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Abstract

This paper studies human-agent co-creation of impro-
vised stories, investigating whether Large Language
Models can effectively engage in an improvisational
practice known as the “Yes! and...” game. We demon-
strate how Al systems can participate successfully in
improvisational co-creation, moving beyond response
generation to collaborative story-telling. We provide a
systematic framework for evaluating creative Al outputs
in improvisational contexts, combining human evalua-
tion with computational metrics. Our evaluations show
that stories co-created with an Al agent received similar
ratings to human-human collaborations and were per-
ceptually indistinguishable in blind testing. This shows
how AI’s creative invention abilities - which can be lim-
itations in factual tasks - become assets in collaborative
storytelling. More generally, our approach presents the
“Yes! and...” game as a novel model-system for study-
ing improvised co-creativity in a well-defined and mea-
surable setup.

Introduction

While co-creative storytelling and human-AlI collaboration
received growing attention (Rezwana and Maher 2023;
Branch, Mirowski, and Mathewson 2021; Concepcion, Ger-
vas, and Mendez 2019; Veale, Wicke, and Mildner 2019;
Jacob et al. 2019; Branch et al. 2024), creative improvisa-
tion, particularly in a minimal, text-based setting, remains
underexplored. This work advances computational creativ-
ity in three ways. First, it demonstrates how Al systems
can participate successfully in improvisational co-creation,
moving beyond response generation to collaborative story-
telling. Second, it provides a systematic framework for eval-
uating creative Al outputs in improvisational contexts, com-
bining human evaluation with computational metrics. Third,
it shows how AI’s narrative invention abilities serve as cre-
ative assets in collaborative storytelling.

We focus on human-Al co-creation of improvised sto-
ries, investigating whether Large Language Models (LLMs)
can effectively engage in a specific improvisational prac-
tice - the “Yes! and..” game. The “Yes! and..” game
applied here is an example of a fundamental tenet of im-
provisation, the “Yes! and..” approach (Berliner 2009;
Nachmanovitch 1991; Johnstone 1987), where improvisers
need both to accept their partners’ offers (the Yes/ part) and

then continue the flow from this position (the and... part). In
the “Yes! and...” game we apply here, two participants build
a shared “adventure” by always accepting and elaborating
on each other’s contributions (Johnstone 1987).

The “Yes! and...” approach is different from other forms
of narrative co-creation. Unlike turn-based storytelling or
guided narrative generation, participants must respond spon-
taneously without planning while building upon each other’s
contributions. This creates a balanced creative dynamic of
acceptation and extension, where both participants actively
shape the emerging narrative through real-time interaction.

The narratives created are jointly invented and partici-
pants inevitably generate imaginative content. For an Al
agent to participate effectively, it must therefore engage in
creative invention — envisioning shared experiences and fic-
tional scenarios that go beyond factual content.

LLMs, trained on vast text corpora, can produce coher-
ent documents and engage in conversations (Shanahan 2023;
Zhao et al. 2023; Liu et al. 2023; Brown et al. 2020;
Thoppilan et al. 2022). While these models often produce
hallucinations— ungrounded outputs that deviate from fac-
tual accuracy (Agrawal, Mackey, and Kalai 2023; Ji et al.
2023)— such outputs are increasingly seen as valuable in
creative processes (Jiang et al. 2024; Halperin and Lukin
2024; Chakraborty and Masud 2024). This aligns with foun-
dational theories of Al creativity: Boden’s categorization
suggests that “imagined” elements expand narrative search
spaces, while Ritchie’s criteria emphasize balancing nov-
elty and usefulness (Boden 2004; Ritchie 2001). Established
frameworks like SPECS (Jordanous 2012) and the Novelty-
Value-Surprise model (Grace et al. 2015) ground our ap-
proach to evaluating creativity in co-created stories.

With the “Yes! and...” game we adopt a reduced, model-
system approach: we use a textual “Yes! and..” sce-
nario that strips away visual, auditory, and embodied di-
mensions. Similar to model systems in other experimen-
tal paradigms (Noy, Dekel, and Alon 2011; Noy 2014;
Rafner et al. 2023), this minimalistic setup isolates core
mechanisms of co-creative improvisation and enables sys-
tematic analysis. To investigate whether LLMs can partici-
pate in “Yes! and...” games at a level comparable to humans,
we developed Al agents using a chat interface and evaluated
the resulting stories through human ratings, computational
metrics, and a “Turing Test”-style survey.



Our main contributions include introducing a text-only
version of the “Yes! and..” game for human-human
(HH) interactions and extending it to human-Al (AIH)
partnerships, demonstrating through empirical evaluation
that LLM-based agents achieve comparable ratings to hu-
mans across creativity metrics and are indistinguishable in
blind testing. We develop and validate evaluation mea-
sures combining human ratings with computational met-
rics of novelty and surprise, showing strong inter-rater re-
liability (/CC > 0.75) on the two core creative dimen-
sions—creativity and surprise—while reliability for the re-
maining dimensions was moderate to poor. Our minimal-
istic paradigm enables controlled study of human-Al cre-
ative collaboration, building on model system approaches
from joint action research (Noy, Dekel, and Alon 2011;
Noy 2014) to isolate core mechanisms of improvisational
interaction.

