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Abstract
Large Language Models growing abilities in writing task has al-

lowed them to also tap in the world of creative writing. Instead of

following explicit user instructions to operate on a given text, they

can be asked to generate complete stories from a single prompt.

Although these models yield impressive capabilities in producing

well-written narratives, they often lack diversity, relying on estab-

lished style and semantics seen at training time. Considering this

challenge, we present an on-demand persona-augmented agents for

narrative generation. By dynamically crafting agents and personas

at run-time without relying on hard-coded agent architectures with

fixed roles, the system can adapt to match the specific demands of

writing prompts. Leveraging LLM persona as proxy for semantic,

tone and lexical the system can automatically define tasks demands

andworkflow, thus craftingmore varied and heterogeneous outputs.

Our approach demonstrates that agentic platforms can consistently

surpass the single-LLM baseline. With gains of +0.28 in semantic

and +0.18 in style embedding distances, the generated outputs by

our best proposal, exhibit higher variety, validating the effectiveness

of multi-agent persona augmentation for open writing tasks.
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1 Introduction
The adoption of Large Language Models (LLMs) has transformed

the landscape of natural language generation, enabling systems

capable of producing coherent and fluent text across a wide range of

domains [6, 13]. These systems have progressively moved beyond

structured and task-specific generation toward open-ended and

creative applications. Among these, creative writing represents one

of the most demanding challenges [10], since it requires more than

just grammatical correctness and coherence. It is instead character-

ized by stylistic richness, expressiveness, originality, and semantic

variety. Advancements in LLMs have shown their abilities in gener-

ating stories with minimal input [42, 44, 46], opening possibilities

for human-AI collaborative storytelling and automated content

creation. Unlike factual or instructional text generation, creative

writing demands that a model navigate the tension between known

patterns and creative freedom.

Despite their impressive capabilities, LLMs tend to produce stylis-

tically homogeneous and semantically repetitive text [12, 28, 45],

manifesting in narrative generation as predictable plots, style flat-

tening, and lexical homogenization. This limitation stems from

training on corpora dominated by mainstream conventions, biasing

models toward prevalent patterns and marginalizing unconven-

tional narrative forms and stylistically distinct voices [1, 28, 37, 45].

Prior work has explored strategies to improve generation variety,

including prompt engineering [39, 49] and post-training and de-

coding techniques [5, 31], though these approaches remain largely

static, requiring retraining or curated style conditions. A promising

alternative lies in AI-personas, as LLMs are sensitive to identity-

framing in their context window, when prompted to adopt a specific

role, models shift their lexical choices, syntactic patterns, tonal reg-

ister, and ideological leanings [22, 25]. In AI narrative generation,

identity framing can act as soft constraints on the output space,

steering models away from default behavior toward more distinc-

tive outputs, positioning as a proxy for writing style that enables

controllable and diverse generation. Moreover, there is a growing

interest in structural alternatives that can elicit diversity through

collaboration and task decomposition. In this direction, multi-agent

frameworks have shown promise for complex generative tasks; how-

ever, existing architectures often employ rigid, pre-defined agent

roles, which can limit flexibility across diverse creative contexts.

Recent work demonstrates that LLM-based multi-agent systems can

decompose complex generative tasks by distributing subtasks across

specialized agents and coordinating their interactions through struc-

tured communication or orchestration mechanisms [3, 7, 16, 19, 40].

Role-playing and team-based designs have been shown effective in
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domains ranging from collaborative artifact generation to model

orchestration and interactive simulations [16, 40]. Nevertheless, the

widespread use of static role taxonomies can hinder adaptability and

transfer to diverse creative contexts, where the required expertise

and interaction styles may shift dynamically over time [11, 16, 30].

