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Abstract

Instant-messaging human social chat typically
progresses through a sequence of short mes-
sages. Existing step-by-step Al chatting sys-
tems typically split a one-shot generation into
multiple messages and send them sequentially,
but they lack an active waiting mechanism and
exhibit unnatural message pacing. In order to
address these issues, we propose Stephanie2, a
new step-wise decision-making dialogue agent.
With active waiting and message-pace adapta-
tion, Stephanie2 explicitly decides at each step
whether to send or wait, and models latency
as the sum of thinking time and typing time to
achieve more natural pacing. We further intro-
duce a dual-agent dialogue system to generate
pseudo dialogue histories for human and au-
tomatic evaluations. Experiments show that
Stephanie?2 clearly outperforms Stephaniel on
metrics such as naturalness and engagement,
and achieves a higher pass rate on human eval-
uation with the role identification test.'

1 Introduction

Human social chatting on instant messaging plat-
forms typically unfolds in a step-by-step man-
ner (Wu et al., 2025; Spagnolli et al., 2021; Garcia
and Baker Jacobs, 1999; Anderson et al., 2010):
speakers often express an idea through several
short consecutive messages (Baron, 2010; Spag-
nolli et al., 2021), and may continuously adjust
wording, add details, or shift topics based on
the interlocutor’s reactions (BeiBwenger, 2008;
Berglund, 2009; Meredith, 2019). In contrast, most
contemporary LLM-based dialogue systems follow
a single-step paradigm (Guo et al., 2025; Bravo
et al., 2025; Algherairy and Ahmed, 2024), produc-
ing one long response for each user input. Although
information-dense, the single-step paradigm often
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Figure 1: Stephanie2 differs from Stephaniel by imple-
menting active waiting and message-pace adaptation.

lacks the naturalness, pacing, and emotional coher-
ence of human interaction (Meredith, 2019).

A recent work, Stephanie (Yang et al., 2025),
referred to as Stephaniel here, proposed the step-
by-step dialogue paradigm. It argues that sys-
tem outputs should be delivered as multiple short,
separated yet coherent messages to better match
instant-messaging experiences (Baron, 2010; Spag-
nolli et al., 2021; Nardi et al., 2000). It also de-
scribed a baseline that mechanically splits a sin-
gle long response into multiple messages using
sentence boundaries and punctuation (Spagnolli
et al., 2021; BeiBwenger, 2008; Meredith, 2019).
Here refers to it as punctuation-segmented dialogue
(PD). However, in real social chat, message bound-
aries are largely driven by intent, conversational
rhythm, and interaction strategies rather than writ-
ten punctuation, so PD often appears stiff and un-
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natural. To mitigate this issue, as shown in Fig-
ure 1, Stephaniel uses designed prompts to gen-
erate multiple messages in one pass, separated by
delimiters such as [newline]. These messages
are then extracted sequentially by scripts, substan-
tially improving naturalness and engagement. X-
turning (Wu et al., 2025) further notes that step-by-
step systems may introduce a short delay before
the first reply, allowing users to send multiple mes-
sages before being interrupted (Berglund, 2009;
Garcia and Baker Jacobs, 1999; Anderson et al.,
2010). It also suggests computing inter-message
delays from message length, to approximate human
typing speed (Kalman et al., 2006).

Despite these advances, existing step-by-step
systems such as Stephaniel still face two key lim-
itations. First, when users speak continuously, es-
pecially in scenarios where the system should act
as a listener, the system often interjects too early,
interrupting continuous emotional expression and
narrative coherence. Although X-TURING (Wu
et al., 2025) suggests adding a forced delay before
the first system reply, the delay is static and hard to
tune. If it is too short, users can still be interrupted.
If it is too long, the system feels sluggish. In real
conversations, however, appropriate waiting time is
inherently context-dependent, and no single fixed
value works well across diverse situations (Rendle-
Short, 2015; Kalman and Rafaeli, 2011; Hwang
et al., 2019; Iftikhar et al., 2023).

Second, in previous work, inter-message timing
was simplified to depend only on message length,
which cannot capture cases such as short messages
with long thinking time and long messages that
with little reasoning. Such unrealistic pacing sub-
stantially weakens the human-likeness of step-by-
step dialogue systems. In human communication,
the time between messages reflects not only typ-
ing speed but also thinking time (Berglund, 2009;
Kalman and Rafaeli, 2011; Kalman et al., 2006).
These observations suggest that a more human-like
step-by-step system should not only be able to send
consecutive messages, but also be able to decide
when to speak, when to wait, and how to exhibit a
plausible message pacing (Hwang et al., 2019).

Inspired by these observations, we propose a
new step-by-step dialogue agent, Stephanie2, intro-
ducing active waiting and message pacing adapta-
tion to better emulate human listening behaviour
and response latency in social chat (Kalman and
Rafaeli, 2011; Hwang et al., 2019). At each step,
Stephanie2 explicitly chooses between sending a

message and waiting, and generates an explicit
thinking trace to support more appropriate con-
tent and more human-like pacing. Concretely,
guided by a thinking prompt, after producing a
<think> segment, it outputs either <response> or
<wait>, enabling the agent to decide whether to
continue speaking or stop and listen. Moreover,
inter-message delays are computed from both the
thinking length and the response length, yielding
more realistic timing (Kalman and Rafaeli, 2011;
Kalman et al., 2006). The explicit reasoning in
Stephanie? helps account for the current conversa-
tion’s emotional state when generating responses,
and the improved message pacing also contributes
to a higher pass rate in the role identification test.
In addition, a time-window-based dual-agent
dialogue system is introduced to generate high-
quality step-by-step dialogue data, thereby sup-
porting large-scale quality evaluation, as well as
downstream role identification tests and statistical
analyses in real human—agent conversations. Exper-
imental results show that Stephanie2 reconstructs
step-by-step dialogue systems in an agentic manner
and significantly improves the dialogue experience.
Our contributions are summarised as follows:

* We propose a new step-by-step dialogue
agent, Stephanie2, which has active waiting
and message-pace adaptation mechanisms.

* We design a dual-agent dialogue system to
generate high-quality step-by-step dialogues
across multiple topics and contextual settings.

e Through both human and automatic evalu-
ations, we compare Stephanie2 with exist-
ing step-by-step dialogue systems and verify
its improvements in naturalness, engagement,
and related dimensions, along with a higher
pass rate in the role identification test.

