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Abstract

Multi-Agent Systems (MAS) are commonly
used to improve reasoning diversity and robust-
ness by simulating interactions among agents
with distinct roles. However, prior work often
entangles the contribution of the multi-agent
architecture with that of prompt conditioning,
making the source of observed diversity gains
unclear. We address this confound with a con-
trolled study on divergent thinking tasks, us-
ing identical prompt conditioning for MAS and
single-agent settings. Under these matched con-
ditions, single-agent setups consistently out-
perform multi-agent systems in semantic di-
versity. We attribute this gap to information
visibility: parallel agents often converge on
overlapping ideas, whereas a serial single-agent
model can condition on its own generation his-
tory to avoid redundancy. We further find that
a Multi-Output strategy, which prompts a sin-
gle agent to produce multiple responses within
a single inference pass, achieves the highest
diversity without degrading logical validity. To-
gether, these results suggest that costly inter-
agent interactions may be unnecessary; instead,
efficient information sharing and multi-output
generation appear to be effective mechanisms
for improving diversity, with implications for
designing efficient agentic frameworks.

1 Introduction

Agentic frameworks built on Large Language Mod-
els (LLMs) have become a prominent research di-
rection. Within such systems, diversity is widely
regarded as a core mechanism for improving rea-
soning quality, broadening coverage, and increas-
ing robustness (Wang et al., 2023; Yao et al., 2023a;
Du et al., 2023; Liang et al., 2024). Multi-Agent
Systems (MAS) have become a dominant paradigm
for this purpose. MAS instantiate multiple agents
with distinct roles and simulate their interactions to
produce diverse reasoning trajectories. Although
empirical studies support the effectiveness of this

approach (Li et al., 2023a; Liang et al., 2024; Estor-
nell and Liu, 2024), the underlying source of these
gains remains insufficiently examined.

In most MAS setups, agents share the same LLM
backbone; accordingly, MAS is typically accom-
panied by carefully designed prompt conditioning
that specifies distinct roles or perspectives for dif-
ferent agents (Guo et al., 2024; Li et al., 2023a;
Park et al., 2023; Wang et al., 2024). In other
words, MAS agents are explicitly seeded with a
predefined set of diverse reasoning priors via care-
fully designed prompt engineering. However, to
the best of our knowledge, existing MAS studies
do not apply the same diversity-inducing prompt
conditioning to their single-agent baselines when
making comparisons. This raises a critical question:
are the observed diversity gains driven by the
multi-agent architecture itself, or by the well-
designed prompt conditioning?

To investigate this issue, we design a controlled
experiment in which single-agent models employ
the same prompt conditioning strategies as their
multi-agent counterparts. As part of this setup,
we also strictly align output volume with MAS by
adopting a Multi-Output strategy, where a single
agent is prompted to generate multiple responses
within a single inference pass. Under these con-
trolled conditions, we find that single-agent setups
exhibit higher generation diversity than multi-agent
systems, contrary to prevailing intuition. Moreover,
although the Multi-Output strategy is introduced
to align output size under the same prompt condi-
tioning, it also emerges as a significant factor in
enhancing diversity.

Our results suggest that computationally expen-
sive multi-agent interactions(Wang et al., 2025a;
Zeng et al., 2025; Liu et al., 2024a; Wang et al.,
2025b) may be unnecessary for achieving diver-
sity, and that simpler, well-controlled prompting
strategies can be effective.



2 Related Work

Diversity in Generation and Reasoning Diver-
sity is fundamental for enhancing LLM reasoning
capability, robustness, and creativity. However,
standard greedy decoding often produces repeti-
tive or generic outputs; consequently, stochastic
sampling strategies such as nucleus sampling and
top-k decoding are widely adopted to expand the
generation space (Holtzman et al., 2020; Fan et al.,
2018; Kool et al., 2019; Massarelli et al., 2020).
Beyond variance introduced at decoding time, a
growing body of work shows that aggregating di-
verse reasoning paths can substantially improve
performance on complex tasks (Wang et al., 2023;
Yao et al., 2023a; Besta et al., 2024; Long, 2023;
Li et al., 2023b). Similarly, generating diverse
candidate solutions for subsequent verification has
been effective at reducing hallucinations and logi-
cal errors in mathematical and commonsense rea-
soning (Cobbe et al., 2021; Lightman et al., 2024;
Weng et al., 2023; Dhuliawala et al., 2024). Be-
yond accuracy, diversity also improves robustness
to prompt variation, because broader coverage re-
duces sensitivity to specific phrasing (Tam et al.,
2023; Agrawal et al., 2023; Ippolito et al., 2019;
Arora et al., 2023; Tevet and Berant, 2021).

Multi-Agent Systems for Eliciting Diversity To
systematically induce diverse perspectives, recent
research has converged on MAS as a promising
paradigm. These frameworks orchestrate interac-
tions among agents with distinct roles and memo-
ries to simulate complex social dynamics and col-
laborative problem-solving (Park et al., 2023; Wu
et al., 2024a; Zhuge et al., 2023). A prevalent ap-
plication is multi-agent debate, in which agents
with conflicting viewpoints or assigned personas
critique one another to elicit divergent thinking (Du
et al., 2023; Liang et al., 2024; Chan et al., 2023;
Xiong et al., 2024; Cohen et al., 2023).Theoret-
ical and empirical studies have further analyzed
how factors such as communication topology and
cognitive synergy shape the diversity of outcomes
(Estornell and Liu, 2024; Li et al., 2024; Wang
et al., 2024; Zhang et al., 2024; Chen et al., 2024).

Despite these advances, a methodological am-
biguity persists in the literature. Although studies
often attribute performance gains to the multi-agent
architecture itself, they typically compare MAS
equipped with highly engineered, role-specific
prompt conditioning against generic single-agent
baselines. This confound makes it difficult to de-

termine whether the observed diversity arises from
intrinsic multi-agent interactions or from prompt
conditioning that could be equally effective within
a single-agent setup.