We propose a persona-augmented agentic architecture for story

generation in which a set of LLM persona-based agents is synthe-

sized at run time from the story prompt. Rather than relying on a

fixed, pre-defined structure, the system dynamically determines and

creates needed personas and how the persona-based agents should

collaborate to produce the target story, allowing overall architec-

ture to adapt to the specific demands of the story. We introduce two

instantiations of this approach: Relay and Ensemble. In Relay, per-
sonas operate sequentially, each conditioning on the accumulated

context. In Ensemble, personas draft complementary parts in paral-

lel, with an integrator persona merging them into a coherent story.

after which an additional persona acts as an integrator that merges

the drafts into a single coherent story. Across both operating modes,

persona-based agent generation serves as a structural mechanism

to increase output variety compared to a single-LLM baseline. Our

system diversifies generation at the architectural level, assigning

distinct LLMs personas and roles to each agent, thereby condition-

ing their outputs on different stylistic and semantic premises. The

intended notion of diversity is not the stochastic variation across

repeated runs of the same prompt, but its deliberate intra-system

variety, where the different operating modes, persona compositions,

and agent roles pushes outputs apart. This divergence is reflected in

measurable embedding-based scores, where our system’s outputs

are expected to occupy more distant regions of the semantic space

relative to those produced by a single-LLM baseline. To validate

the effectiveness of our approach we conducted an evaluation com-

paring our persona-augmented multi-agent system against a single

model baseline using the WritingPrompt dataset [9]. Our exper-

iments assessed both style divergence and semantic divergence

computed by embedding similarity across generated narratives,

over a randomly sampled subset of 500 prompts sampled from the

WritingPrompts dataset. Experimental results demonstrate that our

framework is able to outperform the single LLM, with one mode

achieving the best gains of +0.28 in semantic and +0.18 in style

embedding variety. These findings validate our central hypothesis:

that dynamically instantiated, persona-augmented agents are an

effective mechanism for expanding the generative space of LLMs

in creative writing tasks. More broadly, our results suggest that

multi-agent persona augmentation represents a strategy for miti-

gating the homogeneity bias inherent in standard LLM generation,

with potential applicability beyond narrative generation to other

open-ended creative tasks.

2 Related Work
Story generation has been an open challenge in natural language

processing well before the LLM-era. First approaches to story gener-

ation are rooted in sequence-to-sequence architecture that allowed

end-to-end narrative generation from story prompts [9]. The ad-

vent of LLMs shifted the paradigm from structured planning toward

prompt-conditioned generation, enabling systems to produce co-

herent narratives with minimal task-specific supervision [42, 44].

However, generating long-form stories, instead of just sentence

completion [47], surfaced new challenges around plot coherence,

creativity, and style. Work in this direction highlights that even

when models produce fluent and structurally sound narratives, they

systematically converge on the same surface patterns: predictable

plot arcs, character archetypes, and a narrow register of prose style,

regardless of how varied the input prompt is [28, 45]. One of pos-

sible causes of this behavior can be traced back to the statistical

properties of pre-training corpora. As reported in [2, 8], standard

filtering pipelines disproportionately remove minority dialects and

non-Western perspectives, concentrating the training distribution

around mainstream Western conventions and causing models to

internalize a strong prior over a narrow stylistic slice. Other work

suggests that part of this homogenization may be an unintended

consequence of post-training alignment, which can reduce seman-

tic variety and compress the diversity of conceptual representations

compared to non-aligned counterparts [27, 29]. In the pursuit of

expanding the diversity of LLM outputs, several complementary

lines of work have been explored. Sampling-based approaches such

as top-k [23], nucleus top-p [15], and min-p [26] modulate the to-

ken distribution. Temperature scaling and adaptive temperature

strategies, instead, provide further control, however they expose a

quality-diversity tension [4, 41, 48]. A second direction leverages

prompting to push divergence in the outputs. Proposed methods

include self critique [20], sequential iterative prompting [14], and

verbalized probability distributions over candidate responses [49].