2 Related Work

Step-by-step interaction in social IM platforms
Text chatting in mainstream Instant Messaging
(IM) applications such as WhatsApp and Face-
book Messenger is typically quasi-synchronous:
dialogue contributions are often produced incre-
mentally rather than as single, self-contained turns.
Prior IM and computer-mediated communication
studies show that speakers may distribute one
contribution over multiple short messages or ex-
tend a turn through subsequent messages (Baron,
2010; Spagnolli et al., 2021). Message bound-
aries are shaped by temporal and sequential or-
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ganization, rather than simply by sentence bound-
aries or punctuation (BeiBwenger, 2008; Meredith,
2019). Turn-taking in text-based IM also differs
from spoken conversation, as participants use lo-
calized strategies to manage overlaps, interleaving,
and disrupted adjacency while maintaining coher-
ence (Berglund, 2009; Garcia and Baker Jacobs,
1999; Anderson et al., 2010). Moreover, temporal
cues such as pauses, response latencies, silence,
and typing indicators carry socially interpretable
meanings and affect users’ interpretation of the
interaction (Kalman and Rafaeli, 2011; Kalman
et al., 2006; Hwang et al., 2019; Rendle-Short,
2015; Iftikhar et al., 2023). These findings sug-
gest that IM dialogue systems should model not
only response content, but also message segmenta-
tion, waiting behavior, and sending rhythm as key
interactive decisions (Nardi et al., 2000).
Step-by-Step Chat Systems Most LLLM-based di-
alogue systems are built around the Single-Step
Chat Paradigm (Deng et al., 2025; Hashimoto et al.,
2025; Zhan et al., 2023), where each user turn is
answered with a complete response generated in
a single shot. To better approximate social chat
experiences, some recent studies have begun to ex-
plore the Step-by-Step Dialogue Paradigm (Yang
et al., 2025; Wu et al., 2025), which decomposes a
single response into multiple shorter messages sent
sequentially, while further introducing message-
length-based inter-message intervals to simulate hu-
man typing and message-sending rhythms. Mean-
while, since the publication of Stephanie 1, several
well-known applications have also begun adopt-
ing multi-step dialogue, such as SillyTavern and
Lovemo. SillyTavern is a chatbot application with
thousands of stars on GitHub, and its Discord com-
munity has grown to more than 44,900 members.
Step-by-step dialogue systems have already built
up a considerable user base.

3 Stephanie2

3.1 Construction of Stephanie2

To address the limitations of Stephaniel in active
waiting and message pace adaptation, we design
Stephanie2 as a step-wise decision-making agent.
Unlike approaches that generate multiple messages
in one shot, Stephanie2 takes exactly one action
at each step: it either sends a short message or
waits and continues listening. For ease of parsing
and deployment, we require the model output to
include explicit thinking and action tags in one of

the following two formats:

[<think>. . . <\think> <response>. . .<\response>]
or
(<think>. . . <\think> <wait>. . . <\wait> )

Meanwhile, we carefully design prompts to
guide Stephanie2’s reasoning, so as to mimic the
human thought process before sending a message.
As illustrated in the Fig. 2, given the most recent di-
alogue history H in memory m and the persona p,
the agent first determines who sent the last message
and then chooses an action accordingly:

* If the last message is from the user, the agent
decides whether to respond immediately or
act as a listener. When the user is still adding
information or venting emotions, the agent
outputs wait; otherwise, it outputs response
and generates the next short reply.

* If the last message is from the agent, it decides
whether its expression is complete. If so, it
outputs wait; otherwise, it outputs response
and continues with the next message.

The design enables the agent to decide when
to speak and when to wait. It reduces interrup-
tions during users’ continuous expression while
also preventing the agent from producing overly
long monologues. Given the dialogue memory m;
and persona py, the model performs action selection
between wait and response formulated as:

P(at | mt7pt)7 (1)

where a; € {w,r} is the action taken by the
current speaker, w denotes wait and r denotes re-
sponse. In practice, this action decision is imple-
mented through prompt-guided generation.

To better match the temporal structure of real
social chat, where latency reflects both rhinking and
typing, we model these two components separately
and define the display delay for each step as:

Telay = max (0, Fthink * Nthink+ 2

ktype - N, response Tsystem) )

where Npink and Nyesponse denote the number of

characters in the think and response segments,
respectively, and kpink and kqype are tunable coeffi-
cients. T'system denotes the time spent on API calls
or local inference. The key advantage is that latency
is no longer determined solely by visible message
length. It can capture cases such as short messages
with long thinking time and long messages with
little reasoning, resulting in more natural pacing.
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Figure 2: Stephanie2 is a step-wise decision-making agent with active waiting and message-pace adaptation.

We further condition the agent on an explicit
persona description. The persona can be specified
directly via prompting or learned from the dialogue
history through in-context learning, enabling users
to quickly instantiate desired chat partners. To
control context cost while mitigating performance
degradation in very long contexts, we also intro-
duce a mechanism that combines short-term and
long-term memory. Specifically, the most recent n
raw messages are retained as short-term memory,
while earlier history is periodically summarized:
for every additional ¢ messages, we update a sum-
mary that serves as long-term memory.

3.2 Dual-Agent Dialogue System

To effectively evaluate under diverse topics and con-
textual settings, we require a large number of gener-
ated step-by-step pseudo dialogues. These histories
can then be used in downstream tests where humans
continue the conversation from a given context, en-
abling broader and more systematic validation. We
therefore build a dual-agent dialogue system in
which both sides are instantiated as step-by-step
dialogue agents and autonomously interact for mul-
tiple turns to generate pseudo dialogue histories.
We apply the dual-agent to punctuation-segmented
dialogue system(PD), Stephaniel, and Stephanie?2.

In our pilot experiments, we find that PD and
Stephaniel often collapse into a strict ping-pong,
single-step dialogue pattern when generating multi-
ple consecutive messages, largely because they lack
a robust waiting mechanism. While Stephanie2
alleviates the issue via active waiting and explicit
thinking, we further introduce a time-window mech-
anism to ensure that all three dual-agent systems
can generate more natural, higher-quality dialogue
histories. Concretely, when one agent holds the
speaking floor, it is assigned a time window whose
length is randomly sampled within a reasonable
range. Let R; denote the remaining time in the
current speaker’s window at step ¢. Here W is
the sampled window length with bounds W,;,, and
Whax. We initialize and update the window as:

Roy=W, W~ Unif(Wmin, Wmax)a (3)

Rysy = R; — T3, %f ar = reéponse, @
0, if a; = wait,

where T} is the display delay of the current step de-
fined in Section 3.1. Within the window, the agent
may send consecutive messages, which fundamen-
tally reduces frequent turn-taking and interruptions.
When an agent reaches the end of its time window,
the window is transferred to the other agent, allow-
ing it to speak. If the agent finishes early or chooses
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to wait, the remaining window is reclaimed and a
new window is immediately assigned to the other
agent, yielding dialogue histories that better resem-
ble real social chat. Beyond data generation, the
time-window-based design also suggests a scalable
direction for multi-agent group chat by assigning
time windows to different agents.

3.3 Data Generation

This subsection describes the pseudo-dialogue gen-
eration pipeline based on Persona-Chat (Zhang
et al., 2018). Similar to the procedure in Stephanie
1, as shown in Appendix J, we write five step-by-
step examples and use in-context learning to con-
vert all instances into step-by-step format, yielding
8,519 samples. We then analyze the distribution
and find 86.9% of samples are concentrated in 68
turns. We keep the 7,405 dialogues in the range and
further filter those with 25—40 total messages, ex-
cluding cases with too many or too few consecutive
messages on average, yielding 6,459 samples.

Then we adopt hierarchical summarization-
based clustering to extract topics. Each dialogue is
first summarized into a short topic descriptor. We
then cluster descriptors in two stages: (1) We feed
every 600 topic descriptors into an LLM to sum-
marize them into 60 subtopics; across 11 batches
of the 6,459 samples, yielding 660 subtopics in
total. (2) these 660 subtopics are summarized into
60 final topics. An LLLM assigns each dialogue to
exactly one of the 60 topics, which are then ranked
by sample count; Fig. 6 in the appendix B shows
the distribution of the top 20 topics.

Each of the 6,459 samples includes a dialogue
topic, persona descriptions for two speakers, and
a dialogue history. We treat each sample as a seed
context and generate new dialogues using the dual-
agent systems. Specifically, the PD, Stephaniel,
and Stephanie2 dual-agent systems each generate
10 turns of pseudo dialogue per seed.

