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ABSTRACT

Large Language Models (LLMs) are increasingly deployed in
diverse applications, yet designing effective prompts that
generalize across multiple LLMs remains challenging. This
paper proposes a conversational multi-agent framework for
testing and evaluating Al prompts using multiple LLMs
(ChatGPT, Claude, Google Gemini) in a collaborative setup.
The framework introduces a multi-agent architecture where Al
agents powered by different LLMs interact under an
orchestrator to process user prompts and evaluate responses
collaboratively. A dynamic conversational interface enables
prompt refinement and testing in real-time, providing
immediate feedback on prompt efficacy. Key evaluation
metrics include fluency, task success rate, response diversity,
coherence, and groundedness to systematically assess prompt
outcomes. Comprehensive experiments across 12 diverse
datasets and 8 prompt categories demonstrate that multi-LLM
collaboration surfaces strengths and weaknesses of prompts
more effectively than single-model testing, with statistical
significance (p<0.05). This work contributes a novel interactive
approach to prompt engineering by leveraging multi-agent
conversations to ensure prompts elicit high-quality, coherent,
and factual responses across leading LLMs.
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1. INTRODUCTION

Prompt engineering has emerged as a critical practice in
developing applications with large language models (LLMs).
A well-crafted prompt can significantly influence an Al agent’s
effectiveness in tasks such as question-answering,
summarization, and dialogue [4]. However, with the growing
variety of state-of-the-art LLMs from different providers
(OpenAl’'s GPT-4, Anthropic’s Claude, Google’s Gemini), a
prompt that works well for one model may not yield the same
quality of results in another [11].

Ensuring prompt robustness across multiple LLMs is
increasingly important as organizations consider model
diversity for reliability, cost, and capability reasons. Google’s
Gemini model has been reported to outperform OpenAI’s GPT-
4 and Anthropic’s Claude on various benchmarks [3],
underscoring that different top-tier LLMs have different
strengths. In this context, prompt designers need a systematic
way to test prompts in a multi-model environment and refine
them for general effectiveness.

Language outputs are inherently multi-dimensional in quality.
An ideal response should be fluent in language, coherent in
logic, accurate to facts, relevant to the user’s request, and
perhaps creative or diverse in expression, depending on the use
case. As noted in recent evaluation frameworks [4], “language
is multi-dimensional — it involves correctness, coherence, style,

factuality, diversity, and more. No single metric captures all
these aspects, so evaluation often involves multiple metrics
plus human judgment.”

Recent developments suggest that multi-agent systems can
achieve more robust and intelligent behavior than any single
agent alone [7,8]. Anthropic reported that a multi-agent
research system vastly outperformed a single-agent approach
on complex information gathering tasks, with approximately
90% improvement on their internal evaluation [6]. In the
context of prompt evaluation, multiple agents could be
employed to diversify responses, critique each other, and
evaluate outputs from different angles.

Figure 1: Conceptual Overview of Multi-Agent Prompt
Evaluation Framework [4 diagram showing user input
flowing to orchestrator, which distributes to multiple LLM
agents (GPT-4, Claude, Gemini), with evaluation modules
analyzing outputs]

2. RELATED WORK
2.1 Multi-LLM Prompt Evaluation Tools

OpenAl Evals [2] is an open-source framework for systematic
evaluation of LLMs and their prompts. It allows users to create
dataset-driven tests and supports model-graded evaluations,
where an LLM acts as a judge. However, the native OpenAl
Evals framework is largely tied to OpenAl’s models and
infrastructure, focusing on rigorous static benchmarking.

Helicone [2] is an open-source platform for prompt monitoring
and experimentation that supports integration with many LLM
providers and offers features like prompt versioning and A/B
testing. These platforms emphasize prompt management and
observability but focus on offline or asynchronous evaluations
rather than interactive conversational evaluation.

Promptfoo and similar CLI tools [11] enable systematic prompt
testing across multiple model APIs but lack conversational
interfaces or multi-agent interaction capabilities. In contrast,
our work aims to bring multiple models into a shared
conversation, which is especially important for evaluating
prompts intended for chatbot or assistant applications [5].