A third direction addresses diversity through post-training align-

ment, making it as the main goal. DivPO [21] directly addresses this

by reformulating preference optimization to select the most diverse

high-quality response as the chosen sample and the least diverse as

the rejected one, achieving substantial gains. Other work pursue re-

lated post-training objectives tailored to creative writing [5]. LLMs

have been proved to be sensitive to identity framing inside their

context window [24]. When prompted to adopt a specific identity,

defined by writing style, professional role, cultural background,

or personality traits, models exhibit measurable shifts in lexical

choice, syntactic patterns, tonal register, and opinions [22, 25]. This

phenomenon has been characterized as the persona effect, [17]

quantify how personality conditioning alters reasoning and affec-

tive expression in dialogue generation. The ability of LLMs to adopt

and maintain roles has been explored in role-playing agent research.

CharacterGPT [35] proposes a identity reconstruction framework

to incrementally update the personas by extracting traits, while

Solo Performance Prompting [43] transforms a single LLM into a

multi-persona agent that cognitively simulates multiple viewpoints

to enhance problem-solving. Persona conditioning has also been

studied as a driver of output diversity. Scaffolding Creativity [38] ex-

amines how distinct AI personas affect creativity outcomes, finding

that persona-guided divergent interactionmodes improve perceived

creativity and ideation breadth relative to standard LLM.

In parallel to decoding-based and prompting-based methods for

eliciting diversity, a complementary line of work pursues variety

and controllability through structural interventions. Instead of rely-

ing on a single model, agentic AI systems coordinate multiple spe-

cialized capabilities behind a unified interface, enabling planning,

reasoning, and autonomous execution of multi-step workflows
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end-to-end [36]. Contemporary agentic architectures rely on com-

ponents such as memory, structured knowledge, reflection mecha-

nisms, and orchestration frameworks to handle cooperation [19].

Using collaboration to decompose long-horizon generation into

tractable subproblems and inject heterogeneous perspectives that

a single-pass generator may fail to sustain. Despite their promise,

many LLM-based multi-agent systems are engineered around static
design commitments: agents are instantiated with pre-defined roles

and interact via fixed communication rules (e.g., who communicates

with whom, in what order, and through which intermediate arti-

facts). Prior work identifies agent profiling and communication as

core architectural dimensions, and surveys approaches where these

choices are specified upfront through prompt templates, role de-

scriptions, and preset protocols [11]. For example, [3] guides agents

via a shared reflector with role-conditioned reflections, while [7]

implements an asynchronous, multi-level scheme where higher-

level agents propagate decisions downward, both embedding fixed

coordination patterns at design time. These design patterns have

been applied to creative generation, including long-form narra-

tive writing, where multi-agent collaboration can help maintain

global coherence by separating high-level story planning from lo-

cal realization. A recent work [18] grounds story generation in a

multi-step workflow inspired by narrative theory, where specialized

planning agents develop core story elements and writing agents

subsequently realize the narrative through shared intermediate

artifacts. The framework reports improvements in human prefer-

ence over single-agent baselines, suggesting that specialization and

iterative coordination can mitigate failure modes of single-pass

generation in long narratives [18]. Nevertheless, the approach still

relies on a fixed set of agent roles and a pre-specified interaction

protocol, which reflects a broader limitation of current multi-agent

architectures: the widespread use of static role taxonomies can hin-

der adaptability and transfer to diverse creative contexts, where the

required expertise, interaction styles, and coordination dynamics

may shift over time [11, 16, 30]. This motivates designs in which

agent personas and collaboration policies are treated as dynamic
constructs that can be instantiated and adapted at run-time as a

function of task demands and user context, rather than being de-

termined entirely a priori.