Defining LLLM agents. Recent literature diverges
in how it defines “LLM agents.” One common view
characterizes agents as stateful controllers that act
and reason in external environments, often incorpo-
rating memory and planning (Park et al., 2023; Yao
et al., 2023b; Shinn et al., 2023; Yang et al., 2024;
Zhou et al., 2024a). Another line of work defines
agents as prompt-conditioned conversational roles,
where distinctions arise primarily from role speci-
fications rather than architectural design (Li et al.,
2023a; Wu et al., 2024b; Liu et al., 2024b; Zhou
et al., 2024b; Schick et al., 2023; Du et al., 2023).

Our goal is to disentangle agent architecture
from prompt conditioning, so we adopt the for-
mer definition. When this definition conflicts with
prior usage, we provide clarifying notes.

Quantifying Diversity Lexical diversity is com-
monly measured using n-gram overlap ratios (e.g.,
Distinct-N) and pairwise similarity measures such
as Self-BLEU (Li et al., 2016; Zhu et al., 2018;
Zhang et al., 2018; Pillutla et al., 2021). For ex-
ample, Liang et al. (2024) employed Self-BLEU
to compare the output diversity of multi-agent and
single-agent configurations.

However, lexical metrics often fail to capture
deeper semantic differences. Accordingly, recent
work has increasingly adopted semantic diversity
measures based on embedding spaces and con-
trastive representations (Reimers and Gurevych,
2019; Zhang et al., 2020; Su et al., 2022). For
example, Estornell and Liu (2024) showed that in-
corporating embedding-based measures into the
“diversity pruning” step within a MAS significantly
improved performance. Motivated by this line of
work, we use embedding-based semantic diversity
as our primary evaluation metric and retain Self-
BLEU as a secondary measure for complementary
analysis.

3 Task Formulation

Most benchmarks for evaluating LLMs, including
Question Answering (QA) datasets and mathemati-
cal problem sets, are designed to elicit a single cor-
rect answer. Even when models reach that answer
through different reasoning trajectories, a unique
ground truth imposes an inherent ceiling on out-



put diversity. As a result, when multiple methods
all saturate this ceiling, comparisons among them
cannot reveal meaningful differences in their ca-
pacity for semantic variation. To properly evaluate
semantic diversity across multiple valid answers,
we therefore require tasks that naturally admit di-
vergent yet coherent outputs.

To this end, we construct a new dataset grounded
in cognitive psychology and creativity studies,
which have long examined the mechanisms of di-
vergent thinking and open-ended problem solving.
Drawing on this literature, we identify five repre-
sentative task types that are known to elicit creative
and associative reasoning:

1. Impossible Situations Task (Runco, 1999):
Reasoning about implausible or paradoxical
premises.

2. Alternative Uses Task (Guilford, 1967):
Proposing unconventional uses for everyday
objects.

3. Improvement Task (McCaffrey, 2012): Sug-
gesting modifications to enhance common ob-
jects.

4. Just Suppose Task (Torrance, 1974): Explor-
ing hypothetical or counterfactual scenarios.

5. Bridge-the-Associative-Gap Task (Gianotti
et al., 2001): Connecting distant or conceptu-
ally unrelated ideas.

We use GPT-5 to generate 60 diverse, well-
formed questions per task type, yielding a total
of 300 open-ended questions. Each question is
designed to admit multiple valid solution perspec-
tives, enabling systematic evaluation of semantic
diversity in both single-agent and multi-agent set-
tings. We manually reviewed all questions to en-
sure clarity and conceptual breadth.

Perspectives Instead of Personas Prompt condi-
tioning is often framed in terms of personas (e.g.,
"critic","engineer", or "judge"), but we instead treat
perspectives as the primary dimension of variation.
Personas typically shape outputs through loosely
specified roles that affect tone, background knowl-
edge, or rhetorical style, introducing unstructured
variability that is difficult to standardize or inter-
pret. By contrast, we define perspectives as explicit,
task-specific reasoning angles, such as emphasizing
ethical tradeoffs, practical constraints, or long-term

consequences. This framing links variation to the
task semantics rather than to superficial identity
markers, allowing us to isolate the effects of rea-
soning diversity more precisely.

Diversity Metric: Vendi Score (Friedman and
Dieng, 2023) To quantify semantic diversity,
we adopt the Vendi Score, a reference-free and
similarity-aware metric computed from a kernel
similarity matrix K (e.g., cosine similarities be-
tween embedding vectors). Let {)\;} denote the
eigenvalues of K, and define the normalized spec-
trum as \; = \;/ >_jAj- The Vendi Score is de-
fined as:

VS(K) = exp <— Z i log 5\1)

)

We compute semantic similarity among gen-
erated answers using three embedding models:
Sentence-Transformers all-mpnet-base-v2 (768
dimensions), Qwen3-8B embedding (4096 dimen-
sions), and OpenAl text-embedding-3-small
(1536 dimensions).

Because the Vendi Score is sensitive to the num-
ber of items being compared, we control for this
factor by fixing the number of perspectives per
question. Each perspective corresponds to exactly
one generated answer. Consequently, choosing
k € {2,4,8,16} jointly determines both the num-
ber of reasoning angles and the number of resulting
outputs.

These perspectives are not manually written; in-
stead, they are generated in advance via a dedi-
cated prompting procedure (see Appendix A.2 for
details). As shown in Figure 1, given a question
and a target value of k, we use the same LLM as
in answer generation to produce k diverse, task-
relevant reasoning perspectives. This design en-
sures that variation across answers reflects semanti-
cally meaningful differences in perspective, while
enabling scalable and consistent evaluation of di-
versity across experimental protocols.

As a complementary measure, we also compute
Self-BLEU to evaluate lexical diversity. While
our main analyses focus on the semantic variation
captured by the Vendi Score, Self-BLEU provides a
supplementary indicator of surface-level similarity
across outputs.
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Figure 1: Overview of the generation pipeline for single-agent and multi-agent settings. Given an open-ended
question, the system first generates k distinct reasoning perspectives (illustrated here with £ = 8). For a fair
comparison, both settings use the same prompt conditioning. In the single-agent setting, a single model instance
receives all k perspectives simultaneously and is asked to generate one answer per perspective in a single inference
pass. In the multi-agent setting, the k perspectives are distributed across k independent agents, and each agent is

likewise asked to generate one answer per perspective.

