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Abstract

This paper evaluates multi-agent coordination strategies against retrieval-augmented generation for
7-8B open-source models. Four coordination strategies (collaborative, sequential, competitive and
hierarchical) were evaluated across three open-source models: Mistral 7B, Llama 3.1 8B and Granite
3.2 8B. The study determined whether multi-agent reasoning enhances retrieval-augmented
generation performance. The evaluation employed 100 question-answer pairs. In total, 2,000 model-
question evaluations were conducted. Performance was assessed using Composite Performance
Score (CPS) and Threshold-aware Composite Performance Score (T-CPS), two metrics developed to
aggregate nine dimensions spanning lexical overlap, semantic similarity, and linguistic quality.
Results revealed that 87.5% of multi-agent configurations underperformed baseline systems, with
coordination overhead identified as the primary limiting factor. Llama 3.1 8B tolerated Sequential
and Hierarchical coordination with minimal degradation, while Granite 3.2 8B and Mistral 7B
showed severe degradation across all strategies. Collaborative coordination failed universally despite
highest output consistency. These findings suggest that single-agent baselines may be preferable for
most deployment scenarios under similar conditions. Future research should explore following
developments: evaluation of role-specific prompts, investigation of advanced consensus methods,
exploration of adaptive systems for strategy selection, and joint tuning of retrieval thresholds and
coordination strategies.

Keywords: retrieval-augmented generation (RAG); multi-agent coordination strategies; large
language models (LLMs); comparative evaluation; performance evaluation

1. Introduction

Retrieval-Augmented Generation (RAG) enhances large language model capabilities by
integrating external knowledge retrieval into the generation process [1]. RAG systems have been
explored across various application contexts [2-5], with ongoing challenges in threshold
configuration and architectural design [6].

Multi-agent coordination has been proposed as a mechanism to improve LLM reasoning quality
through distributed processing and consensus mechanisms [7-9]. Multi-agent coordination strategies
refer to the organisational frameworks and interaction protocols that govern how multiple agents
work together, communicate and adjust their actions within these systems [10]. This study evaluates
the four primary coordination architectures—collaborative (peer-to-peer deliberation), sequential
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(pipeline refinement), competitive (selection-based) and hierarchical (manager-worker)—which
represent distinct approaches to distributed processing.

However, the effectiveness of multi-agent coordination strategies when applied to RAG systems
remains largely unexamined. Existing multi-agent evaluations typically compare coordination
approaches against simple single-agent prompting baselines rather than against RAG systems that
already incorporate external knowledge retrieval. Whether coordination mechanisms provide
sufficient performance improvements to justify their computational overhead when added to
functioning RAG systems has not been systematically investigated.

1.2. Research Objectives

Multi-agent systems for large language models have generated considerable attention in recent
research, with claims of improved reasoning through agent collaboration [7,8,11].

This study addresses whether adding multi-agent coordination to configured RAG systems
enhances or degrades performance compared to single-agent baselines.

Four specific research objectives were formulated.

1. Comparative performance assessment was conducted. Performance of four coordination
strategies (collaborative, sequential, competitive, hierarchical) was evaluated across three open-
source models (Mistral 7B, Llama 3.1 8B, Granite 3.2 8B). Whether multi-agent configurations
outperform, match, or underperform calibrated single-agent RAG baselines was determined.

2. Degradation source identification was performed. The relative contributions of coordination
overhead versus retrieval fragmentation to performance changes were isolated. Independent
retrieval and shared context retrieval configurations (Granite-SCR) were compared to
decompose these effects quantitatively.

3. Model-strategy interaction analysis was undertaken. Whether coordination effectiveness
depends on model architecture was investigated. Differential responses to identical coordination
protocols across different model families were characterized.

4. Consistency-performance trade-offs were assessed. Whether multi-agent coordination affects
output variability alongside mean performance was examined. The Threshold-aware Composite
Performance Score (T-CPS) was employed to evaluate stability-performance trade-offs
simultaneously.

Evidence-based deployment guidance is provided to practitioners based on these findings.
Three questions are addressed. Conditions under which multi-agent coordination is justified were
identified if such conditions exist. Conditions under which single-agent RAG baselines demonstrated
superior performance were identified. Performance patterns were characterized across coordination
strategies.

1.3. Approach

Four multi-agent coordination strategies (collaborative, sequential, competitive, hierarchical)
were evaluated across three 7-8B open-source models (Mistral 7B [12], Llama 3.1 8B [13], Granite 3.2
8B [14,15]) using 100 domain-specific question-answer pairs from the Climate-Smart Agriculture
Sourcebook [16]. Performance was assessed using Composite Performance Score (CPS) [6] and
Threshold-aware CPS (T-CPS) within the PaSSER evaluation framework [17], comparing all multi-
agent configurations against tuned single-agent RAG baselines. Experimental methodology and
performance metrics are detailed in Section 3.

The remainder of this paper is structured as follows: Section 2 reviews related work in retrieval-
augmented generation and multi-agent language model systems. Section 3 describes the
experimental methodology, PaSSER framework extensions, coordination strategies, evaluation
corpus and performance metrics. Section 4 presents results across performance, stability, and
efficiency dimensions with statistical validation. Section 5 discusses coordination performance
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patterns, computational trade-offs and comparisons with prior literature. Section 6 concludes with
key findings, deployment guidelines, limitations, and future research directions.

2. Related Work

Retrieval-Augmented Generation systems enhance language model capabilities by
incorporating external knowledge retrieval into the generation process. The foundational RAG
approach was introduced in 2020 [1], establishing a paradigm that has since been evaluated across
diverse application contexts [3,5]. A comprehensive review traces the evolution of RAG systems from
their roots in information retrieval to current modular architectures supporting dynamic reasoning
and real-time knowledge integration [18]. Recent work has identified architectural challenges and
failure modes in RAG deployments [2], leading to developments in adaptive retrieval control [4],
complex reasoning support [19], knowledge graph integration [20], and domain-specific embedding
configurations [21]. Recent work has explored adaptive retrieval strategies that dynamically adjust
retrieval parameters based on query characteristics [22]. Such frameworks feature heterogeneous
weighted graph indices and adaptive planning that selects appropriate retrieval strategies based on
query features, demonstrating improved compatibility with both small and large language models.
These advances demonstrate that RAG systems can achieve substantial performance through
architectural refinement and parameter tuning. However, existing research focuses primarily on
single-agent RAG configurations. Whether multi-agent coordination mechanisms provide additional
benefits beyond well-configured single-agent RAG remains an open question.

Multi-agent systems for large language models employ distributed processing to address
complex tasks through agent collaboration. Comprehensive surveys characterize coordination
mechanisms, organizational structures, and application domains [23-25], identifying four primary
coordination architectures. Collaborative (peer-to-peer) strategies enable agents to work
cooperatively toward shared objectives with specialized roles, with code generation frameworks
demonstrating improvements through explicit communication protocols [7,26]. Competitive (debate-
based) approaches leverage adversarial interaction between agents to enhance factual accuracy
through iterative refinement and disagreement-driven error correction [8]. Hierarchical (manager-
worker) architectures delegate subtasks from manager agents to specialized workers, excelling in
complex workflows requiring strategic planning and resource allocation [27]. Sequential (pipeline)
strategies implement multi-stage refinement where agents progressively improve outputs through
iterative processing, effective for tasks requiring diverse perspectives [9,28]. Recent applications
demonstrate multi-agent systems’ potential across diverse domains. Cognitive agents powered by
LLMs have been integrated within the Scaled Agile Framework for software project management,
demonstrating advanced task delegation and inter-agent communication capabilities [29].
Hierarchical multi-agent architectures for power grid anomaly detection have shown that lower-layer
agents handling specialized monitoring tasks combined with upper-layer coordinators performing
multimodal feature fusion and global decision-making can achieve high precision through
distributed collaboration [30].

Recent studies highlight the importance of coordination structure selection based on task
characteristics [23], with adaptive strategies outperforming fixed architectures in specific domains.
However, most evaluations compare multi-agent approaches against simple single-agent prompting
baselines rather than against retrieval-augmented generation systems that already incorporate
external knowledge. This evaluation gap obscures whether coordination overhead is justified when
added to functioning RAG systems.

