
BioNLP 2025 Shared Tasks, pages 281–288
August 1, 2025 ©2025 Association for Computational Linguistics

VeReaFine: Iterative Verification Reasoning Refinement RAG for
Hallucination-Resistant on Open-Ended Clinical QA

Pakawat Phasook1,† Rapepong Pitijaroonpong1,†

Jiramet Kinchagawat2 Amrest Chinkamol2 Kiartnarin Udomlapsakul2

Tossaporn Saengja2 Jitkapat Sawatphol2,* Piyalitt Ittichaiwong2,*

1KMUTT 2PreceptorAI Tech

Abstract

Large language models (LLMs) can gener-
ate medical responses, but they often “hallu-
cinate” unsupported or incorrect clinical asser-
tions, risking patient safety and trust. We in-
troduce VeReaFine, a “Verifier-RAG” pipeline,
an iterative fact-checking – retrieval process:
(1) Given a medical query, we fetch the top-
k passages from a large biomedical corpus
(e.g., PubMed, StatPearls) using a two-stage
dense retriever and reranker, (2) employ a small
LLM verifier to extract a concise “ground-truth”
context from the retrieved data, (3) dynami-
cally issue up to three targeted retrieval queries
whenever evidence is lacking, (4) draft an an-
swer with a 7-B generator grounded solely
in groundtruth context, and (5) re-verify and
refine the Generator LLM response to purge
any remaining hallucinations. By iteratively
fetching only the missing facts, VeReaFine en-
sures that every generated response is grounded,
yielding performance uplifts with minimal ex-
tra cost. On the BioNLP 2025 ClinIQLink
“LLM Lie-Detector” challenge, our 7-B gen-
erator augmented with VeReaFine rivals or
surpasses a 32-B medical model on open-
ended reasoning, reduces multi-hop inverse
step-identification errors by 26%. These re-
sults demonstrate that moderate-size LLMs and
our proposed pipeline can improve the result
in open-ended Question Answering in clinical
QA.

1 Introduction

Open-ended question answering in medical domain
demands two aspects in answers: coherence and
factuality. Large language models (LLMs) are
usually coherent and able to produce human-like
responses, but common issues found in their re-
sponses are hallucinations. Hallucinated responses
can look convincing while misrepresenting clinical
facts, which compromise patient safety and clinical
decision-making (Maynez et al., 2020). Existing

studies have proposed several strategies to help re-
duce the hallucination issue. Retrieval-Augmented
Generation (RAG) mitigates some of these risks by
providing relevant documents to the model, yet it
cannot ensure that the LLM correctly incorporates
all retrieved facts or refrains from utilizing incor-
rect contextual information (Lewis et al., 2020b).
Chain-of-Thought (CoT) prompting results in in-
termediate reasoning text and improves multi-step
problem-solving (Zhang et al., 2022), but remains
vulnerable when its internal knowledge is incom-
plete or outdated (Madaan et al., 2023). Likewise,
self-verification approaches - where the model cri-
tiques its own outputs help post-hoc error detection
but lack systematic integration of external evidence,
limiting their efficacy in specialized domains such
as medicine (Dhuliawala et al., 2023; Manakul
et al., 2023).

One key driver of hallucinations in medical
LLMs is simply a shortage of domain knowledge:
if the model’s internal parameters don’t “know”
enough about specific drugs, anatomy, or clinical
guidelines, it will confidently fabricate plausible-
sounding—but wrong—information (e.g., see M1-
32B’s analysis in (UCSC-VLAA, 2024; Huang
et al., 2025; UCSC-VLAA, 2024)). A naive RAG
approach attempts to compensate by overloading
the generator with large bundles of retrieved text,
but this often backfires: too much loosely related in-
formation can confuse the LLM, leading it to latch
onto irrelevant or outdated facts. Prior work has
tried three main remedies—pure RAG grounding,
chain-of-thought prompting, and self-verification
loops—but none simultaneously guarantees that
(a) the generator truly receives “just enough” high-
precision medical context, and (b) each claim is
checked against external evidence before being
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emitted. To address these challenges, we intro-
duce VeReaFine, a “Verifier-RAG” pipeline that
alternates between retrieval, verification, and col-
lection medical groundtruth in up to three attempts
(Figure 1). At each iteration, VeReaFine performs:
1. Query-Driven Retrieval. Embed the input

