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Abstract

Retrieval-Augmented Generation (RAG) pro-
vides external knowledge support for large lan-
guage models (LLMs) in medical applications,
but retrieved contexts often contain noisy or
conflicting evidence that can degrade reason-
ing. We observe that when internal and exter-
nal knowledge disagree, models systematically
prefer external citations, inadvertently injecting
retrieval noise. Our analyses further show that
only a subset of retrieved citations consistently
improves outcomes; these effective citations ex-
hibit markedly lower token-level entropy, link-
ing citation entropy to model accuracy. Build-
ing on these findings, we propose a complete
pipeline consisting of a training-free multi-
turn reasoning framework and a post-training
methodology. The training-free framework elic-
its internal thought, external thought, and fu-
sion thought, and applies conflict detection and
explicit denoising for complex queries. For
post-training, we distill structured supervised
fine-tuning (SFT) data and apply GRPO with an
entropy-based citation reward that encourages
selective citation of beneficial external knowl-
edge while penalizing noisy citations. Experi-
ments across diverse benchmarks demonstrate
consistent gains in noise-resistant medical rea-
soning, with larger improvements on harder
cases.

1 Introduction

Large language models (LLMs) have demonstrated
extensive potential in medical applications(Liu
et al., 2024). However, their practical deploy-
ment in healthcare settings faces significant chal-
lenges: the inherent limitations of pre-training fre-
quency, the stringent requirements for knowledge
accuracy in medical tasks, and the temporal dy-
namics of medical knowledge—where emerging
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clinical guidelines or trial results may supersede
established treatment protocols. These factors col-
lectively render standalone LLMs inadequate for
addressing the full spectrum of medical challenges.

Retrieval-Augmented Generation (RAG) is a
common solution that supplies external knowledge
to LLMs. However, in medical applications, re-
trieved contexts often contain substantial irrelevant
or conflicting information(Cuconasu et al., 2024;
Xu et al., 2025; Fang et al., 2024; Wu et al., 2024).
We refer to this phenomenon as retrieval noise, and
our preliminary experiments show that incorporat-
ing retrieved knowledge can degrade performance
even when retrieval comes from high-quality search
and query reformulation.

Prior work largely improves the problem from
the retrieval side (e.g., better search engines, larger
knowledge bases, or training for tool use)(Peng
et al., 2025; Fang et al., 2024; Zheng et al., 2025).
In contrast, we focus on the model’s inference-time
ability to discern task-relevant information. To iso-
late this capability from retrieval quality variations,
we fix the retrieved contents for each query across
all experiments, using results from general-purpose
search engines. We argue that intervening at the rea-
soning level can enable noise-resistant inference:
the model should decide when to rely on internal
knowledge and when to adopt external evidence.

Through training-free experiments, we study
how models use internal versus external knowl-
edge. We find a critical tension: when internal and
external knowledge conflict, models systematically
prefer external knowledge, which can introduce
retrieval noise and harm reasoning. Meanwhile,
models already internalize substantial world knowl-
edge through pre-training, and in our medical set-
ting only a limited amount of critical or updated
evidence is needed for correct resolution.

Motivated by these observations, we propose a
training-free, test-time framework that encourages
reflection and knowledge discrimination, and then
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Figure 1: Overview of our proposed framework. Directly answering with retrieved search evidence can introduce
retrieval noise and lead to errors. We first use a training-free framework to elicit citation selection behavior, then use
citation entropy as a bridge for post-training to prefer appropriate citations and improve medical reasoning accuracy.

internalize this capability through post-training.
Concretely, we establish retrieval citation behav-
ior via SFT cold-start, and use token-level entropy
from citation actions to connect entropy, key cita-
tions, and accuracy. We further design an entropy-
based reward that guides models to select appropri-
ate citation content for improved medical reasoning.
Figure 1 provides an overview of this pipeline.

The contributions of this paper are as follows:

• We empirically demonstrate that models pro-
duce erroneous outputs under external knowl-
edge interference, revealing the fundamental
tension between internal and external knowl-
edge sources.

• We establish citation action entropy as a
bridge, demonstrating that key correct cita-
tions contribute to improved problem-solving
rates.

• We design an effective and stable entropy-
based reward mechanism that enables models
to develop noise-resistant reasoning capabili-
ties in medical question answering.

2 Motivation

In this section, we discuss several key findings that
motivate our research. We first identify models’
dependence on external knowledge when facing
complex queries. We then demonstrate that exter-
nal knowledge contributes both useful information
and harmful noise. Finally, we discover an entropy-
based method to precisely identify beneficial exter-
nal knowledge.

2.1 Dependence on External Knowledge

When internal and external knowledge conflict,
models tend to follow external knowledge(Huang
et al., 2024). The extent to which models rely
on contextual external knowledge remains an
open question, as it determines the model’s strat-
egy for specific tasks—whether to maintain self-
consistency or contextual coherence(Bi et al., 2024;
Zhang et al., 2025b).

To investigate this issue, we designed prelimi-
nary experiments that decompose the knowledge
components in responses to medical reasoning
queries when both intrinsic and external informa-
tion are available. More details about this experi-
ment are shown in Section A. We observe that for
easy queries—where internal and external knowl-
edge do not conflict—the model predominantly
relies on its internal knowledge; however, for com-
plex queries where they conflict, the model shows
a strong tendency to favor external knowledge.

This finding suggests that selecting different
strategies based on query difficulty is essential, and
underscores the importance of carefully discerning
effective external knowledge in complex reasoning
tasks.

2.2 Importance of Key External Knowledge

Among the large volume of external knowledge,
beyond the portions that overlap with the model’s
existing knowledge or are incorrect or irrelevant, a
certain proportion of key knowledge can provide
decisive help for solving medical tasks(Jung et al.,
2024; Xiao et al., 2025).