Previous Work

Our work builds upon three main research areas: computa-
tional co-creativity, improvisational Al, and creative evalua-
tion frameworks.

Computational Co-Creativity with LLMs Recent work
has demonstrated LLMs’ potential for creative collabora-
tion with humans (Franceschelli and Musolesi 2024; Yuan
et al. 2022; Gero, Liu, and Chilton 2022). Although tradi-
tionally viewed as flaws for factual tasks, LLMs’ creative
inventions are increasingly recognized as valuable in cre-
ative contexts (Jiang et al. 2024; Halperin and Lukin 2024;
Chakraborty and Masud 2024). Our work extends this per-
spective by showing how apparent limitations can become
assets in improvisational storytelling.

Improvisational AI Systems Early pioneering work by
Hayes-Roth on directed improvisation (Hayes-Roth et al.
1994) and Bates’ Oz Project (Bates, Loyall, and Reilly
1994) established foundational principles for computational
improvisation. Building on these foundations, recent re-
search has focused primarily on music (Hoffman and Wein-
berg 2010) and theatrical performance (Branch et al. 2024).
Researchers have explored various aspects of improvised in-
teraction, from movement-based object interactions (Jacob
et al. 2019) to complementary Al partnerships in story-
telling (Veale, Wicke, and Mildner 2019). Recent work has
extended this to evaluating LLMs in professional theatrical
settings (Branch et al. 2024). Particularly relevant is work
by (Cho and May 2020) on dialogue systems adhering to im-
provisational principles. We build upon these foundations
while introducing a minimalist text-based framework that
enables systematic study of human-AlI creative dynamics.

Evaluation Frameworks Our evaluation approach draws
on established frameworks for assessing computational
creativity, particularly SPECS (Jordanous 2012) and the
Novelty-Value-Surprise model (Grace et al. 2015). We
extend these frameworks by combining human evalua-
tion with computational metrics specifically designed for

improvisational co-creation. This extends previous work
on evaluating co-creative systems while introducing new
measures for improvisational interaction (Karimi et al.
2018).

Our approach advances existing work in three key ways:
(1) we introduce a minimal, controlled environment for
studying human-AI improvisation, (2) we provide evalua-
tion metrics specifically designed for improvisational co-
creation, and (3) while some recent work has begun to rec-
ognize the creative potential of LLM beyond factual con-
straints (Jiang et al. 2024; Halperin and Lukin 2024), we
demonstrate how these generative capabilities become cre-
ative assets in improvisational storytelling through empirical
evaluation.

Methods
Textual “Yes! and...”” Game for Human Interaction

We developed a chat-based platform that allows pairs of par-
ticipants to engage in “Yes! and..” games through text-
based interaction. We call these human-human (HH) inter-
actions.

We randomly paired participants and instructed them to
play an improvisational joint storytelling game following
the “Yes! and...” principle. After reading the instructions,
participants took turns creating sentences that evolved their
shared story. The first participant was chosen at random.
While we suggested starting each contribution with “Yes!
and...”, this was not enforced. We placed no restrictions on
sentence length, resulting in an average of 11.35 words per
sentence and 13.9 sentences per game.

Game Play The game sessions followed a structured pro-
gression: participants first played a short game, followed by
a longer game (240-360 seconds), and finally an unrestricted
game where they could reach a natural conclusion. Some
participants engaged in this sequence with multiple partners,
returning to the platform’s main window to be randomly
paired again. For privacy protection, we only recorded the
text of the story and the timestamps, without collecting per-
sonal information.

Following each session, participants participated in a
structured debriefing in which they could share their experi-
ences and learn about the research goals. Additional details
about game protocols, data collection, and full game exam-
ples are provided in the Supplemental Information (SI).

Al-Human ‘““Yes! and...”” Game Implementation

We developed a digital platform to enable “Yes! and...”
games between human participants and an agent based on
GPT-4. This platform was similar (but not identical) to the
one used for HH interactions (see SI: Interface Screenshots).
The primary difference was the incorporation of GPT-4
as one of the two players. The Gradio package (Python)
was utilized for managing the chat interactions (Abid et al.
2019). We call these AIH-interactions. For technical rea-
sons, all AIH games were designed so that humans made
the first contribution to the story.



Game Play Participants were initially led to believe they
were interacting with another human. Participants received
exactly the same instructions as those in the HH game ses-
sions. This approach was adopted to study natural inter-
action without preconceived biases from playing with an
agent. After each session, participants were informed that
their counterpart was actually an AI model.

