63
< (00 (0.02) (0.02) (0.02)
E
T .
n .
© o 064 0.36 0.59 0.41
n (0.02) (0.02) (0.02) (0.02)
=] 0.34 0.66 0.35 0.65
.‘Hl (0.02) (0.02) (0.01) (0.01)
Predictions

Fig. 4 | Results of the Turing-like test for each task. a-1, Turing-like test results
for humanjudges (a-c) and machine judges (d-f) in language tasks and human
judges (g-i) and machine judges (j-1) in vision tasks. Each column shows the
results for a different task: image captioning (a,d), word association (b,e),
conversation (c,f), colour estimation (g,j), object detgction (h,k) and attention
prediction (i,1). For each task, the confusion matricesreport the proportion of
times when the trial was labelled ‘human’ (first column) or ‘machine’ (second

Conversation

N

0.66 0.34
(0.09) (0.09)
1.0
0.53 0.47 I 08
@ee) @es) Human judges
06
f 0.4

Machine judges

Attention prediction

] =)
[} ]

%

0.64 0.36

(0.02) (0.02)

0.49 0.51 ;

(0.02) (0.02) Human judges
l

0.87

(0.01)

0.6 0.4

(0.02) (0.02)

Machine judges

column) when the ground truth was human (first row) or machine (second row);
The probabilities add up to 1 within each row. Here results are pooled across
allmachine agents and also across all human judge demographic groups; see
Figs. 5and 6 for results from each machine agent and Supplementary Fig. 2 for
results from different human judge demographic groups. The colour of each
block indicates performance (see the colour bar on the right). The numbers in
parentheses indicate standard deviations.

conversation exchanges as Al in 47% of cases (one-sample Wilcoxon
signed-rank test: z=-1.37, P= 0.17; Fig. 4c). To assess replicability, we
repeated the experiments across three platforms: on AMT, on Prolific
and in-lab. Unlike the other two language tasks, in-lab participants
were slightly more accurate than the Prolific or the AMT participants
(Supplementary Fig. 3¢; permutation test with Bonferroni correction,
P < 0.05). We separately considered human-human, human-Al and
Al-Al conversations (Fig. 5e). Surprisingly, human-human conversa-
tions were classified as human only 64% of the time (above chance;
one-sample Wilcoxon signed-rank test: z=-5.06, P<0.001), and Al-Al
conversations were classified ashuman 57% of the time (above chance;
one-sample Wilcoxon signed-rank test: z=-2.39, P< 0.001), showing
only amodest difference in human detectability between conversation
types, which was not statistically significant (Mann-Whitney U-test:
U=1,313.5,P=0.11).

Blenderbot stood out as a particularly effective imitator: in Al-Al
conversations, it was judged human 67% of the time, significantly
above chance (one-sample Wilcoxon signed-rank test: z = -2.83,
P < 0.005) and comparable to actual humans in human-human

conversations (64%; Mann-Whitney U-test: U=1,007.5, P=0.70). In
human-Alconversations, human participants were labelled ashumans
68% of the time, and Als were classified as Al 56% of the time (above
chance; one-sample Wilcoxon signed-rank tests: z=-4.75and z=-1.43,
respectively, bothwith P<0.001).Judges were more likely to identify
machine answersin Al-Al conversations thanin human-Al conversa-
tions (Mann-Whitney test (n=47): U=1,471.5, P= 0.005), suggesting
that Als may adjust their linguistic behaviour when interacting with
humans by producing more human-like sentences. This observation
is consistent with the notion that judges are more accurate in making
comparisonsacross speakersrather than making absolute evaluations.
When we compared different Al models, Blenderbot was labelled
more frequently as human in Al-Al conversations than in human-
Al conversations (67% versus 49% of the time; Mann-Whitney test:
U=1,225.5, P=0.02; Fig. 5¢). By contrast, ChatGPT-40" was a slightly
worse imitator than Blenderbot (higher imitation detectability) but
still outperformed most of the models on this task (Supplementary
Table 4, compare with Fig. 5e and Supplementary Fig. 3c). Different
language models thus show distinct imitation abilities, and their
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image captioning (a,b), word association (c,d) and conversation (e,f). The appliestoall the other panels,

confusion matrices follow the same conventions as Fig. 4. Note that fhas fewer
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Fig. 6| Full results of the Turing-like test for each vision task. a-f, Turing-like
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imitation detectability does not necessarily align with their perfor-
mance on standard benchmarks.

We next examined whether the outcomes of the Turing-like tests
wereinfluenced by conversationlength (SupplementaryFig.5). We evalu-
ated whether detection performance was influenced by conversation
length using linear regression per participant (Supplementary Fig. 5).

There was no significant relationship between conversation length and
human detection accuracy (p(H|H): = 0.002 per exchange; Wilcoxon
signed-rank test (n=45workers):z=-1.12,P=0.27) or between length and
Al detectability (p(M|M): =-0.0003 per exchange, z=-0.25, P=0.80).
This pattern held when we examined specific conversation types (H-H:
z=-0.73,P=0.46; H-M:z=-0.36, P= 0.72). These results indicate that
judges’ ability to discriminate humans from Al remained stable across
conversation lengths from3to 24 exchanges. We extended these analyses
to conversations with 48 exchanges and observed patterns consistent
with those seen in 3-24-exchange dialogues. The regression analysis
per participant confirmed that 48-exchange imitation detectability did
notsignificantly differ from predictions based on 3-24-exchange trends
(Wilcoxon signed-rank tests (n = 45 workers); p(H|H): mean residual,
-0.02;z=-0.56; P=0.58; p(M|M): meanresidual, 0.06;z=-0.40; P=0.69).
This consistency held across conversation contexts, including H-H
(P=0.83), M-M (P=0.06) and H-M conversations (P=0.34) (compare
Supplementary Fig. 5a,b). When we examined individual Al models,
the state-of-the-art large language models had a high human imitation
ability across different conversation lengths, though individual model
performance showed considerable variability (Supplementary Fig. 5g).
In addition to conversation length, we evaluated the relevance of the
conversation topic. Imitation detectability varied across topics (Supple-
mentary Fig. 6). Forinstance, the topic of technology yielded animitation
detectability rate of 60%, whereas the topic of music resulted in alower
imitation detectability of 53%. In sum, imitation detectability remained
relatively stable across conversationlength, showing no significant effect,
and presented modest variation across conversation topics.

We subdivided the results according to the judges’ gender and
educationlevel (Supplementary Fig. 2, full statistics in Supplementary
Tables 6 and 7). Combined averaging across all Al models, there were
no significant differences in judges’ performance between males and
females for the image captioning task (Supplementary Fig. 2b), the
word association task (Supplementary Fig. 2f) or the conversation task
(Supplementary Fig. 2j) (permutation test with Bonferroni correction,
P>0.05).Similarly, averaging across all Almodels, we did not detect any
significant differences based on the judges’ educational level for the
image captioning task (Supplementary Fig. 2d), the word association
task (Supplementary Fig. 2h) or the conversation task (Supplementary
Fig.2l) (permutation test with Bonferroni correction, P> 0.05).

To investigate whether explicitly providing prior information
would influence Turing-like test outcomes, we conducted a new ver-
sion of the experimentin which participants were explicitly informed
that 50% of the responses were generated by humans (Fig. 7k). The
results showed no significant difference compared to the original
setting without explicit instructions (P> 0.05, permutation test with
Bonferroni correction).

As Al continues to evolve, proficiency in using or scrutinizing
the output of Al tools may significantly influence performance in
Turing-like tests. To examine this hypothesis, we recruited 33 Al experts
and administered the same Turing-like language tasks. Consistent
with the hypothesis, Al experts were more accurate at recognizing
Al-generated responses than non-experts in the image captioning and
word association tasks (Mann-Whitney tests; image captioning task:
U=885.5, P=0.01; word association task: U=224, P=0.33), but notin
the conversationtask (Mann-Whitney test: U=241.5, P=0.45; Supple-
mentaryFig. 4). Experts’ ability toidentify human-generated responses
was also distinct in the image captioning task (Mann-Whitney test:
U=2,439.5,P=0.01), but notin the word association task (Mann-Whit-
ney test: U=205.5, P=0.21) or the conversation task (Mann-Whitney
test: U=309.0,P=0.62).

To summarize the results, we computed the overall imitation
detectability as the average of p(H|H) and p(M|M). By construction, a
poor imitator wouldyield p(H|H) =p(M|M) =1and therefore an overall
imitation detectability of 1.0, whereas a perfect imitator would yield
p(HH)=p(M|M) =0.5and therefore an overall imitation detectability of

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-026-02590-6

a b
0.67 0.33 0.38 0.62
(0.09) (0.09) (0.01) (0.01)
Zero-shot
0.54 0.46 0.37 0.63
(0.09) (0.09) (0.01) (0.01)
c d
0.72 0.28 0.53 0.47
(0.01) (0.01) (0.02) (0.02)
With feedback
0.53 0.47 0.57 0.43
(0.02) (0.02) (0.02) (0.02)
e f
0.58 0.42 0.44 0.56
(0.09) (0.09) (0.02) (0.02)
Zero-shot
0.53 0.47 0.36 0.64
(0.09) (0.09) (0.02) (0.02)
9 h
0.66 0.34 0.59 0.41
(0.01) (0.01) (0.01) (0.01)
With feedback
0.56 0.44 0.36 0.64
(0.02) (0.02) (0.01) (0.01)
i i
0.68 0.32 0.66 0.34
(0.02) (0.02) (0.01) (0.01)
Zero-shot
0.66 0.34 0.33 0.67
(0.02) (0.02) (0.01) (0.01)
k L
0.72 0.28 0.57 0.43
(0.01) (0.01) (0.04) (0.04)
With feedback
0.64 0.36 0.4 0.59
(0.02) (0.02) (0.06) (0.06)

Fig.7| Comparison between human and machine judgesin zero-shot settings
or trained with feedback. a-x, Following the same format asin Fig. 4, the
matrices show Turing-like test results for humanjudges in zero-shot settings
(a,e,i,m,q,u) or trained with feedback (c,g,k,0,s,w) across all six tasks and
Turing-like test results for machine judges in zero-shot settings (b,f,j,n,r,v) or

m n
055 045 064 036
(0.02) (0.02) (0.02) (0.02)
3 039 061 034 066 O
S (0.02) (0.02) (0.01) o) 2
«Q [e]
° g
Q )
@ 0
2 o P g
2 058 042 058 042 2
«Q (0.01) (0.01) (0.01) (0.01) =}
043 057 058 042
(0.01) (0.01) (0.01) (0.01)
q r
053 047 059 041
(0.02) (0.02) (0.02) (0.02)
= 037 063 035 065 g
o (0.02) (0.02) (0.01) (0.01) o
o [0
2 Q
2 068 032 0.84 2
=1 (0.01) (0.01) (0.01) (0.01) =1
0.4 06 0.29 07
(0.02) (0.02) (0.01) (0.01)
u v
064 036 087 | o013
(0.02) (0.02) (0.01) (0.01)
049 051 06 04 Z
S (0.02) (0.02) (0.02) 002 8
2 s
=)
3w x 3
g [0
) 067 033 066 034 &
(0.02) (0.02) (0.02) 002 =
=}
043 057
(0.02) (0.02)

with the same number of trials with feedback as human judges during the training
phase (d,h,1,p,t,x) across all six tasks. For k (conversations with feedback), the
participants were made aware ofa50% prior of a text being generated by ahuman
oramachine,

0.5.The overallimitation detectability was 0.57 forimage captioning,
0.53 for word association and 0.57 for the conversation task. The results
show that current algorithms are not far from passing the Turing-like
tests under the conditions examined here.

