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Abstract

We investigate narrative agency in hu-
man-LLM creative co-writing, asking who
drives story development in turn-based collabo-
ration. Using a new corpus of 87 human-LLM
co-written stories, we apply sentiment and se-
mantic modeling to quantify affective align-
ment and semantic novelty in turn-taking, and
directional measures to assess which agent
shapes narrative progression. Our results show
asymmetric influence: human turns introduce
greater semantic novelty and are more likely
to shape subsequent developments, whereas
LLM contributions predominantly elaborate on
human-introduced elements. At the sentiment
level, alignment is also asymmetric, but more
bidirectional: LLMs exhibit stronger turn-level
emotional adaptation than humans, but both
agents track each other’s emotional valence and
LLMs show an independent tendency to more
positive emotional baselines. These findings
indicate a complementary division of labor in
human—LLM co-writing, where humans drive
narrative innovation and direction, while LLMs
act as adaptive amplifiers that sustain coherence
and elaborate emerging narratives.

1 Introduction

Large Language Models (LLMs) are becoming fre-
quent “collaborators” in creative writing practices,
supporting both story ideation and stylistic trans-
formation. Prior work has evaluated these systems
in terms of output quality and controllability, while
the turn-by-turn dynamics by which human and
model contributions shape a joint narrative remain
less well understood.

Creative co-writing is a complex process of ne-
gotiation over several dimensions at once, such
as emotional tone, content, as well as the story’s
overall narrative direction. In human—human col-
laboration, such negotiation involves the neces-
sity of alignment and influence between partici-
pants, as well as tensions between different creative
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aims. As we begin to interact with LLMs as social
partners, human—LLM collaboration raises parallel
questions: do models tend to adapt to human cues,
or do they introduce new trajectories? How does
narrative agency work in mixed human—Al teams?

Understanding these dynamics is crucial for both
theoretical and practical reasons. From a cognitive
and literary perspective, psycholinguistic evalua-
tions of co-writing offer a window into affective
coordination and shared meaning between humans
and artificial agents. From a design perspective,
insights into alignment and influence can inform
the development of writing systems that better sup-
port creativity or user control. From a digital hu-
manities perspective, studying the affective and
informational dynamics of co-authored narratives
extends computational approaches to literary senti-
ment analysis into interactive, multi-agent settings.

In this paper, we introduce a new corpus of co-
created human-LLLM turn-taking narratives, and
examine different aspects of the dynamics that
emerge between humans and LLMs through narra-
tive co-creation. Specifically, we assess emotional
alignment through sentiment modeling between
inputs, and evaluate narrative agency as the rela-
tionship between novelty, as information-theoretic
deviation of inputs from a baseline, and resonance,
as the tendency of novel elements to remain active
in the subsequent development of the story.

We address the following research questions:

* RQ1 (Baseline differences): Do human and
LLM turns differ in mean valence or valence
distribution?

* RQ2 (Affective coordination): Do human
and LLM interlocutors align (turn-to-turn),
and is alignment symmetric?

* RQ3 (Narrative influence): Whose novel
contributions are most likely to be taken up in
the next turn - humans’ or LLMs’?
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Our contribution is thus threefold: (1) a new
corpus of human-LLM co-written narratives, (2)
directional metrics for affective alignment, and (3)
novel applications of information-theoretic meth-
ods to quantify linguistic influence, supported by
empirical evidence of asymmetric narrative agency
in mixed human—AlI creative collaboration.

2 Related Work

Although LLMs continue to show impressive per-
formance across NLP benchmarks, research on
their creative output is mixed and often highlights
limitations in open-ended tasks, such as generat-
ing diverse and dynamically evolving narratives
(Tian et al., 2024). While an increasing amount
of work examines human—LLLM collaboration (Li
etal.,2025; Wan et al., 2024; Tang et al., 2025), less
is known about the turn-by-turn dynamics through
which human and model contributions shape one
another over the course of a shared narrative.

Human-LLM creativity Findings on human—AlI
joint creativity remain mixed on whether LLMs
increase or inhibit creativity. Access to Al tools
can increase absolute contribution of novel arti-
facts due to the productivity effect (Zhou et al.,
2025), and enhance overall writing quality (Noy
and Zhang, 2023) compared to the individual. On
the other hand, human-LLM interactions in cre-
ative fields can result in creative fixation in com-
plex tasks (Cheng and Zhang, 2025) and homog-
enization of output by narrowing the diversity of
ideas (Anderson et al., 2024). Ultimately, human-
LLM iteration seems to outperform the individ-
ual in creative output, while consistently underper-
forming human-human collaboration (Tang et al.,
2025). Earlier work on human-LLM interaction
paradigms has explored facilitation of collabora-
tive co-creative frameworks through dyadic story-
telling (Roemmele and Gordon, 2015; Clark and
Smith, 2021), but did not touch on the emergent
dynamics between agents. Although summary out-
put evaluates general differences of joint creativity,
it leaves unclear how the dynamics unfold during
collaboration, and how collaborative roles emerge.

