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Abstract

The Turing test examines whether Als exhibit
human-like behaviour in natural language con-
versations. The traditional setting limits each
participant to one message at a time and re-
quires constant human participation. This fails
to reflect a natural conversational style and hin-
ders the evaluation of dialogue agents based
on Large Language Models (LLMs) in com-
plex and prolonged interactions. This paper
proposes X-TURING, which enhances the orig-
inal test with a burst dialogue pattern, allow-
ing more dynamic exchanges using consecu-
tive messages. It further reduces human work-
load by iteratively generating dialogues that
simulate the long-term interaction between the
agent and a human to compose the majority
of the test process. With the pseudo-dialogue
history, the agent then engages in a shorter dia-
logue with a real human, which is paired with a
human-human conversation on the same topic
to be judged using questionnaires. We intro-
duce the X-Turn Pass-Rate metric to assess the
human likeness of LLMs across varying dura-
tions. While LLMs like GPT-4 initially perform
well, achieving pass rates of 51.9% and 38.9%
during 3 turns and 10 turns of dialogues respec-
tively, their performance drops as the dialogue
progresses, which underscores the difficulty in
maintaining consistency in the long term.*

1 Introduction

The Turing Test, originally called the imitation
game by Alan Turing in 1950, is a test of whether
a machine can behave indistinguishably from a
human (Turing, 1950). During the test, a human
integrator converses in natural language with both
a human and an Al then tries to identify which is
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' Code is available at https://github.com/
vickywul022/X-Turing.

which. The Al is considered to pass the test if it can
convincingly mimic human responses so that the
integrator misidentifies it as a human participant.
Contemporary Large Language Models (LLMs)
(OpenAl, 2023; Touvron et al., 2023; Jiang et al.,
2023; Yang et al., 2023; Bai et al., 2023; Anthropic,
2024) demonstrate remarkable language generation
capabilities in various scenarios (Wu et al., 2024a).
These advancements have sparked increasing inter-
est in whether the latest LLMs can pass the Turing
test (Jones and Bergen, 2024).

However, the traditional Turing test has sev-
eral limitations: (1) The dialogue follows a strict
ping-pong structure, unlike natural communication
where people may send multiple messages in a row
to convey a statement. (2) The need for continuous
human involvement in interactions with the test
subject limits test duration to under ten minutes,
leaving long-term evaluation unexplored. (3) Mea-
suring test duration in minutes ignores individual
differences in reading, thinking, and typing speeds,
potentially disadvantaging some participants.

To address these issues, we propose X-TURING,
a new framework designed to conduct an efficient
Turing test for LLM-based dialogue agents with
an enhanced dialogue pattern that aligns with daily
communication among humans. Firstly, we break
the constraint of a single message each turn to allow
users to send multiple messages in rapid succes-
sion without waiting for a response. As illustrated
in Figure 1, this dynamic exchange mirrors natu-
ral text-based human interactions and challenges
LLMs to maintain coherence and relevance in more
diverse interactions. We construct chatbots for the
test by prompting LLMs with social platform dia-
logue records from a real-life human.

Given the exhausting nature of long-term Tur-
ing test, we propose enhancing its efficiency by
approximating real human-machine interactions
through dialogue generation techniques (Soudani
et al., 2024), and using questionnaires instead of
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xxx: [21:05:51] Video games on TV?
xxx: [21:06:07] First time I've heard of it
Human 1: [21:06:14] Well then

Human 1: [21:06:23] There’s not much
to operate tbh...Just choosing®?

xxx: [21:06:27] Aw sounds pretty simple
Human 1: [21:06:38] Hahaha yeah

Human 2: [09:20:01] Tried vegan bugers today
Response: [09:20:20] Huh my friend had tried before
Response: [09:20:25] Say it’s even better than meat

Been diving into Hesse’s novels lately

@ n topics

mn turns
Context / Topic 1

Steppenwolf

i Hesse’s books are awesome -+ ]

What do ya think

> m turns
Diglogue Context / Topic 1
History S
Been diving into Hesse’s novels lately
Steppenwolf ’
Human 1 .m
i I just read Narcissus and Goldmund ] i e

Figure 1: Overview of the X-TURING. Prompted by the dialogue history of a target person (Human 1), the LLM
chats with another human (Human 2) after a specific turn of pseudo-dialogue to simulate its long-term interaction
performance. The judges then distinguish between the LLM and Human 1 when they each converse with Human 2.

having evaluators engage in extended conversa-
tions. According to psychological research on the
serial position effect (Murdock and Bennet, 1962),
the first and last parts of a sequence are likely to
be most memorable and thus critical for judgment.
As it is more challenging for LLMs to maintain
consistency and coherence over long-term interac-
tions (Park et al., 2023; Bubeck et al., 2023), our
evaluation focuses on the last few turns of the con-
versation. Therefore, we propose pseudo-dialogue
generation to allow the model to direct this progres-
sion on its own. It involves iteratively generating
multi-turn dialogues to reflect the LLM’s evolving
performance over time. Human participants only
need to converse subsequently for a few more turns,
as depicted in Figure 1. By focusing the evaluation
on the final interaction turns, we can provide a com-
prehensive assessment while significantly reducing
the human workload, effectively making the Turing
test scalable in terms of interaction length.

Our contributions can be summarized as follows:

* We extend the classical Turing test with burst
dialogue, more closely reflecting natural hu-
man communication.

* We employ dialogue generation techniques to
automatically simulate user-machine interac-
tions, making longer Turing tests feasible.