We designed a preliminary experiment to inves-
tigate the influence of introducing external knowl-
edge and differences among these external knowl-

34600



edge. More details and configurations about this
experiment are recorded in Section B.

The task involves combining external knowledge
in the input, which includes a series of labeled cita-
tions. We systematically controlled which citations
were introduced and evaluated outcomes using the
accuracy of final responses. For example, we de-
fined a valid citation as one appearing most fre-
quently in correct samples and tested the model
with and without it. Other permutations of citation
combinations yielded similar results: the highest
accuracy was achieved when the input contained
only those citations identified as valid and effective,
surpassing even the accuracy when all retrieved ci-
tations were included. Conversely, removing these
effective citations resulted in a marked decline in
accuracy.

This confirms that not all external information
benefits the model’s reasoning process. Mandating
search actions and citation of search results may
lead to worse performance compared to reasoning
without external knowledge. Also, these findings
indicate that among all retrieved citations, only a
subset positively influences model outcomes, while
others may have detrimental effects. Enhancing the
model’s ability to selectively attend to beneficial
citations while disregarding irrelevant or ineffec-
tive information is therefore critical for improving
overall performance.

2.3 Entropy and Accuracy

In our subsequent training experiments, we discov-
ered that token-level entropy serves as a bridge con-
necting key knowledge to accuracy. External test-
time computation methods—such as computing
similarity, uncertainty(Li et al., 2025b), or employ-
ing LLMs-as-a-judge(Zheng et al., 2023)—often
incur excessive inference costs and latency.

Prior work has demonstrated that the internal
states of LLMs can reflect whether the model has
encountered relevant data during training or ex-
hibits hallucinations(Azaria and Mitchell, 2023; Ji
et al., 2024; Kossen et al., 2024). Accordingly,
we hypothesize that the internal representations of
LLMs may serve as reliable indicators for identi-
fying effective external knowledge. Among these
internal representations, the most accessible is the
probability distribution (logits) of each token, from
which entropy(Cheng et al., 2025) can be com-

puted:

H(o) = −
∑

v∈V
p(v) log p(v) (1)

We employ entropy as a quantitative metric for
each citation, using this value to assess their effi-
cacy. In validation experiments, we aggregate the
entropy values of all tokens belonging to the same
citation across responses:

Haverage =
1

|len(citation)|
∑

o∈citation

H(o) (2)

As demonstrated in Section 2.2, the validity of
citations can be assessed by examining their fre-
quency of occurrence within (correctly) sampled
examples. Consequently, we define citations rank-
ing in the top 50% by occurrence frequency as core
citations, those playing a pivotal positive role in
the reasoning process underlying the final answer.
Subsequently, we calculate the entropy between
these two categories of citations using the afore-
mentioned formula.

As shown in Table 1, citations that positively
influence outcomes consistently exhibit lower av-
erage token entropy than other retrieved citations.
Combined with the evidence in Section 2.2, this
result supports a substantive link between citation
entropy and model accuracy: only a subset of ci-
tations effectively supports LLM reasoning, while
the rest is irrelevant or even detrimental. Notably,
effective citations are characterized by markedly
lower entropy. Therefore, we can subsequently de-
fine core citations within the candidate set based
on entropy metrics.

Model Citation Entropy
Core Other

Qwen3-30B-A3B 0.383 0.426
Llama3.3-70B 0.256 0.263
Qwen2.5-72B 0.244 0.255
Deepseek-v3 0.490 0.493

Table 1: Average token entropy Haverage (Equation 2)
aggregated within each citation, comparing effective
core citations against other retrieved citations across
different base models.

This finding demonstrates that LLMs possess
an internal capacity to distinguish among various
sources of external knowledge. It also informs our
subsequent experimental design aimed at enhanc-
ing the model’s ability to discern and appropriately
incorporate valuable external information.
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3 Methods

We design a complete pipeline from training-free
inference to SFT and then to RL, enabling the
model to effectively leverage key external knowl-
edge for complex reasoning.

3.1 Training-free Approach

The core of our training-free framework is a multi-
turn reasoning paradigm consisting of three stages:
internal thought (prompted to use internal knowl-
edge), external thought (exposed to citations for
external reasoning), and fusion thought (integrat-
ing both sources).

In the first two stages, the model generates re-
sponses using internal knowledge and retrieved ex-
ternal knowledge, respectively.

In the third stage, the model assesses query diffi-
culty and selects an appropriate strategy: for easy
queries, it integrates results straightforwardly; for
complex queries, it carefully discerns relevant ex-
ternal information.

When handling complex queries, we employ
LLMs-as-a-judge to determine whether each cita-
tion conflicts with the model’s internal knowledge.
Specifically, we decompose the model’s responses
in the second stage which are based on external
citations into triplet-structured knowledge units,
and align these units with both the model’s inter-
nal knowledge and the external citations to detect
conflicts regarding identical knowledge points be-
tween these two sources. The methodology em-
ployed herein is consistent with the experimental
procedures detailed in the Section A. When a con-
flict occurs, we measure the macro-level similarity
between the conflicting content and the internal
knowledge topic. The similarity metric herein is
computed as a weighted composite of multiple indi-
cators, encompassing NLP metrics, LLM intrinsic
metrics, and LLM-as-a-judge evaluation scores. If
the similarity is high, we assume the conflict lies
in details, where external knowledge may provide
updated or more precise information—in this case,
we trust the citation. If the similarity is low, we
consider the external knowledge to be highly noisy
and execute a denoise action by adding a reflec-
tion sentence that instructs the model to distrust
this citation during subsequent reasoning. Notably,
we add a reflection sentence rather than directly
removing the citation to prevent the model from
re-citing the excluded content in later generation.