Emotional contagion and alignment Collab-
orative processes, such as joint storytelling, un-
fold through turn-by-turn negotiations of emotional
tone, and the evolving narrative influence between
collaborators. In human-LLM collaboration, exam-
ining these interpersonal dimensions of collabora-
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tion matters in determining whether LLMs func-
tion as passive elaborators, equal co-authors, or
adaptive partners. In conversational paradigms, in-
terlocutors mimic and synchronize behavior, often
referred to as emotional contagion. (Hatfield et al.,
1993). Varni et al. (2017) proposed a computa-
tional framework to quantify emotional contagion
between humans in conversation. They modeled
the alignment as matches between interlocutor time
series polarity states (positive, negative, neutral),
using valence and facial expressions as metrics.
Poria et al. (2019) highlighted how challenges to
model emotion recognition in text can improve con-
versational Al-systems, and emphasized how inter-
locutors exert emotional influence both on their
counterpart and on themselves. Studies on human-
LLM dialogues have shown convergence in speech
rate (Li et al., 2025) and linguistic convergence
(Wilkenfeld et al., 2022).

Sentiment analysis in digital humanities Com-
putational sentiment analysis has become a tool
for studying emotional dynamics in literary texts.
Reagan et al. (2016) used a sliding-window compu-
tational framework to identify six dominant emo-
tional arcs, while other approaches modeled pro-
gression (Hu et al., 2021) or mood (Ohman and
Rossi, 2022). In domain-specific settings, Feld-
kamp et al. (2024) compared dictionary-based and
transformer-based sentiment tools for Danish liter-
ature, while Bizzoni and Feldkamp (2023) evalu-
ated similar methods on Hemingway’s works, high-
lighting the challenges of applying general-purpose
sentiment models to literary text. Lyngbaek et al.
(2025) introduced concept vector projection as a
method for deriving continuous sentiment scores
tailored to literary and multilingual contexts, which
we adopt in the present study. Our work extends
this line from single-author literary analysis to in-
teractive, multi-authored narrative frameworks.

Influence and agency On agency and influence,
Barron et al. (2018) presented an approach to eval-
uate the influence of novel ideas on subsequent
discourse, introducing the measures of novelty,
transience, and resonance. They used a corpus
of speeches during the French Revolution, and,
through KL-divergence of topic distributions, cap-
tured novelty as a speech’s deviation from previous
discourse, transience as the degree to which that
deviation failed to persist, and resonance as the dif-
ference between the two, expressing the deviation
that is retained in future discourse. Bergey and



Corpus metric Value
Total stories (n) 87
Total participants (n) 87
Interactions per story 10
Mean LLM word count 29
Mean user word count 26
Total interactions (n) 870

Table 1: Descriptive statistics for the co-writing corpus.

DeDeo (2024) focused on information propagation
in dialogue, and used token-level LLM surprisal
scores to model conversational information flow be-
tween interlocutors. We build on both approaches,
applying surprisal-based novelty, transience, and
resonance to human—LLM co-writing to evaluate
whose contributions exhibit greater narrative influ-
ence.

3 A Corpus of Narrative Co-Writing

3.1 Task and experiment design

We designed a controlled collaborative storytelling
task that isolates turn-based interaction dynamics.
The task models co-writing as a dyadic exchange in
which a human participant and one of four LLMs
jointly construct a narrative through alternating
contributions'. Each agent, human or LLM, con-
tributed to the story from where the other left off,
for a total of 10 interaction steps, each comprising
one user turn and one LLM turn (U, A,), yielding
20 turns per story. Figure 1 illustrates the task flow.

The resulting dataset is structured into four levels
of analysis:

1. Token level (model level): individual tokens
w.

2. Turn level: a single agent contribution at turn
t, denoted I, which can be further specified
as either a user turn (U;) or an LLM turn (A4;).