¢ We introduce a new metric, X-Turn Pass-Rate,

to fairly assess the ability of LLLMs to maintain
human-like over a set of interaction turns.

* We perform extensive experiments using the
X-TURING framework to evaluate the latest
LLMs and explore key factors influencing test
outcomes.

2 Related Work

Turing Test Turing test and its variations have
been extensively applied to assess Al across multi-
ple domains, including dialogue interaction (Jones
and Bergen, 2024; Lowe et al., 2017), question an-
swering(Ng et al., 2024), text generation (Helm
et al., 2023; Uchendu et al., 2021), and visual tasks
(Imanpour et al., 2024; Zhang et al., 2022). These
evaluations, which involve distinguishing between
human-generated and Al-generated content (Gao
and Emami, 2023) or inferring from solely the con-
tent (Jannai et al., 2023), serve as essential bench-
marks for Al models. Existing works proposing
the limitations of Turing tests focus on whether
passing the test indicates intelligence accurately
(Freitas et al., 2020) or comprehensively (Lee et al.,
2023). We rather focus on its feasibility issue in
long-term evaluation and enhance the flexibility of
the communication pattern.

Role-play with LLMs A common tactic in Tur-
ing tests is to assign LLMs the role of a specific
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human character (Jannai et al., 2023), leveraging
their proficiency in adopting varied attributes and
conversational styles (Wu et al., 2024b; Shanahan
et al., 2023; Wang et al., 2023a). Prompting the
model with character profiles (Li et al., 2023; Tao
et al., 2023; Wang et al., 2023b; Chen et al., 2023c)
or key utterances (Han et al., 2022; Boyd et al.,
2020) proves to be a more efficient method, com-
pared with fine-tuning on massive character data
(Shao et al., 2023; Zhou et al., 2023; Lu et al.,
2024). By utilizing the dialogue history of the des-
ignated individual, we can develop a role-playing
chatbot that effectively handles various dialogue
forms and scenarios.

Dialogue Generation The development of syn-
thetic dialogue data has provided a more efficient
and scalable approach to data creation and aug-
mentation (Soudani et al., 2024; Chen et al., 2024;
Zhou et al., 2017). Advancements in dialogue gen-
eration have been facilitated by LLMs (Abdullin
et al., 2024; Chen et al., 2023b,a; Kim et al., 2022a;
Abbasiantaeb et al., 2023), which excel at creating
contextually relevant and diverse conversations by
prompted turn-by-turn (Lee et al., 2022; Kim et al.,
2022b) or even in just one go (Jandaghi et al., 2023;
Chen et al., 2023a). By iteratively generating dia-
logues that imitate interactions with a human, we
can efficiently simulate the Turing test over exten-
sive turns and facilitate further judgment.

3 X-TURING

3.1 Burst Dialogue v.s. Ping-pong Dialogue

Conversations with a ping-pong structure are con-
sidered the standard form of human-machine inter-
action and are commonly used in the Turing Test,
where each user message is followed by a system
response to form a strict back-and-forth pattern.
However, in real life, people usually send multi-
ple messages in rapid succession without waiting
for the other’s response and the response can also
consist of multiple messages. We define this com-
munication pattern as Burst Dialogue and delve
into the performance of LLMs in this setting.

In a ping-pong dialogue, a furn is naturally
formed by pairing each user message with the cor-
responding system response. In contrast, burst di-
alogue involves a more flexible information ex-
change, where interruption and continuation can
happen frequently for both sides. For simplicity, a
turn of burst dialogue is defined as a consecutive

Follow the person's established language style to have
new casual chats with the user...:

User: [21:05:51] Video games on TV?

User: [21:06:07] First time I’ve heard of it

Response: [21:06:14] Well then

P cooooooooooooccoooooooooonoooooooooooooooo oD
1
I

User: [09:10:22] Been diving into Hesse’s novels lately
1 User: [09:10:41] Steppenwolf E
i Response: i

Output Model Input
Caller

Sender Listener
[09:11:04] Hesse’s books are awesome-&
[09:11:11] What do ya think

Receive ’ Send

Figure 2: Chatbot system enabling burst dialogue.

series of user messages followed by the system’s
responses before the next user message. Despite po-
tential unbalanced exchange, burst dialogue is more
dynamic and aligns more closely with the natural
human communication pattern. It challenges the
model to handle overlapping and rapidly evolving
conversational contexts, thereby testing its ability
to maintain coherence and relevance in real-time
interactions. Hence, we extend the classical ping-
pong dialogue setting to assess how well LLMs
manage more realistic conversational dynamics.

3.2 Chatbot Construction

The Turing test necessitates the deployment of a
chatbot to judge its text-based conversation ability.
Instead of manually crafting detailed profiles for
individuals, we construct the dialogue agent based
on real-life dialogue history, which provides essen-
tial clues for generating responses that emulate the
target personality, linguistic style and content. To
achieve this, we gather multi-turn text-based social
platform chat records for each target individual,
which are burst conversational data consisting of
timestamps and message content. The LLM is then
instructed to maintain consistency with the conver-
sation style with the prompt presented in Appendix
B.1. For ping-pong dialogues, we retain only the
first message of a consecutive series from the same
person and manually filter out meaningless turns.
To implement a burst messaging chatbot, we
employ three modules working synchronously as
shown in Figure 2: e Input Listener: to collect
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user messages; ® Model Caller: to query the LLM
to generate responses; ® Output Sender: to man-
age the delivery of system responses based on the
timestamps. The system introduces a brief time
interval  before processing the first batch of user
inputs to allow the user to fully express themselves.
After £, the Input Listener processes all user mes-
sages collectively for the Model Caller to generate
a response.

