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Abstract

Building upon our Quarter 1 study, we redesign the Search-o1 framework
to improve performance, reliability, and factual accuracy in complex multi-
hop question answering tasks. Through a prior case study on a subset of the
HotpotQA dataset, we identified recurring architectural weaknesses including
skipped search calls leading to hallucinated answers, information loss during
document extraction, and ineffective multi-hop search reflection.
Unlike traditional Retrieval-Augmented Generation (RAG) systems, Search-
o1 iteratively retrieves and analyzes information through a Reason-in-Documents
module, dynamically updating reasoning as new evidence is found. However,
our earlier evaluations revealed failures in retrieval activation, extraction con-
sistency, and multi-hop planning, resulting in incomplete and unsupported
answers.
To address these issues, we introduce a structured self-reflection mechanism
consisting of hallucination checks, adaptive query refinement, extraction re-
covery loops, and constructive content feedback. Our refined architecture
enables the agent to iteratively Think, Search, and Correct until sufficient
grounded evidence is obtained. We demonstrate how structured reflection
and adaptive feedback significantly enhance the reliability of search-augmented
language model agents in complex reasoning tasks.

1 Introduction
Large Language Models (LLMs) have demonstrated remarkable performance across rea-
soning and question answering tasks. However, they remain prone to hallucination —
the confident generation of incorrect or unsupported information. This issue becomes es-
pecially problematic in multi-hop question answering, where answers require synthesizing
evidence frommultiple sources. In such settings, purely parametric reasoning is insufficient
and external retrieval becomes necessary to ensure factual grounding.



Retrieval-Augmented Generation (RAG) systems have emerged as a popular solution by
incorporating external documents into the reasoning process. While effective for single-hop
retrieval, traditional RAG architectures often struggle with iterative reasoning and dynamic
evidence integration.
To address this limitation, our team builds upon Search-o1 Li et al. (2025), a search-
enhanced reasoning framework that interleaves chain-of-thought generation with iterative
information retrieval. Search-o1 introduces a Reason-in-Documents module that analyzes
retrieved content before integrating it into the reasoning stream. Unlike standard RAG
pipelines, it dynamically updates its reasoning trajectory as new evidence becomes avail-
able.
Despite its architectural strengths, our Quarter 1 case study revealed significant weaknesses.
Evaluating Search-o1 on a subset of the HotpotQA dataset using Qwen2.5-3B-Instruct Yang
et al. (2024) and the Serper.dev search API, we observed low performance (Accuracy =
0.20, F1 = 0.20). Through detailed log analysis, we identified three recurring failure
modes:

• Skipped search calls leading to unsupported final answers.
• Information loss during extraction despite successful retrieval.
• Ineffective multi-hop planning that failed to correct earlier reasoning errors.

These findings suggest that simply interleaving search and reasoning is insufficient. Agents
must reflect on retrieved evidence, evaluate gaps, and strategically refine future search ac-
tions. Motivated by these observations, we introduce Think, Search, Correct, a structured
self-reflection framework that incorporates hallucination detection, adaptive query refine-
ment, and constructive feedback mechanisms. Our goal is to design a more self-aware
and self-corrective tool-use agent capable of stabilizing multi-hop reasoning and improving
factual reliability.

2 Methods

2.1 Adopted Baseline Framework: Search-o1
This study builds upon the Search-o1 architecture Li et al. (2025), a multi-step reasoning
framework that interleaves “Chain-of-Thought” generation with iterative information re-
trieval. The original framework uses a “Reason-in-Documents” module to analyze retrieved
information before integrating it into the reasoning stream.
To establish a functional baseline, we modified the backend infrastructure of the original
implementation. We retained the Jina API to parse web page content but replaced the
deprecated Bing Search API with the Serper.dev (Google) Search API for retrieval tasks. All
experiments used Qwen2.5-3B-Instruct Yang et al. (2024) as the backbone Large Reasoning
Model.
As illustrated in Figure 1, Visual overview of Search-o1 framework compared to vanilla rea-
soning pattern and agentic RAG framework, showing the loop between the Large Reasoning
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Model, Search Tool, and Reason-in-Documents Module.

