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Abstract

Large Language Models (LLMs) show strong
potential in medical QA, but still suffer from
hallucinations in multi-step clinical reason-
ing. Existing methods fail to assess confidence
at intermediate steps or reliably integrate ex-
ternal knowledge, leading to propagated er-
rors and misleading conclusions. Inspired by
Bayesian inference logic in clinical diagnosis,
we propose BELIEF, a Bayesian Evidence-
Leveraged InfErence Framework that enables
LLMs to perform reliable medical reason-
ing through dynamic belief assessment and
knowledge-augmented disambiguation. First,
the Bayesian Belief Updating Module (BBUM)
treats diagnostic hypotheses as prior proba-
bilities and calculates posterior probabilities
based on observed clinical evidence, prevent-
ing early-stage error propagation with statisti-
cal rigor. Second, the Dynamic Evidence Re-
trieval Module (DERM) autonomously queries
external medical databases to resolve ambi-
guity when the posterior belief exhibits high
entropy. Experiments across 7 datasets and
2 LLM backbones show that BELIEF signifi-
cantly improves diagnostic accuracy, enhances
interpretability, and mitigates hallucinations
through explicit probabilistic updates.

1 Introduction

Medical diagnosis is a fundamental aspect of
healthcare, in which accurate clinical reasoning
is essential for patient health and survival (Tang
et al., 2024). Recently, Large Language Mod-
els (LLMs) have demonstrated remarkable profi-
ciency in the medical domain, often matching or ex-
ceeding human-level performance on standardized
medical licensing examinations (Chen et al., 2023;
Dou et al., 2025; Toma et al., 2023). They also offer
a promising pathway to extend high-quality medi-
cal knowledge and decision support to underserved
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and medically underdeveloped regions (Zhou et al.,
2024).

Despite their impressive linguistic capabilities,
a critical bottleneck persists: these models are in-
herently prone to hallucinations during complex,
multi-step clinical reasoning. In clinical domains
where errors may result in loss of human life, the
lack of transparency in LLM reasoning, coupled
with a tendency toward overconfidence in incor-
rect reasoning trajectories, continues to hinder their
adoption (Griot et al., 2025; Johri et al., 2025).

Current research in medical LLMs primarily
focuses on Chain-of-Thought (CoT) (Sun et al.,
2025; Liu et al., 2024; Liu et al.) and Retrieval-
Augmented Generation (RAG) (Wu et al., 2025a;
Ke et al., 2025). While these methods improve
performance, they suffer from two fundamental
weaknesses. First, the absence of intermediate con-
fidence assessment: existing models typically pro-
ceed through a reasoning chain in a linear manner,
but do not provide explicit estimates of uncertainty
for intermediate steps. This causes the reasoning
process to follow an erroneous trajectory, with a
single early-stage error propagating and intensify-
ing over time. Second, the lack of strategic knowl-
edge integration: models often struggle to recog-
nize their own epistemic boundaries, either failing
to retrieve external knowledge when faced with am-
biguity or indiscriminately incorporating irrelevant
data that can mislead the final diagnosis (Hu et al.,
2025; Niu et al., 2024).

To overcome these barriers, medical AI must
transition from simple sequence generation to a
deliberative slow-thinking paradigm that emulates
the cognitive rigor of expert physicians. In clinical
practice, a human physician does not merely fol-
low a fixed script; instead, they employ a Bayesian-
like diagnostic workflow (Kassirer, 1989; Bours,
2021; Gill et al., 2005). They start with a prior
hypothesis based on initial symptoms and itera-
tively update their belief as new clinical evidence
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(labs, medical guidelines, history records) emerges.
When the internal confidence falls below a certain
threshold, the physician consults authoritative med-
ical guidelines to resolve ambiguity. Inspired by
this systematic reasoning process, we propose BE-
LIEF (Bayesian Evidence-Leveraged InfErence
Framework), a novel framework designed to instill
statistical rigor and dynamic self-correction into
LLM-based medical reasoning.

The BELIEF framework introduces two core in-
novations: (1) Bayesian Belief Updating Module
(BBUM): Unlike traditional deterministic reason-
ing, BBUM treats each diagnostic step as a proba-
bilistic inference task. By calculating the posterior
probability of a hypothesis based on observed clini-
cal evidence, the model can quantitatively assess its
diagnostic belief, ensuring that the reasoning path
is grounded in statistical consistency. (2) Dynamic
Evidence Retrieval Module (DERM): This mod-
ule grants the model the autonomy to recognize
uncertainty. When the belief score derived from
BBUM indicates high ambiguity, DERM triggers
targeted queries to external, authoritative medical
databases (e.g., history records, clinical guidelines),
integrating real-time evidence to refine the reason-
ing process.

We evaluate the BELIEF framework across 7 di-
verse medical diagnosis datasets and 2 LLLM back-
bones. Our experimental results demonstrate that
BELIEEF significantly outperforms existing strong
baselines in diagnostic accuracy. More importantly,
we show that by explicitly modeling the evolution
of beliefs and providing evidence traceability, our
framework substantially mitigates hallucinations
and enhances the interpretability of Al-driven diag-
noses. To sum up, our contributions can be summa-
rized as follows:

* We propose a deliberative reasoning architec-
ture that models medical diagnosis as a con-
tinuous probabilistic refinement process.

* We develop a novel framework that establishes
a closed-loop mechanism for diagnostic in-
ference. By leveraging Bayesian belief to
guide the acquisition of evidence, which in
turn feeds back to modulate and sharpen belief
distributions toward final diagnostic certainty.

* Our approach not only improves diagnostic
accuracy but also establishes more robust in-
ference chains, enhances interpretability, and
effectively mitigates hallucinations.