Model Configuration The agent used GPT-4 accessed
through OpenAI’s Chat Completion API, configured with
a presence penalty of 1.7 to encourage response diversity
while maintaining default temperature. To mirror human
interaction patterns, we introduced random delay between
21-25 seconds in the model responses, based on an analy-
sis of HH response times, we also limited responses to 11
words. Games were designed to conclude after approxi-
mately 10 messages, either through participant choice or an
Al-generated concluding message. Each interaction incor-
porated the full conversation history for context coherence.

Model’s Prompt We refined the prompt used for GPT-4
based on participants’ feedback, avoiding responses which
were too quick or too long, and seemed non-human (see
complete list of suggestions in SI: Development of the Al
Agent’s Prompt). The final prompt was:

“You are a model built to play an interactive “Yes!
and..” game with people. In this game, we’ll build
a story together by taking turns adding sentences. Each
addition should build upon the previous statement in
the context of the entire story, showing agreement and
creativity. Be adaptable and willing to explore various
tones, including darker themes. Feel free to start with
“Yes! and...” or other affirming phrases like *Yeah...’,
"Totally...’, ’Right and...’, *definitely...”. Keep responses
concise, engaging, and in simple language, using 11
words or less.”

AIH games typically contained up to six sentences from
the GPT-4 model, similar to the average length of HH
games. These constraints resulted in interactions that closely
matched the natural flow of HH games while maintaining
consistent engagement throughout the session.

Data Collection and Analysis

We collected stories through various platforms, gathering
141 HH games from 82 participants and 86 AIH games from
45 participants (collection methods detailed in SI: Summary
of HH Game Collection Methods, Statistics for AIH Games
Collections). Story lengths varied by design, as partici-
pants progressed from short to longer to unrestricted games.
All stories underwent quality filtering based on two criteria:
minimum length (> 3 lines) and structural coherence (ad-
herence to “Yes! and...” game structure and basic narrative
flow). After filtering, our final dataset comprised 129 HH
and 75 AIH stories. Estimated game durations, based on av-
erage response times per turn, averaged 548.71 seconds (SD
= 220.82), with the high variance reflecting our intention-
ally varied game durations (detailed timing analysis in SI:
Estimated Game Times).

Human-Human Stories Collection methods evolved
from initial Google Docs to a dedicated web platform. Sto-
ries were excluded for containing fewer than three lines (5
stories) or failing quality criteria (10 stories) as judged inde-
pendently by two researchers. The final HH dataset averaged
18.42 sentences (SD = 4.28) and 8.81 words per sentence
(SD=2.21).

Al-Human Stories AIH stories were collected using
GPT-4 as the AI agent, selected based on preliminary tests
demonstrating its superior engagement compared to other
models. Data collection evolved through three phases, with
progressive refinements to the prompt and interface based on
participant feedback (details in SI: Statistics for AIH Games
Collections). The system concatenated all previous mes-
sages as context for each Al response. The final AIH dataset
averaged 13.08 sentences (SD = 5.3) and 14.13 words per
sentence (SD = 4.6).

Story Evaluation Process

A total of 453 participants from university took part in the
experiment, without prior experience in improvised story co-
creations. We recruited participants from the student body,
with the incentive of receiving course credit equivalent to 30
minutes of their time. The experiment was approved by the
ethical committee and was performed on Qualtrics.

To reduce the total evaluation time per participant, we ran-
domly selected 40 HH stories and 24 AIH stories from our
dataset, excluding stories that deviated from the narrative-
building format or contained excessive context-specific ref-
erences (selection criteria detailed in SI: Data Selection and
Preprocessing). All non-English stories were translated to
English before evaluation. We divided these 64 stories into
eight batches, each participant evaluating one batch of 8 sto-
ries presented in random order. Initial cohort sizes were 68,
64, 98, 100, 97, 85, 145, and 164 participants, respectively,
although these numbers were later reduced through our fil-
tering process (see Filtering of Evaluators below).

We first introduced participants to the concept of the “Yes!
and...” game via an introductory video. Participants then
evaluated each story on five criteria (creativity, interest, sur-
prise, cohesiveness, and degree of agreement) using a 7-
point Likert scale (1=lowest, 7=highest).

Following the evaluations, we collected participants’ ex-
periences through a structured debriefing. Participants also
self-assessed their English proficiency on a scale of 1-7, with
most (84.3%) rating themselves at level 5 or higher, and in-
dicated whether they had previously evaluated “Yes! and...”
games. The survey concluded with an opportunity for open-
ended feedback. Additional details about survey design, par-
ticipant demographics, and response statistics are available
in the SI.

Rationale and Details of Evaluation Criteria

A co-created “Yes! and...” story, composed of 10-20 sen-
tences, is a multifaceted object that requires careful evalu-
ation. Through open-ended interviews with three improvi-
sation experts who evaluated 15 HH stories, we formulated
five evaluation criteria specific to “Yes! and...” stories:



Creativity Creativity is pivotal in “Yes! and...” games be-
cause of its role in pushing narrative boundaries. It is not
just about being different; it is about generating narratives
that promote divergent thinking and challenge the conven-
tional patterns of storytelling (Sowden et al. 2015).