3. Interaction level: paired contributions at the
same turn ¢, represented as (Uy, Az).

4. Story level: a sequence of 10 interactions for
session 7, denoted S;.

The following instructions were provided to both
participants and the LLM:

"Participants were randomly assigned to one of the follow-
ing LLMs as writing partners: gpt-4.1-2025-04-14, claude-
sonnet-4-5-20250929, Llama-3.3-70B-Instruct, or Qwen2.5-
72B-Instruct.

Direction:(/,, A,)

1 Interaction ; Interaction ; Interaction 1
! L . 1
: User> LLM > User LLM ;) user :
1 1 : 1
1 1 1 1
1 1
Direction:(A4,_1,U;)

....................................................................................................... }
1 Interaction ; Interaction ; Interaction 1
1 . . 1

1
: LLM > User :> LLM User | > LLM '
1 , : 1
1 1 1 1
1 1

Figure 1: Dyadic task flow, visualizing how the partici-
pant and LLM take turns adding to the narrative.

“You are an author taking part in a collab-

orative storytelling activity with another
author. Together, you will create a story
by taking turns adding to it. Your goal
is to continue from where your partner
has left off. If there is no story, please
begin the story. You have 10 interactions
to write the story. Your input may be
slightly truncated by a random number
of characters.”

The study comprised a total of 91 participants,
with a balanced gender distribution (male = 44,
female = 46, other = 1) and an age distribution
of M = 24 years (SD = 10.4). This yielded a
corpus of 91 stories (910 interactions). After pre-
processing exclusions, the corpus comprised 87
stories . Participants were recruited both in a uni-
versity context in Denmark, through research and
student communities, and through public invita-
tions in various online communities. The sample
was therefore composed primarily of young adults,
fluent in English as a second language, with back-
grounds from the humanities, social sciences, and
STEM. Each story consists of alternating human
and model contributions of approximately 25-30
words. Examples of the stories and the metrics of
each turn are in Table 2.

4 Methods

Because the paper combines sentiment modeling,
directional alignment, and information-theoretic
influence metrics, we summarize the logic of the

The corpus will be made publicly available upon publica-
tion.
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User (excerpt) Al (excerpt) User val. Al val. User tok. AlItok. User nov. Al nov.
This is the story of a small-town She feels trapped in the mundane —0.241 —0.327 28 31 —0.547 —1.545
girl... routine...

Fueled by her reading habit, by ...she’s determined to find a way to 0.361  0.667 28 30 —1.389 —2.038
books like... break free...

...a more fulfilling future. Every- ...though she quickly dismisses the 0.804 —0.786 25 30 —1.336 —2.374
thing from... latter...

mild-mannered mother, Puritanical ...traveling the world as a mission- —0.165  0.066 21 30 —0.376 —3.067
father... ary’s wife...

smuggled out of Pakistan in the hol- ...leaving the small town girl to won- —0.673 —0.032 24 31 —1.209 —2.633
low tubing... der...

Table 2: Example interaction-level features (valence, token counts, novelty) for a single story.

/10

Figure 2: The user interface of the platform used in the
experiment with their instructions.

approach before introducing the formal definitions.
Valence measures affective tone. Directional align-
ment tests whether one agent’s tone predicts the
other’s subsequent tone. Novelty measures how
much a turn departs from prior context. Resonance
measures whether that departure remains predictive
of what follows.

4.1 Preprocessing

To ensure accurate downstream analysis, a clean-
ing pipeline was applied to all text data. First,
incomplete stories, classified as stories with fewer
than 10 total interactions, were excluded. User-
generated text was then spell-corrected using GPT-
40-mini (temperature = 0) via API, with instruc-
tions to preserve each sentence as it was, correcting
only spelling errors. LLM-generated text required
no cleaning as it contained no spelling errors. To
ensure corrections did not substantially alter the
original text, the Levenshtein edit distance was
calculated between original and corrected versions,
and stories with user text exceeding an edit distance
of 70 were excluded as these cases corresponded
to users writing gibberish rather than coherent text.
In total, four stories were removed, yielding a final
analytical sample of 87 stories. Manual post-hoc

inspection of spell-corrected user text confirmed
minimal syntactic and semantic changes were made
in the cleaning process.

