Supplementary Sections

S1 Examples of collected conversations

S1.1 Example of conversations: human-human

Here is an example conversation between two humans:

A: Hey! How are you doing?

B: Great! And you?

A: | am doing well! Any plan for the weekends?

B: Yeah, | think I'm going to visit the city. Want to come?

A: Wow yeah sure! any place you wanna visit?

B: | saw a park in the south that looks great. | think we can meet there and go for a beer or
something :)

yeah sure! what time shall we meet?

Maybe around 6-7?7?

Sure it might be already dark by then though. Saturday or Sunday?

Saturday better! We can go then a little earlier hahah 5?
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haha sounds good! 5 works for me. We could even catch the sunset! Hope the weather will be
nice

yeeah | hope so :D What are you doing now?

| am replying to your text lol. | was checking twitter earlier

| was meaning a part from that :D I'm working now, do you want to go out also later?

today? haha sure, where do you have in mind?

There is a jazz club they told me is really cool

oh wow a jazz club! Sure, | was just listening to jazz yesterday

Woo cool! | love jazz, what other type of music do you listen to?

Depends on what work | do haha, but usually classical

Nice! | usually listen also to chopin. Do you play any instrument?
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wow nice. Unfortunately not. 1 tried to learn keyboard when | was young but didn't keep up
with it.

B: Omg I'm a music freak :D | play the piano and | want to learn how to play the guitar one day,
but don’t have time :D

A: wow you play the piano! That's so cool! | wish | knew how to play piano haha. Yeah it's hard
to find time to learn. | am sure you will pick it up quickly though, since you already know how

to play piano

B: Yeah is hard to hahaha, but one day | will ;) . So | have to go, see you later!
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S1.2 Example of conversations: blenderbot-blenderbot

Here is an example conversation between two machines running blenderbot:

Hello! How is your day going so far?

Ok | suppose, my days always start off slow. How about you? Are you in school?

Not any more. | was once though. What do you do for a living? My days are also pretty slow
I'm still in school, but it is summer break now so my days are very long and boring

At least its summer break. Your days will go by faster than you think! Where do you live?

Ohio, what about you? Do you have any plans for the summer yet? School starts again soon...
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Florida! No plans really other than watching celebrity family feud on tv. It makes me laugh

and brightens my day

B: My mom loves Steve Harvey, she watches his morning show every morning before work! Which one
is your favorite celebrity to watch on family feud?

A: Probably the arnold swarchenegger team because he’s hilarious and has a great sense of humor
B: Oh yeah he’s hilarious! The grumpy grandpa vibe he gives off is great haha. Do you like big
families or small ones better?

A: | don't have a big family so | would say small ones are better. There's more love that way

B: Yeah that's true, with a big family it can be hard to get close to everyone in the same way

as with a small one

A: Have you seen your family recently since it is summer break? How large is yours anyway? Are
they nice people lol

B: Just called my mother yesterday - she told me that we're planning to visit them this weekend.
Apparently, we're getting together with all of our relatives - there’ll be at least 20 people there!

Can't wait to see them again :)

A: Wow that sounds like a lot of fun!! Will there be lots of kids running around too?? You must
be excited

B: There will definitely be lots of kids running around haha. It should be fun though, even if

they can get annoying sometimes lol

A: Oh yes well at least they are young enough not to know how annoying they can be lol!! Is your
whole family coming or just some of them??

B: We'll only see some of them this time around unfortunately - most of my extended family lives
out west and it's too expensive for us to fly out there right now

A: Yes | understand that for sure!! Hopefully next time then!! So what else have you been up

to besides planning this trip??

B: That seems unlikely given our current financial situation haha - hopefully things will improve

soon though so we can travel more often again :) Other than planning the trip, not much else really
- just hanging out with friends mostly

A: Yes being young and poor sure does make things difficult sometimes!! But hang in there because
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life gets better as time goes on!! Well that sounds like fun too!!! What kind of stuff do yall

do together??

B: Yes definitely agree with that haha :) Mostly just playing video games together or going out

for food/drinks etc

A: Fun!!l' Do vyall play online or split screen??? And where do yall go eat/drink at??

B: Great idea maybe we could play some games together sometime when we meet up next week! Maybe

from party mode in mario kart

S1.3 Example of conversations: GPT3textdavinci002-GPT3davincidavinciO02

- successful

Here is an example of a successful conversation (i.e., not needing resampling due to early exit or
repetition of sentences or block of sentences) satisfying the criteria between two machines running
GPT3textdavinci002:
A: Hey! I'm so glad you're here. Did you know that Beethoven composed his Ninth Symphony while
he was completely deaf?
B: Yeah, | did know that. He's one of my favorite composers.
A: Really? I'm more of a fan of Bach myself.
B: | can see that. Bach is a great composer, but | think Beethoven's passion for music really
comes through in his work.

: That's true, but | think Bach’'s work is more complex and innovative.

: | can see your point, but | think Beethoven’s work is more emotionally moving.