question and retrieve top k biomedical pas-
sages from a curated corpus (PubMed ab-
stracts (U.S. National Library of Medicine,
2023, 2024), StatPearls (MedRAG Team, 2024;
StatPearls Publishing, 2024) etc.) using BM-
Retriever-410M(Hugging Face, 2024b; Xu et al.,
2024), then rerank them with a BM-Retriever-
2B(Hugging Face, 2024a).

2. Relevance Verification. Use an 8B medical rea-
soning verifier (MedReason-8B(Hugging Face,
2024c; Wu et al., 2025)) to assess direct rele-
vancy of each retrieved passage to the question.
Passages deemed germane are marked as the
“ground-truth” context; irrelevant ones are dis-
carded.

3. Adaptive Context Expansion. If the current
ground-truth set is insufficient to answer the
query, the verifier formulates a focused “feed-
back query” identifying exactly what evidence
is missing. This feedback drives another re-
trieval round. We repeat this at maximum of
three iterations.

4. Answer Generation. Condition a 7B genera-
tor (Qwen2.5-7B-Instruct) on the final ground-
truth context to draft an answer free of unsup-
ported facts (Qwen Team, 2025, 2024; Yang
et al., 2024).

5. Answer Re-Verification & Refinement. The
verifier re-checks the generated draft against
the ground-truth context. If any residual
hallucinations are flagged, the generator is
prompted to refine and/or excise those hallu-
cinated claims. This final pass ensures every
assertion is evidence-backed.
By fusing targeted retrieval with in-loop verifi-

cation and refinement, VeReaFine guarantees that
each claim in the answer is sanctioned by the cu-
rated biomedical evidence.

We evaluate VeReaFine on the BioNLP
2025 ClinIQLink “LLM Lie-Detector” shared
task(BioNLP Shared Task Organizers, 2025), fo-
cusing on open-ended formats–short answer, short-
inverse, multi-hop, and multi-hop-inverse–where
hallucinations are most prevalent. Our experiments
show that, despite using a moderate-size 7B gener-
ator, VeReaFine achieves recall gains of +60–100%

at the 75th percentile (P75) over the same model
without verification, and recovers over 90% of the
step-identification fidelity of a 32B baseline (Sub2:
M1-32B (UCSC-VLAA, 2024; Huang et al., 2025;
UCSC-VLAA, 2024)) in multi-hop inverse ques-
tions. These results highlight that carefully orches-
trated retrieval and verification can allow smaller
models to match or surpass much larger ones in
clinical factuality.

1.1 Our Contributions
VeReaFine advances open-ended medical QA by
embedding an explicit verifier into every stage of
the RAG cycle. Specifically, we contribute:
1. Tri-Loop Verifier-RAG Architecture. We in-

troduce a tightly integrated three-stage feedback
loop (Figure 1) whereby:

• Retrieval: A bi-encoder (BM-Retriever-
410M) retrieves top-k passages, which are
then precisely ranked by a cross-encoder
(BM-Retriever-2B(Hugging Face, 2024a)
(Karpukhin et al., 2020).

• Verification: An 8B medical reason-
ing model (MedReason-8B(Hugging Face,
2024c)) examines each passage for rele-
vance and sufficiency, discarding irrele-
vant snippets and—when evidence is lack-
ing—issuing focused “feedback queries”
to retrieve missing context.

• Generation: A 7B LLM (Qwen2.5-7B-
Instruct) produces the final answer condi-
tioned only on the fully vetted “ground-
truth” context (Yang et al., 2024).

By interleaving verification with both retrieval
and generation, every claim in the output is ex-
plicitly sanctioned by external evidence.

2. Iterative Verification Refinement. We
cast VeReaFine’s operation as an Expecta-
tion–Maximization analogue:

• Verification step: The verifier extracts con-
straints by flagging unsupported assertions
in the draft answer.