The selection of embedding models significantly impacts RAG system performance. Systematic
evaluation of embedding model similarity using Centered Kernel Alignment and retrieval result
comparison across five BEIR datasets reveals distinct performance patterns [31]: (1) models from the
same family exhibit high embedding similarity while cross-family similarity varies substantially, (2)
optimal similarity thresholds differ significantly across model families, with some benefiting from
high selectivity (0.90-0.95) while others perform better with moderate thresholds (0.55-0.70), and (3)
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top-k retrieval similarity shows high variance at low k values, stabilizing only for k > 10. The Massive
Text Embedding Benchmark (MTEB) provides standardized evaluation across 58 datasets spanning
eight task categories [32]. However, MTEB primarily assesses single-query retrieval performance, not
addressing multi-turn interactions or agent-based scenarios that emerge in multi-agent RAG
deployments.

Evaluation methodologies for LLM performance continue to evolve beyond traditional
benchmarks. Systematic performance evaluation through strategic decision-making tasks reveals
significant variations across models under consistent evaluation protocols [33]. Customizable
evaluation frameworks that accommodate domain-specific quality criteria address limitations of
standardized benchmarks that fail to capture specialized application requirements [34].

Embedding models exhibit distinct characteristics that influence threshold behavior. Distance
metric properties vary across embedding spaces [35], semantic granularity affects optimal threshold
selection [31,32], and different pre-training objectives produce distinct embedding space geometries
[36,37]. These model-specific characteristics inform baseline RAG configuration in the present study.
The present study addresses the identified evaluation gap through systematic comparison of
coordination strategies against optimized RAG baselines, determining when multi-agent
coordination enhances or degrades system performance.

3. Methods

This section describes the experimental method, including the PaSSER framework extensions,
multi-agent coordination strategies, evaluation corpus, and performance metrics.

3.1. Experimental Infrastructure

The PaSSER framework was originally designed for systematic evaluation of RAG threshold
configurations [17]. The present study extends PaSSER to support multi-agent reasoning while
maintaining backward compatibility with single-agent RAG evaluation. The extended PaSSER
system comprises three primary components. A Python Flask API server manages LLM inference,
multi-agent coordination protocols, and evaluation logging. A React frontend enables configuration,
real-time monitoring, and visualization. A vector-indexed knowledge base uses sentence-
transformers embeddings for efficient retrieval.

Three open-source models with comparable parameter counts were selected for evaluation.
Mistral 7B (version 7b-instruct-v0.3) is a 7.3 billion parameter instruction-tuned model released under
Apache 2.0 license. Llama 3.1 8B (version 8b-instruct) is Meta’s 8 billion parameter instruction-tuned
model with extended context support. Granite 3.2 8B (version 8b-instruct) is IBM’s 8 billion parameter
enterprise-focused instruction-tuned model. Model selection prioritized comparable parameter
counts (7-8B) to isolate architectural and training methodology effects, open-source availability under
permissive licenses, active maintenance and documented performance characteristics, and
instruction-tuning suitable for question-answering tasks. All models were obtained from the
Hugging Face model repository.

Experiments were conducted on two hardware configurations to assess model performance
across different computational environments. Configuration A (Llama 3.1 8B experiments) used iMac
24-inch with Apple M1 chip featuring 8-core CPU and 10-core GPU, 16 GB unified memory, 512 GB
SSD storage, running macOS 14. The M1’s unified memory architecture enables efficient model-
memory data transfer through shared memory space between CPU and GPU cores. Configuration B
(Mistral 7B and Granite 3.2 8B experiments) used dual Intel Xeon processor server with 128 GB DDR4
RAM, 20 TB HDD storage, running Ubuntu 24.04 LTS. No GPU acceleration was employed for these
experiments. All models were deployed locally. Local deployment eliminated network latency
variability and external service dependencies, ensuring consistent experimental conditions. These
hardware configurations represent modest computational resources. This demonstrates that the
evaluation methodology does not require specialized infrastructure. However, this setup reflects
available on-premise resources and does not represent typical GPU-accelerated production
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environments. The heterogeneous hardware configuration across models precludes direct
comparison of absolute performance metrics such as inference latency.

Figure 1 presents the complete PaSSER framework architecture. The three-layer design enables
systematic evaluation of multi-agent coordination strategies through modular components for model
deployment, retrieval-augmented generation, performance assessment, and blockchain-based result

verification.

LLM Infrastructure

Local LLM Deployment
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Figure 1. PaSSER Framework Architecture. The framework comprises three integrated layers: (1) LLM
Infrastructure layer supporting local deployment of Mistral 7B, Llama 3.1 8B, and Granite 3.2 8B models with
ChromaDB vector database and multi-agent coordination engine implementing four strategies (Collaborative,
Sequential, Competitive, Hierarchical); (2) Web Application layer providing React/PrimeReact frontend with
LangChain RAG pipeline, configuration management, and real-time monitoring; (3) Evaluation & Storage layer
featuring Python-based metric computation (Flask API with NLTK, PyTorch), CPS/T-CPS calculation, statistical

analysis, and blockchain integration via Antelope for immutable result verification.

3.2. Multi-Agent Coordination Strategies and Experimental Design

The evaluation dataset consisted of 100 question-answer pairs derived from the “Climate Smart
Agriculture Source Book” [16]. Each model-strategy combination was evaluated on the same question

set.
Figure 2 illustrates the seven-step experimental workflow, from initial vector store creation to
final result verification. This workflow was applied consistently to all model-strategy combinations.

1 2 3 4 5 6 7
Vector Store Dataset Retrieval Multi-Agent Response Performance Result Recording
Creation Preparation Configuration Execution Generation Evaluation Metrics are
Domain-specific Reference question- System parameters are Selected dinati LLM Python backend aggregated, CPS/T-
documents are answer pairs are configured for strategy processes answer(s) with agent computes metrics CPS calculated, and
processed and generated or curated retrieval and query with retrieved coordination comparing generated results stored
embedded into vector for evaluation generation context mechanisms vs. reference answers Storage &
dainbiise Dataset Structure: > Parameters: Strategies: Coordination: Metrics Verification:
Technical Details: JSON format with Similarity threshold, Consensus voting, Computed: Blockchain logging
Chunking with Q&A pairs, reference k-value, retriever sequential refinement, METEOR, ROUGE, via smart contracts,
overlap, sentence- answers, domain mode, context -Sq competitive selection, BLEU, Cosine CSV export, statistical
transformers metadata window [ Competitive } hierarchical synthesis similarity, Pearson analysis
embeddings m correlation, F1, m
["Score Mode ) Paplaty MongoDB
[ NUTK L PyTorc J

Figure 2. Testing Workflow in the PaSSER Framework. The seven-step experimental protocol encompassing: (1)
vector store creation with domain-specific document embeddings via ChromaDB, (2) dataset preparation with
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reference question-answer pairs, (3) retrieval configuration establishing similarity thresholds and context
parameters, (4) multi-agent execution implementing coordination strategies (Collaborative, Sequential,
Competitive, Hierarchical), (5) response generation with agent coordination mechanisms (as Python API), (6)

performance evaluation computing metrics, and (7) result recording.
Four coordination strategies were implemented with the following operational protocols:

3.2.1. Collaborative Strategy

Implementation: All three agents processed each query independently in parallel using identical
retrieved context and system prompts. Each agent generated a complete response with confidence
estimation based on internal coherence metrics. The final output aggregated all agent responses into
a comprehensive summary that preserved individual perspectives while highlighting areas of
consensus and divergence.

Consensus Mechanism: No explicit selection or filtering occurred; all agent outputs contributed
equally to the final response. Confidence scores were averaged to produce an aggregate consensus
score. This approach assumes that multiple independent perspectives enhance coverage and reduce
individual agent blind spots.

3.2.2. Competitive Strategy

Implementation: Three agents processed each query independently in parallel using identical
retrieved context. Each agent assigned a confidence score (0-100 scale) to its generated response based
on semantic coherence, factual consistency with context, and answer completeness.

Selection Mechanism: The agent with the highest confidence score was designated as the winner.
Only this agent’s response was returned as the final answer, with the winner’s confidence serving as
the consensus score. Disagreement was quantified by calculating variance in confidence scores across
agents (normalized to 0-1 range).

3.2.3. Hierarchical Strategy

Implementation: Two specialist agents processed the query first, generating independent
preliminary analyses. A third agent acting as manager received truncated summaries (first 400
characters) of specialist outputs along with the original query and retrieved context. The manager
agent synthesized specialist insights into a unified final response with expanded context window
(1.5% standard context size) to accommodate specialist inputs.

Coordination Protocol: Sequential two-phase processing: (1) parallel specialist analysis (2
agents), followed by (2) manager synthesis (1 agent). The manager could selectively integrate,
reconcile, or prioritize specialist perspectives based on relevance and quality assessment.