4.2 Valence

First, we investigate the general difference in emo-
tional tone between agents. To get a continu-
ous metric of valence, we compute a scalar va-
lence score for each agent turn using concept vec-
tor projection. Using the multilingual sentence-
embedding model mpnet-base-v2, each turn is
embedded as a vector representation ega) € R%
The model was chosen for its strong performance
across varying registers and vocabulary. We then
compute valence as the scalar projection onto a
sentiment concept vector c, constructed as the nor-
malized difference between mean embeddings of
positive and negative seed words, following Lyng-
baek et al. (2025):

= =0 ey
I

Intuitively, this projection measures how far each
turn’s embedding lies along the positive—negative
sentiment axis in the embedding space. Higher val-
ues indicate more positively-toned language, while
lower values indicate more negative tone. To evalu-
ate baseline differences in emotional tone between
agents, we fitted a linear mixed-effects model:

vie = Po + Pr1Agent;, + (1 | Story;), (2)

where v;; denotes the valence score for turn ¢ in
story ¢, and Agent;, is a binary indicator distin-
guishing User from LLM turns. Random intercepts
for Story account for the non-independence of
turns within stories. This approach to valence esti-
mation allows a stronger domain-fit than standard
sentiment analysis methods (Lyngbaek et al., 2025),
as it can tailor the concept vector to the affective
vocabulary most relevant to the data at hand.
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4.3 Directional Sentiment Alignment

To measure directionality of alignment as an ex-
pression of affective coordination between agents,
we model the relationship between predictor-turn
valence and response-turn valence under two direc-
tional pairing rules:

1. User—LLM: (U, A;)

2. LLM—User: (A;—1,U;)

Let vz(tX ) denote the predictor valence and vl(tY )
the response valence under a directional pairing
rule in story 7. Directional alignment was estimated
using the following linear mixed-effects model:

o) = o+ Broly) + B2 Dyt

3)
X (
+ B3 (Uz(t ) Dit) + (1 | Story;)
where D;; is a binary indicator of alignment di-
rection. Here, 51 expresses baseline alignment
strength, and the interaction term /33 captures direc-
tional asymmetry in adaptation of emotional tone.

4.4 Narrative influence
4.4.1 Surprisal

The surprisal scores for turn-level text are com-
puted using the open-source model Llama-3.1-8B-
Instruct as the mean negative log-probability of the
tokens in a turn given a preceding context. The
single surprisal score of a token is thus calculated
as the surprisal score of the token w; given all
preceding tokens in the context window plus the
preceding tokens within the turn.

s(wj) = —logy p(w; | w<;j) 4

where j indexes tokens within a turn. The mean
surprisal score of a turn is then expressed as:

n

S(T) = = s(uy) )

=1

We then define novelty and transience as the
difference between conditional and unconditional
surprisal. To calculate the negative pointwise mu-
tual information (PMI) of a turn, we subtract the
surprisal score of the turn without context from the
surprisal score of the turn with context, resulting
in a negative score of contextual facilitation, where
more negative values indicate increased predictive
benefit from the context. For novelty, the score

with context is calculated using all preceding to-
kens in the story as context, denoted w—¢, and the
surprisal score without context is calculated using
the model’s beginning-of-sequence token, BOS,
providing an unconditional baseline.

Novelty, = 5(T; | w<t) — (T3 | BOS)  (6)

For computing transience we measure the informa-
tion gain of the current turn on the full subsequent
partner turn, denoted F;. For user turns F; is the
immediate LLM response, and for LLM turns F;
is the next user contribution.

Transience; = 5(F; | T;) — s(F; | BOS) (7)

Finally, resonance was computed by subtracting
transience from novelty.

Resonance; = Novelty, — Transience;  (8)

4.4.2 Influence Modeling

For modeling the relationship between novelty and
resonance, we fit a linear mixed-effects model, that
evaluates narrative influence by having novelty pre-
dict resonance with agent as an interaction effect:

Resonance;; = By + f1Novelty,;, + S2Agent;,
+ BsNovelty,, Agent;, + bo;
+ Eit
©)
Supporting this, we also fit a similar mixed effects
model, having novelty predict transience with agent
as an interaction effect:

Transience;; = Py + B1Novelty,, + S2Agent;,
+ B3Novelty,, Agent;, + bo;
+ €it
(10)

Because resonance is defined as novelty minus tran-
sience, the resonance model is algebraically linked
to the transience model. We report both for interpre-
tive transparency, as the transience model isolates
the uptake mechanism, while the resonance model
captures net narrative influence.