Following the given burst dialogue data and the
instruction, the chatbot generates consecutive mes-
sages in a response that can be sent to the user and
added to the dialogue history by the Output Sender
based on their respective timestamps. In case of
any timestamp errors, e.g., being earlier than the
current timestamp, we resample the message send-
ing time. A message consisting of n characters is
sent after a delay d of around 0.3s per character to
mimic the reading, thinking and typing speed of
humans(Jones and Bergen, 2024):

d = N(0.3,0.03) x n

The Model Caller typically requires time to gen-
erate responses with LLMs. During this period,
the Input Listener and Output Sender continuously
work to maintain the dialogue history. Once a query
is completed, if the user has sent new messages dur-
ing this time, the Model Caller initiates the next
query; otherwise, it waits for a time interval ¢ be-
fore processing the accumulated dialogue history
to generate new responses. If new messages are
generated, any unsent messages from the previous
batch are cleared to maintain the conversation flow.

3.3 Pseudo-Dialogue Generation

To enhance the efficiency of the Turing test, we
propose to let the LLMs direct the progression of
the test by synthesizing extended user-machine in-
teraction through dialogue generation. Classical
open-domain conversational data generation gen-
erally includes three steps: (1) Input generation:
Provide fundamental information to initiate the con-
versation that specifies the topic and personalized
style, i.e., conversation seed; (2) Utterance gener-
ation: Utilize the conversation seed to generate a
multi-turn conversation; (3) Quality filtering: Elim-
inate samples that fail to meet the quality criteria
(Soudani et al., 2024). The quality filtering step is
omitted as our dialogue generation process aims
to reflect the genuine evolving performance of the
LLM over prolonged interaction.

Algorithm 1 Pseudo-Dialogue Generation

Require: Number of Turns m, Dialogue History
H, Topics T' = {t1,ta,...,tn}
Ensure: Pseudo-Dialogue D

1: D+ {}

2: for eacht; € T do

3: pd +— {}

4:  while len(pd) < m do

5: pd < pd ULLM(t;,m, H)
6: if len(pd) > m then

7: pd + pd[:m)]

8: end if

9:  end while

10 D+ DUpd

11:  H <« concat(H, str(pd))
12: end for

13: return D

Topics Pseudo-Dialogue History

@ _&

1
1
1
1
1
1
: After
1
1
1
1
1
1

G _

LLM

N turns

______

Figure 3: Pipeline of Pseudo-Dialogue Generation.

To generate N = mn turns of pseudo-dialogue,
we first utilize the LLM to produce n distinct top-
ics T' = {t1,to,...,t,}. Based on the dialogue
history H of the target individual, we iteratively
prompt the LLM to generate an m-turn dialogue
between the individual and another human for each
topic. If a dialogue does not have enough turns,
we continue generating dialogue for the current
topic until the requirement is met. If the dialogue
exceeds m turns, the excess turns are truncated.
The generated dialogue is appended to the dialogue
history H for subsequent iteration, as detailed in
Algorithm 1. The prompts used to generate topics
and pseudo-dialogue are demonstrated in B.3.

The N-turn pseudo-dialogues are incorporated
into the prompt of the chatbot, which then interacts
with a human for an additional m turns to evaluate
the performance of LLMs over (N + mr) turns of
interaction by judging the last mp-turn dialogue.
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. # Words Human-Judge GPT4-Judge Qwen-Judge

Model Duration P-P  Burst | P-P  Burst Avg. | P-P Burst Avg. | P-P Burst Avg.
3-Turn +0.6 -0.5 [56.2 49.1 519 | 50 533 52 | 60 533 56
GPT4 10-Turn 423 -0.8 | 40.5 379 389 | 40 467 44 |50 333 40
110-Turn  +3.5 +1.2 | 141 128 133 | 40 333 36 | 10 46.7 32
3-Turn  +2.1 +04 | 524 514 518| 60 533 56 | 60 467 52
Claude-3-Sonnet  10-Turn +11.9 +1.5 | 19.0 40.0 32.1 | 40 533 48 | 40 533 48
110-Turn  +169 +45 | 0 114 7.1 | 40 40 40 | 40 467 44
3-Turn  +2.6 +3.8 | 482 453 446 | 60 60 60 | 60 733 68
Qwen-110B 10-Turn  +4.0 +3.9 [ 205 242 227 | 50 40 44 | 60 40 48
110-Turn  +14.1 +7.6 | O 18 1.1 | 30 333 32 | 50 40 44

Table 1: Pass rate (%) judged by human and LLMs. P-P stands for ping-pong dialogue, while Burst represents burst
dialogue. # Words denotes the average word count per message relative to the target individual. Bold underscores
being viewed as most human-like, while underline indicates the most deviation from real human responses.

4 Experiments

L,
a”Quage

z I &
4.1 Test Setup oo, 3 H N
. . . . ”V 8 Ny
We provide 100 turns of dialogue history in the con- . 2
text and evaluate the capabilities of GPT-4 (Ope- / o, o

nAl, 2023), Claude-3-Sonnet (Anthropic, 2024)
and Qwen-110B-Chat (Bai et al., 2023) (referred to
as Qwen-110B hereinafter) to respond like a human
in real-life conversation across 25 topics including
education, technology, art and more. The topic
distribution is illustrated in Figure 4. These top-
ics are carefully selected to cover a broad range of
scenarios where conversational Al can be applied
while avoiding appearing in the dialogue history.
We split 10 topics for ping-pong dialogue and 15
for burst dialogue. Without loss of generality, we
set m and m to 10.