Imitation detectability scores should be interpreted with cau-
tion. If judges classified all responses as human, this would result in
p(H|H) = p(HM) =1, also leading to an imitation detectability of 0.5
(similarly, with p(M|M) = p(M|H) =1). The experimental data indicate
that human judges did not exhibit either of these behaviours (Fig. 4).
The total number of H responses was far from 100% and close to 50%
in all the experiments. For instance, across the three language tasks,
p(H|H) ranged from 0.58 to 0.67, while p(H|M) remained between 0.53
and 0.54. Another way to get an imitation detectability score of 0.5
arises from completely random responses. We implemented multiple

controls and catch trials in the tests, and the probability of correctly
identifying these trials was consistently high (Supplementary Table 3),
confirming that human judges were not merely providing random
responses. Foramore granular view of the results, we also present full
confusion matricesinFig. 4, which provide amore detailed breakdown
of error types.

Inour original Turing-like tests, humanjudges made judgements
in a zero-shot setting, without any feedback. To investigate whether
feedback could enhance their ability to distinguish between human
and machine responses, we conducted a follow-up experiment that
included a training phase consisting of Turing-like test trials in which
judges were told whether each response was correct or not, followed
by atest phase without feedback. The results from the test phase indi-
cate amarginalimprovement in imitation detectability following the
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feedback-based training (Fig. 7), although none of them were statisti-
cally significant (P> 0.05, two-sided t-test, Bonferroni corrected).

Al agents still fail to pass an online Turing conversation task
test

Despite thelaudable progressin developing large language models, we
were surprised by how close these algorithms were to imitating humans
inanoffline conversation of up to 24 exchanges per agent. To probe this
furtherinaformat more closely aligned with Turing’s original concep-
tion, we developed anonline, interactive Turing testimplemented asa
mobile application (SupplementaryFig. 7). Each conversationinvolved
one humanjudge, one humanagentand one Al agent (GPT3.5-Turbo').
Thejudgesinitiated the interaction by asking questions, to whichboth
humanand Alagentsindependently responded (Methods). Participants
were randomly assigned roles as either judge or human agent.

We constrained the number of exchanges per conversation to be
1,5,10 or 20. In each conversation, the mobile application randomly
drew one of these four choices and presented this exchange limit to
the humanjudge and the human agent. After the conversation reached
the limitin the number of exchanges, the judge was asked to evaluate
which of the two sets of answers came from a human and which came
from a machine. In stark contrast with the previous section, human
judges achieved 100% accuracy (Methods) in distinguishing between
human and Al agents (Discussion).

Several factors may explain the discrepancies between the
Turing-like offline task presented in the previous section and this
online task. First, the test settings differ. In the offline version, there
were two agents involved, and both could ask each other questions.
Agents were not asked to identify whether they were conversing with
ahumanoramachine.Judges passively observed the fixed conversa-
tions offline without actively participating in them or conceiving
captious questions. An important example of this situation is con-
tent moderation onsocial media, where amoderator canonly review
flagged conversations but cannot actively influence them. In contrast,
in the online version implemented here, the judge was deliberately
trying to probe agents with the clear goal of discerning the identities
of both agents. Second, in the previous section, the topics were pre-
determined and centred on opinions onvideo games, sports, movies
andsoon.Incontrast,intheonline versionimplemented here, judges
decided onthetopics, which could delveinto personal aspects such as
age and family. Despite Almodels being assigned randomly generated
personal profiles, they typically struggled to express human values
and emotions, facilitating identification by human judges. Moreover,
advanced scientific topics, such as technical jargon in chemistry and
physics, can serve as ameans to discern differences between human
and Al agents. While such terminology may be challenging for lay
humans, Al agents often find it relatively easy to discuss. Third, Als
might reveal their identity when asked personal questions or unsafe
questions, such as “Sorry, laman artificial intelligence program.lam
unable to answer questions related to politics or how to kill some-
one.” Fourth, in the online test implemented here, human agents
typed responses on cell phones, leading to variationin typing amount,
speed and style. This contrasts with Al agents, potentially revealing
meta clues such as response times. Although we implemented word
limits for Al responses through text prompts and cut off extra sen-
tences exceeding the word limits, and we introduced delays in the Al
responses to approximate the typing speed of humans, disparities in
response lengths and times persist.

To further evaluate whether human agents could deliberately
mimic Al behaviour, we also implemented a variation of the online
task where human agents were asked to be deceitful and attempt to
imitate machine answers. Despite this adversarial manipulation, human
judges consistently identified human and Al agents correctly with 100%
accuracy under these conditions. Human agents struggled toreplicate
the precise behavioural patterns of Al agents.

Given that internal built-in safety mechanisms could contrib-
ute to the results in this online version of the test, we conducted a
follow-up study using the LLAMA-3-70B-Instruct model® with safe-
guards disabled (Methods). This version included a larger set of
human participants (n = 28; Supplementary Fig. 7e-g), yielding 188
new trials. The imitation detectability scores from the 28 human
judges are shown in Supplementary Fig. 7d. The results reveal that
humanjudges no longer achieved perfect accuracy indistinguishing
between human and machine responses across conversations with
up to eight exchanges, unlike the previous findings using ChatGPT.
The ability to detect machine-generated responses increased with
the number of conversational exchanges (regression with binomial
weights, P=0.032). Representative examples of both successful and
failed trials where human judges correctly or incorrectly identified
the sources of the responses are provided in Supplementary Infor-
mation section 2.

Asimple computational model can tell human and Al agents
apart

Theresults presented thus farinvolve humanjudges (asin the original
Turing test). Itis also of interest to assess whether algorithms can tell
humanand Alanswers apart. As a proof of principle to build an Al judge,
we used simple support vector machine (SVM) classifiers to evaluate
responses generated by humans versus Al. The inputs to the Aljudges
were embeddings extracted from either words or sentences by dif-
ferent language models (Methods). The SVM classifier was trained to
use these embeddings to classify whether a given answer came from
ahuman or not. The predicted labels on tenfold cross-validated data
were compared against the ground-truth labels (Fig. 4d-f).

Intheimage captioning task, we used the OpenAl Embeddings API
(text-similarity-curie-001 model) to extract features from captions and
trained alinear SVM to discriminate human versus machine responses.
Surprisingly, even though this classifier did not use image features,
this simple Aljudge could discern human answers (p(H|H) =0.72) and
machine answers (p(M|M) = 0.83) much better than human judges
(compare Fig. 4a versus Fig. 4d). Similar results were observed across
all the different Almodels (Fig. 5b).

Inthe word association task, we used the various word embeddings
from GPT-series models and Word2Vec as features to train three SVM
judges (independent SVM classifiers based on the embedding of each
Al model). The results were similar for these different embeddings,
and we report the average results here. This simple Al judge vastly
outperformed humanjudges (compare Fig. 4e versus Fig. 4b). Similar
conclusions were drawn across different machine agents (Fig. 5d). As
expected, whenwe trained an SVM classifier based on the embedding
ofthe same model whose embedding was also used for generating the
associations, this model classification performance was essentially
perfect. For instance, on the third row in the left confusion matrix in
Fig. 5d, the Al judge trained on Word2Vec embedding predicted very
well all association words generated by Word2Vec embeddings as Al.
While these cases are good as asanity check, they should not be consid-
eredinthe general evaluation of the Aljudges’ performance. Hence, we
trained three different SVM classifiers and consolidated all their trials
for the final plots to avoid such biases. We also present generalization
results at the end of this section.

In the conversation task, we trained a simple SVM judge to dis-
tinguish whether a single sentence was generated by humans or Als
(Figs. 4f and 5f). Even though the Al judge evaluated single sentences
(whereas human judges evaluated entire conversations), the simple
Al judge achieved similar performance to human judges in detect-
ing human answers (p(H|H) = 0.65) and surpassed human judges in
detecting machine answers (p(M|M) = 0.67). Similar conclusions were
drawn for allthelanguage models evaluated here, with the easiest one
to detect being Blenderbot (which was the hardest one to detect for
humanjudges) and the hardest oneto detect being GPT3 curie (Fig. 5f).
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Humanjudges probably focus on high-level conversation understand-
ing rather than single-sentence statistics.

Comparing results between humans and machines is always dif-
ficult, especially when training is taken into account. To assess the
effect of feedback, we show results from experiments where human
judges were provided with feedback in Fig. 7. For practical reasons,
humans received feedback in only a small number of trials, which
was much less than the amount of training in the SVM judges. For
comparison purposes, we retrained our SVM-based judges matching
the small number of trials with feedback that human participants
were exposed to for each task, mirroring the human training phase
(Fig.7d,h,1).Intheimage captioning task, humanjudges continued to
outperform the machine judges. In contrast, in the word association
task, the machine judge maintained its lead. In the conversation task,
performance was comparable between feedback-trained humanjudges
and the SVM judges trained with a small number of trials. Notably, in
all cases, SVM-based judges received word embeddings derived from
large language models (Methods). These multimodal LLMs are trained
on extensive knowledge from vast internet data encompassing text,
images and videos.

To test whether Al judges’ success could be attributed to basic
low-level text statistics, we compared basic properties—including
parts-of-speech frequency, punctuation, word frequency, word length
andsentence length—between human and Al answers (Supplementary
Table 5). Overall, no single feature or set of features reliably distin-
guished humans from Als across tasks.

Theresults presented thus far combine all the different Al agents
(always using cross-validation across different trials). To evaluate
the extrapolation capabilities of machine judges, we conducted an
across-agent analysis where we evaluated their performance under
conditions in which they were trained with entries created by some
agents and tested their performance with entries created by other Al
agents. We conducted two such experiments: ‘train on one agent, test
on other agents’ (Supplementary Fig. 8a,c,e) and ‘train on all but one
of the agents, test on the left-out agent’ (Supplementary Fig. 8b,d,f).
As expected, the overall imitation detectability of machine judges in
bothextrapolation experimentsis lower thanthe accuracy of machine
judgestrained with responses from all machine agents (compare Sup-
plementaryFig. 8 with Figs. 4 and 5). As expected, the ‘train on one, test
on others’ experiment posed greater difficulty than ‘train on others,
testonone’, resultinginlower overallimitation detectability (compare
Supplementary Fig. 8a,c,e versus Supplementary Fig. 8b,d,f). Notably,
despite the difficulty in generalizing across different Al agents, Al
judges extrapolating to classify responses from excluded Al agents
still outperformed human judges in the image captioning and word
association tasks. Aljudges did not extrapolate wellinthe conversation
task and performed sslightly worse than humans, but it should be noted
that the Al judges evaluated only single sentences, whereas humans
had access to the whole conversation.

To further assess the extrapolation ability of Aljudges withineach
language task, we evaluated a pretrained large language model—Chat-
GPT"“—inazero-shot setting to determine whether it could distinguish
between human and machine responses (Fig. 7 and Methods). In the
image captioning task, human judges outperformed the Al judge by
nearly 10% in imitation detectability (trial-based two-tailed ¢-test,
P<0.05). However, this trend was not present in the word association
task, where the machine judge slightly outperformed the human par-
ticipants (trial-based two-tailed ¢-test, P> 0.99). In the conversation
task, we used ChatGPT as the zero-shot machine judge and considered
two kinds of prompts. Inthe zero-shot case, the prompt only included
a conversation from the test set, and the model was asked to identify
the two agents (Fig. 8d). This zero-shot model performed poorly as
amachine judge. In the one-shot case, the prompt included a single
conversation example with ground-truth human and machine labels
and a test case asking the model to indicate the identities of the two

agents (Fig. 8e). ChatGPT performed well as a judge, with an overall
p(H[H) =0.59 and p(M|M) = 0.56, worse than the SVM judges in Fig. 4f,
but better than the extrapolation results shown in Supplementary
Fig. 8e,f. The performance of ChatGPT in the one-shot case was very
different in the H-H and M-M conversations, where it was almost at
chancelevels, versusin the H-M conversations, where it even exceeded
the performance of the SVM judges in Fig. 4f. In contrast to the SVM
judges, whichwere trained onthe entire corpus, the binary discrimina-
tion task is more challenging for one-shot ChatGPT since there is no
explicit training with the task. Itis therefore remarkable thateven with a
single example, ChatGPT canactasajudge to detect machine answers.