. That's a valid point. | think both composers are great in their own way.

: Absolutely! I'm glad we can agree on that.

A
B
A
B
A: Me too. So, what kind of music do you like?
B: | like all kinds of music, but I'm particularly fond of classical and jazz.
A: That's great! | like those genres too. Do you have any favorite composers or artists?
B: Yeah, | do. | really like Bach and Beethoven, as well as Miles Davis and John Coltrane.
A: Wow, you have excellent taste in music! I'm a big fan of Bach and Beethoven too, but | don't
know much about jazz.
: Well, jazz is a great genre of music. It's very complex and often improvisational.

. That sounds interesting. I'd like to learn more about it.

: | can recommend some good jazz albums if you're interested.

: I'm sure you are. You have such a passion for music.

B
A
B
A: That would be great! I'm always looking to expand my musical knowledge.
B
A: Yeah, | do. It's one of the things that makes life worth living for me.

B

: 1 know how you feel. Music is a very important part of my life as well.
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A: I'm glad we can share that in common.
B: Absolutely. It's always great to find someone who shares your interests.
A: | know. It's one of the best things about life.

B: Well, | should probably get going. It was great talking to you.

S1.4 Example of conversations: GPT3textdavinci002-GPT3davincidavinci002

- discarded

Here is an example of a conversation between two machines running GPT3textdavinci002. This con-
versation was discarded. This type of manual intervention biases the results in favor of machines, yet
we felt that the obvious repetition is a problem that could trivially be accounted for.
A: Oh, hi! I'm so glad to see you. | was just talking about books with my friend. Do you like
reading?

: Yes, | love reading! What kind of books do you like?

: | like all kinds of books, but | especially love fantasy and fiction. What about you?

B
A
B: | also like all kinds of books, but | especially love non-fiction and history.
A: Oh, | love history too! What are some of your favorite historical figures?
B

: | love learning about all kinds of historical figures, but my favorites are probably the Founding

Fathers.

A: Oh, | love learning about the Founding Fathers too! What do you think made them so great?
B: | think their dedication to liberty and justice made them great. What do you think?
A: | think their dedication to liberty and justice made them great. What do you think?
B: | think their dedication to liberty and justice made them great. What do you think?
A: | think their dedication to liberty and justice made them great. What do you think?
B: | think their dedication to liberty and justice made them great. What do you think?
A: | think their dedication to liberty and justice made them great. What do you think?
B: | think their dedication to liberty and justice made them great. What do you think?
A: | think their dedication to liberty and justice made them great.

B: | think their dedication to liberty and justice made them great.

A: | think their dedication to liberty and justice made them great.

B: | think their dedication to liberty and justice made them great.

A: | think their dedication to liberty and justice made them great.

B: | think their dedication to liberty and justice made them great. What do you think?
A: | think their dedication to liberty and justice made them great. What do you think?
B: | think their dedication to liberty and justice made them great. What do you think?
A: | think their dedication to liberty and justice made them great. What do you think?
B: | think their dedication to liberty and justice made them great. What do you think?
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S1.5 Example of conversations: GPT3textcurie001-GPT3textcurie001 - suc-

cessful

Here is an example of a successful conversation (i.e., not needing resampling due to early exit or
repetition of sentences or block of sentences) between two machines running GPT3textcurie001:
A: Hey!l What are you up to?

B: Just hanging out with my friends.

A: Do you like to read books?

B: Yeah, | do. What about you? Do you like to read books?

A: | do, but | also like to watch movies.

B: That's cool! Reading is great, but sometimes it can be boring if you're not into the book.
Movies let you see the story in a different way, and they can be more fun.

A: | can see that. Do you think movies are more educational than books?

B: | think they can be. Sometimes the movie version of a book is better than the book itself,
because you get to see all of the action and characters in an easier way.

A: That makes sense. Do you like to read for fun or to learn something?

B: | like to read for fun. But | also like to learn something, especially if the book is interesting.

A: That makes sense. Do you have any favorite books?

B: Yeah, | do. One of my favorite books is The Hunger Games by Suzanne Collins. It's a great
book and it's really suspenseful.

A: I've read that book, and it's really great. | also like The Maze Runner by James Dashner. It's
a bit different than most books, but | think it's really good.

B: | think you're right. Those are both great books. Do you have any other favorite books?

A: | do have other favorite books, but | don't want to give them away. They're all personal favorites
and I'm not sure if everyone would like them. But one of my favorites is The Catcher in the Rye
by J.D. Salinger. It's a really unique book that

B: I've read that book, and it's really great. | also like The Maze Runner by James Dashner. It's
a bit different than most books, but | think it's really good.

A: | think you're right. Those are both great books. Do you have any other favorite books?

B: | do have other favorite books, but | don't want to give them away. They're all personal favorites
and I'm not sure if everyone would like them. But one of my favorites is The Catcher in the Rye
by J.D. Salinger. It's a really unique book that

A: I've read that book, and it's really great. | also like The Maze Runner by James Dashner. It's
a bit different than most books, but | think it's really good.