3.2.4. Sequential Strategy

Implementation: Agents processed the query in defined sequential order (Agent 1 — Agent2 —
Agent 3). Each agent received: (1) the original query, (2) retrieved context passages, and (3) the
previous agent’s complete response (for Agent 2 and Agent 3). Context accumulation enabled
progressive refinement, with each agent building upon predecessors” work.

Refinement Protocol: Agent 1 generated an initial response from retrieved context. Agent 2
reviewed Agent 1’s response and refined or extended it based on identified gaps, errors, or
opportunities for elaboration. Agent 3 performed final review and refinement, producing the
definitive system response. This iterative approach aimed to progressively improve response quality
through multiple processing passes.

3.2.5. Retrieval Context Configuration

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Two retrieval context delivery modes were evaluated to isolate coordination effects from
retrieval fragmentation:

- Independent Retrieval (Granite 3.2 8B, Mistral 7B, Llama 3.1 8B): Each agent independently
queries the vector database and retrieves its own document subset based on similarity ranking.
This configuration allows agents to access potentially different retrieved passages, introducing
retrieval diversity but also potential inconsistency in available context.

- Shared Context Retrieval (Granite-SCR): All agents receive identical retrieved document sets
extracted through a single vector database query. This configuration ensures uniform input
context across all agents, eliminating retrieval fragmentation as a confounding variable and
isolating pure coordination effects.

Both configurations maintain identical similarity thresholds (0.95), chunk sizes, embedding
models (sentence-transformers with Mistral), and k-value settings (k=5). The comparison enables
assessment of whether multi-agent performance degradation stems from coordination overhead or
from inconsistent retrieval across agents.

Each model-strategy combination underwent evaluation on all 100 test instances, yielding 1,500
total evaluations. Three models, four multi-agent strategies, and 100 tests generated 1,200 multi-agent
evaluations. Three models, one RAG baseline, and 100 tests generated 300 baseline evaluations. Test
execution followed randomized instance ordering within each configuration to mitigate temporal
drift effects. For each test, the system recorded all nine component metrics for CPS calculation,
response generation time (milliseconds), token counts (prompt tokens, completion tokens, total
tokens), and coordination metrics for multi-agent configurations only (agent participation count,
consensus rounds, disagreement rate, consensus score).

3.3. Performance Evaluation Framework

A comprehensive 9-metric evaluation suite was employed, capturing complementary quality
dimensions: lexical fidelity (BLEU, ROUGE-1, ROUGE-L), semantic alignment (METEOR, cosine
similarity, Pearson correlation), answer quality (F1 score), and fluency (Laplace and Lidstone
perplexity).

METEOR measures text quality through precision-recall alignment accounting for exact
matches, stems, synonyms, and word order. Implementation used nltk.translate.meteor_score.

ROUGE measures n-gram overlap between generated and reference texts. Two variants were
used: ROUGE-2 (bigram overlap) and ROUGE-L (longest common subsequence), both computing
Fl-scores combining precision and recall. Implementation used the rouge library’s get_ scores
function.

BERTScore evaluates contextual alignment using transformer-based embeddings, computing
token-level cosine similarities aggregated into F1 scores. Implementation used the bert-score library

B-RT (BERT-based Reference-free Text Evaluation) provides reference-free assessment across
coherence, consistency, fluency, and relevance using BERT representations. Two variants were used:
B-RT.average (overall quality) and B-RT.fluency (grammatical naturalness).

F1 Score combines precision and recall as their harmonic mean: F1 = 2 X (Precision X
Recall)/ (Precision + Recall) . Implementation used scikit-learn for token-level agreement
measurement.

Perplexity quantifies model uncertainty in predicting text sequences, with lower values
indicating better predictive performance. Two smoothing variants were used: Laplace (add-one, o =
1.0) and Lidstone (parameterized, a = 0.5) to handle zero-probability n-grams. Implementation used
the nltk.JIm module.

All metrics were computed using the PaSSER framework and aggregated across 100 test
instances per configuration to provide mean and standard deviation values for statistical analysis.
Detailed implementation is available in GitHub repository [38] (backEnd.py and maBackEnd.py
scripts).
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Multiple assessment dimensions were aggregated into a unified metric enabling systematic
comparison across configurations. The Composite Performance Score (CPS) provides this unified
framework by integrating nine evaluation metrics spanning lexical overlap, semantic similarity,
predictive accuracy, and linguistic quality into a single weighted score [6].

The CPS formulation addresses three fundamental challenges in multi-metric evaluation: (1)
heterogeneous metric scales requiring normalization, (2) opposing directionality where some metrics
improve with higher values while others improve with lower values, and (3) differential importance
of evaluation dimensions necessitating weighted aggregation.

For each query q evaluated under model m with coordination strategy s, the CPS is computed
as:

n
d;(m; , — min; 1-—d;
CPS‘gm,S) — Zwl[ l( Lq l) + i (1)

; max;—min; 2
i=1

where:

- d; € —1,+1 indicates the polarity of metric i: d; = +1 if higher values indicate better
performance, d; = —1 if lower values indicate better performance
w; is the assigned weight for metric i, with }, w; =1
The normalization procedure ensures all metrics are scaled to the [0,1] range while preserving

their performance directionality. For metrics where higher values indicate better performance
(d; = +1), the standard min-max normalization is applied:

. m; —min;
Normalized value = ——
max;—min;
For metrics where lower values indicate better performance (d; = —1), specifically the

perplexity metrics in this study, the normalization is inverted to ensure that superior performance
(lower perplexity) maps to higher normalized scores:
i max; —m;

Normalized value = ———

max;—min;

The aggregated CPS for model $m$ with strategy s across @ queries is:

Q
1
s = 52 cpsim™? )
g=1

This aggregated score provides the basis for comparing mean performance across different
coordination strategies and model architectures. Metric weights in the CPS calculation (Equation 1)
prioritize content accuracy and completeness: F1 score (20%), METEOR (15%), and BLEU (15%) for
information retrieval quality. Cosine similarity and Pearson correlation (10% each) assess semantic
relevance. ROUGE-1, ROUGE-L, Laplace perplexity, and Lidstone perplexity (7.5% each) balance
lexical overlap and language modeling quality. These weights reflect established priorities in RAG
evaluation where content accuracy and semantic fidelity are primary concerns [6]. The selection of
evaluation metrics for LLM systems requires careful consideration of task-specific requirements and
model capabilities. Recent evaluations demonstrate that even state-of-the-art LLMs achieve only 60%
accuracy on complex reasoning tasks, emphasizing the importance of comprehensive evaluation
frameworks that capture both performance and reasoning reliability [39].

While mean CPS provides comprehensive performance assessment across evaluation instances,
output variability was also assessed. This consideration is particularly salient for multi-agent
systems, which introduce multiple sources of output variability beyond those present in single-agent
configurations. Multi-agent coordination mechanisms can amplify output inconsistency through
several pathways: (1) voting ambiguities in collaborative strategies where small changes in individual
agent outputs can flip majority decisions, producing substantially different final responses; (2)
sequential error propagation where early-stage agent mistakes compound through refinement
chains; (3) evaluator selection variability in competitive strategies where the meta-agent’s quality
assessment may be inconsistent across similar response sets; and (4) coordinator synthesis
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inconsistency in hierarchical approaches where the integration of multiple perspectives introduces
additional decision points with associated variability.

T-CPS integrates mean performance with consistency through a reward-penalty structure,
penalizing high variability configurations.

The T-CPS for model m with strategy s is computed as:

T = CPSys = fims - (1+ @+ (1= CVys)) = B CU2, 3)

where:

- Um,s is the mean CPS for model m with strategy s

- CVps = % is the coefficient of variation, with o, denoting the standard deviation of CPS
m,s

across evaluation instances

- a defines the reward coefficient for stable configurations

- B defines the penalty coefficient for high variability

- The coefficient of variation normalizes variability assessment by expressing standard deviation
as a proportion of the mean, enabling fair comparison across configurations with different
baseline performance levels. Lower CV values indicate more consistent behavior across queries
and evaluation runs.

The reward term g, s - (1 +a- (1 -C les)) increases scores for stable configurations. When

CVy s = 0 (perfect consistency), the configuration receives the maximum reward of s (1 + a). As
variability increases, the reward diminishes, reaching p,; when CV,,; =1 (standard deviation
equals mean).

The penalty term fB-CVZ; applies a quadratic penalty for high variability, ensuring that
unstable configurations are appropriately downweighted. The quadratic form provides progressive
penalization: configurations with moderate variability receive modest penalties, while highly
unstable configurations (large CV) are substantially penalized.