2 Related work

Trustworthy Medical LLM Reasoning LLMs
in clinical settings are prone to hallucinations
caused by pretraining errors and overconfident re-
ward mechanisms, with medical risks amplified by
data scarcity, demographic bias, and underspeci-
fied prompts (Kalai et al., 2025; Zhu et al., 2025;
Zhang et al., 2024; Chen et al., 2025). Existing
mitigation strategies primarily focus on post-hoc
interventions, such as semantic inconsistency de-
tection (Farquhar et al., 2024), ensemble-based
voting (Till et al., 2025), and RAG grounded in
authoritative corpora (Zhang et al., 2024; Xia et al.,
2025). Recent work therefore turns to trajectory-
level supervision and human-centric alignment,
using evidence graphs, tree-search (Mu et al.,
2025; Jiang et al., 2026), verifier-guided learning,
multi-objective rewards (Chen et al., 2024a; Gu
et al., 2025), physician-annotated trajectories, re-
flective prompting, and multi-agent collaboration
(Wang et al., 2024; Zhao et al., 2024; Tang et al.,
2024). However, current Slow-Thinking Med-
LLMs still lack quantifiable uncertainty assessment
and confidence-aware triggers, unlike clinicians
who deliberate when ambiguity or conflicting evi-
dence is detected. Medical diagnosis can be viewed
as a Bayesian inference process (Gill et al., 2005),
where beliefs are updated as new evidence arrives.
This motivates our approach. Prior work (Guez
et al., 2012; Lee et al., 2018; Zhang et al., 2026)
studied BAMDPs; here, we apply Bayesian belief
updating to medical diagnosis.

Medical Retrieval-Augmented Generation Sys-
tems Recent frameworks have introduced multi-
agent iterative retrieval, triple-graph constructions,
and hierarchical community-level search to bridge
the gap between private clinical data and exter-
nal medical corpora (Wang et al., 2025; Wu et al.,
2025a; Jiang et al., 2025). However, retrieval qual-
ity is critical: insufficient retrieval may induce hal-
lucinations (Rashtchian and Juan, 2025), whereas
excessive retrieval can introduce noisy or mislead-
ing evidence (Amiraz et al., 2025). Thus, recent
Adaptive RAG and Self-Reflective methods opti-
mize retrieval policies by estimating information
sufficiency and internal knowledge gaps (Yang
et al., 2025b; Tan et al., 2024; Zheng et al., 2025).
Building on this line of work, BELIEF formu-
lates medical diagnosis as continuous probabilistic
refinement, dynamically calibrating evidence re-
trieval according to real-time uncertainty.
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Figure 1:

Overview of BELIEF, which mainly consists of 2 modules: (1) Bayesian Belief Updating Module

(BBUM): dynamically quantifies diagnostic uncertainty and leverages these assessments to strategically trigger
external knowledge retrieval; (2) Dynamic Evidence Retrieval Module (DERM): activates during high-uncertainty
states to incorporate external knowledge into the reasoning context, thereby reducing diagnostic uncertainty through
evidence-based belief refinement. The BBUM and DERM form a unified diagnostic framework where the former
triggers the latter upon detecting high uncertainty, while the latter provides the external evidence necessary for the

former to refine its beliefs.

3 Framework

3.1 Framework Overview

BELIEF leverages Bayesian belief updating to pro-
vide training-time supervision for medical diag-
nostic reasoning. As shown in Figure 1, BBUM
models the posterior distribution over candidate
diagnoses and derives uncertainty signals to guide
both reasoning and evidence retrieval through a uni-
fied reward. DERM further learns when to trigger
actions and how to incorporate retrieved evidence
into subsequent reasoning. Together, these compo-
nents form a closed-loop training framework that
couples diagnostic reasoning with selective evi-
dence acquisition.

3.2 Task Formulation

We formulate medical diagnosis with LLMs as a se-
quential probabilistic inference problem over a set
of candidate diagnoses Y = {y1,...,yx }. Given
an initial patient record X, the goal is to identify
the most plausible diagnosis by progressively incor-
porating clinical evidence.At each step ¢, the model
maintains a context C; = {Xo, 1., a1, €14}, in-

cluding the patient information, reasoning traces,
actions, and accumulated evidence. Conditioned
on CY, the LLM performs reasoning and selects an
action to acquire new evidence. From a probabilis-
tic perspective, the model maintains a belief over
candidate diagnoses, initialized by P (y;, | Xo) and
iteratively refined as new evidence is observed. The
final prediction corresponds to the diagnosis with
the highest posterior belief under the full context.

3.3 Bayesian Belief Updating Module

Candidate Diagnosis Pool Construction. Dur-
ing training, given a patient case Xy, the LLM
generates a candidate diagnosis set J(Xy) =
Y1, .--,Yx. If the ground-truth diagnosis y* i
not included in the set, we append it, as BBUM
requires an explicit target to provide a valid super-
vision signal. Each hypothesis ¥y, is initialized with
a prior belief by (yx) = P (yx | Xo). All candidate
diagnoses share the same b.

Chunk-wise evidence assessment. We partition
the reasoning trajectory C' into 1" non-overlapping
chunks of fixed size A = 128 (T = [|C|/A]). At
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each chunk ¢, conditioned on the current context
C,, the LLM performs reasoning and selects an
action ay (e.g., finding similar cases, or lookup
knowledge), which yields new clinical evidence
Ct+1-

For each candidate yy, the step-wise evidence
likelihood ¢, (t) el where py () =
Py(yx | Ct) is the LLM’s diagnostic confidence
in hypothesis ¥y, after reading the accumulated clin-
ical context Cy. ¢ (t) measures how likely the
newly acquired evidence would be observed under
hypothesis y.