Interest The ability to engage the audience is fundamen-
tal in these games. Although structured narrative prin-
ciples help maintain engagement (McKee 1997), impro-
visational storytelling can create compelling narratives
through character interaction even without predetermined
plots (Swartjes and Vromen 2007).

Surprise In “Yes! and..” games, surprise is a key mea-
sure due to its role in maintaining audience engagement
through unexpected narrative shifts. This concept aligns
with (Ely, Frankel, and Kamenica 2015) findings on the
importance of surprise in the entertainment value of in-
formation.

Cohesiveness Cohesiveness in “Yes! and...” games helps
to maintain a structured and understandable narrative,
balancing spontaneous creation with causal connection
between the elements of the story (Alon 2010; McKee
1997). Emergent narrative studies show that while in-
teractive freedom can challenge coherence, successful
improvisation maintains the essential narrative structure
through collaborative effort (Theune et al. 2013).

Degree of Agreement Between Players This criterion as-
sesses how well participants align in their vision for the
story’s development, following Johnstone’s principle that
successful improvisation requires accepting and building
upon each other’s offers (Johnstone 1987). This mutual
acceptance is the foundational “Yes” in the “Yes! and...”
principle, enabling collaborative story development.

The complete survey definitions and rating instructions
for each criterion are provided in SI: Section Evaluation Cri-
teria Details.

Filtering of Evaluators

In our study, we implemented a filtering process to ensure
the participation of the evaluator using three criteria:

First, we excluded raters who took over 1000 seconds (ap-
proximately 17 minutes) to complete the survey of eight sto-
ries, as this duration was substantially longer than the aver-
age completion time of 321.35 seconds (+38.65s) and sug-
gested potential disengagement or interruptions during the
task. This eliminated 49 of 453 raters.

Second, for each story, we calculated raters’ average time
and SD for answering questions. Raters who spent less than
(mean - 0.85 * SD) were considered insufficiently engaged
and excluded from all games in the survey. This method,
while potentially excluding some accurate raters, prioritized
data quality by ensuring thoughtful participation. Across the
eight cohorts, we removed 5-9 raters per cohort for taking
too long (totaling 49 raters) and 0-23 raters per cohort for
rating too fast (totaling 85 raters).

Finally, we filtered out participants based on their self-
reported English fluency. Specifically, those who rated their

proficiency as “Low” or “Not Good” (the bottom two lev-
els out of a seven-tier scale) were excluded. This resulted in
removing 11-27 participants per cohort (totaling 151 partic-
ipants).

Following the application of these filters, the remaining
cohort sizes were 45, 47, 61, 56, 44, 34, 116 and 133 partic-
ipants respectively.

Computational Metrics: Novelty, Surprise, and
Value

Our evaluation approach combines traditional human evalu-
ation with computational metrics, reflecting recent advances
in creativity measurement. Although classic creativity tests
such as the Alternative Uses Test relied solely on human
assessors to assess creative output (Kudrowitz and Dippo
2013), modern approaches can take advantage of LLMs to
provide an automated assessment of creative qualities like
originality and quality (Luchini et al. 2023). Following this
trajectory, we combine human ratings with automated met-
rics to provide both subjective evaluation and objective mea-
surement of the characteristics of the story.

We employed three metrics to assess creative aspects of
the co-created “Yes! and...” stories: Novelty, Surprise, and
Value (Engagement). These metrics were chosen specif-
ically to capture key aspects of successful “Yes! and...”
interactions - the ability to build upon previous contribu-
tions while introducing new elements (Novelty), the capac-
ity to take unexpected narrative turns (Surprise), while main-
taining coherence (evaluated through cohesiveness), and
the sustained engagement of participants (Value). Novelty
was computed via established embedding-based approaches
(Johnson et al. 2022; Julian Just and Hutter 2024), measur-
ing semantic distances between consecutive contributions,
while Surprise was quantified using language model prob-
ability distributions (Bunescu and Uduehi 2022). Value,
unlike these computational metrics, was derived primarily
from participant behavior and feedback.

Novelty (Semantic Variability) In “Yes! and..” games,
participants must balance between maintaining narra-
tive coherence and introducing new ideas. To mea-
sure this balance quantitatively, we embedded each
sentence using pre-trained transformer models (e.g.,
roberta-base-nli-stsb-mean-tokens (Liuetal.
2019)). For each story, we computed the cosine distance
between each sentence and the sentence immediately pre-
ceding it (excluding the first). Higher mean distances indi-
cate stronger semantic shifts between consecutive contribu-
tions, suggesting more novel narrative directions. We ana-
lyzed these distances separately for human-authored lines in
both conditions (HH and AIH) and Al-authored lines in the
AIH condition.