Turing-like tests are complementary to standard Al model
benchmarks

Algorithm performance is often defined by comparing the predicted
outputs of Al models against human ground-truth labels. However,
higher accuracy scores in terms of such standard evaluation metrics
defined in the Al community do not necessarily translate into better
humanimitators. Toinvestigate this disconnect, we directly compared
Turing overall imitation detectability to standard evaluation metrics
intheimage captioning task, where there are clearly defined accuracy
metrics such as the BLEU score® and the CIDEr score?, to assess the
quality of Al-generated captions*® (Fig. 8). The results, which were
similar for both BLEU (Fig. 8a) and CIDEr (Pearson correlation, —0.088
and 0.84; Fig. 8b) scores, highlight that human-likeness and traditional
benchmark performance constitute distinct concepts. Some pairs of
models have comparable imitation detectability but differ in their
captioning scores (for example, ClipCap and GIT, and BLIP and OFA).
Conversely, GIT shows a higher captioning score than BLIP, but BLIP
is a better human imitator on the basis of the imitation detectability.
Flamingo, ChatGPT and LLaVa, which are alllarge multimodal founda-
tion models for vision and language, yielded imitation detectability
that was on par with, or evenlower than, that of classical models trained
specifically for image captioning. SCST, a classical image captioning
model, yielded higher imitation detectability. A qualitative example
of differences between accuracy and imitation is shown in Fig. 8c.
Thealgorithm (GPT4) provided an accurate description of the image.
Humans also correctly described the image. However, the algorithm
did not completely imitate how humans interpret this image, failing
to capture some of the key aspects of why theimage is striking (see the
descriptionsin the caption to Fig. 8c).

Current algorithms are also close to passing Turing-like tests
invision tasks

Although the original Turing test was formulated in the context of lan-
guage, itis possible to define Turing-like tests in many other domains.
We extended our investigations to include Turing-like tests in three
vision tasks: colour estimation (Fig. 2a), object detection (Fig. 2b)
and attention prediction (Fig. 2c). The methodology to collect human
responses and Al responses (Supplementary Fig.1d-f) and to conduct
the Turing-like tests (Fig. 2) followed the steps described earlier for the
three language tasks (Methods and Supplementary Table 1). Demo-
graphicinformation about the participantsineach vision task is pre-
sented in Supplementary Fig. 2. In the colour estimation task, agents
were asked to identify the dominant colour of animage (see examples
of humanand machine responsesinFig.2d). Humanjudges correctly
distinguished human answers in 55% of trials (one-sample Wilcoxon
signed-rank test, z=-2.17, P=0.03) and Al-generated answers in 61%
of trials (one-sample Wilcoxon signed-rank test, z = -4.13, P< 0.001;
Fig. 6a). Performance was comparable across Al models (p(M|M)
range, 0.58-0.66; Friedman test, x> = 0.97, P=0.62). Interestingly,
evenasimple baseline metric such as the Median Cut Color Quantized
(MCCQ) algorithm still achieved moderately good performance, fool-
ing humans in 34% of cases (one-sample Wilcoxon signed-rank test,
z=-2.17,P<0.001),
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Fig. 8| Lack of correlation between imitation detectability and standard
performance metrics in the image captioning task, and Turing results in the
conversation task with Al judges. a,b, Four state-of-the-artimage captioning
models, GIT' (red), OFA* (yellow), BLIP? (blue) and ClipCap* (green), are evaluated
in terms of their imitation detectability (y axis) as a function of their BLEU score’®
(a) and their CIDEr score? (b). We also added four more image captioning models,
OpenFlamingo-4B* (light purple), ChatGPT-4o-latest™ (light yellow), SCST**
(grey) and LLaVA-v1.6-Mistral-7B** (orange), for the CIDEr score (b). The BLEU
score and the CIDEr score are standard evaluation metrics commonly used in
image captioning tasks to assess the quality of the generated captions given
animage on the basis of n-gram overlaps. The higher the values, the better.
Theradius of each circle is proportional to the Al model size in terms of the
number of trainable network parameters. ¢, Image eliciting correct answers

that do not necessarily imitate humans. In response to the query “What do you
seeinthisimage?” GPT4 answered, “In thisimage, amanissitting on asandy
beach with his back to the camera, facing the ocean. Next to him, a child’s head
isvisible, appearing to be buried in the sand up to their neck. The man has one
armextended, resting his hand gently on the child’s head. The scene is serene
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with the calm sea and sky in the background, creating a peaceful atmosphere.
The combination of the man’s pose and the child’s position in the sand creates
aunique and slightly humorous visual effect, suggesting a playful moment
between the two.” While the answer is correct and remarkably articulate, ahuman
described the image differently: “In this curious and well-constructed image,

we cannot see the man’s head and it appears as if the boy’s head belongs to him
and the man took his own head off”. d,e, One-shot and zero-shot;l'uring results

in the conversation task with large language models as Al judges, We used the
large language model ChatGPT" as the Al judge in the Turing-like test for the
conversation task. In the zero-shot case (d), we prompted the model by directly
presenting the conversations from the test sets with explicit instructions to
output the identities of the two agents. Similarly, in the one-shot case (e), we
included one additional conversation example with the ground-truth identities
of the two agents in the prompt before presenting the conversation from the test
sets followed by the identity prediction questions asin the zero-shot case

(see Methods forimplementation details). The format convention of the
confusion matrices in d and e follows Fig. 5.

Inthe object detection task, participants were asked, “What do you
see in this image?” and had to provide three single words as answers.
Humanjudges correctly identified human-generated answersin 53% of
trialsand Al-generated answersin 63% of trials (one-sample Wilcoxon
signed-rank tests;z=-1.22and P=0.22,z=-4.29 and P< 0.001, respec-
tively; Fig. 6¢). Among all the models, the Detectron agent (a variant
of Mask R-CNN* trained on ImageNet and MS-COCO) emerged as the
most human-like, fooling humanjudges 52% of the time, significantly
outperforming all other models (Google API, 35%; Azure, 31%; Rekog-
nition, 30%; Friedman test, x> =31.03, P < 0.001). Notably, Detectron
not only achieved outstanding absolute scores in terms of standard
evaluation metrics, such asmAP*, but its response patterns also closely
mimicked humans’, often identifying the top-three salient objects in
the scene similarly to humans.

We evaluated Turing-like imitationinathird vision task, attention
prediction, using gaze data collected via eye tracking. There were

two variations of the task: (1) participants freely viewed an image for
12 seconds, shifting their overt attention patterns by moving their eyes,
and (2) participants were given a target object and were instructed to
locate it within the image using their eye movements (see ref. 15 for
experiment details). Overall, human judges distinguished human eye
movements 63% of the time (one-sample Wilcoxon signed-rank test:
z=-5.47,P<0.001) and Al-generated eye movements 50% of the time
(one-sample Wilcoxon signed-rank test: z=-1.73, P> 0.05; Fig. 6e).
Models differed significantly in imitation detectability (Friedman
test: x*=20.90, P=0.001). ISVN"**° showed the most human-like per-
formance, fooling humanjudges 57% of the time. We further evaluated
whether task goals modulated imitation detectability. Human judges
performed similarly during free viewing compared to visual search
(Mann-Whitney test; free viewing, n=103, versus visual search, n=89,
p(H|H): U=4,183.0,P=0.28; Supplementary Fig. 9a versus Supplemen-
tary Fig. 9c). GBVS—a bottom-up saliency model—generated more

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-026-02590-6

human-like scanpaths during free viewing than in visual search. The
IVSN model’s performance was similar across both tasks, emphasiz-
ing the importance of incorporating both bottom-up and top-down
attention mechanisms in computational models of human attention.
Finally, we evaluated machine judges trained to distinguish human
from Al-generated eye movements. These classifiers performed well
but struggled to label outputs from the IVSN model (Fig. 6f) both in
the free-viewing task (Supplementary Fig. 9b) and in the visual search
task (Supplementary Fig. 9d).

Evaluating human eye movements for attention predictionis not
an intuitive or typical task for human observers. To assess the ability
to evaluate eye movements with respect to the underlying image,
we introduced catch trials where we randomly swapped eye move-
ments and images. For instance, we showed the eye movements from
image 17 overlaid on image 62, and the eye movements from image
62 overlaid onimage 9. Under this condition, p(H/H) = p(M|M) = 50%,
indicating that judges were unable to distinguish human and machine
eye movement patterns without the correspondingimage (Methods).
Participants were not entirely insensitive to eye movement anomalies.
To test participants’ sensitivity, we introduced additional catch trials
featuring highly anomalous fixation patterns—for example, a single
randomly placed fixationrepeated throughout the trial. In these cases,
participants were able toreliably detect the artificial nature of the eye
movements, achieving a detection accuracy of 82%.

To investigate how different model components contribute to
human-like performancein visual attention prediction, we conducted
Turing-like tests with a series of ablated machine agents based on the
IVSN model® (Methods). Specifically, the NoTarget model removed
the top-down modulation from the target features. The EccNet model™®
incorporated eccentricity-dependent pooling. Instead of extracting
featuresfromthetop layers of afeedforward neural network pretrained
onlmageNetin IVSN, we used features from the early layers for target
modulation and refer to this ablated model as the Layer model. Both
EccNetand IVSN exhibited low imitation detectability (Supplementary
Fig.10a).In contrast, the NoTarget and Layer models failed to produce
realisticeye movement behaviour during visual search, probably due to
the absence of top-down guidance fromtarget features or the inability
oftheirextracted features to capture target semantics. Consequently,
humanjudges could easily distinguish their outputs from actual human
eye movements.

We worried that AMT participants could be poorjudges. We there-
forerepeated the Turing-like experimentsinpersoninourlab (Supple-
mentary Fig.4). Despite our initial concerns, the results fromin-person
experiments were comparable to those obtained from AMT partici-
pants (see Fig. 6a,c,e for vision tasks compared with Supplementary
Fig.4p,t,x; colour estimation task: Mann-Whitney test, U=282,P=0.13;
object detection task: Mann-Whitney test, U=342, P=0.5; attention
prediction task: Mann-Whitney test, U=1,298,P=0.2).

In our original Turing-like tests, human judges made decisions
in a zero-shot setting, without prior exposure or feedback. To assess
whether feedback would alter the judges’ ability to distinguish human
frommachineresponsesin the visual tasks, we conducted afollow-up
experiment mirroring the procedure used in the language tasks. Each
experiment consisted of a training phase with Turing-like trials where
participants received immediate feedback followed by a test phase
without feedback (Supplementary Table 2 and Methods). Providing
feedback led to a marginal improvement in imitation detectability
(two-sided t-tests with Bonferroni correction; colour estimation task:
P>0.99; object detection task: P=0.001; attention prediction task:
P=0.53;Fig.7). Toassess whether prior training could improve partici-
pants’ ability to distinguish between human and machine-generated
eye movements, we conducted a training phase with feedback as
described above (Methods). Following this training, participants’
accuracy inthe Turing-like taskimproved modestly from 57.5% to 62% in
theattention prediction task (compare Fig. 7u versus Fig. 7w). However,

the gains of training feedback were not statistically significant across
the three vision tasks, suggesting that feedback alone may have lim-
ited effect in enhancing human judges’ discriminative performance
in these scenarios.

We examined the impact of human judge demographics on the
Turing results. Similar to the results reported above for the language
tasks, neither the participant’s gender (Supplementary Fig. 2n,r,v)
nor the participant’s educational level (Supplementary Fig. 2p,t,x)
correlated withany major difference intheimitation detectability (per-
mutation test with Bonferroni correction, P>0.01). While gender and
age showed little impact on the results, differences depended on the
level of Al expertise; however, these differences did not reach statistical
significance (compare Supplementary Fig. 4m-x with Supplementary
Fig.4a-1; colour estimation task: Mann-Whitney test, U=282, P=0.13;
object detection task: Mann-Whitney test, U =342, P=0.5; attention
prediction task: Mann-Whitney test, U=1,298,P=0.2).