Figure 1: Visual overview of the Search-o1 framework compared to vanilla reasoning and
agentic RAG architectures. The system interleaves a Large Reasoning Model, Search Tool,
and Reason-in-Documents module in an iterative loop.

2.2 Phase 1: Initial Architecture Design
During our preliminary case study, we identified that the baseline architecture suffered
from hallucination, information loss during extraction, and ineffective follow-up queries
(poor search planning). To address these limitations, we designed an initial pipeline that
incorporates several layers of validation and reflection logic.

2.2.1 Information Extraction Correction

We first addressed a technical bug in the original Search-o1’s Reason-in-Documents mod-
ule, where regex pattern mismatches caused the model to drop information that it had
successfully retrieved. We corrected the regex pattern to ensure all generated findings are
correctly captured and passed to downstream modules.

2.2.2 Hallucination Detection

To reduce unverified answers, we implemented a verification module. When the model
attempts to finalize an answer without prior search, this module scans the generated re-
sponse for factual claims (e.g., dates, names) that lack citations from the retrieval history.
If unverified claims are detected, the system forces the agent to verify the information via
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a search cycle. This mechanism prevents the agent from generating confident yet unsup-
ported claims.

2.2.3 Retrieval Judge and Search Query Refinement (Gate 1)

To optimize retrieval relevance, we implemented a “Snippet Judge” to evaluate Serper API
results before fetching full documents. This component analyzes retrieved snippets against
the current search query to determine if they contain potentially useful leads. If the judge
decides the results as irrelevant, it triggers a reflection mechanism prompting the model
to refine the search query and search again. This step prevents the agent from wasting
inference time and resources on irrelevant documents.

2.2.4 Extraction Refinement Loop

We added an extraction refinement loop to address the issue where themodel fails to extract
relevant data present in retrieved documents. This loop is triggered when the Reason-in-
Documents module returns “No information found.” A presence checker scans the raw
document text for query-relevant information. If a positive match is found, the system
forces the model to re-analyze the documents. This self-correction mechanism recovers
lost information and ensures the agent fully utilizes the retrieved information.

2.2.5 Content Judge and Reflection (Gate 2)

Following extraction (in the Reason-in-Documentsmodule), the extracted information passes
through a “content judge,” which assesses the utility of the extracted findings relative to the
immediate search query. The judge evaluates whether the specific information requested by
the current search query was successfully found. If the extraction is decided as insufficient,
the system appends corrective instructions (e.g., “[System Warning: The information is in-
sufficient. Suggestion: reflection...”) to the reasoning stream to guide the next reasoning
step.

2.2.6 Judge-Based Routing (Gate 3)

After each search-extraction cycle, we have introduced a high-level routing function aimed
at deciding whether the o1-search agent should continue to search or finalize an answer.
The judge receives the original question, the agent’s current reasoning trace and previous
search results, the set of retrieved documents, and the search budget usage. It is prompted
to utilize one of three output labels: FINALIZE, SEARCH_MORE, and GIVE_UP following
a strict criteria that FINALIZE is only called when the model is certain that the key answer
facts is supported by information in the retrieved documents and the reasoning is logical
and consistent. If the judge returns SEARCH_MORE, the system appends a structured mes-
sage (e.g., “The evidence is missing key facts. Generate a NEW and more precise search
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query…”) that tells the agent to refine the next query and perform another retrieval step in
the next turn. If the judge function returns FINALIZE the model will append another system
message (“You now have enough information to answer. Do NOT search again. Write the
final answer…”) pushing the agent to stop searching and create a final answer in the next
turn.

2.3 Phase 2: Architectural Refinement and Final Architecture
Our initial diagnostic run and qualitative analysis of the Phase 1 execution logs revealed
that some validation gates were often counterproductive. While intended to improve the
searching and reasoning process, the judges sometimes introduced inaccurate decisions and
conflicts.