Parameter values a« = 0.1 and B = 0.05 follow standard practices in machine learning
[40,41]. These values ensure that both average quality and stability matter in the evaluation. They do
not over-penalize normal variability in language model outputs [42].

When a = 0.1, a perfectly consistent system (CV = 0) gets a 10% reward. Systems with some
variability get smaller rewards. When f = 0.05, systems with low variability get small penalties.
Systems with high variability get larger penalties because the penalty uses CV?. These parameters
favor systems with good average performance and reasonable consistency. This matches what is
needed for deployed language models [43].

This formulation is adapted from our previous work [6] on threshold selection in RAG systems.
In the present multi-agent context, T-CPS serves to identify coordination strategies that achieve
strong mean performance while maintaining acceptable output stability —a dual objective critical for
practical system deployment.

The T-CPS framework is particularly valuable in multi-agent evaluation because coordination
mechanisms inherently introduce additional variability sources beyond single-agent sampling
randomness. By simultaneously evaluating performance and stability, T-CPS identifies
configurations that not only achieve high average quality but also deliver predictable, reliable
outputs—characteristics essential for user-facing applications where inconsistent behavior
undermines trust and usability.

3.4. Baseline Configuration and Statistical Analysis

Single-agent RAG baseline configurations were established through systematic threshold
evaluation for each model. The selection procedure employed the same evaluation framework—
PaSSER with a 369-question Climate-Smart Agriculture dataset and comprehensive metric
assessment.
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Each model was evaluated across similarity thresholds ranging from 0.50 to 0.95 in increments
of 0.05. For each threshold configuration, both CPS and T-CPS were computed across all 369
questions. Statistical significance was assessed through paired t-tests comparing each threshold
configuration against an untuned retrieval baseline without explicit threshold filtering (a = 0.05).
Performance improvements and consistency measures (coefficient of variation) were evaluated to
identify threshold configurations that balance both mean performance gains and output stability.

Baseline thresholds were selected by identifying configurations that maximized T-CPS while
maintaining statistically significant performance improvements. This approach ensures baselines
represent not only strong mean performance but also reliable, consistent outputs across diverse
queries —a critical requirement for practical RAG system deployment.

The evaluation identified threshold 0.95 for Mistral 7B (T-CPS: 0.5911, +5.37% improvement) and
Granite 3.2 8B (T-CPS: 0.5622, +1.26% improvement), and threshold 0.90 for Llama 3.1 8B (T-CPS:
0.5495, +1.87% improvement). These threshold-calibrated configurations establish the single-agent
RAG baselines against which multi-agent coordination strategies are compared.

Table 1 presents the baseline selection analysis, showing the performance characteristics of
optimal thresholds alongside the baseline (no threshold) configuration and alternative competitive
thresholds for comparison.

Table 1. Baseline Configuration Selection for Multi-Agent Comparison.

T- Balanc

fi io Threshol T- P lecti
Model Con 1iurat10 r(:is o CPS crs cv (; 0/S CPS o Se ::tlo
° A% Score
Mistra Buselin B 0518 0561 0150 B B
17B aseine 1 0 1
Mistra 0544 0591 0.133 +5.16 +5.37 Max T-
|5 SELECTED 0.95 o . 0 " o 40.11 oPS
Mistra 0533 0578 0.131 +2.93 +3.16
ive 1 . .
178 Alternative 0.90 5 - N o o 24.07
Mistra , 0532 0577 0.128 +2.70 +2.97
17B Alternative 2 0.70 1 6 3 % % 23.13
Granit , 0511 0555 0.124
e3.2 Baseline — 5 5 3 — — —
8B
Granit 0517 0562 0124 +125 +1.26 Max T
2 ELECTED ) : : : ’ ’ 10.12 )
8833 SELEC 0-95 6 2 0 % % 0 CPS
Granit 0517 0561 0122 +1.18 +1.20
e3.2  Alternative 1 0.80 ' ' ’ o o 9.85
oE 2 9 0 % %
Granit 0516 0561 0123 +1.10 +1.10
e3.2  Alternative 2 0.75 ’ ’ ’ 0' 0' 8.91
9B 8 3 9 % %
Llama Buseli 0.498 0539 0.149
3.18B aseline 2 4 7
Llama 0507 0549 0.147 +1.85 +1.87 Max T-
31gg SELECTED 0.90 A 5 9 o o 12.65 oPS
Llama , 0504 0547 0.128 +1.30 +1.55
31 8B Alternative 1 0.55 6 g 6 % % 12.05
Llama . 0503 0545 0.158 +1.15 +1.04
318B Alternative 2 0.80 9 0 9 o o 6.57

Notes: All configurations evaluated on 369 question-answer pairs from Climate-Smart Agriculture dataset; CPS:

Composite Performance Score (see Section 3.3 for metric details); T-CPS: Threshold-aware CPS with stability
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reward (@ = 0.1) and variability penalty (8 = 0.05); CV: Coefficient of Variation (o/u; lower values indicate
more consistent performance); Balance Score: (T — CPS A%) / CV (measures stability-performance trade-off);

Selection criterion: Maximum T-CPS among configurations with positive improvements and acceptable stability.

Figure 3 compares threshold configurations, confirming that selected baselines optimize both
mean performance and consistency. Selected baselines (gold-highlighted) consistently achieve
superior T-CPS performance: Mistral 7B demonstrates the largest improvement potential (+5.37% at
threshold 0.95), while Granite 3.2 8B (+1.26% at threshold 0.95) and Llama 3.1 8B (+1.87% at threshold
0.90) show more modest but reliable gains. The close alignment between CPS and T-CPS bars
confirms that selected thresholds optimize mean performance without compromising output
consistency, establishing rigorous reference points for multi-agent comparison.

Baseline Threshold Selection: CPS and T-CPS Improvements

Mistral 7B Granite 3.2 8B Llama 3.1 8B

SELECTED

5.37 B CPS A% SELECTED SELECTED
5.16 E T-CPS A%

Improvement (%)
Improvement (%)
w
1
Improvement (%)
w
1

1.25 1.26 1.18 1.20

1.10 1.10
1 _!—-—-
D -

Selected Alt 1 Selected Alt 1
(0.

Alt 2
(0.95) (0.90) (0.70) (0.95)

Selected Alt 1
(0.

80) ©.75) (0.90) 55) (050)

Figure 3. Baseline Threshold Selection: Performance Comparison Across Threshold Configurations. Grouped
bar charts comparing CPS improvement (blue bars) and T-CPS improvement (red bars) for three threshold
configurations per model. Selected baselines (highlighted in gold): Mistral 7B at threshold 0.95 (CPS: +5.16%, T-
CPS: +5.37%), Granite 3.2 8B at threshold 0.95 (CPS: +1.25%, T-CPS: +1.26%), Llama 3.1 8B at threshold 0.90 (CPS:
+1.85%, T-CPS: +1.87%). Alternative configurations (Alt 1, Alt 2) show competing threshold choices with lower
T-CPS improvements. Values displayed on bars indicate percentage improvement relative to untuned baseline.
Selected thresholds maximize T-CPS while maintaining statistically significant CPS improvements, balancing

mean performance with output consistency.

The selected baseline configurations demonstrate statistically significant improvements over
untuned retrieval while maintaining stable, consistent output quality. Mistral 7B achieves the largest
improvement magnitude (+5.37% T-CPS) with strong balance between performance gains and
stability (Balance Score: 40.11). Granite 3.2 8B exhibits the most stable performance profile (CV:
0.1240) with modest but reliable improvements (+1.26% T-CPS). Llama 3.1 8B demonstrates
intermediate characteristics, balancing moderate improvement (+1.87% T-CPS) with acceptable
consistency (CV: 0.1479).

These threshold-calibrated baselines establish rigorous comparison conditions for evaluating
multi-agent coordination effectiveness, ensuring that any observed performance differences reflect
coordination mechanisms rather than suboptimal baseline configurations.

Performance comparisons employed percentage change metrics relative to RAG baselines:

CPSyaCP — CPS
( MA RAG) % 100

CPSchage %) = ( 4)

Positive values indicate multi-agent improvements. Negative values indicate degradation.
Similar calculations applied to T-CPS. Statistical significance testing used paired t-tests, Cohen’s d
effect sizes, and 95% confidence intervals. Configuration-level aggregation computed mean CPS,
standard deviation, and coefficient of variation across all 100 test instances for each model-strategy
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combination. Strategy-level analysis averaged results across the three models to identify general
coordination patterns independent of specific model characteristics.