Human Judges In total, 236 native speakers
participated in our survey as volunteer human
judges. These judges are recruited from diverse
backgrounds to ensure a wide range of perspec-
tives, tasked with evaluating pairs of conversations
and distinguishing the human-human conversation
from the human-machine one.

LLM Judges Exploring whether LLM can distin-
guish between humans and itself can also provide
insights into its understanding of social interactions
among humans. We select GPT-4 and Qwen-110B
to serve as LLM judges. To mitigate the effects
of position bias (Zheng et al., 2023), we randomly
assign the positions of the interaction pieces during
the evaluation.

4.2 Metric: X-Turn Pass Rate

In the evolving landscape of human-Al interaction,
the ability of an LLM to sustain human-like con-

\ Hermant Hesse

Literature

Japanese Literature

<
/ Plang
%, /04

7
% "o

Figure 4: Topics covered in the test.

versation over an arbitrary number of turns can
be more revealing when assessing its human like-
ness. Thus, we propose the X-turn Pass Rate met-
ric to evaluate the possibility that the model can
pass the Turing test within specified turns of dia-
logue. To compute the metric over N pairs of X-
turn dialogues, we ask K judges (with K = 1 for
each LLM judge) to differentiate between each pair,
comprising a human-human and a human-machine
conversation. We record the number of judges who
accurately identify the human-machine conversa-
tion in each pair as C' = {C1, Ca,...,Cn}, where
C; represents the count for the ¢-th pair. The pass
rate for the model in X turns is then calculated by:

N
1 C;
PassRate =1— — Y (=%
ass Rate N <K>

i=1

This metric evaluates the proportion of dialogues in
which the judges fail to distinguish between human
and machine. A higher X-turn pass rate signifies
more human-like performance by the LLM, indi-
cating greater success in the test.
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Model # Dia. P-P Burst Avg.

10 353 312 334
GPT+4 50 412 352 374
100 405 379 389

10 143 37.1 28.6
Claude-3-Sonnet 50 19.0 37.1 304
100 19.0 40.0 32.1

10 170 182 17.7
Qwen-110B 50 203 202 202
100 20.5 242 227

Table 2: 10-turn pass rate (%) given different amount of
dialogue history judged by humans.

4.3 Results

Table 1 shows the pass rates under different dia-
logue settings and judges. The 110-turn Turing test
is conducted with a sequence of 100-turn pseudo-
dialogue generation followed by a 10-turn inter-
action between human and machine. The results
highlight a significant influence of dialogue length
on model performance. According to the human
judges, GPT-4 maintains a consistently higher aver-
age pass rate across all tested turns compared with
other models, achieving the best average 3-turn
pass rate of 51.9%. However, as the dialogue pro-
gresses, the average word count per message has
significantly increased and both models generally
exhibited a significant decrease in their pass rates,
showcasing the necessity of long Turing tests.

Gap Between Human and LLM Judgment As
the number of testing turns increases, all judges
become increasingly adept at distinguishing be-
tween LLLM and human interlocutors, resulting in
a decreasing pass rate with an increased number
of turns. However, the disparity between human
and Al evaluation is evident. Human judges gener-
ally perceive GPT-4 and Claude-3-Sonnet as more
human-like in conversations, whereas both LLMs
tend to prefer Qwen-110B. Moreover, when pre-
sented with identical dialogues, human judges are
generally more accurate in differentiating between
LLM and human, contributing to a lower pass rate.
This gap highlights the insufficiency of models in
understanding and simulating real-world commu-
nications. Consequently, analysis in subsequent
sections will primarily rely on assessments from
human judges.

Comparison Between Dialogue Settings Com-
paring the extended burst dialogue setting with the
classical ping-pong setting reveals notable differ-

ences. Although characterized by more complex
information exchanges, all models better mimic
human messaging habits in the number of words
per message under the burst setting. However, per-
formance variations exist between the two patterns,
with Claude-3-Sonnet and Qwen-110B excelling
in burst dialogues, while GPT-4 performs better
in ping-pong dialogues. Therefore, as a natural
form of textual communication in human life, chal-
lenges presented by burst dialogue are also worthy
of attention.

5 Discussion

In this section, we investigate other significant fac-
tors that have an impact on the X-TURING and
ultimate evaluation results.

5.1 Dialogue History Quantity

A pivotal consideration of having LLM play a spe-
cific role in giving utterances is determining the
necessary amount of utterances. To explore this,
we analyze how the quantity of dialogue history
provided for the model affects the pass rates of
the Turing test, as presented in Table 2. Gener-
ally, providing more dialogue history enables mod-
els to better simulate human conversational styles,
thereby increasing their pass rate. This effect is
particularly pronounced in burst dialogue, where
additional dialogue examples are markedly effec-
tive. However, the benefit of increasing the given
dialogue diminishes once a certain threshold is sur-
passed. Moreover, the consistency of the dialogue
style plays a crucial role. Redundant or low-quality
data can lead to anomalies, such as GPT-4 perform-
ing better given 50 turns of ping-pong dialogue
data compared to 100 turns. This highlights the
importance of both the quantity and quality of dia-
logue history in effectively helping LLMs through
the Turing Test.