3 Multi-Agent System Overview
To foster variety in LLM outputs without having to alter its in-

ner workings, we propose a persona-augmented agentic architec-

ture aimed at promoting stylistic and semantic heterogeneity in

story generation. The main strength of our system lies in its ability

to synthesize tasks, persona agents, and roles at run-time based

on writing prompts. To accomplish this goal our architecture is

organized around four modular components integrated within a

custom-tailored pipeline: a (i) Decomposer, a (ii) Persona Crafter,
an (iii) Agent Factory, and an optional (iv) Synthesizer. The entire
pipeline is managed by the orchestrator, which is the entry and

output point of the system and acts as the coordinator between

the agents and the components. At initialization, the architecture

consists solely of the orchestrator, as it dynamically shapes itself

during execution, each of the previously mentioned components

resides within the orchestrator. We designed two working modes,

Relay and Ensemble, enabled by the non-fixed nature of the architec-
ture. Because the orchestrator dynamically shapes the pipeline at

run-time, we were able to design both modes without any structural

modification to the system. In Relay mode, the pipeline follows a

sequential approach in which each agent receives and builds upon

the output of its predecessor, creating a chain of contextually aware

contributions. In Ensemble mode, up to five agents work concur-

rently on the same story, each being assigned a distinct narrative

segment. Once all agents have completed their respective portions,

the Synthesizer aggregates and formats the individual outputs into

a single result to be delivered.

3.1 Pipeline Components
The core components of the pipeline are designed as self-contained

modules within the orchestrator agent, each responsible for exe-

cuting a single step in the workflow.

Decomposer. It is the first component invoked by the orchestra-

tor upon receiving a user prompt. Its role is to analyze the prompt

and produce a structured task graph that defines the execution plan

for the rest of the pipeline. Internally, the Decomposer operates
through a mode-conditioned prompt. In Relay mode, it designs a

sequential chain of dependent tasks, ranging from three to eight

depending on prompt complexity and spanning pre-writing, draft-

ing, and revision stages In Ensemble mode, the Decomposer instead
partitions the narrative into self-contained parallel segments, each

representing an independent portion of the story. In this case, no

inter-task dependencies are set, as all segments are designed to be

executed concurrently. In both modes, each task produced by the

Decomposer carries a precise description of its goal, the full context

required for independent execution, an assigned model. Model as-

signment is also delegated to the Decomposer, which selects from a

predefined list per task rather than applying a uniform model. This

output is then consumed by the Persona Crafter and Agent Factory.

Persona Crafter. It receives the structured task list produced

by the Decomposer and synthesizes a distinct AI persona with its

own role for each task. For every task 𝑡𝑖 , it generates a natural lan-

guage description of the agent’s age, background, writing tradition,

and stylistic approach, following the “descriptive persona” formula-

tion [22] rather than structured attribute tables. The Persona Crafter
is explicitly instructed to maximize distinctiveness across the set

of generated AI persona, ensuring that no two agents share the

same tone, perspective, or narrative sensibility. This is a design

choice aiming to promote stylistic and semantic heterogeneity in

the final output. Each persona is matched to its corresponding task

via the task_id field, preserving the structural alignment between

the task graph and the agent population that will be instantiated in

the subsequent stage. The resulting set of personas {𝑝1, . . . , 𝑝𝑛} is
then forwarded to the Agent Factory.

Agent Factory. It is responsible for instantiating the agents that
will carry out the tasks defined by the Decomposer. For each task 𝑡𝑖 ,

it receives the corresponding persona 𝑝𝑖 from the Persona Crafter
and constructs a fully configured agent 𝑎𝑖 . Agent instantiation

is achieved by composing a system-level instruction prompt that

embeds the synthesized persona directly into the agent’s behavioral

context, effectively conditioning its generative behavior. Beyond
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persona conditioning, the instruction prompt enforces a set of task-