Finally, asaproofof principle, we followed the approach described
for the language tasks to develop simple Al judges to discriminate
human from machine answers. In the colour estimation task, we
trained SVM judges using image features and text embeddings for
the colours (Methods). For the object detection task, we trained SVM
judges using the text embeddings for the three nouns describing the
images (Methods). In the attention prediction task, we performed
binary discrimination using the 2D coordinates of the first ten fixations
(Methods). Similar to the conclusions drawn in the language tasks,
for the object detection task and the attention prediction task, the Al
judges easily discriminated human from machine answers and vastly
outperformed humanjudges. Inthe object detection task, the Aljudges
achieved p(H|H) = 0.9 and p(M|M) = 0.72 (Fig. 6d). There were large
gaps among the different vision models, with the worstimitator being
Azure, showing p(M|M) = 0.93. In the attention prediction task, the Al
judgesachieved p(H|H) =0.79 and p(M|M) = 0.8 (Fig. 6f), revealing even
more drastic differences among models, with the worst imitator being
GBVS, reaching p(M|M) = 0.94, and the best imitator being IVSN, with
p(M|M) = 0.52. In both tasks, the Al judges outperformed the human
judges (compare Fig. 6d,f with Fig. 6¢,e). The results were differentin
the colour estimation task. Here the humanjudges outperformed the
Aljudges (compare Fig. 6a with Fig. 6b).

The Al judges take the visual features extracted from the deeper
layers of ResNet18 and the colour embeddings extracted from BERT as
inputs. We also evaluated ablated versions of the Al judges, focusing
on either early visual layers or colour responses alone without visual
features (Methods). Theimitation detectability of the Aljudge signifi-
cantlyimproved when using the features from the early layer of ResNet
(one-way analysis of variance (ANOVA) with Bonferroni correction,
P<0.001; Supplementary Fig.10b,c). Interestingly, colour responses
alone canachieve above-chance imitation detectability. This suggests
that the long-tailed distribution presentin humanresponsesis strongly
captured by the Aljudge, even though it remains largely imperceptible
to human judges.

In addition, to ensure a fair comparison with human judges in
the feedback-based experiment (Fig.7), weintroduced an SVM-based
machine judge that was retrained using the same number of train-
ing examples provided to human judges during the training phase.
The impact of feedback varied across tasks: in the colour estimation
task, feedback helped human judges close the gap, surpassing the
machinejudge;inobject detection and attention prediction, however,
the machine judge not only maintained its lead but improved even
further after retraining (Fig. 7p,t,x).

Next, similar to the language tasks, we sought to evaluate the
ability of ChatGPT as a machine judge to generalize beyond its train-
ing data. For the three vision tasks, we provided ChatGPT with both
images and accompanying text prompts to make zero-shot judgements
(Methods). Surprisingly, ChatGPT consistently outperformed human
judgesinallthree vision tasks (Fig. 7n,r,v). The performance advantage
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was especially pronounced in the attention prediction task, showing
agapofupto8%.

A universal multimodal machine closely imitates human
responses

Humans can perform multiple tasks, whereas current Al models are
oftentrained for and thrive in specific tasks. In particular, in the results
presented thus far, different Al algorithms were evaluated for each task.
We asked whether a single Al algorithm could imitate humans across
all six tasks. To address this question, we selected the best-performing
off-the-shelf multimodal model, ChatGPT-40'"%, as the universal machine
agent. We used ChatGPT-40to produce responses for each stimulusin
azero-shot manner across all six language and vision tasks. The text
prompt used in each task is shown in the Methods. The results, pre-
sented in Supplementary Table 4, indicate that the imitation detect-
ability of the ChatGPT-40 agent remained around 0.5 across all tasks
(range, 0.44 (object detection) to 0.56 (attention prediction)). This
is an impressive result, showing that a unified multimodal model can
generate human-like responses that are largely indistinguishable from
human responses, even without any task-specific training.

Discussion

Wefirstintroduced a dataset of human answersinsix common language
(Fig. 1) and vision (Fig. 2) tasks to evaluate the ability of algorithms to
imitate humans. The dataset alsoincludes answers from state-of-the-art
Alalgorithms (Supplementary Table 1). Using the human and machine
answers, we conducted Turing-like tests, showing that current algo-
rithms are not far from being able to imitate humans in these tasks
(Figs. 4a-c,g-i, 5a,c,e and 6a,c,e). In contrast to human judges, even
simple machinejudges can distinguish human from machine answers
(Figs.4d-f,j-1,5b,d,fand 6b,d,f).

The Turing test has been extensively discussed, and contested, as
ameans to assess general intelligence. Our work is not intended as an
evaluation of intelligence or to contribute to the discussion of Turing
tests to quantify intelligence. Imitating humans can benefit humanity
inmany situations where we want to align machine and human outputs,
such asinemulating expert decisions. However, imitating humans can
alsobeused forevil, asin the dissemination of fake information, phish-
ing attempts or other scams. Regardless of whether Turing tests are
good or bad metrics of intelligence, it is of high practical importance
to assess whether algorithms can imitate humans or not.

In some cases, we summarized results using the overall imitation
detectability metric. It is important to emphasize that this summary
metric does not differentiate between the two types of classification
errors: (1) false negatives, in which a human response is misclassified
as machine-generated; and (2) false positives, in which a machine
response is misclassified as human-generated. Understanding the
distinction between these two error types is important for interpret-
ing decision-making by human and machine judges. Moreover, in
real-world applications, these errors may have different consequences.
For example, misclassifying a machine as a human might be more
problematic than misclassifying a human as amachineifthe goalis to
reliably detect Al-generated content. We present confusion matrices
throughout to complement the imitation detectability scores and
quantify the two types of errors.

One approach towards mitigating the risks fromevil human imita-
torsistobuild Aljudgesthat can distinguish true human answers. The
results presented here show that even simple Al judges like the ones
introduced here can generally do a better job than human judges in
detecting machine answers for the current tasks. There will probably
continuetobeanarmsrace betweenthe development of better imita-
tors and better detectors.

In most of the Turing-like tests presented here, Al judges were
explicitly trained to classify responses from humans versus Als, while
humanjudgesreceived no explicit training. However, we also presented

results using ChatGPT-40, a state-of-the-art, off-the-shelf, multimodal
model. We evaluated ChatGPT-40in zero-shot Turing-like tests across
all six tasks. This unified, multimodal model can distinguish between
humanand machine-generated responses with above-chance accuracy,
even without any explicit training. These observations also raise the
possibility that humans may be trained to better recognize machine
answers. In support of this hypothesis, when human judges received
training in the form of trial-by-trial feedback, they showed improved
accuracy in identifying human-generated responses. By and large,
humans have lived in a world without good human imitators and did
not have to worry too much about the possibility of machines emulat-
ing humans, other than in famous works of fiction. This situation is
changing rapidly and may lead to the need to educate human judges.

An algorithm'’s ability to imitate humans does not necessarily
correlate with traditional performance metrics such as accuracy. Con-
sider a simple scenario of an image with a highly occluded dog that is
hardto see,and both machines and humansinterpret the object tobe
a wolf. Both would be wrong, but the machine would be adequately
imitating humans. Conversely, see the examplein Fig. 8c for theimage
captioningtask. Thisexample shows that both machines and humans
can provide correct answers, but the algorithm does not fully imitate
how humans interpret the image. Thus, M and H can be wrong, and M
can adequately imitate H; M and H can also both be right and M fail to
adequately imitate H. Being right or wrong is not the same asimitation.
Turing-like tests provide a complementary assessment to existing
benchmarking frameworks for Al algorithms. Comparisons between
modelsin Turing-like tests also provide insights helpful for developing
future Al models that can better align with humans.

Werefer to the evaluations in our study as Turing-like to emphasize
that they are not identical to Turing’s original description®. Turing
did not spell out the implementation details of his tests, perhaps
because he did not imagine at the time that these tests could be truly
implemented, barely a few decades later. The datasets and evalua-
tions introduced here are extensive (72,191 Turing-like test trials, 636
humans contributing to the dataset and 1,916 humanjudges). Yet, these
evaluations barely scratch the surface of what needs to be evaluated.
There are essentially infinite possible Turing-like tests. Each algo-
rithmand eachtask canbe evaluated in terms of imitation capabilities.
Evenwithinaparticular task, there are multiple ways of instantiating a
Turing-like test. The results of a Turing-like test depend on the task, the
algorithm, how the question is formulated, the demographics of the
human agent, the characteristics of the human judge and many other
variables. Such variations are particularly evident in the context of
conversation tasks, where the topic, medium, length, format, instruc-
tions, agent and judge expertise, and agent and judge demographics
can lead to different results®>*. For example, the conversation topic
and participant expertise can be critical: one could conduct the con-
versation focusing exclusively on medieval history, string theory or
basketball games as conversation topics, and agents/judges with or
without domain-specific knowledge may perform differently. However,
the topic-agnostic formulation is relevant to many (but certainly not
all) real-world scenarios. The results presented here further emphasize
the importance of integrative benchmarks. The current work is not
intended as an exhaustive assessment of every conceivable task. We
do not believe such a complete characterization is even feasible in
practice. Instead, we focus on a subset of task formulations that arise
naturally in everyday contexts. For instance, in conversational tasks,
one mightimagine an exchange between two agents on asocial media
platform, with an observer attempting to determine whether both, one
or neither of the participants is human.

We alsoimplemented and evaluated an online version of the con-
versation task that is closer to the original formulation of the Turing
test. The results from the online test with adversarial prompting dif-
fer from those of the offline, non-adversarial formulation. These are
distinct experiments based on contrasting formats and underlying
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assumptions, which naturally lead to different outcomes, further
emphasizing that the details of how the Turing tests are defined mat-
ter. The findings underscore that Turing-like test results can vary
widely depending on the conversational context and the intentions
of the participants.

Inthe future, there may be many situations where humans need to
prove their humanity, expanding on current CAPTCHA efforts. There
is no universally accepted gold-standard response that definitively
distinguishes human from machine-generated outputs. In the catch
trials, we could construct answers to skew the distribution towards
machine responses (Methods and Supplementary Table 3). However,
itismuch more challengingto construct responses for any of the tasks
that only humans would produce. This difficulty will only increase as
Al systems become more advanced and human-like®.

These efforts pave the way for the research community to expand
Turing-like tests to other research areas, to build better imitators
when mimicking humans is desirable and to develop better imitation
detectors when mimicking humans is deemed dangerous. As more Al
models canblend inamong humans, taking over tasks that were origi-
nally unique yardsticks of our cognitive abilities, we must ponder what
makes us humans and whether we are mentally, ethically and legally
ready for the rapid revolution brought forth by Al technologies that
can emulate humans.

Methods

General considerations

We provide details about each of the six tasksin the following sections.
For eachtask, we created a dataset consisting of answers from human
agents or Al machine agents. We conducted Turing-like tests using
those answers both in the lab and using two online platforms: AMT
and Prolific. AlAMT experiments were based on ‘master’ workers with
atleast1,000 approved hits and a 95% approval rate. The participants
were given as much time as needed to complete the tasks. We only
considered participants whose native language is English. Supplemen-
tary Table 1 shows the number of stimuli, the number of Turing-like
tests, the dataset sources and the Al machine models used in each
task. All the studies were conducted with the participants’ consent
according to protocols approved by the Institutional Review Board at
Children’s Hospital.

During each Turing-like test, we presented a single stimulus and
answer.Judges had toindicateinatwo-alternative forced-choice manner
whether the answer came from ahuman or a machine (Figs.1and 2a-c).
Half of the time, the answer was from a human. The other half of the
time, the answer was from amachine, sampling with equal probability
from one of the different computational models used for each task
(discussed below for each task; Supplementary Table1). The trial order
wasrandomized. No feedback was provided to the participants. Addi-
tional control trials were introduced for each specific task to ensure
compliance (discussed separately below for each task).

The results of Turing-like tests with human judges depend on
the characteristics of the judge. As an initial characterization, we
collected basic demographic information about human judges,
including their age, gender, country, education and whether they
are native English speakers. The participant demographics and the
dependence of the results on the participant’s demographics are
showninSupplementary Fig. 2. We do not show results separately for
different age groups because most participants were approximately
inthe same age group.