2.3.1 Removal of Retrieval and Routing Gates

Retrieval Judge (Gate 1) Removal: Examination of search traces showed that truncated
snippets from the search results often lacked enough context for the judge to make an
accurate decision. This often led to false negatives, where relevant pages were rejected due
to poor snippets/metadata, causing redundant searches. We removed this gate to prioritize
recall, allowing the model to fetch the full content of top-ranked search results rather than
judging based on incomplete snippets.
Routing Judge (Gate 3) Removal: We observed that the routing classifier frequently made
SEARCH_MORE decisions that led to redundant search loops and sometimes conflicted
with the model’s internal reasoning state. We removed this component to restore model
autonomy, allowing the model to determine when it has sufficient information to generate
a final answer based on accumulated context. If the model requires further information to
reach a final answer, the Gate 2 reflection mechanism provides strategic guidance for the
next search step.

2.3.2 Refinement of Content Feedback (Gate 2)

In the phase 1 pipeline, the Content Judge evaluated results strictly, checking whether
the extracted information fully satisfied the immediate search query. We observed that
this binary approach often caused the model to miss potential candidates or partial clues,
providing inaccurate feedback to the agent.
In the final architecture, we refined the judge to evaluate whether the extracted content
provides any useful information to the query. This allows the system to classify partial clues
(e.g., a new entity to investigate) or useful corrections as successes. If the extracted content
is still found to be vague or insufficient, a reflection module analyzes the gap between the
user’s question and current findings. Unlike the phase 1 version which provided only high-
level strategic advice, the refined module formulates a specific strategic follow-up query to
guide the agent’s next step.
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Furthermore, we revised the feedback mechanism to append neutral observations (e.g.,
“[Observation: The search results were limited. Suggestion: reflection]”) rather than the
punitive “System Warnings” message. This ensures that the feedback guides the model
constructively with a neutral tone without disrupting its reasoning flow.

2.3.3 Final System Architecture

The final optimized pipeline, built upon the Search-o1 baseline, integrates the following
components:

• Hallucination Check: Hallucination Check: Prevents the generation of unverified
factual claims by enforcing validation via a search cycle.

• Extraction Refinement Loop: Mitigates information loss by ensuring the model
fully utilizes relevant data present in retrieved documents.

• Content Judge and Reflection (Gate 2): Analyzes the gap between current search
results and user’s question, providing constructive feedback to guide subsequent rea-
soning steps.

Figure 2: Final system architecture built upon the Search-o1 baseline with additional veri-
fication and refinement modules.
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2.4 Final Evaluation Setup
Dataset: For our final evaluation, we utilized the HotpotQA test dataset Yang et al. (2018),
a benchmark designed to evaluate multi-hop reasoning and document synthesis. The orig-
inal test split contains 7,405 questions; however, processing full web pages iteratively is
highly token-intensive. Due to the rate limits and computational constraints of the free-tier
Jina API we used, we evaluated our baseline and improved agent on a subset of 120 samples
to maintain a meaningful evaluation set while operating within token limits.
Model andHyperparameters: All experiments were conducted usingQwen2.5-3B-Instruct
as the backbone Large Reasoning Model (LRM) for both the baseline Search-o1 and our im-
proved architecture. The hyperparameters were configured as follows: we set max_search_limit=10
attempts per question, maximum reasoning turns (max_turn=15), top-k retrieved docu-
ments (top_k=10), and maximum document length (max_doc_len=3000).
Quantitative performance was evaluated using two primary metrics: Accuracy (whether
the ground truth appears anywhere in the prediction) and F1 Score (token overlap between
the ground truth and the prediction).
For every evaluation batch, the framework automatically generated three JSON logging
files, which are saved in our GitHub repository under the /outputs directory:

• <sample_id_range>_metrics.json: Captures the quantitative scores (e.g., Exact
Match, Accuracy, F1, etc.).

• <sample_id_range>_info_extract.json: Documents the complete extraction
history (e.g., prompts, retrieved documents, raw output, and extracted information)
from the Reason-in-Documents module.

• <sample_id_range>.json: Documents the prompts, the original user question,
the agent’s full step-by-step reasoning trajectory (including reflection analysis and
hallucination detection), and the final generated answer.

