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Confidence-Guided Iterative Retrieval and Evidence Graph Reasoning
for Fact-Checking
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Abstract: To balance efficiency and reasoning depth in automated fact-checking, a framework of
couples iterative retrieval with deep evidence graph reasoning is proposed. Anchored in a confidence-
driven iterative mechanism, the confidence of input claims is first assessed by leveraging the intrinsic
knowledge of large language models in the framework. For claims assigned low confidence, precise
search queries are formulated to retrieve initial evidence and an early termination is employed to avoid
redundancy. Then, a three-layer evidence graph is constructed to hierarchically integrate and reason
over the retrieved evidence, replacing the single internal knowledge judgment to enhance verification
accuracy in low-confidence scenarios. Finally, the trade-off between reasoning and cost is balanced by
dynamically controlling retrieval depth. Experimental evaluations on two public datasets demonstrate
that the proposed framework achieves a F1 score improvement of 1 to 6 percentage points over the
FIRE baseline and reduces search times by up to 86.5% against those of SAFE baseline. In summary,
this framework demonstrates feasibility in terms of reduced retrieval costs alongside consistent high ac-
curacy.
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_FINAL ANSWER_OR_NEXT SEARCH_FORMAT = """\
Instructions:
1. You are provided with a STATEMENT and relevant
KNOWLEDGE points.
2. Based on the KNOWLEDGE, assess the factual accuracy of the
STATEMENT.
3. Before presenting your conclusion, think through the process step-
by-step.
You MUST estimate a calibrated confidence score in [0, 1] and
include it in your final JSON output.
- 0.0 means the current KNOWLEDGE is clearly insufficient or
contradictory.
- 1.0 means the current KNOWLEDGE is sufficient and highly
consistent for a final verdict.
- Use intermediate values when evidence is partial, ambiguous, or
weak.
- Do not use only 0 or 1 unless certainty is extreme.
- Output "confidence" as a numeric field (for example: 0.73).
4. If the KNOWLEDGE allows you to confidently make a decision
(i.e., your confidence score >=
{DEFAULT CONFIDENCE_THRESHOLD}), output the final
answer as a JSON object in the following format:
{{
"confidence": <0-1 float>,
"final _answer":
"{_ FACTUAL_LABEL}" or"{ NON_FACTUAL_LABEL}"
iy
5. If the KNOWLEDGE is insufficient to make a judgment (i.e., your
confidence score < {DEFAULT _CONFIDENCE THRESHOLD}),
issue ONE Search query that could provide additional evidence.
Output the search query in JSON format, as follows:
{{
"confidence": <0-1 float>,
"search_query": "Your Google search query here"
i
6. The query should aim to obtain new information not already
present in the KNOWLEDGE, specifically helpful for verifying the
STATEMENT's accuracy.
7. Output exactly one JSON object only, with no additional text, and
do not include keys outside the required format.

KNOWLEDGE:
{ KNOWLEDGE PLACEHOLDER}

STATEMENT:
{ STATEMENT PLACEHOLDER}

i
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Relaxation techniques such as deep breathing, meditation, mindfulness, or pro-

gressive muscle relaxation can help cope with stress.

The American Academy of Pediatrics recommends no more than two hours of

screen time per day for adults.

The deepest known area of the ocean is the Mariana Trench, which has a depth

of 11 km.
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American Academy of Pediatrics screen
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time recommendations for adults

Mariana Trench depth in kilometers veri-
False ) True
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