• Refinement step: The generator revises the
answer to satisfy those constraints, thereby
increasing evidence alignment with ground
truth.

We show that, assuming a verifier with non-
negative correction fidelity, each iteration can-
not reduce the system’s overall factuality score.

3. Improve performance Open-Ended QA with
Modest Models. On the BioNLP 2025
ClinIQLink “LLM Lie-Detector” shared task,
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Figure 1: The VeReaFine tri-loop pipeline.

VeReaFine’s 7B-parameter generator—with its
verifier nearly or surpass in some category
against a M1-32B (state of the art medical
medium size LLM finetuned) on key open-
ended metrics (P75 recall, step-identification
rate), demonstrating that strategic verification
can compensate for model scale.

2 Related Work

The problem of hallucination in large language
models (LLMs) has motivated a range of ap-
proaches to ground generation in external knowl-
edge and to verify internal reasoning (Maynez et al.,
2020). We survey three major strands—retrieval-
augmented generation, self-verification and reason-
ing chains, and evidence-backed medical QA—and
conclude with a unified view of their limitations
and the desiderata that motivate VeReaFine.

2.1 Retrieval-Augmented Generation
Retrieval-Augmented Generation (RAG) was in-
troduced by Lewis et al. to tether LLM outputs
to retrieved documents, yielding substantial gains
in open-domain QA (Lewis et al., 2020a). Graph-
RAG extended this by organizing retrieved snip-
pets into a knowledge graph for cross-validation
(Wu et al., 2024), and TC-RAG modeled retrieval
as a stateful process that adaptively decides when
to stop fetching (Jiang et al., 2024). Hierarchi-
cal RAG pipelines first select coarse documents
then refine to fine-grained passages (Izacard et al.,

2022). Despite these enhancements, RAG meth-
ods do not enforce that every generated claim is
actually supported by the retrieval, allowing hal-
lucinations to persist when models misinterpret or
ignore evidence (Maynez et al., 2020).

2.2 Chain-of-Thought and Self-Verification

Chain-of-Thought (CoT) prompting elicits explicit
reasoning steps from LLMs, improving perfor-
mance on multi-step tasks (Wei et al., 2022). How-
ever, when the model’s internal knowledge is
flawed, the entire reasoning chain may still hallu-
cinate (Zhang et al., 2022). Self-verification meth-
ods ask the model to critique and refine its own
outputs: Self-Refine generates free-form feedback
and then revises the answer (Madaan et al., 2023),
while Chain-of-Verification (CoVe) structures ver-
ification into question planning, sub-question an-
swering, and answer revision stages (Dhuliawala
et al., 2023). SelfCheckGPT flags unsupported
sentences via internal likelihood probes but lacks
mechanisms to fetch or integrate corrective evi-
dence (Manakul et al., 2023). These approaches
enhance self-consistency but remain limited by re-
liance on parametric knowledge rather than dy-
namic evidence acquisition.

2.3 Evidence-Backed Medical QA

In clinical domains, hallucinations can endanger
patient safety. WebGPT taught GPT-3 to cite web
snippets via reinforcement learning from human
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feedback (Nakano et al., 2022), and GopherCite
trained a 280B model to back every fact with a ref-
erence (Menick et al., 2022). Med-PaLM2 demon-
strated near-expert accuracy on medical exams but
still hallucinates under zero-shot settings (Singhal
et al., 2023). RAG-HAT trains detectors to spot
hallucinated segments given retrieval context but
relies on post-hoc human correction (Song et al.,
2024). IRCoT interleaves retrieval within a reason-
ing chain for multi-hop QA (Trivedi et al., 2023),
yet does not include an explicit verifier to adjudi-
cate each step.

2.4 Limitations and Desiderata

Despite significant progress, existing methods
share key shortcomings:

• Lack of explicit verification: RAG and CoT
systems do not guarantee that each generated as-
sertion is cross-checked against evidence, allow-
ing unsupported claims to slip through (Maynez
et al., 2020).