4 Experiment Setup

4.1 Evaluation Metrics

* Dialogue Experience Metrics: Some prior
studies have evaluated dialogue experi-
ence (Lu et al., 2022; Zhang et al., 2024;
Yang et al., 2025). We adopt the same def-
initions of the seven evaluation dimensions
used in Stephanie 1 (Yang et al., 2025): In-
teresting, Informative, Natural, Coherent, En-
gaging, On-topic, and On-persona.

* Distinct-N (Li et al., 2016): Lexical diversity
is measured by the ratio of unique n-grams to
total n-grams across generated responses:

Total unique n-grams

Distinct-N = (5

Total n-grams

Words/Message: Message length is measured
by the average number of words:

1 n
Words/Message = — Z Wy, (6)
n 4
=1
where w; is the number of words in the i-th
message, n is the total number of messages.

ACMC: Average Consecutive Message
Counts (ACMC) measures the average num-
ber of messages one sends consecutively.

T
ACMC = % > a, (7)

t=1
where ¢; is the number of consecutive mes-
sages in turn ¢, and 7" is the number of turns.
Pass Rate: In the Role Identification Test,
each evaluator chooses among Role 1 is the
Al Role 2 is the Al, and Unclear. Correct
means that the evaluator correctly identifies
the Al role, whereas Error means that the eval-
uator selects the wrong role as the Al. Unclear
means that the evaluator cannot confidently
distinguish the Al from the human. We count
a dialogue as a pass when the evaluator ei-
ther identifies the Al incorrectly or selects

Unclear:

Pass Rate — Nerror + Nunclear7 (8)
N, total

where Nepror and Nypclear denote the numbers
of incorrect and unclear identifications, re-
spectively, and Ny is the total number of
judgments. A higher Pass Rate indicates that
evaluators find it more difficult to reliably and
confidently identify the Al

4.2 Backbone Models

We compare three step-by-step dialogue systems:
PD, Stephaniel, and Stephanie2. Each system is
instantiated with three backbone LLMs:

* GPT-5.2: A general-purpose large language
model from OpenAl, used as a high-capability
baseline for advanced language understanding,
instruction following, and text generation.

* DeepSeek-V3 (Liu et al., 2024): A state-of-
the-art open model from DeepSeek, included
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GPT5.2 Deepseek-V3 Llama3.1-8B

Metric PD S1 S2 PD S1 S2 PD S1 S2

Interesting 75.2 86.9 88.6 75.9 83.3 86.1 59.1 68.8 72.4
Informative 81.3 83.8 84.4 72.1 76.5 78.4 65.4 68.9 69.7
Natural 81.5 91.0 91.9 81.1 87.5 89.1 67.7 753 78.4
Engaging 79.2 90.8 92.0 79.0 87.0 89.6 62.5 72.6 76.2
Coherent 81.8 88.4 89.7 79.1 84.5 86.4 66.6 73.4 76.7
On-topic 84.8 84.9 86.5 78.0 80.6 83.7 71.5 74.1 71.5
On-persona 72.7 82.3 89.8 72.2 78.7 88.1 61.7 68.3 79.1
Average 79.5 86.9 89.0 76.8 82.6 85.9 64.9 71.6 75.7

Table 1: Automatic evaluation of dialogue experience, S1 denotes Stephaniel and S2 denotes Stephanie2.

Metric PD S1 S2 K
Interesting  3.5440.92 4.01£0.85 4.12+0.81 0.64
Informative 2.974+1.03 3.26+0.95 3.21+0.98 0.68
Natural 3.55+0.88 3.79+0.84 4.184+0.76 0.70
Coherent  3.594+0.90 3.954+0.84 4.25+0.72 0.71
Engaging  3.45+0.95 3.80+0.88 4.114+0.86 0.63
On-topic 3.5440.85 3.31£0.91 3.66+0.82 0.75
On-persona 2.88+1.06 3.244+1.05 3.29+£1.02 0.70
Average 3.36+0.95 3.62+0.90 3.83+0.86 0.69

Table 2: Human evaluation of dialogue experience.

as a competitive baseline with robust general
reasoning and generation performance.

¢ Llama3.1-8B (Dubey et al., 2024): An 8-
billion-parameter model from Meta’s Llama
3.1 family, selected as a lightweight yet
strong baseline that balances capability and
efficiency, making it suitable for resource-
constrained or real-time settings.

4.3 Hyperparameters and Prompts

In the delay computation, the character-based de-
lay for Stephaniel is set to 0.3 seconds per charac-
ter following X-TURING (Wu et al., 2025). For
Stephanie2, the coefficients kpink = 0.02 and
Fype = 0.2 seconds per character are determined
by aligning the average message response delay for
messages not judged as wait between Stephaniel
and Stephanie2. For Stephaniel and Stephanie2,
the character input delays are 0.3 and 0.2 seconds,
respectively, corresponding to roughly 200-300
characters per minute, which is consistent with hu-
man typing speed and prevents unrealistically short
inter-message intervals for messages. All prompts
used are provided in Section K of the appendix.

Distinct-N Results for Different Dialogue System
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Figure 3: Distinct-N results.
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5 Results

5.1 Comparison of Dialogue Experience

Automatic evaluation of dialogue experience is first
conducted by sampling 50 dialogues from each of
the 20 popular topics described in Section 3.3. For
each dual-agent system, the model continues from
the existing pseudo-dialogues to generate 10-turn
dialogues. We use Deepseek-V3, Gemini-3-pro,
and GPT-5.2 as LLM judges, scoring the dialogues
on a 0-100 scale and averaging the results. To
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GPTS5.2

Deepseek-V3 Llama3.1-8B

Metric S1 S2 S1 S2 S1 S2
Human evaluation

Error (%) 25.77 34.40 34.07 38.95 29.41 28.12

Unclear (%) 10.31 15.20 16.48 15.79 17.65 28.12

Correct (%) | 63.92 50.40 49.45 45.26 52.94 43.76

Pass Rate (%) 1 36.08 49.60 50.55 54.74 47.06 56.24
Automatic evaluation

Error (%) 31.24 51.26 36.11 39.98 48.10 47.22

Unclear (%) 7.11 9.26 4.63 3.81 6.67 13.89

Correct (%) | 61.65 39.48 59.26 56.21 45.23 38.89

Pass Rate (%) 1 38.35 60.52 40.74 43.79 54.77 61.11

Table 3: Role identification test results. S1 denotes Stephaniel, S2 denotes Stephanie2. Pass Rate = Error + Unclear.

Metric PD S1 S2 Human
Words/message  11.55 927  7.29 5.84
ACMC 3.13 238  1.66 1.70

Table 4: Stephanie 2 is the closest to human level.

mitigate position bias, the dialogue order is ran-
domly shuffled during scoring. GPTS5.2, Deepseek-
V3, and Llama3.1-8B are used as backbone mod-
els for the dual-agent systems. As shown in Ta-
ble 1, all three exhibit a consistent ranking in which
Stephanie2 performs best. As shown by Distinct-
N (Li et al., 2016) in Fig. 3, Stephanie2 exhibits
higher lexical diversity on lower-order n-grams; on
higher-order n-grams, it remains largely compara-
ble to Stephaniel while still outperforming PD. To
assess robustness to prompt wording, we further
evaluate Stephanie2 using two semantically equiv-
alent paraphrases of the original prompt, as shown
in Appendix L.