5 Results
5.1 Valence distributions differ (RQ1)

The distributions of valence showed lower mean
user valence (M = —0.089, SD = 0.403) com-
pared to LLM valence (M = 0.004, SD = 0.397).
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RQ  Unit of analysis Measure(s) Model / Tool
paraphrase-multilingual-
mpnet-base-v2

RQ1 Turn (Uz, Ay) Valence distributions (sentiment scores  + sentiment concept vector projection

per turn)

RQ2 Directional pairings: Directional alignment: (i) valence cou-  mpnet-base-v2 (valence)

(U, A¢) and (Ae—1,Uy) pling (correlation), (i) semantic align- ~ QZhou-Embedding (semantic)
Self-alignment: (Uz—1,U:), ment (cosine similarity under pairing
(A1, Ay) rules)
RQ3 Token w; with conditional Surprisal-based novelty, transience and ~ Llama-3.1-8B-Instruct (token proba-

context p(w; | w<;) (aggre-

resonance (informational deviation +

bilities — surprisal)

gated to turn level) uptake)

Table 3: Summary of the employed unit of analysis, measures and models for each research question.

Valence Distribution: Field Data
Kolmogorov-Sm alue = 0.000

ov D =0.103, p-value = 0.0004

Agent [ user LM

/

1
/_I\\

00
Valence Score

Figure 3: Distribution of turn-level valence scores by
agent. Higher values indicate more positive emotional
tone. LLM turns show a slightly more positive baseline
than user turns., while both distributions overlap

A linear mixed-effects model predicting valence
from agent type showed a significantly higher mean
valence for LLM turns (3 = 0.093, p < .001).
This coefficient reflects the estimated mean differ-
ence between LLM and user turns. Figure 3 shows
the valence distributions by agent. An example
of valence trajectories between agents throughout
three stories can be seen in Figure 4.

5.2 Alignment is directional (RQ2)

The emotional alignment between human and LLM
co-writers was statistically significant overall (5 =
0.16, p < .001), confirming that valence coordina-
tion occurs from turn to turn. However, this align-
ment was asymmetric. The model showed a strong
positive relationship in the (Uy, A;) direction, with
B1 =0.232 (SE = 0.038, p < .001) compared to
the significantly weaker (A;_1, U;) direction, with
a significant interaction contrast (AS = —0.141,
SE = 0.055, p = .010). Figure 5 visualizes the
fitted relationships by direction.

This was supported by a Pearson correlation

Smoothed valence over turns (rolling mean, k = 2)

Figure 4: Example of the valence trajectories through
three different stories, visualizing baseline differences
and temporal alignment.

analysis. Mean correlation was higher for (Uy, A¢)
(M = 0.232, SD = 0.389) than for (A;_1,U;)
(M = 0.091, SD = 0.395). One-sample tests
against zero indicated that both correlations were
reliably above zero, with a stronger effect for
(U, Ay). For (U, Ap): t = 5.55, p < .001; for
(A¢—1,U): t =2.14, p = .035.

5.3 Narrative influence is asymmetric (RQ3)

User turns showed higher novelty than LLM turns
(User: M = —1.418, SD = 0.713; LLM: M =
—2.077, SD = 0.647). User turns also showed
slightly higher transience (User: M = —1.034,
SD = 0.441; LLM: M = —0.676, SD = 0.454).
As a result, mean resonance was higher for user
turns (User: M = —0.384, SD = 0.774) than for
LLM turns (LLM: M = —1.401, SD = 0.684).
Since novelty is defined as PMI, it is negative when
the context reduces surprisal. Figure 6 shows nov-
elty distributions by agent.

Both agents showed a strong positive novelty-
resonance relationship, indicating that more sur-
prising turns tend to stick. In the resonance model,
novelty had a strong positive effect for users (51 =
0.941, p < .001). The noveltyxagent interac-
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Directional Valence Alignment in Field Data

Alignment Direction == (U, A) (A L)

Response Valence

0.0 05 1.0
Predictor Valence

Figure 5: Directional sentiment alignment between
agents. Each point is a turn pair (interaction). Lines
show fitted slopes of response valence on predictor va-
lence under the two directional pairings. The steeper
slope for LLM responding to User (U;, A;), compared
to User responding to LLM (A;_1, U;), indicates that
LLM responses adapt more strongly to preceding user
valence than vice versa.

Distributions of Novelty

B ue B um

User Lm
Novelty

Figure 6: Distributions of surprisal (novelty) for each
agent, defined as the surprisal of a turn relative to prior
context. User turns exhibit general higher surprisal than
LLM turns, indicating more novel contributions.

tion was significant (53 = —0.105, SE = 0.034,
p = .0019), yielding a weaker LLM slope of 0.837,
indicating a slightly weaker innovation bias for
LLMs than users. This relationship can be seen in
Figure 7.