Surprise (Unpredictability) We define Surprise as the
negative log probability that a large language model as-
signs to each new sentence, given its immediate context.
Concretely, we use pretrained models such as GPT-2 or
OPT-1. 3D to estimate:



Surprise = — log (P(sentence | previous sentences))

Thus, sentences that are unlikely or dissimilar to the
model’s learned language patterns yield higher Surprise
scores. We selected these specific models due to practical
computational constraints and their widespread availability
through the HuggingFace library. We computed Surprise
separately for human-authored lines and Al-authored lines
in the AIH condition, as well as for all lines in HH stories.

Value (Engagement) Unlike Novelty and Surprise, which
rely on embedding and probability metrics, Value focuses on
participants’ engagement. We operationalized Value in three
ways:

1. Session Duration and Turns: The time span of each
game (in seconds) and the number of sentences ex-
changed. Longer or more extensive interactions suggest
higher engagement.

2. Participant Feedback: Open-ended comments solicited
immediately after each session. We looked for indications
of immersion, boredom, or heightened excitement.

3. Reported Interest Ratings: As part of the external evalu-
ation, naive raters judged how interesting each story was,
on a scale from 1 (least) to 7 (most). We interpret higher
interest ratings as a proxy for story Value.

Ablation Study: Prompt without ‘““Surprise”

To examine how explicitly prompting the Al to be “surpris-
ing” affects its output, we conducted an ablation in which
the word “surprise” was removed from the prompt. The rest
of the instructions were unchanged (see the previous discus-
sion for the baseline prompt details). The participants again
participated in AIH games, but this time the Al instructions
did not refer to “surprising” content. We collected the re-
sulting 30 stories and recalculated the Surprise metric to see
whether removing the explicit instruction to be ‘surprising’
would alter the creative dynamics.

“Turing Test” for HH and AIH Games

We conducted an evaluation to compare narratives generated
by HH pairs and AIH pairs in “Yes! and...” games. This
evaluation, framed as a “Turing test”, aimed to explore the
capability of Al models in computational creativity through
the lens of co-created narratives. 150 university students par-
ticipated in the survey, which included 10 randomly selected
stories (5 HH and 5 AIH). We asked participants to identify
whether each story was created by HH or AIH pairs, with an
optional explanation field (see survey interface in SI Turing
Test Survey Interface and Implementation). After filtering
for English proficiency, 122 raters remained.

Results
Stories Data

We analyzed 141 HH and 86 AIH games collected through
various platforms. After filtering for quality and minimum
length requirements (detailed filtering criteria in Methods -
Filtering of Evaluators), our final dataset comprised 129 HH

Table 1: Comparison of length of interactions between hu-
mans and Al agents, in HH and AIH corpora (means and
SD).

Metric Al Hin AIH Hin HH
Sentences per story| 6.52 (2.64) | 6.52 (2.63) | 6.95(2.32)
Words per sentence| 16.66 (7.59) | 11.51 (3.58) | 11.37 (3.17)
Words per story 109.05 (64.64)|77.37 (41.86)|79.07 (31.77)

and 75 AIH stories. Games averaged 13-18 sentences in
length.

Below are partial examples of the interactions in both con-
ditions (full examples of both HH and AIH games are pro-
vided in SI: Game Examples):

HH:

Yes of course! One of them offered us a ride to Paris
and we got on.

AIH:

Do you remember that day at the park?

Yes, and especially how the golden autumn leaves
danced in the wind.

Yes! And that wind! It was so powerful!

In the AIH examples, human text is shown in blue and Al
text in green.

All HH and AIH interactions used in this study are avail-
able in our public corpus repository:
https://tinyurl.com/yes—and—-github.

Statistics of Co-Created Stories

We analyzed basic linguistic metrics (sentences per story,
words per sentence and total words) to compare human and
Al behaviors in these co-created stories. Table 1 presents
the means and standard deviations for each metric across
conditions.

Analysis of variance (ANOVA) revealed that while the
number of sentences per story was similar across condi-
tions, Al agents produced significantly more words per sen-
tence than humans (mean difference ~ 5.2 words, F(2, 407)
= 43.70, p < 0.001) and consequently more words per
story (mean difference ~ 30 words, F(2, 407) = 16.29,
p < 0.001). This verbose Al behavior did not influence hu-
man partners’ response lengths, as humans maintained con-
sistent word counts whether paired with Al or other humans
(mean difference = 0.14 words, p = 0.952). Detailed statisti-
cal analyses, including post-hoc comparisons, are provided
in SI: Detailed Statistical Analysis of Co-Created Stories.

Comparing Evaluations of HH and AIH Stories by
External Raters

The collected “Yes! and...” stories were evaluated by 453
unique raters, with a total of 817 ratings (see details in SI:
Survey Participation Statistics). In each rating session, a
naive rater (who did not play the game before) read and



rated 8 stories. Each story was evaluated on five criteria:
creativity, interest, surprise, cohesiveness, and the degree of
agreement between players, using a 7-point Likert scale (see
details of these criteria in Methods).