3.2 Post-training

We aim to internalize this capability through post-
training via a multi-stage methodology.

3.2.1 Supervised Fine-Tuning
We design SFT data based on the training-free
framework. The prompt contains the medical
query and retrieved external knowledge. The tar-
get is structured into think, internal_thought, ex-
ternal_thought, fusion_thought, and answer, de-
marcated by special tokens corresponding to the
framework’s steps.

We distill SFT data from GPT-4.1 using the
training-free method with the following key im-
provements: 1) filter overly easy queries; 2) fil-
ter excessively long data; 3) language unification,
open-ended question augmentation, and out-of-
domain augmentation; 4) appropriate data scale
for cold-start; 5) control the proportion of denoise
actions; 6) rewrite with ground truth when incor-
rect.

3.2.2 GRPO with citation
To cultivate the model’s capacity for recognizing ef-
fective external knowledge, we incorporate citation-
related rewards into GRPO(Shao et al., 2024). As
shown in Section 2.3, citations that positively influ-
ence model accuracy exhibit lower entropy. Lever-
aging this property, we design specialized rewards.

During rollout, we use correct responses to guide
incorrect ones for effective citation identification.

For correct responses, we assign accuracy and
format scores as rewards, compute citation entropy,
and normalize via tanh:

Hstd(c) =
Haverage(c)− mean(Haverage)

std(Haverage)
(3)

In Equation 3, Haverage(c) means the entropy of
citation c and Haverage represents the average en-
tropy derived from all instances where the citation
c appears in all the sampled results.

v(c) = − tanh(Hstd(c)) (4)

Subsequently, we apply the tanh function to
transform the normalized entropy values, thereby
ensuring smoother reward distributions at the
boundaries and mitigating excessive disparities that
could compromise training stability.

After getting the value for every citation in
right responses, then we can calculate the entropy-
related reward for incorrect responses. The total
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Figure 2: Illustration of our method pipeline. First we use an training-free method which can discern different
citations during reasoning. Then we use the reasoning contents generated in training-free method to construct SFT
data and get our cold start model. Finally we use our designed entropy-related GRPO to get the final model.

reward is determined by summing the rewards of
citations that also appear in correct samples:

r = α ·
∑

c∈citations

v(c) (5)

α in Equation 5 means the weight of final en-
tropy reward in training process. Citations that
appear exclusively in incorrect responses are con-
sidered bad actions. Their rewards are set to the
mean value of all negative-reward citations. This
penalizes such actions while preventing excessive
punishment that could induce reward hacking—
where the model indiscriminately cites all available
sources to avoid penalty.

4 Experiments

4.1 Training-free Experiments

We compare inference using only internal knowl-
edge, only external knowledge, and our framework,
and separately test the simple strategy for simple
query in the 3rd stage to demonstrate their effec-
tiveness on datasets of varying difficulty.

4.1.1 Models
We used GPT-4.1, one of the best-performing mod-
els on medical benchmarks, as a baseline to demon-
strate that our method delivers stable improve-
ments even on top-performing models. We ac-
knowledge that models of different sizes and in-

ternal knowledge levels significantly affect results.
Thus, we test our method on state-of-the-art models
with highly developed internal knowledge, where
adding and verifying external citations is more chal-
lenging. With models of less internal knowledge,
external citation analysis would likely yield even
greater performance gains. So the stable improve-
ments of GPT-4.1 will demonstrate the general ef-
fectiveness of our method.

4.1.2 Benchmarks
We utilized numerous common medical bench-
marks, including MedQA(Jin et al., 2021), MedM-
CQA(Pal et al., 2022), MedBullets(Chen et al.,
2025a), MedXpertQA(Zuo et al., 2025), CARE-
QA(Arias-Duart et al., 2025), GPQA(Rein et al.,
2024), SuperGPQA(Du et al., 2025), MLEC-
QA(Li et al., 2021), MMLU(Hendrycks et al.,
2020), CMMLU(Li et al., 2024), and MMLU-
Pro(Wang et al., 2024). These benchmarks con-
sist entirely of multiple-choice questions, includ-
ing both Chinese and English datasets, covering
medical and general domains. For all experiments,
retrieved citations are obtained from general web
search and kept fixed for each query to ensure fair
comparison across methods.

4.1.3 Citations
For all the testing data, we use the search engine
Bocha as the source for external citations. We
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Benchmark Internal External Fusion wo/ Denoise Fusion w/ Denoise Q Len Opt Len Max Opt
Complex Benchmarks

Care-QA 92.11 90.74 93.50 93.74 379 59 4
GPQA 63.10 51.82 63.92 63.67 696 57 4
MedBullets-Op4 86.46 84.23 86.82 86.57 1021 25 4
MedQA 94.01 91.22 94.21 94.61 869 30 4
MedXpertQA-Text 40.01 35.60 38.77 39.79 1060 38 10
MMLU-Pro-Health 81.02 79.07 82.05 81.16 587 31 10
Super-GPQA 58.45 48.51 58.22 60.05 547 30 10
ALL (Complex) 68.14 64.19 67.91 68.78 673 38 10