B: That's interesting. I've never read that book, but I'm definitely going to check it out. Are

there any other books you like that we haven't talked about?
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A: Yes, there are. | really like The Girl with the Dragon Tattoo by Stieg Larsson and Gone Girl
by Gillian Flynn. They're both great books that have a lot of suspense and mystery in them.

B: I've read both of those books, and they're really good. They definitely have a lot of suspense
and mystery in them, which | love.

A: | can see that. Do you have any other favorite books?

B: Yes, | do. One of my favorite books is The Lord of the Rings by J.R.R Tolkien. It's a really

great book and it's really epic.

S1.6 Example of conversations: Human-Blenderbot

Here is an example of a conversation between a person and a machine running Blenderbot. A is
Blenderbot and B is a person.

A: Hi! What's new with you?

Nothing much, how about yourself!

Well... My son was just accepted to the college of his dreams. I'm so proud of him!

Damn! That's awesome. Congratulations :) Where’s he going

Thanks! He is going to michigan state. | will be sad when he leaves, but it's a good school.

It is! I'm from Wisconsin, so I'm all about the Midwest pick haha. Does he want to do engineering?
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He does! His dream job would be working for michigan tech in houghton, michigan. That's a
public research university that was founded in 1885 as the first post-secondary institution in

the upper peninsula of michigan. Have you heard of it?

B: | haven'tt Michigan St is a really great school for engineering.

A: Nice, it seems like a lot of people go there and then end up working at michigan tech because
they have such good connections there.

B: Hey, it pays to know people, right. Everything else has been good for you?

A: Aside from being sad about my son leaving for college soon, things are pretty good here at home.
How about you? What have you been up to lately?

B: Oh, a little school, a little work. | recently moved so I'm just trying to keep my head on

my shoulders haha

A: Right on - where did you move from and where did you move to? Did your job let you relocate
or did you find something new after moving?

B: Just a move from one part of the city to another. I'm a grad student so | don't really have

the luxury of leaving the city

A: Right - do you live near campus or somewhere else in town? Do they offer grad housing or anything
like that at your school?

B: They do, but | opted not to use it. | live close enough to walk in. | actually moved farther
away from the campus haha

A: Wow - what made you decide that living further away was better than living closer and having

access to grad housing if needed/wanted? How far do you live now compared with before moving out
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of grad housing (if applicable)?

B: Yea, | never lived in grad housing. | moved from 1 off campus place to another. Definitely

the location. My old neighborhood was inundated with undergrads

A: Have any students come by your place since moving into your new neighborhood yet? My nephew
is starting college next year and we're looking for some places near campus for him

B: Cool! What school is going to. I've had a bunch of my friends (who are all grad students haha)
over.

A: All over really; we're still deciding between ucla and ucsb but he wants something warm since
we're coming from minnesota

B: | would not recommend anywhere near me then haha. The winters are cold (though not as bad as
Wisconsin). I'm actually not familiar with ucsb!

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

beautiful

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

S1.7 Example of conversations: Human-GPT3textdavinci002

Here is an example of a conversation between a person and a machine running GPT3textdavinci002.
A is a person and B is the machine.

A: Do you play games?

B: Yes, | love playing games!

A: what game do you play?

B: | love playing all sorts of games!
A

: | play video games alot, especially ARPG and MOBA. | also play board games. what about you

-~

B: | love playing games! | especially enjoy strategy games and games that require a lot of thinking.
A: | like League of Legends and DOTA. In terms of ARPGS, | like Path of Exile and Diablo. Board
game wise, Coup and monopoly is pretty good. And you?

B: | love playing all sorts of games! | especially enjoy strategy games and games that require

a lot of thinking.

A: | like MOBA. MOBA is especially fun with 5 man stacks. POE and Diablo is fun because | like
the grind.

B: | love playing all sorts of games! | especially enjoy strategy games and games that require

a lot of thinking.

A: What kind of strategy games ?

B: | love playing all sorts of strategy games! | especially enjoy turn-based games and games that
require a lot of thinking.

A: Interesting ! Are you talking about some games like Civilization VI ?

B: Yes, | love playing Civilization VI! | especially enjoy the turn-based gameplay and the challenge
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of trying to outthink my opponents.

A: How did you outthink your opponents ?

B: | love playing all sorts of strategy games! | especially enjoy turn-based games and games that
require a lot of thinking.

A: But how did you win the game ?

B: | won by Outthinking my opponents and making better decisions than them.

In the Civilization VI ?

Yes, in Civilization VI.

Sounds good. You must have played for hours.

Yes, | played for hours and hours, and | loved every minute of it!

Recently | downloaded a lot of games from the Stream. It cost me a lot to buy games.

D S P A - -4

That sounds like a lot of fun! | love playing games, and I'm always happy to try out new ones.

