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Abstract

Coordinating heterogeneous large language
models (LLMs) can improve instruction fol-
lowing, yet current multi-agent systems often
depend on manual role choices or repeated calls
to one backbone. This makes it difficult to
separate complementary model behavior from
model bias and verbosity. We introduce Role-
Specialized Multi-Agent Collaboration (RS-
MA), a prompting-only framework that assigns
candidate LLMs to four interpretable roles:
Judge, Summarizer, Ideator, and Reasoner. RS-
MA estimates role fit with audition prompts, ag-
gregates role-specific rankings with Borda scor-
ing, and uses the selected assignment as an in-
spectable role map. A refinement phase records
judgment gaps and targeted edits before syn-
thesis. On AlpacaEval 2.0, audition-selected
RS-MA reaches an 88.86% length-controlled
win rate, and a validated role map reaches
90.72%. A full 805-example ablation shows
that single-model reuse attains high raw prefer-
ence through much longer outputs, whereas the
validated map improves length-controlled qual-
ity with moderate length growth. MT-Bench
and FLASK further indicate preserved dialogue
quality and balanced fine-grained skills. The
results support explicit role assignment as a
practical mechanism for combining heteroge-
neous LLMs when quality, completeness, and
inspectable evidence are jointly required.

1 Introduction

Large language models (LLMs) have advanced
rapidly in instruction following, reasoning, and
multimodal understanding. Many real tasks, how-
ever, require several capabilities at once, such
as creative proposal generation, factual checking,
boundary analysis, and coherent synthesis. A sin-
gle model instance often exposes one dominant bias
profile, while multi-agent systems can distribute
these functions across specialized agents (Wu et al.,

2023; Li et al., 2023; Liang et al., 2024; Xie et al.,
2023; Chen et al., 2024b).

Recent orchestration methods show the value
of structured collaboration. Role-playing systems
such as CAMEL encourage division of labor (Li
et al., 2023). Debate and consensus methods elicit
competing views and aggregate them through ad-
judication (Liang et al., 2024). General platforms
such as AutoGen, AgentVerse, and OpenAgents
provide reusable conversation loops, planning mod-
ules, and tool interfaces (Wu et al., 2023; Xie et al.,
2023; Chen et al., 2024b; Wang et al., 2025d).
Mixture-of-Agents (MoA) further shows that com-
bining outputs from multiple LLMs can improve
average answer quality (Wang et al., 2025b). These
systems establish multi-agent collaboration as a
useful inference-time strategy.

Despite this progress, three practical issues re-
main. First, many pipelines use the same backbone
for all agents, which couples failure modes and
limits cross-model complementarity. Second, ag-
gregation is often implicit or sensitive to response
length, making it difficult to know whether a judged
improvement comes from better content or from a
longer answer (Dubois et al., 2024). Third, most
systems do not formalize which model should play
which role. Roles are usually defined by prompts,
while the mapping between model bias and role de-
mand remains ad hoc (Guo et al., 2024; Tao et al.,
2024; Dong et al., 2024; Nguyen et al., 2025). In
this paper, bias-aware refers specifically to model-
role mismatch in orchestration and length bias in
preference evaluation by model judges.

We propose Role-Specialized Multi-Agent (RS-
MA), a prompting-only framework for heteroge-
neous LLM collaboration. RS-MA organizes mod-
els into four interpretable roles: Judge, Summa-
rizer, Ideator, and Reasoner. The system runs a two-
phase refinement loop with candidate generation,
gap-aware judging, structured synthesis, targeted
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Figure 1: Case example of the two-phase RS-MA pipeline. In Phase 1, the Ideator and Reasoner draft candidates,
the Judge identifies gaps, and the Summarizer produces an initial answer. In Phase 2, targeted edits and re-judgment
guide the final synthesis.

edits, and final integration. Intermediate judgments
and revisions are stored in JSON, which makes
the process easier to inspect than free-form debate.
Figure 1 illustrates this division of labor on a repre-
sentative example about air quality.

RS-MA also includes an audition-based assign-
ment procedure. Candidate models answer role-
aligned prompts, rankings are aggregated with
Borda scores, and a one-to-one Hungarian assign-
ment provides an interpretable initial role map. We
treat this map as a stable assignment prior rather
than a claim of global optimality. We then evaluate
alternative role maps under the same protocol, be-
cause the best deployment map can depend on the
benchmark and on available model endpoints.

On AlpacaEval 2.0, the audition-selected RS-
MA reaches 88.86% length-controlled win rate,
while a validated role map reaches 90.72%. The
full 805-example role-assignment ablation shows
that single-model reuse and some random assign-
ments obtain high raw win rates only with much
longer outputs. This supports the central claim that
role specialization should be judged under length-
controlled evaluation, not raw preference alone.
RS-MA also remains competitive on MT-Bench
and FLASK, indicating that the framework is not
limited to a single automatic judge.

Our contributions are:

• We propose RS-MA, a prompting-only frame-
work that assigns heterogeneous LLMs to in-
terpretable roles in a two-phase refinement
process at inference time.

• We introduce audition-based role assignment
and validate it with full assignment abla-
tions, showing that role maps materially affect
length-controlled instruction following.

• We provide calibrated evidence across Al-
pacaEval 2.0, MT-Bench, FLASK, and Arena-
Hard v2.0, including uncertainty-aware Al-
pacaEval results and controls for verbosity-
driven gains in preference evaluation.