4. Results

4.1. Experimental Overview

The multi-agent evaluation used a 100-question subset drawn from the 369-question Climate-
Smart Agriculture Sourcebook dataset employed for baseline threshold determination (Section 3.4).
This subset enabled intensive multi-agent testing while maintaining experimental tractability. The
baseline configurations used similarity thresholds determined through the full 369-question
evaluation: a threshold of 0.95 for Mistral 7B and Granite 3.2 8B, and a threshold of 0.90 for Llama 3.1
8B.

The experimental design encompassed 2,000 test instances across 20 configurations evaluated
on 100 questions each. Configurations comprised 4 single-agent RAG baselines (Mistral 7B, Llama 3.1
8B, Granite 3.2 8B with independent retrieval, and Granite-SCR with shared-context retrieval), 12
standard multi-agent configurations (3 models x 4 coordination strategies with independent
retrieval), and 4 Granite-SCR multi-agent configurations (4 coordination strategies with shared-
context retrieval). The four coordination strategies—Collaborative, Sequential, Competitive, and
Hierarchical —are detailed in Section 3.2. The Granite-SCR configurations provided all agents with
identical retrieved context to isolate coordination overhead effects from retrieval fragmentation.

Performance was assessed using the CPS and T-CPS metrics (see Section 3.3). Statistical
validation employed paired t-tests to compare each multi-agent configuration with its corresponding
baseline (a = 0.05), with effect sizes quantified using Cohen’s d.

4.2. Overall Performance Comparison

Table 2 presents comprehensive performance results ranked by degradation magnitude across
all model-strategy combinations. The unified presentation includes both CPS and T-CPS scores,
percentage changes from baseline, statistical significance assessments, and effect size measurements.
Configurations were grouped by degradation severity to facilitate interpretation of boundary
conditions for multi-agent coordination effectiveness.

Table 2. Multi-Agent Coordination Performance Ranked by Degradation Magnitude.

A AT- , .
Ran Model- cPs T- CPS CPS tstat P Cohen” Id Ef.fect Si
k Strategy CPS value sd I Size g
(%) (%)
BASELINES
B Mistral 7B 0579 0.626 . B B B B . .
6 7
Granite 3.2  0.565 0.612
8B/ SCR 8 5
_ Llama 3.1 0.539 0.582 _ _ _ _ _ _ _ _
8B 7 9
MINIMAL DEGRADATION
Llama 3.1
0.513  0.555 - - - 0.1
1 SB' 9 0 478 479 1915 0.058  -0.19 9 Negl. ns
Sequential
Llama 3.1
0.511 0.549 - - - 0.2
2 ' SB. 9 526 566 1975 0.051  -0.20 0 Negl. ns
Hierarchical
MODERATE DEGRADATION
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Llama 3.1
8B 0.504 0.545 - - - 0.2 .
Competitiy 7 0 648 650 2511 OO 0» 5 Small
e
Granite- ) i
SCR 0.485 0.524 - <0.00 0.6 Mdiu
Competitiv =~ 4 4 1?2 1‘;'3 6.632 1 066 m
e
Granite- - -
5 SCR 0'i74 0'5413 16.1 16.1 79_ 66 <0i00 -0.80 0(')8 Large ***
Hierarchical 3 8 ’
SEVERE DEGRADATION
Granite- - - -
6 SCR 0436 0468 229 235 1062 <000 -1.06 10 Large ***
: 1 5 1 6
Sequential 2 1 8
Granite 3.2
7 8B 042049 50 050 1439 U ga M parge e
Competitiv 4 1 1 4
5 5 3
e
Mistral 7B - - -
434 471 <0. 1.2
8 Competitiv 0434 0 250 247 1272 0.00 -1.27 Large  ***
4 9 1 7
e 5 0 4
9 M1stral ?B 0.421 0.455 273 979 1362 <0.00 136 1.3 Large ***
Hierarchical 1 8 1 6
4 6 4
Granite 3.2 - - -
10 8B 0'103 O'A;?,S 28.6 283 16.32 <0i00 -1.63 1:'36 Large ***
Hierarchical 3 4 6
Granite 3.2 - - -
11 8B 0599 0434 293 29.0 17.03 <000 -1.70 17 Large ***
. 9 6 1 0
Sequential 2 4 3
1 Mistral ?B 0.412 0.445 289 289 13.63 <0.00 136 1.3 Large **
Sequential 1 0 1 6
0 9 2
UNIVERSAL COLLABORATIVE DEGRADATION
Llama 3.1
13 85 : 0387 0421 282 276 14.73 <000 -1.47 14 Large ***
Collaborati 3 5 1 7
4 9 3
ve
Granite 3.2
14 8B . 0.365 0.398 354 349 2093 <0.00 209 20 Very .,
Collaborati 5 4 1 9  Large
0 6 5
ve
Granite-
15 SCR , 0387 0421 315 311 1948 <000 -1.95 1.9 Large ***
Collaborati 1 5 1 5
8 9 5
ve
Mistral 7B - - -
16  Collaborati 03750408 352 348 1947 <000 -1.95 i Large ***
5 4 1 5
ve 2 3 0

Notes: Statistical significance: ** p < 0.001, ** p < 0.01, * p < 0.05, ns = not significant (p > 0.05); A values:

Percentage difference from respective baseline (negative indicates degradation); Cohen’s d: Standardized effect

size computed as d = t/\n where n = 100; Id| (Absolute effect size): Magnitude interpretation using Cohen’s
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conventions: Negligible: Id| < 0.2 (minimal practical significance); Small: 0.2 < Id| < 0.5 (noticeable effect);
Medium: 0.5 < Id| < 0.8 (clear practical significance); Large: 0.8 < |d| < 1.3 (substantial practical significance);
Very Large: |dl 2 1.3 (profound practical significance); Grouping: Configurations grouped by degradation
severity and statistical/practical significance; SCR: Shared Context Retrieval (eliminates retrieval fragmentation
for Granite 3.2 8B).

The performance evaluation provides empirical evidence regarding multi-agent coordination
effectiveness under the evaluated conditions. Only 2 of 16 multi-agent configurations (12.5%)
demonstrated non-significant degradation relative to baseline RAG systems, with both
configurations employing Llama 3.1 8B architecture (Sequential and Hierarchical strategies, ranks 1-
2, 1d1 =0.19-0.20). The remaining 87.5% showed statistically significant degradation (p < 0.05), with
81.25% reaching highly significant levels (p < 0.001). The complete performance hierarchy is
visualized in Figure 4, which groups configurations by degradation severity from minimal (green)
through moderate (orange) and severe (red) to universal collaborative failure (purple).

Performance Degradation: Multi-Agent vs Single-Agent RAG Baselines

istral 75 [ 5795
Granite 3.2 ¢5 N .73
Liama 3.1 65 I © -7

Uama Sequential NI 051 (\=-4.5%,4|=0.19
Llama Hierarchical N 0511 (A=-5.5% (=020

Liama Competitive I 0505 (=-5.5%,d]£0.25)
Granite-SCR Competitive NN 325 (A=-14.2%, =0 66 I
Granite-SCR Hiererchical NN ] 475 (A=-16.1%.dl=0.00)

Granite-SCR Sequential [ NNRNMDD 0436 (A=-22.9%, |d|=1.06)
Granite Competitive [ NNNNNDD 0422 (A=-25.4%, |d|=1.44)
Mistral Competitive [NNRNMMI ©.434 (A=-25.1%, [d|=1.27)
Mistral Hierarchical [ NNRNRMM 0421 (A=-27.3%, |d|=1.36)
Granite Hierarchical [ NRNMM o104 (A=-28.6%, |d|=1.63)

Granite Sequential [INNNMMM 0400 (A=-29.3%, |d|=1.70)
Mistral Sequential [ NNENRNDD o412 (A=-28.9%, |d|=1.36)

BASELINES

MINIMAL

MODERATE

COLLABORATIVE
Llama Collaborative [N ©387 (A=-28.2%, |d|=1.47)
Granite Collaborative [N 0365 (A=-35.4%, |d|=2.09)
Granite-SCR Collaborative [N 0387 (A=-31.6%, |d|=1.95)
Mistral Collaborative NN 0376 (A=-35.2%, |d|=1.95)
T T T T T T T
0.35 0.40 0.45 0.50 0.55 0.60 0.65

Composite Performance Score (CPS)

Figure 4. Multi-Agent Coordination Performance Degradation Relative to Single-Agent RAG Baselines.
Horizontal bar chart displaying CPS scores organized by performance from highest (top) to lowest (bottom).
Baselines (dark bars, top): Mistral 7B (0.5796), Granite 3.2 8B (0.5658), Llama 3.1 8B (0.5397). Multi-agent
configurations grouped by degradation severity: Minimal (green, A =-4.78% to -5.26%, |d| <0.20, ns), Moderate
(orange, A =-6.48% to -16.13%, |d| = 0.25-0.80), Severe (red, A =-22.92% to -29.32%, |d| =1.06-1.70, p < 0.001),
Collaborative (purple, A = -28.24% to -35.40%, Id| = 1.47-2.09, p < 0.001). Bar annotations show CPS values,
percentage degradation (A), and effect sizes (1 d|). Dashed line indicates baseline average (0.5617). All 16 multi-

agent configurations underperform baselines; 87.5% show statistically significant degradation (o = 0.05).