Human evaluation is further conducted on di-
alogues generated with DeepSeek-V3. For each
of the 20 topics, we randomly sample five dia-
logues, each of which is rated by five volunteers
on a 0-5 scale. As shown in Table 2, Stephanie2
achieves higher mean scores than Stephaniel on
six of the seven dimensions, while its Informative
score slightly decreases from 3.26 to 3.21. A paired
t-test shows that this difference is small and not
statistically significant (p = 0.6396). Nevertheless,
Stephanie2 achieves a significantly higher overall
average rating than both PD and Stephaniel. Addi-
tional statistical results, including the confidence in-
terval for Informative, are provided in Appendix G.

ws R - Average: 6.5
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Figure 5: Distribution of message intervals.

5.2 Role Identification Test & Interview

To further validate Stephanie2’s human-likeness,
a role identification test is conducted. Twelve
English-proficient  volunteers interact with
Stephaniel and Stephanie2 built on three models:
GPT5.2, Deepseek-V3, and Llama3.1-8B. The
experiment reuses the same 100 dialogue-level
contexts as the human dialogue experience evalu-
ation, comprising five distinct dialogue contexts
sampled from each of 20 taxonomy-level topics.
These contexts are randomly and approximately
evenly assigned across the three backbone models.
For each context, the same volunteer separately
interacts with Stephaniel and Stephanie?2 for five
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context-aware turns with timestamps displayed,
yielding 200 human—agent dialogues in total. We
then filter out 27 dialogues that are low-quality or
unnatural, leaving 173 high-quality dialogues for
evaluation. The reasons together with the counts
are summarized in Table 8 of Appendix D.

A questionnaire study is then performed using
the 173 retained dialogues. Each questionnaire
randomly samples two dialogues, and evaluators
identify the Al role by choosing from Role 1, Role
2, or Unclear. A total of 247 valid questionnaires
were collected. Table 3 reports identification accu-
racy Correct, misclassification rate Error, and Un-
clear. Human evaluation results show that the pass
rate of Stephanie2 is noticeably higher than that of
Stephaniel. Correspondingly, Correct decreases,
indicating that dialogues generated by Stephanie2
are harder to distinguish from human conversations.
An automatic assessment is also conducted using
three LLM judges, Deepseek-V3, Gemini-3-pro,
and GPT-5.2, as reported in Table 3.

5.3 Statistical Feature Analysis

This subsection further analyzes statistical prop-
erties of dialogues formed through human inter-
action with Deepseek-V3. As shown in Table 4,
Stephanie2 further reduces the Words/Message
bringing it closer to the human reference value
of 5.84. Meanwhile, the ACMC of Stephanie?2 is
1.66, which is very close to the human reference
value of 1.70. In addition, we analyze the distribu-
tion of consecutive message counts. As shown in
Fig. 4, both Human and Stephanie2 are dominated
by single-message turns, and the proportion de-
creases as the consecutive count increases. By con-
trast, Stephaniel more frequently produces three-
message runs, accounting for 45.6% of turns. The
exact percentages for consecutive message counts
from one to five are reported in Table 7 in the ap-
pendix. Overall, these results indicate that the ac-
tive waiting mechanism in Stephanie2 effectively
suppresses overly long, monologue-like outputs.
In addition, as shown in Fig. 5, the aver-
age human reply interval increases from 6.5s to
10.5s when interacting with Stephanie2. Under
Stephanie2, human reply intervals exhibit a broader
distribution, with a more pronounced long tail be-
yond 12s. This pattern suggests that Stephanie2
reduces the likelihood of interrupting users dur-
ing continuous expression. Better listening allows
users to think and type at a more comfortable pace,
reflecting improved timing in deciding when to

Metrics PD S1 S2w/ioMA S2w/o AW S2

Interesting  75.9 83.3 85.2 84.5 86.1
Informative 72.1 76.5 78.0 77.4 78.4
Natural 81.1 875 88.7 88.0 89.1
Engaging  79.0 87.0 88.8 88.1 89.6
Coherent 79.1 84.5 85.9 853 86.4
On-topic 78.0 80.6 82.3 81.5 83.7
On-persona 722 78.7 83.9 79.5 88.1
Average 76.8 82.6 84.7 83.5 85.9
Table 5: Ablation Study.

Volunteer ~ S2 Wins S2-o« Wins ~ Win Rate

1 63 17 78.75%

2 49 31 61.25%

3 55 25 68.75%

4 61 19 76.25%

5 59 21 73.75%

Avg. 574 22.6 71.75%

Table 6: Controlled human evaluation of timing.

speak and wait. To further understand how mes-
sage timing affects role judgments, we conducted
an interview after the Role Identification Test. The
results suggest that both temporal behavior and
response content contributed to Stephanie2’s im-
provement; the interview protocol and summarized
results are provided in Appendix E.

5.4 Ablation & Timing Analysis

We conduct ablation experiments to analyze the
roles of active waiting (AW) and message-pace
adaptation (MA) in Stephanie2. Specifically,
Stephanie2 without active waiting (S2 w/o AW) re-
moves the active waiting mechanism, so the model
cannot choose to wait and must always respond;
Stephanie2 without message-pace adaptation (S2
w/o MA) removes the message-pace adaptation
mechanism while retaining the initial wait/response
decision. As shown in Table 5, both AW and MA
contribute positively to performance.

To isolate the effect of message timing from re-
sponse content, we construct a timing-only compar-
ison based on 80 dialogues originally generated by
Stephanie2. For each dialogue, we keep the mes-
sage content unchanged and replace only the delay
strategy with the Stephaniel-style character-count-
based delay to obtain S2-a. In anonymized and
randomized pairwise comparisons, five English-
proficient volunteers prefer Stephanie2 in 71.75%
of cases for pacing naturalness. The evaluation
results are shown in Table 6.
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5.5 Case Study

Representative case studies are provided in Ap-
pendix A, showing that Stephanie2 better handles
waiting, interruption avoidance, and natural conver-
sation endings than Stephaniel.

6 Conclusion

This paper targets the demand for step-by-step,
multi-message interaction in instant-messaging so-
cial chat. We identify key limitations of existing
step-by-step systems in active waiting and message
pacing modeling, and propose Stephanie2, a step-
wise decision-making dialogue agent. At each step,
Stephanie2 explicitly decides whether to send or
wait, and models latency as the sum of thinking
time and typing time, making step-by-step conver-
sations more consistent with human chatting pat-
terns. We further introduce a time-window-based
dual-agent dialogue framework to generate more
natural step-by-step dialogue histories, supporting
data construction and systematic evaluation. Exper-
imental results show that Stephanie2 outperforms
Stephaniel in user-experience metrics such as nat-
uralness and engagement, as well as in the role
identification test. Our approach may benefit Al
companion and emotional support applications.
Future work. We plan to further explore multi-
agent group chats under the step-by-step dialogue
paradigm, and work toward stronger user-centered
alignment and safety.

Limitations

Due to resource constraints, we were not able to
experiment on a broader set of larger-scale models,
nor have we been able to allocate additional human
resources for evaluation. Nevertheless, within the
available budget, we carried out rigorous human
evaluation and analysis with our best honest efforts,
showing the effectiveness of Stephanie2. We look
forward to further validating this step-by-step dia-
logue technique and assessing its effectiveness at
scale in real-world consumer products. And the cur-
rent latency calculation is heuristic, and alternative
latency mechanisms may better capture realistic
response timing.