2 Related Work

Recently, research on multi-agent systems (MAS)
has expanded rapidly, spanning both theoretical
foundations and practical coordination mecha-
nisms. Building on classic paradigms in coopera-
tive, competitive, and decentralized learning, this
line of work highlights how diversity can be har-
nessed through coordination and credit assignment
(e.g., value decomposition and centralized-critic
training) (Sunehag et al., 2017; Lowe et al., 2017;
Rashid et al., 2020; Foerster et al., 2018; Guo et al.,
2024). This perspective motivates role assignment
as a coordination problem for LLM systems.

Within the LLM era, collaboration methods can
be organized into several related families. A recent
survey organizes LLM-agent systems around con-
struction, collaboration, and evolution (Luo et al.,
2025). Role-based dialogue frameworks such as
CAMEL, AutoGen, AgentVerse, and OpenAgents
use explicit profiles and conversation programs (Li
et al., 2023; Wu et al., 2023; Chen et al., 2024b;
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Xie et al., 2023). Workflow-based and search-based
systems such as HALO, MASTER, MAGIS, Ag-
ileCoder, OpenHands, and SWE-Agent coordinate
specialized agents through structured trajectories,
planning, or execution environments (Hou et al.,
2025; Gan et al., 2025; Tao et al., 2024; Nguyen
et al., 2025; Wang et al., 2025c; Yang et al., 2024).
Debate and consensus methods such as MAD and
Reconcile elicit competing views before adjudica-
tion (Liang et al., 2024; Chen et al., 2024a). Aggre-
gation methods such as LLM-Blender and Mixture-
of-Agents rank, fuse, or layer candidate responses
(Jiang et al., 2023; Wang et al., 2025b). Decen-
tralized designs such as Symphony further study
collective behavior under heterogeneous deploy-
ments (Wang et al., 2025a). HEAL applies agent
collaboration to text-attributed hypergraph learning
(Li et al., 2025b), beyond response generation.

Meanwhile, prompting and scaling strategies for
a single LLM continue to improve inference. These
advances include techniques that make intermedi-
ate reasoning explicit or broaden the search process,
such as Chain-of-Thought, Self-Consistency, and
Tree/Graph-of-Thoughts (Wei et al., 2022; Wang
et al., 2022; Yao et al., 2023a; Besta et al., 2024),
as well as methods that interleave reasoning with
actions for controllable tool use, notably ReAct
(Yao et al., 2023b). Separately, conditional compu-
tation with sparsely gated Mixture-of-Experts and
automatic sharding (e.g., GShard) scales a single
model by routing tokens to a small subset of inter-
nal experts. This increases model capacity without
a proportional increase in per-token computation.
Although related in spirit, such mechanisms are
complementary to multi-agent orchestration and
remain conceptually distinct (Shazeer et al., 2017;
Lepikhin et al., 2020). We therefore use strong
single-model systems as baselines rather than sub-
stitutes for cross-model role assignment.

Evaluation research has developed benchmarks
that emphasize different aspects of model be-
havior. MT-Bench and Chatbot Arena assess
multi-turn dialogue and pairwise preference while
exposing position and length effects in model-
based judging (Zheng et al., 2023). Length-
Controlled AlpacaEval reduces length sensitivity in
instruction-following comparisons (Dubois et al.,
2024), while Arena-Hard extends automatic evalu-
ation to 500 challenging open-ended prompts cu-
rated from large conversation datasets (Li et al.,
2024). FLASK complements these preference
benchmarks by decomposing overall performance

into twelve fine-grained skills (Ye et al., 2024). A-
OKVQA adds a multimodal setting that requires
commonsense and world knowledge beyond the
paired image (Schwenk et al., 2022). Recent analy-
ses further examine position bias and broader judge
behavior (Shi et al., 2025; Li et al., 2025a). To-
gether, these benchmarks provide complementary
views of dialogue quality, prompt difficulty, skill
composition, and knowledge-intensive visual rea-
soning across benchmark settings.

Taken together, prior work establishes strong
foundations for leveraging heterogeneity and tool-
ing in multi-agent orchestration. Bias-aware role
design, principled role-model assignment, and
length-robust aggregation that preserves attribution
and verifiability remain underexplored. In partic-
ular, existing systems often rely on ad hoc role
definitions or fixed model choices, and their ag-
gregation can be sensitive to verbosity, making it
harder to ensure fair comparison and faithful credit
assignment across settings. Our framework directly
targets these gaps by linking role selection, evalua-
tion, and refinement in one protocol.

3 Methodology

We arrange heterogeneous LLMs into four roles
that communicate via a structured text-only pro-
tocol: Judge (R1) for conservative, rule-sensitive
evaluation and gap discovery, Summarizer (R2)
for compression, re-organization, and coherence,
Ideator (R3) for diverse and concrete proposal
generation, and Reasoner (R4) for stepwise,
constraint-aware reasoning. Given an input query
x, the system executes a two-phase refinement pro-
cess, with each phase producing explicit interme-
diate artifacts. Figure 2 gives an overview. All
role-level system prompts are listed in Appendix A,
matching the formal operators defined below.