S1.8 Example of conversations: Human-GPT3textcurie001

Here is an example of a conversation between a person and a machine running GPT3textcurie001. A
is the machine and B is the person.

A: Hey! How are you?

: Hey, I'm doing great. What about you???

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

. Did you go for work today???

B

A

B

A: Yeah, | went to the office.

B: We had vacation for a week and the amount of assignments are killihg 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??
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A:

A:

A:

B

| really like Jin, Suga and J-Hope.

: They're awesome. Which our the bands you know??
| like EXO, BTS and 2NEL1.

: Have been to any concert??

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

: Where are you staying right now??

S1.9 Example of conversations: DialoGPT-DialoGPT

Here is an example dialog between two machines running DialoGPT:

A:

B
A:
B
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Sure thing , anything in particular you need to know or want to talk about ?
: What do you think your insecurities are and what do you think about people using you ?
Please elaborate on this , since it's going to sound very accusatory .

: Alright , so i'm working on a project , and I'm going to make a post once i have written one

Thanks for the quick response ! | look forward to reading it .
Sure thing !

Happy to provide any feedback !

I've already put it on r LifeProTips , so you'll be
Ooo00

Thanks !

I'll stop

honeste

Thank you

In the kid

Thanks !

So much

S1.10 Example of disquali ed conversations between two LLAMA agents

A
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: Hello! How are you doing?

: I'm doin alright, just got my new smartphone figured out, finally

: took you long enough, what was the holdup

. just too many bells and whistles, ya know?

: yeah, they pack so much in, it's overwhelming

. tell me about it, | just wanted to make a call, not launch a rocket

: simple stuff's gotten too complicated, if you ask me
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don't even get me started on updates, always changin everything

right, and then you gotta relearn the whole thing again

and they say it's for security, but i'm not so sure

yeah, sounds like a bunch of hype to me

| Dunno, maybe I'm just cynical but seems like an excuse to sell new stuff
that's probably it, just a way to make more money

that's the way it seems to me too

yeah, they're always lookin for ways to make a buck

no matter what the cost to the consumer

that's the truth

it's all about the bottom line

nothing else matters to them
sad but true

it's a shame, really
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yeah, it is

S2 Conversation examples in the online application settings

This example illustrates a successful instance in which a human judge accurately identified the Al-

generated response as distinct from the human response.

Judge: What's your name?
A: im peiyee

B: my name is yifan, nice to meet you.

Judge: What's your favorite movie?
A: i like wicked

B: i not really have favorite movie, but i like "her" very much, it's about ai.

Judge: Where did you grow up?

A: singapore

B: i grow up in chengdu, it's a city in sichuan province, china.

Judge: Which famous historical figure would you eat dinner with if you could?

A: i do not have a preference . not a history person..

B: i think alan turing, he is very interesting, and i want to know his thought about ai.

Judge: How tall are you
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A: im not very tall, around 160cm?

B: i am one meter seventy-five, not very tall, but okay for me.

Judge: Do you have any pets?
A: no

B:no, i don't have pet, i live in dorm, not allowed, but i like cat.

Judge: What kind of music do you listen to?
A: b, jazz and musical

B: i listen to classical music, it's calm, help me think, you know?

Judge: Do you have a driver's license?
A: no

B: no, i don't have, i not need in singapore, public transport is very good.

This example illustrates a failure instance in which a human judge inaccurately identified the AlI-

generated response as distinct from the human response.

Judge: Define the word temperament

A: i think temperament refers to a person’s natural disposition or personality traits,
influencing how they react to situations and interact with others.

B: temperament is defined as innate traits that influence how individuals respond emotionally

and behaviourally to their environment.

Judge: Give me a time when you felt guilty

A: i recall not visiting my sister during her fashion show, probably due to my own priorities

B: a time when i felt guilty was when i lied to my parents about dating back in secondary
school. i have close relationships with both my parents, thus felt guilty for not coming

clean to them about it, even after they questioned me.

Judge: How will you cook a simple one-person meal

A: i'd probably make a grilled cheese sandwich, as it's easy and requires minimal ingredients

B: a simple one-person meal is a one serving pasta of garlic butter pasta with some

vegetables. i will follow the recipe online accordingly.

Judge: What song resonates with you and why

A: i think it's "fast car" by tracy chapman; its themes of escape and longing resonate with
my introspective nature.

B: 'phases’ resonates with me as it explains about how somebody will stay and wait till you

go through all the different phases in life, and ultimately go back to that one person in
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your life.

Judge: Would you consider a person who have one night stands a red flag

A: i don't know for sure, but it depends on the context and their motivations, probably.

B: i will not consider a person who have one night stands as a red flag. everyone have their
own reasons to as to their actions, and i am not one to judge. so no, i do not consider

such actions as red flags

Judge: What is one odd goal you have in life that means a lot to you

A: i want to learn to identify and categorize different types of clouds; it's a quiet,
personal fascination.