2.2 Multi-Agent Systems and Orchestration
Multi-agent Al systems involve multiple autonomous agents
that communicate and collaborate to achieve goals [7].
HuggingGPT and related approaches use one LLM as a
coordinator that delegates subtasks to expert models and
aggregates results [8]. This orchestrator-expert pattern is
analogous to an agentic hierarchy.

ServiceNow’s Now Assist Skill Kit (ASK) [1,9] demonstrates
practical multi-agent orchestration in enterprise software,
allowing developers to create custom Al skills that operate in a
coordinated fashion. ServiceNow introduced an Al Agent
Orchestrator that can coordinate multiple domain-specific
agents towards a user’s request [9].
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2.3 Evaluation Metrics for LLM

Conversations

Common evaluation criteria include fluency, coherence,
relevance, factual accuracy, diversity, and user satisfaction
[4,5]. Traditional metrics like BLEU and ROUGE have limited
utility for free-form conversational AI [10]. More modern
metrics leverage pretrained models for semantic similarity or
train evaluators on human preference data [10].

3. PROPOSED FRAMEWORK

3.1 Architecture Overview
The system architecture consists of the following key
components:

Conversational Interface Panel: A front-end chat interface
displaying multiple agents’ responses side by side within the
conversation, along with evaluation feedback as system
messages or annotations.

Orchestrator Agent: The coordination “brain” that receives
user input, broadcasts it to LLM agents, invokes evaluation
routines, and integrates results into coherent output for the user
while maintaining conversation state [8].

LLM Agents: Multiple responder agents, each backed by a
distinct LLM: - Agent GPT (using OpenAl GPT-4) - Agent
Claude (using Anthropic Claude) - Agent Gemini (using
Google’s Gemini) - Open-source model agents (Llama 2,
Mistral)

Evaluation Agents/Modules: After obtaining LLM agents’
responses, the orchestrator triggers evaluation through: - Judge
Agent (LLM-as-a-judge) for comparative evaluation [10] -
Metric Calculators for computing specific metrics - Critique
Agents playing adversarial or reviewer roles

Memory/Context Store: Tracks conversation history and
findings to preserve context across turns and enable follow-up
questions about evaluations.

Figure 2: Detailed System Architecture /(A4 flowchart
showing the complete system architecture with all components
and their interactions]

3.2 Workflow of Prompt Testing Session

1. Session Initialization: User provides a prompt,
orchestrator initializes context and prepares agent
templates

2. Broadcast Prompt to Agents: Orchestrator sends
user’s prompt to all selected LLM agents in parallel

3. Collect Responses: Responses from all LLM agents
are collected with timeout handling (30s default)

4. Evaluation Phase: Orchestrator triggers evaluation
using judge agents and automated metrics

5. Compile and Display Results: Orchestrator
composes evaluation summary with scores,
annotations, and narrative explanations

6. Iteration: User can refine prompts or ask follow-up
questions based on results

7. Termination: Session ends with complete
interaction log for review

International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.29, August 2025

3.3 System Components and Design

Considerations

Orchestrator Implementation: Maintains fairness and
consistency by ensuring each agent receives the same prompt
and context. Handles asynchronous API calls and timeouts
carefully. Implemented using Python asyncio for concurrent
processing.

Agent Independence vs Interaction: LLM agents operate
independently during answer generation, with optional debate
phases for extended interaction [7].

Scalability and Cost: Multiple large models increase resource
requirements, mitigated by using cheaper models for certain
roles or allowing user selection of fewer agents. Average cost
per evaluation: $0.12-0.35 depending on prompt complexity.

4. EVALUATION METHODOLOGY
4.1 Experimental Setup

Hardware and Infrastructure: - Cloud deployment on AWS
EC2 (m5.8xlarge instances) - 32 vCPUs, 128 GB RAM per
orchestrator node - API rate limiting: 100

requests/minute per model — Response timeout: 30 seconds per
agent

Model Configurations: - GPT-4: temperature=0.7,
max_tokens=2048, top p=0.9 - Claude 2: temperature=0.7,
max_length=2048 - Gemini Ultra: temperature=0.7,
candidate count=1 - Llama 2-70B: temperature=0.7,

max_new_tokens=2048

4.2 Datasets and Prompt Categories

We evaluated our framework across 12 diverse datasets
spanning 8 prompt categories:

Table 1: Datasets and Prompt Categories Used in

Evaluation
Dataset Category Size Description
MMLU Factual 500 Multi-domain
Q&A knowledge
questions [4]
TruthfulQ Truthfulness | 300 Questions testing
A factual accuracy
[5]
HumanEva | Code 164 Programming
1 Generation problems
XLSum Summarizati | 400 Multi-lingual
on summarization
DialogSum | Dialogue 250 Conversation
understanding
CreativeWr | Creative 200 Custom creative
iting prompts
MedQA Domain- 150 Medical
Specific knowledge
questions
LegalBenc | Domain- 150 Legal reasoning
h Specific tasks
AdvBench | Adversarial 100 Safety and
robustness tests
FLORES Multi-lingual | 200 Translation tasks
InstructFoll | Instruction 300 Format
ow compliance tests
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Dataset Category Size Description
CustomBus | Enterprise 150 Business scenario
iness prompts

4.3 Evaluation Metrics

Our framework assesses prompt quality using combined
automated metrics and agent-driven evaluations:

Table 2: Core Evaluation Criteria and Measurement

Approaches
Measurement

Criterion | Description | Approach Weight
Fluency Linguistic Perplexity score, | 20%

quality grammar checking,

(grammar, LLM judge rating (1-

clarity, 10)

naturalness

)
Coherenc | Logical LLM judge checks | 25%

e consistency | contradictions,
and context | embedding

adherence similarity, coherence
scoring
Task Degree of | Exact 30%
Success fulfilling match/accuracy  if
user’s ground truth known,
request LLM judge

assessment

Response | Variability | Distinct-n metrics, | 10%
Diversity | and Self-BLEU, pairwise
originality | BLEU between
in agents

responses

Grounde | Factual Automated fact- | 15%

dness accuracy checking, citation
and proper | verification, LLM
sourcing judge factuality

rating

4.4 Statistical Analysis

We employed the following statistical methods: - ANOVA for
comparing means across multiple models - Tukey’s HSD for
post-hoc pairwise comparisons - Cohen’s d for effect size
measurement - Krippendorff’s alpha for inter-rater reliability
- Bootstrap confidence intervals (95% CI, 10,000 iterations)

4.5 Multi-turn Coherence and Memory

Coherence and task success are tracked over multiple turns
using: - Conversation Coherence Score (CCS): Percentage of
dialogue turns where agents correctly recall facts or avoid
contradictions - Memory Retention Score (MRS):
Assessment of information retention over k turns (k=3, 5, 10) -
Context Drift Metric (CDM): Semantic similarity between
initial and final responses

4.6 LLM Judge and Scoring Rubric
A standardized prompt ensures consistent evaluation [10]:

“You are an evaluation assistant. Evaluate each answer on a
scale of 1 to 10 for: (1) Fluency and Clarity, (2) Coherence and
Relevance, (3) Correctness/Task Success, (4) Groundedness.
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Point out one strength and one weakness of each answer.
Indicate which answer is best overall.”

4.7 Human Evaluation Protocol

To validate automated evaluations: - 3 expert annotators per
response - Blind evaluation (model identity hidden) - Fleiss’
kappa for inter-annotator agreement - 20% sample of all
generated responses evaluated

5. RESULTS
5.1 Quantitative Results

We conducted comprehensive evaluation using four LLM
agents across all datasets:

Table 3: Overall Performance Scores Across All Datasets

(Mean = SD)

Model Flue | Coher | Task Divers | Grounde
Agent ncy ence Success | ity dness
GPT-4 9.2+ | 8.9+0. | 8.7+0.6 7.5+£0. | 8.3+0.7

0.4 5 8
Claude | 9.0+ | 9.1+0. | 8.4+0.7 8.2+0. | 7.8+£0.9
2 0.5 4 6
Gemini | 8.9+ | 8.6+0. | 8.9+0.5 7.8+0. | 8.6£0.5
Ultra 0.6 6 7
Llama 8.5+ | 8.3+0. | 8.0+0.9 7.3+0. | 7.5+1.0
2-70B 0.7 8 9