• Static retrieval context: Most pipelines fetch
once (or interleave ad hoc) without systematically
expanding context when evidence is insufficient,
leading to extrinsic hallucinations (Jiang et al.,
2024).

• Reliance on parametric memory: Self-
verification approaches depend on the model’s
existing knowledge, struggling to correct gaps
that require external information (Manakul et al.,
2023).

• No mechanism for insufficient-context detec-
tion: Systems typically assume retrieved pas-
sages suffice, failing to detect and handle cases
where key evidence is missing (Song et al.,
2024).

• Absence of convergence guarantees: Iterative
refinement loops lack formal assurances that fac-
tuality monotonically improves over successive
passes.

To address these gaps, a medical QA pipeline
must integrate explicit verification, adaptive re-
trieval expansion, and monotonic convergence
guarantees. VeReaFine meets these desiderata by
embedding a dedicated verifier into every retrieval
and generation step, issuing targeted feedback
queries when context is insufficient, and framing
the end-to-end process as a constraint-satisfaction
with provable non-decreasing factuality.

3 VeReaFine Pipeline

VeReaFine is built around three interleaved
loops—retrieve, verify, and generate/refine—that
together enforce evidence grounding and eliminate
hallucinations. Algorithmically, given a question
Q and a corpus D, the system proceeds as follows:
1. Stage 1: Initial Retrieval

(a) Encode Q and all passages in D with BM-
Retriever-410M.

(b) Use a FAISS index to fetch the top 10 can-
didate passages.

(c) Rerank these candidates with a BM-
Retriever-2B {D1, . . . , D10}.

2. Stage 2: Context Verification Loop
(a) Initialize an empty ground-truth pool G.
(b) For up to three iterations:

i Prompt the MedReason-8B(Hugging
Face, 2024c) verifier with {Di} and Q,
asking it to select passages relevant to
Q. Append those marked “relevant”
into G.

ii If |G| is sufficient to answer Q, break;
else, have the verifier generate a feed-
back query identifying missing evi-
dence.

iii Retrieve and rerank new candidates for
that feedback query, replacing {Di}
with the new result set.

3. Stage 3: Answer Generation
(a) Prompt Qwen2.5-7B with:

Context: [all passages
in G]
Question: Q
Answer:

to produce an initial draft A0.
4. Stage 4: Hallucination Check & Refinement

(a) Ask MedReason-8B(Hugging Face, 2024c)
to label each claim in At as “supported” or
“unsupported” given G and Q.

(b) If unsupported claims exist and refinement
round t < 1:

i Prompt Qwen2.5-7B with the list of un-
supported claims and only the context
G, asking it to revise At.

ii Produce new draft At+1; increment t
and repeat verification.

5. Stage 5: Return Final Answer
(a) Once all claims in At are supported or the

refinement cap is reached, output At as the
final answer.

This tri-loop design ensures that:
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• Retrieval is focused and adaptive—new evi-
dence is fetched only when needed.

• Verification acts as a gatekeeper, filtering out
irrelevant or insufficient passages and isolat-
ing hallucinated statements.

• Generation/Refinement is constrained to pro-
duce only evidence-backed content.

4 Experimental Setup

4.1 Dataset and Baselines

We conduct our experiments on the hidden BioNLP
2025 ClinIQLink test set, comprising 500 expert-
curated medical QA pairs spanning four open-
ended formats: short answer, short-inverse, multi-
hop, and multi-hop-inverse (BioNLP Shared Task
Organizers, 2025). This testbed is explicitly de-
signed to surface subtle hallucinations in LLM
outputs, as it provides ground truth and requires
evidence-grounded answers.

We compare three systems:
• Sub1 (VeReaFine): Our proposed pipeline,

which couples Qwen2.5-7B with an 8B medi-
cal reasoning verifier in an iterative RAG loop.

• Sub2 (M1-32B): A 32B-parameter domain-
tuned GPT-style model fine-tuned on medi-
cal QA data, representing the state-of-the-art
medium-scale clinical LLM with strong test
time-scaling properties are optimized for real
world implementation (Huang et al., 2025).