3 Results

3.1 Quantitative Performance
Table 1 compares the performance of both models across the 120 HotpotQA evaluation
samples. Our architecture achieved an overall accuracy of 0.433 and an F1 score of 0.458,
showing a quantitative improvement over the baseline’s 0.292 accuracy and 0.363 F1 score.
When breaking the results down into batches of ten, our enhanced framework matched or
outperformed the baseline’s accuracy in 11 out of the 12 groups and F1 score in 8 out of
the 12 groups.
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Table 1: Comparison of model performance across sample ID ranges.
Sample ID Range Our Model Acc Baseline Acc Our Model F1 Baseline F1
0–9 0.700 0.200 0.729 0.325
10–19 0.200 0.100 0.200 0.319
20–29 0.300 0.300 0.300 0.300
30–39 0.400 0.500 0.430 0.533
40–49 0.600 0.100 0.517 0.100
50–59 0.300 0.200 0.325 0.231
60–69 0.400 0.200 0.570 0.363
70–79 0.500 0.500 0.500 0.529
80–89 0.400 0.200 0.460 0.353
90–99 0.700 0.500 0.750 0.617
100–109 0.300 0.300 0.262 0.326
110–119 0.400 0.400 0.450 0.365
Average 0.433 0.292 0.458 0.363

To further evaluate the impact of our architectural refinement, we tracked the frequency of
search tool invocations across the 120 evaluation samples. The baseline Search-o1 made
a total of 137 search calls, averaging 1.14 searches per query. In contrast, our refined
agent initiated 260 search calls, resulting in an average of 2.17 searches per query. This
represents a 90.3% increase in the average number of search tool utilizations per question
on the multi-hop HotpotQA dataset.
We also measured the interventions triggered by our newly added modules. The Halluci-
nation Check successfully corrected 12 hallucination attempts, forcing the model to verify
information through an additional search cycle rather than relying on unverified internal
knowledge. Furthermore, the Extraction Refinement Loop recovered lost information from
relevant documents in 4 instances where the Reason-in-Documentsmodule initially reported
“No helpful information found.”
These interventions, combined with the overall increase in search frequency, demonstrate
that our refined architecture encourages the agent to complete the necessary multi-hop
retrieval process rather than relying on premature or unverified guesses.

3.2 Qualitative Analysis and Case Studies
3.2.1 Hallucination Detection

To demonstrate the effectiveness of the Hallucination Detection module, we analyzed a test
case asking: “What screenwriter with credits for ‘Evolution’ co-wrote a film starring Nicolas
Cage and Téa Leoni?”
In the baseline model (Figure 4), the agent relied entirely on its internal knowledge rather
than utilizing the search tool. This led to a hallucination where the model incorrectly
claimed that Evolution was a 1996 film directed by Alex Proyas and written by Charles
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Leavitt. Because it never initiated a search to verify these claims, it ultimately output the
wrong final answer.
On the other hand, our improved agent (Figure 3) successfully mitigated this failure mode.
Initially, the model also attempted to guess the answer, incorrectly identifying Michael
Chabon. However, the Hallucination Detection module intercepted this unverified claim
and appended a system message directly into the reasoning stream:
“[System: Your answer contains unverified factual claims. You must perform a search to
verify them].”
This intervention stopped the premature output and forced the model to generate a search
query. After retrieving the actual web data, the model correctly identified David Diamond
and David Weissman as the true screenwriters, showing the mechanism’s ability to correct
hallucination behaviors in real time.

Figure 3: Model output from our improved agent. The highlighted line shows the system
message appended to the reasoning stream instructing themodel to verify its claims through
a search.

Figure 4: Model output from the baseline agent. The model did not perform any searches
to verify its information and therefore produced an incorrect final answer.
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3.2.2 Content Judge and Reflection

To demonstrate the impact of the Content Judge and Reflection module, we examined the
query: “Kaiser Ventures Corporation was founded by an American industrialist who became
known as the father of modern American shipbuilding?”
Without the reflection and hallucination mechanisms, the baseline agent (Figure 6) failed
to engage with the search tool. Instead, it relied on inaccurate internal knowledge and
incorrectly guessed “Andrew Carnegie” as the final answer.
In contrast, our improved agent (Figure 5) used the search tool together with the Judge and
Reflection mechanism to navigate search dead ends. The agent correctly initiated a search
and identified Henry J. Kaiser as the “father of modern American shipbuilding.” How-
ever, its follow-up searches to connect him to Kaiser Ventures initially returned no helpful
information. Rather than guessing, the reflection mechanism intervened by appending a
structured reflection message into the reasoning stream:
“[Observation: The search results were limited. Suggestion: ...]”
This reflection analyzed why the query failed, identified the missing information gap, and
suggested a more effective next query. Guided by this feedback, the agent successfully
adjusted its search queries, retrieved the necessary evidence, and received a positive obser-
vation message indicating that useful information had been found. This allowed the model
to confidently produce the correct final answer.