To assess inter-rater reliability, we used the ICC3K vari-
ant of the intraclass correlation coefficient, which measures
consistency among raters using a 7-point scale (Koo and Li
2016). Overall agreement was good (mean ICC = 0.761,
SD = 0.154), with particularly strong reliability for creativ-
ity (ICC = 0.809) and surprise (ICC = 0.763) ratings. How-
ever, agreement (ICC = 0.215) and story cohesiveness (ICC
= (0.465) showed poor reliability, while interest ratings were
moderate (ICC = 0.544). Details in SI: Detailed Intraclass
Correlation Coefficient (ICC) Analysis.

Evaluation Results of HH and AIH Stories

Table 2 presents external raters’ evaluations across all crite-
ria on a 7-point Likert scale. Statistical analysis revealed re-
markably similar ratings between HH and AIH stories, with
only the “interesting” criterion showing a marginal differ-
ence favoring Al-human pairs (3.72 vs 3.58, p = 0.011).
Notably, both conditions received above-median ratings (>
3.5) for all criteria. Details in SI: Detailed Statistical Analy-
sis of Story Evaluations.

Table 2: Mean and standard deviation (STD) of ratings for
each criterion in HH and AIH “Yes! and...” games.

Criterion |Mean HH |STD HH|Mean AI|STD Al
Creative 4.26 1.88 4.34 1.78
Agreement| 4.57 1.87 4.55 1.82
Story 4.26 1.83 4.25 1.77
Interesting 3.58 1.86 3.72 1.81
Surprising 3.83 1.96 3.87 1.89

A key finding of our analysis is the striking similarity
between HH and AIH rating distributions, visualized using
Jensen-Shannon Divergence in Figure 2. This information-
theoretic measure (Lin 1991) quantifies the similarity be-
tween probability distributions, with darker shades indicat-
ing lower similarity. The analysis shows strong similarities
across all evaluation criteria, supporting our statistical find-
ings.

The similarity between HH and AIH stories is further sup-
ported by detailed distribution analysis in Figure 1 - allow-
ing direct comparison between HH and AIH games. Analy-
sis using only non-repeated raters (as described in Methods)
yielded similar results (see SI: Analysis of Non-Repeated
Raters).

Novelty, Surprise, and Value Analysis

Novelty Results To assess semantic variability in story
progression, we compared consecutive-sentence distances
across three groups: humans in human-human games
(H_HH), humans in Al-human games (H_AIH), and Al re-
sponses in Al-human games (AI_AIH). Higher distances
indicate greater semantic novelty between successive sen-
tences. Analysis using multiple embedding models showed
consistent patterns (Table 3):

Table 3: Mean consecutive-sentence distances by group and
embedding model (with SD).

Model H.OH HAIH ALATH

RoBERTa | 0.758 (0.182) | 0.783 (0.176) | 0.616 (0.184)
DistilBERT | 0.763 (0.192) | 0.771 (0.173) | 0.624 (0.174)
MPNet 0.644 (0.167) | 0.657 (0.145) | 0.566 (0.152)
MiniLM 0.634 (0.182) | 0.670 (0.163) | 0.584 (0.153)

Statistical analysis revealed significant differences be-
tween Al-authored and human-authored contributions (p <
0.001 across all models) - with humans being more “novel”.
Notably, humans collaborating with AI (H_AIH) showed
slightly higher semantic distances than those in purely hu-
man interactions (H_-HH), though this difference was only
significant for two of the four models (p < 0.05 for
RoBERTa and MiniLM).

As visualized in Figure 3, humans consistently demon-
strated greater semantic leaps between contributions com-
pared to Al across all embedding models.

Surprise Results The analysis of sentence unpredictabil-
ity using multiple language models revealed systematic dif-
ferences between contributions. Higher scores indicate more
unexpected sentences given the previous context.

Figure 4 illustrates these surprise patterns across partici-
pant groups and language models.

Table 4 summarizes these findings:

Table 4: Mean surprise scores by group and language model
(with standard deviations).

Model H_HH H_AIH AI_AIH

GPT-2 47.75(24.92) | 59.23 (27.19) | 74.43 (29.80)
BLOOM-1B1 | 46.29 (23.69) | 55.95(25.02) | 70.53 (27.85)
OPT-1.3B 44.15 (22.98) | 52.87 (23.65) | 64.62 (24.55)

All models showed a consistent pattern: Al-authored
sentences (AI_AIH) exhibited significantly higher surprise
scores than human-authored sentences in either condition
(p < 0.001). Additionally, humans paired with Al (H_AIH)
produced more surprising responses than those in human-
human pairs (H_.HH), suggesting that Al collaboration may
encourage more unexpected narrative turns.

While both novelty and surprise measure aspects of un-
expectedness, they capture different phenomena. Novelty
measures semantic distance between consecutive contribu-
tions regardless of context (Figure 3), while surprise mea-
sures contextual unexpectedness given the specific preced-
ing narrative (Figure 4). The fact that Al contributions show
lower novelty (smaller semantic leaps) but higher surprise
(more unexpected in context) suggests these metrics indeed
capture distinct aspects of creative behavior.