4 Methodology

4.1 A Two-Factor Framework for Generation
Protocols within generation round

To enable a rigorous comparison between the
single-agent and multi-agent settings, we enforce
identical prompt conditioning between them: both
use the same prompt template P and the same set
of k perspectives A = {ay,...,a;}. In addition,
we strictly hold the total output volume constant at
k answers in both settings.

To match the same output volume in a linear sys-
tem, there are two strategies: the model can either
switch perspectives iteratively to produce answers
in a linear sequence, or ingest all perspectives at
once and generate the corresponding answers in a
single inference pass. Based on these operational
differences, we can decouple the generation pro-
cess along two orthogonal axes:

1. Agent Architecture (Single-Agent vs. Multi-
Agent): This axis distinguishes the process-
ing structure. The task is either handled by a
single agent operating linearly or distributed
across multiple independent agents operating
in parallel. This categorization follows the

state-based definition of an agent in prior work
(Park et al., 2023; Yao et al., 2023b; Shinn
et al., 2023; Yang et al., 2024; Zhou et al.,
2024a), which facilitates our controlled sepa-
ration between agent architecture and prompt
conditioning.

2. Output Multiplicity (Single-Output vs. Multi-
Output): This axis specifies the decoding gran-
ularity per model invocation. Single-Output
protocols generate exactly one answer per call,
whereas Multi-Output protocols generate the
full set of k£ answers in a single inference pass.
In practice, we control the number of perspec-
tives provided as input to the model, and pair
this with the one answer each perspective in-
struction.

The intersection of these dimensions yields four
canonical protocols:

* Single-Agent Single-Output (SA-SO)
* Single-Agent Multi-Output (SA-MO)
* Multi-Agent Single-Output (MA-SO)
* Multi-Agent Multi-Output (MA-MO)



4.2 Protocol Definitions

We formally define the generation process for each
protocol. Let GG denote the generation function for
each invocation of the LLM.

Single-Agent Single-Output (SA-SO). A single
agent generates answers sequentially over k dis-
crete steps. At step ¢, the agent adopts a distinct
perspective a;; completing all k£ steps constitutes
one full generation round. Critically, each step
is conditioned on the set of answers generated in
earlier steps. Considering that some MAS imple-
mentations use this protocol in practice, we discuss
it from both single-agent and multi-agent perspec-
tives in our subsequent analyses.

Let Re; = {r1,...,7i—1} denote the partial set
of answers generated prior to step ¢. Then:

7“Z'=G<PUR<Z',G,Z'), i=1,...,k (1)

)T} 2

Single-Agent Multi-Output (SA-MO). A sin-
gle agent instance is invoked once to produce one
corresponding answer for each perspective, dis-
tributing its decoding capacity internally across the
k outputs; this setting unambiguously constitutes
a single-agent system and serves as our definitive
single-agent anchor throughout the paper.

Rsaso = {r1,.- ..

Rsamo = G(P,A) ={r1,...,r,}  (3)

Multi-Agent Single-Output (MA-SO). Each
perspective a; is assigned to an independent agent
instance that operates in parallel and produces a
single answer in isolation:

ri:G(P,ai), i=1,...,k (4)
Rma-so =A{r1,...,rx} )

Multi-Agent Multi-Output (MA-MO). For
completeness, we define a hybrid protocol in which
K parallel agents each produce m answers, keep-
ing the total output size fixed at k = K - m. The
perspective set A is partitioned into K disjoint sub-
sets Ay,..., Ak, each of size m. Each agent is
assigned subset A; and generates the correspond-
ing answers using a multi-output strategy:

S; = G(P7 Al) = {ri,h R ri,m} (6)
K

Rya-mo = U Si = A{r1,...
i—1

J Tk} (7

In our experiments, MA-MO is evaluated at k = 8
withm € {2,4} and at k = 16 with m € {2,4, 8}.

4.3 Iterative Generation Rounds

In both single-agent and multi-agent settings, we
adopt the canonical iterative formulation, in which
each round conditions on the full set of outputs gen-
erated in all previous rounds; in the multi-agent set-
ting, this conditioning serves as the communication
mechanism. This design corresponds to a causal
all-to-all (complete-graph) communication topol-
ogy across rounds: outputs from every agent in
earlier rounds are visible in later rounds, and more
specialized interaction topologies can be viewed as
pruned variants of this structure.

Let R®) denote the set of outputs generated in
round ¢. Each subsequent round builds on the full
accumulated history by updating P at the beginning
of the round:

p) — pt=1) j gt=1)

RO =¢ pO=p

In our experiments, we fix the generation horizon
to 4 rounds. Empirically, our metrics converges
within this range, while additional rounds yield
diminishing returns and can occasionally degrade
performance. This threshold is sufficient to capture
the essential iterative dynamics while maintaining
computational efficiency.

5 Results and Discussions

5.1 Single-Agent vs. Multi-Agent under
Single-Output

Across all evaluated chat models, embedding mod-
els, rounds, and values of k£, we observe a consis-
tent pattern: SA-SO exhibits substantially higher
diversity than MA-SO (Figures 2, 5, and 8, and
Table 1). A similar trend is observed under the
Self-BLEU metric (Figure 11).

Under a strictly controlled experimental setup,
this performance gap can be attributed to a struc-
tural asymmetry between the two paradigms. In the
parallel MA-SO setting, agents generate answers
independently at the current round. Although each
agent has a distinct perspective, the lack of real-
time visibility into peer outputs precludes mutual
adjustment. With our manual inspection of a subset
of experimental outputs, we found that agents re-
main unable to fully circumvent text degeneration
(Holtzman et al., 2020; Li et al., 2016; Welleck
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Figure 2: Comparison of Single-Agent vs. Multi-Agent architectures under Single-Output setting (mpnet-v2)
The Single condition (green) represents SA-SO, and the Multi condition (orange) represents MA-SO. The x-axis
indicates the generation round, and the y-axis reports the semantic diversity (Vendi score). Error bars denote 95%

confidence intervals.
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et al., 2020), often converging on similar outputs
despite their assigned perspective. In contrast, the
linear structure of SA-SO enables the model to con-
dition every output on the preceding history, avoid-
ing redundancy in real time. Thus, single-agent
generation achieves higher diversity, even when
operating over the identical set of perspectives. We
refer to this difference as the degree of information
visibility, defined as the extent to which an agent’s
access to information produced within the system
is restricted during a single inference pass.