Figure 5: Model output from our improved agent. The highlighted “Observation” marks
the reflection message appended to the reasoning stream to guide subsequent search steps.
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Figure 6: Model output from the baseline agent. Without reflection or hallucination detec-
tion, the agent hallucinated an incorrect final answer without performing any searches.

3.2.3 Extraction Refinement Loop

To demonstrate the value of the Extraction Refinement Loop, we analyzed the query: “What
nationality were social anthropologists Alfred Gell and Edmund Leach?”
Initially, the Reason-in-Documents module scanned the retrieved documents but incorrectly
concluded that there was no explicit mention of either person’s nationality. However, in-
spection of the raw document text confirms that the biographical summaries stated both
individuals as “British” (Figure 8).
Instead of accepting this extraction failure, the Extraction Refinement Loop recognized the
potential false negative and prompted the model to re-evaluate the retrieved documents.
During the second pass, the module successfully recovered the overlooked details (Fig-
ure 9). The refined extraction updated the reasoning stream with the correct information
that both Gell and Leach were British. By recovering this missed evidence, the model by-
passed the earlier extraction failure and produced the correct final answer.

Figure 7: Initial extraction output where the model incorrectly concluded that the docu-
ments did not contain the nationalities of Alfred Gell and Edmund Leach.

Figure 8: Snippets from the raw document text showing that the nationalities were present
but missed during the first extraction pass.
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Figure 9: Output from our improved agent. The highlighted text shows the correctly re-
extracted information produced by the refinement loop.

4 Discussion
Our architectural refinements to the Search-o1 agent proved ultimately successful. Quan-
titatively, we achieved both a higher f1 and accuracy score than the original baseline eval-
uation as reported above. This means that the correct answer appeared in the output pre-
diction at a higher rate with our additions than without and that there was a higher token
overlap between our model’s prediction and the correct answer. In terms of qualitative eval-
uation, our hallucination check proved valuable, correcting the model to search externally
rather than rely on internal data and deriving incorrect answers. Furthermore, our Content
Judge and Reflection Module detected if retrieved information was limited, and redirected
the model to conduct a more accurate search utilizing reflective prompt engineering. Both
implementations resulted in the model correctly answering the question as compared to the
baseline which failed to do so. Finally, we measured the change in the number of search
tool-calls, with our model initiating more on average than the baseline. This increase in
tool utilization encouraged by our model, produces better answers to multi-hop questions.
Our improved Search-o1 agent fared better than the baseline in both quantitative and qual-
itative metrics of evaluation, despite facing some obstacles.
During the duration of this project we faced some limitations inhibiting us from making the
Search-o1 agent as accurate as possible. When utilizing API keys, we had a limited number
of tokens available to have the agent connect externally to fetch and retrieve information.
This led to us evaluating a lesser number of trials on a smaller batch size. Furthermore, our
addition of the content judge and reflection loop significantly increased the latency time
and, thus, was slightly more computationally expensive. This resulted in our individual
computers taking several minutes to execute the code and for the search agent to output an
answer. Despite these limitations, our addition to the Search-o1 agent yielded promising
results that could be further developed for more robust, reliable tool-usage.
The possible future extensions of this project are substantial. With broader token access,
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we would be able to conduct evaluations on larger, more diverse sets of data. The Content
Judge could be made more robust to produce more specific diagnostic labels about why the
search agent failed. This would allow the reflection prompt to curate a prompt designed to
directly address the issue, which could result in more productive search calls. Furthermore,
we could develop the agent to extend to multi-hop assistant tasks that chain together het-
erogenous tools. This would allow the agent to autonomously respond to requests such as
“Scan my email and add meetings to calendar” employing external tools calls for complex
tasks rather than information retrieval.