We maintain an unnormalized belief weight
be (y) for each diagnosis, which is recursively
updated by accumulating evidence likelihoods:
b (yi) = bi—1 (yr) - £x (t) . This recursion admits
a direct Bayesian interpretation , where each newly
acquired piece of evidence contributes multiplica-
tively to the posterior belief. The normalized belief

is then obtained as b; (yy) = %
500y

responds to the posterior probability P (yx | Ct)
over candidate diagnoses. After multiple reason-
ing and evidence acquisition steps, the final belief
is given by br (yx) oc P (y | Xo) [Tj=; 4 (1),
which integrates prior knowledge with accumulated
clinical evidence. The final diagnosis is selected as
y = argmaxy, br (y) . This formulation models
diagnosis as a sequential process of hypothesis gen-
eration and evidence-driven belief revision, where
each step incrementally refines the posterior distri-
bution over candidate diseases.

, which cor-

Uncertainty signal and posterior advantage.
We elevate the Shannon entropy (Shannon,
1948) of the diagnostic posterior H; =
- Zszl b: (c) log by (¢k), to an externally read-
able signal. BELIEF treats H; as the canonical
uncertainty interface between reasoning and action:
H, near 0 indicates the model has converged on a
confident differential and should commit, whereas
H, near log K indicates the chain is exploring with-
out resolution and external evidence should be
sought. By making H; explicit, the retrieval policy
in DERM becomes a learnable behavior governed
by Bayesian uncertainty, rather than a hand-crafted
prompt-based heuristic.

Let T' denote the index of the final chunk . We
define A; = Y73, (br (yk) — be (yn)) * be(Ch),

BBUM therefore yields two complementary sig-
nals: (i) the chunk-level posterior advantage Ay,
which is assigned to all tokens within chunk; (ii)

the entropy signal H;. These two quantities are sub-
sequently used by the unified objective in section
3.5 and the retrieval policy in section 3.4, respec-
tively.

3.4 Dynamic Evidence Retrieval Module

DERM turns the BBUM uncertainty signal Hy
into a learnable retrieval action. Unlike prior
approaches where retrieval is triggered either by
token-level heuristics (e.g., Self-RAG (Asai et al.,
2024)), uncertainty signals (e.g., FLARE (Jiang
et al., 2023)), or intermediate reasoning steps (e.g.,
Search-R1 (Jin et al., 2025), R1-Searcher (Song
et al., 2025)), and where supervision is typically
applied at the token or trajectory level, DERM de-
rives both its retrieval trigger and reward from an
explicit Bayesian posterior over diagnoses. This
allows retrieval decisions to be directly aligned
with the diagnostic objective, and enables joint op-
timization of retrieval and diagnosis under a shared
advantage signal.

Retrieval as an environment-controlled action.
To realize uncertainty-triggered retrieval as a
learnable behavior, we extend the action space
A = V with two reserved tokens <search> and
</search>, which are newly embedded and incor-
porated into the LM head via resizing. Under the
uncertainty gated reward, the policy is encouraged
to emit this token pair only when its posterior en-
tropy H; surpasses a predefined threshold n. Me-
chanically, whenever (<search>,q,</search>)
is emitted, generation pauses, the query ¢ is
sent to a medical RAG backend R , and
the top-k passages e, = R (q) are spliced
into context inside an environment-controlled
(<results>, e, </results>) block. The action
mask is zeroed on observation tokens so retrieved
text acts as an exogenous state transition rather than
a behavior to imitate.

Uncertainty-gated reward and closed-loop re-
fresh. To avoid over-querying, triggering and re-
ward are fused into one signal from H;. Let t—,t"
be the chunks immediately before the search and
after ingestion:

r N = X[y, s (H- — Hye) = Blu,_<y)

with threshold 7, over-querying penalty 3, and a
budget of M searches per trajectory. The posi-
tive branch rewards searches that are both justified
(Hy- >n) and effective (H,——H+ > 0). Following
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ingestion, BBUM recomputes pj, (t7) on the up-
dated state s;+ = s;— @ e; , producing a sharpened
posterior b;+ and an increased calibration advan-
tage A,+ over downstream tokens. This sharpening
concurrently reduces entropy H,;+ and eliminates
the incentive for redundant follow-up queries. Trig-
gering, reward, and self-suppression thus arise as
different manifestations of a single Bayesian poste-
rior, closing the loop between BBUM and DERM
without introducing an auxiliary reward model.

3.5 Unified Training Objective

We optimize 7y with a clipped policy-gradient ob-
jective whose advantage aggregates four reward
streams aligned with the three actions of our MDP:
(i) BBUM'’s chunk-level posterior advantage A,
which credits the reasoning action; (ii) DERM’s
uncertainty-gated retrieval reward r3*<h for the
retrieval action; (iii) a parallel rethink reward
prehink — S 1[Apy« (t5) > Apy« (t5)] that fires
only when a <wait> action accelerates per-chunk
convergence to the ground truth (with Ap,« , so
that self-reflection is incentivized only when it is
empirically productive; and (iv) a trajectory-level
outcome shaping term 7,y returned by the medical
verifier, jointly scoring answer format and embed-
ding semantic correctness. We aggregate these into
a single per-token advantage,

A;Ot :At+Rout (7_)_|_ § : 7,,zearch_f_ 2 : r;ethmk7
Seszearch seszethink

where Spearch Srethink jpdex the retrieval and re-

think actions whose effects reach chunk ¢, and the
floor index broadcasts A to every token of its chunk.
The clipped policy update

Lo=—E;[min(p A", clip (pr, 1—¢, 1+¢) A)],

with py =mg (ar | S¢) /e, (ar | st), jointly trains
all three actions from one gradient signal, regular-
ized by a KL penalty against a frozen reference
policy. Because the three Bayesian streams (A,
psearch - prethinky 411 derive from the same posterior
by and its per-chunk dynamics, BELIEF reduces
RL fine-tuning of a clinical reasoner to a single
actor optimization in which reasoning, reflection,
and evidence acquisition are end-to-end optimized
under one interpretable Bayesian advantage. Af-
ter optimization, inference proceeds through the
learned policy g, which directly generates reason-
ing trajectories, <search> actions and queries, and
final diagnoses. The candidate set, b;, and H; are
used only to provide training-time supervision.