Multi-agent coordination strategies consistently underperformed baselines, with CPS scores
spanning 0.3655 to 0.5139. Performance degradation relative to baseline ranged from 4.78% (Llama
3.1 8B Sequential, rank 1) to 35.40% (Granite 3.2 8B Collaborative, rank 14). T-CPS degradation
followed similar patterns, ranging from 4.79% to 34.96%, confirming that multi-agent approaches
degraded both mean performance and consistency.
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Systematic patterns emerged across degradation severity groupings. The Minimal Degradation
group (ranks 1-2) contained only Llama 3.1 8B configurations with negligible effect sizes (Id| <0.2)
and non-significant degradation. These represented the only configurations approaching baseline
performance levels. The Moderate Degradation group (ranks 3-5) showed small to large effect sizes
(Idl' = 0.25-0.80) with mixed statistical significance, demonstrating measurable but varied
coordination overhead. The The Severe Degradation group (ranks 6-12) exhibited large effect sizes
(Id1=1.06-1.70) with consistent statistical significance (p <0.001), indicating substantial coordination
costs for the Mistral 7B and Granite 3.2 8B models in the evaluated implementation. The Universal
Collaborative Degradation group (ranks 13-16) demonstrated the most profound degradation, with
large-to-very-large effect sizes (d = 1.47-2.09) across all models. This indicates that, in its implemented
form, collaborative coordination produced consistently poor results. This failure pattern is clearly
visible in Figure 4 as the purple bars at the bottom of the chart, representing the worst-performing
configurations.

Effect size analysis revealed the magnitude of practical significance beyond statistical
thresholds. Granite 3.2 8B demonstrated the strongest sensitivity to coordination overhead, with
effect sizes ranging from |d| =1.44 (Competitive, rank 7) to |d | =2.09 (Collaborative, rank 14). These
values substantially exceeded conventional thresholds for “large” effects (Id| > 0.8), indicating
profound practical significance. Mistral 7B exhibited a similar pattern, with effect sizes from Id| =
1.27 (Competitive, rank 8) to |d| = 1.95 (Collaborative, rank 16).

Llama 3.1 8B presented a markedly different profile. While Collaborative strategy showed severe
degradation (Id| = 1.47, rank 13, p < 0.001), the Sequential (Id| = 0.19, rank 1) and Hierarchical (Id|
= 0.20, rank 2) strategies exhibited only negligible, non-significant effects. Competitive strategy
showed small but statistically significant degradation (1d| =0.25, rank 3, p = 0.014). These differential
responses suggested that architectural characteristics influenced susceptibility to coordination
overhead.

4.3. Statistical Significance and Effect Size Analysis

Statistical analysis confirmed that observed performance degradation in multi-agent strategies
was not attributable to random variation. Of the sixteen multi-agent configurations evaluated,
fourteen (87.5%) showed statistically significant degradation at p < 0.05, with thirteen (81.25%)
reaching highly significant levels (p <0.001). Only two configurations —Llama 3.1 8B Sequential (rank
1) and Hierarchical (rank 2)—failed to reach statistical significance, both with p-values marginally
above the o = 0.05 threshold (p = 0.058 and p = 0.051, respectively).

Effect sizes, quantified through Cohen’s d and reported as | d | in Table 2 and annotated in Figure
4, revealed the magnitude of practical significance beyond statistical thresholds. The effect size
groupings demonstrated clear patterns. Negligible effects (Id!| < 0.2) appeared only in ranks 1-2,
representing the two non-significant Llama 3.1 8B configurations. Small effects (0.2 < Id| < 0.5)
appeared only at rank 3 (Llama Competitive, |d| = 0.25). Medium effects (0.5 < Id| < 0.8) appeared
only at rank 4 (Granite-SCR Competitive, |d| =0.66). Large effects (0.8 < |d| < 1.3) spanned ranks 5-
13, encompassing 9 of 16 configurations (56.25%). Very large effects (Id| > 1.3) appeared at ranks 7-
8, 10-12, and 14, representing the most severe degradation cases.

Granite 3.2 8B demonstrated the strongest sensitivity to coordination overhead, with effect sizes
ranging from |d| = 1.44 (Competitive, rank 7) to |d| = 2.09 (Collaborative, rank 14). These values
substantially exceeded conventional thresholds for “large” effects (Id| > 0.8), indicating profound
practical significance. Mistral 7B exhibited a similar pattern, with effect sizes from Id| = 1.27
(Competitive, rank 8) to |d| =1.95 (Collaborative, rank 16).

Llama 3.1 8B presented a markedly different profile. While Collaborative strategy showed severe
degradation (Id| = 1.47, rank 13, p <0.001), the Sequential (Id| = 0.19, rank 1) and Hierarchical (I/d|
= (.20, rank 2) strategies exhibited only small, non-significant effects. Competitive strategy showed
small but statistically significant degradation (Idl = 0.25, rank 3, p = 0.014). These differential
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responses suggested that architectural characteristics influenced susceptibility to coordination
overhead.

The Granite-SCR configuration demonstrated statistically significant improvement over
standard Granite 3.2 8B across all strategies, with all comparisons reaching p < 0.001. Effect sizes for
SCR improvement ranged from |d| = 0.66 (Competitive, rank 4) to |d| = 1.95 (Collaborative, rank
15), confirming that shared context delivery provided meaningful benefit. However, the effect sizes
relative to baseline confirmed that even with shared context, coordination overhead remained
prohibitive, with all SCR configurations ranking between 4th and 15th place among the 16 multi-
agent approaches.

4.4. CPS and T-CPS Relationship Analysis

The relationship between CPS and T-CPS revealed critical insights about the interplay between
mean performance and output consistency. For baseline configurations, T-CPS scores consistently
exceeded CPS scores by 8.0% to 8.2% (Mistral: +8.1%, Llama: +8.0%, Granite: +8.2%), reflecting the
reward term in the T-CPS formulation for stable outputs. This consistent elevation indicated that
baseline RAG achieved both high performance and good consistency.

Multi-agent configurations exhibited more complex CPS-T-CPS relationships. Collaborative
strategies (ranks 13-16) demonstrated a paradoxical pattern: despite having the lowest CPS scores
across all configurations (0.3655-0.3873), they achieved relatively high T-CPS scores compared to their
CPS values. Llama 3.1 8B Collaborative (rank 13) showed T-CPS elevation of 8.9% over CPS, while
Mistral 7B Collaborative (rank 16) achieved 8.8% elevation, and Granite 3.2 8B Collaborative (rank
14) reached 9.0% elevation. This “stable mediocrity” pattern indicated that consensus mechanisms
reduced variability by converging toward safe but suboptimal solutions rather than achieving
consistently high quality.

In contrast, Competitive strategies (ranks 3, 4, 7-8) showed modest T-CPS elevation (6-9%),
indicating higher variability in outputs. Hierarchical strategies (ranks 2, 5, 9-10) exhibited similar
patterns with T-CPS elevation ranging from 7.5% to 8.2%. Sequential strategies (ranks 1, 6, 11-12)
demonstrated intermediate behavior with T-CPS elevation around 8.0-8.2%. These patterns
suggested that different coordination mechanisms produced distinct consistency profiles
independent of mean performance levels.

The Granite-SCR configurations (ranks 4-6, 15) maintained T-CPS elevation patterns similar to
standard Granite configurations (ranks 7, 10-11, 14), with both groups showing 7-9% elevation. This
indicated that shared context delivery affected mean performance without substantially altering
output consistency characteristics. This finding confirmed that retrieval fragmentation primarily
impacted mean quality rather than variability.

Across all configurations, T-CPS remained substantially below baseline values, confirming that
multi-agent coordination degraded both mean performance and consistency-aware metrics. The dual
degradation pattern established that coordination overhead affected not only average quality but also
output reliability —a critical consideration for production deployment where predictable behavior is
essential.

4.5. Model-Specific Coordination Response Patterns

The three evaluated models demonstrate distinct response patterns to multi-agent coordination,
revealing architectural dependencies in coordination effectiveness.