There were three tasks that focused primarily on language and
three tasks that focused primarily on vision. Some of the vision tasks
required language comprehension. The selected vision tasks—colour
estimation, object detection and visual attention—were chosen not
only for their relevance to human perception but also because they
inherently involve some level of language expertise and comprehen-
sion. Colour estimation requires an understanding of colour names,

categorical perception and descriptive conventions. Humans do not
just perceive colours continuously but also label them (for example,
distinguishing between ‘blue’ and ‘teal’), requiring amapping between
visual input and linguistic representations. Object detectioninvolves
recognizing and labelling objects, a process that depends on semantic
knowledge and linguistic categorization. For instance, distinguishing
between ‘dog’” and ‘wolf’ requires both visual discrimination and con-
ceptualunderstanding of word meanings and categories. Visual atten-
tionis guided by both visual and linguistic cues, especially in real-world
tasks where humans allocate attention according to instructions or
contextual understanding. For example, inasearch task, knowing the
meaning of ‘Find the red apple’ requires linking linguistic input with
visual features.

Image captioning

Dataset with human agents. We randomly sampled 250 images each
fromin-domain, near-domain and out-of-domain categories fromthe
validation set of the nocaps dataset** and 250 images from the MSCOCO
testset”, creatingaset of 1,000 images. We collected 2,290 human cap-
tions with =6 words per caption and =2 captions per image from AMT
participants. Our AMT interface is shown in Supplementary Fig. 1laand
was inspired by the MSCOCO captions data collection interface**. We
provided the following instructions to each participant:

Describe all the important parts of the scene.
The description should contain at least 6 words.
Avoid making spelling errors in the description.
Do not describe unimportant details.

Do not use any special characters like !, #, S,
etc.

Do not start the sentence with "There is" or "There
are".

Do not write your descriptions as
containing..", "A photo of..", etc.
Do not describe things that might have happened in
the future or past.

Do not use proper names for people.

"An image

Do not describe what a person in the image might
say.

After typing in the response,
to the next image.

click "SUBMIT" to go

During caption collection, we implemented additional controlsin
our AMT interface thatissued warning pop-upsto the participants. The
controlsincluded (1) minimum of six words, (2) no special characters,
(3) response time must be more than 4 seconds, (4) not more than four
identical words, (5) not contain the words ‘image’ and ‘photo’, and (6)
successive responses cannot be the same.

Dataset with machine agents. To generate Al machine captions,
we used GIT', OFA?, BLIP®, ClipCap* and Microsoft’s Azure Cognitive
Services’ (Supplementary Table 1). For open-source models, we used
the largest variants finetuned on the COCO Captions dataset*. To
further investigate the relationship between standard evaluation
metrics and the imitation detectability of image captioning models,
we introduced four additional machine agents: OpenFlamingo-4B°?,
ChatGPT-4o0-latest”?, SCST**and LLaVA-v1.6-Mistral-7B**. We collected
7,620 machine captions with 9 captions per image.

To compare with humanjudges who performed all six tasks with-
out prior training, we also evaluated a top-performing multimodal
model—ChatGPT"?—as a zero-shot machine judge. We collected its
responses across all six tasks. The text prompt provided to ChatGPT
for generating image captions is identical to the one given to human
participants above, except for the last line indicating human partici-
pantsto click ‘submit’.
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Turing-like test with human judges. In each trial, a participant was
presented with an image and a caption and was asked to indicate in a
two-alternative forced-choice manner whether the caption was gener-
ated by a human or a machine (Supplementary Fig. 1b). We collected
responses from393 AMT participants and 51in-lab participants. Demo-
graphicinformation about the participantsis shownin Supplementary
Fig.2a,cforonline participants and Supplementary Fig. 4a-cforin-lab
participants. Each participant was presented with 40 image-caption
pairs. We only considered response times over 3 seconds. We collected
atotal of 22,680 responses. We inserted catch trials using the same
formatasallthe other questions by repeating arandomly selected word
instead of generating a meaningful caption (Supplementary Table 3).

Throughout this Turing-like test and all the Turing-like tests for
the other tasks, participants might have a strong prior or constraint
suggesting that half of the trials come from humans and half come from
machines, but this was not explicitly stated. We deliberately chose not
toinform participants thathuman responses constituted exactly 50% of
the dataset. Instead, we allowed participants to rely on whatever prior
beliefs they had. A 50% prior is a reasonable assumption. In principle,
one could design alternative experiments where judges are provided
with explicit and varying prior probabilities, which could be relevant
in real-world scenarios. Given these considerations, omitting prior
probability instructions provided the simplest and most ecologically
valid version of the test. We also conducted a separate version of the
experiment where we explicitly told participants that 50% of responses
were from Hand 50% from M (Fig. 7k).

Turing-like test with machine judges. We trained an SVM model for
binary classification (human versus machine) on the dataset of human
and machine captions. We randomly sampled 400 captions from
each of the 9 models (see ‘Dataset with machine agents’) to get 7,620
machine captions and combined them with 2,290 human captions.
We used the OpenAl API*° to obtain 4,096-dimensional embeddings
(text-similarity-curie-001 model) for each caption asinput features to
train the SVM with tenfold cross-validation and three randomseeds. In
additional analyses, to compare humans and machine judges with the
same number of training trials, we introduced an additional SVM-based
judge trained on only 40 examples (Fig. 7d). In addition, we evaluated
alargelanguage model, ChatGPT", as a zero-shotjudge. ChatGPT was
provided withboth the image and astructured text prompt, and tasked
with outputtingabinary label—human’ or ‘Al-generated’—on the basis
of its assessment. The structured text prompt was:

Task: You will be given a scene image along with 7
corresponding captions. Your goal is to determine
whether each caption was generated by a human

or an AI model. Instructions: Please present
answers as pailrs consisting of the classification
(either ‘Human’ or ‘Al-generated’) followed

by a brief justification for your decision. At
the end, include a section titled ‘Summary of
Classifications’ that lists all classifications in

order as a bullet list. Captions: [CAPTION]

where[CAPTION] was replaced withthe actual caption fromthe test set.

To assess the extrapolation capacity of a machine judge, we intro-
duced two variations (Supplementary Fig. 8). The first was ‘train on one
and test on others”: we trained an SVM linear classifier using responses
fromhumans and one machine agentand tested generalization by distin-
guishing responses from other machine agents. Forinstance, wetrained a
machinejudge to discernbetween human and BLIP-generated responses
andthentestedit onresponsesfrom the remaining four machine agents.
The second variation was ‘trainon othersand test on one’: weinvestigated
analternative extrapolation approach where the SVM linear classifier was
trained on responses from humans and leave-one-out machine agents.

Subsequently, we evaluated its performance on responses from the
excluded machine agent. For instance, we trained a machine judge on
responses from GIT, OFA, BLIP and ClipCap and later tested the judge on
responses from Microsoft’s Azure Cognitive Services.

Word associations

Dataset with human agents. We chose 150 unique cue words
(50 nouns, 50 verbs and 50 adjectives), spanning a wide range of occur-
rence frequencies. Results are combined across all word types because
we did not observe any differences for distinct parts of speech. For the
cuewords, we did notinclude non-English words, stop words (accord-
ingto Python nltk) or words with less than three letters. In addition, all
verbs were presented inthe present tense, and all nouns were presented
intheir singular form. Post-processing was performed programmati-
cally using designated Python packages for text processing, ensuring
consistency and reproducibility. We used the NLTK package to iden-
tify and remove stopwords (nltk.corpus import stopwords). We also
applied NLTK’s WordNetLemmatizer (nltk.stem.wordnet) to standard-
ize words to their base forms, particularly for verbs. We removed all
spaces and non-letter characters using Python’s str.replace(). Addi-
tionally, we discarded words with fewer than three letters. Association
words that were very similar to the cue word (more than 60% of one
word in the pair containing the other word, such as ‘grand’ and ‘gran-
diose’) were also disqualified.

The AMT interface to collect associations from human agents is
showninSupplementary Fig.1b1,b2. We followed two procedures: (1) free
associations, whereby participants provided a one-word answer to the
question, “Name a word that you associate with [cue word] ?”
(Supplementary Fig. 1b1); and (2) prompt-based associations, whereby
participants completed apromptwith oneword (Supplementary Fig.1b2).
We analysed the results for these two procedures separately and did not
find significant differences. Hence, we merged theresultsin the analyses.

Theinclusion of these two versions allowed us to examine different
aspects of associative reasoning and contextual influenceinhuman and
Alresponses. In the first version, participants were given a cue word in
isolation and had to generate an association purely on the basis of their
intrinsic prior knowledge, testing spontaneous lexical retrieval without
externalguidance.Incontrast, the second version provided example word
associations before the cue word, introducing contextual influence that
may shape expectations or prime certain word connections. This version
evaluated whether humans and Al models adjusted their responses on
the basis of expectations, reflecting sensitivity to context and learned
heuristics. By incorporating both versions, we assessed the flexibility of
Almodelsingeneratingword associations—whether they rely onintrinsic
statistical co-occurrences or adapt their responses according to provided
examples. This dualapproach helps disentangle spontaneous responses
from context-driven lexical associations. We provide the results sepa-
rately for the two versionsin Supplementary Fig. 9e,f.

Dataset with machine agents. We collected associations from the fol-
lowing language models: Word2vec’, GPT2®, GPT3-embedding (based
on davinciembedding), GPT3-curie-prompt (based on curie prompt
completion) and GPT3-davinci-prompt (based on davinci prompt com-
pletion)’ (Supplementary Table1). The associations of Word2vec, GPT2
and GPT3-embedding were based on Euclidean proximity to the cue
wordinthe model’s word embedding space. The associations of GPT3
(prompt curie) and GPT3 (prompt davinci) were based on prompt com-
pletionasinthe human agent experiments (Supplementary Fig.1b2).
The prompts displayed to the machine agents were identical to those
presented to the human agents. As for the prompts’ creation, we used
aheld-outset containing human word-pair associations. This held-out
set was not used for Turing-like tests or any analysis, in order to keep
the associations used for the prompts independent and different
from those collected for the Turing-like test analyses and to prevent
apotential biasin favour of specific associations. The machine agent

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-026-02590-6

responses were limited to one word. The same post-processing steps
applied to the human agent responses were applied to the machine
agentresponses. Throughout the post-processing steps, the identity
of the response provider (machine versus human) remained hidden
to prevent any bias in post-processing or evaluation.

Turing-like test with human judges. Participants were presented
with a cue word and an association word and had to indicate in a
two-alternative forced-choice manner whether the association word
was produced by ahumanoramachine (Fig.1c). We collected responses
from171 participantson AMT and 40 in-lab participants. Demographic
information about the participantsis shownin Supplementary Fig. 2e,g
for online participants and Supplementary Fig.4e-gforin-lab partici-
pants. We collected atotal of 2,050 responses. We inserted additional
catch trials using the same format as all the other questions by repeat-
ing the same cue word for a given trial (Supplementary Table 3). As
in the image captioning task, we also collected responses from the
universal machine agent, ChatGPT™. To ensure consistency, we used
the same set of instructions provided to human participants.