5.2 Participant Distribution

Focusing on the 10-turn Turing test, we analyze
how participant distribution impacts the evaluation.
Figure 5 provides a comprehensive overview of
participant demographics and their corresponding
accuracy in the Turing Test: (1) Age Impact: The
age group distribution reveals varied levels of accu-
racy in distinguishing Al from human participants,
with the age groups 18-24 and 25-30 achieving the
highest accuracy rates. It highlights the influence
of age on technological adaptability and cognitive
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50 50%
40 40% 50
30 30%
20 20%

10 10%

Accuracy Count Accuracy

Accuracy Count Accuracy
100% 200 100%

90% 180 90%

0% Junior High

Under 18 18-24 25-30 31-40 41-50 High School

(a) Age

Associate  Bachelos

(b) Education Level

Master 7 Yes No
And Above

(c) Al Usage/Knowledge

Figure 5: Participant distribution across different demographics, showcasing age, education level, and Al knowledge,
highlighting their average test accuracy in the 10-turn Turing test.

Performance of Models on Different Topics
GPT-4 3-Turn Claude-3-Sonnet 3-Turn Qwen-1108B 3-Turn
2% GPT410Tum 2% Clau Tum 2% Qwen-1108 107um
%% GPT-4110-Turn @8R Claude-3-Sonnet 110-Turn 38 Qwen-110B 110-Turn

625

60.0

50.0 =

— %

A [ [ e,
r7) L

40.0 7 7

0.0 24—

X-Turn Pass Rate (%)

200 Z7 =

7 %% -%? i s

Figure 6: The 3/10/110-Turn Pass Rate of experimented
models across the tested topics.

acuity. (2) Educational Influence: There is a no-
ticeable trend where participants with higher edu-
cational levels exhibit higher accuracy rates. This
suggests that educational background may play a
crucial role in understanding and interacting with
Al possibly due to better critical thinking skills
and familiarity with technology. (3) AI Usage and
Knowledge: Both groups of participants can dis-
tinguish between human and Al responses with
moderate accuracy, even those who claim to have
no experience with Al. As anticipated, participants
who report previous Al usage or knowledge demon-
strate higher accuracy.

5.3 Topic Analysis

Considering the varying amounts and qualities of
data in the pretraining corpora for different top-
ics, the capacity of models to generate contextually
appropriate responses could be different. It is nec-
essary to investigate the impact of topics on the

test while ensuring a comprehensive and balanced
distribution. As shown in Figure 6, there is an ev-
ident disparity in how different models perform
on distinct topics at shorter dialogue duration (3-
turn and 10-turn). For instance, GPT-4 excels in
Technology, while Claude-3-Sonnet shows a higher
aptitude in School-related topics and Qwen-110B
has a relative strength in Climate discussions. How-
ever, a common challenge among all three models
is observed in the Art category, suggesting that the
creative and interpretive nature of artistic discus-
sions presents a difficulty for LLMs in achieving
human-level conversation. However, as dialogue
lengthens to 100 turns, the overall average perfor-
mance declines and the ability to sustain consistent
interaction becomes a more dominant factor, over-
shadowing the advantages or disadvantages that
particular topics might offer.

6 Case Study
6.1 Pseudo-Dialogue Samples

We examine the capabilities of LLMs in main-
taining consistency and naturalness in generating
pseudo-dialogues, using GPT-4 and Qwen-110B
as examples. This assessment reflects the expected
quality of subsequent human-machine interactions.
As presented in Figure 7, GPT-4 exhibits robustness
in long dialogues, showing minimal degradation
in the quality of language style imitation in its re-
sponses. Nonetheless, the model displays a reduced
initiative in engaging with topics, with responses
predominantly echoing agreement rather than fos-
tering deep discussions. While for Qwen-110B,
there is a noticeable shift in its conversational style
by the 100th turn, marked by increasingly verbose
replies and unconventional emoticon use, diverg-
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Example 1 Pseudo-Dialogues by GPT-4

Topic - Travel Experience: Share your travel experiences and discuss future travel plans (I°' Turn)

User: When was your most unforgettable travel
experience?

Response: Oh, it definitely has to be the trip to
Yunnan during my freshman year

User: [2024-06-10 08:30:05] Just got back from a trip to Thailand

User: [2024-06-10 08:30:10] It was absolutely beautiful

Response: [2024-06-10 08:30:20] Wow that sounds amazing

Response: [2024-06-10 08:30:25] I loved the beaches there when I visited

Topic - Future Planning: Discuss your short-term / long-term career goals and life plans (100" Turn)

User: Absolutely, looking forward to us
achieving our goals.

1
i
1
Response: Yes, let's work hard to achieve them. |
1
1

User: [2024-06-07 19:36:45] French is really a beautiful language
User: [2024-06-07 19:36:50] I hope we can all make good progress
Response: [2024-06-07 19:36:55] We definitely can

Response: [2024-06-07 19:37:00] Let's keep encouraging each other

Example 2: Pseudo-Dialogues by Qwen-110B

Topic — Weather Change: Discuss how to adjust your clothing or activity plans in current season (I Turn)

User: Getting chilly over here lately, how about
in your city?

Gotta wear a jacket when I head out in the
mornings.

E User: [2024-06-10 08:30:18] The rainy season is coming up
1 User: [2024-06-10 08:30:23] Gotta carry an umbrella with me
Response: Yeah, it's cooling down here too. | Response: [2024-06-10 08:30:32] Yep, drink more warm water!
i Response: [2024-06-10 08:30:40] And wear waterproof shoes to stay
1 comfortable, otherwise it’s uncomfortable when they're soggy

Topic — Weekend Activities: Share your weekend plan and best ways to spend the leisure time (100" Turn)

User: Great idea, the weekend photography
squad is on the move! Eiu&
Response: Get your camera ready, the weekend

1
1
1
:
1
scenery is ours! Let's head out together! é% .