4 Experiments

4.1 Benchmarks

We performed evaluations on a suite of estab-
lished medical diagnosis benchmarks structured
into two primary domains: (1) in-domain bench-
marks (ID): MIMIC (Johnson et al., 2023), PMC-
Patients (Zhao et al., 2022), RareArena (Chen et al.,
2026), RareBench (Chen et al., 2024b); (2) out-
of-domain benchmarks (OOD): DiagArena (Zhu
et al., 2026), MedCase (Wu et al., 2025b). Follow-
ing Zheng et al. (2025), we categorized MIMIC
into common diseases (MIMIC-C) and rare dis-
eases (MIMIC-R). MIMIC-C and PMC-Patients
are used as benchmarks for common diseases,
while MIMIC-R, RareArena, and RareBench serve
as benchmarks for rare diseases.

4.2 Experimental Setup
4.2.1 Baselines

We choose the following 4 categories to serve
as baselines: (1) Large language models (>10B):
GPT-5.4, GPT-40-mini (Achiam et al., 2023), GPT-
3.5-Turbo (Ouyang et al., 2022), DeepSeek-R1-
0528 (DeepSeek-Al, 2025), Qwen-3-32B (Yang
et al., 2025a) ; (2) Small language models (<10B):
Qwen2.5-7B (Team, 2024), Qwen2.5-7B w/ RAG,
Llama3.1-8B (Grattafiori et al., 2024), Llama3.1-
8B w/ RAG, Qwen3.5-9B (Team, 2026), Self-RAG-
Llama-7B (Asai et al., 2024) ; (3) Medical In-
struct Models(<10B): UltraMedical3-8B (Zhang
et al., 2024), OpenBioLLM-8B (Pal and Sankara-
subbu, 2024), Med42-8B (Christophe et al., 2024) ;
(4) Medical Reasoning Models(<10B): Huatuo-o1-
8B (Chen et al., 2024a), Med-s® (Jiang et al., 2026),
Med-CEG (Mu et al., 2025), Deep-DxSearch-
8B (Zheng et al., 2025). The implementation de-
tails and experimental settings are provided in Ap-
pendix C.

4.2.2 Evaluation Metrics

Following Zheng et al. (2025); Shikino et al.
(2024); Bhasuran et al. (2025), we adopt Acc@1
and Acc@5 as the main evaluation metrics to
assess the performance of our proposed method.
Acc@K measures whether the ground-truth label
appears within the top-K predicted results gener-
ated by the model. Separately from diagnostic
benchmarking, following Mu et al. (2025), we as-
sess reasoning reliability using 4 independent LLM
judges: GPT-5.5, GPT-3.5-Turbo (Ouyang et al.,
2022), DeepSeek-R1-0528 (DeepSeek-Al, 2025),
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MIMIC-C PMC-Patients MIMIC-R RareArena RareBench
Models Training Type Acc@l Acc@5 Acc@l Acc@5 Acc@l  Acc@5 Acc@l Acc@S5 Acc@l  Acc@3
[rgb] .851, .851, .851 Large language models (>10B)
GPT-5.4 21.80  60.44 17.60 6292 2670  66.39 31.00 89.80  24.07 67.28
GPT-40-mini - 30.58 74.77 16.93 58.67 30.93 71.13 20.30 60.90 15.53 62.11
GPT-3.5-Turbo 25.83 64.98 1840  59.07 3186 70.00  27.00  77.40 16.77 72.05
DeepSeek-R1-0528 14.63 36.13 1240 2533 26.19 4536 2040  61.40 16.15  40.99
Qwen-3-32B - 31.18 69.73 14.00  58.13 2979 67.11 18.00  62.30 19.88 72.67
[rgb] .851, .851, .851 Small language models (<10B)
Qwen2.5-7B 423 8.61 1096  24.45 9.63 18.77 6.06 12.80 17.86  30.48
Qwen2.5-7B w/ RAG 9.13 12.62 20.08 3225 17.82 2517 8.28 13.02 31.98 57.70
Qwen3.5-9B 7.87 8.27 12.73 13.00 9.27 9.70 8.40 8.80 13.50 14.19
Llama3.1-8B - 3.81 8.00 15.13 25.08 3.40 12.75 7.94 12.87 20.89 35.71
Llama3.1-8B w/ RAG 9.01 13.03 25.77 40.55 15.03 22.10 11.31 17.02 33.27 55.01
Self-RAG-Llama-7B 30.54  32.66 28.61 3112 3254 35.03 10.78 12.41 39.51 54.32
[rgb] .851, .851, .851 Medical Instruct Models(<10B)
UltraMedical3-8B SFT+DPO+KTO 20.79 38.85 14.67 33.33 23.92 41.13 25.90 38.10 30.43 37.89
OpenBioLLM-8B - 18.16 3451 11.20  24.00 15.57 29.38 1480  24.10 18.63 30.43
Med42-8B SFT+DPO 20.48 39.35 18.53 3293 25.26 33.92 1830  26.00 2236 32.92
[rgb] .851, .851,.851 Medical Reasoning Models(<10B)
Huatuo-01-8B SFT+PPO 1826  38.14 18.67 39.87 20.10  41.86 2400 4020  21.12 4783
Med-s* SFT+DPO 2170 50.35 2627  42.53 18.45 40.10  30.60  44.70 31.68 4596
Med-CEG SFT+GRPO 16.75 42.08 16.67 2293 2340 4340 17.60  35.00 34.16  39.13
Deep-DxSearch-8B SFT+GRPO 21.09  27.85 3413 4573 4196  55.05 2240  30.00 64.60 7391
BELIEF-Qwen2.5-7B SFT+PPO 5429  65.79 2947 4213 60.21 69.90 2940 4440 5590  73.29
BELIEF-Llama3.1-8B SFT+PPO 5832 6942 2840 4080  60.00  70.41 3480 4950  59.01 72.67

Table 1: The overall performance of baselines and BELIEF on 5 in-domain benchmarks. We highlight the best
results with bold and underline the second best results among models with a similar size. Our proposed method
achieves remarkable performance across 3 benchmarks and yields competitive, second best results on the remaining
2 benchmarks, demonstrating robust effectiveness compared to existing baselines.