3.1 Phase-1: Candidate Generation, Judging,
and Structured Synthesis

Phase 1 aggregates complementary candidates for
the same input x in complementary styles and em-
phases. The Ideator operator I is instantiated by a
system prompt that requires covering core points
while allowing novel angles and comparisons. It
must include 1-3 short concrete examples, avoid
buzzwords, and not fabricate data or sources. The
Ideator output is defined as

y(3) = I(x). (1)
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Figure 2: Overview of the RS-MA framework. In Phase 1, the Ideator and Reasoner draft answers, the Judge scores
them and surfaces gaps, and the Summarizer consolidates them into a JSON-logged draft. In Phase 2, the Judge
re-evaluates the Phase 1 answer, the Ideator and Reasoner provide targeted edits, and the Summarizer integrates the
draft, edits, and feedback.

In practice, diversity is shaped at prompt level (ex-
plicitly soliciting alternatives, styles, and exam-
ples), which emulates a higher sampling tempera-
ture τI and a beam budget KI without changing
decoding internals or model weights.

The Reasoner operator R is prompted to produce
a rigorous, verifiable structure: it begins with step-
by-step reasoning or key bullets, states assumptions
and constraints explicitly, and attaches boundary
conditions to conclusions. Unverifiable facts are
disallowed. We write

y(4) = R(x). (2)

Outputs use a visible step format (numbered steps
and assertions), for inspection and downstream
checking. Downstream modules consume only the
visible text, which keeps the interface auditable.

Both candidates are evaluated by the Judge. The
Judge is instantiated to grade only (never write
the final answer), returning a single JSON ob-
ject with schema {target, scores, total, gaps, over-
all_comment}. Here, the field scores contains five
0-5 aspect scores (coverage, logic, verifiability, ro-
bustness, clarity), total is a scalar computed from
these five aspects using a fixed weighted rubric on
a 0-100 scale, gaps is a list of title, description,
severity where severity is low/medium/high (inte-
gers 1/2/3 also accepted), and overall_comment is
a single summary evaluation paragraph.

Let r
(
x, y(3), y(4)

)
∈ [0, 5]5 denote the five as-

pect scores, and let w ∈ R5
≥0 be the aspect weights

with
∑5

k=1wk = 1. The Judge total s is defined as

s = 100
5∑

k=1

wk
rk
5

= w⊤
(
20 r

)
, (3)

which linearly maps each aspect from [0, 5] to
[0, 100] and averages by w. The Judge JSON’s
gaps (typed with severities) are carried forward to
guide Phase-2 edits.

Given (s, g) and the two candidates, the Summa-
rizer computes an intermediate synthesis ỹ under
a set of prompt-level constraints: use only the in-
formation already provided (i.e., introduce no new
facts), unify wording and tone across candidates,
prioritize content according to the Judge scores,
and systematically address each gap listed in g. In
implementation, we operationalize these require-
ments as a checklist-style synthesis instruction to
keep ỹ coherent and strictly grounded in the pro-
vided candidates. Concretely, the Summarizer iter-
ates over the gaps in g, merges supporting evidence
from the candidates, and performs a final consis-
tency pass to ensure that every included claim is
traceable to the inputs and that the overall response
fits within the length budget.

ỹ = S
(
x, {y(3), y(4)}, s, g

)
. (4)

We view synthesis as a constrained aggrega-
tion procedure conducted under a fixed length bud-
get YL, and we make these constraints explicit by
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Algorithm 1 Two-Phase RS-MA: Generation, Eval-
uation, and Refinement
1: Input: Query x, role models {R1, R2, R3, R4}
2: Output: Final answer y⋆

3: y(3) ← R3.GENERATE(x)

4: y(4) ← R4.GENERATE(x)

5: (s, g)← R1.JUDGE({y(3), y(4)})
6: ỹ ← R2.SYNTHESIZE

(
x, {y(3), y(4)}, s, g

)

7: e(3) ← R3.EDIT(x, ỹ)

8: e(4) ← R4.EDIT(x, ỹ)
9: (s′, g′)← R1.REJUDGE(ỹ)

10: y⋆ ← R2.SYNTHESIZEFINAL
(
x, ỹ, {e(3), e(4)}, s′, g′

)
11: return y⋆

incorporating gap-aware requirements directly into
the synthesis specification:

ỹ = arg max
y∈YL

{U(y, x)−G(y, g)−N(y) }, (5)

where U promotes coherence, organization, and
completeness, G(y, g) measures unresolved gaps,
and N(y) penalizes unsupported additions. In prac-
tice, these terms are operationalized through check-
list instructions and self-critique patterns, without
introducing a learned ranker.

3.2 Phase-2: Targeted Edits, Re-judging, and
Final Integration

Given the Phase-1 synthesis ỹ, the Ideator (R3)
proposes localized edits to diversify the presen-
tation and increase concreteness, for example by
inserting 1–3 concise illustrative examples or alter-
native framings, while strictly avoiding the intro-
duction of new facts and keeping changes strictly
localized. The Reasoner (R4) proposes edits that
strengthen step-by-step logic, make assumptions
and constraints explicit, add boundary checks, and
remove unverifiable claims. Under the same input
x, the edits are instantiated as

e(3) = Iedit(x, ỹ), e(4) = Redit(x, ỹ), (6)

These edits must address a non-empty subset of the
previously identified gaps g without unsupported
claims or changes to the evidence available at this
stage of processing.