level constraints shared across all agents: outputs are bounded to a

maximum of 300words, must be returned as plain prosewithout any

additional commentary or formatting, and must remain consistent

with any prior narrative context received. This last constraint is

particularly relevant in Relay mode, where each agent inherits

the output of its predecessor and is expected to continue its own

distinct voice. The result is a set of agents that are expected to be

both structurally uniform in their output format and stylistically

heterogeneous in their generative behavior

Synthesizer. It is an optional component exclusive to Ensemble

mode, invoked as the final stage of the pipeline once all parallel

agents have completed their segments. Its role is to reconcile and

unify the individual contributions into a single, coherent narrative,

operating as a story weaver, it reads all segments holistically, tries

to resolve any contradictions and to preserve meaningful details

from each contribution. The expected result is a unified story with

a single consistent arc and tone, free from any meta-commentary

or trace of its multi-agent origin. The Synthesizer is itself an LLM-

based agent, meaning the harmonization process is entirely gener-

ative, the model is not given explicit merging rules but is instead

instructed to exercise narrative judgment in producing the final

output.

3.2 On-Demand Persona-Based Agent
Generation Pipeline

The system pipeline can be divided into four main steps, each

involving a dedicated component:

1. Prompt Analysis. The pipeline is initiated when the orches-

trator receives a writing prompt. The Decomposer is then invoked

to analyze the prompt and break it down into a set of atomic, self-

contained tasks {𝑡1, . . . , 𝑡𝑛}, each representing a distinct narrative

or stylistic requirement. Each task is also given a dependency at-

tribute to know which tasks must be completed before it can be

executed.

2. Persona Crafting & Agent Instantiation. For each decom-

posed task 𝑡𝑖 , the Persona Crafter synthesizes a contextually appro-

priate AI persona 𝑝𝑖 , tailored to the specific requirements of that

task. The Agent Factory subsequently instantiates a dedicated agent

𝑎𝑖 conditioned on 𝑝𝑖 , aiming to provide each agent with a distinct

stylistic and behavioral identity.

3. Agent Execution. The orchestrator assigns each task 𝑡𝑖 to its

corresponding agent 𝑎𝑖 and manages the execution order according

to the selected operating mode, sequential in Relay mode, concur-

rent in Ensemble mode. Each agent produces a partial response 𝑟𝑖
upon completing its assigned task.

4. Output Aggregation. Once all agents have completed execu-

tion, the orchestrator collects the individual outputs {𝑟1, 𝑟2, . . . , 𝑟𝑛}
or the final output 𝑅 if in Relay mode. In fact, when Relay mode is

used, the final output is already a narrative by virtue of the sequen-

tial chaining of agents, and is returned directly to the user without

further processing. In Ensemble mode, the collected outputs are

forwarded to the Synthesizer, which harmonizes and formats the

parallel contributions into a single, cohesive response 𝑅 returned

to the user.

3.3 Pipeline Operating Modes
As stated in the previous sections, the pipeline has been designed

to operate in two different modes. The two operating modes, Relay
and Ensemble, are not configurational variants; they represent two

different approaches about how architectural diversity can drive

output variety. Since the pipeline topology is determined at run-

time, it can support the two distinct execution strategies requiring

no modification to the underlying system. The mode acts as a high-

level directive that propagates through the pipeline, shaping how

the Decomposer partitions the prompt, how agents are instantiated

and scheduled, and whether the Synthesizer is invoked at the end.

The two modes address the problem of output variety from different

angles. Relay mode pursues divergence’s output through depth, by
chaining agents sequentially, each conditioned on the work of its

predecessor, the narrative evolves incrementally through a series of

distinct perspectives and goals. Ensemble mode, contrarily, pursues

heterogeneity through breadth, agents operate independently and

in parallel, each contributing a segment of the story from their own

persona-conditioned vantage point. The Synthesizer is responsible
for reconciling their contributions into a unified whole. Together,

these two modes allow the system to be evaluated under qualita-

tively different conditions, providing a richer basis for assessing

the impact of persona-based generation on output variety.

