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Introduction

 HotpotQA (requires multi-hop reasoning)
Multi-hop: Questions that cannot be answered using a single source and
instead require gathering and connecting information from multiple
sources.

Example: "What government position was held by the woman who
portrayed Corliss Archer in the film Kiss and Tell?"
Infrastructure: Qwen2.5-3B-Instruct (Backbone LLM), Serper.dev
(Search API), Jina API (Fetch full page content)

We improved current baselines by adding refinement checks during the retrieval stage,
resulting in measurable gains in F1 score and accuracy. While AI agents are powerful tools, it
is important to ensure they are functioning correctly.
Our evaluation shows that accuracy and F1 alone are insufficient for fully assessing
performance; semantic evaluation is necessary to understand whether outputs truly capture
intended meaning. The refinement step leverages a large reasoning model with prompt
engineering, highlighting the importance of carefully designing prompts to optimize results.
For future work, we aim to:

Explore different prompt engineering strategies.
Incorporate explicit semantic evaluation metrics.
Address remaining bottlenecks in retrieval and refinement to further improve
performance.

Let's say you have a toolbox and you grab a screwdriver at random, but your
goal is to hammer a nail. Even though you grabbed a tool, it wasn’t pertinent to
your current task. Through our work, we wanted to similarly demonstrate that
using a tool is not the only necessary mechanism for achieving smarter results.
Including a verification step to improve accuracy and efficiency is pivotal when
creating these types of models, and can help avoid hallucinations and
unnecessary computations.  For the future, this type of approach could help the
reliability of AI systems that are used in real-world applications such as
education, healthcare, and decision support.  

Baseline Framework - Search-o1: Unlike standard RAG (Retrieval-Augmented
Generation), Search-o1 iteratively retrieves and analyzes information through
its Reason-in-Documents module, updating its reasoning trajectory as new
evidence is found.
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Domain Problem- Large Language Model (LLMs) agents have the ability to utilize tools
via API calls to fetch external information, but most of them treat tool calls with a fixed
pattern of logic resulting in inaccuracy and inefficiency 
Our Solution- Update these search agents internally for better external multi-model
steps. Implement a judge and reflection function at each step of iterative search to
evaluate whether information extracted is true, relevant, and effectively found. With each
step seek to identify issues with current search queries and prompt engineer the model to
find better information to wholly answer the question.

Problem Statement: We conducted a case study on the Search-o1
architecture and identified three architectural weaknesses: 

Hallucination: Model skipped necessary search calls, leading to
unsupported final answers.
Extraction Information loss: Extraction module occasionally failed to
preserve relevant evidence, causing information loss when useful
documents were retrieved.
Ineffective Search Planning: Multi-hop search planning mechanism was
ineffective in correcting earlier reasoning mistakes.

Quantitative Results

Baseline Framework: Built on Search-o1 (multi-step
reasoning + retrieval) using Qwen2.5-3B-Instruct;
replaced Bing API with Serper.dev for web search.
Hallucination Check: Verifies factual claims before
finalizing answers, reducing unsupported outputs.

Extraction Refinement Loop: Ensures relevant
information from retrieved documents isn’t missed.

Content Judge & Reflection: Evaluates extracted
info and guides the model to generate follow-up

queries if  needed.
Architectural Optimization: Removed gates that

caused redundant searches; refined feedback to be
constructive rather than punitive.

We evaluated the model outputs using Accuracy and F1 score to capture both overall
correctness and balance between precision and recall.

Accuracy captures overall correctness.
F1 ensures the model performs well on both common and rare outputs.

 Evaluation Setup: Subset of HotpotQA (120 samples), measured Accuracy & F1; step-by-step
reasoning and extraction history logged for analysis.

Here we show an example multi-hop prompt along with the reasoning generated by our model. The output includes the
model’s reasoning process and the extracted information used to generate the final response. For each multi-hop query, we
compare the expected answer with the predicted answer produced by the model. We also display the document extraction
and reasoning steps, which illustrate how the model combines information from multiple sources to arrive at its prediction.
 
Note: Exact Match was omitted because the reasoning model may generate answers with different wording while still being
correct. F1 score better captures this semantic overlap between predicted and expected answers.