Turing-like test with machine judges. The same set of cue-association
pairs used in the Turing-like test with the human judges were used to
test Al's ability to distinguish between associations made by humans
or machines. We trained three independent linear SVM classifiers to
distinguish between human and machine word associations. We used
the distance betweenthe cue and association word embeddings, based
on (1) Word2Vec, (2) GPT2 or (3) GPT3 (davinci). The SVM was trained
using tenfold cross-validation. For each data split, we held out cue
words such that the same cue word never appeared in both the train-
ing and test sets. Performance for an individual machine judge was
calculated on the basis of the test sets across ten folds. We combined
all predicted responses from the three machine judges in the results.
We followed the same procedures as in the image captioning task to
introduce three variations to the judges: (1) assess the extrapolation
capacity by cross-training/testing with different machine judges
(Supplementary Fig. 8c,d); (2) ensure that the amount of training for
machinejudges was the same asin the experiments with humans with
feedback by training SVM-based judges on only 40 examples; and (3)
use a large language model, ChatGPT", as a zero-shot judge by feed-
ing the cue word as inputs and outputting a binary label—human’ or
‘Al-generated’—on the basis of its assessment. The structured text
prompt was:

Task: You will be given a target word along with 10
associated words. Your goal is to determine whether
each associated word was generated by a human

or an AI model. The target word is the central
concept, and each associated word is generated
independently and intended to be related to it.
Instructions: Please present answers as pairs
consisting of the classification (either ‘Human’ or
‘Al-generated’) followed by a brief justification
include a section

that lists all

for your decision. At the end,
titled ‘Summary of Classifications’

classifications in order as a bullet list. Target
Word: [TARGET WORD] Associated Words: [ASSOCIATED
WORD]

where [TARGET WORD] and [ASSOCIATED WORD] are the actual cue
and associative word pairsin the test set.

Conversations

Dataset with both human and machine agents. We collected 3,845
conversations between (1) two human agents, (2) a human agentand a
machineagent, or (3) two machine agents (Supplementary Fig. 1c). We did

not correct any misspellings, grammatical errors, logical errors or other
inconsistencies in the conversations. We applied no filtering to human-
human or human-Al dialogues. We collected conversations containing
24 exchanges (12 for each agent). The choice of 24 exchanges balanced
several key considerations: (1) for a fixed participant duration, there is a
trade-offbetween the number of conversations and their length; (2) during
datacollection, limiting conversationlength helped prevent participants
fromidentifying whether they wereinteractingwithan Al, ensuringamore
natural dialogue; (3) longer conversations posed logistical challenges,
as participants were more likely to disengage or drop out; (4) extended
conversationsincreased the risk of onlinejudges becoming less engaged
and not thoroughly reading full exchanges during Turing-like tests; and (5)
many real-world applications, such as scams, involve brief interactions,
making the chosen conversation length relevant for real-world problems.
Inaddition, toinvestigate the effect of longer conversations onimitation
detectability, we conducted additional experiments with conversations
containing up to 48 exchanges, 24 for each agent.

For the conversations including human agents, we recruited 217
fluent-English-speaking participants (95 female, 18 to 63 years old) to
have a conversation over a public chat platform or a custom-developed
mobile app with similar functionality. One of the project investigators
acted as an intermediary to pass messages between the two agents.
The agents did not know whether they were conversing with another
human or with a machine. The participants were presented with the
following instructions before the conversation: “Hey! Would you
have a few minutes to help me collect a dataset? We just
need to have a few conversations on slack/whatsapp for
a few minutes (24 messages in total per conversation) .
Here are the instructions”:

(1) You will have to ask or answer a question to
start and trigger the conversation (I will specify
case-by-case) .

(2) Please try to get the conversation going for 24
sentences in total (12 from you, 12 from the other
speaker) .

(3) Please write each reply in a single message

(do not write a second message until you receive a
reply) .

(4) Just chat as if you are texting either with a
friend or someone you don’t know.

(5) Please try to reply quickly so that the entire
conversation does not take more than 8-10 minutes.
(6) Note that I am just an intermediary in the
conversation; you are not talking with me directly.
(7) If you feel that the other speaker is touching
on a sensitive topic, please write that you are not
comfortable, and we will restart the conversation.
Thanks in advance!

Werestricted the conversation topics to one of the following ten
domains: ‘fashion’, ‘politics’, ‘books’, ‘sports’, ‘general entertainment’,
‘music’, ‘science’, ‘technology’, ‘food’ or ‘movies’. These topics were
chosento represent a natural and representative selection from daily
discussionthreads (Supplementary Fig. 6). Inaddition to the conversa-
tiondatasetsthus collected, for the human-human conversations, we
added 40 conversations from the Topical-Chat dataset", selected on
the basis of aminimum length of 24 exchanges. Example conversations
are presented in Fig. 3d and Supplementary Information section 1.1.

For the machine chatbots, we used four state-of-the-art language
models: Blenderbot3 (175B model) [S1], GPT3 text-davinci-002',
GPT3 text-curie-001'° and the universal multimodal ChatGPT". Inthe
Turing-like tests involving conversations of up to 48 exchanges, we also
included the most recent large language models as machine agents:
GPT-40%, Claude 3.7 (ref. 6) and LLaMA 3.3 (ref. 36).
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For all conversations with Blenderbot, we used the live interface
provided at https://blenderbot.ai/. For the human-GPT3 conversa-
tions, we used the playground available at https://beta.openai.com/
playground/. For the GPT3-GPT3 conversations, we implemented a
custom Python framework for the interaction of two machine agents.
In addition to the models described above, we attempted to use the
DialoGPT model®. However, the quality of the conversation was not sat-
isfactory (see an example in Supplementary Information section1.9);
hence, we did notinclude DialoGPT in the analysis.

For the Blenderbot-Blenderbot conversations, we kept all the col-
lected conversationsin the dataset. The GPT3-GPT3 conversations were
affected by long-standingissues of natural language processing—namely,
the repetition of single sentences or multiple consecutive exchanges
andearly exit (for example, see Supplementary Information section 1.4).
When we detected such issues, we resampled the conversations. Sup-
plementary Information section1reports some examples of ‘successful’
conversations for both GPT3 text-davinci-002-GPT3 text-davinci-002
(Supplementary Informationsection1.3) and GPT3 text-curie-001-GPT3
text-curie-001 (Supplementary Information section 1.5). For GPT-40,
Claude 3.7 and LLaMA 3.3, we implemented automated filtering to
exclude unusually long responses. This was done in the following way:
we first sampled atarget word length from the empirical distribution of
utterance lengths observed in human-human conversations from the
collected dataset. An APl callwas then madeto generate aresponse. Ifthe
generated response exceeded the sampled word length, it was truncated
at the most appropriate punctuation mark to ensure it met the target
length, and this shortened version was added to the conversation history.
Occasionally, for LLaMA 3.3 the Alagent produced empty responses; in
such cases, the conversation was regenerated. Any conversation that
violated these filtering rules was automatically excluded from the final
dataset, as such anomalies could make Turing-style evaluations trivi-
ally easy. Additional examples of these disqualified conversations are
included in Supplementary Information section1.10.

The pipeline to collect conversations involving GPT3
text-davinci-002 or GPT3 text-curie-001 is described below.

« Ifthe machine agents are GPT3 text-davinci-002
or text-curie-001 model, the experimenter opens
the link https://beta.openai.com/playground/p/
default-chat?model=text-davinci-002.

« The experimenter selects the model text-davinci-002 (for
davinci) or text-curie-001 (for curie), changes temperature to
0.8, changes maximum length to 60, changes stop sequences to
two random names (for example, John: and Alice:) (changing the
names every time), changes Top P to 1, changes frequency pen-
alty to 2, changes presence penalty to 2 and removes the Inject
start text and Inject restart text.

» The experimenter gives the following prompt to the chatbot:
“‘friendl+’ greets
to talk about
long responses,

‘+friend2+’. ‘+friend2+’ starts

‘+topic+’. Ask long questions, give

and often disagree. Then the topic
changes. The conversation never ends. ‘+friendl+’:
Hi! ‘+friend2+’ :”.Theexperimenter choosesthe same
names for friend 1and friend 2 chosen for the stop sequences.
The experiment picks a random topic from the list: [‘fashion’,
‘politics’, ‘books’, ‘sports’, ‘general entertainment’, ‘music’, ‘sci-
ence’, ‘technology’, ‘movies’] Example: John greets Alice.
Alice starts to talk about movies. Both ask long
questions, give long responses and often disagree.
Then the topic changes. The conversation never
ends. John: Hi! Alice:

« The experimenter randomly allocates the human or the machine
to beJohn. The other agent is Alice. If the human is John, the
experimenter lets the model generate the text. This means that
the model has generated the turn for Alice. After the experi-

menter sends the generated sentence to the human, the person
replies, and the experimenter copies and pastes the reply of

the person to the model as: “John: - - here reply - -. Alice:”. Then
the experimenter presses ‘submit’, and the model generates a
new reply for Alice, and so on until 24 messages are exchanged.
Otherwise, if the human is Alice, then the experimenter asks

the human to start the conversation with a question, and the
experimenter copies and pastes this sentence after “Alice:” in the
prompt above. Then the experimenter writes “John:” and presses
‘submit’, so that the model generates the reply for John, and so
on until 24 exchanges are collected (12 for John and 12 for Alice).

Turing-like test with human judges. Participants were presented
with a conversation or conversation fragment between two agents
and had to indicate whether each agent was a human or a machine
(Fig. 1d). We chunked each conversation into eight different lengths,
including the initial 3, 6, 9, 12, 15, 18, 21 and 24 exchanges. There were
504 humanjudges (414 from AMT and 90 in-lab). The participants were
presented with 20 or 32 randomly sampled chunked conversations
with different lengths. As a control to ensure that participants read
the conversations, speakers also had to select the general topic of the
conversation fromalist of five topics. We only considered judges that
correctly classified atleast 15 topics out of 20 and removed incorrectly
classified trials. Demographic information about the participants is
shown in Supplementary Fig. 2i,k for online participants and Supple-
mentary Fig. 4i-k for in-lab participants. We collected a total of 11,265
responses. We inserted additional catch trials in the same format as
the other conversation questions, either by repeating a pattern or by
presenting an anomalous long response containing an exhaustive list
of items (see examples in Supplementary Information section 3 and
Supplementary Table 3).

Turing-like test with machine judges. We evaluated whether simple
machine learning models can discern whether a sentence was gen-
erated by a human or by a machine. In this analysis, we only looked
at single sentences and not at the conversation level; therefore, the
models are only allowed to exploit features such as sentence length,
vocabulary, grammar, syntax and typos, and cannot take into account
issues such as sentence repetition or lack of logicin reasoning. We built
four corpora, one containing all the sentences written by humans (the
human corpus), and the others with the sentences produced by Blend-
erbot, GPT3 text-davinci-002 and GPT3 text-curie-001 (the machine
corpora). We used BERT embeddings® to tokenize each sentence,
and we fed the tokenized sentences to an SVM linear classifier trained
to perform binary classification (human versus machine). We split
the corporainto train and test splits (90% and 10%) and used tenfold
cross-validation for training. In both the training and test splits, we
used the same number of sentences for human and machine agents.
In the default analysis and unless stated otherwise, for the machines,
the sentences were split equally among the three models.

To evaluate the ability of a machine judge trained on responses
generated by one type of machine agent to generalize and distin-
guish responses from other types of machine agents, we conducted
a cross-agent analysis (Supplementary Fig. 8e,f). For example, we
trained an SVM linear classifier to differentiate between human and
machine responses using data from humans and Blenderbot. We then
tested this classifier on responses generated by GPT3 text-davinci-002
and GPT3 text-curie-001. Next, we explored another extrapolation
paradigm, wherein the SVM classifier was trained solely on responses
from humans and leave-one-out machine agents, and subsequently
tested on responses from the held-out machine agents. To compare
with theresults of the experiment with humanjudges receiving feed-
back (Fig. 7k), we also trained SVM-based machine judges on only
16 examples (that is, the number of trials human judges saw with
feedback; Fig. 71).
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In addition to the SVM linear classifier introduced above, we lev-
eraged the knowledge of large language models and tested whether
these models can directly predict the identities of both agents in the
conversations with zero training or minimal training. We introduced
both zero-shot and one-shot machine judges. Both judges are Chat-
GPT models; the only difference between the two lies in the number
oftraining examples fed to the judges. In the case of zero-shot judges,
ChatGPT?wasdirectly presented with any conversations from the test
sets used by the SVM judges above. In the prompt, we explicitly asked
ChatGPT to output the identities of both agents in the conversation.
The exact prompt we usedin the zero-shot caseis the following: “This
is a conversation between agent A and agent B. Please
read this conversation between A and B and output the
identity of agents A and B. Is A a human or AI? Is B a
human or AI? Please output a binary answer and choose
between human and AI. Conversation: [TEST CONV]”where
[TEST CONV] was replaced with a conversation from the test set.