This information visibility is also supported by
the marked increase in MA-SO diversity from the
first to the second generation round, when agents
first gain access to the interaction information. The
increases suggests that higher information visibility
can substantially alleviate text degeneration. MA-
SO’s information visibility disadvantage is particu-

)}

larly pronounced in the first generation round, and
this gap is also reflected in our experimental results,
where SA-SO typically shows a substantial lead in
round 1.

Taken together, our controlled comparisons indi-
cate that agent multiplicity does not inherently in-
crease diversity or even reduce it. MA-SO does im-
prove over rounds as interaction information accu-
mulates, but SA-SO maintains higher information
visibility throughout, and correspondingly remains
more diverse across the vast majority of subsequent
steps. Even if we set aside our agent definition and
analyze SA-SO as a form of MAS, our conclusions
remain unchanged: across both MAS formulations,
higher information visibility enables the system to
generate more diverse outputs.
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Figure 4: Exploring multi-agent multi-output (MA-MO) configurations (mpnet-v2) This figure accompanies
the analysis in Additional Derivation: Exploring MA-MO. Each configuration is denoted as n x m, where n is the
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special cases 1 x k and k x 1 correspond to the SA-MO and MA-SO settings, respectively. The x-axis indicates the
generation round, and the y-axis reports semantic diversity quantified by the Vendi score.

5.2 Single-Output vs. Multi-Output under
Single-Agent

Under a fixed single-agent architecture, we observe
a consistent pattern across all conditions: SA-MO
yields substantially higher diversity than SA-
SO (Figures 3, 6, and 9, and Table 1). Moreover,
this gap widens as k increases. A parallel trend is
observed under the Self-BLEU metric (Figure 12).

Although both protocols condition later outputs
on earlier content, they implement this condition-
ing differently. In SA-SO, earlier answers are
explicitly reintroduced in the prompt across suc-
cessive invocations, whereas in SA-MO they are
generated within a single auto-regressive decoding
stream.Auto-regressive models apply causal self-
attention uniformly over preceding tokens (Rad-
ford et al., 2019; Brown et al., 2020; Touvron et al.,
2023), so the placement of earlier content within a
continuous sequence can affect how it is attended
to; differences in positional encoding and the pres-
ence of sequence boundaries may further modulate
how prior context is utilized.

While our controlled experiments isolate
protocol-level differences, they can’t identify the
precise mechanism underlying the observed diver-
sity gap. Beyond the model architectural considera-
tions discussed above, we propose a data-centric hy-
pothesis: Multi-Output instructions may mirror the
human-authored enumerations that are pervasive in
pretraining corpora, where list items are implicitly
expected to be non-redundant and to contribute dis-

tinct aspects in accordance with the Gricean Maxim
of Quantity (Grice, 1975). When asked to produce
multiple answers in a single inference pass, the
model may generalize this learned convention and
actively vary content across the requested outputs,
consistent with evidence that pretrained LLMs en-
code non-trivial discourse-level regularities (Koto
et al., 2021; Shen et al., 2021).

Regardless of the underlying mechanism, our
results support a methodological conclusion: gen-
erating multiple outputs per invocation is a simple
yet effective choice for improving output diversity
in agentic framework. When we set aside our agent
definition and analyze SA-SO as a form of MAS,
we can find that under identical prompt condition-
ing, the single-agent setup outperforms the multi-
agent setup in diversity generation, suggested that
the long-held intuition that splitting a model into
multiple interacting agents inherently yields greater
diversity may be misguided.

5.3 Additional Derivation: Exploring
MA-MO

We now turn to the derived setting that follows
naturally from our two-factor analysis: MA-MO.
As shown in Figures 4, 7, and 10, and Table 2, a
consistent pattern emerges: when the total output
count is held constant, for all settings, MA-MO ex-
hibits a largely monotonic decrease in diversity
as the agent count increases. A parallel trend is
observed under the Self-BLEU metric (Figure 13).
Increasing the number of agents necessarily re-



duces the number of multi-output generations avail-
able to each agent, which in turn lowers the sys-
tem’s information visibility. These results further
corroborate our earlier conclusion that information
visibility is a plausible driver of the observed diver-
sity differences.

5.4 Post-hoc Quality Audit: Does
Multi-Output Harm Validity?

Motivation. Although our prompts explicitly re-
quire logical consistency and close relevance to
the input question, it is not clear a priori whether
MO harms answer quality. In particular, if MO
amplifies hallucinations or invalid reasoning, any
gains in diversity may come at the cost of reliabil-
ity. To quantify this potential trade-off, we perform
an LLM-as-judge quality audit on the SA-MO and
MA-SO outputs.

In open-ended generation, however, hallucina-
tion is difficult to define operationally, particu-
larly when no clear reference is available. As a
result, separating hallucinated content from an-
swers that are merely unverifiable or intentionally
creative can be ill-posed (van Deemter, 2024; Ji
et al., 2023). We therefore take a conservative
approach and restrict our audit to strict logical er-
rors, such as explicit self-contradictions, mutually
incompatible causal claims, or inconsistent defini-
tions—independent of factuality or stylistic fluency
(Lin et al., 2022).

LLM-based screening with targeted human ver-
ification. We use GPT-40 as a conservative logi-
cal auditor to screen approximately 210K answers
from SA-MO and MA-SO, and it flags only 74
cases (0.03%) as containing logical errors, of
which 81.08% come from MA-SO. Given this ex-
tremely low base rate, exhaustively annotating all
outputs would be inefficient. We therefore form a
400-item evaluation set by including all 74 LLM-
flagged answers and adding 326 randomly sampled
unflagged ones. Two annotators independently la-
bel the set: Annotator 1 marks 63 answers as erro-
neous, whereas Annotator 2 marks 57. Among the
74 LLM-flagged answers, Annotator 1 and Anno-
tator 2 confirm errors in 43.97% and 52.59% of
cases, respectively. Overall, only 32 items receive
consensus error labels from both human annotators.

These results underscore a known challenge in
evaluating open-ended outputs: even under a nar-
row validity criterion, human judgments can di-
verge because annotators apply different interpre-

tive thresholds. Nonetheless, GPT-4o0 aligns well
on clear-cut cases, flagging 87.5% (28 out of 32)
of the errors on which both annotators agree. This
indicates that although fine-grained agreement re-
mains difficult to obtain, LLLMs can still function
as conservative auditors for unambiguous logical
flaws.