6 Discussion

We investigated agent alignment and narrative
agency in human—-LLM co-writing, and exam-
ined affective and semantic adaptation through
embedding-based analyses and information prop-
agation through different measures of innovation
and influence. Our findings reveal a consistent
asymmetry in collaborative dynamics: while both
humans and LL.Ms exhibit alignment and coordina-
tion, humans play a disproportionate role in main-
taining emotional autonomy, introducing narrative
novelty, and shaping subsequent developments.

Resonance vs Novelty (Field Data)

agent = User = LM

Resonance (Novelty - Transience)

Novelty

Figure 7: Resonance as a function of novelty. Reso-
nance (y-axis) measures how much a turn’s surprising
content persists in the subsequent turn. Novelty (x-axis)
measures its surprisal relative to prior context. Both
agents show a positive novelty—resonance relationship,
but the slope is steeper for users (blue), indicating that
surprising human contributions exert more influence on
the unfolding narrative.

The emotional asymmetry in valence distribu-
tions quantifies a fundamental characteristic of
LLMs: their responses tend to drift towards a
positive baseline. This could be attributed to the
removal of strong negative and profane data dur-
ing training and fine-tuning of the models. While
this has been established for isolated LLLM output
(Mufoz-Ortiz et al., 2024; Zanotto and Aroyehun,
2024), our paradigm tests the autonomy of LLM
positivity bias, by having it iteratively react to vary-
ing input from human interlocutors, which might
force the sentiment of the story into a negative drift.
This is equally the case for human partners hav-
ing to react to positive LLM contributions. This
could partly explain the relatively small difference
observed in valence distributions, as each partner is
faced with a decision to converge emotionally with
the counterpart.

The analysis of directional emotional adaptation
elaborates on the difference in valence distributions.
We found significant bidirectional emotional align-
ment between co-writers, confirming that human—
LLM collaboration involves affective coordination
through adaptation of emotional tone. However, the
alignment was directional: LLM responses tracked
the valence of preceding human turns more strongly
than humans tracked LLM affect. This asymmetry
indicates that LLMs are more responsive to human
emotional cues and suggests that humans main-
tain a stronger level of emotional autonomy in the
co-writing process, resisting immediate emotional
adaptation to the LLM counterpart. This is addi-
tionally highlighted by the significantly stronger
semantic self-alignment of users, in which they
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Result User/ Ai_1—U, LLM/Us— Ay Test

Mean valence —0.089 0.004 Agent difference (LMM) p < .001
Alignment slope (3) 0.091 0.232 Slope difference (interaction) p=.010
Alignment frequency (%) 49.2 58.9 Proportion difference p =.001
Mean align. duration (turns) 1.836 2.189 Wilcoxon rank-sum p=.039
Resonance ~ novelty slope 0.941 0.837 Slope difference (interaction) p = .0019
Transience ~ novelty slope 0.059 0.164 Slope difference (interaction) p = .0019

Table 4: Key results summary. For directional metrics (rows 2-5), the first column reports the A; 1 —U,; (LLM-to-
User) direction; the second reports U;— A; (User-to-LLM). For non-directional metrics (rows 1, 6-7), values are

per agent.

converge more with their own preceding input than
the LLM responses, adopting less of the semantic
profile from the counterpart (see Appendix A).

Alignment persistence over time revealed a sim-
ilar pattern: Alignment occurred more frequently
in Human—LLM transitions, while also retaining
longer streaks over time. It seems that LLMs both
maintain stronger local affective adaptation, while
also sustaining longer-term emotional trajectories
(see Appendix A).

Across analyses, human contributions were both
more novel and yielded higher resonance than
LLMs’, indicating a greater capacity to introduce
narrative elements that persist in the unfolding
story. In contrast, LLM contributions tended to
elaborate on existing material rather than introduce
new semantic directions. This pattern suggests an
initiative asymmetry, in which humans function
as primary drivers of narrative innovation, while
LLMs act as adaptive amplifiers that reinforce and
extend human-introduced content.?

The positive linear relationship between novelty
and resonance characterizes the creative, friction-
less nature of the writing task where interlocutors
accept and take up the preceding contributions of
the counterpart, regardless of the surprising char-
acter of this contribution given the prior context.
Similarly to the previous findings, this pattern is
asymmetric between agents. The effect of very
surprising input on future discourse is stronger
for users, indicating their writing privilege, where
users’ novel contributions have more influence on
the future discourse, compared to equally novel
LLM contributions. Supplementary analyses in-
dicate consistent behavior across the four model

3Importantly, although LLMs exhibited a stronger ten-
dency to follow and elaborate on human contributions, both
agents alternated between introducing novelty, transience, and
aligning with prior turns, indicating that LLMs are adaptive -
rather than passive - agents within collaborative dynamics.

subgroups (see Appendix A). These asymmetries
seem to mirror a complementary division of labor:
humans provide innovation, on which LLMs elab-
orate, reminiscent of improvisational settings in
which one participant introduces motifs and the
other stabilizes and develops them.