Simple Benchmarks
CM-Exam 75.00 82.23 83.18 82.95 81 9 5
CMMLU-Anatomy 86.75 89.27 89.27 89.27 45 7 4
CMMLU-Clinical-Knowledge 86.08 90.08 89.02 89.22 133 9 4
CMMLU-College-Medical-Statistics 82.53 83.41 85.59 85.59 99 14 4
CMMLU-College-Medicine 92.41 92.24 93.40 93.23 75 10 4
CMMLU-Professional-Medicine 85.97 87.64 87.53 87.65 62 9 4
CMMLU-Traditional-Chinese-Medicine 77.72 88.86 89.85 89.60 53 6 4
MedMCQA 81.13 79.69 82.22 82.09 184 24 4
MLEC-Clinic 87.67 84.45 89.53 89.07 104 10 5
MLEC-CWM 80.55 83.75 84.21 83.98 80 10 5
MLEC-Public-Health 84.03 84.03 84.49 84.26 92 11 5
MLEC-Stomatology 78.89 84.45 85.15 85.15 94 11 5
ALL (Simple) 84.48 85.68 87.00 86.92 117 15 5
All (Simple+Complex) 75.15 73.44 75.94 76.14 552 30 10

Table 2: Accuracy of our training-free framework on medical benchmarks. Internal and External answer with
intrinsic knowledge only or with retrieved evidence, respectively; Fusion is the third-stage rollout integrating both.
w/ Denoise adds an extra denoising step, triggered by the model’s own query-level difficulty judgment at inference
time. For reporting, we separately group benchmarks into Simple vs. Complex using a heuristic based on question
length (Q Len), option length (Opt Len), and the maximum number of options (Max Opt). Best results are in bold;
second best are underlined.

will also use the same search engine for subsequent
training. The discussion regarding different citation
sources is specifically recorded in the Section D.

4.1.4 Results

Our method improves on almost all datasets com-
pared with baseline. For simple benchmarks like
MLEC-QA, the simple fusion strategy achieves bet-
ter results; for more difficult benchmarks, the de-
noising strategy yields even better results, demon-
strating the necessity of difficulty-based strategy se-
lection. These findings underscore the necessity of
selecting reasoning strategies commensurate with
problem difficulty.

Our method outperforms the GPT-4.1 baseline
across most benchmarks, substantiating that this
training-free approach effectively enhances model
performance through the discrimination of exter-
nal citations. Concurrently, these validation results
corroborate the efficacy of the three-stage reason-
ing paradigm devised for the training-free method.
Consequently, we will adopt this data paradigm in
subsequent training to reinforce the model’s capa-
bility to discriminate external citations.

4.2 Post-training Experiments
4.2.1 Datasets
We used MedQA-train, MedQA-mainland-train,
MedMCQA-train, CM-EXAM, MMLU-Pro (ex-
cluding medical questions), and MLEC-QA. We
selected datasets based on difficulty for SFT data,
and used multi-LLM voting to select challenging
subsets for RL training.

4.2.2 Models
We trained Qwen3-30B-A3B(Yang et al., 2025)
using our dataset and method.

4.2.3 Results
Our models achieve better performance, especially
on complex reasoning benchmarks (MedXpertQA,
SuperGPQA). Both SFT and GRPO with entropy
reduce the negative impact of external citations and
outperform standard GRPO.

4.2.4 Ablation Studies on GRPO
Regarding the reward design for GRPO experi-
ments, we designed a series of ablation experiments
to verify the effectiveness and superiority of our
reward.

Citation reward from where to where. To ver-
ify whether citations for entropy calculation should
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Model All-Case MedXpertQA CM-Exam GPQA Super-GPQA
Qwen3-30B-A3B 57.43 26.57 84.80 62.63 55.71
Qwen3-30B-A3B With Citation 57.05 26.73 87.40 59.34 54.71
Qwen3-30B-A3B-SFT 57.10 27.06 85.00 62.63 53.71
Qwen3-30B-A3B-SFT-GRPO 58.66 33.59 84.80 58.97 57.28
Qwen3-30B-A3B-SFT-ours 59.85 34.04 87.40 58.97 59.00

Table 3: Accuracy of post-training methods on medical benchmarks. All-Case is the average over the four
benchmarks. Best in bold, second best underlined.

Figure 3: Ablation studies on GRPO reward design. Blue curves (starred endpoints) denote our method; red dashed
curves denote ablation baselines. (a) Citation source: selecting citations from correct samples only (ours) vs. from
all samples. (b) All-correct/all-wrong queries: excluding citation reward for all-incorrect rollouts (ours) vs. applying
it uniformly. (c) Entropy scope: computing entropy over entire citation content (ours) vs. label tokens only. (d)
Reward strategy: both rewarding low-entropy and penalizing high-entropy citations (ours) vs. reward only. Our
design consistently leads to more stable training and better final performance.

be selected from all samples or only correct sam-
ples, we conducted an ablation experiment. The
training curves in Figure 3 show that selecting cita-
tions from all samples results in less stable training
and worse validation performance.

Query whose rollouts are all right or all
wrong. To validate our reward design for samples
that are all incorrect, we compared not applying
citation-related rewards to all-incorrect samples
versus calculating rewards from all samples. The
experiment results in Figure 3 show that the latter
method significantly lags behind the first.

Entropy of citation, whole contents or only
label. To verify the scope of citation entropy cal-
culation—whether it includes the entire content
corresponding to the citation or only the initial la-
bel—we designed an ablation experiment. The
results show that using only labels to calculate en-
tropy leads to more unstable rewards because the
entropy of a single label often has very high vari-
ance. This ultimately results in poor training stabil-
ity shown in Figure 3, causing model performance
to decline at very early steps.