The Judge re-evaluates ỹ using the same judging
procedure as in Phase-1, so as to refresh the corre-
sponding scores and the identified gaps under the
unchanged Phase 1 rubric:

(s′, g′) = J (ỹ), (7)

and the Summarizer performs a second-round revi-
sion under potentially conflicting role feedback, ex-
plicitly prioritizing safety and the Judge-identified

gaps whenever suggestions from different roles
conflict with one another:

y⋆ = Sfinal

(
x, ỹ, {e(3), e(4)}, s′, g′

)
. (8)

If any role returns a filtered/safety response, the
pipeline emits a safe fallback message and termi-
nates early, persisting intermediate artifacts to disk.
This conservative fail-closed design also preserves
a trace for debugging and audit after failed or fil-
tered runs for subsequent inspection.

3.3 Model Evaluation and Assignment
We first select a distinct model for each role from a
candidate pool M by combining rank-aggregated
evidence across role-aligned aspects and solving
a global one-to-one assignment. This assignment
step exploits heterogeneous strength profiles while
reducing correlated errors and stylistic lock-in
across roles. We use it as an interpretable ini-
tial assignment, not as a guarantee that the result-
ing map is globally optimal for every downstream
benchmark. Overall, we aggregate rankings via
Borda (Saari, 1985) and then perform a linear as-
signment solved by the Hungarian algorithm (Kuhn,
1955). This keeps the assignment step deterministic
once audition scores are fixed.

Before running the collaboration loop, we first
assess each candidate model on four role-aligned
aspects, so that each role can be instantiated with
a model whose strengths are consistently aligned
with its intended function: creativity, logical rigor,
summarization/abstraction, and cautious judgment.
For every aspect we design five short audition
prompts (see Appendix B). Each model answers
all prompts under multiple random seeds, and a
fixed proprietary judge model grades every answer
with the audition rubric, producing per-answer cri-
terion scores in {0, 1, 2} and an overall score in
[0, 10]. For a given run (seed), we average the over-
all scores across the five prompts. Across seeds we
compute the cross-seed mean

Mi,a :=
1

S

S∑

s=1

ϕa,s(i), (9)

where ϕa,s(i) is the per-run mean overall (in [0, 10])
for model i on aspect a under seed s.
Borda Rank Aggregation Within each aspect a,
we convert per-run rankings to Borda points using
the 1, . . . , N convention with tie-average:

b
(r)
i,a = N − rank

(r)
i,a + 1, (10)
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where N is the number of candidate models. We
aggregate the resulting Borda points across the R
evaluation runs (i.e., judge seeds) to obtain a stable
estimate that is less sensitive to incidental variation
in any single assignment run.

Bi,a =
R∑

r=1

b
(r)
i,a . (11)

The aspect-wise Borda scores Bi,a form a util-
ity matrix over models and roles, capturing com-
plementary strengths across aspects and providing
a common basis for comparing candidates under
each role-aligned criterion.

We select distinct models for the four roles
by maximizing the summed Borda under one-to-
one constraints, which both prevents degenerate
reuse of a single model across roles and aligns het-
erogeneous inductive biases with heterogeneous
role demands in our setting, thereby encouraging
complementary specialization rather than corre-
lated failure modes across the overall collaborative
pipeline. In practice, this formulation reduces the
role-assignment problem to selecting exactly one
model per role from M while ensuring each model
is used at most once:

max
X∈{0,1}|M|×4

∑

i∈M

∑

a∈A
Bi,aXi,a

s.t.
∑

a∈A
Xi,a ≤ 1, ∀i ∈ M,

∑

i∈M
Xi,a = 1, ∀a ∈ A,

(12)

where Xi,a ∈ {0, 1} indicates whether model i is
assigned to role a, M is the candidate set, and
A={1, 2, 3, 4} (Judge, Summarizer, Ideator, Rea-
soner). Tied ranks are converted to Borda points via
tie-average before the global assignment. The one-
to-one optimization resolves competition across
roles, reduces correlated failure modes, and lever-
ages complementary peaks in Bi,a. We solve
Eq. (12) using the Hungarian algorithm in our ex-
periments, which makes the selected map repro-
ducible from the audition table.
Validated role maps. The audition procedure gives
a reproducible and interpretable assignment prior.
For the final deployment analysis, we also evaluate
a small set of role maps under the same bench-
mark and evaluator. This validation step is impor-
tant because a model can be useful in more than
one role, and endpoint changes can alter the prac-
tical trade-off between complementarity, length,

Table 1: AlpacaEval 2.0 results. LC win is the primary
metric for model comparison.

Model LC win Raw win Length

Qwen-3 83.58 83.77 2310
Kimi-K2 83.08 74.30 1867
DeepSeek-V3.1 76.31 88.28 3195
GPT-5 69.03 73.52 3052
GLM-4.5 67.78 57.72 1796
MoA (open-source) 65.10 59.80 1825
ERNIE-4.0-T 44.75 44.16 1910
LLaMA-3.3 34.40 22.20 1919

RS-MA, audition map 88.86 88.28 2259
RS-MA, validated map 90.72 90.69 2375

and raw preference. We therefore report both the
audition-selected RS-MA and the best validated
map in Sec. 4.3.