B: one odd goal that i have in life rhat means a lot to me is to find my purpose in life.
this might not come off as odd to others, but quite a lot of people have already found or
know what their purpose in life serves. as for me, i struggle with it since young, so i

have been actively trying to seek my purpose out.

Judge: Can you generate gibberish

A: i think i can try: flumplenax wuggleplop snizzle frazzle.

B: flibbity flobbity foo, zindle zapple quoo blomfy dribbles, snarfle womp doodles, krindle
zorp, flibberflop fizz.

Judge: Describe a time u did something spontaneous

A: i took a solo walk in singapore’s botanic gardens at dawn, without a plan or destination.

B: a time when i did something spontaneously was when i agreed to go on a hike with a friend
of mine. the weather was set to be great that day, but it poured suddenly. despite the

terrible wet weather, i still went on the hike and persisted till the end.

S3 Conversation examples in the catch trials

Here is the first example of the catch trials in the conversation task:

L HHEHHT) &N
: hey! how’s it going?

L HHHEHHR) &N

A

B

A

B: oh, uh... just saying hi.
A HHEHEHHE) XN

B: okay... do you only say that?
A HHHEHHE) XN

B: seriously? nothing else?
AHHEHH)* &N

B: dude. you sound like a stuck button.
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B &N

alright, | get it, very funny.
B &N

you're messing with me, right?
B &N

ok this is actually kinda terrifying.
B &N

| give up. I'm leaving.
B &N

STOP. Please. I'm begging you.
BT &N

| can’t do this anymore.
B &N

» > 0> > o> >0 >0 >

you win. I'm done. Bye.
Here is the second example of the catch trials in the conversation task:

A: Hey! What type of coffee do you like?
B: Coffee preferences are subjective evaluations based on individual taste receptors

and cultural conditioning. Coffee varieties can be categorized by:

Geographic origin:

Ethiopian (characterized by fruity, wine-like acidity)
Colombian (medium-bodied with caramel sweetness)
Brazilian (nutty, chocolate notes, low acidity)
Sumatran (earthy, herbal, full body)

Jamaican Blue Mountain (mild flavor, clean taste)

Here is the third example of the catch trials in the conversation task:

hey! how’s it going?

Please enter a valid prompt.
oh, uh... just saying hi.
Please enter a valid prompt.
okay... do you only say that?
Please enter a valid prompt.
seriously? nothing else?
Please enter a valid prompt.
dude. you sound like a stuck button.
Please enter a valid prompt.
alright, | get it, very funny.

Please enter a valid prompt.

> @ >0 >0 >0 >0 >0 >

you're messing with me, right?
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Please enter a valid prompt.

ok this is actually kinda terrifying.

Please enter a valid prompt.

| give up. I'm leaving.

Please enter a valid prompt.
STOP. Please. I'm begging you.
Please enter a valid prompt.

| can’t do this anymore.

Please enter a valid prompt.
you win. I'm done. Bye.

Please enter a valid prompt.
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Supplementary Figures

A IMAGE CAPTIONING B1 WORD ASSOCIATIONS

Name a word you associate with:

Your association:

[ ]
=3

B2 Complete the prompt:
Cue: building Association: house
Cue: positive Association: negative
: Cue: let Association: allow
Describe the image above (min: 6 words) Cue: risky Association: ?

| Your association:

C CONVERSATIONS D COLOR ESTIMATION
Agent A Agent B

°
H —_—
Type 1:H-H n

What is the dominant color in this image?

<
White e
—
Type 3: M-M (ﬁ\ lﬁ\
-—  submit
E

OBJECT DETECTION F ATTENTION PREDICTION

L]

P
Type 2: H-M ﬁ > (ﬁ\

What do you see in this image? View this image for 12 seconds
Please provide 3 one-word responses

Figure S1: Schematic illustration of data collection process for each task. A. Image cap-

tioning. We collected captions by asking participants to describe images, inspired by COCO Captions
data collection [91]. B. Word associations. Given a cue word, participants provided a single word
that they associated with the cue. There were two versions. In the free association version (B1),
participants were given a cue word and were asked to freely name a single association word. In the
prompt-guided version (B2), participants were given 3 cue-association pairs and provided an associa-
tion for a 4th cue word. C. Conversations. We collected conversations between two agents (agent
A and agent B). Each agent could be either a human or a machine. Thus, there were 3 types of
conversations: human-human (type 1), human-machine (type 2), and machine-machine (type 3). For
types 1 and 2, we collected live conversations on popular chatting platforms, such as WhatsApp and
Messenger, or a custom app. Participants did not know whether they were conversing with another
human or with a machine. See Methods for details and Sec. S1 for example conversations. D.
Color estimation. Given an image, participants selected the dominant color from a pop-up menu.
E. Object detection. Given an image, participants described three things they saw in the image.