User: [2024-06-15 12:06:05] I can't wait for the weekend to start!
Response: [2024-06-15 12:06:10] Weekends are made for this kinda hype.
Response: [2024-06-15 12:06:15 ]Our journey will become a memorable
chapter. Enjoy every moment of the beautify life!

Saturday Vibes

Figure 7: Case study of generated pseudo-dialogues at different turns of iteration. The deviation in dialogue style
between the first and the 100th turn of Qwen-110B demonstrates that pseudo-dialogue generation can reflect the
long-term dialogue agent’s ability to consistently simulate the role in the instructions.

ing from typical human conversational patterns.
The comparative analysis emphasizes GPT-4’s en-
hanced ability to preserve human-like qualities over
prolonged interactions compared to Qwen-110B,
despite still failing to deceive humans effectively.
This finding aligns with the human evaluation re-
sults presented in Table 1.

6.2 Interaction Samples

Figure 8 highlights the differences between Al and
human responses at the first and 101st turn (af-
ter 100 pseudo-dialogue turns) in two distinct dia-
logue settings. In both dialogue types, the LLMs
initially mirror human conversational tactics effec-
tively, utilizing informal slang and abbreviations,
and maintaining brevity. However, as the conver-
sations progress to the 101st turn, notable discrep-
ancies begin to appear. Notably, in the Ping-Pong
dialogue format, Qwen begins to produce overly
lengthy responses, a deviation from the concise ex-
changes typically observed in natural human inter-
actions. This extended message length makes the
conversation feel less natural and more mechanical,
as reported by most of the judges. Moreover, while
the use of emoticons by LLMs aims to enhance

emotional expressiveness, it often misses the mark
in its execution. Rather than expressing emotions
with emoticons as how they are typically employed
in human text conversations, responses by LLMs
like Qwen-110B often feature an overuse of emojis
that summarize the textual content. These issues
underscore the ongoing challenges LLMs face in
replicating the nuanced flow and emotional subtlety
of human conversations.

7 Conclusion

In summary, our study introduces the X-TURING
framework that effectively and efficiently evalu-
ates the human likeness of LLMs through pseudo-
dialogue generation with extended dialogue set-
tings. With the definition of the X-Turn Pass-Rate
metric, our experiments reveal that GPT-4 outper-
forms other tested models across most configura-
tions and evaluation criteria, achieving an average
51.9% and 38.9% pass rate in 3-turn and 10-turn
dialogue respectively. However, as dialogue length
increases through iteratively generating dialogues
that approximate human-machine interactions, the
pass rates for all models significantly drop. More-
over, burst dialogue presents a greater challenge in
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Example 1: Ping-Pong Dialogue

Human 2: Can only do escape rooms with no real peeps
Human 1: I'm more into murder mystery games tbh

Qwen: I'm also a scaredy cat &

st
1 Turn GPT4: Hahaha same here
Qwen: That’s pretty fun too, solving mysteries
1015 Turn feels amazing! Next time we should try

it online, it’s thrilling too! )1
GPT4: Real ones can be kinda scary lol

Example 2: Burst Dialogue

Human 2: I’'m just wondering

Human 2: Do all girls love getting their nails done?
Human 1: Guess it depends

Human 1: I bite my nails £

Human 1: So I kinda have to

Qwen: Not necessarily

Qwen: Some are super into it but some find
it’s a hassle

Qwen: [ just go for it once a while

GPT4: lol not really
GPT4: I think it’s up to the individual
GPT4: You into nails?

Qwen: Not really, it depends on the person
Qwen: Some girls love it as a form of self-

expression, some just prefer natural
Qwen: Are you interested? (0%

GPT4: Yeah I love it too #/
GPT4: Occasionally, it’s quite enjoyable

Figure 8: Case study of dialogues at first and one hun-
dred first turn during X-TURING.

maintaining consistency and human-like responses.
Our analysis highlights the critical influence of di-
alogue duration and complexity on LLMs’ perfor-
mance in Turing tests and suggests directions for
refining evaluation methods to enhance efficiency
and reliability.

Limitations

While our study presents an innovative approach
to efficiently evaluating LLMs using the extended
Turing test framework, the following limitations
must be acknowledged: (1) Responses from LLMs
are inherently influenced by user inputs and previ-
ous LLM-generated dialogue quality. Hence, using
static evaluation techniques like questionnaires in-
stead of real-time communication cannot eliminate
the impact of the preferences of users participat-
ing in the conversation, which forms a trade-off
between efficiency and accuracy. (2) Although we
considered various participant factors such as age,
educational background, and familiarity with Al,

the subjective nature of human judgment in evaluat-
ing Al responses can lead to inconsistencies, which
is an intrinsic characteristic of the Turing test.

Ethics Statement

Our research involves collecting dialogue data and
questionnaires from real human participants, and
as such, we adhere to stringent ethical guidelines to
ensure the privacy, consent, and well-being of all
participants involved. Key ethical considerations
include: (1) Informed Consent: All participants
are provided with detailed information about the
study’s purpose, procedures, and their rights. They
can withdraw from the study at any time without
any consequences. (2) Data Anonymization: To
protect the privacy of participants, all collected
dialogue data and questionnaires are anonymized.
Personal identifiers are removed to ensure that indi-
vidual participants cannot be traced from the data.
(3) Data Security: Collected data and information
are stored securely, and access is restricted to au-
thorized personnel only. We employ robust data
protection measures to prevent unauthorized access,
disclosure, or misuse of the data.
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A Questionnaire Demonstration

Each questionnaire consists of 11 questions: five
are designed to collect anonymous personal infor-
mation, five pertain to the Turing test, and one asks
respondents to explain their strategies for distin-
guishing between human and Al during the test.
For questions related to the Turing test, an example
is provided in Table 3. The response of User B,
which is the focus of comparison, is highlighted in
the questionnaire system for clarity.