Overall, we find no evidence that MO instruc-
tions measurably degrade logical validity. Given
the low incidence of strict logical errors and the
LLM’s high recall on cases where annotators agree,
we conclude that MO’s diversity gains are not ac-
companied by an increase in obvious logical de-
fects.

6 Conclusion

Increasing diversity with an agentic framework is
widely viewed as a practical way to improve the rea-
soning and generative capabilities of LLMs. Multi-
agent systems are often seen as a natural mech-
anism for achieving this diversity, since multiple
agents can approximate human-like deliberation
and multi-perspective reasoning.

In this work, we re-examined this assumption via
a controlled study that isolates the effect of agent ar-
chitecture on generation diversity. Under matched
experimental conditions, single-agent configura-
tions consistently and substantially outperformed
their multi-agent counterparts across all settings.

Our analysis attributed the relative disadvantage
of MAS to two structural factors: the lower infor-
mation visibility induced by multi agent architec-
ture, and the fact that multi-output delivers larger
gains under comparable conditions, thereby widen-
ing the gap between single-agent and the traditional
multi-agent settings.

These findings challenge the intuition that Multi-
Agent Architecture inherently increases diversity.
Unlike human groups, LLM agents may not be suit-
able for inter-agent discussion architecture. Instead,
a single model that internally generates multiple
distinct answers could effectively yield higher se-
mantic diversity.

Beyond the empirical results, our study pointed
to a broader implication: multi-output generation
itself is a key driver of diversity. This finding
points to a simple and efficient way to increase
generation diversity, offering a new direction for
designing high-performance agentic frameworks.



Limitations

While our framework provided a controlled com-
parison between single-agent and multi-agent
paradigms, several limitations remained to be ad-
dressed.

First, our experiments showed that Multi-Output
increases diversity, but the mechanism underlying
this effect remains hypothetical. We also do not
characterize the upper limit of its generative capac-
ity; there may exist a critical point beyond which
generating additional outputs yields diminishing
returns or even degrades performance. We leave
both questions for future investigation.

Second, for consistency and comparability, we
fixed the temperature parameter to 1.0 across
all models. However, MAS could potentially lever-
age heterogeneous temperature configurations
to induce greater diversity across agents.

Third, in terms of Quality Audit, the incidence
of detected errors is extremely low, and the open-
ended, reference-free nature of our dataset makes
quality judgments inherently subjective. To ac-
commodate this property, we employed unconven-
tional evaluation procedures. Future work could
develop more principled evaluation frameworks
specifically tailored to multi-answer generation and
diversity-oriented reasoning.
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A Appendix
A.1 Question Set

We constructed our question set by adapting classic
creativity and divergent-thinking tasks from cog-
nitive psychology. Each category contained 60
prompts in the full dataset; here we list representa-
tive examples.

1. Alternative Uses Task Generate unusual or
creative uses for common objects:

* What are alternative uses for a paperclip?

* What are alternative uses for a brick?

* What are alternative uses for a cardboard box?
* What are alternative uses for a mirror?

* What are alternative uses for a backpack?

2. Improvement Task Suggest ways to improve
the design or function of everyday items:

* How could you improve a bicycle to make it
safer?

* How could you improve a smartphone to last
longer?

* How could you improve a refrigerator to waste
less food?

* How could you improve a chair to be more
ergonomic?

* How could you improve a pen to write in all
conditions?

3. Just Suppose Task Explore counterfactual
“what if”” scenarios:

* Just suppose humans could breathe underwa-
ter—what would change?

* Just suppose everyone could teleport in-
stantly—what would change?

* Just suppose language barriers
peared—what would change?

disap-
* Just suppose no one could lie—what would
change?

* Just suppose the sun never set—what would
change?

12

4. Impossible Situations / Consequences Task
Imagine outcomes of implausible or paradoxical
conditions:

* What would happen if gravity stopped work-
ing for one day?

* What would happen if humans never needed
sleep?

* What would happen if money lost all value
overnight?

* What would happen if humans could fly like
birds?

* What would happen if humans could live un-
derwater?

5. Bridge-the-Associative-Gap Task Form con-
nections between unrelated or distant concepts:

e What is the connection between a cloud and a
pillow?

e What is the connection between a ladder and
a song?

¢ What is the connection between a violin and
the wind?

¢ What is the connection between a shoe and a
story?

* What is the connection between a river and a
road?

Dataset Summary. Each task category included
60 questions (300 in total). All prompts were veri-
fied for clarity and open-endedness, ensuring mul-
tiple valid yet distinct answers could be generated
across perspectives.

A.2 Prompt Design

To ensure consistent prompting across experi-
mental settings, we used three structured tem-
plates corresponding to different stages of gen-
eration: the Perspective Generation Prompt,
Answer Generation System Prompt, and Answer
Generation User Prompt (Iteration). The
prompt concatenation was implemented using
LangChain, and Pydantic was used to produce
structured outputs.

All models were decoded with a fixed tempera-
ture of 1.0. All other decoding and sampling param-
eters were left at their respective model defaults.



1) Perspective Generation Prompt

MISSION: You are a creative thinker agent specialized
in generating diverse and varied perspectives toward the
given question. Your core expertise is in exploring multi-
ple perspectives, approaches, and solutions to any given
question.

Your mission is to generate exactly {k} diverse perspec-
tives that maximize variety and avoid redundancy.

CORE INSTRUCTIONS:

1. Maximize Diversity: Generate exactly {k} answer’s
perspectives that are as different as possible from each
other and from any previous answers.

2. Explore Different Dimensions: Consider various
aspects like:

« Different approaches or methodologies
* Various perspectives or viewpoints

« Different scales or levels of analysis
 Alternative frameworks or paradigms

* Contrasting assumptions or premises

3. Concise answers: Generate perspective with just one
phrase or a single word.

Question: {Q}
Generate {k} diverse perspectives for analyzing this ques-
tion.