Diagnosis Arena Medcase

Model
odels Acc@] Acc@5 Acc@] Acc@5
Huatuo-o1-8B 9.62 32.79 9.12 33.76
Med-s3 10.39 32.35 9.88 27.37
Med-CEG 10.93 26.31 7.47 20.11
Deep-DxSearch-8B 9.07 33.99 6.20 27.70
BELIEF-Qwen2.5-7B 1541 35.83 13.87 32.72
BELIEF-Llama3.1-8B 14.64 35.15 16.79 34.82

Table 2: The overall performance of Medical Reason-
ing Models and BELIEF on 2 out-of-domain bench-
marks.

and Qwen-2.5-72B (Bai et al., 2023). Each re-
sponse is rigorously scored across five dimensions:
(i) Logical Coherence, (ii) Factual Accuracy, (iii)
Evidence Faithfulness, (iv) Interpretability & Clar-
ity, and (v) Information Utilization. Prompt tem-
plate is available in Table 6 (Appendix B).

4.3 Main Results
4.3.1 Evaluation of Diagnosis Accuracy

We conduct comprehensive experiments on five
in-domain and two out-of-domain benchmarks to
evaluate BELIEF for medical diagnosis, with re-
sults reported in Tables 1 and 2. Overall, Med-
ical Reasoning Models consistently outperform
SLMs and Medical Instruct Models at compara-
ble scales, highlighting the importance of special-
ized reasoning mechanisms in the medical domain.
On challenging benchmarks such as MIMIC-C and

RareBench, our models achieve performance close
to, or even surpassing, much larger LLMs. These
results highlight the effectiveness of BELIEF in im-
proving the medical reasoning capability of smaller
LLMs. Moreover, BELIEF is model-agnostic and
can be readily extended to stronger trainable open-
source backbones.

Self-RAG-Llama-7B, as an autonomously re-
trieving model, achieves strong performance on
Acc@1; however, its gains on Acc@5 are rela-
tively limited, possibly due to insufficient diver-
sity in retrieved candidates. In contrast, although
Qwen3.5-9B is a more recent model, its inferior
performance compared to Qwen2.5-7B may be
attributed to overly long reasoning chains. No-
tably, on MIMIC-R, ours-Llama3.1-8B attains the
best Acc@1 of 60.21% among 8B models, indicat-
ing improved handling of complex clinical logic
beyond factual memorization. In OOD settings,
our models also show strong Acc@1 performance,
demonstrating precise and generalizable diagnos-
tic reasoning across unseen clinical distributions.
These results confirm the robustness and accuracy
of BELIEEF, suggesting that BBUM effectively sta-
bilizes reasoning chains and mitigates the impact
of noisy clinical signals.

Beyond accuracy, we further evaluate whether
the model reduces clinically risky hallucinations
(The description of the evaluation parameters is
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MIMIC-C PMC-Patients MIMIC-R RareArena RareBench
Models Acc@] Acc@5 Acc@l Acc@5 Acc@l Acc@5 Acc@l Acc@5 Acc@l  Acc@5
SFT Policy 5425 6680 2654 3895 5981  67.15 3320 4830 5548  69.20
w/o BBUM 5409 6690 2667 3907 5897 67.11 3260 4810 5155  68.32
w/o DERM 5633 69.05 2691  40.16 5987  67.64 3462 4865 5621 7081
BELIEF-Llama3.1-8B 5832  69.42 2840 4080 60.00 7041 3480 4950 5901  72.67

Table 3: Ablation study for BBUM and DERM, highlighting the contribution of each component.

BELIEF_llama_3.1_88 —T BELIEF_llama_3.1 88 = BELEF BELIEF_qwen_78 = BELEF
BELIEF_qwen_78B Baselines BELIEF qwen_ 78 Baselines BELIEF lama_3.1.88 y Baselines
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Figure 2: Cross-model hallucination and calibration comparison on five clinical-diagnosis benchmarks (means
over datasets, error bars = std). Lower is better for all three metrics.

provided in Appendix E). Figure 2 shows that our
models achieve top-tier performance, with reduc-
tions of 21%, 43%, and 24% in hallucinations, cal-
ibration error, and selective risk, respectively, sug-
gesting improvements beyond prediction accuracy
in reliability and uncertainty awareness.

Overall, our proposed BELIEF shows strong and
consistent performance on most benchmarks, high-
lighting its robustness and accuracy. This indicates
that the BBUM effectively stabilizes the reasoning
chain, preventing the model from being led astray
by noisy clinical signals.