• Sub3 (Qwen2.5-7B): The 2.5B-parameter
Qwen instruct model but without any
hallucination-aware verification loop.

We focus our analysis on the open-ended QA be-
cause close-end questions do not have much im-
provement, and our pipeline is not designed to fo-
cus on solving the problems with closed-ended QA
metrics most sensitive to hallucination:
1. Quantile-based Recall at the 25th and 75th

percentiles (P25/P75) over semantic partial
matches (higher indicates the system covers
more of the ground truth answer distribution)
(Liu et al., 2023).

2. Multi-Hop Inverse Step-Identification Rate,
the fraction of gold reasoning steps correctly
extracted in the model’s explanation.(Trivedi
et al., 2023).

We also report standard text-generation metrics
(BLEU, METEOR, ROUGE) for completeness,
though these often under-capture hallucination
severity (Maynez et al., 2020).

Figure 2: P25 recall across open-ended question types.

4.2 Implementation Details

• Retrieval: We index a curated 8 GB biomedi-
cal corpus (PubMed abstracts, clinical guide-
lines) via FAISS (Johnson et al., 2017). A two-
stage dense retriever (BM-Retriever-410M)
identifies the top k = 10 chunks, which are
then reranked by a lightweight 2B-parameter
cross-encoder (Karpukhin et al., 2020).

• Generation & Verification: We set
both generator (Qwen2.5-7B) and verifier
(MedReason-8B) temperature to 0.7 to
balance creativity and precision. Each
verification loop comprises: (i) prompting
the verifier to label each claim in At as
supported or unsupported with textual
evidence citations; (ii) conditioning the
generator on this feedback to produce At+1.
We cap at 2 iterations to avoid diminishing
returns (Madaan et al., 2023).

• Prompting: Detailed prompt templates (in-
cluding example-driven chain-of-verification
scaffolds) are provided in Appendix A.

5 Open-Ended QA Analysis

We now delve into a fine-grained comparison of
open-ended performance across the three systems,
isolating where the verifier loop yields the greatest
factuality improvements.

5.1 P75 Recall by Question Type

Figure 3 plots the 75th-percentile recall (P75) for
each open-ended category. We choose P75 as it
highlights the system’s ability to capture the major-
ity of gold reference variations while being robust
to outliers.

Short Answer Sub3 (Qwen2.5) achieves
P75=0.168, indicating it covers only the top 17%
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Figure 3: P75 recall across open-ended question types.

of gold variants. Sub2 (M1-32B) improves to
0.338 (+101%), leveraging its larger capacity and
fine-tuning. VeReaFine achieves P75 to 0.269—in-
creasing by +60% relative to Sub3—despite using
the same base 7B generator, demonstrating that the
verification loop recovers critical answer fragments
otherwise hallucinated or omitted.

Short-Inverse In the inverse setting—where
the model must explain why a given wrong an-
swer is incorrect—hallucinations often manifest
as misattributed knowledge. Here, VeReaFine at-
tains P75=0.559, surpassing both Qwen2.5 (0.358,
+56%) and even M1-32B (0.539, +4%). The veri-
fier loop is especially potent at catching subtle log-
ical missteps in inverse explanations, forcing the
generator to ground its critique in actual evidence.

Multi-Hop & Inverse Multi-step reasoning am-
plifies hallucination risk. Sub3’s multi-hop
P75=0.236 and inverse P75=0.387 reflect weak
chain integrity. M1-32B reaches (0.396, 0.387),
while VeReaFine hits (0.394, 0.475)—a +22%
boost on inverse steps. Interestingly, in standard
multi-hop (non-inverse), Sub2 slightly outperforms
VeReaFine; we hypothesize that M1-32B’s larger
model can internally chain-reason when evidence
is abundant. Yet VeReaFine shines when the task
pivots to validating or correcting a proposed chain.

5.2 Multi-Hop Inverse Step-Identification

Figure 4 compares the multi-hop inverse step-
identification rate—the proportion of discrete rea-
soning steps correctly recognized and cited.