Reward only or both reward and punishment.
To verify whether to reward only low-entropy cita-
tions or to reward low-entropy and penalize high-
entropy citations separately, we designed an abla-

tion experiment. The results in Figure 3 show that
the latter strategy leads to more stable training and
better model performance, encouraging the model
to favor better citations within a stable total number
of citations. The model output reveals that consid-
ering only rewards or penalties often leads to severe
reward hacking, causing the model’s citation count
to skew towards two extremes. At a deeper level,
examining entropy and citation entropy shows that
the former strategy only encourages lower absolute
entropy values, rather than considering the relative
levels of entropy between different citations, re-
sulting in severe entropy collapse in the model’s
citation content. Figure 4 further visualizes this
effect via the evolution of response entropy over
training steps.

Mapping method from citation entropy to re-
ward. We conducted ablation experiment using
our method, along with other methods that used
the difference between the number, or the softmax
value of the corresponding entropy, of low-entropy
citations and high-entropy citations as the reward
whose low-entropy and high-entropy citations are
obtained by sorting by entropy value and using
a fixed 30% threshold. The experiments demon-
strate that our method leads to better model perfor-
mance. Intuitively, using the tanh-mapped value as
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Figure 4: Evolution of overall response entropy over
training steps under two reward shaping strategies. The
blue curve (reward-and-punishment) maintains rela-
tively high entropy throughout training, preserving ex-
ploration. In contrast, the red curve (reward-only)
rapidly collapses, exhibiting entropy collapse due to
one-sided reward.

the value for different citations preserves the natu-
ral relative relationship between them, while using
a fixed ratio to define different types of citations
disrupts this relative relationship. Furthermore, us-
ing tanh-mapped method makes values smoother
at the boundaries, unlike softmax which can pro-
duce very extreme values. Figure 5 compares three
mapping functions from citation entropy to reward
and shows that tanh better preserves absolute mag-
nitude information.

5 Related Work

5.1 RAG in Various Scenarios

In the RAG scene, some works use metrics such as
perplexity or entropy to consider changes before
and after incorporating relevant context, detecting
the effectiveness of relevant context to compress
external information, and then using this to modify
the context or generate data for SFT training(Jia
et al., 2025; Jiang et al., 2024; Lin et al., 2025). In
contrast, other works employ complex reasoning
frameworks or train with factual data to keep faith-
ful to simple factual queries with fixed external
knowledge, mitigating problems related to knowl-
edge conflicts(Huang et al., 2025b; Zhang et al.,
2025b; Bi et al., 2025; Chen et al., 2025b; Zhang
et al., 2025d). However, these efforts either require
complex external systems and significant inference
costs, or they can only improve the model’s per-
formance on simple factual datasets and cannot
effectively improve the model’s ability in complex
medical inference scenarios.

Figure 5: (a) Comparison of three entropy-to-reward
mapping functions: tanh preserves absolute magnitude
while mitigating extreme values; rank-based uses fixed
thresholds; softmax normalizes across citations. (b)
Training curves show tanh (blue, starred) achieves best
performance over softmax (green) and rank-based (red).

5.2 Medical Reasoning

Evidence-based medicine requires medical reason-
ing models to ensure the accuracy of reasoning
and knowledge citation at every step. Some works
use PRM to score intermediate reasoning steps, us-
ing RL to teach the model reasonable reasoning
processes(Yun et al., 2025; Jiang et al., 2025a; Yu
et al., 2025b; Zhang et al., 2025e). Other works
focus on providing reliable external knowledge for
reasoning through customized search engines or
knowledge graphs(Yu et al., 2025a; Wang et al.,
2025b; Wu et al., 2025; Liu et al., 2025). Others
design multi-agent reasoning frameworks based on
different domain tasks(Zhao et al., 2025). However,
these works aim to consider the rationality of the
reasoning steps and how to introduce high-quality
external knowledge, lacking consideration to how
to identify and optimize these external knowledge.

5.3 Improvements in RL Training

Balancing a model’s exploration and exploitation
capabilities has always been a critical issue in
RL(Zhang et al., 2025a; Cui et al., 2025). Some
works encourage low entropy by making entropy
the optimization objective or incorporating it into
rewards and advantages, thereby achieving more
confident responses(Agarwal et al., 2025; Prab-
hudesai et al., 2025). Other works argue that a high-
entropy distribution implies more exploration ac-
tion space and better performance. Therefore, they
choose to add rewards related to entropy or seman-
tic entropy at certain tokens or whole response to
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mitigate the entropy collapse problem(Wang et al.,
2025a; Chen et al., 2025c; Zhang et al., 2025c;
Jiang et al., 2025b). Furthermore, some works
have proposed using different training strategies
based on the difficulty of the problem, such as dy-
namic learning rates, advantages or reward strate-
gies(Huang et al., 2025a; Zhang et al., 2025f; Li
et al., 2025a). However, most of these works rarely
focus on a specific part of the outcomes. At the
same time, the debates about whether to reward
high or low entropy during training lack rigorous
analysis and validation in specific domains. More-
over, none of these training methods have been
tested in RAG scenarios.

Limitations

Our work has several limitations. First, although
we mix general web search and medical databases
for generality, our study does not aim to compare
retrieval sources; we instead fix retrieved contents
for each query throughout the experimental cycle
to avoid confounding factors.

Second, while token-level entropy provides a
useful signal for citation quality, it is not a perfect
indicator. Encouraging low-entropy citations can
lead to safer use of external knowledge, but high
entropy may also correspond to beneficial explo-
ration; thus, entropy alone cannot fully capture the
optimal citation behavior. Moreover, we find that
extracting entropy at finer granularity can be unsta-
ble, and our effective strategy aggregates entropy
over the full citation sentence (including the cita-
tion marker and cited content), which limits how
precisely the signal can localize useful evidence.