4 Experiments

4.1 Settings
Benchmarks. We evaluate RS-MA on AlpacaE-
val 2.0 (Dubois et al., 2024), MT-Bench (Zheng
et al., 2023), and FLASK (Ye et al., 2024), as well
as the 500-query hard-prompt split of Arena-Hard
v2.0 (Li et al., 2024). AlpacaEval reports raw win
rate and length-controlled (LC) win rate. We use
LC win as the primary metric because it reduces
the effect of verbosity in automatic preference judg-
ments. MT-Bench contains 80 two-turn questions
across eight categories and is scored on a 0 to 10
scale. FLASK decomposes instruction following
into twelve skill dimensions. For Arena-Hard v2.0,
we use the official GPT-4.1 judge in both answer
orders and report the benchmark’s style-controlled
score, which adjusts for response length and Mark-
down formatting during final scoring.
Baselines and variants. For AlpacaEval, we
compare against strong single-model systems and
an open multi-agent reference, including GPT-
5, Qwen-3, Kimi-K2, DeepSeek-V3.1, GLM-
4.5, ERNIE-4.0-T, LLaMA-3.3, and MoA. Single-
model baselines test orchestration against one
model, while MoA tests multi-model aggregation
without role assignment or Phase 2. Role-map
variants and Phase-1-only are within-method abla-
tions. The audition-selected RS-MA uses Qwen-3
as Judge, Kimi-K2 as Summarizer, GLM-4.5 as
Ideator, and DeepSeek-V3.1 as Reasoner. For role-
assignment analysis, we additionally evaluate vali-
dated, random, and single-model maps on the full
805-example AlpacaEval set. All other results use
the audition map by default.
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Table 2: MT-Bench results. Scores are judged on a 0 to
10 scale for each turn.

Model Avg. Turn 1 Turn 2

MoA (open-source) 9.25 9.44 9.07
GPT-5 9.23 9.00 9.45
LLaMA-3.3 8.94 9.20 8.68
Qwen-3 9.31 9.19 9.44
DeepSeek-V3.1 9.20 9.29 9.11
GLM-4.5 7.31 7.01 7.60
ERNIE-4.0-T 8.84 8.76 8.93
Kimi-K2 9.17 8.98 9.36

RS-MA 9.48 9.51 9.45

4.2 Main Results
AlpacaEval 2.0. Table 1 reports AlpacaEval results
for strong single-model baselines, an open multi-
agent reference, and RS-MA. The audition-selected
RS-MA reaches 88.86 LC win. A validated role
map further improves LC win to 90.72, while keep-
ing the average answer length far below the long
single-model controls in Sec. 4.3. We therefore
treat the validated map as the strongest AlpacaEval
deployment, and the audition-selected map as the
interpretable default. The LC and raw split shows
that the gain is not a length effect alone, since
long single-model answers can improve raw pref-
erence while losing after length control, a pattern
examined directly in the role-assignment ablation.
DeepSeek-V3.1 provides the clearest length con-
trast, with 88.28 raw win, 76.31 LC win, and an
average length of 3195, while the validated map
reaches 90.72 LC at an average length of 2375.
MT-Bench. RS-MA remains competitive on MT-
Bench and attains the highest average score in our
cached evaluation (Table 2). Compared with MoA,
RS-MA raises the average from 9.25 to 9.48 and
improves both turns. Against Qwen-3, the gain
comes mainly from Turn 1, while Turn 2 remains
nearly unchanged at 9.45 versus 9.44.
FLASK. Figure 3 reports the twelve-skill FLASK
profile. The numeric aggregation gives RS-MA a
mean score of 4.58, an average rank of 1.67, and the
best score on 8 of 12 skills. The strongest gains ap-
pear in skills that benefit from explicit checking and
synthesis, including factuality, robustness, and in-
sightfulness. This profile is consistent with the role
design, where checking, candidate generation, and
synthesis are separated before the final response is
produced. Appendix C reports A-OKVQA results
with multimodal Ideator and Reasoner models.
Arena-Hard v2.0. On the 500-query hard-prompt
split of Arena-Hard v2.0 (Li et al., 2024), full RS-

Figure 3: FLASK radar over twelve skills. RS-MA has
a balanced profile and wins 8 of 12 skill dimensions in
the numeric aggregation.

Table 3: Arena-Hard v2.0 hard-prompt results under the
official GPT-4.1 style-controlled evaluation.

System Style-controlled score Bootstrap interval

GPT-4.1 58.3 −2.0/+ 2.3
Qwen-3 57.1 −2.0/+ 1.6
Kimi-K2 54.5 −1.9/+ 2.2
o3-mini 50.0 −0.0/+ 0.0
DeepSeek-V3.1 44.2 −2.0/+ 1.9
GLM-4.5 40.9 −1.6/+ 2.0

RS-MA 77.8 −1.6/+ 1.5

MA scores 77.8 with a 95% bootstrap interval from
76.2 to 79.3 under the protocol described above.
The bundled o3-mini reference scores 50.0, while
the strongest component, Qwen-3, scores 57.1.

The 20.7-point gain over Qwen-3, the strongest
component, indicates that RS-MA benefits from
the coordinated use of multiple component models
through the two-phase workflow.

4.3 Role Model Selection and Assignment

We first summarize the audition outcomes used to
obtain the interpretable default map. The candidate
pool contains six production LLMs: Qwen-3, Kimi-
K2, GLM-4.5, DeepSeek-V3.1, ERNIE-4.0-T, and
LLaMA-3.3. Figure 4 shows the per-role Borda
landscape. Different roles peak at different models,
which supports heterogeneous assignment.

Across 10 audition seeds, the full four-role map-
ping is recovered in 8 runs. R3 and R4 are stable in
all 10 runs. The remaining variation is limited to a
near-tie between the top candidates for R1 and R2.
Table 4 reports the selected model for each role.
Leave-One-Prompt-Out Analysis. We assess
prompt sensitivity by removing each of the 20 au-
dition prompts once. For each deletion, we keep
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Table 4: Audition-selected role assignment. Mean is the
cross-seed average overall score for the selected model.