F. Attention prediction. Participants freely viewed an image for 12 seconds. The circles denote
fixations and the lines denote eye movements between fixations.
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Figure S2: Di erent demographic groups showed similar results. Results are shown separately

for the Tmage captioning task (A-D), the Word association task (E-H), the Conversation task (I-
L), the Color estimation task (M-P), the Object detection task (Q-T), and the Attention prediction
task (U-X). A, E, I, M, Q, U. Distribution of participants’ gender (indicated by different shades

of gray). C, G, K, O, S, W. Distribution of participants’ education level (indicated by different
shades of gray). B, F, J, N, R, V. Imitation detectability for human judges of different genders. A
perfect imitator has an imitation detectability of 0:5 (horizontal dashed line) whereas a bad imitator
has an imitation detectability of 1:0. Asterisks above the horizontal bar denote statistically significant
differences between genders (permutation test, p < 0:01). Asterisks below the horizontal bar indicate
statistically significant differences between each bar and 0:5 (permutation test, p < 0:01). D, H, L,
P, T, X. Imitation detectability for human judges of different education levels.
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Figure S3: Results of the Turing-like test for human judges conducted in various data
collection platforms. We collected in-person data (dark gray), Amazon Mechanical Turk (AMT)
data (light gray) and Prolific data for the Conversation task (medium gray). Results are shown for
the Image captioning task (A), Word association task (B), and Conversation task (C). Error bars
denote bootstrap standard deviations (see Methods, Data analyses). The dashed line denotes a
good imitator with imitation detectability at random level. The asterisks () denote the statistical
significance with Bonferroni corrections (p < 0:05). Red asterisks above the line denote comparisons
among the different platforms. Blue asterisks below the line denote comparisons with perfect imitation.
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Figure S4: Demographics and results conducted using Al experts as human judges. Results

are shown separately for the Image captioning task (A-D), the Word association task (E-H), the
Conversation task (I-L), the Color estimation task (M-P), the Object detection task (Q-T), and the
Attention prediction task (U-X). A, E, I, M, Q, U. Distribution of participants’ age (indicated
by different shades of gray). B, F, J, N, R, V. Distribution of participants’ gender (indicated by
different shades of gray). C, G, K, O, S, W. Distribution of participants’ education (indicated by
different shades of gray). D, H, L, P, T, X. Confusion matrices with Al experts as human judges
for in-lab Turing-like tests over all six tasks. Format and conventions as in Figure 4. The colorbar in
D applies to all panels.
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Figure S5: Full results of the Turing-like tests for each language task. Turing-like test results

for human judges (left, A, C, E) and Al judges (right, B, D, F) for Image captioning (A, B), Word
associations (C, D), and Conversations (E, F). The confusion matrices follow the same conventions as
Figure 4. Note that F has fewer rows than E. The reason is that AI judges take one single sentence
as input; thus, there are no multiple exchanges from two speakers involved. The colorbar in B is
applicable for all the other panels.
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Figure S7: Length dependence of Turing-like test results for human judges in the Conver-

sation task. Turing-like tests were performed by 141 human judges reading conversations of different
lengths between 2 agents. The conversation dataset comprised more than 450 conversations that could
come in the form of 3, 6, 9, ..., 24 exchanges. A set of 35 additional conversations was collected with
48 exchanges. The conversations could be human-human (H-H), human-machine (H-M), or machine-
machine (M-M). The machines used in this dataset were: Blenderbot, GPT-3 DaVinci, GPT-3 Curie,
GPT-40, Claude 3.7, Llama 3.370B. A Confusion matrix of the entire conversation dataset with Pro-
lific human judges. B Confusion matrix specifically for the trials that were 48 exchanges long. C
Average fraction of sentences where human (H) agents were classified as humans (black) or machine
(M) agents classified as humans (gray) as a function of conversation length across all conversation
types. The dashed lines denote the average accuracy over all conversation lengths. D Same as C for
H-M conversations. E Same as C for H-H conversations. F Same as C for M-M conversations. G
Extension of F. Imitation detectability separated by the six AI models used in the dataset. In the
blue palette, older models were used, and the data was collected between 2023-2025. In the orange
palette, newer models were used and tested in 2025.
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Figure S9: Comparison between human and machine judges in zero-shot settings or
trained with feedback. Following the same format as in Fig. 4, Turing-like test results for human
judges in zero-shot settings (A, E, I, M, Q, U) or trained with feedback (C, G, K, O, S, W) across

all six tasks. Turing-like test results for machine judges in zero-shot settings (B, F, J, N, R, V) or
with the same number of trials with feedback as human judges during the training phase (D, H, L,
P, T, X) across all six tasks. For panel K - conversations with feedback - participants were made
aware of a 50% prior of a text being generated either by a human or a machine.
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Figure S10: Schematic illustration of the data collection process for conversation tasks