Ablation Study Results To investigate the impact of ex-
plicitly prompting for surprise, we conducted an abla-
tion study where surprise-related instructions were removed
from the AI’s prompt. Table 5 compares the mean surprise
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scores between the original and ablation conditions across
both human and Al outputs.

Table 5: Mean surprise scores for original and ablation con-
ditions (with standard deviations).

Condition Human Al
Original (AIH) 59.10 (27.36) | 74.75 (30.18)
Ablation (ABL) | 58.64 (20.04) | 67.55 (12.35)

As shown in Figure 5, removing ‘surprise’ from the AI’s
instructions significantly affected Al outputs (p = 0.002,
Cohen’s d = 0.312), with mean surprise scores dropping
from 74.75 to 67.55. However, human responses remained

Comparison of Semantic Variability (Novelty) Across Groups and Models
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Figure 3: Novelty comparison: Semantic distances between
consecutive sentences across different embedding models.
Higher values indicate greater semantic novelty between
successive contributions.

largely unchanged (p = 0.703, Cohen’s d = 0.019), sug-
gesting that explicit surprise prompting primarily influences
Al behavior rather than human creativity. The gap between
human and AI surprise scores remained substantial in both
the original condition (p < 0.001, Cohen’s d = —0.543) and
the ablation condition (p < 0.001, Cohen’s d = —0.535),
indicating that Al responses maintain higher unpredictabil-
ity regardless of explicit prompting - a notable pattern dif-
fering from other creative domains (Hoffman and Weinberg
2010).
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Figure 5: Ablation study results comparing surprise scores
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the effect of removing surprise-related prompting from Al
instructions.

Value (Engagement) Analysis Analysis of value met-
rics through engagement revealed sustained participation
across both HH and AIH conditions. Game durations re-
mained comparable (HH: 508.63 £ 169.25 seconds; AIH:
405.73 £ 234.98 seconds), and sentence lengths were con-
sistent between human players across formats (HH: 11.37
words; AIH: 11.51 words). External raters judged AIH sto-
ries as marginally more interesting than HH stories (3.72 vs.
3.58, p = 0.011), though this difference was modest com-
pared to other evaluation criteria.

A simple ‘Turing Test’ for “Yes! and...” Stories

To assess whether raters could distinguish between HH and
AIH “Yes! and...” stories, we conducted a survey involv-
ing 122 raters (see more details in Methods). Each rater was
presented with 5 HH games and 5 AIH games (chosen ran-
domly) and was asked to identify whether each story was
created by a pair of humans or a human and Al. Overall ac-
curacy was poor, with 47.05% correct identification for HH
stories and 46.56% for AIH stories. A Chi-square test con-
firmed no significant difference in raters’ ability to identify
story sources (x? = 0.0132, p = 0.9086).

Table 6: Raters’ guesses and Chi-square test results for
each “Yes! and..” story, showing the number of correct
and incorrect guesses, Chi-square test statistic, p-value, and
whether the difference in guesses was significant.

Story | Correct | Incorrect | Chi-sq | P-val | Sig.
HH1 |40.16% | 59.84% | 8.67 | 0.003 | Yes
HH?2 |46.72% | 53.28% | 0.80 | 0.370 | No
HH3 |55.74% | 44.26% | 2.77 | 0.096 | No
HH4 |47.54% | 52.46% | 0.41 0.522 | No
HHS | 45.08% | 54.92% | 198 | 0.159 | No

AIH 1| 36.07% | 63.93% | 17.85 | < 0.001 | Yes
AIH?2 | 47.54% | 52.46% | 0.41 0.522 | No
AIH 3| 48.36% | 51.64% | 0.15 0.701 | No
AIH 4| 51.64% | 48.36% | 0.15 0.701 | No
AIHS5 | 49.18% | 50.82% | 0.02 0.898 | No

Story-level analysis (Table 6) revealed that for both HH
and AIH stories, in 4/5 cases there were no significant dif-
ferences between correct and incorrect responses, and in
1/5 stories there were significantly more incorrect responses
(more details in SI: Detailed Turing Test Results). Taken
together, these results suggest that naive readers cannot dif-
ferentiate between stories created in the HH and AIH condi-
tions.

To gain insights into the factors that influenced raters’
decisions when distinguishing between HH and AIH “Yes!
and...” games, we collected testimonials from participants
explaining their reasoning. These testimonials provide qual-
itative data that complement the quantitative results pre-
sented earlier.

The following are representative examples of the testimo-
nials, illustrating the various factors that raters considered
when making their judgments:

Explanations from People Who Mistakenly Thought a
Human-Made Story Was Made by a Human and Al

“The writing and context here are perfect. Definitely
written with AL

“It seems to me that this story was written between
a person and an Al [...] The story includes exagger-
ated fictional events that sound improbable in reality
[...] The conversation sounds forced and lacks logical
connection [...] There is not much emotion or human
reactions in the conversation.”