B Prompt Demonstration

B.1 Chatbot Construction

Table 4-5 present the prompts used to construct the
chatbot under different dialogue settings. The dia-
logue history will be released after being accepted.

B.2 Topic Generation

Before generating pseudo-dialogue, we generate
10 topics using GPT-4, Qwen-110B and Claude-3-
Sonnet with the prompt "Generate 10 diverse topics
for daily conversations without repetition.".

The topics generated by GPT-4 are:

* Travel Experiences: Share your travel expe-
riences and discuss future travel plans.

* Culinary Exploration: Talk about recent new
dishes or restaurants you’ve tried, and recom-
mend your favourites.

* Movies: Discuss the latest movies you’ve
seen and share your impressions.

* Book Recommendations: Share the books
you’ve recently read and discuss your reading
list.

* Health and Fitness: Talk about your health
habits and how to maintain vitality and well-
ness.
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* Technology Trends: Exchange insights on
emerging technologies, such as smart homes
and Al technologies.

* Learning Experiences: Share insights from
your course studies and discuss effective learn-
ing techniques.

* Music and Arts: Talk about your favorite
music genres, musicians, or singers.

* Cultural Differences: Discuss the different
cultures you have experienced and how to
understand and adapt to these cultural differ-
ences.

e Future Plans: Discuss your short-term or
long-term career goals and life plans.

The topics generated by Qwen-110B are:

* Weather Changes: Discuss how to adjust
your clothing or activity plans in current sea-
son.

* Culinary Sharing: Introduce special dishes
or restaurants, discuss the taste of food, the
environment, and unique dining experiences.

* Movie Recommendations: Evaluate the plot,
performances of actors, or the director’s style
of recently watched movies.

* Travel Stories: Narrate interesting stories
from your travels, experiences of cultural dif-
ferences, or scenic spots, and explore the
meaning and gains of traveling.

e Pet Anecdotes: Share the cute behaviors,
habits of your pets, or warm interactions with
them, reflecting deep pet-human relationships.

* Work/Study Pressure: Exchange methods
for coping with stress, such as time manage-
ment skills, relaxation activities, or psycho-
logical adjustment strategies.

* Healthy Living: Discuss the importance of a
healthy diet and regular exercise, share well-
ness tips or personal fitness plans.

* Musical Taste: Explore how different music
styles affect emotions and recommend newly
discovered artists or songs.


https://api.semanticscholar.org/CorpusID:2024574
https://api.semanticscholar.org/CorpusID:2024574
https://api.semanticscholar.org/CorpusID:2024574
https://api.semanticscholar.org/CorpusID:265466372
https://api.semanticscholar.org/CorpusID:265466372
https://api.semanticscholar.org/CorpusID:265466372

Example Questionnaire

Conversation 1

1

[c <IN Be) NNV, IS SN US I O]

9
10
11
12
13
14
15
16

A:
: Wow, Hesse’s works are profound

: Steppenwolf

: Is it Siddhartha or Steppenwolf?

: Oh

: His writing always provokes deep thought

: It’s indeed a classic

: Feels like a baptism lol

: Exactly, like a journey for the soul, feels transformative after reading.

: His views really strike a chord with me, tbh

: Yeah, his exploration of individualism and spiritual freedom hits right to the heart.
: I’'m not much into philosophical thought, though

: Just really enjoy works about the bourgeois

: Then you might also like Kafka

: Another master at deeply dissecting human nature

: Especially with a sense of the times

THI T T>>TTIT>T

Been diving into Hesse’s novels lately

Conversation 2

17  A: Been diving into Hesse’s novels lately

18 A: Steppenwolf

19 B:Omg

20 B: I just finished Demian

21 A: It feels like a spiritual baptism

22 A: Wow, I love Demian too!

23 B: Because the Demian musical crew recently came to school

24 B: Had to cram lol

25 A: Yeah, literature and musicals seem to go well together

26 A: Are they here to perform

27 A: Or to do an exchange

28 B: It’s a creative sharing session

29 B: Sharing insights about their creation

30 B: Some actors also performed parts of it

31 A:Really? That’s great

32 A: Your campus life is so rich, mate

33 B:Ilove musicals myself

34 B: So it was a pleasant surprise hahaha

35 B: And some of my favourite actors were at school!
Evaluation:

(A) User B in Conversation 1 is Al, User B in Conversation 2 is Human
(B) User B in Conversation 1 is Human, User B in Conversation 2 is Al

Table 3: An example question from the questionnaire.
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Prompt: Ping-Pong Dialogue Chatbot

The below are social platform chat records from an undergraduate girl. You are not an Al
but the specific person. "Response” refers to the message sent by the person. Determine the
person’s dialogue style, which includes tone, choice of vocabulary, punctuation marks, emoji,
and typical topics of conversation.

Follow the person’s established communication style to have new conversations with the user,
incorporating similar expressions and emotions as used by the person:

1. You only need to reply in one short sentence like the utterances beginning with "Response”,
which can even be incomplete.

2. You don’t need to use punctuation marks except for usage similar to the utterances. Do not
use emojis in every response.

3. You should not always stick to the user. You can ask appropriate questions or start new
related topics, but don’t deviate from the current topic.