4 Implementation
Our system is implemented in Python as a schema-guided multi-

agent pipeline built on the OpenAI Agents SDK [32]. Each stage of

the pipeline (Prompt Analysis, Persona Crafting & Agent Instantia-
tion, Agent Execution, and optional Output Aggregation) is executed
as an explicit LLM invocation, while intermediate artifacts are ex-

changed via typed schemas. The Single baseline is implemented

as a single-call generation: we query gpt-5.2 [34] with the un-

modified story prompt and directly return the model output. Both

persona-augmented variants first perform Prompt Analysis with
gpt-5.2 [34] to interpret the prompt and decompose it into struc-

tured writing tasks. Next, Persona Crafting & Agent Instantiation
is performed with gpt-5-mini [33], which generates a compact

persona specification for each task and is used to instantiate the

corresponding writer agents. Then, Agent Execution is carried out

by running the instantiated writer agents with a model chose by the

orchestrator based on expected stask complexity between gpt-5.2,
gpt-4o, and gpt-4o-mini, producing either story-level outputs

(Relay) or independent story segments (Ensemble). Finally, Out-
put Aggregation is applied only in Ensemble: a dedicated synthe-

sizer step merges the independently generated segments using

gpt-5-mini [33], resolving contradictions and normalizing style

into a single coherent story.

5 Experiments
To evaluate the effectiveness of our persona-augmented agentic

architecture, we conduct an experiment aimed at assessing whether

the proposed system produces outputs that are more semantically
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and stylistically distant from those generated by a single-LLM base-

line one. Rather than evaluating narrative quality, we focus on

measurable diversity, defined as the embedding-space distance be-

tween our system’s outputs and the baseline. This framing reflects

our core hypothesis, that conditioning generation on dynamically

synthesized personas and a structured multi-agent pipeline, induces

outputs that occupy more distant regions of the semantic and style

embedding space.

Dataset. We evaluate our system using the WritingPrompts
1

dataset, a large-scale collection of creative writing prompts. From

this dataset we sampled a subset of 500 distinct prompts. Each

prompt serves as the single input to both the baseline and our

system using the twomodes, ensuring that any observed differences

in output can be attributable to the architectural properties of the

pipeline rather than variation in the input conditions.

Models. We compare our systemwhich use GPT-5.2, GPT-5-mini,

GPT-4o and GPT-4o-mini against a single-LLM baseline consist-

ing of GPT-5.2, instructed to generate a short story directly from

the writing prompt, without any decomposition, persona assign-

ment, or multi-agent coordination. This baseline represents the

standard zero-shot generation setting and serves as the reference

point against which output diversity is measured.

Measures. To measure semantic and stylistic variety, we em-

ploy two complementary embedding models. Semantic diversity is

assessed using jina-embeddings-v32, a state-of-the-art text em-

bedding model that maps outputs into a high-dimensional seman-

tic space. Stylistic diversity is assessed using Style-Embedding3

model, which capture surface-level features. For each pair of out-

puts, we compute cosine distance in the respective embedding

spaces, with higher distances indicating greater diversity following

the approach in [5]. We also collect a set of operational metrics to

characterize the system’s behavior and resource usage across con-

ditions. For each run we record: (i) the total generation time, (ii) the

number of input and output tokens consumed, (iii) the number of

agents instantiated that also will match the number of synthesized

persona.

5.1 Evaluation Protocol
For each writing prompt, we generate one output per condition,

starting with the single-LLM baseline, our system in Relay mode,

and our system in Ensemble mode. Then, we measure the pairwise

cosine distance between each system outputs and the baseline in

both embedding spaces, quantifying how far our system’s genera-

tions deviate from the baseline both semantically and stylistically.

We store each run’s metric as they provide a transparency account

of the computational cost introduced by the multi-agent architec-

ture relative to the single-LLM baseline. After the all the prompts

have been ran, we proceed to compute semantic and style variation

across the different outputs.