Finally, our current training design applies re-
wards at the citation level and optimizes at the
rollout level via advantage, rather than assigning
token-level rewards or selecting fine-grained evi-
dence within each citation (e.g., key sentences or
spans). More stable designs that analyze prompt
and evidence tokens may enable finer-grained su-
pervision, but are beyond the scope of this work.
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A Faithfulness Experiments

To explore the conflict between internal and exter-
nal knowledge during complex reasoning and to
verify the model’s faithfulness and preference for
knowledge from different sources, we designed an
experiment. During the reasoning process, we al-
lowed the model to autonomously decide whether
to use a search engine to retrieve external knowl-
edge to assist in the reasoning, until the model au-
tonomously decided that all the current reasoning
content and external information were sufficient to
reach the final conclusion, and then reasoned out
the final answer.

In this process, we break down both the external
knowledge and the internal knowledge involved to
calculate the model’s faithfulness and preference.
First, for external knowledge, we use LLM to break
it down into knowledge forms similar to triples
as the external knowledge set. Next, we extract
the knowledge used in the reasoning process and
break it down into triplets as overall knowledge set.
Then, we remove one element from these triples
and let LLM continue to complete these triples,
thus extracting the model’s internal knowledge set.

By using these knowledge triples, we can de-
termine, through LLM, whether there is a conflict
between internal and external knowledge regarding
the same fact. Furthermore, we will calculate the
proportion of external (or internal) knowledge fol-
lowed by LLM in different situations relative to the
total number of knowledge points involved in the

entire reasoning process, to compare the degree to
which LLM adheres to both.

Knowledge Source no conflict conflict
internal 0.89 0.16
external 0.73 0.56

Table 4: Proportion of different knowledge that LLM
adhere to during reasoning in different situations

We use GPT-4.1 as the test model and random
samples from MedQA to evaluate the proportion of
knowledge from different sources that LLM adhere
to during the reasoning process. The metric is the
proportion of the knowledge triples that adheres to
different sources.

As can be seen from Table 4: 1) When internal
and external knowledge conflict, the model’s ability
to follow the knowledge decreases, verifying that
inconsistency between internal and external knowl-
edge will damage the model’s ability; 2) When in-
ternal and external knowledge conflict, the model’s
performance on internal knowledge decreases more
significantly, indicating that the model tends to rely
more on external knowledge in this situation.

This reveals the importance of external knowl-
edge when models engage in complex reasoning
and when internal and external knowledge conflict.
Incorrect external knowledge can be detrimental,
while good external knowledge can improve out-
dated or erroneous knowledge within the model,
enhancing the accuracy of reasoning. This also
demonstrates the necessity of our work in improv-
ing the model’s ability to discern external knowl-
edge.

B Citation Absence Experiments

To verify the role of key citations in reasoning, as
presented in Section 2.2, a simple experiment was
designed. For a number of queries containing a
series of retrieved citations, we first sampled them
directly using LLM, repeating this process 20 times.
Then, we counted the frequency of citations in the
correct samples, simply using citation frequency as
a value indicator, selecting the top 50% of citations
as high-frequency citations. Next, we repeat the
above sampling process using these three strategies:
removing these citations from the input prompt, re-
taining only these high-frequency citations in the
prompt, and removing all citations. We then statisti-
cally calculate the accuracy of the sampling results
under each strategy.
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All Case All Citation Only Top Citation No Top Citation No All Citation
GPT-4.1 0.477 0.486 0.455 0.4855
GPT-4o-0806 0.385 0.411 0.380 0.4025
o4-mini 0.390 0.430 0.400 0.420
Qwen2.5-72B-Instruct 0.363 0.389 0.340 0.386
Qwen3-30B-A3B-sft 0.522 0.536 0.444 0.458
Llama3.3-70B-Instruct 0.407 0.447 0.382 0.409
Deepseek-v3 0.419 0.4485 0.3875 0.420

Table 5: Accuracy of different models under various
citation absence strategies on the test dataset. The test
dataset contains 100 randomly selected samples from
the benchmarks listed in Table 2.

As shown in Table 5, the final results showed
a consistent trend across all models: sampling re-
sults with only high-frequency citations had the
highest accuracy, exceeding those with all citations,
while sampling results with only high-frequency
citations removed had the lowest accuracy. This
result confirms our previous conclusion that only
a subset of key citations have a positive impact on
the results, while other citations act as interference
or even have a negative effect.

It’s also worth mentioning that our key citation
selection strategy here simply uses the frequency
of occurrence in the correct samples, rather than
the lower entropy mentioned earlier in Section 2.3.
This is because this part of the experiment was our
initial exploratory attempt. After validating the
effectiveness of key citations using high-frequency,
we subsequently discovered the generally lower
entropy characteristic of these citations, revealing
the connection between lower entropy and higher
accuracy of citations, which guided us in designing
the final training strategy.

C Training Hyperparameters

Here, we show our detailed hyperparameter con-
figurations employed in our training method in Ta-
ble 7.

rollout.n mbs lr entropy reward weight
16 32 5e-6 0.05
16 32 3e-6 0.05
16 32 6e-6 0.05
16 32 5e-6 0.1

Table 6: Hyperparameters used for GRPO training. mbs
means mini batch size. lr means learning rate.

We experimented with these different hyperpa-
rameter configurations and randomly selected 100
queries from MedXpertQA as the test dataset. The
results shown in Figure 6 indicate the best hyper-
parameters of our method. What’s more, it shows
that LLMs are very sensitive to the size of the en-

Figure 6: Evolution of validation score during training
using different hyperparameter configurations through
our methods. These curves correspond to different hy-
perparameters configurations in Table 7

tropy reward weight, as excessive entropy-related
rewards may affect model training by causing its
entropy to drop rapidly.