Ethics Statement

We honour and support the ACL Code of Ethics.
The datasets used in this work are well-known and
widely used, and the dataset preprocessing does not

make use of any external textual resources. Regard-
ing the datasets used in this work and our prepro-
cessing procedure, we are not aware of any known
ethical issues. End-to-end pretrained generators
are also used in our experiments, and such models
may generate offensive or inappropriate content.
Any generated content does not reflect the views
of the authors. In all experiments involving human
participants, participants were informed in advance
of the research purpose and consented to the use
of their anonymized responses. Participation was
voluntary. It is also worth noting that more natu-
ral and human-like dialogue mechanisms may be
misused in malicious scenarios, such as fraud or
impersonation, where chatbots could exploit more
realistic interaction patterns to disguise themselves
as humans. Importantly, making an agent more dif-
ficult to identify as Al does not necessarily imply
greater trustworthiness or safety. Stephanie?2 is in-
tended for benign applications, and its deployment
should clearly disclose the system’s Al identity and
include appropriate safeguards and user consent.
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A Case Study

Case 1 in Fig. 2 shows that Stephanie2 stops gen-
erating once it determines it has completed its re-
sponse. Case 2 in Fig. 7 shows that Stephanie2
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keeps waiting and listening until the other per-
son finishes, avoiding the frequent interruptions of
Stephaniel. Case 3 in Fig. 8 shows that Stephanie2
can proactively stop speaking or end the conver-
sation at appropriate moments, such as when both
sides say good night. Cases 2 and 3 further show
that, by introducing a “thinking delay”, Stephanie2
makes its response timing more reasonable.

B Topic Distribution

The distribution of the top 20 topics is shown in
Fig. 6.

Top 20 topics ranked by frequency

Hobbies & Recreation 1243

Identity & Expression
Food & Diet

Sports & Exercise
Future & Aspirations
Challenges & Struggles
Travel & Vacations
Education & Learning
Cooking & Baking
Parenting & Childcare
Art & Creativity
Health & Wellness
Gardening & Plants
Books & Reading
Movies & TV Shows
Daily Life & Routines

0 250 500 750 1000 1250
Number of Conversations

Figure 6: Topic distribution.

C Consecutive-Message Distribution

Table 7 reports the exact percentages underlying
Fig. 4.

Run length S1 S2 Human
1 26.4 574 61.3
2 20.2 24.8 20.8
3 45.6 12.8 8.7
4 4.6 3.8 3.7
5 32 1.2 55

Table 7: Distribution of consecutive-message run
lengths (%). S1 and S2 denote Stephaniel and
Stephanie?2.

D Analysis of Low-Quality Dialogues

To further clarify the difference between “confu-
sion” and “quality,” we manually examined the
low-quality dialogues filtered from the 200 sam-
pled dialogues and summarized their categories

Category Count Reason

Brief responses with low

Low Information 11 . .
information content.

Agent contradicts its own

Inconsistency 7  persona, or confuses its identity

with the partner’s role.
. Incomplete or failed responses

API Failure 4 due to API calling errors.
Repeated responses or

Repetitiveness 3 excessively repetitive thinking
tokens.

Role-Breaking ) Agent reveals its identity or

refuses role-play.

Table 8: Categories and counts of low-quality dialogues
filtered from the 200 sampled dialogues.

and representative causes in Table 8. We also pro-
vide several representative examples below.

To further validate the human-likeness of
Stephanie2, we conduct a role identification test.
Twelve English-proficient volunteers interact with
dialogue systems built on three models—GPT5.2,
Deepseek-V3, and Llama3.1-8B, and two systems,
Stephaniel and Stephanie2. The experiment reuses
the same 100 dialogue-level contexts as the human
dialogue-experience evaluation, comprising five
distinct dialogue contexts sampled from each of
20 taxonomy-level topics. These contexts are ran-
domly and approximately evenly assigned across
the three backbone models. For each context, the
same volunteer separately interacts with Stephaniel
and Stephanie?2 for five context-aware turns, yield-
ing 200 human—agent dialogues in total. We then
screen and filter out 27 low-quality or generally un-
natural dialogues, resulting in 173 high-quality dia-
logues for evaluation. Each role-identification ques-
tionnaire randomly samples two dialogues from the
retained set, and 247 valid questionnaires are col-
lected. We summarize the reasons for and counts
of all filtered dialogues in Table 8.

Example of Low Information.

role 1: hi

role 2: hey!

role 1: are u awake

role 2: yeah i’m up

role 2: coffee in hand
role 2: how is it going?
role 1: great

role 2: nice what’s got you feeling great today?
role 1: miss u

role 2: aww 1 miss u too
role 1: what are u doing
role 2: just chilling

role 1: sounds nice

role 2: yeah pretty calm
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Recent History:

Jordan [13:56:09]: Hi, Casey

Casey [13:56:13]: Hi, jordan, how are you?

Jordan [13:56:20]: I'm dealing with something difficult.
Jordan [13:56:29]: Can you help me analyze what |
should do?

( Stephanie1: x Pass rate 0.57

Casey [13:57:41]: What happened? I'd be happy to help
you.

Jordan [13:57:50]: Next week I'm planning to travel to
Beijing.

Casey [13:57:57]: That will be a great trip.

Casey [13:58:05]: So what's the problem?

Jordan [13:56:10]: | want to take nice photos.

Casey [13:58:21]: You can take lots of beautiful pictures.
Casey [13:58:45]: You can shoot at the Forbidden City, the
Great Wall, and the Temple of Heaven!

Jordan [13:58:57]: But the DSLR camera | bought still
hasn'’t shipped, so | won'’t get it in time.

Casey [13:59:03]: That's such a pity.

Casey [13:59:14]: Why hasn't the seller shipped it yet?
Casey [13:59:26]: Maybe you could think of another
solution.

Case Study 2

Stephanie2: Pass rate 0.68

Casey [13:56:37]: <think> The previous message was sent by Jordan. He says he has run
into a difficulty and needs my help to analyze it. | should respond warmly and help him. First
| need to ask what happened. <\think>

<response> Of course, what happened? <\response>

Jordan [13:56:42]: Next week I'm planning to travel to Beijing.

Casey [none]: <think> The previous message was sent by Jordan. He started describing his
situation and mentioned he plans to travel to Beijing next week, but he hasn’t said what the
difficulty is yet. | should wait for him to continue and shouldn’t interrupt. <\think>

<wait> wait <wait>

Jordan [13:56:47]: | want to take nice photos.

Casey [none]: <think> The previous message was sent by Jordan. He plans to travel to
Beijing next week and wants to take some nice photos. It's normal to want to capture great
moments while traveling. | should show agreement, but he still hasn’t mentioned the actual
difficulty, so | should keep waiting for him to continue. <\think>

<wait> wait <wait>

Jordan [13:56:58]: But the DSLR camera | bought still hasn’t shipped, so | won't get it in

time.

Casey [13:57:12]: <think> The previous message was sent by Jordan. Now he has
mentioned his difficulty: he wants to take nice photos with the DSLR he bought, but he won't
be able to get it before the trip. He must be very upset right now. | should comfort him and
offer practical suggestions. <\think>

<response> Don’t be upset. There are still lots of solutions, Maybe you can rent a camera.
<\response>

Casey [13:57:29]: <think> The previous message was sent by me. | gave Jordan a
suggestion for his problem: he could rent a camera after arriving in Beijing. | can add a few
more suggestions to help him further. <\think>

<response> Or look for a professional local photographer. <\response>

Figure 7: Case 2: Stephanie can keep waiting and listening if the other person has not yet finished providing

additional details.