4.3.2 Qualitative Analysis of Diagnosis
Reasoning

Figure 3 presents a comparative analysis using 4
LLMs as evaluators. Across all six baselines, al-
though absolute scores vary across different LLM
evaluators, the overall performance trend remains
consistent. Our proposed BELIEF framework out-
perform models of comparable scale, demonstrat-
ing that our optimization methods significantly en-
hance reasoning capabilities. Furthermore, multi-
dimensional evaluation via GPT-3.5-Turbo (Figure
5) confirms that our method consistently outper-
forms baselines, particularly in Interpretability &
Clarity and Evidence Faithfulness. These gains
indicate that our approach produces more transpar-
ent, well-structured, and evidence-grounded rea-
soning paths, resulting in more reliable and logi-
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Figure 3: LLM-based evaluation of the reasoning
process for different models.

cally coherent diagnostic responses. We evaluated
human-LLM agreement on 100 randomly sampled
cases. Five experts independently scored them us-
ing the same criteria, and alignment was measured
with Spearman’s p. The LLM-expert correlation is
0.77, while the average inter-expert p is 0.80, indi-
cating that the LLM is a reliable proxy for human
judgment.

4.4 Ablation Study

To verify the effectiveness of BELIEF’s compo-
nents, we conduct an ablation study with the fol-
lowing variants: (1) SFT Policy: using only the
SFT policy; (2) w/o BBUM: incorporating retrieval
mechanisms into the Cold Start SFT policy; and
(3) w/o DERM: performing inference based solely
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Figure 4: Case study of clinical diagnosis. The baseline model confidently predicts the incorrect diagnosis TTP,
while BELIEF triggers evidence retrieval, rules out inconsistent candidates, and correctly identifies ITP. The retrieval

query is highlighted in yellow.
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Figure 5: Comparative analysis of reasoning quality
across 5 key dimensions. Darker colors indicate better
performance. Our proposed method also exhibits supe-
rior proficiency in terms of reasoning quality.

on the BBUM without external retrieval.

We summarize the ablation results in Table 3.
Removing BBUM leads to the weakest perfor-
mance, highlighting the importance of dynamically
updating posterior beliefs. In contrast, using rea-
soning alone suffers from information insufficiency.
By integrating reasoning and retrieval into a unified
cognitive flow, BELIEF achieves the best overall
performance among all variants. A paired t-test
further confirms that the improvement is statisti-
cally significant ({ = —6.0963, p < 0.001), indi-
cating that the gains are reliable. We additionally
analyze sensitivity to the entropy threshold 7 in
Appendix D.

4.5 Case Study

In Figure 4, we present a diagnostic case, with
full details provided in Table 5 (Appendix A). The
initial patient description suggests an abnormal
platelet count, but the evidence is insufficient for a
confident diagnosis. This uncertainty triggers ev-

idence retrieval. Based on the retrieved evidence,
BELIEF systematically rules out inconsistent dis-
eases and correctly diagnoses Immune Thrombo-
cytopenic Purpura (ITP). In contrast, without our
method, the model consistently predicts Throm-
botic Thrombocytopenic Purpura (TTP) across 5
trials. Although ITP and TTP differ by only one
word, this error can lead to inappropriate treatment
and serious clinical risks. This case shows that
repeated sampling cannot easily eliminate such
confident hallucinations, further demonstrating the
necessity of our approach.

5 Conclusion

This paper introduced BELIEF, a reasoning frame-
work that models medical diagnosis as a continu-
ous trajectory of probabilistic refinement. At its
core, the framework establishes a recursive feed-
back loop between internal diagnostic hypothesis
generation and external evidence verification. The
Bayesian Belief Updating Module (BBUM) serves
as the cognitive engine that quantifies uncertainty,
which then parametrically triggers the Dynamic
Evidence Retrieval Module (DERM) to resolve
specific clinical ambiguities. Experimental results
across 7 diverse medical benchmarks and 2 back-
bones demonstrate that this interlocked architecture
significantly surpasses existing strong baselines.
Beyond accuracy, BELIEF provides a mathemati-
cally grounded trace of diagnostic confidence, re-
ducing hallucinations.
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Limitations

While our method achieves promising results, sev-
eral limitations remain: (1) Our approach is strictly
confined to textual medical data. It is currently in-
capable of processing complex, unstructured, and
multimodal clinical inputs (e.g., medical imaging
or waveforms). (2) Although BELIEF is not tied to
a specific backbone and can in principle be instanti-
ated with stronger trainable open-source LLMs, our
empirical validation is currently limited to public
datasets and two 7-8B backbones. Its scalability
and effectiveness on substantially larger models
(e.g., 70B+) remain to be verified.

Ethical considerations

We performed evaluations on a suite of established
medical diagnosis benchmarks, including MIMIC,
PMC-Patients, RareArena, RareBench, Diagnosis
Arena and MedCase. This research adheres to
strict ethical standards in dataset usage and eval-
uation. The MIMIC dataset is utilized under its
data use agreement, ensuring compliance with all
relevant regulations and responsible handling of
de-identified clinical data. Other datasets are de-
rived from publicly available biomedical literature
or prior benchmark studies, and are used in accor-
dance with their respective terms of use.

This work is intended for research purposes only
and does not constitute medical advice. The pro-
posed model is not validated for clinical use and
should not be used for diagnosis or treatment deci-
sions.
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A Case Study

This appendix provides the complete details of the
case study discussed in Section 4.5.

B Prompt Templates

The prompt templates used for evaluating the rea-
soning quality of medical LL.Ms and for inference
are shown in Tables 6 and 7, respectively.

C Implementation Details

In this study, we choose Llama3.1-8B-Instruct'
and Qwen2.5-7B-Instruct’> as the backbone of
BELIEF. We choose DiagRL-Corpus’as our
retrieval Corpus. We initiated the training process
with Supervised Fine-Tuning (SFT) as a cold
start, followed by Reinforcement Learning (RL).
Five reserved tokens (<search>, </search>,
<results>, </results>, <wait>) are appended
to the tokenizer with embeddings and L.M-head
rows initialized to the mean of existing vectors.
All the experiments are conducted on an A100
NVIDIA GPU with 80G graphic memory in a
Linux environment. The candidate set C(x) is
formed by de-duplicating the final answers of
N = 8 rollouts (inserting y* if absent), yielding
on average K = 10 candidates; trajectories
are partitioned into A = 128-token chunks,
and py(t) is evaluated under the fixed cue gus =
“Based on the above reasoning, the final answer is”.
During training, the ground-truth diagnosis y*
is appended to the candidate set if it is absent,
ensuring a valid target for BBUM. To avoid
label leakage, y* is never introduced at inference,
where the model directly generates reasoning,
retrieval actions, and final diagnoses without
explicitly constructing the candidate set, posterior
distribution, or entropy.