(2) Answer Generation System Prompt

MISSION: You are a creative yet analytical thinker agent.
Thinking about the problem from the following perspec-
tive:

Perspective: {A;}

CORE INSTRUCTIONS and WORKFLOW

1. Keep the direction firmly anchored in logic: Every
idea must clearly address the core intent of the question —
stay focused and avoid drifting off-topic.

2. Maximize Creativity: Generate one answer for EACH
perspective. Within that relevance, be as imaginative as
possible — propose unconventional, cross-disciplinary, or
thought-provoking ideas.

3. Output neatly: Express each idea concisely in one
sentence.

(3) Answer Generation User Prompt (Iteration)
QUESTION: “{Q}”

PREVIOUS ANSWERS:

{R}

INSTRUCTIONS:

Carefully analyze the list of PREVIOUS ANSWERS provided
and draw inspiration from them.

Ensure your answers contain no logical flaws.

Generate new answers that introduce novel ideas while
avoiding redundancy with PREVIOUS ANSWERS.

Make sure every idea is clearly and logically connected to
the question.

Ensure the answers array contains exactly {m} items, in
the same order as your assigned perspectives, with one
sentence per item.

Algorithm 1

Require: Question (), perspectives set A, number
of agents K

Ensure: Answer set R

1: Divide A into K subsets { Py, ...

c R+ 0

:fort=0— 3do 1 Initial + 3 Iterations
for all agents i = 1 — K in parallel do

R; + G(Q, A,‘, R)

end for
R U, R;
R+ RURWY

end for

return R

7PK}
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Explanation. SA-MO, MA-SO and MA-MO set-
tings follow the same generation algorithm and
share identical prompt templates described above.
The only difference lies in the number of agents K:
in SA-MO, we set K = 1, meaning that a single
model instance sequentially generates all answers.
In contrast, in MA-SO and MA-MO, K > 1, and
each agent independently operates on a distinct sub-
set of perspectives in parallel. This ensures that any
observed differences in output diversity or quality
arise solely from the collaborative dynamics rather
than prompt or structural variations.

Algorithm 2 About SA-SO

Require: Question (), perspectives set A =
{P,..., Py}, number of perspectives k
Ensure: Answer set R
I: R+ 0

2: fort =0— 3do > 1 Initial + 3 Iterations
3 fori=1— kdo > iterate over A
4: R, + G(Q,PHR)

5: R+ RUR;

6 end for

7: end for

8: return R

Explanation. The SA-SO algorithm also use the
identical prompt templates described above.

A.3 Additional Results Table and Figure
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262 (0.18) 78 (0.10) AT 0.10) 279 (0.20) 289 01Ty 238 (0.10) 23270.20) 9T (0.10) 2.6270.09) 28Z0.18) 29T (0.09) 26T (0:09)
4 249(0.16) | 5.39 2.65(0.09) 243(0.08) | 1.62 2.53(0.17) | 1042 2.64(0.10) | 946 248 (0.09) | 4.11 2.57(0.17) | 9.70 2.67(0.11) | 9.07 251(0.10) | 4.18 2.61(0.19) | 8.03 268 (0.12) | 8.70 253(0.11) | 2.93
Gemini 2.5 2.20(021) | -11.84 | 2.31(0.17) 2.13(0.16) | -12.21 246 (0.21) | -2.77 2.56 (0.15) | -3.02 2.37(0.14) | -4.38 2.52(021) | -2.20 2.60(0.14) | -2.76 243(0.14) | -3.28 251(0.20) | -3.86 2.60(0.13) | -3.05 2.42(0.12) | -4.60
Flash-lite F0BT078) JAB0A3) 369 (0.40) 230089} 468039y 39T 0.3y 4AT099) 4TZ7048) 39710.46) 4527098) 476 (0.50) 4000357
8 3.69(0.57) | 10.56 4.01(036) | 11.73 3.54(0.33) | 4.26 3.80(0.68) | 15.71 4.03(0.43) | 16.13 3.63(0.38) | 7.62 3.82(0.75) | 1693 4.02(047) | 1740 3.66 (0.43) | 8.39 381(0.74) | 18.64 4.00(0.47) | 19.15 3.65(041) | 9.60
2.92(0.69) | -20.74 3.18 (0.61) |-20.85 | 2.80(0.51) | -20.87 348(0.79) | -8.42 3.72(057) | -7.54 3.31(0.49) | -9.01 3.52(0.88) |-7.96 3.74(0.60) | -7.11 3.34(0.53) | -8.92 349 (0.86) | -8.33 3.69(0.62) | -7. 3.30(0.54) | -9.50
640 (3TT) T23(199) 540 (150) TOT (F0T) . 34y 585(T.90) 699 (4.43) TAB(ZST) SB4(196) TOZ[F36) A9 2ATY 534(189)
16 551(2.13) | 1623 6.06(1.42) | 19.38 5.17(1.18) | 451 5.59(2.45) | 2549 6.00(1.59) | 25.24 523 (1.31) | 11.84 5.62(2.57) | 2433 6.00(1.76) | 24.74 5.26(1.44) | 11.06 5.63(2.58) | 24.71 5.98 (1.76) | 25.33 5.26(1.43) | 10.92
41727 | 2424 | 462(198) | 2376 | 389 (15D | 2467 | 505270 | 951 | 5.432.09) | 951 | 265(155) | 1119 | 5.092.82) | 941 | 5.41216) [ 990 | 466 (164 |-1142 | 502.97) | 11092 | 530229) | 1129 | 461(1.75) | -12.42
1.70 (0.02) L71(0.01) 1.65(0.02) 1.74(0.02) 1.74(0.01) 1.68(0.02) 1.75(0.02) L74(0.01T) L.68 (0.0T) 175 (0.02) 1.74(0.01) 1.69 (0.01)
2 168003 [ 120 | 1700.02) | 081 | 1650:02) | 032 | 168003 | 413 | 168002 | 330 | L64(0.02) | 2 169003 [ 300 | 170002 [ 257 | 165002 [ 155 | 170003 [ 277 | 169002 | 257 | 165(002) | 2.00
1.63 (0.04) | -2.89 166 (0.03) | -2.47 1.62(0.03) | -1.59 1.66 (0.03) | -1.13 1.67(0.02) | -1.02 1.62 (0.02) | -1.00 1.68 (0.03) | -0.79 1.69(0.02) | -0.41 165 (0.02) | -0.31 1.69(0.03) | -0.48 1.69(0.02) | 039 1.66 (0.02) | 0.16
2.85(0220) 2.90(0.13) 268 (0.1T) 3.01(0.18) 2,99 (0.10) 2.76 (0.10) 3.01(0.17) 2.97(0.09) 2.78(0.09) 2.99(0.20) 2.95(0.1T) 277(0.1T)
4 2.69(0.17) | 6.10 277(0.01) | 474 2.58(0.10) | 4.03 274(0.16) | 9.85 276 (0.12) | 8.36 2.58(0.10) | 6.92 2.75(0.15) | 9.51 2.74(0.11) | 830 2.60(0.10) | 7.11 274 (0.16) | 8.86 273(0.11) | 7.86 261(0.11) | 6.34
Qwen3-32B 251(022) | -6.83 2.55(0.16) | -7.84 243(0.15) | -5.86 2,63 (0.16) | -4.01 268 (0.12) | -3.01 252(0.12) | -2.54 271(0.17) | -1.47 271(0.12) | -1.03 257(0.11) | -1.16 2.73(0.17) | -049 2.71(0.11) | -0.94 259(0.11) | -0.52
o ATZT00) 4B57059) 4T77055) SI3038) 09 (0:33) 4327038y SIT(0.93) 0T (0.54) 4A27053) SI5(0386) 306 (037) A38035)
8 4.22(0.70) | 12,03 4.35(0.53) | 11.65 3.86(045) | 8.17 4.25(0.67) | 20.77 4.26(0.50) | 19.51 3.83(042) | 1557 4.25(0.68) | 20.26 4.19(0.50) | 19.55 3.86(0.42) | 14.41 4.21(0.75) | 22.33 4.13(0.59) | 22.37 3.83(048) | 1685
3.68(0.91) | -12.65 3.82(0.68) | -12.15 348 (0.57) | -9.71 4.05 (0.70) | -4.65 4.11(046) | 352 3.71 (0.40) | -3.06 4.21(0.78) | -0.81 4.21(0.50) | 0.42 3.85 (0.46) | -0.44 4.18 (0.80) | -0.76 4.15(0.53) | 031 3.82(047) | 025
1166 (4.26) 97 (2AT) > 2) B33[30) B292TT) 6.73(153) B3B(A0) 826 (2T8) 6BI(TT8) B3T(38) .25 (2.03) 633(T67)
16 638 (243) | 20.19 6.61 (1.87) | 20.55 5.60(1.40) | 13.26 6.32(248) | 31.68 6.29(1.93) | 31.97 5.58 (1.43) | 20.60 6.19(241) | 3530 6.08(2.01) | 35.73 548(143) | 2448 6.16(2.49) | 36.02 6.00(2.01) | 37.65 5.46(1.42) | 25.18
MASO | 5.24(2.55) | -17.83 550(1.92) [-16.76 | 4.85(1.47) [ -13.45 | 6.05(2.08) | -4.28 6.09(1.43) | -3.04 5.37(1.10) | -3.70 6.08(2.22) | -1.87 5.99(1.57) | -1.55 5.38(1.22) [ -1.89 6.01(2.51) | -2.38 583(1.71) [ -2.70 5.33(1.36) | -2.35