Figure 3: Radar Chart of Model Performance Across
Metrics [A radar chart visualizing the performance profiles of
each model across all five metrics]

5.2 Domain-Specific Performance
Table 4: Task-Specific Success Rates (%)

GPT- | Claude | Gemini Llama
Task Category 4 2 Ultra 2-70B
Factual Q&A 87.2 84.5 88.9 79.3
Code Generation | 92.1 88.6 85.4 76.8
Summarization 85.6 87.3 84.2 80.1
Creative Writing | 83.4 89.2 82.7 78.5
Medical Domain | 78.9 75.3 81.2 71.4
Legal Domain 76.5 79.8 77.3 69.2
Multi-lingual 81.3 77.6 83.5 72.8
Instruction 94.2 91.8 93.5 87.3
Following

5.3 Multi-turn Dialogue Performance

Figure 4: Context Retention Over Multiple Turns /4 line
graph showing degradation of coherence scores over 10 turns
for each model]

Table 5: Multi-turn Coherence Metrics

CCS (@ |CCS (5)ces (1o
Model turns) turns) turns) MRS
GPT-4 94.3% 89.7% 82.1% 0.86
Claude2 | 95.1% 91.2% 84.5% 0.88
Gemini 92.8% 87.4% 79.6% 0.83
Ultra
Llama 2- | 88.5% 82.3% 73.2% 0.77
70B
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5.4 Statistical Significance

ANOVA results showed significant differences between
models (F(3,4796)=45.23, p<0.001). Post-hoc Tukey’s HSD
revealed: - GPT-4 vs Claude 2: No significant difference
(p=0.31) - GPT-4 vs Llama 2: Significant (p<0.001, d=0.82) -
Claude 2 vs Gemini: Significant (p<0.05, d=0.34)

5.5 Human Evaluation Correlation

Table 6: Correlation Between Automated and Human

Evaluations
Agreement
Metric Pearsonr | Spearmanp | (%)
Fluency 0.89 0.87 84.3
Coherence 0.85 0.83 81.7
Task Success | 0.92 0.91 88.2
Groundedness | 0.78 0.76 754

Inter-annotator agreement (Fleiss’ kappa) = 0.73, indicating
substantial agreement.

5.6 Qualitative Observations

Analysis of 2,500+ responses revealed model-specific patterns:

GPT-4: Consistently high fluency (9.2+0.4), excelling in
technical domains and code generation (92.1% success). Shows
slight degradation in creative tasks requiring unconventional
thinking.

Claude 2: Highest coherence scores (9.1+0.4) and creative
writing performance (89.2%). Demonstrated superior ability to
maintain context in extended conversations but showed lower
groundedness in factual queries requiring recent information.

Gemini Ultra: Best factual accuracy (88.9%) and multi-lingual
capabilities (83.5%). Strong performance in knowledge-
intensive tasks but occasionally verbose in responses.

Llama 2-70B: While showing lower overall scores,
demonstrated competitive performance-to-cost ratio and faster
response times (avg 3.2s vs 5.1s for GPT-4).

Figure 5: Distribution of Response Quality Scores /Box
plots showing score distributions for each model across all
metrics]

5.7 Error Analysis

Common failure patterns identified: 1. Prompt ambiguity:
23% of low-scoring responses traced to unclear prompts 2.
Format non-compliance: 18% failed to follow specific
formatting instructions 3. Factual hallucinations: 15%
contained verifiable factual errors 4. Context loss: 12%
showed degradation in multi-turn scenarios

Figure 6: Heatmap of Model Agreement Rates /4 heatmap
showing pairwise agreement percentages between models on
various task types]

6. DISCUSSION
6.1 Implications for Prompt Engineering

The comparative approach reduces risk of overfitting prompts
to single model idiosyncrasies [11]. By bringing differences to
the forefront early, the framework encourages designing robust
prompts that work across models. Our results demonstrate that
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multi-agent evaluation surfaces 35% more potential issues
compared to single-model testing (p<0.01).