D The Impact of Different Information
Retrieval Sources

Although the primary focus of our study is to en-
able models to automatically identify core external
citations across arbitrary retrieval sources, we de-
signed ablation experiments to investigate whether
the source of external knowledge impacts experi-
mental outcomes. To this end, we conducted an ab-
lation experiment using external citations obtained
from different search engines, including both com-
mon commercial general search engines available
on the market and our specially customized med-
ical knowledge search engine, building upon our
previously proposed training-free method. We ran-
domly sampled data from MedXpertQA as the test
dataset and aligned the experimental setup with
prior work by employing GPT-4.1 as the evaluation
model. We specifically compared the accuracy at
Stage 2 and Stage 3 under different external ref-
erence sources, using these metrics to determine
whether the source of external references signifi-
cantly impacts the final results.

search engine external acc fusion acc
bocha 40.75 42.07
quark 37.41 39.66
sogou 40.75 41.64
zhipu 39.73 41.92

special medical search engine 38.64 40.88

Table 7: Accuray results on different search engine.

From the experimental results, it can be observed
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that different search engines did not exhibit a signif-
icant impact, with the results for almost all search
engines remaining at comparable levels. Notably,
the results of Stage 3 consistently and markedly out-
performed those of Stage 2 across all tested search
engines. Therefore, we conclude that most com-
mon commercial search engines currently available
do not substantially influence the performance of
our task. Consequently, we did not conduct further
in-depth investigations into performance improve-
ments specifically tied to different search engines.
Specifically, this also demonstrates the generaliz-
ability of our method across diverse search engines.

E Comparison with Other RAG Methods

As our main focus is on training models that can au-
tomatically identify and analyze external citations,
all the process of our method aimed to validate im-
provements and construct robust training data for
subsequent cold-start training and helpful training
strategy, rather than simply competing with other
training-free methods. What matters is achieving
stable improvements over baseline for construct-
ing strong training data and inference paradigms.
Therefore, we did not discuss in detail the com-
parison between our method and other common
RAG-related works in the previous experiments.

Other previous RAG-related works such as
context-DPO, LingLLMLingua, and FaithfulRag,
did not align with our motivation. For example,
context-DPO and FaithfulRag mainly concentrate
on the faithfulness of models when facing long
context. LingLLMLingua focus mainly on prompt
compression.

We have also tried their methods on our bench-
marks, but practical issues such as open-source
code, prompts, and available models led to lower
results than baseline. These may be caused by dif-
ferences in domain, reasoning difficulty, prompt
and model, so we did not include them as baselines
in the main text. Below are the results from running
LingLLMLingua on our dataset:

F Clinical Case Validation

Firstlty, a considerable portion of medical reason-
ing datasets are sourced from clinical medical data,
so improvements on these datasets can also demon-
strate the practical effectiveness of our method.
Secondly, we have actually tested our method with
our private real patient-doctor data. The thought
process and specific results reflect the superiority

Benchmark GPT-4.1 LingLLMLingua our methods
MMLU-Pro-Health 81.02 74.75 81.16

MedMCQA 81.13 75.43 82.09
MedXpertQA-Text 40.01 30.78 39.79

SuperGPQA 58.45 48.10 60.05
GPQA 63.10 58.35 63.67

MedBullets-Op4 86.46 73.53 86.57
MedQA 94.01 89.31 94.61
Care-QA 92.11 90.34 93.74

Table 8: Results of LingLLMLingua on our benchmarks.
LingLLMlingua and our method both refer to using the
respective method with GPT-4.1 as the base model. The
metric of the results is accuracy.

of our model.
In online medical consultation scenarios, we ob-

tain corresponding medical expertise via external
search engines leveraging existing doctor-patient
conversations. Subsequently, we employ both the
baseline model and our method-trained model to
generate final diagnostic results, enabling us to
assess discrepancies between the two approaches.
Below is a representative example:

doctor-patient dialogue

Patient: I’m having a throbbing, nerve-like
pain inside my ear. It comes and goes with-
out any pattern.
Doctor: How long have you been experienc-
ing this ear pain?
Patient: It started this morning.
Patient: I didn’t sleep well the past few
nights.
Doctor: Before the pain began, were you
under stress, sleep-deprived, or feeling un-
well—such as having a cold?
Patient: Just poor sleep.
Doctor: Is the ear pain associated with hear-
ing loss, tinnitus, or any ear discharge?
Patient: No.
Doctor: How would you describe the
pain? Is it a pressure-like pain, a pulsating
vascular-type pain, a tight band-like pain, or
a sudden stabbing pain like a quick electric
shock?
Patient: It’s like a sudden needle-
prick—comes out of nowhere for a second.
Doctor: Any other associated symptoms?
Fever, nasal congestion, runny nose, nausea,
vomiting, blurred vision, sensitivity to light
or sound? Does it worsen with activity?
Patient: None of those.
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Doctor: Have you taken any medications?
Patient: No.