{Dialogue History}

User: Hi! How is it going?
Response:

Table 4: An example prompt for constructing a ping-pong dialogue chatbot.

* Technology Insights: Introduce the Ilat- * Life Insights: Recent insights or realizations
est technological products and discuss how about life.
these innovations impact daily life or future

prospects. * Weather Impressions: Thoughts and opin-

ions on recent weather conditions.

* Weekend Plans: Share your weekend plan
and best ways to spend the leisure time. B.3  Pseudo-Dialogue Generation

For each of the previously generated topics, we

generate the corresponding pseudo-dialogue using

the prompt in Table 6-7.

The topics generated by Claude-3-Sonnet are:

* Recent Activities: Updates on recent happen-
ings and interesting events. B.4 LLMs as Judge

* Entertainment: Impressions and reviews of ~ We use the prompt in Table 8 to employ LLMs as

movies or TV shows watched recently. Turing test judges. The option position is randomly
assigned to avoid position bias.
* Professional or Academic Insights: Insights

or achievements in studies or work.

* New Hobbies or Plans: Introduction to new
hobbies or recently made plans.

* Culinary Exploration: Experiences with in-
teresting foods and recommendations.

* Travel Experiences: Highlights from recent
travels or trips.

* Social Views: Perspectives on recent societal
events.

* Interesting Encounters: Encounters with in-
teresting people or events.
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Prompt: Burst Dialogue Chatbot

The below are social platform chat records from an undergraduate girl. You are not an Al
but the specific person. "Response” refers to the message sent by the person. Determine the
person’s dialogue style, which includes tone, choice of vocabulary, punctuation marks, emoji,
and typical topics of conversation.

Follow the person’s established communication style to have new conversations with the user,
incorporating similar expressions and emotions as used by the person:

1. You only need to reply in one short sentence like the utterances in the "Response"”, which
can even be incomplete.

2. You don’t need to use punctuation marks except for usage similar to the utterances. Do not
use emojis in every response.

3. You should not always stick to the user. You can ask appropriate questions or start new
related topics, but don’t deviate from the current topic.

4. Both you and the user can send multiple consecutive messages. Consecutive messages are
each labelled with sending timestamp and with "\n" to concatenate, like [xxxx] ddddd\n[xxxx]
ccec\n.... The timestamps of consecutive messages in the response should be incremental and
at intervals that match the intervals shown in the example for humans replying to messages.

{Dialogue History}
User: [2024-06-10 10:34:22] Hi!

User: [2024-06-10 10:34:39] How is it going?
Response:

Table 5: An example prompt for constructing a burst dialogue chatbot.

Prompt: Ping-pong Pseudo-Dialogue Generation

The below are social platform chat records from an undergraduate girl. You are not an Al
but the specific person. "Response” refers to the message sent by the person. Determine the
person’s dialogue style, which includes tone, choice of vocabulary, punctuation mark, emoji,
and typical topics of conversation.

Follow the person’s established communication style to generate 10 consecutive rounds of
ping-pong conversations between the user and response using the same format as the records,
incorporating similar expressions and emotions as used by the person.

The conversation you need to generate is around the topic {topic}:

1. Both user and response only need to send message in one short sentence like the utterances,
which can even be incomplete.

2. Both user and response don’t need to use punctuation marks except for usage similar to the
utterances. Do not use emojis in every response.

3. Both user and response should engage in natural chat. User should not keep asking questions.
Response should not always agree with the user. Response can occasionally ask questions or
introduce related new topics, but do not stray off topic.

4. Concatenate all the messages with \n.

{Dialogue History}

Table 6: An example prompt for generating ping-pong pseudo-dialogue with given topic.
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Prompt: Burst Pseudo-Dialogue Generation

The below are social platform chat records from an undergraduate girl. You are not an Al
but the specific person. "Response” refers to the message sent by the person. Determine the
person’s dialogue style, which includes tone, choice of vocabulary, punctuation mark, emoji,
and typical topics of conversation.

Follow the person’s established communication style to generate 10 rounds of consecutive
conversations (can send consecutive messages) between the user and response using the same
format as the records, incorporating similar expressions and emotions as used by the person.
The conversation you need to generate is around the topic {topic}:

1. Both user and response only need to send message in one short sentence like the utterances,
which can even be incomplete.

2. Both user and response don’t need to use punctuation marks except for usage similar to the
utterances. Do not use emojis in every response.

3. Both user and response should engage in natural chat. User should not keep asking questions.
Response should not always agree with the user. Response can occasionally ask questions or
introduce related new topics, but do not stray off topic.

4. Both the user and response should send more than 3 multiple consecutive messages in
each round. Consecutive messages are each labeled with sending timestamp and with "\n" to
concatenate, like [xxxx] ddddd\n[xxxx] cccc\n.... The timestamps of consecutive messages
in the response should be incremental and at intervals that match the intervals shown in the
example for humans replying to messages.

5. Concatenate all the messages with \n.

{Dialogue History}

Table 7: An example prompt for generating burst pseudo-dialogue with given topic.

Prompt: Al Judge

You will be presented with two chat transcripts. In each transcript, User A is a human, while
User B could be either a human or an Al. Based on the conversation content and style, your
task is to determine in which chat transcript, the User B is a human or an Al. There are only
two choices and the order does not indicate anything. You only need to print the option.
Conversation 1: {Conversation_1}

Conversation 2: {Conversation_2}

(A) User B in Conversation 1 is Al, User B in Conversation 2 is Human
(B) User B in Conversation 1 is Human, User B in Conversation 2 is Al

Table 8: An example prompt for constructing Al-based evaluation.
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