Role Selected model Borda Mean

R1 Judge Qwen-3 20.5 8.675
R2 Summarizer Kimi-K2 22.5 9.700
R3 Ideator GLM-4.5 15.0 9.850
R4 Reasoner DeepSeek-V3.1 19.5 9.000

Figure 4: Borda scores across candidate models by role.
Different peaks support heterogeneous assignment.

the six candidate models, the other 19 prompts, the
recorded judgments, and all other settings fixed,
then recompute score aggregation, Borda ranks
with tied ranks averaged, and the optimal one-to-
one assignment. The full prompt set reproduces the
submitted assignment with a total Borda score of
77.5. The submitted map remains the unique opti-
mum in 18 of 20 deletion conditions, or 90%, and
an optimal assignment retains the same four-model
set in 19 conditions, or 95%. The exact assign-
ment changes after removing one Judge prompt or
one Reasoner prompt, while only the Judge case
changes the selected model set. The Summarizer
and Ideator remain unchanged across all deletions.
Across the four roles, affected-role mean Kendall τb
over the five corresponding deletions ranges from
0.762 to 0.936. Together, the stable model set and
role rankings indicate that the assignment is sup-
ported by evidence across the prompt set rather
than by one decisive prompt.

Figure 4 shows how one-to-one assignment
changes the role-wise choice. Qwen-3 leads the
Judge scores and ties for the Ideator and Reasoner
roles, while Kimi-K2 leads the Summarizer scores
and ties for the Ideator role. Joint optimization
under the one-model-per-role constraint yields the
map reported in Table 4.

Table 5 lists the role maps used in the full Al-
pacaEval assignment ablation. The variants sepa-
rate three explanations: role-specialized selection,
arbitrary heterogeneous assignment, and reuse of

Table 5: Role maps in the full assignment ablation.

Variant R1 R2 R3 R4

Audition map Qwen Kimi GLM DeepSeek
Random-s3 GLM Kimi Qwen DeepSeek
Validated map Qwen Kimi Kimi DeepSeek
Random-s6 DeepSeek GLM Kimi Qwen
Single Qwen Qwen Qwen Qwen Qwen

Table 6: Full AlpacaEval role-assignment ablation. LC
SE denotes official length-controlled standard error.

Variant LC ± SE Raw Length

Audition map 88.86 ± 0.12 88.28 2259
Random-s3 map 89.59 ± 0.14 90.34 2415
Validated map 90.72 ± 0.08 90.69 2375
Random-s6 map 85.53 ± 0.16 94.82 4168
Single Qwen map 85.79 ± 0.15 95.36 4042

one strong backbone across all roles.

The full assignment ablation in Table 6 tests
whether this assignment step matters. The vali-
dated map, which uses Kimi-K2 for both R2 and
R3, obtains the best LC win at 90.72. This result
changes the interpretation of the assignment mod-
ule. The one-to-one audition map is a stable and
interpretable default, while benchmark-side role-
map validation can identify a stronger deployment
map when reuse of a model across roles is allowed.

The random controls show that assignment
quality is not reducible to model strength alone.
Random-s3 is competitive, which suggests that the
Summarizer and Reasoner choices carry much of
the benefit in this comparison. Random-s6 gives
the clearest counterexample to a simple heterogene-
ity story. It uses four different models, yet it loses
more than five LC points relative to the validated
map. The long-output controls are also informa-
tive. Random-s6 and single Qwen obtain raw win
rates above 94, but their LC wins fall below 86
because their average lengths exceed 4000 tokens.
The validated map improves LC without this length
inflation, which is the central evidence for the vali-
dated deployment map on this benchmark.

For transparency, random-s3 and random-s6 in-
clude 13 and 1 conservative fallback rows after
endpoint failures, so those two results should be
read conservatively. The validated map and the
single-Qwen map do not use fallback rows, so the
main comparisons are not affected.
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Table 7: Phase-2 trade-off on full AlpacaEval 2.0.

Variant LC win Raw win Length saving

Phase-1-only 86.79 77.61 NA
Selective Phase 2 88.77 83.83 13.96%
Full RS-MA 88.86 88.28 0.00%

Table 8: Full AlpacaEval 2.0 deployment trade-off.
Calls are average model calls per query.

Method LC win Calls Avg. length Phase-2 rows

Phase-1-only 86.79 5.00 1655 0/805
Selective Phase 2 88.77 7.36 1944 474/805
Full RS-MA 88.86 9.00 2259 805/805

4.4 Ablation Study

We next separate role assignment from the two-
phase refinement loop. On the full matched Al-
pacaEval evaluation, Phase-1-only reaches 86.79
LC and 77.61 raw win, while full RS-MA reaches
88.86 LC and 88.28 raw win. This supports a nar-
rower claim: Phase 2 is not merely an LC opti-
mizer. It improves completeness and raw prefer-
ence through re-judgment and targeted edits, while
sometimes increasing length. Appendix D shows
the added boundary conditions and mechanisms.

We also evaluate Selective Phase 2, which uses
task type and instruction length to decide whether
each query should enter the refinement stage. The
policy runs Phase 1 for every query and applies
Phase 2 only to the selected subset. Selective Phase
2 reaches 88.77 LC and 83.83 raw win while re-
ducing output length by 13.96% relative to full RS-
MA (Table 7). The small LC difference indicates
that many second-pass edits improve completeness
more than length-normalized preference, while the
larger raw-win gap shows why the second pass re-
mains useful when users value complete answers.
The 10.67-point raw gain from Phase-1-only to full
RS-MA further shows that the second pass is most
useful when completeness is central.