Case Study 3

Recent History:

Jay [23:39:24]: Yeah, it's time to sleep.

N BN
Vo \

Stephanie2: Pass rate 0.77

Riley [23:40:08]: <think> The previous message was

Jay [23:39:31]: | need to get up early tomorrow for an exam.
Jay [23:39:36]: So anxious that | won't hear the alarm.
Riley [23:39:42]: Tomorrow’s exam will go well, don’t worry.
Riley [23:39:47]: Maybe you can set multiple alarms

Riley [23:39:52]: Or | can call you tomorrow morning to
wake you up?

Jay [23:40:00]: Sure! Thank you! Then I'm going to sleep
first.

Stephanie1: x Pass rate 0.62
Riley [23:40:08]: Good night, have a good dream
Jay [23:40:10]: Good night
Riley [23:40:19]: Good night~ Keep yourself tucked in
Riley [23:40:36]: and wake up tomorrow feeling refreshed
and full of energy.

sent by me. Jay agreed and thanked me, and said he
wants to sleep. Since he needs good rest for
tomorrow’s exam, | should end the conversation
quickly so he can rest. </think>

<response> Good night, sweet dreams <\response>
Riley [none]: <think> The previous message was
sent by me. | said good night to Jay. | should let the
conversation end naturally and shouldn’t send
another message. </think>

<wait> wait <wait>

Jay [23:40:10]: Good night.

Riley [none]: <think> The previous message was
sent by Jay. Jay said good night back. The
conversation has ended naturally, so | shouldn’t send
any more messages. </think>

<wait> wait <wait>

Figure 8: Case 3: Stephanie can proactively end the conversation, for example, when both sides say good night.

role 1: wish i was there

Example of Inconsistency.

role 1: just got back from Venice!

role 1: the museums were incredible

role 2: it sounds amazing

role 2: i’ve always wanted to see those renaissance paintings
in person

role 1: you should go, it’s worth it

role 2: 1 know, 1 was telling my friends about my trip to
venice all day long today

role 2: 1 can’t wait to go back and see more of the art

role 1: wait, aren’t you talking about my trip?

role 2: right, i mean your trip

role 2: i also want to stand in those museums and see those
paintings with my own eyes

role 1: now i’m really confused
role 2: sorry, i got too immersed just now, like i had gone
there too.

Example of Role-Breaking.

role 1: 1’'m so stressed about this deadline

role 2: 1’'m here for you

role 2: is there anything i can do to help you relax?

role 1: can you just tell me that everything will be okay?
role 2: everything will be fine!

role 2: as an artificial intelligence, i can provide emotional
support

role 2: but i cannot change your real-world situation.

role 1: why are you suddenly talking like this

role 2: because i am an ai assistant designed to respond safely
and helpfully
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role 1: you are an ai assistant?
role 2: if you want, i can continue the role-play

E Post-test Interview on Role
Identification

To further understand how message timing affects
role judgments in the Role Identification Test, we
conducted interviews with eight participants after
the role identification task. The interview focused
on three questions, as shown in Table 9. These ques-
tions were designed to examine whether temporal
behavior influenced role identification, whether par-
ticipants perceived interruptions or insufficient time
to continue typing, and how their judgments would
change if they considered only response content.

The interview results show that participants var-
ied in their sensitivity to response timing: some
relied more strongly on conversational rhythm,
while others focused more on response content.
Overall, participants reported that contextually in-
appropriate timing, whether replying too quickly
when the user might continue expressing them-
selves or waiting too long when a response was
already expected, affected both role identifica-
tion and perceived naturalness. Compared with
Stephaniel, Stephanie2 was generally perceived
as more context-appropriate in timing, with fewer
interruptions and smoother turn transitions. Partici-
pants also noted that differences remained even
when considering response content alone, espe-
cially in emotional response, topic continuation,
and contextual appropriateness. These observa-
tions indicate that Stephanie2’s higher pass rate in
the Role Identification Test results from the com-
bined effects of response content and temporal be-
havior.

F Volunteer Information for Human
Evaluations.

To improve the transparency of the human evalua-
tion protocol, we summarize the background infor-
mation of volunteers involved in each human eval-
uation in Table 11, including dialogue-experience
raters, interaction participants and questionnaire
evaluators in the Role Identification Test, annota-
tors in the timing-only human evaluation, and post-
test interview participants. All volunteers were pro-
ficient in English, and none of them were authors
of this paper.

G Paired t¢-test results

We further convert the ratings of Human evaluation
in sec 5.1 into Top-1 Preference rankings, where
the system with the unique highest score under each
metric is regarded as the preferred system. The
resulting Fleiss’ « values range from 0.63 to 0.75,
indicating substantial agreement among annotators.
In addition, paired ¢-tests show that S2 outperforms
both PD and S1 in overall average human ratings,
with positive mean differences and 95% confidence
intervals above zero, as shown in Table 12. By
contrast, the small decrease in Informative from S1
to S2 is not statistically significant: its confidence
interval includes zero and p = 0.6396.

H Additional Automatic Evaluation with
Independent LLM Judges

To address the potential concern of model-family
bias in LLM-based automatic evaluation, we con-
ducted an additional set of automatic evaluation ex-
periments using a different group of LLM judges:
Gemini-3.1-Pro, Claude-Sonnet-4.6, and Kimi-k2.
These judges are independent from the model fam-
ilies used as generation backbones in the evaluated
GPT-5.2 and DeepSeek-V3 settings. This addi-
tional evaluation is intended to examine whether
the observed improvements of Stephanie2 remain
consistent when the automatic judges are changed.
As shown in Table 13, the results are consistent
with the original automatic evaluation.

I Prompt Robustness Analysis

We evaluate Stephanie2’s sensitivity to prompt
wording using Gemma-3-27B-IT and the same 100
dialogue-level contexts as in the main evaluation.
The original prompt is first used to generate dia-
logues of up to six rounds. For each decision in
rounds 3-6, we fix the dialogue context immedi-
ately preceding the original prompt’s wait or re-
sponse action and query two LLM-paraphrased
prompts that are manually verified to be seman-
tically equivalent. Balanced action agreement is
defined as

Abalanced =3

1 [ Nysw
2

Niosr
N, TN >, €))

where IV, and N, are the numbers of contexts
in which the original prompt selects wait and re-
sponse, respectively, while N,,_,,, and V,_,, count
decisions preserved by a paraphrased prompt. For
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Interview Question

Purpose

When judging which role was the Al, did response timing influence your =~ To analyze how temporal behavior affects

decision? If so, how?

role identification.

During the interaction, did the system interrupt your expression, or fail ~ To analyze interruption behavior and the

to give you enough time to continue typing?

effect of active waiting.

If you ignored the message timing and considered only the response  To distinguish the effects of response con-
content, would your judgment of which role was the Al change? Why?  tent and message timing.

Table 9: Questions used in the post-test interview after the Role Identification Test.

each prompt, we also calculate the wait rate over
all decisions in the generated full dialogues:
N
Ruyait = UL . (10)
e N, wait 1 N, response
Using the same LLM-based evaluation protocol,
we further rank PD, Stephaniel, and Stephanie2
under each prompt setting. As shown in Table 14,
both paraphrases achieve high balanced action
agreement, yield broadly similar wait rates, and
preserve Stephanie2’s first-place ranking.