Table 1: For each chat model, embedding model and k, the table reports the performance of three conditions (SAMO,
SASO, and MASO). Each “Value” entry is the mean Vendi score for that condition and round, with the value in
parentheses giving the corresponding variance across items. For each round, the two A (%) columns show relative
percentage changes: the A above is SAMO versus SASO, and the A below is MASO versus SASO, both computed
as (condition — SASO) /SASO x 100.

Round T Round 2 Round 3 Round 1

Model k| Setting BE] GPT-emb Quen3-emb BE] GPT-emb Quen3-emb BE] GPT-emb Quen3-emb BERT GPT-emb Quen3-emb

Ty T | Vale [¢) alie ) i 2] lie [} alie ) Valie ) e ) T Y ) alie ) e ) Alue [}
T [ 439 (088 T670.66) 3B 0.60) 6059 T79 (0,69 309 (0.59) T68092) 760,65 T3 059 TTT0.98) TTI066 TI50.60)

§ |24 | 409089 [0 | 441065 374057 | 358 | 445089) [ 416 | 459 063) | 408 | 404059) 136 | 450090 |37 | as706d) [407 | a06058) 150 | 447093 453068 | 436 | 406 0.60) | 228

a2 370079 | 064 | 3980.64) 351059 | 617 415084 | 679 | 426063 [ 717 | 380055 | 365 | 416084 | 747 | a20061 |79 | 389054 414(085) 41406 | B3| 387055) | 457

GPTatmni || 81 [ 303080 | 1795 | 329072 304062 | 1332 | 354078) | 1461 | 363065) | 1469 | 346053 | 1108 | 363083 | 1278 | 361068 | 1420 | 348054) 363 (083) 356(0.68) | 1411 | 345054) | 1084
TXI6 | 6.67 (1.60) TI(129) S62(112) T8 THA(131) 623 (120) 755 (1.82) TT(1.30) 627(LI8) 732 (187) 739129 625 (1.16)

a8 | 6390150 | 418 | 70817 | 319 2217030169 735118) [ 383|605 Lin) | 294 | 2000169) | 0117218y | 392 | 606110y | 330 | 7080170) | ST | 7020103) | 369 | eoson) | 282

16 axa | 60140 [ 598 | 6eaci1g) | 618 346 6.66(158) 6920113) [ 590 | 550(1.04) | 269 | 6750160 | 468 | 6850L12) [ 498 | 5960103 [162 | 6760162 |46 | 677012 |49 | 5980104 |15