Llama 3.1 8B exhibits selective tolerance to coordination overhead. Sequential (rank 1) and
Hierarchical (rank 2) strategies produced minimal, non-significant degradation (Sequential: -4.78%,
p=0.058, Id| =0.19; Hierarchical: -5.26%, p = 0.051, |d| = 0.20), positioning these configurations as
marginally viable alternatives when baseline RAG cannot be deployed. These configurations appear
as green bars immediately below the baselines in Figure 4, visually distinct from all other multi-agent
approaches. while Collaborative (rank 13) failed catastrophically (-28.24%, p<0.001, |d| =1.47), while
Collaborative fails catastrophically (-28.2%, p < 0.001). This selective pattern suggests that Llama’s
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architecture accommodates certain coordination patterns—specifically sequential processing and
hierarchical management—while remaining vulnerable to consensus-based mechanisms.

Granite 3.2 8B demonstrated universal severe degradation across all coordination strategies
(ranks 7, 10, 11, 14), with all configurations showing highly significant performance losses (p < 0.001)
and large to very large effect sizes (Id | =1.44 to 2.09). Figure 4 illustrates this model’s high sensitivity
to coordination overhead through the concentration of red and purple Granite bars in the middle and
lower sections of the chart. The magnitude of degradation ranged from 25.35% (Competitive, rank 7)
to 35.40% (Collaborative, rank 14), establishing Granite as highly sensitive to coordination overhead.
The Granite-SCR analysis (Section 4.6) demonstrated that while shared context reduced retrieval
fragmentation effects by 5.9-17.5%, coordination overhead remained dominant, accounting for 14.2-
31.6% of total degradation.

Mistral 7B exhibited uniform severe degradation similar to Granite (ranks 8, 9, 12, 16), with all
strategies producing highly significant losses (p < 0.001) ranging from 25.05% (Competitive, rank 8)
to 35.22% (Collaborative, rank 16). Effect sizes (Id| = 1.27 to 1.95) indicated profound practical
significance across all coordination approaches. Unlike Llama, Mistral shows no favorable
coordination configurations, suggesting architectural characteristics that fundamentally conflict with
distributed processing mechanisms.

4.6. Context-Sharing Impact on Granite 3.2 8B

The comparison between Granite 3.2 8B with independent retrieval and Granite-SCR with
shared context delivery isolates the relative contributions of coordination overhead and retrieval
fragmentation to multi-agent performance degradation. Shared context retrieval improved CPS by
5.9-17.5% and T-CPS by 5.6-17.0% relative to independent retrieval, with strategy-specific sensitivity:
Hierarchical achieved the largest gains (rank 5 vs rank 10: CPS +17.5%, T-CPS +17.0%), followed by
Competitive (rank 4 vs rank 7: CPS +14.9%, T-CPS +14.2%), Sequential (rank 6 vs rank 11: CPS +9.1%,
T-CPS +7.8%), and Collaborative (rank 15 vs rank 14: CPS +5.9%, T-CPS +5.8%).

This differential response reveals architectural dependencies. Manager-worker (Hierarchical)
and selection-based (Competitive) strategies rely more heavily on input consistency, as the
coordinator or selection mechanism must process agent outputs that reference common context.
Sequential and Collaborative mechanisms may introduce additional challenges —sequential error
propagation and consensus dynamics —that shared context alone cannot address.

Despite these improvements, all Granite-SCR configurations (ranks 4-6, 15) performed below
baseline RAG (CPS: 0.5658, T-CPS: 0.6125). Statistical analysis showed significant degradation for all
SCR configurations (all p <0.001), with CPS degradation ranging from 14.21% (Competitive, rank 4)
to 31.58% (Collaborative, rank 15) and T-CPS degradation from 14.38% to 31.19%. Effect sizes (d = -
0.663 to -1.948) indicated substantial practical significance.

This pattern suggests that while shared context reduces retrieval fragmentation effects,
coordination overhead appeared to be the dominant factor affecting multi-agent performance in the
evaluated implementation. The quantitative decomposition—with 5.9-17.5% performance loss
attributable to retrieval fragmentation and 14.2-31.6% to coordination overhead —provides clear
evidence that coordination mechanisms, not information inconsistency, primarily determine multi-
agent viability.

4.7. Summary of Results

The comprehensive evaluation across 1,900 test instances establishes clear empirical boundaries
for multi-agent coordination effectiveness:

1. Baseline RAG configurations consistently outperformed multi-agent strategies, with 87.5%
showing statistically significant degradation (p < 0.05).

2. Performance degradation ranged from -4.78% (Llama Sequential) to -35.40% (Granite
Collaborative), with effect sizes |d| =0.19 to 2.09.
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3. Shared context retrieval (Granite-SCR) improved performance by 5.9-17.5% but remained 14.2-
31.6% below baseline, confirming coordination overhead as the dominant limiting factor.

4. Llama 3.1 8B demonstrated selective tolerance (Sequential and Hierarchical strategies showed
minimal degradation), while Granite 3.2 8B and Mistral 7B exhibited universal severe
degradation.

5. Collaborative coordination failed universally (all p < 0.001, |d| > 1.47) despite highest output
consistency.

6. T-CPS analysis confirmed that coordination degrades both mean performance and consistency
simultaneously.

Figure 4 summarises the comprehensive evaluation results across all 1,900 test instances,
providing a visual representation of the performance hierarchy established through systematic
comparison. This visualisation highlights the key empirical findings presented in Section 4.

These findings suggest that single-agent RAG baselines demonstrated superior performance in
most evaluated scenarios, with multi-agent coordination showing minimal degradation only in
specific cases where model architecture (Llama 3.1 8B) and coordination strategy (Sequential or
Hierarchical) aligned favorably.

5. Discussion

5.1. Multi-Agent Coordination Degrades

Nineteen experimental conditions were evaluated: three model baselines (Llama 3.1 8B, Granite
3.2 8B/Granite-SCR, Mistral 7B) and sixteen multi-agent configurations across four coordination
strategies. As visualized in Figure 4, fourteen of sixteen multi-agent configurations (87.5%) showed
statistically significant performance degradation relative to their respective single-agent RAG
baselines (p < 0.05) under the evaluated implementation conditions. As detailed in Section 4.3,
statistical analysis confirmed multi-agent degradation. The two non-significant configurations
(Llama Sequential and Hierarchical, ranks 1-2 in Table 2) still showed negative performance trends.
The total underperformance rate reaches 100% when directionality rather than statistical significance
is considered.

These findings suggest caution regarding assumptions that multi-agent systems automatically
improve LLM reasoning in all contexts. The results align with recent observations about multi-agent
architecture limitations [44-47].

Two potential mechanisms may contribute to the observed degradation. First, coordination
overhead —voting, synthesis, sequential processing—may consume resources without proportional
quality improvements in certain implementations. Second, consensus mechanisms in their evaluated
form appeared to converge toward compromise solutions rather than amplifying the strongest
individual responses. Collaborative coordination showed the worst performance across all models
(ranks 13-16), with degradation ranging from -28.24% to -35.40% and universally large effect sizes
(Id1=1.47-2.09, all p <0.001). The purple bars at the bottom of Figure 4 illustrate this universal failure
pattern, with all collaborative configurations occupying the lowest performance tier regardless of
model architecture. This suggests that averaging homogeneous agent outputs reduces precision.

T-CPS analysis (Section 4.4) revealed a “stable average” pattern: several configurations achieved
low output variability while producing consistently poor-quality results. This demonstrates that
reliability and quality are distinct properties.

This demonstrates that specific model-strategy combinations can minimize both performance
loss and variability, though such configurations remain exceptional rather than typical. This
demonstrates that properly matched model-strategy combinations can improve both quality and
consistency, though such configurations remain rare.

5.2. Performance Patterns Across Models and Strategies
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The three evaluated models demonstrated distinct response patterns to multi-agent
coordination. Architectural dependencies in coordination effectiveness were revealed by these
patterns.

Llama 3.1 8B exhibited greater tolerance to coordination overhead in the evaluated
implementation. Sequential (rank 1) and Hierarchical (rank 2) strategies produced minimal, non-
significant degradation (-4.78%, p = 0.058 and -5.26%, p = 0.051 respectively). These configurations
may represent viable alternatives in scenarios where baseline RAG presents implementation
challenges. Competitive strategy (rank 3) showed small but significant degradation (-6.48%, p =
0.014). Collaborative strategy exhibited substantial degradation (rank 13: -28.24%, p < 0.001). This
selective pattern suggests that Llama’s architecture accommodates sequential processing and
hierarchical management. Vulnerability to consensus-based mechanisms persists.