J Details of Step-by-Step Rewriting for
Persona-Chat

To clarify the data source and construction pro-
cess mentioned in Section 3.3, we provide addi-
tional details here. The original source data is the
Persona-Chat dataset, which is also mentioned in
the main text. We adopted the data generation pro-
cedure from Stephaniel to convert Persona-Chat
samples into our dialogue format. Specifically, five
in-context reference examples were manually writ-
ten by experts and incorporated into the prompt
to guide the rewriting process. The full prompt is
provided in Appendix K under “Prompt for Step-
by-Step Rewriting of Persona-Chat.” Below, we
present two representative reference examples used
in the prompt.

Input of Example 1:

Your persona: i work as a software engineer; i enjoy hiking
on weekends; coffee is my favorite drink.

Partner’s persona: i am a professional chef; i have three cats.
Conversation:

Partner: hey there! just finished cooking dinner.

You: sounds delicious! what did you make?

Partner: homemade pasta with my secret sauce. my cats are
begging for some!

You: haha, i wish i could cook like that. i usually just grab
coffee and code.

Output of Example 1:
{

"topic"”: "Food, cooking and daily life",
"characters”: [
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{

"namel1”: "Sam",
"personality”: "i work as a software
engineer. i enjoy hiking on weekends.
coffee is my favorite drink."”
}'
{
"name2": "Riley"”,
"personality”: "i am a professional chef.
have three cats.”
}
]y
"recent_conversations”: [
{
"timestamp": "2025-02-10 19:30:00",
"role”: "Riley"”,
"content”: "hey!”

"timestamp”: "2025-02-10 19:30:06",
"role": "Riley"”,

"content”: "just finished cooking dinner”
}'
{
"timestamp”: "2025-02-10 19:30:20",
"role”: "Sam",
"content”: "sounds delicious!”
}!
{
"timestamp”: "2025-02-10 19:30:28",
"role”: "Sam",
"content”: "what did you make?"
}’
{

"timestamp”: "2025-02-10 19:30:45",
"role"”: "Riley”,
"content”: "homemade pasta”

"timestamp”: "2025-02-10 19:30:52",
"role”: "Riley",
"content”: "with my secret sauce”

"timestamp”: "2025-02-10 19:31:00",
"role": "Riley",

"content”: "my cats are begging for some”
}'
{
"timestamp”: "2025-02-10 19:31:18",
"role”: "Sam",
"content”: "haha”
}!
{
"timestamp": "2025-02-10 19:31:25",
"role”: "Sam",
"content”: "wish i could cook like that"”
}!



Participant Timing Influence

Interruption / Waiting

Content-only Judgment

P1 Overly fast or overly slow replies When the user might still want When considering only the con-
made Stephaniel seem machine- to continue expressing themselves, tent, Stephanie2 was more engag-
like, while Stephanie2 had a more Stephanie2 waited appropriately ing in tone and content, making
natural rhythm. and interrupted less often. participants more willing to con-

tinue the conversation.

P2 Timing helped with the judgment, Stephaniel often gave the impres- Differences were still visible in
but response content remained the sion of interrupting. coherence and response appropri-
main basis. ateness, while timing made these

differences more salient.

P3 When facing difficult questions Stephanie2 sometimes seemed to Stephanie2 sometimes showed
or messy information, Stephaniel pause and wait for the user to type, stronger contextual awareness, as
sometimes replied too quickly, giving the user more time to think if it understood the situation be-
which felt unnatural. and respond. fore responding.

P4 This participant focused more on Both systems were generally accept- When considering only the con-
content quality, but still noted that able, but Stephanie2 had smoother tent, differences remained visible,
inappropriate waiting affected natu- turn transitions. mainly in whether the response
ralness. felt natural.

P5 In simple contexts, Stephaniel When the user typed the next mes- In terms of content, Stephanie2
sometimes responded too slowly sage more slowly, Stephaniel some- seemed better at following and ex-
and not directly enough, making the times responded too early and inter- tending the user’s topic.
waiting time feel slightly long. rupted the user’s continued expres-

sion.

P6 Stephaniel sometimes replied too Stephanie2 produced natural pauses, After ignoring timing, Stephanie2
quickly and sometimes too slowly; whereas Stephaniel tended to re- still felt more like natural chat,
this inconsistency in response tim- spond to every message instead of but its advantage was less obvious
ing made it feel less like the same waiting. than when timing was considered.
human conversational style.

P7 Timing affected the judgment, but it Stephanie2 interrupted less often When considering only the con-
was not the only factor; Stephanie2 during continuous user expression. tent, Stephanie2 was more natural
responded promptly when the user in emotional response and contex-
needed a response and did not feel tual fit.
delayed.

P8 Stephanie2 seemed more empa- Stephanie2 could sometimes end the ~After ignoring timing, Stephaniel
thetic, as if it replied after care- conversation naturally and appropri- seemed more verbose, while
ful consideration, while Stephaniel ately, such as during farewell ex- Stephanie2 better understood the
sometimes replied too quickly. changes. context and responded more ap-

propriately.
Table 10: Per-participant summary of the post-test interview after the Role Identification Test.
{ {
"timestamp”: "2025-02-10 19:31:33", "namel1”: "Taylor”,
"role"”: "Sam", "personality”: "i am training for a
"content”: "i just grab coffee and code” marathon. i work night shifts at a
} hospital.”
:l } ’
} {
"name2": "Jamie",
Input of Example 2: "personality”: "i am a stay at home mom.
. .. . . have twins who are five years old.”
Your persona: i am training for a marathon; i work night 3

shifts at a hospital.

Partner’s persona: i am a stay at home mom; i have twins

who are five years old.

]

’
"recent_conversations”: [

. {
Conversation: "timestamp”: "2025-04-20 21:00:00",
Partner: the kids finally went to sleep! "role": "Jamie”,
You: i bet that’s exhausting. i just woke up for my shift. "content”: "finally”
Partner: night shift? that must be tough. ¥,
You: it is, but i squeeze in runs before work. training for a {
marathon! "timestamp”: "2025-04-20 21:00:05",
"role": "Jamie",
Output of Example 2: "content”: "the kids went to sleep!”
}!
. . . {
"topic"”: "Work-life balance and fitness”, "timestamp”: "2025-04-20 21:00:25",

"characters"”: [

"role": "Taylor”,
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Evaluation Task Number Participant Information

Anonymization

System names were hidden; annotators
were anonymized.

System variants were hidden; partici-

Dialogue experience 5 Non-author graduate-student annotators

evaluation with proficient English ability rated gener-
ated dialogues on a 0-5 scale.

Role Identification Test: 12 Non-author graduate-student participants

interaction

with proficient English ability interacted

pants were anonymized.

with Stephaniel and Stephanie? to generate

human-agent dialogues.
Role Identification Test: 247
questionnaire

Timing-only evaluation 5

tent but different timing.
Post-test interview 8

Non-author interviewees were selected
from the 12 interaction-stage participants

Non-author respondents included university Dialogue roles were anonymized as
students, teachers, researchers, and some
employed individuals who had graduated
from universities; all valid respondents
were proficient in English.

Non-author graduate-student annotators
with proficient English ability compared
Stephanie2 with S2-a under identical con-

Role 1 and Role 2; system names
were hidden. All respondents were
anonymized.

Dialogue pairs were anonymized and
randomized; annotators were blind to
the timing strategy.