5 Conclusion
In this project, we explored how reflection and evaluationmechanisms improve the behavior
of tool-use search agents for multi-hop question answering. Starting from the Search-o1
framework, we analyzed several common failure cases, including unsupported answers
without sufficient retrieval, missed information in retrieved documents, and ineffective
query planning during multi-step search. These observations motivated us to design mech-
anisms that help the agent better regulate its search and reasoning process.
To address these problems, we introduced several components into the pipeline. A hal-
lucination detection step encourages the agent to rely on retrieved evidence rather than
answering directly from an internal knowledge base. We also implemented retrieval and
content judges to evaluate whether search results and extracted information are relevant
to the question. In addition, a reflection module allows the agent to revise search queries
when previous retrieval attempts are not helpful, which enables more relative follow-up
searches. These mechanisms help the agent better retrieve information and make more
informed decisions about whether to continue searching or finalize an answer.
We evaluated our approach on a subset of the HotpotQA dataset using the Qwen2.5-3B-
Instruct model. Compared with simpler baselines, our system demonstrates improved ac-
curacy (0.292 to 0.433), F-1 score (0.363 to 0.458), and numbers of searches per query
(1.14 to 2.17). These improvements help to recover concrete information from retrieved
documents and generate more effective follow-up queries. These improvements suggest
that structured judgment, reflection, and evaluation processes are crucial in improving the
reliability of search-based reasoning agents.
It is possible that future work could extend our project in several directions. Running ex-
periments on larger datasets without our token limit would have a more comprehensive
evaluation of the system’s performance. Replacing prompt-based judges with more robust
or complex structured algorithms may further improve decision-making capacity. Finally,
exploring more advanced retrieval strategies could help the agent to confirm evidence more
efficiently in complex multi-hop tasks, and eventually be deployed for task completion.
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6 Contributions
Arshia

• Attempted to implement components for the Phase 1 pipeline, including a basic judge
and reflection prompting function for content refinement (Gate 3).

• Collaborated with Joyce to correct and update the Gate 3 functions to improve over-
all accuracy and ensure the generated answers met the required output format.

• Contributed to the report by documenting the design and implementation of Gate
3’s judge, reflect, and refine components.

• Contributed to the Discussion section, summarizing results, outlining system limita-
tions, and proposing future improvements to the agent.

• Contributed to the final project poster, working on the domain introduction and
contextual background.

Megha
• Implemented the initial judge function (Gate 1), determining where document-level

judgments should occur within the pipeline.
• Ensured that each document retrieval call was evaluated properly, first using a heuristic-

based evaluation approach and later transitioning to a Large ReasoningModel (LRM)
approach.

• Experimented with different judgment and reflection strategies and ran full dataset
evaluations to improve the final performance metrics.

• Contributed to the Introduction section of the report.
• Managed report formatting in Overleaf and migrated the document from Google

Docs to Overleaf.
• Contributed to the design of the project poster and authored the following sections:

Data, Methods, Qualitative Results, Quantitative Results, Conclusion, Impact, and
References.

Joyce
• Implemented multiple components for the Phase 1 pipeline, including the Retrieval

Judge and Reflection module (Gate 1), the Hallucination Detection module, the Ex-
traction Refinement Loop, and the Content Judge and Reflection module (Gate 2).

• Led architectural refinements in Phase 2 by identifying bottlenecks in the pipeline
(Gate 1 and Gate 3) and optimizing system performance by refining the Content
Judge and Reflection logic (Gate 2).

• Contributed to the Methods section of the report, documenting the baseline frame-
work and the iterative development process across Phase 1 and Phase 2.

• Conducted the final evaluation on the HotpotQA dataset and contributed to the Re-
sults section documenting both quantitative and qualitative findings.

Jiaxin
• Implemented the initial reflective functions for Gate 1 and contributed to improving

prompt structure and reflective reasoning in Phase 1.
• Collaborated with Megha to integrate the judge and reflection modules using an
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initial heuristic evaluation approach.
• Contributed to the Abstract section of the report.
• Contributed to the Conclusion section of the website.
• Participated in the overall project design and system implementation.
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