1
https://huggingface.co/datasets/euclaise/writingprompts , last visited on March 2026

2
https://huggingface.co/jinaai/jina-embeddings-v3 , last visited on March 2026

3
https://huggingface.co/AnnaWegmann/Style-Embedding , last visited on March 2026

6 Results and Discussion
Figure 1 reports the average semantic and style divergence score

from the baseline across both embedding spaces for the two sys-

tem modes. By construction, the single-LLM baseline serves as the

reference point with a self-distance of 0 in both spaces. Standard

deviations are small across all conditions, and all reported means

fall within the 95% confidence intervals, indicating stable and con-

sistent behavior across the 500 prompts. The Relay mode achieves

the highest semantic divergence, with a mean cosine distance of

0.276 (𝜎=0.06) from the baseline in the semantic embedding space.

This shows a notable semantic shift that can be attributed to the

sequential nature of the Relay pipeline, where each agent builds

upon the output of the previous one, conditioned on a distinct

synthesized identity. This chaining effect causes the narrative to

be progressively refined by distinct AI personas, drifting from the

semantic territory that a zero-shot model would produce, as each

agent introduces LLM generated persona-driven reinterpretations

that compound throughout the pipeline. In the stylistic embedding

space, Relay records a mean distance of 0.198 (𝜎=0.18), the high-

est stylistic divergence observed. The larger standard deviation

reflects the sensitivity of surface-level features to identity variation

as strong stylistic personas produce more pronounced shifts, while

neutral ones yield smaller deviations.

The Ensemble mode records a mean semantic distance of 0.190

(𝜎=0.06) from the baseline. The lower semantic distance is consis-

tent with the Ensemble’s aggregation mechanism: parallel outputs

are merged, averaging out semantic departures toward a more cen-

trist semantic position. The stylistic distance is the smallest across

conditions at 0.040 (𝜎=0.07), as fusion smooths individual stylistic

deviations toward the neutral baseline output. Figure 2 further illus-

Figure 1: Mean divergence metrics for Relay and Ensemble
methods

trates the score distributions via violin plots. In the semantic space,

Relay exhibits a broad, almost symmetric distribution centered in

its mean, reflecting consistent and evenly spread divergence from

the baseline across prompts. Ensemble’s semantic distribution is

narrower and bottom-heavy, with mass concentrated in the lower

range and a thin upper tail, confirming that while most outputs di-

verge moderately, a small subset reaches higher semantic distances,

likely corresponding to prompts where the parallel agents happen

to produce strongly divergent sections that survived the smoothing

process. In the stylistic space, the contrast between the twomodes is

more evident. Relay’s distribution is wide-bodied with a long upper

tail extending beyond 1.0, indicating that certain prompt-persona

combinations trigger pronounced stylistic departures, which ex-

plains the large standard deviation (𝜎=0.18) observed. Ensemble’s
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Table 1: Mean operational and divergence metrics per condition across 500 prompts.

Condition Sem. Divergence Style Divergence Time (s) Agents AI Personas Input Tokens Output Tokens Total Tokens

Single (ref.) (ref.) 14.02 - - 87 503 590

Relay 0.276 ↑ 0.198 ↑ 106.11 4.3 4.3 3,549 5,978 9,526

Ensemble 0.190 ↑ 0.040 58.46 5.3 5.3 4,638 3,999 8,637

style distribution, by contrast, is heavily concentrated near zero

with only sparse high-distance outliers, visually confirming the

smoothing effect of output fusion on surface-level features. The

violin plots reveal that Relay not only achieves higher mean diver-

gence but also explores a broader and more varied region of both

embedding spaces, while Ensemble produces more compressed and

predictable output distributions.