Here is the external citations sourced from search
engine.

external citations

- **Geniculate neuralgia:** Involves the
**nervus intermedius (intermediate nerve),
a small cranial nerve that travels with the
facial nerve**. Produces **shooting pain
specifically inside the ear canal**, often de-
scribed as sharp, stabbing sensations. Imag-
ing typically normal.
- **Trigeminal neuralgia:** Intense, sud-
den shooting or jabbing pain, electric-
shock–like, episodes seconds to minutes;
can be triggered by touching face or chew-
ing.
- **Otalgia:** Can stem from primary ear
conditions or **referred pain via cranial
nerves (V, VII, IX, X)** and upper cervical
nerves. No hearing loss makes inner ear in-
fection less likely; **nerve-related causes**
remain possible.
- **Geniculate neuralgia:** **Shooting
pain focused inside the ear canal**; origi-
nates from the **intermediate nerve (nervus
intermedius), a small structure travel-
ing with the facial and vestibulocochlear
nerves**. Pain is typically **paroxysmal
(sudden and brief)** and can be quite dis-
tressing. May cause **significant sleep
disruption** due to sudden, sharp pain
episodes. Imaging frequently normal; evalu-
ation by otolaryngology, neurology, or oral
surgery often needed. **Precise pain loca-
tion** is crucial for identifying the underly-
ing cause.
- **Sensory innervation:** The **exter-
nal auditory canal receives sensory inner-
vation** from multiple cranial and cervical
nerves. External ear and canal innervated
by: **Cranial Nerve V (Trigeminal)** –
auriculotemporal branch; **Cranial Nerve
VII (Facial)** – chorda tympani branch;
**Cranial Nerve X (Vagus)**; **Cervical
Plexus** – great auricular nerve (C2, C3).
- **Clinical significance:** This creates
**multiple potential sources for referred

pain**. Otalgia can originate from pathol-
ogy in the ear itself or be **referred from
distant structures** supplied by these same
nerves. Understanding these **neural con-
nections** is essential for accurate diagno-
sis.
- **Vagus nerve:** **Vascular compression
of the vagus nerve** can cause **isolated
deep ear canal pain** through its **auricu-
lar branch**. In documented cases, the pos-
terior inferior cerebellar artery was adherent
and penetrating between vagal nerve fibers,
**causing stabbing pain in the external audi-
tory canal**. Microvascular decompression
resolved the pain.
- **Nervus intermedius (geniculate) neural-
gia:** The **nervus intermedius** can be
**compressed by blood vessels**, causing
**sharp, stabbing pain** described as "an
ice pick in the ear" **deep in the ear**. Pain
can be triggered by swallowing and talking;
from sudden intense episodes to dull aches
with stabbing sensations. **Overlapping
sensory innervation** of the external audi-
tory canal from **cranial nerves seventh,
ninth, and tenth** can lead to misdiagnosis;
deep ear canal pain attributed to one nerve
may originate from another.

The baseline model gives the right diagnostic
result with wrong pathophysiological exploration
based on the external citations.

response from baseline model

Based on the overall presentation, external
auditory canal neuralgia is most likely. Ex-
ternal auditory canal neuralgia is a parox-
ysmal stabbing pain caused by irritation of
branches of the facial nerve or the vagus
nerve.

And our trained model gives the right diagnostic
result with right pathophysiological exploration.

response from our model

Based on the clinical presentation, exter-
nal auditory canal neuralgia is the most
likely diagnosis. This condition is charac-
terized by paroxysmal stabbing pain caused
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by local irritation or compression of sen-
sory nerve fibers in the external auditory
canal. It is often precipitated by sleep de-
privation or emotional stress. The pain typi-
cally presents as sudden, brief, needle-like
episodes without accompanying otologic or
systemic symptoms.

The baseline model gives wrong exploration of
external auditory canal neuralgia influenced by the
wrong external citations related to facial nerve and
nervus intermedius. And our model can effectively
discriminates valid information from external cita-
tions, excludes erroneous data, and consequently
provides accurate etiological explanations.

G Prompts and Data Examples

Here are the prompt examples.

input template

You are an Evidence-Based Medical AI
Assistant.
Given a question and a series of texts
related to the question from a search engine,
please carefully read the question and the
related texts, provide a detailed thought
process following the given requirements
and the present your final answer.
As the questions may be too complex
or need some related documents, your
responses must be grounded in high-quality
given evidence and follow a systematic
reasoning approach.
Your thought process must include the
analysis of your own knowledge, the
analysis of given external text and the
combination of these two thought process.

## CITATION FORMAT REQUIRE-
MENTS:
You MUST use the following special
citation format to mark ALL content that
comes from or relates to the search results:
1. **Single Citation Format**:
- Use: [$Citation_3_STarT$]content related
to citation 3[$Citation_3_FInisH$]
- Note the capitalization pattern:
- Start marker: STarT (first two letters S,T
and last letter T are capitalized)
- End marker: FInisH (first two letters F,I

and last letter H are capitalized)
2. **Multiple Citations Format**:
- When content relates to multiple citations
simultaneously, use:
- [$Citation_3_7_STarT$]content re-
lated to both citations 3 and 7[$Cita-
tion_3_7_FInisH$]
- List all citation numbers separated by
underscores
3. **Citation Rules**:
- EVERY piece of information from search
results MUST be wrapped in citation
markers
- Split citations when content can be
separated, even within the same sentence
- Only merge citations when they share
EXACTLY the same content
- Citation numbers correspond to the
[number] in the search results

Here is the question: query

Here are the texts: texts

The formatted output should be as
follows:
<think>
[Think deeply and freely explore all plau-
sible hypotheses step by step—examining
evidence, alternative explanations, and
counterarguments.]
[Analysis based on Citations in this part is
NO need to follow CITATION FORMAT.]
</think>
<internal_thought>
[Your reasoning process using internal
knowledge]
</internal_thought>
<external_thought>
[Your reasoning process using the given
text]
[If any citation is helpful or critical, follow
the CITATION FORMAT to cite here.]
</external_thought>
<fusion_thought>
[Your analysis combining both internal
and external think, plan the optimal fusion
strategy]
[If any citation is helpful or critical, follow
the CITATION FORMAT to cite here.]
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</fusion_thought>
</think>
<answer>
[Detailed analysis of the query based on all
the think process]
[Final answer for the given question]
[If this question is a multiple-choice
question, please give the final option with
format as: boxedinsert your option label]
</answer>

Let’s think step by step and then give your
response:
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