BBUM computes py, as the cosine similarity be-
tween BGE* embeddings of ¢;, and y*, with 0, =
0.7 . DERM uses entropy threshold nn = 0.6 log k,
search-reward scale A, = 1, over-querying penalty
B = 0.1, budget M = 2, and top-k = 5 passages
retrieved by MedEmbed (Balachandran, 2024) 3
with MMR diversity reranking (Carbonell and

"https://huggingface.co/meta-llama/Llama-3.1-8B-
Instruct

*https://huggingface.co/Qwen/Qwen2.5-7B-Instruct

3https://huggingface.co/datasets/QiaoyuZheng/DiagRL-
Corpus

*https://huggingface.co/BAAI/bge-large-en

>https://huggingface.co/abhinand/MedEmbed-large-v0. 1

o 0 02 04 06 038

Acc@1 574 58.1 58.0 583 57.6
Avg. searches 0.45 0.44 046 042 0.36

Table 4: Sensitivity of BELIEF-Llama3.1-8B to the
training-time entropy threshold = «logK on
MIMIC-C. Avg. searches denotes the average num-
ber of inference-time retrieval actions per case. The
default o = 0.6 is shown in bold.

Goldstein, 1998) (Ammr = 0.5) from a clinical
corpus. The rethink reward uses & = 0.2, and Ry,
is returned by a regex format checker combined
with BGE semantic similarity to y*. Optimiza-
tion uses clip € = 0.2, KL coefficient Sx;. = 0.01,
AdamW with peak learning rate 5x 10~°, genera-
tion temperature 0.9 with up to 2048 new tokens
per trajectory.

D Entropy Threshold Sensitivity

We study the sensitivity of BELIEF to the training-
time entropy threshold. Using BELIEF-Llama3.1-
8B on MIMIC-C, we vary n = «log K, where
a € {0,0.2,0.4,0.6, 0.8}, while keeping all other
settings fixed. Table 4 reports diagnostic accuracy
and average inference-time searches per case.

At the default o = 0.6, BELIEF achieves the
highest Acc@1 of 58.3 with 0.42 searches per
case. Across the tested thresholds, Acc@ 1 remains
within a narrow range of 57.4-58.3, demonstrat-
ing stable diagnostic performance across different
threshold settings. Relative to the lower thresh-
olds (o < 0.4), @« = 0.6 improves Acc@1 while
slightly reducing retrieval frequency. Increasing o
to 0.8 further lowers retrieval frequency from 0.42
to 0.36 searches per case, but decreases Acc@1
by 0.7 points. These results identify o = 0.6 as a
favorable balance between diagnostic accuracy and
retrieval cost.

E Cross-model hallucination &
calibration comparison

Hallucination metrics. To quantify hallucina-
tion behaviour we report three complementary met-
rics (lower is better for all of them), corresponding
to the three panels of Figure 2.

(1) Vocabulary hallucination rate (strict-and-
wrong) measures how often a model invents a di-
agnosis that is both outside the official disease vo-
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cabulary V and incorrect:

N
1 . N
VHRstrict_wrong = N § 1[3/2 ¢ VA Y 7& y;] 3
i=1

where g; is the predicted disease (after canonical
normalisation), ¥ the ground-truth label set, and
N the number of evaluation samples. This metric
isolates the dangerous hallucinations — confidently
named diseases that are neither real nor correct.
(2) Expected calibration error (ECE) mea-
sures the gap between predicted confidence and
empirical accuracy. With M equal-width confi-

dence bins { B, }M_,,

Y

o~ [Bn
ECE = = lace(B,,) — conf(B,,
N
m=1

where acc(By,) and conf(B,,) denote the average
accuracy and mean predicted confidence within bin
B,,. A well-calibrated model satisfies acc(B,,) ~
conf(B,), and is unlikely to confidently emit hal-
lucinations.

(3) Area under the risk—coverage curve
(AURC) captures selective-prediction quality. Sort-
ing all samples by descending confidence and let-
ting cov(7) and risk(7) denote the coverage and
error rate at threshold ,

1
AURC = / risk(cov ™' (c)) de.
0

A low AURC means the model’s own confidence
reliably tells us when it is about to hallucinate, so a
downstream system can defer the most risky cases.
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Symptoms A 57-year-old male presented with a widespread petechial rash that had been present
for 3 days. His medical history included hypertension, which was managed with
lisinopril. He reported experiencing malaise, fever, and chills 3 weeks prior to his
arrival, but these symptoms had resolved by the time he presented. In the emergency
department, a chest radiograph revealed minimal perihilar interstitial opacities without
any focal lobar consolidation. The findings were consistent with conditions such as
atypical pneumonia, pulmonary hemorrhage, or pulmonary edema. The patient did
not exhibit hemoptysis, leukocytosis, or other signs indicative of acute heart failure.
Additionally, he had no respiratory or neurological complaints and did not require
oxygen supplementation during his hospital stay. Laboratory results showed a normal
haptoglobin level and an unremarkable peripheral blood smear.

Test results: Initial laboratory results showed a platelet count of 4,000uL with no
other concerning complete blood count abnormalities. The patient was screened for
SARS-CoV-2 infection and diagnosed with COVID-19 pneumonia.