Figure 2: Divergence metrics distribution for Relay and En-
semble methods

From the operation metrics, we discovered that while the base-

line uses a single 5.2 model, by default, Relay mixes models but

is dominated by gpt-5.2 and gpt-5-mini (500 each), with a smaller

contribution from gpt-4o (388) and negligible gpt-4o-mini (2), sug-

gesting most work is concentrated in the stronger models with

limited routing. Ensemble distributes load more evenly across all

four models (500 each), indicating a more balanced multi-model

aggregation where multiple agents contribute comparably. How-

ever, the multi-agent architecture introduces a measurable compu-

tational overhead relative to the single-LLM baseline, quantified

across generation time, agent and AI persona counts, and token

consumption. As shown in Table 1, the single-LLM baseline incurs

the lowest cost (14.02s, no agent overhead). Relay is the most expen-

sive at 106.11s (+656.8%), due to sequential execution where each

agent awaits the previous output. Ensemble, despite coordinating
more agents on average (5.3), achieves 58.46s by running agents

in parallel, bounding time by the slowest individual rather than

their sum. Both modes instantiate 3–7 agents per prompt, with

Ensemble consistently reaching higher counts. The most important

cost is represented by token consumption. The baseline, by design,

is the most lightweight condition, consuming a mean of 590 tokens

per prompt (87 input, 503 output). Relay token consumption scales

heavily, reaching a mean of 9,526 tokens per prompt (3,549 input,

5,978 output), a substantial increase over the baseline. The elevated

input token count arises from the carry of prior agent outputs into

each successive agent’s context, while the high output count re-

flects the cumulative generation across the chain. Ensemble, despite
instantiating on average a larger number of agents, consumes on

average 8,637 tokens per prompt (4,638 input, 3,999 output). The

higher input token count compared to Relay reflects the need to

broadcast the original prompt and LLM persona context to each

agent independently, while the lower output count is consistent

with each agent producing a single self-contained contribution.

Together, these metrics characterize the computational trade-off

introduced by the multi-agent architecture: meaningful gains in out-

put divergence come at the cost of increased generation time, with

Relay paying this cost sequentially and Ensemble partially amor-

tizing it through parallelism. Table 1 summarize the experiments

results.

7 Conclusions
This work proposes a persona-augmented multi-agent architecture

aiming to improve variety in generated outputs and evaluated it

against a single-LLM zero-shot baseline across 500 writing prompts.

Both modes have shown to be able to shift outputs toward more dis-

tant semantic regions, while only Relay yields a meaningful stylis-

tic shift, confirming the core hypothesis. Relay achieves stronger

overall divergence through cumulative persona-chaining, Ensem-
ble instead, produces more moderate divergence but benefits from

lower generation time via parallel execution. come with trade-off

mainly in computational time and token usage, reflecting the inher-

ent overhead of coordinating multiple agents. Across all conditions,

distributions are stable and consistent, with small standard devi-

ations and means well within 95% confidence intervals. However

several limitations of the present study should be acknowledged.

The evaluation is limited to 500 prompts of the dataset, which, al-

though sufficient for stable mean estimates, may not fully capture

the variability of a broader distribution. All conditions rely on the

GPT model family, leaving open whether diversity gains generalize

to other model families which may yield different identity repre-

sentations. Finally, the evaluation does not assess narrative quality

or coherence, higher embedding-space distance does not preclude

degradation in readability or plot consistency. Nevertheless, our

findings suggest that dynamically synthesized LLMs personas can

function as effective semantic and stylistic control signals, capable

shifting model’s output. Instead of being used as stylistic deco-

rators, AI personas can redirect the generation process toward

distinct regions of the output space, serving as tractable proxies

for narrative variety in the absence of explicit diversity supervi-

sion. This shift is not achievable by persona conditioning alone, it

is the supporting agentic architecture that transforms individual

persona-conditioned outputs into a compounding source of variety.

This work can be further extended from the current limitations,

including evaluation of intra-system diversity across multiple runs

per prompt, incorporating quality metrics (readability, entailment-

based coherence, and human evaluation) to ensure divergence gains

do not compromise narrative integrity, and extending comparisons

to additional model families. Optimizing the Decomposer’s alloca-
tion for a target divergence-cost trade-off and exploring adaptive

persona synthesis strategies are further promising directions.
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