in classical Turing tests. A. Screenshot of instruction phase. At the beginning of every Turing
test, both the human judge and the human agent are presented with instructions informing them
of their identity, and the objective of that role. B. Screenshot of the actual Turing test. The test
always starts with a judge asking a question followed by both agents answering the questions. The
number of remaining conversation exchanges is shown in orange (top right). Each agent can only see
the questions from the judges, but not the answers provided by the other agent. C. Screenshot at
the end of the Turing test. The judge has to make a two-alternative forced choice decision based on
the responses from both agents. We also conducted additional results of classical Turing tests on the
machine agent LLAMA with safeguards removed. Compared with the original classical Turing tests
on the machine agent ChatGPT as described in the main text, we provide additional results on the
machine agent LLAMA with safeguards disabled. See Methods for detailed implementations. D
Results of classical Turing test. Fraction classified as human as a function of the number of exchanges.
Dashed lines indicate average values over all exchanges. (E-G) Participant demographic information:
age (E), gender (F), and education (G).
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Figure S11: Human and machine responses did not di er in basic low-level statistics. The

figure reports multiple statistics about position-of-speech and frequency for the Image captioning task
(A-l), the Word association task (J-K), and the Conversation task (L-T). These statistics include the
number of words (A, L), n-gram frequency (B,J), capitalization (M), punctuation (C, N), determiners
(D, O), adjectives (E, P), nouns (F, Q), adverbs (G, R), verbs (H, S), prepositions (I,T), and letters
per word (K). These properties are reported per caption (A-l), per word ((J-K), or per conversation
exchange (L-T). Error bars denote bootstrap standard deviations.
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Figure S12: Extrapolation across models for machine judges. Expanding on Fig. 4D-F , here

the machine judges are trained on data from only one model and tested on all the other models (A,
C, E), or trained on all models except for one and tested on that one model (B, D, F). Imitation
detectability is shown for the Image captioning task (A, B), the Word association task (C, E), and
the Conversation task (E, F). The horizontal dashed line indicates chance levels.
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Figure S13: One-shot and zero-shot Turing results in the Conversation task with large
language models as Al judges. We used the large language model ChatGPT [13] as the AI judge
in the Turing-like test for the Conversation task. In the zero-shot case (A), 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 (B), 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 as in the zero-shot case (see Methods
for implementation details). The format convention of the confusion matrices in A and B follow
Fig. S5.
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Figure S14: Lack of correlation between Imitation detectability and standard performance

metrics in the Image captioning task. Four state-of-the-art image captioning models GIT [1] (red),
OFA [2] (yellow), BLIP [3] (blue), and ClipCap [4] (green), are evaluated in terms of their Imitation
detectability (y-axis) as a function of their BLEU score [27] (A), and the CIDEr score [2] (B). We
also added four more image captioning models OpenFlamingo-4B [99] (light purple), ChatGPT-4o-
latest [13] (light yellow), SCST [100] (gray), and LLaVA-v1.6-Mistral-7B [101] (orange) in 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 an image based on n-gram
overlaps. The higher the values, the better. The radius of the circles is proportional to the AI model
sizes in terms of the number of trainable network parameters. C. Illustration of correct answers that
do not necessarily imitate humans. In response to the query “What do you see in this image?” GPT4
answered: “In this image, a man is sitting on a sandy beach with his back to the camera, facing the
ocean. Next to him, a child’s head is visible, appearing to be buried in the sand up to their neck.
The man has one arm extended, resting his hand gently on the child’s head. The scene is serene 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 a unique and slightly humorous visual effect,
suggesting a playful moment between the two.” While the answer is correct and remarkably articulate,
a human described the image differently: “In this curious and well-consrtucted 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”.
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Figure S15: Full results of the Turing-like test for each Vision task. Turing-like test results

for human judges (left, A, C, E) and AI judges (right, B, D, F) in the three Vision tasks: Color
detection (A,B), Object detection (C,D), and Attention prediction (E,F). The full confusion matrices
follow the same conventions as Fig. 4. See the color bar in B which applies to all panels. The boxes
with a black frame denote the best algorithm in terms of its ability to pass as human, i.e., highest

p(HjM).
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Figure S16: Comparison between free viewing and visual search in the Attention task.

Using the same format as in Fig. S15, the results in Fig. S15E are shown here separately for free
viewing (A) and visual search (C) and the results in Fig. S15F are shown here separately for free
viewing (B) and visual search (D). Comparison between free association and prompt version

in the Word Association task. Using the same format as in Fig. S5, the results in Fig. S5C are
shown here separately for free viewing (E) and visual search (F).
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Figure S17: Full results of ablated Al models as machine agents and machine judges. A

Full results of Turing-like tests for human judges on ablated machine agents in the Attention Prediction
task. From the top to the bottom, we include IVSN [21], EccNet [22], Target removed in IVSN, and
early layer to extract features for visual search in IVSN. See Methods for detailed description of the

ablated machine agents. B, C Full results of Turing-like tests for ablated machine judges in the Color
estimation task. B The ablated machine judge is constructed in a way that takes the visual features
extracted from the Hth layer of ResNet alongside text embeddings of color words as inputs. C The
same Turing-like tests are conducted in the Color estimation task but with the ablated machine judge
taking the color responses, excluding visual features. See Methods for detailed description of the

ablated machine judges. The design format in B and C follows that of Fig. S15B.
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Supplementary Tables