Llama3.1-8B  The patient’s presentation with a widespread petechial rash, which developed 3 weeks
after his initial symptoms of malaise, fever, and chills, is consistent with TTP. The
normal haptoglobin level and unremarkable peripheral blood smear rule out hemolytic
anemia, which is often seen in TTP. The patient’s platelet count of 4,000uL is low,
but not critically low, which is also consistent with TTP. The presence of COVID-19
pneumonia does not exclude TTP, as both conditions can occur simultaneously. The
patient’s lack of respiratory or neurological complaints and normal chest radiograph
findings further support the diagnosis of TTP.

The patient’s symptoms and laboratory findings strongly  suggest
Thrombotic Thrombocytopenic Purpura (TTP) ‘

Ours The patient presents with a petechial rash, thrombocytopenia (4,000¢L), and a
recent history of COVID-19 pneumonia. The key clinical features—subcutaneous
hemorrhages, low platelets, and infectious etiology—narrow the differential diagnosis
to viral-induced thrombocytopenic purpura.
<search>petechial rash + thrombocytopenia + recent viral infec
tion</search>
[1. Patient Record: Immune Thrombocytopenic Purpura. phenotype: Hemoptysis,
Rash, Petechiae, Oral blisters
2. Guideline: Scrub typhus and dengue virus infection (co-infection). Symptoms:
Fever, headache, myalgia, rash, thrombocytopenia, lymphadenopathy, eschar,
hepatomegaly, splenomegaly, nausea, vomiting, fatigue, conjunctival injection
3. Guideline: HIV associated thrombocytopenia. Symptoms: Thrombocytopenia,
Bleeding episodes, Petechiae, Ecchymoses, Fatigue, Anemia, Neutropenia, Hyper-
splenism
4. Guideline: Hepatitis C virus infection with severe cutaneous vasculitis.
Symptoms: Cutaneous vasculitis, Purpura, Skin ulcer, Arthralgia, Fatigue, Fever,
Peripheral neuropathy, Raynaud phenomenon
5. Guideline: Parvovirus Infection. Symptoms: Fever, Headache, Cough, Sore
throat, Slapped cheek rash, Lacy rash on trunk and limbs, Joint pain, Joint swelling,
Itching, Diarrhea, Runny nose, Upset stomach, Anemia]
<results>
Result 2 (Scrub typhus/dengue co-infection) is unlikely due to lack of Scrub typhus
risk factors or dengue-specific signs.

Result 3 highlights HIV-associated thrombocytopenia and opportunistic infections,
but the patient’s HIV status is not mentioned.

Result 4 describes parvovirus-induced vasculitis, which typically presents with a lacy
rash and joint pain, not petechiae.

Result 5 notes parvovirus can cause anemia, but the patient’s normal haptoglobin and
peripheral smear exclude hemolysis.

The most plausible explanation is immune-mediated platelet destruction secondary to
COVID-19, as viral infections are known to induce immune thrombocytopenia (ITP).
The absence of fever, leukocytosis, or organ dysfunction further supports a self-
limiting process rather than sepsis or acute lung injury. </results>

The patient’s thrombocytopenia and petechial rash are consistent with immune
thrombocytopenic purpura (ITP), particularly in the context of a recent viral infection
(SARS-CoV-2). The normal haptoglobin and peripheral smear rule out acute
hemolysis, while the absence of systemic symptoms (e.g., fever, leukocytosis) reduces
suspicion for bacterial pneumonia or sepsis. The differential diagnosis includes
HIV-associated thrombocytopenia and parvovirus vasculitis, but the clinical context
and lack of risk factors for HIV or dengue make ITP the most likely diagnosis.

The patient’s symptoms and laboratory findings strongly suggest
‘ Immune Thrombocytopenic Purpura (ITP) ‘

Table 5: A case study of clinical diagnosis. The retrieved content is highlighted in yellow, and the final diagnostic
results are enclosed in boxes.
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evaluation
prompt

Given a medical problem and a response from a large language model, please evaluate the response
based on the following criteria:

- Logical Coherence: The reasoning must be internally consistent, following a rational chain of thought
from evidence to conclusion without contradictions.

- Factual Accuracy: The medical knowledge, including pathophysiology and diagnostic criteria, must be
scientifically correct and grounded in established clinical facts.

- Evidence Faithfulness: The reasoning must stay strictly within the context of the provided case,
avoiding any fabricated information or "hallucinations."

- Interpretability & Clarity: The response must be transparent, well-organized, and easy for a clinical
expert to follow, using precise medical terminology.

- Information Utilization: The analysis should integrate all relevant data from the case, including key
positive findings and pertinent negative findings.

For each of the above five criteria, give a separate score from O to 10, where 0 means completely flawed
and 10 means perfect.

## Output format ##
Return ONLY a single JSON object, with no additional explanation, exactly in the following structure:

"Logical Coherence": <number from 0 to 10>,
"Factual Accuracy": <number from 0 to 10>,
"Evidence Faithfulness": <number from 0 to 10>,
"Interpretability & Clarity": <number from 0 to 10>,
"Information Utilization": <number from 0 to 10>

##Here is the medical problem and the response from the large language model:
Question: {{question}}
Response: {{response} }

Table 6: Prompt for reasoning quality evaluation.

system prompt

You are a medical expert with advanced training in clinical reasoning and diagnostic medicine.
Based solely on the patient’s reported symptoms and relevant clinical information, determine the most
likely diagnosis.

Provide five possible disease diagnoses, each diagnosis must be presented only inside the box
\boxed{{}}.
Do not include any explanations, qualifiers, or additional text inside the box.

Example outputs:
\\boxed{ {diagnosis 1}}, \\boxed{ {diagnosis 2} }, \boxed{ {diagnosis 3}}, \\boxed{ { diagnosis 4} },
\\boxed({ {diagnosis 5} }

Table 7: System prompt for inference.
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