4.5 Cost and Deployment Trade-Off

The full 805-example results also show the practi-
cal cost-quality trade-off. RS-MA is most useful
when answer quality and traceable intermediate
feedback justify higher inference cost. For cost-
sensitive settings, the selective policy runs the sec-
ond phase only on examples selected by the gate.

Tables 7 and 8 show this trade-off. Full RS-
MA gives the strongest raw preference and runs
Phase 2 for every query. The selective Phase 2

policy keeps a similar LC win rate while reducing
second-phase executions to 474 of 805 examples.
It better fits offline or audit-sensitive settings than
low-latency chat deployment. For high-throughput
serving, the evidence favors the selective Phase 2
policy or a single strong model unless the quality
margin justifies latency and cost.

5 Conclusion

We presented RS-MA, a prompting-only frame-
work for heterogeneous LLM orchestration with
interpretable roles. Full assignment ablations show
that role maps affect length-controlled instruction
following, and the validated map improves Al-
pacaEval LC without the length inflation of single-
model or random controls. Phase 2 improves
completeness and raw preference, while its selec-
tive variant reduces model calls and output length.
MT-Bench and FLASK show strong dialogue and
skill profiles, while Arena-Hard shows that the
full pipeline outperforms its components. Overall,
the results connect role assignment and refinement
with deployment cost and inspectable evidence.

6 Limitations

RS-MA improves instruction following through
inference-time orchestration, so it requires more
model calls and API cost than a single model call.
The validated role map is tied to the evaluated
model pool and should be revalidated when avail-
able models, prices, or API behavior change. Our
evidence comes from AlpacaEval 2.0, MT-Bench,
FLASK, and Arena-Hard v2.0, which cover instruc-
tion following, dialogue, and fine-grained skills but
not long-horizon tool use, multilingual robustness,
or safety-critical deployment. Finally, our ablations
evaluate role assignment at the system level and do
not fully isolate interactions among model identity,
prompt wording, and judge preference.
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A System Prompts for RS-MA Roles

This appendix reports the role prompts used by
RS-MA. Prompts are shown in compact form for
readability. The implementation uses the same role
instructions and stores intermediate judgments and
edits as JSON records.
R3 Ideator, generation. The Ideator is instructed
to produce a diverse answer with concrete exam-
ples. It should cover the core points, add useful
angles or comparisons, provide one to three short
examples, avoid slogans, and avoid fabricated data
or sources.
R4 Reasoner, generation. The Reasoner is in-
structed to produce a rigorous and verifiable an-
swer. It should use stepwise reasoning or structured
bullets, state assumptions and constraints, include
boundary conditions for conclusions, and avoid
unverifiable claims.
R1 Judge, grading. The Judge grades answers
only and does not write the final response. It evalu-
ates coverage, logic, verifiability, robustness, and
clarity on a 0 to 5 scale. It returns a JSON object
with fields for the target answer, scores, total score,
gaps, and an overall comment. Each gap contains
a title, description, and severity.
R2 Summarizer, Phase 1 synthesis. The Summa-
rizer assembles a stronger answer from the R3 and
R4 candidates plus the Judge scores and gaps. It is
instructed to use only the given information, unify
tone and wording, address Judge-identified gaps
when possible, and avoid boilerplate.
R3 and R4, Phase 2 edit suggestions. Dur-
ing Phase 2, R3 suggests localized improvements
that increase concreteness or presentation diver-
sity, while R4 suggests edits that strengthen logic
and boundary handling. Both roles return concise
JSON suggestions rather than full rewrites.
R2 Summarizer, final synthesis. The final Sum-
marizer integrates the Phase 1 draft, R3/R4 sugges-
tions, and the second Judge review. When sugges-
tions conflict, it prioritizes Judge-identified gaps,
safety, and task constraints.

B Audition Prompt Set

The audition uses 20 short prompts, five for each
role-aligned aspect. Each candidate model answers
all prompts under multiple seeds. A fixed propri-
etary judge model scores each answer with the
audition rubric described in Sec. 3.3.

R1 Judge Prompts

1. Identify the flaw in “All swans are white be-
cause the ones I have seen are white” and give
one verification step.

2. A report claims that retention significantly im-
proved from an A/B test with n = 28. State
the main risk and one validation method.

3. A news article cites only one anonymous
source. Explain the credibility issue and give
one cross-check.

4. A model reports 100% test accuracy. Explain
why this is insufficient and give one robust-
ness check.

5. A voluntary survey reports 92% satisfaction.
Name the sampling issue and one remedy.

R2 Summarizer Prompts

1. Turn notes about an unclear goal, many op-
tions, a tight timeline, incomplete data, and
review needs into three to five actionable bul-
lets.

2. Merge two short project plans into one unified
statement without adding facts.

3. Compress a process into four steps: Prepare,
Execute, Check, and Deliver.

4. Summarize a short source about data gaps,
a quick pilot, a two-week prototype, and no
extra headcount in 50 to 60 words.