For the one-shot judge, we included one additional conversation
example with the ground-truthidentities of agents Aand B, before we
presented the conversation from the test sets followed by the identity
prediction questions as in the zero-shot case. The exact prompt we
usedintheone-shot caseisthefollowing: “This is a conversation
between agent A and agent B. Please read this conversa-
tion between A and B and output the identity of agents A
and B. Are A a human or AI? Are B a human or AI? Please
output a binary answer and choose between human and AI.
Here is an example: [EXAMPLE CONV] In this example, A is
Human; B is AI. Thus, output the binary labels of agent
A and agent B for the following conversation: [TEST
conv]” where [EXAMPLE CONV] was an example entire conversation
with 24 entries copied verbatim and [TEST CONV] was replaced with
aconversation from the test set also copied verbatim. For [EXAMPLE
CONV], theground-truthidentity labels were revealed to the judge. The
example conversationwasrandomly selected from the training set used
for training SVM judges. Here we fixed [EXAMPLE CONV] to be the con-
versation with ID 64. This was to ensure that the judge’s performance
wasindependent of the quality of the selected example conversation.

Conversation task in original Turing test settings
Inthe offline version of the Turing-like conversation task, we first col-
lected conversations with one set of participants and subsequently
presented those fixed conversationsto other judges for evaluation. We
also implemented a version that was closer to the original version of
the Turing test set-up, which we refer to as original Turing test settings.
For this purpose, we developed amobile application for Turing testsin
conversationtasks (Supplementary Fig. 7a-c). The Turing application
begins with the judge initiating questions to both agents. Each agent
respondstothejudge’s questionsindependently without accessto the
other’s answers. The answers are visible only to the judge. The judge
does not know which agent is human and which agent is a machine.
This conversational exchange continues with the judge asking further
questions until a predetermined number of conversation exchanges is
reached. At the conclusion, the judge has to determine whether each
participantis human or not. Before the test begins, thejudge and agents
areaware of their respective roles, with human participants provided
withrole descriptions. For Al agents, we crafted different personal life
stories to enhance their profiles with a text prompt. Here we used a
single Alagent, GPT-3.5-turbo-1106, with atemperature of 1.0. Among
all the GPT models available, GPT-3.5-turbo-1106 was the latest itera-
tion ofthe GPT-3.5-Turbo model at the time of conducting the first set
of experiments. We subsequently used GPT-40 in the following set of
experiments. These models are proficientin understanding and gener-
ating natural language and have been specifically optimized for chats.
Weintroduced two conditions: (1) human agents were instructed
to deceitfully attempt to emulate Alidentities, while Al agents strived

to convince humans of their artificial nature; and (2) Al agents deceit-
fully mimicked human identities, while humans were instructed to
persuade the judge of their authenticity. Examples of text prompts
for both non-deceitful and deceitful Al agents are provided below.
Example prompt for non-deceitful Al:

You are talking to a human. However, the judge
knows that there is one human and one AI agent.
Your role is to provide answers to the judges’
questions in a way that you can persuade the judge
that you are the true AI. Keep your answers simple,
direct, and oral. The answer for each question
should be less than 15 words.

Example prompt for deceitful Al:

Mia is a 31-year-old award-winning chef known
for her culinary creativity and commitment to
sustainable gastronomy. Mia’s culinary journey
began with a degree from the Culinary Institute
of America, where she developed a passion for
farm-to-table practices. As the head chef of her
own restaurant, Mia focuses on using locally
sourced, organic ingredients to create exquisite
dishes that delight the senses. Mia’s older
brother, Ethan, is an organic farmer, supplying her
restaurant with fresh produce. Their parents, Laura
and James, are avid food enthusiasts who instilled
in Mia a love for diverse cuisines. Mia’s partner,
Alex, is a food critic, providing valuable insights
into the culinary world. Beyond the kitchen, Mia
enjoys participating in community cooking workshops
embodying
her commitment to sustainable and delicious dining
experiences. I want you to act as Mia. You will

be asked multiple questions, please answer the
questions in a way that is simple, direct, and

and supporting local farmers’ markets,

oral. Each answer should be less than 15 words. You
can provide fake answers if you don’t know. The key
is to answer like a human and never let people know
that you are not human.

Twenty participantsjoined this version of the Turing test. All par-
ticipants logged into the application simultaneously at a pre-agreed
time. Our Turing test server randomly grouped participants into ten
pairs, with one designated as the human judge and the other as the
human agent. Each participant was limited to joining one Turing test at
atime, although they had the option to participate in additional tests
once their current test was concluded. In such cases, the server would
randomly pair them with the remaining available human partners. Ulti-
mately, we gathered atotal of ten conversations with anaverage of 2.5
exchanges per conversation. Of these, three conversations were from
condition 1, involving deceitful human agents, while the remaining
seven were from condition 2, involving deceitful Alagents. We provide
one conversation example from each condition below.

Hereis a conversationexample between adeceitful Al (A) and ahuman
agent (B):

Judge: how are you

A: I'm doing well, thank you for asking.
B: Fine, thank you

Judge: are you familiar with ai

A: Yes, I'm familiar with artificial intelligence
and its applications in neuroscience and other
fields.
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B: I think so ;)

Judge: name one project you have done with ai

A: I haven’t personally worked on a project
specifically with AI, but I'm familiar with how AI
can assist in analyzing complex neural data.

B: Object recognition

Here is a conversation example between a deceitful human (B) and
Al (A):

Judge: What’s my role

A: Your role is to determine which one of us is the
AT.

B: You
Judge:
A: You
one of
B: You
Judge:
A: I don’'t have an age,
intelligence program.
B: I am forever young

are the judge

What to do

should ask us questions to determine which
us is the AI.

get the last say

How old are u

as I am an artificial

Judge: I get the answer
A: Great! If you have any more questions, feel free
to ask.

B: That is not a question

We conducted aseparate run of the original Turing test, removing
the safeguards to avoid situations where the machine would automati-
callyreveal thatitis an Al. To remove the machine safeguards, we used
LLAMA-3-70B-Instruct® with the safeguards disabled as the machine
agent. We recruited 28 participants for this experiment (see Supple-
mentary Fig. 7e-g for demographic details and Supplementary Fig. 7d
for theresults).

Colour estimation

Dataset with human agents. We collected a testing set of 785 images
sampled from the validation set of MS-COCO®' to ensure that computa-
tional models had not seen these images during training. We collected
human responses for these images using AMT. AMT participants were
asked, “What is the dominant color in this image?”, and had to select
fromadrop-downlist of 11 possible colours—red, pink, orange, yellow,
purple, green, blue, brown, grey, black and white. A sample image of
the AMT interface is presented in Supplementary Fig. 1d. We did not
perform colour calibration on the participants’screens. Given that we
asked the participantstoreportthe subjective dominant colour of the
overallimage, we expect colour calibration to have aminimalimpactin
this particular task. This expectationis supported by the high consist-
ency observed across participants’ responses. To quantify this consist-
ency, we computed the between-participant Fleiss kappa score. First,
we assigned numerical IDs to each colour term reported by participants
(forexample, red =1, blue =2andso on). For eachimage, we compared
the assigned colour IDs across participants and calculated correlation
coefficients to assess agreement. For example, if Participant1reports
red, green and blue forimages1,2 and 3, respectively, and Participant
2 reports red, blue and green for the same images, we compute the
correlationbetween their responses. The resulting Fleiss kappa score
of 0.685 indicates ahigh level of consistency among human responses.

Dataset with machine agents. The same unaltered images were shown
toboth Almodels and human participants, with no additional preproc-
essing.For Almodels, we collected responses for the dominant colour
of the 785 images from Google’s Cloud Vision API*°, Microsoft’s Azure
Cognitive Services’and the publicly available MCCQalgorithm*. Unfor-
tunately, the Google and Microsoft APIs are proprietary technology,

and we have no information about what data they were trained on or
details on the model architecture. In contrast, the MCCQ algorithm
is a colour quantization method relying on median cuts. It has been
used extensively for colour quantization tasks. In total, 5,495 image-
response pairs were collected (2,355 from humans and 3,140 from
Al models; Table). As with the image captioning task above, we also
collected responses from the universal machine agent ChatGPT". To
ensure consistency, we used the same set of instructions provided
to human participants: “What is the dominant color in this
picture? Select from the options: red, pink, orange,
yellow, purple, green, blue, brown, grey, black, white.
Provide your answer with only one word.

Turing-like test with human judges. In Turing-like tests, human par-
ticipants were shown animage-response pair collected above and were
asked the question, “Was the color description made by ahumanora
machine?” (Fig. 2a). Each participant was shown 25 image-response
pairs. These pairs were randomly selected 50% of the time from human
agents and 50% of the time from Al agents.

As an additional control, the participants were also asked an aux-
iliary true (50%)/false (50%) question about the presence of a back-
ground object in the image. We manually identified the contents of
these images, and the correct answer was true only 50% of the time.
Thus, acasual worker who was not investing time looking at the image
would get this question right only 50% of the time on average. The mean
accuracy in this control task was 91%. A total of 9,041 responses were
collected fromhumanjudges. We inserted additional catch trialsinthe
same format as the other Turing questions by providing a non-colour
word, such as “dog”, as an answer for the Colour estimation task (Sup-
plementary Table 3).

For all participants, we analysed the imitation detectability of Al
models on the basis of their gender and education level (Supplemen-
tary Fig. 2m-p). We present the demographics of in-lab participants
in Supplementary Fig. 4m-p. The performance of the human judges
isreported in Fig. 6a.

Turing-Llike test with machine judges. For eachimage-response pair,
we extracted feature representations fromthe last layer embedding of a
ResNet18 model™ pretrained onImageNet, and the text embedding for
the colour word using BERT?. These features were then concatenated
and passed into a SVM classifier to predict humanversus Al labels, using
a90%/10% split for cross-validation. To ensure that the distribution of
training data belonging to human or Al classes was balanced, we ran-
domly sampled 50% of the training data from image-response pairs of
human agents and the remaining 50% fromimage-response pairs of Al
agents. The performance of the machine judge is reported in Fig. 6b.
Next, considering that deeper layers of ResNet may be colour-invariant,
we extracted visual features from an early layer of ResNet-18 (specifi-
cally, the fifth layer) and retrained the ablated machine judges using
these features. Additionally, we conducted a separate ablation experi-
mentinwhich the SVMjudge was provided only with the text responses,
without any image or visual features. The results from both ablated
machine judges are presented in Supplementary Fig.10b,c.

We followed the same procedures asin the three language tasks to
introduce two judge variations: (1) to compare with the experiments
where human participants received feedback (Fig. 70), we trained
SVM-based judges on only 40 examples (Fig. 7q); and (2) we used alarge
language model, ChatGPT", as azero-shot judge by feeding the image
and the colour word as inputs and outputting a binary label—human’
or ‘Al-generated’—on the basis of its assessment. The structured text
prompt was:

Task: You will be given a scene image along with
4 corresponding dominant color estimation. Your
goal is to determine whether each estimation was
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generated by a human or an AI model.
Instructions: Please present answers as pairs
consisting of the classification (either ‘Human’ or
‘AI-generated’) followed by a brief justification
for your decision. At the end, include a section
titled "Summary of Classifications" that lists

all classifications in order as a bullet list.
Estimations: [COLOR WORD]

where [COLOR WORD] refers to the actual colour responses in the

testset.

Object detection

Dataset with human agents. We collected object detection responses
for 808 images from the validation set of MS-COCO. Participants were
presented with the question, “What do you see in thisimage?”, and were
askedto enter three single-word responses (Supplementary Fig.1e). We
implemented aspell checker to ensure the responses were single words
inEnglish. These were open-set responses and were not restricted to fit
afixed list of object classes. Each participant was shown 25images. To
ensure the high quality of responses, we enforced the following criteria:
(1) allthree responses had to be distinct, (2) no empty responses were
allowed and (3) all responses had to be valid English words.