Mistral 7B exhibited uniform, severe degradation across all strategies. Highly significant losses
(p <0.001) ranged from 25.05% (Competitive, rank 8) to 35.22% (Collaborative, rank 16). Effect sizes
(1d1'=1.27 to 1.95) indicate profound practical significance across all coordination approaches. Unlike
Llama, Mistral showed no favorable coordination configurations. Architectural characteristics that
conflict fundamentally with distributed processing mechanisms are suggested.

Granite 3.2 8B demonstrated severe, universal degradation across all coordination strategies
(ranks 7, 10, 11, 14), with all configurations showing significant performance losses (p < 0.001) and
large to very large effect sizes (Id| = 1.44 to 2.09). Degradation magnitude ranged from 25.35%
(Competitive, rank 7) to 35.40% (Collaborative, rank 14). Granite was established as highly sensitive
to coordination overhead.

Strategy-specific patterns emerged across models. Sequential strategies showed the least
degradation among multi-agent approaches for Mistral 7B (rank 12: -28.90%) and Granite 3.2 8B (rank
11: -29.32%), though both remained severely degraded. This relative performance advantage within
the severe degradation category is apparent in Figure 4, where sequential configurations appear in
the upper portion of the red (severe) section. Llama 3.1 8B Sequential (rank 1) demonstrated the
minimal degradation pattern (-4.78%, ns). Competitive strategy succeeded only for Llama 3.1 8B
(rank 3: -6.48%, small effect), while showing severe degradation for Mistral 7B (rank 8: -25.05%) and
Granite 3.2 8B (rank 7: -25.35%). Hierarchical strategies uniformly underperformed baselines across
all models (ranks 2, 5, 9, 10), though Llama 3.1 8B Hierarchical (rank 2: -5.26%, ns) showed minimal
degradation. Mistral and Granite showed degradation with Competitive strategy. Hierarchical
showed small improvements over other multi-agent strategies but uniformly underperformed
baselines. Collaborative coordination failed universally (ranks 13-16: -28.24% to -35.40%, all p <0.001,
Idl =1.47-2.09). High consensus scores (near 100%) indicate agents produced homogeneous outputs.
Diversity benefits were eliminated while requiring multiple coordinated inference calls.

The Granite 3.2 8B versus Granite-SCR comparison isolated the relative contributions of
coordination overhead and retrieval fragmentation. Shared context retrieval improved CPS by 5.9-
17.5% and T-CPS by 5.6-17.0% relative to independent retrieval. Strategy-specific sensitivity was
demonstrated. The largest gains were achieved by Hierarchical (CPS: +17.5%, T-CPS: +17.0%),
followed by Competitive (CPS: +14.9%, T-CPS: +14.2%), Sequential (CPS: +9.1%, T-CPS: +7.8%), and
Collaborative (CPS: +5.9%, T-CPS: +5.8%).

Architectural dependencies are revealed by this differential response. Hierarchical and
Competitive strategies rely more heavily on input consistency. The coordinator or selection
mechanism must process agent outputs referencing common context. Sequential and Collaborative
mechanisms introduce additional failure modes. Sequential error propagation and consensus
deadlock cannot be mitigated by shared context

Despite these improvements, all Granite-SCR configurations were significantly inferior to
baseline RAG performance (CPS: 0.5658; T-CPS: 0.6125). Degradation ranged from 14.2%
(Competitive) to 31.6% (Collaborative). All p values were less than 0.001. Consistency metrics
remained nearly identical across retrieval configurations (Granite-SCR CV: 0.0380-0.0907 vs Granite
3.2 8B CV: 0.0327-0.0482). Coordination mechanisms, rather than retrieval fragmentation, primarily
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determine output stability. This confirms that coordination overhead remains the dominant factor
limiting multi-agent effectiveness. Shared context reduces retrieval fragmentation effects but cannot
overcome fundamental coordination costs.

5.3. Implementation Considerations and Generalizability

Several implementation factors affect generalizability.

Agent Homogeneity: All agents used identical base models with different system prompts.
Heterogeneous agents (different architectures, specialized fine-tuning) might demonstrate improved
coordination effectiveness not observed here.

Prompt Engineering: Role prompts were generated using Al assistance (GitHub Copilot with
Claude Sonnet 4.5). Realistic development practices were reflected. Hand-crafted, domain-specific
prompts with careful role differentiation might yield different outcomes at substantial development
cost.

Consensus Mechanisms: Collaborative strategy implemented straightforward aggregation
without sophisticated synthesis or conflict resolution. Advanced protocols (weighted voting,
structured argumentation, learned aggregation) might preserve individual strengths while
mitigating weaknesses. Complexity and overhead would be added.

Domain Specificity: Evaluation used single-domain question-answering (smart agriculture).
Performance patterns may differ for complex reasoning tasks requiring multi-step decomposition,
heterogeneous agent teams with complementary specializations, or multi-domain generation tasks.

This study does not include computational efficiency analysis. Multi-agent configurations
inherently require multiple inference calls, but rigorous efficiency assessment requires hardware-
consistent conditions not available in the present work.

5.4. Hardware and Deployment Limitations

A key limitation of this study is the use of CPU-only inference for Mistral 7B and Granite 3.2 8B,
combined with heterogeneous hardware across models (Apple M1 unified memory architecture for
Llama 3.1 8B versus Intel Xeon CPU-only execution for other models). These choices were dictated
by available infrastructure rather than deployment best practices. Consequently, the present analysis
focuses on quality and stability metrics (CPS and T-CPS) and on relative performance patterns within
each model family, rather than on absolute timing or efficiency comparisons.

5.5. Comparison with Prior Literature

These findings extend prior work by comparing multi-agent strategies against RAG baselines
rather than simple prompting baselines. This distinction matters. Most studies evaluate multi-agent
systems against basic single-agent prompts. Coordination can appear more effective than it is
through this comparison. RAG systems already incorporate external knowledge retrieval. A higher
performance bar is set. Multi-agent coordination added on top of RAG is harder to justify.

The baseline RAG outperformed 87.5% of multi-agent configurations. This confirms the
concerns raised in recent literature that the benefits do not outweigh the coordination overhead.

An unexpected pattern was also observed. Sequential coordination performed best among
multi-agent approaches. Debate-based and hierarchical approaches are emphasized in most papers
papers [7,8,11]. No universal “best” strategy exists. This is suggested by the pattern. Effectiveness
depends on specific task characteristics and domain requirements.

6. Conclusions

This study evaluated four multi-agent coordination strategies across three open-source language
models against single-agent RAG baselines. Of the sixteen multi-agent configurations evaluated
under the specific implementation conditions of this work, fourteen (87.5%) showed statistically
significant performance degradation compared to baseline systems (p < 0.05), with degradation
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ranging from 6.48% to 35.40%. This finding suggests that multi-agent coordination effectiveness may
be more limited than commonly assumed in certain retrieval-augmented generation contexts.

Granite 3.2 8B with independent retrieval and Granite-SCR with shared context delivery were
compared. Shared context delivery improved performance by 5.9-17.5% relative to independent
retrieval, demonstrating that retrieval fragmentation contributed measurably to performance
degradation. However, all configurations remained 14.2-31.6% below baseline. It is suggested that
coordination overhead rather than retrieval inconsistency is the main limitation of multi-agent
approaches.

Model-specific response patterns were also observed. Llama 3.1 8B demonstrated greater
tolerance of coordination overhead, particularly with Sequential (4.78% degradation, ns) and
Hierarchical (5.26% degradation, ns) strategies. Sequential coordination produced the least
degradation for Llama 3.1 8B, though results were model-dependent, with severe degradation
observed for Mistral 7B and Granite 3.2 8B. Collaborative coordination produced universal severe
degradation across all models (28.24-35.40%, all p <0.001). The effectiveness of coordination depends
on model architecture rather than representing a universal property of coordination strategies. These
findings establish this.

Several factors should be considered when interpreting these findings. The evaluation employed
7-8 billion parameter models with homogeneous agent architectures on single-domain question-
answering tasks. Different patterns may emerge with larger models, heterogeneous agent teams, or
tasks requiring complex, multi-step reasoning. Agent role prompts were generated using Al
assistance (GitHub Copilot with Claude Sonnet 4.5), reflecting standard development practices.
Alternative approaches employing hand-crafted, domain-specific prompts with careful role
specialization might yield different coordination effectiveness patterns.

Future research should investigate role-specific prompting, advanced consensus mechanisms,
adaptive strategy selection, and joint threshold-coordination tuning.
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