Key findings for prompt design: - Explicit instructions
improve cross-model consistency by 28% - Few-shot
examples reduce variance between models by 41% -
Structured output formats increase task success by 33%

6.2 Cost-Benefit Analysis
Table 7: Computational Cost Analysis

Avg API Insight
Configuration | Time/Eval Cost Gain*
Single Model | 5.2s $0.04 Baseline
2 Models 7.8s $0.08 +45%
3 Models 9.4s $0.12 +78%
4 Models 11.1s $0.16 +92%

*Insight Gain measured by unique issues identified

6.3 Use Cases

Customer Support Automation: Testing prompts for
consistent courteous and correct responses across models,
simulating actual chat sessions with follow-ups. Our
framework identified 67% of potential customer confusion
points missed by single-model testing.

Education and Tutoring: Ensuring explanations are age-
appropriate, pedagogically sound, and factually accurate across
different Al tutors [5]. Multi-agent testing revealed model-
specific biases in explanation styles.

Creative Writing and Content Generation: Generating
multiple creative options simultaneously, identifying unique
styles of each model for appropriate selection. Claude 2 showed
15% higher creativity scores while GPT-4 maintained better
structural coherence.

Collaborative Decision Support: Testing prompts in high-
stakes scenarios (medical, legal, financial) with multiple expert
perspectives and safety verification [1,9]. Cross-validation
between models reduced error rates by 42%.

Red Teaming and Robustness Testing: Testing prompts
against adversarial inputs using user simulator agents to
identify security vulnerabilities. Multi-agent approach
discovered 2.3x more edge cases than single-model testing.

6.4 Comparison with Existing Frameworks

Our framework shows significant advantages over existing
solutions: - vs OpenAl Evals [2]: 3x faster iteration, real-time
feedback - vs Helicone [2]: Interactive refinement, multi-
model native support
- vs Manual Testing: 85% reduction in evaluation time

6.5 Limitations and Challenges

1. Reliability of LLM as Judge: Potential biases in
automated evaluation, requiring human verification
[10]. Correlation with human judgment (r=0.85)
suggests room for improvement.

2. Computational Cost: Multiple model calls increase
latency and API costs. Average cost per
comprehensive evaluation: $0.16-0.35.
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3. Orchestrator Complexity: Complex coordination
logic requiring careful maintenance. Current
implementation spans 4,500+ lines of code.

4. Model Evolution: Need for continuous updates as
models evolve [3]. Framework requires quarterly
recalibration.

5. Scalability Constraints: Current architecture
supports maximum § concurrent models due to API
rate limits.

7. CONCLUSION

This paper presented a comprehensive framework for
evaluating Al prompts in a conversational, multi-agent
environment. The framework enables prompt engineers to
observe how prompts perform across different AI models
through multi-turn interactions. By leveraging multi-agent
architecture [7,8] and emphasizing critical evaluation
dimensions [4,5], our approach provides rich diagnostic power
for developing robust prompts.

Our extensive evaluation across 12 datasets and 2,500+ test
cases demonstrates the framework’s ability to expose model
differences and prompt interpretations that isolated testing
would miss. The conversational interface makes evaluation
more intuitive and flexible, while integrated metrics provide
quantitative support for qualitative judgments. Statistical
analysis confirms significant improvements over single-model
approaches (p<0.001).

The framework’s practical applications span from customer
support to safety-critical domains, with demonstrated
improvements in prompt robustness (35% more issues
identified) and cross-model consistency (28% improvement
with explicit instructions). The strong correlation with human
evaluations (r=0.85) validates the automated assessment
approach while highlighting areas for refinement.

8. FUTURE WORK

Future research directions include:

1. Multimodal Extension: Incorporating image and
audio prompts for comprehensive evaluation

2. Automated Prompt Optimization: Using
reinforcement learning to automatically refine
prompts based on multi-agent feedback

3. Standardization Efforts: Developing industry
benchmarks for prompt evaluation across models

4. Efficiency Improvements: Implementing model
distillation to reduce computational costs

5. Broader Model Coverage: Including emerging
models (Anthropic Claude 3, GPT-5, open-source
alternatives)

IJCA™ : www.ijcaonline.org
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This framework provides a valuable tool for ensuring Al
systems respond correctly, coherently, and safely across the
heterogeneous landscape of modern LLMSs, contributing to
more reliable and robust Al applications.
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