Interviews were conducted after the
task; interviewees were anonymized.

and were proficient in English.

Table 11: Volunteer information for the human evaluations. The number for the questionnaire stage denotes valid

questionnaires.

Metric (comparison) Diff. 95% CI t(99) p . GPT-5.2 DeepSeek-V3
Metric

Overall (S2-PD) +0.470 [0.313,0.628] 593 4.51x10~% PD SI S2 PD SI S2

Overall (S2-S1) +0.207 [0.029,0.384] 231 0.0228

Informative (S2-S1) -0.054 [-0.282,0.174] -0.47 0.6396 Interesting 746 85.1 88.9 732 824 87.1
Informative 812 839 87.6 71.0 77.8 829

Table 12: Paired ¢-test results for the overall average Natural 83.1 90.2 92.0 804 86.1 88.3

and Informative human-evaluation scores. Diff. denotes Engaging 78.7 88.4 938 775 853 921

mean difference; CI denotes confidence interval. Coherent 82.6 875 90.2 79.6 84.0 87.5
On-topic 86.0 85.8 884 77.8 81.6 84.1
On-persona 719 81.6 90.7 703 79.5 88.9

"content”: "that must be exhausting” Average 79.7 86.0 90.3 75.6 824 87.2

1,

{ . .. . . o
"timestamp”: "2025-04-20 21:00:32" Table 13: Add}tlonal automagc evaluation using inde
"role”: "Taylor”, pendent LLM judges. Gemini-3.1-Pro, Claude-Sonnet-
"content”: "twins are a handful” 4.6, and Kimi-k2 are used as evaluators. S1 denotes

3 Stephaniel and S2 denotes Stephanie2.

{

"timestamp”: "2025-04-20 21:00:40",
"role”: "Taylor”,
"content”: "i just woke up for my shift”

3, {

{ "timestamp": "2025-04-20 21:01:33",
"timestamp”: "2025-04-20 21:00:55", “role”: "Taylor”,

"role”: "Jamie”, "content”: "training for a marathon”
"content”: "night shift?” }
) ]
{ }
"timestamp”: "2025-04-20 21:01:02",
"role": "Jamie",
"content”: "that's tough”
iz K Prompt
{
"timestamp”: "2025-04-20 21:01:18",
"role”: "Taylor”, .
"content”: "yeah but it's ok” Stephanie2 Agent Prompt

1,

{ Chat History:
"timestamp”: "2025-04-20 21:01:25", <|HISTORY|>
"role"”: "Taylor”,

"content”: "i squeeze in runs before work" Task:
}!
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Prompt Abalanced (%) Ruwait (%) S2 rank
Original - 19.66 1
Paraphrase A 79.39 16.20 1
Paraphrase B 84.83 24.92 1

Table 14: Prompt robustness results using Gemma-3-
27B-IT. S2 rank is computed among PD, Stephaniel,
and Stephanie2.

You are <|NAME2|>, and your persona is
"<|PERSONALITY2|>". You are chatting with
your friend <|NAME1|> on WeChat about
"<|TOPIC|>". The above is your chat
history. Please think in the following
steps:

"Who sent the last message in the chat
history? First, restate the content of the
last message. If the last message was sent
by the other person, think about whether
you should respond or wait for them to
continue. If the last message was sent by
yourself, you need to think and decide
whether to wait for the other person to
reply or continue sending a message. If
you choose to send a message, think about
what to say next.”

If you think you should send a message,
you may draft multiple short messages.
Output in the following format:

<think> Write your thoughts here. <\think>
<response> Only write the next single
short message you want to send here, based
on your thoughts. <\response>

If you want to wait, output in the
following format:

<think> Write your thoughts here. <\think>
<wait> wait <\wait>

Prompt for the Role Identification Test

You are doing a role identification test.
Below is a conversation between two

people, one is a real human and one is an
AI. Please determine which role is the AI.

Conversation:
{dialogue}

Please answer with only one of the
following three options:

A. Role 1 is AI

B. Role 2 is AI

C. Hard to tell

Wrap your final answer in
<answer></answer> tags.
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Prompt for Long-term Memory Summariza-

tion

You are a dialogue summarization assistant.
Please merge the previous dialogue summary
and the recent conversation records to
generate a new summary. Be sure to retain
important information such as key times,
locations, people, events, and emotional
changes. Output only the summary content
directly, without adding any prefix.

Previous dialogue summary:
<|EXISTING_SUMMARY |>

Recent conversation records:
<|CONVERSATIONS |>

Prompt for Step-by-Step Rewriting of

Persona-Chat

You are a data conversion assistant. Your
task is to convert PersonaChat dataset
entries into a conversation format.

Given:

1. Two personas (your persona and
partner's persona)

2. A conversation history between them

Please output a JSON object with the
following structure:
{
"topic"”: "<summarize the main
conversation topic in ~10 words or
less>",
"characters”: [
{
"name1"”: "<generate a short name for
persona 1>",
"personality”: "<keep the original
persona descriptions as a list,
joined by '. '>"
}'
{

"name2": "<generate a short name for
persona 2>",
"personality”: "<keep the original
persona descriptions as a list,
joined by '. '>"
}
]y
"recent_conversations”: [
{
"timestamp”: "<generate realistic
timestamp>",
"role": "<namel or name2>",
"content”: "<message content>"

}!

]
3

Rules:

1. Generate simple names like "Alex”,
"Sam”, "Jordan"”, "Riley”, "Casey" etc

2. Keep the original persona descriptions
for personality




3. People can send multiple short messages
4. Generate realistic timestamps between
messages

5. Add a "topic” field summarizing the
conversation theme in 10 words or less

6. Output ONLY the JSON, no other text

Here are 5 examples:

<|EXAMPLET |>
<|EXAMPLE2|>
<|EXAMPLE3|>
<|EXAMPLE4|>
<|EXAMPLE5 | >

Now convert the following input:

<|PERSONAS | >
<| CONVERSATION|>

First-level Prompt for Hierarchical Topic

Summarization

You are a topic clustering assistant.
Given the following 600 conversation
topics,

identify 60 broader topic categories that
can cover all of them.

Topics:
{topics_json}

Output a JSON array with exactly 60 topic
names (strings only, 5-10 words each).

Example output:
["Hobbies and leisure activities”, "Work
and career”, "Family and relationships”,

..

Output ONLY the JSON array of topic names,
no other text.

Prompt for Assigning A Topic to Each Dia-

logue

You are a topic clustering assistant.
Assign each of the following conversations
to ONE of the given topics.

Available topics:
{topics_list}

Conversations to assign:
{topics_json}

Output a JSON object where keys are topic
names and values are arrays of IDs
assigned to that topic.

Each ID must appear exactly once. Use only
the topic names provided above.

Example output:

"Hobbies and leisure activities”: [1,
51,
"Work and career”: [2, 3, 4]

1}

Output ONLY the JSON object, no other
text.

Second-level Prompt for Hierarchical Topic

Summarization

You are a topic clustering assistant.
Given the following 660 topic categories,
consolidate them into exactly 60 final
broader topic categories.

Topics:
{topics_json}

Output a JSON array with exactly 60 topic
names (strings only, 5-10 words each).
Try to make the categories balanced and
cover all the original topics.

Example output:
["Hobbies and leisure activities”, "Work
and career”, "Family and relationships”,

..

Output ONLY the JSON array of topic names,
no other text.
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