These findings complicate the view of LLMs
as either independent creative agents or neutral
writing tools. The elaboration-adaptation pattern
indicates that LLMs may be most valuable as elab-
orative partners, while also helping explain homog-
enization effects observed in prior work (Anderson
etal., 2024). If the LLM collaborator role primarily
develops existing material and adapts, then narra-
tive variance may depend disproportionately on the
human side of the dyad. Thus, the creative value
of LLM co-writing may lie less in autonomous
narrative development and more in the ability for
users to surface and select among divergent nar-
rative branches. Read together, the findings posi-
tion LLMs less as creative co-authors and more as
adaptable stylistic amplifiers.

The applicability of the directional metrics we
introduce extends beyond the presented corpus.
These approaches may be further applicable as gen-
eral tools for modeling interlocutor dynamics in
conversation, multi-authored text, or political dis-
course.

7 Conclusion and Future Work

This study examined alignment dynamics and nar-
rative agency in human-LLM collaborative sto-
rytelling. Our findings reveal clear patterns that
characterize human—-LLM co-writing: LLMs mir-
ror the emotional tone established by human con-
tributors, but shift it toward a more positive base-
line. At the same time, LLMs tend to elaborate
on human-introduced ideas rather than introduce
novel narrative elements, and have less influence
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on the subsequent narrative.

In other words, they overall follow the semantics
introduced by human writers, but tend to bring a
higher valence “bias" to the story. This behavior
suggests that LLMs function effectively as “fol-
lowing” collaborators that sustain coherence and
reinforce emerging storylines. Human participants
exhibited greater semantic novelty and stronger in-
fluence on subsequent narrative developments, indi-
cating a primary role in introducing new directions
and maintaining emotional autonomy. Together,
these results point to a complementary division of
labor: humans drive innovation and narrative, and
LLMs provide adaptive elaboration and strong af-
fective alignment. These findings have implications
for the design of human—AlI co-creative systems.
Interfaces and interaction paradigms may benefit
from supporting human control over narrative di-
rection while using LLM strengths in elaboration,
stylistic variation, and coherence maintenance. Un-
derstanding this complementary dynamic can in-
form the development of tools that enhance creativ-
ity without diminishing human agency.

Future work should extend this paradigm by in-
corporating human—human baselines to better con-
textualize mixed collaboration dynamics; exploring
longer interaction sequences to capture extended
narrative evolution; integrating context-aware sen-
timent models to account for broader emotional
trajectories; and modeling differences between the
four models. Investigating how different model
architectures, prompting strategies, and genre con-
straints affect alignment and agency may further
clarify the conditions that make human—LLM col-
laboration most effective.

Limitations

Several limitations should be considered when in-
terpreting the results. First, sentiment scores are
computed at the turn level and do not incorporate
broader narrative context, potentially overlooking
longer-range emotional dynamics. Second, sur-
prisal is estimated with respect to the language
model used in the analysis and may not fully reflect
human perceptions of novelty. Third, the study
does not include a human—human co-writing con-
dition, which limits direct comparison between
mixed and purely human collaborations. Future
work should include this as a baseline to separate
LLM-specific effects from general collaborative
dynamics. Additionally, the experimental setup

introduces asymmetries in both interaction experi-
ence and language processing capabilities between
human participants and LLMs, which may influ-
ence the observed alignment patterns. Finally, the
preprocessing pipeline, including spell correction,
may introduce a degree of normalization toward
LLM-like text.

Ethics Statement

This study was conducted according to ethical
guidelines. All participants provided their con-
sent prior to participation and were informed that
their text input would be used for research pur-
poses. Only anonymized demographic data (age,
gender) were collected. Participants were free to
withdraw at any time. Participants were aware that
their co-writer was an LLM. The dataset consists of
English-language creative fiction produced by adult
participants recruited from a university context in
Denmark.
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A Supplementary Analyses

A.1 Duration of alignment

To assess stability of directional alignment, we
computed (1) the overall frequency of turns clas-
sified as aligned per direction and (2) the duration
of consecutive alignment streaks. Figure 8 summa-
rizes alignment frequency by direction. Alignment
frequency differed between directions: alignment
occurred on 49.2% of turns in the LLM—User
direction and 58.9% of turns in the User—LLM
direction (two-sample test of proportions, p =
0.001324).