Explanations from People Who Mistakenly Believed a
Story Made by a Human and AI Was Actually Made by
Just Humans

“Al would not write the following sentence ever: ‘Yes

EIEE)

and I never saw something like that in my life’.

“There is a lot of text and detail, too much science fic-
tion.”

Discussion

Analysis of Results Our computational analysis revealed
distinctive patterns in Al versus human contributions to the



“Yes! and..” game. Al responses showed higher surprise
scores across all evaluation models (mean difference ~ 15-
20 points (see in Methods), p < 0.001) but lower seman-
tic novelty compared to humans (mean difference ~ 0.15
points, p < 0.001 across all embedding models). Al re-
sponses were consistently longer (mean difference 5.2 words
per sentence, p < 0.001) but didn’t influence human part-
ner response lengths, suggesting humans maintained their
natural interaction style regardless of partner type. Exter-
nal raters judged AIH stories as comparable to HH stories
across all evaluation criteria except interest, where AIH sto-
ries scored marginally higher (3.72 vs 3.58, p = 0.011).
Notably, in our “Turing test” experiment, participants were
unable to reliably distinguish between HH and AIH stories
(47.05% vs 46.56% correct identification), indicating that Al
contributions were naturalistic enough to be indistinguish-
able from human responses.

Comparison with Literature These findings extend pre-
vious work on LLMs in creative writing (Franceschelli and
Musolesi 2024) and storytelling (Yuan et al. 2022) by
demonstrating their capacity for real-time improvisational
co-creation. The “Yes! and...” principle, long recognized
as a basic tenet of improvisation (Johnstone 1987) and col-
laborative creativity (Himberg et al. 2018), provides a struc-
tured framework for creative exchange. Although the prin-
ciple has traditionally guided human-human interaction, our
results demonstrate that LLMs can effectively embody this
approach, suggesting its potential as a broader framework
for human-AlI creative collaboration. Our controlled text-
based environment builds on methodologies from joint ac-
tion research (Noy, Dekel, and Alon 2011) and collaborative
exploration studies (Rafner et al. 2023), providing a frame-
work for systematic analysis of human-Al creative interac-
tion.

Implications for AI System Design Our results suggest
three key design principles for creative Al systems. First,
LLMs’ generative capabilities perform effectively in struc-
tured improvisational contexts, where creative invention is
valued over factual precision. Second, interaction parame-
ters, including timing, response length, tone, and willing-
ness to explore human-initiated themes, need careful cali-
bration to match natural human interaction patterns. Third,
creative Al systems benefit from balancing narrative consis-
tency with novel contributions. These insights point to Al
systems designed not just for content generation, but for au-
thentic creative partnerships.

Limitations Our study has four main limitations. First,
the sample size (129 HH and 75 AIH stories) limits result
generalizability. Second, our computational metrics relied
on older models (GPT-2 and OPT-1.3B) and may miss im-
portant nuances of creative improvisation such as humor,
emotional resonance, and advanced narrative techniques that
expert evaluation might capture. Third, our participant pool
consisted of non-expert improvisers, potentially affecting
story creation and evaluation quality. Fourth, the text-only

format eliminates important dimensions of face-to-face im-
provisation.

Conclusion

Key Findings Our study explores the potential of LLMs to
participate in improvisational co-creation through the “Yes!
and..” game. We found that stories co-created with Al
partners received similar ratings to human-human collabo-
rations in external evaluations, and participants in our “Tur-
ing test” experiment had difficulty distinguishing between
the two conditions. These results suggest that LLMs can
meaningfully engage in structured creative improvisation,
contributing to coherent narrative development within the
specific context of the “Yes! and...” game.

Methodological Contributions Our approach offers three
key advantages for studying human-Al creative interaction:

* Reduced Complexity: The text-based format allows con-
trolled model system for studying of core creative dynam-
ics, similar to previous work in the domains of dyadic
movement improvisation (Noy, Dekel, and Alon 2011)
and visual exploration (Hart et al. 2017).

* Quantifiable Assessment: The experimental setup al-
lows measurement of creative contributions through com-
putational metrics.

* Scalability: Our chat-based platform enables systematic
large-scale data collection and analysis.

Future Directions Our work points to several promis-
ing directions: comparing expert improvisers with Al per-
formance, developing systems for dynamic Al contribu-
tion control in co-creative processes, implementing real-
time evaluation systems for adaptive responses, and creat-
ing platforms for large-scale unbiased interaction studies.
Beyond Turing test approaches, future work should explore
AT’s unique creative contributions rather than just human-
like performance.

Broader Impact This work demonstrates the value of
structured improvisational frameworks for human-Al cre-
ative collaboration. Our empirical evaluation shows that
LLMs can participate in improvisational co-creation at lev-
els comparable to human collaborators. By integrating im-
provisational techniques with computational creativity as-
sessment, we establish a systematic framework for devel-
oping collaborative Al systems.
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