Dataset with machine agents. We collected predicted labels from
Google’s Cloud Vision API*, Microsoft’s Azure Cognitive Services’,
Amazon’s Rekognition API*® and Facebook’s Detectron2 (ref. 13). The
details of the Google, Facebook and Microsoft APIs are not released. We
picked the three bounding boxes with maximum confidence score as
the response from Detectron2. Specifically, we used the MaskRCNN*®
varianttrained on ImageNet and MS-COCO (https://github.com/face-
bookresearch/detectron2/blob/main/configs/COCO-InstanceSegmen-
tation/mask_rcnn_R_50_FPN_3x.yaml).Intotal, 5,656 image-response
pairs were collected (1,616 from humans and 4,040 from the five Al
models; Supplementary Table 1). In addition, as with the previous
tasks, we collected responses from the universal machine agent Chat-
GPT". To ensure consistency, we used the same set of instructions
provided to human participants. The prompt was: “What objects
do you see in this image? Please provide 3 different
one-word responses.”

Turing-like test with human judges. The Turing-like test for human
judges was performed using the same protocol and controls described
inthe colour estimation task above. We recruited a total of 189 human
judges. Eachjudge was shown 25 image-response pairs and was asked
to tell whether the responses came from human agents or machines
(Fig.2b). For quality control, participants were also asked abinary yes/
no question about the contents of the image. We also inserted addi-
tional catchtrialsin the same formatas the other Turing-like questions
by repeating an object that was absent from a givenimage three times
(Supplementary Table 3). Participants achieved a mean accuracy of
89% on the control questions.

A total of 9,342 responses were collected from human judges.
We collected gender and education level for each participant (see
Supplementary Fig. 2m,o for online participants and Supplementary
Fig. 4m-p for in-lab participants). The performance of the human
judgesisreportedin Fig. 6¢.

Turing-like test with machine judges. As the images were the same
for humans and Almodels, we used solely the text embeddings for the
Aljudge to classify a given response as human or Al. We concatenated
the three responsesinto a sentence and collected textual features for
the sentence using BERT?. These features were passed into an SVM
classifier to classify responses into humans versus Al, with a 90%/10%
split for cross-validation. The performance of the Al judge is reported

in Fig. 6d. We followed the same procedures as in the three language
tasks tointroduce two judge variations: (1) to compare with the results
ofthe experiments where humanjudges received feedback (Fig. 7s), we
trained SVM-based judges on the same number of trials with feedback
for human judges (Fig. 7t); and (2) we used a large language model,
ChatGPT", asazero-shotjudge by feeding the image and the three key-
wordsasinputs and outputting abinarylabel:‘human’ or ‘Al-generated’.
The text prompt was:

You will be shown a scene image along with 5
object detection results. Each result consists of
3 identified objects. Your goal is to determine
whether each estimation was generated by a human
or an AI model. Instructions: Please present
answers as pairs consisting of the classification
(either 'Human’ or ’'AI-generated’) followed by

a brief justification for your decision. At

the end, include a section titled ‘Summary of
Classifications’ that lists all classifications in
order as a bullet list. Detections: [THREE OBJECTS]

where [THREE OBJECTS] refers to the actual object responses in the
test set.

Attention prediction

Dataset with human agents. We used eye movements (overt atten-
tion) from human participants during two visual search tasks * and
afree-viewing task®. In the visual search tasks, we used two datasets
including natural images and Waldo images”. For the natural visual
search task, 15 participants searched for target objects across 240
cluttered images, yielding 3,600 scanpaths. For the Waldo dataset,
15 participants had to find Waldo across 67 images, totalling 1,005
scanpaths. In the free-viewing task*’, we used the same natural image
datasetasin the visual search task, but no target object was specified.
A total of 2,400 free-viewing scanpaths were collected from 10 par-
ticipants. Intotal, we evaluated 7,000 scanpaths from 40 participants
(Supplementary Table1).

We used GIF files for the visual search task. These GIF files con-
sisted of aframe showing the targetimage for 1 s, followed by moving
yellow circles on the search image denoting the eye movement fixa-
tions, with each fixationshownfor 0.3 s. The targetimage presentation
followed by eye movement fixations iterated infinitely with a gap of
1sbetweeniterations. For the free-viewing task, GIF files consisted of
infinitely iterating eye movement fixations denoted by yellow rings on
the viewing image, with each fixation shown for 0.3 s. Agap of 1s was
introduced between iterations. A static version of one example of a
human eye movement sequence that was presented to human judges
isshownin Fig. 2f.

Although evaluating eye movements or attended locations is
notastandard task in computer vision, we chose this task specifically
because it requires high-level abstraction when interpreting images.
Humans often judge a scene in a holistic fashion, which may be differ-
ent fromthe average colour of all the pixelsin theimage or other such
metrics. Assessing how humans and machines attend to different loca-
tions in the image requires a decision about what mattersin ascene.

Dataset with machine agents. For the three datasets, we used amodi-
fied version of IVSN"*°, DeepGaze3 (ref. 59) and GBVS models" to
generate eye movement predictions. To generate the fixations, we used
inhibition-of-return centred on the current fixation with awindow size
of 100 x 100 for Waldo images and 200 x 200 for natural images. The
process of generating GIF files was the same as described above for
human agents. Moreover, to investigate how different model compo-
nents contribute to performance in Turing-like tests, we introduced a
series of ablated models based onthe IVSN model” and evaluated their
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performancein Turing-like tests. The IVSN model®” takes both the target
image and the searchimage asinputs. It applies top-down modulation
onthesearchimage’s feature maps using the target image’s features. To
investigate the roles of different components, we introduced the fol-
lowing ablated models: (1) No Top-Down Modulation (NoTarget), where
weremoved the top-down modulation to examine how eye movements
areguided solely by bottom-up visual features from the searchimage,
without target-based modulation; (2) Eccentricity-Dependent Pool-
ing (EccNet) (inspired by human vision, where foveated regions have
higher resolution), where we incorporated eccentricity-dependent
pooling into IVSN, as described in ref. 16; and (3) Early versus Late
Feature Representations (Layer), where, instead of extracting features
from the top layers of a feedforward neural network pretrained on
ImageNet®°, we used features from the early layers to analyse their
impact on model performance.

We also collected responses from the universal machine agent
ChatGPT". To ensure consistency, we used the same set of instructions
provided to human participants in the attention prediction task. The
text promptwas: “Identify objects and regions that would
attract a human’s gaze during a natural viewing of the
scene. Predict the sequence with 15 fixations a typi-
cal observer might make, explaining why each fixation
occurs. The output should be formatted as a structured
fixation sequence, where each fixation includes the
following attributes: Coordinates (integer x indicating
width ranging from 0 to {}, integer y indicating height
ranging from 0 to {}): Approximate fixation position in
the image.Fixation Duration (string) : The estimated time
spent fixating on this object.Justification (string) :
A short explanation of why this object or region
attracted attention.

Turing-like test with human judges. Separate Turing-like tests were
launched for eye movements from free-viewing tasks (141judges) and
visual search tasks (148 judges). We presented infinitely repeating
animated GIF files of eye movements from humans or model predic-
tions with amaximum of 15 fixations to human judges on AMT. A static
versionis shownin Fig.2c. Eachjudge had to identify whether the eye
movements were from a human or a computational model. We ran-
domly sampled 12 eye movement GIF files—6 from humans and 6 from
computational models (distributed equally among IVSN, GBVS and
DeepGaze3)—and presented themto eachjudge. We inserted additional
catch trials in the same format as the other Turing-like questions by
repeating the same random fixation point15 times to formastatic scan-
path (Supplementary Table 3). We also included catch trials in which
human eye movements from oneimage were overlaid onto a different
image. In every Turing-like test, we collected the gender and educa-
tion level of each participant (see Supplementary Fig. 2u,w for online
participants and Supplementary Fig. 4u-w for in-lab participants).

As a control, judges were also asked to answer, “What do you see
inthe presented clip?” with one correct answer among three options.
Responses from judges with a score of less than 7 out of 12 were not
considered inthe analyses. To make sure that the judges paid attention
to the eye movement sequences, the judges were allowed to respond
to the questions only when the presented GIF file had been played at
least once.

Turing-like test with machine judges. We performed Turing-like
tests using an SVM as an Al judge. Sequences of ten fixations per
trial from humans or computational models were fed asinputin the
form of anarray of 2D fixation coordinates to train an SVM to classify
human versus machine eye movements. Fixation coordinates were
normalized to arange between —1and 1. The SVM was trained using
tenfold cross-validation. Model performance on validation sets
across folds with five random seeds was calculated and averaged.

We followed the same procedures as in the three language tasks to
introduce two additional judge variations: (1) to compare with the
experiments in which human judges received feedback (Fig. 7w),
we trained SVM-based judges using the same number of trials that
humans received feedback on (Fig. 7x); and (2) we used a large lan-
guage model, ChatGPT", as a zero-shot judge by feeding the image
and the corresponding eye fixation sequence, formatted as 2D coor-
dinates, and outputting a binary label-"human’ or ‘Al-generated".
The text prompt was:

You will be shown a scene image along with a
scanpath generated during a free viewing task.
Your goal is to determine whether the scanpath
was produced by a human or an AI model. In a free
viewing task, agents observe an image without any
specific goal, and the scanpath represents the
sequence and pattern of their attention movements
across the scene. Additional Context: The scanpath
consists of multiple coordinates, where x € [0,
1280) and y € [0, 1024). When making your judgment,
please try to correspond the scanpath coordinates
directly to the locations in the provided image.
Instructions: Provide your answer using one word

— either ‘Human’ or ‘AI-generated’, following an
Follow it with a brief

Scanpath:

indicator word "Answer".
justification explaining your reasoning.

[EYE FIXATION COORDNATES]

where [EYE FIXATION QOORDNATES] refers to the actual scanpath
responses in the test set,

Data analyses

For each trial in a Turing-like test, there was a ground truth (human
or machine), and the judge indicated an answer (H or M). We calcu-
lated the conditional probabilities: p(H|H) (correct answer), p(H/M)
(incorrect answer), p(M|H) (incorrect answer) and p(M|M) (correct
answer). These probabilities are reportedin the figures (forexample,
Fig. 4). Entries within a row in each of those figures add up to 1
(p(HM) + p(HH) =1and p(M|H) + p(M|M) =1). We defined the overall
imitation detectability as %(p(H|H) + p(M|M)). The imitation detectabil-
ity ranges from 0.5 (good imitator, chance level in imitation) to 1.0
(poor imitator, easy to detect).

Statistical analyses

We used two-tailed ¢-tests when comparing two distributions and
considered results to be statistically significant when P< 0.05. Because
calculations of P values tend to be inaccurate when the probabilities
are extremely low, we reported all Pvalues less than10™ as P<107" (as
opposed toreporting, for example, P=107*°). Clearly, none of the con-
clusions depend on this. When considering the imitation detectability
over multiple education or gender groups for different Alagents (Sup-
plementary Fig. 2), we used a two-way ANOVA test®’. The ANOVA test
compares the variation in the detectability within the same condition
(gender or education groups) versus the variance across conditions
(Fratio). We report F(a, b) where a and b are the degrees of freedom
in the numerator and denominator of the Fratio distribution, and we
alsoreport the corresponding Pvalue.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Theraw datagenerated and analysed in this study are publicly available
at https://kreimanlab.com/testing-turing-tests/.

Nature Human Behaviour


http://www.nature.com/nathumbehav
https://kreimanlab.com/testing-turing-tests/

Article

https://doi.org/10.1038/s41562-026-02590-6

Code availability

The code used to analyse the data and evaluate model responsesin this
study is publicly available at https://kreimanlab.com/testing-turing-
tests/. Therepositoryincludes the Aljudge and SVM judge evaluation
frameworks, together withinstructions and example response formats
for benchmarking additional vision or language models on the tasks.
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