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ABSTRACT
Motivated by the scarcity of on-shore GPUs and curated Korean
corpora, we investigate whether Role-Based Orchestration (RBO),
grounded in Role-Based Collaboration (RBC) theory, can serve as an
effective alternative to single large models for Korean instruction-
following tasks. We implement three agents—Generator, Critiquer,
and Reviser—endowed with explicit responsibilities within an RBO
framework that utilizes a rule-based Adaptive Controller and a
Validator. Using 350 KoAlpaca items, we conduct evaluations com-
paring RBO against SOTA models like GPT-4o. While RBO achieves
a competitive win rate in constraint-heavy tasks, its primary ad-
vantage lies in efficiency, requiring only ≈ 10% of the FLOPs per
request compared to SOTA. This suggests a pragmatic path toward
Sovereign AI in resource-constrained, non-English contexts.
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1 INTRODUCTION
LLM have achieved remarkable performance due to scaling laws[7],
but approaches relying on single massive models face limitations
such as diminishing returns relative to hardware scaling, deple-
tion of high-quality data, and massive power consumption[5]. Fur-
thermore, English-centric large models often struggle to reflect
linguistic and cultural particularities of non-English languages like
Korean[9]. This underscores the need for region-specific approaches
from a Sovereign AI perspective[4].

To address these challenges, we propose the Role-Based Or-
chestration (RBO) framework. RBO reinterprets the traditional
Role-Based Collaboration and E-CARGO framework[11–15] for the
LLM environment. According to RBC research, a role is defined as a
set of explicit Responsibilities and Rights, aimed at enhancing pro-
ductivity by reducing conflict and ambiguity[1–3]. Unlike existing
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Mixture-of-Agents approaches that focus on parallel diversity[6, 10],
RBO assigns explicit roles (Generator, Critiquer, Reviser) and im-
proves output quality through a structured sequential workflow.
In this study, we verify whether RBO, orchestrating small Korean
LLMs[8], can serve as a pragmatic, cost-effective alternative to
SOTA models in resource-constrained environments.

2 THE RBO FRAMEWORK ARCHITECTURE
The RBO framework operates as a multi-agent system following a
sequential critique-refinement workflow. As illustrated in Figure 1,
the architecture consists of four key components tailored to ensure
instruction fidelity.

Figure 1: The overall architecture of the RBO framework. The
Adaptive Controller routes the instruction, and the Validator
ensures final constraint compliance.

2.1 Components
• Adaptive Controller (Φ): This module analyzes the user’s
instruction (𝐼 ) to extract constraints such as format (𝑆 𝑓𝑚𝑡 ),
count (𝑆𝑐𝑜𝑛𝑐 ), and factuality (𝑆 𝑓 𝑎𝑐𝑡 ). Based on these signals,
it determines a Mode Vector (𝑀) and selects an execution
path (𝑃 ). If the task requires strict adherence to constraints,
the Complex path (𝐺 → 𝐶 → 𝑅) is activated; otherwise, the
Simple path is used.

• Generator (𝐺): The Generator creates a structured draft
(𝐷0) adhering to the instruction. To minimize hallucinations,
its authority is strictly limited to the provided instruction
and internal knowledge.

• Critiquer (𝐶): This agent verifies the draft (𝐷0) against the
Mode Vector (𝑀). Instead of modifying the text, it produces a
structured defect report (e.g., missing items, style violations),
ensuring objective evaluation [15].
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• Reviser (𝑅): Taking the draft and the critique report, the
Reviser generates an improved candidate output (𝐴1). Its
goal is to maximize quality while strictly adhering to the
original scope.

• Validator (𝑉 ): As the final gatekeeper, the Validator per-
forms a binary check (Pass/Fail) on the output based on
explicit rules (Schema, Count, Safety). If validation fails, a
retry loop is triggered to correct specific errors.

3 EXPERIMENTS AND RESULTS
3.1 Experimental Setup
Weutilized theKoAlpaca dataset, a representative Korean instruction-
following benchmark. A total of 350 items were sampled across 7
categories (Brainstorming, Classification, Closed QA, Generation,
Information Extraction, Open QA, Summarization).

To strictly evaluate the efficacy of the role-based mechanism
using sLLMs, we assigned specific Korean-centric models to each
agent based on their capabilities: Generator (SKT A.X 7B), Criti-
quer (KT Mi:dm 2.3B), and Reviser (NAVER HyperCLOVA X 3B).
We compared this RBO configuration against two SOTA models:
GPT-4o and DeepSeek-V3.2. Performance was evaluated using
a multi-model LLM-as-a-Judge panel (Claude-4.0-Sonnet, Gemini-
2.5-Pro, Grok-4) and blinded human evaluation.

3.2 Performance Analysis
Overall, RBO achieved a win rate of 38.8% against GPT-4o and 43.1%
against DeepSeek-V3.2. We verified the robustness of these results
through high test-retest reproducibility (Pearson 𝑟 ≈ 0.96) across
independent runs.

Figure 2: Win rates of RBO against SOTA models by task
category.

Qualitative Analysis : As shown in Figure 2, RBO exhibited
distinct performance patterns based on task types.

• Strength (Brainstorming): RBO outperformed GPT-4o in
Brainstorming tasks (𝑝 = 0.533). Qualitative analysis of the
judges’ rationales reveals that the Validator’s strict enforce-
ment of ‘Count’ and ‘Format’ rules was the decisive factor.
For example, in tasks requiring ’5 items,’ RBO consistently
met the requirement, whereas SOTA models occasionally
failed to adhere to the exact count.

• Weakness (Generation): Conversely, RBO underperformed
in Generation tasks (𝑝 = 0.170). The Critiquer’s conservative
feedback tends to suppress creative expression, leading to
outputs described by judges as ’dry and resume-like.’ This
highlights a trade-off between safety/strictness and creative
diversity in the current rule-based setup.

3.3 Efficiency Analysis
The most significant advantage of RBO lies in its efficiency. As
shown in Figure 3, RBO positions itself as an efficiency-centric
model.

• Computational Load: RBO requires approximately 1.82
TFLOPs per request, which is roughly 1/10th of the compu-
tational load of DeepSeek-V3.2 (≈ 17.45 TFLOPs).

• Cost Effectiveness: Operating with on-premise sLLMs,
RBO’s API cost is effectively ≈ $0, whereas GPT-4o incurs
an estimated cost of $0.46 per comparable workload.

• Latency Trade-off: While RBO’s E2E latency (≈ 6.14s) is
higher than GPT-4o (≈ 2.56s) due to sequential processing,
this is an acceptable trade-off in scenarios where data privacy
and operational costs are the primary constraints.

Figure 3: Performance-Efficiency Trade-off. RBO demon-
strates superior efficiency with competitive performance
compared to SOTA models.

4 CONCLUSION
This study demonstrates that the Role-Based Orchestration of small,
Korean-centric LLMs is a viable alternative to SOTA models for
Korean instruction-following tasks. By leveraging explicit role defi-
nitions and a validation mechanism, RBO ensures high fidelity to
constraints. Most importantly, it achieves this at a fraction of the
compute and cost, aligning with Sovereign AI objectives where
on-premise deployment and accessibility are paramount. Future
work will explore learning-based routing to further mitigate the
trade-off between creativity and strictness.
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