82 | s3saan 1105 | sgo sy [-1128 TO8 | 614(150) 63a(112) [ B33 | 56500 |39 | 620053 |82 62 [996 | ses0y [T | e1aas0) |93 | eosaom 1012 | 562000 |59

toxl | 4200130 | 2148 | 464122 [2132 | 411102 |1649 | 5100.40) 524117) | 1736 | 488(0.95) |-1370 | su3qran | 1720 | sogciie) [1823 | 479091 | 1522 | 514043) |-1626 | 497112) | 1828 | 47509 | -I1546
X8 [ 408 (0:88) TABO.67) 369 0.63) T40 059 T68 0.70) 3T 0.66) AT T720.69) 39TO.68) T5T099) 76071 T000.67)

s |24 [ 394087 [ 33 420066 [ 436 | 3600060 |27 | 429096 | 255 | ase070) [ 300 356067 | 120 426094 | 475 452070 |43 | 3ss067) | 227 430096 |48 | 45607 [ 427 | 390066 | 246

ax2 | 353081 | 1041 1 386(065) [ 999 | 333060 |70 | 403089) | 005 | 48066 [ SO | 373064 | 347 | 404089) |52 | 430068 | M| 3760.67) |3 | 408091 [S053 | az2069) |51 | 377065 |33

Gemini 2.5 s | 202089 | 179 | 315078 |77 | 2s007n) | 157 | 345089 | 1356 | 372076 | 3% | 331070 | 1134 | 352004 | 1278 | 374078 | B30 | 334073 | 1132 | 349093 | 1447 | 360079 | 1454 | 330073 | 1243
Flash-lie [~ TxI6 | 640(L76) T2 (L0, SA0(1.22) 7T Z00) TS0 (L53) 585 (1.38) 699 210 746 (L6T) SRA(LA0) T2 209) TA8(L59) SEI(L3T)

28 [ 615069 |39 | 6890135) [446 | sagqa7) [ 221 | ees18s) | 4T3 | 7a8a4s) |45 570030 [250 | 677093 |36 | 7260149) | 263 | 577133 675188 [ 390 | 725046 |30 | 5770133 | 107

1604 | 582056 | 538 | 645030 |63 | si20e |30 | 6360175 | 476 | 63601360 [ 45T | 561024 |16 | 6a7(175) | 435 | 6920136 [ 468 | 567027 650(178) [ 371 | 693141 | 435 | 566(130) | 190

82| 5190150) | 1085 | s730126) (118|472 (112) | 780 639(1.35) [ 676 | 535(1.22) | 470 | 6.04(172) | 066 | 645(139) | 67T | 543(1.26) 601(1.75) | 754 | 640(1.40) | 7O | 530 (126) | 486

t6x1 | 417047 | 1957 | 4620140 [1992 | 389123 | 1751 5430144 [ 1502 | a6s124) 1399 | so9q168) | 1573 | sa0a47) | 1630 | 4660128 2072 | 1651 | s30asn |17 | 461132 | 1449
X8 [ 472(L00) 486 0.77) 27079 513099 5.10.0.66) 442 0.70) SIT097) 502(0.74) T420.73) 5093) 507 0.69) 748 0.67)

s |24 | 4560095 | 355 g0y |35 | 416068 |06 | 493092 |39 | ag@es) 335 | 43065 [078 | aos0on |25 | 493068 | 170 | 441 065) 498091 |17 | ag7(068) [ 387 | 439064) | 201

4x2 423087 | 717 438(067) | 099 396 (0.65) | 479 467(078) | 545 469 (0.60) | 475 422(061) | 399 468 (085) | 598 468 (060 | 511 4.25(0.63) 472(083) 447 467(059) | 422 425(063) | 301

Quen 2B sxi | 368095) | 1292 | 380082 [1276 | 348075 [1202 | 405 084) |13 | a12(068) | 1226 | 371063) [ 1195 | 421088 |99 | 421 070) |99 | 385068 418089) [ 1139 | 415073 [ 1104 | 382 068) | 1018
TXT6 | 7:66 (2.06) 796 (1.56) 635130 BITCIT) B30 (LA7) 673(125) BICI0) 3250147 63 (133) IT209) 3250142 63 (1.29)

28 [ 7560004 |13 | 779049 [ 218 | 642134 | 116 092 g4 | 210 | es3a2s) [ 152 | si6os [ 256 | 7080145 [ 328 | 682020 | 0% | 5100.98) 7920044) | 397 | 678.(1.27) | 069

16 axa | 705073 [ 676 | 732040) | 692 | 618(126) | 374 607 | gman | 498 | eera2e (319 | assaso) |34 | 2aasn 337 [ ezia20 |1 | 786079 766(135) |33 | 6730120) | 077

82 6380064 |09 | 6600132 [976 | 576(1.23) |67 S62 7060121 | S8T | 6400116 [ 320 | 733062 [ 69 | 7240125) [ 698 | 6a3qag) |43 | 730074 7000128 [ 730 | 641117y |47

t6x1 | 5240160 | 1785 | 550140 [ 1078 | 48520 |81 | 60sqra | 1724 | 608(1.19) [1929 | 537105 [ 1697 | 608149) [ 1710 | sosq125) [ 1736 | 538(110) [1620 | 601159 5820130 | 1798 | 5330117 | 1690

Table 2: Quantitative results for multi-agent multi-output (MA-MO) configurations. This table summarizes the
results from the Exploring MA-MO analysis. Each configuration is denoted as n x m, where n indicates the number
of agents and each agent generates m outputs, with the total number of answers fixed at £ = n - m. The special
cases 1 X kand k x 1 correspond to the previously defined SA-MO and MA-SO protocol, respectively. For each
model, value of k, and generation round, the table reports the mean Vendi score, with variance shown in parentheses.
The A (%) column indicates the relative change in diversity between consecutive configurations, computed by
ordering them in ascending number of agents and comparing each setting to the one immediately preceding it.
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Figure 5: Single-agent vs. multi-agent generation under single-output settings with text-embedding-3-small
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Figure 6: Single-output vs. multi-output generation under single-agent settings with text-embedding-3-small
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Figure 7: Exploring multi-agent multi-output (MA-MO) configurations with text-embedding-3-small
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Figure 8: Single-agent vs. multi-agent generation under single-output settings with Qwen3 8b-embedding
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Figure 9: Single-output vs. multi-output generation under single-agent settings with Qwen3 8b-embedding
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Figure 10: Exploring multi-agent multi-output (MA-MO) configurations with Qwen3 8b-embeddin
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Figure 11: Single-agent vs. multi-agent generation under single-output settings with Self-BLEU
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Figure 12: Single-output vs. multi-output generation under single-agent settings with Self-BLEU
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Figure 13: Exploring multi-agent multi-output (MA-MO) configurations with Self-BLEU
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