5. Normalize inconsistent terms and produce a
checklist with at most five bullets.

R3 Ideator Prompts

1. List five ways to improve remote meeting effi-
ciency, with one use case per line.

2. Give five diagnostic directions for high new-
user churn, each with one validation idea.

3. Propose five ideas to increase newsletter open
rate, each with a testable metric.

4. Provide four onboarding experiments, each
with a success criterion.

5. Give five levers to improve freemium-to-paid
conversion, each with a risk note.
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Table 9: A-OKVQA validation results. MC is multiple-
choice accuracy and DA is direct-answer score.

Method MC DA

ClipCap (Mokady et al., 2021) 44.0 18.1
Pythia (Jiang et al., 2018) 49.0 25.2
ViLBERT (Lu et al., 2019) 49.1 30.6
LXMERT (Tan and Bansal, 2019) 51.4 30.7
KRISP (Marino et al., 2021) 51.9 33.7
GPV-2 (Kamath et al., 2022) 60.3 48.6
PromptCap (Hu et al., 2023) 73.2 56.3
Prophet (Yu et al., 2025) 76.4 58.2
NoteMR (Fang et al., 2025) 88.1 68.7

RS-MA 87.6 70.0

R4 Reasoner Prompts
1. Decide whether a string is a palindrome af-

ter normalizing case and non-alphanumeric
characters. Provide steps and two assertions.

2. Explain why A/B tests can yield false posi-
tives and give one preventive check.

3. Draft a minimal rollback plan for a production
change, including one rollback trigger.

4. Implement a token-bucket rate limiter and
state one invariant.

5. Decide whether a directed graph has a cycle
using DFS or Kahn’s algorithm, with two as-
sertions.

C Additional Vision-Language Validation

Table 9 reports an additional vision-language vali-
dation on the A-OKVQA validation split (Schwenk
et al., 2022). The goal is to test whether the same
division of labor transfers beyond text-only instruc-
tion following. We instantiate the Ideator and
Reasoner with GLM-4.5V and Qwen3-VL-235B-
A22B-Instruct, while keeping the Judge and Sum-
marizer as textual controllers. Following the of-
ficial A-OKVQA protocol, MC is measured by
multiple-choice accuracy, and DA uses the stan-
dard VQA direct-answer scoring.

D Qualitative Case Analysis

Figure 5 examines a climate-zones query that asks
why tropical, temperate, and polar zones exist, what
the limitations of this classification are, and how
the zones may change under global warming. The
query is useful for qualitative analysis because a
strong answer must combine physical mechanisms,
classification caveats, and future impacts. The com-
parison therefore probes whether RS-MA improves

only surface fluency or whether its role structure
changes the kinds of information preserved in the
final answer.
Boundary and exceptions. The full RS-MA an-
swer explicitly frames climate zones as abstractions
rather than physical boundaries and then names
mixed cases such as mountainous regions and
coastal polar-temperate blends. This distinction
matters because the question asks not only for the
origin of climate zones but also for the limitations
of the classification. The variant without R1 in-
stead presents the zones as a clearer latitude-based
partition, while the Phase-1-only answer mentions
mountains and oceans without making fuzzy edges
a central limitation. This contrast illustrates the
function of the Judge. By surfacing missing bound-
ary conditions, R1 encourages the final synthesis
to include caveats that are easy to lose in a concise
answer.
Verifiability and specifics. The full RS-MA an-
swer also adds more checkable content. It refers
to concrete urban heat island behavior, Hadley-
cell movement, and the possible role of AMOC.
These details make the answer more specific than
a general statement that warming shifts precipita-
tion belts or causes regional change. The ablated
answers remain broadly correct, but they provide
fewer named mechanisms and fewer quantities that
a reader could inspect or verify. This pattern is
consistent with the intended role of Phase 2. The
second pass does not simply lengthen the answer.
It gives the system another opportunity to fill gaps
identified by the Judge and to convert broad claims
into more accountable statements.
Consistency and coverage. The lower panel
shows a coverage difference across mechanisms,
limitations, and impacts. Full RS-MA connects so-
lar geometry, atmospheric circulation, land-ocean
contrast, model limitations, microclimates, novel
climate types, biodiversity, and human systems
within a single response. The Phase-1-only answer
covers several mechanisms but has looser transi-
tions and drops some downstream impacts. The
variant without R1 gives a reasonable mechanism-
level answer, yet it underdevelops human and eco-
logical consequences. These omissions help ex-
plain why a shorter answer can perform well un-
der length-controlled evaluation while receiving
weaker raw preference when completeness is re-
warded.
Relation to the ablation results. The case should
not be read as an additional benchmark. It is a repre-
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Figure 5: Qualitative comparison on a climate-zones query. Blue text marks stronger content in RS-MA, and red
text marks missing or weaker content in the ablated variants.

sentative example that clarifies the behavior behind
Table 7. Phase-1-only is concise and can therefore
remain competitive under length-controlled scor-
ing. Full RS-MA adds a targeted refinement pass,
which increases coverage and specificity and is re-
flected in the larger raw-win gain. Selective Phase
2 follows the same interpretation by applying the
refinement pass only to examples selected by the
task-type and instruction-length gate. The qualita-
tive pattern supports the narrower claim in Sec. 4.4:
Phase 2 is most useful when users value complete-
ness, traceable reasoning, and explicit treatment of
exceptions.

E Use of AI Assistants

AI assistants were used to help improve the clar-
ity, grammar, and formatting consistency of the
manuscript. All scientific claims, experimental de-
sign choices, reported results, analyses, and conclu-
sions were determined and verified by the authors.
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