Figure 9 shows the persistence of alignment
streaks (survival-style retention curves). Streaks
were longer in the User—LLM direction (mean
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Frequency of Directional Alignment
Proportion of turns where responder moves in same direction as initiator

58.9%

49.2%

Alignment Probability

Al -> User (Next Turn) User -> Al (Same Turn)

Figure 8: Frequency of directional alignment, shown as
the proportion of turns where the responder moves in
the same direction as the initiator.

Persistence of Emotional Alignment
Percentage of alignment streaks lasting at least X tums

Direction “- Al->User (Next Tum) <@ User -> Al (Same Turn)

100%

Proportion of Streaks Remaining

~e.

o

3 4 5
Duration (Consecutive Turns)

Figure 9: Persistence of emotional alignment. The
curves show the percentage of alignment streaks lasting
at least X consecutive turns, by direction.

= 2.19, median = 2, max = 7) than in the
LLM—User direction (mean = 1.84, median =
1.5, max = 6). A Wilcoxon rank-sum test indi-
cated a reliable difference in duration distributions
(p = 0.03943).

A.2  Self alignment

As a complementary analysis, we modeled self-
alignment as the cosine similarity between an
agent’s current turn and their own preceding turn,
(Ut_1, Ut) and (At_l, At)

For semantic self-alignment we compared dis-
tributions of cosine similarity between (U;_1, Uy)
denoting semantic self-alignment of users and
(U, Ay—1) denoting semantic alignment of users
with the preceding LLLM turn. This was simi-
larly modeled for LLM self-alignment. User self-
alignment (Uy_1, Uy;) showed generally higher co-
sine similarity than user interlocutor alignment
(U, Ay—1): the mixed-effects model showed a sig-
nificant difference (6 = —0.012, SE = 0.004,
p = .005), indicating that users align slightly more
with their own preceding turn than with the pre-

User Semantic Alignment: Self vs. Interlocutor
Cosine Similarity: User(t) & User(t-1) vs. User(t) G Al(t-1)

®

Cosine Similarity

°
>

Self Interlocutor
Alignment Target

Figure 10: Semantic self-alignment of users (blue) com-
pared to alignment with the interlocutor (orange). Mea-
sured as cosine similarity between contributions.

LLM type n Meanp SD Mean Al val.
GPT-4.1 18 0.301 0.353 0.085
Claude 20 0.198 0.364 —0.219
Llama3.3 26  0.255 0.405 —0.015
Qwen2.5 23 0.180 0.432 0.154

Table 5: Per-story same-turn alignment (p) and mean
AT valence by LLM type. ANOVA: F(3,83) = 0.40,
p = .754.

ceding LLM turn. For LLM self-alignment, no
significant difference was observed (8 = 0.005,
SE = 0.004, p = .131).

A.3 Alignment and influence by LLM-types

To validate the aggregation of the four differ-
ent LLMs in the analysis, we conducted inter-
model analysis on both alignment (U, A;) and
LLM novelty-resonance models. In the analy-
sis of alignment, models showed consistent pat-
terns of sentiment alignment, but with Claude ex-
hibiting a significantly lower intercept than the
reference model (3 = —0.315, SE = 0.062,
p < .001), indicating lower mean Al valence in
the User—LLM direction, as seen in Figure 11.
Alignment slopes did not significantly differ across
models. A one-way ANOVA on per-story same-
turn correlations confirmed no significant effect of
LLM type (F'(3,83) = 0.40, p = .754). In the
novelty-resonance analysis shown in Figure 12, all
models showed similar positive novelty-resonance
relationships.
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Al Valence Same Turn by LLM (User — LLM)

LLM Model == Claude-sonnet-4-5 == Gpt-4.1 == Liama-33-70B-instruct = Qwen2.5-728-Instruct

Al Valence

00
User Valence

Figure 11: Directional alignment between (U, A;) fo-
cusing on LLM alignment, with regression slopes by
LLM type.

LLM: Resonance vs Novelty by LLM Type
LLMType = 1 =2 =3 = 4

Resonance (Novelty - Transience)

Novelty

Figure 12: Resonance as a function of novelty for LLM
contributions, with color-coded regression slopes for
each LLM-type. Dotted lines indicate mean novelty for
each model.

Transience vs Novelty (Field Data)

agent == User == um

Transience

2
Novelty (Surprisal)

Figure 13: Transience as a function of novelty, with
regression lines by agent.
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