Sub3 lags at 0.508, often failing to extract or
verify all required steps. Sub2 reaches 0.826, ow-
ing to its stronger internal reasoning. VeReaFine
achieves 0.751 (+48% over Sub3), recovering most
of the gap by explicitly verifying each step against

Figure 4: Multi-hop inverse step-identification rate.

retrieved evidence. This underscores that verifiers
help to provide the sufficient source ground truth
for generator LLM for each verification loop to
help generator LLM to have any source for explain
step verification.

6 Discussion

Our experiments with VeReaFine demonstrate
that an iterative verifier-augmented RAG pipeline
can help to improve the results of open-ended
medical QA, even when using a modest 7B-
parameter generator. By explicitly categorizing
unsupported claims and steering the generator to
correct them, we observe marked gains in recall
quantiles (P25/P75) and step-identification rates
compared to both a similarly sized vanilla LLM
and a 32B medical model. This highlights the
power of LLM-as-judge paradigms in high-stakes
domains: the verifier effectively enforces evidence
sufficiency, closing the factuality gap between mod-
erate and large-scale models (Madaan et al., 2023;
Dhuliawala et al., 2023).

However, our shared-task constraints limited us
to only three submissions, preventing direct com-
parison against a RAG without verifier and preclud-
ing evaluation of VeReaFine on larger backbones
(e.g., 30–70B models). Thus, while VeReaFine
outperforms or nearly achieve in some tasks on
open-ended questions against M1-32B, a controlled
ablation against RAG-only within our testbed re-
mains future work. Furthermore, our verifier cur-
rently relies on a single 8B reasoning model; em-
ploying an ensemble of specialized verifiers (e.g.,
fact-checkers, NLI models) could further improve
robustness (Manakul et al., 2023; Nakano et al.,
2022).

7 Conclusion and Future Work

We have presented VeReaFine, a novel Verifier-
RAG architecture that interleaves retrieval, genera-
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tion, and verification to mitigate hallucinations in
open-ended medical question answering. Despite
using a relatively small 7B generator, VeReaFine
matches or exceeds the factuality of much larger
baselines by enforcing an iterative feedback loop.
Our results on the BioNLP 2025 ClinIQLink shared
task underscore the feasibility of using small mod-
els rather than large medical LLM sizes for QA
assistants.

Future Work
• Benchmark Against Standard RAG: Extend

evaluations to directly compare VeReaFine
against retrieval-only baselines within the
same corpus, quantifying the verifier’s
marginal benefit.

• Scale to Larger Models: Integrate
VeReaFine with 30B–70B LLMs to as-
sess whether verification yields further
improvements or diminishing returns at scale.

• Multi-Verifier Ensembles: Investigate en-
sembles of diverse verifier models (e.g.,
NLI, chain-of-thought checkers, external fact-
check APIs) to capture a broader spectrum of
hallucination types.

• Human-in-the-Loop: Incorporate clinician
feedback in the verification loop to calibrate
verifier thresholds and ensure clinical rele-
vance.

• Efficient Verification: Explore knowledge
distillation or lightweight verifier architec-
tures to reduce latency and computational
overhead in real-time clinical settings.
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Billion-scale similarity search with gpus. In Proceed-
ings of IEEE Conference on Big Data, pages 37–46.

Vladimir Karpukhin, Barlas Oguz, Sewon Min, Patrick
Lewis, Ledell Wu, Sergey Edunov, Danqi Chen, and
Wen-tau Yih. 2020. Dense passage retrieval for
open-domain question answering. In Proceedings
of EMNLP 2020, pages 6769–6781.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio
Petroni, Vladimir Karpukhin, Naman Goyal, Vivek
Kulkarni, Minjoon Pasquale, Sebastian Riedel,
Douwe Kiela, and 1 others. 2020a. Retrieval-
augmented generation for knowledge-intensive nlp
tasks. Advances in Neural Information Processing
Systems, 33:9459–9474.

Patrick Lewis, Ethan Perez, Aleksandra Piktus,
Fabio Petroni, Vladimir Karpukhin, Naman Goyal,
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