
MAS decomposes ranking into specialized 
agent roles spanning noise removal, 
candidate selection, scoring, and consensus 
aggregation to reduce cognitive load, improve 
calibration, and mitigate hallucinations. We 
study how architectural complexity, model 
capacity, and graph topology determine 
when it provides measurable retrieval value.
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We present PRISM, a training-free framework that integrates refined system prompting, in-context learning (ICL), and lightweight multi-agent 
coordination for document and chunk ranking tasks. Our primary contribution is a systematic empirical study of when each component provides 
value: prompt engineering delivers consistent performance with minimal overhead, ICL enhances reasoning for complex queries when applied 
selectively, and multi-agent systems show potential primarily with larger models and careful architectural design. Extensive ablation studies across 
FinAgentBench, FiQA-2018, and FinanceBench reveal that simpler configurations often outperform complex multi-agent pipelines. Our best 
configuration achieves an NDCG@5 of 0.71818 on FinAgentBench, ranking third while being the only training-free approach in the top three. We 
provide comprehensive feasibility analyses covering latency, token usage, and cost trade-offs to support deployment decisions.

In conclusion, this study presents PRISM, a training-free framework leveraging system prompting, in-context learning, and multi-agent 
coordination for financial document and chunk ranking. We demonstrate that simpler non-agentic configurations with document-level ICL 
achieve the strongest performance, while multi-agent coordination provides value only with larger models and careful scope limitation, challenging 
common assumptions about agentic architectures. Evaluation across FinAgentBench, FiQA-2018, and FinanceBench confirms PRISM's cross-
dataset adaptability, while our feasibility analysis establishes the first latency-cost baselines for training-free financial information retrieval. These 
findings offer practical guidance for deploying LLM-based retrieval in high-stakes financial applications.

Encodes domain-specific priors derived 
from our exploratory data analysis. We 
introduce logical scaffolding inspired by ReAct, 
CoT, and ToT to promote explicit reasoning 
before producing final answers. Four prompt 
variants were designed to study the impact of 
incremental modifications and progressively 
enhance reasoning structure.

With few-shot learning through a simplified 
RAG pipeline, we construct an offline 
exemplar store from the training dataset and 
embed all query-document pairs using a 
text embedding model, indexing them in a 
FAISS vector store. During inference, the top-
k most semantically similar exemplars are 
dynamically retrieved from the vector store.
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