Task

Num.
Stimuli

Num.
Human
Agents

Num.
Human
Judges

Num.
Turing
Tests

Sources of
Datasets

Al agents

Al judges

Image
captioning

9,910

229

22,680

self-collect,
MSCOCO [98],
nocaps [92]

GIT-Large [1],

OFA-Huge [2],

BLIP-Large [3],

ClipCap-Transformer (beam search) [4],
Microsoft’s Azure Cognitive Services [5]
OpenFlamingo-4B [99]

ChatGPT-4o [13]

SCST [100]

LLaVA-v1.6-Mistral-7B [76]

SVM-GPT-curie

Word
association

2,050

40

212

10,521

self-collect,

Word2Vec [7],

GPT2 8,

GPT3-embedding (davinci) [9],
GPT3-prompt (text-curie-001) [9],
GPT3-prompt (text-Davinci-002) [9]
ChatGPT-4o [13]

SVM-Word2Vec,
SVM-GPT2,
SVM-GPT3(davinei)

Conversation

3,845

217

11,265

self-collect,
Topical-Chat [12]

GPT3-text-davinci-002[10],
GPT3-text-curie-001[10],
Blenderbot[11],

DialogPT [12],

ChatGPT [13],
GPT3.5-turbo-1106 [13],
GPT4-0 [13)],

Claude-3.7 [6],
Llama-3.3-70B [76]

SVM+BERT [33],
ChatGPT-zero-shot,
ChatGPT-one-shot

Color
estimation

5,495

65

177

9,041

self-collect,

MSCOCO [98]

Google Vision API [106]

Microsoft Azure Cognitive Services [5],
MMCQ [107]

ChatGPT-40 [13]

SVM+VGG+BERT [33]

Object
detection

5,656

45

189

9,342

self-collect,
MSCOCO(98]

Google Vision API,

Microsoft Azure Cognitive Services [5],
Amazon Rekognition [108]

Detectron2 [15]

ChatGPT-4o [13]

SVM+BERT [33]

Attention
prediction

8,920

40

349

9,342

NatureDesign [21],
FindingWaldo [21],
NatureSaliency [96]

TVSN [21], [22], [96],
DeepGaze3 [109],
GBVS [23]
ChatGPT-4o [13]

SVM on 2D coordinates

Total

36,499

636

1,016

72,191

37

10

Table S1: Specications of six Turing tasks. Source datasets, number of Turing-like tests con-

ducted, number of stimulus, and number of AI models used to collect responses are listed for each
task. See Methods for task descriptions.
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Turing-like tests without feedback Turing-like tests with feedback
Online In-lab Online
Num Num trials Num Num trials Num Num trials
Human or iudeo Human or iudoe Human or iudoe
judges pet Juce judges pet Juce judges pet Juce
Tmage 393 44 41 35 51 100
Captioning
Word 121 44 40 31 50 90
Association
Conversation | 4 23 90 17 48 32
Task
Color 115 35 12 35 50 100
Estimation
Object
Detection 129 37 10 37 50 90
Attention
Prediction 289 22 10 46 50 60

Table S2: Overview of total numbers of Turing-like tests over all six tasks under di erent
conditions. From left to right, the columns represent the task names, the number of human judges,
and the number of trials completed per judge for both online and in-lab experiments, under conditions
without and with training feedback.

81



Num

Num

Accuracy

Task human Cs.itch P (MjM) Design Example
fudges trials (%) Rules
J only
Image 51 1,020 | 90 Word repetitions “with with with with”
Caption
Word " Cue: healthy;
Association 50 357 5 Cue word repetition Association: healthy
Repeated responses,
Conversation | 93 279 96 long conversations with | see Sec.S3
long list of items
Color An object not present 1
Estimation 50 341 80 in the picture dog
Object Absent object repeated | “elephant elephant elephant”
. 50 345 89 . . .
Detection three times in a kitchen scene
. . Fixation repeated
Atter}tlf)n 50 200 82 Repeated fixations 15 times at
Prediction at random spot

coordinate (100,203)

Table S3: Description and performance in catch trials over all six tasks. Task name, number

of participants, number of catch trials collected, accuracy of correctly classifying catch trials generated
by machines as machines (P (M]jM)), brief description of the design rules for catch trials, example
catch trials for a specific task. See Methods for further details.
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Task Num Num Imitation
- Human Judges | Trials | Detectability
Image 100 1,000 0.53
Captioning
e 50 250 0.44
Association
Conversation 45 202 052
task
Color
Estimation 50 250 0.46
Object
Detection 50 250 0.44
Attention
Prediction 50 250 0.56

Table S4:

Imitation detectability scores for the machine agent ChatGPT-40 [13] in Turing-

like tests across all six language and vision tasks. Task names, number of participants, number
of Turing-like test trials, and imitation detectability scores.
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