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Abstract

Large language models (LLMs) can halluci-
nate in specialized medical QA and remain
poorly calibrated. We propose Uncertainty-
guided Retrieval-augmented Generation (UR-
Gen), a training-free framework for disease-
scoped, guideline-grounded multiple-choice
QA. URGen ranks guideline keypoints un-
der multiple temperatures, uses ranking en-
tropy to select retrieval depth, aggregates
multi-temperature answers, and fuses nor-
malized context and answer entropy. On
TED with Llama-3.1-8B, five-seed evaluation
gives 80.40 £ 1.29% accuracy, 1.98 £ 0.00%
overconfident errors, and 6.80 &+ 1.13% ex-
pected calibration error.  Paired bootstrap
tests show lower overconfident error than ev-
ery fixed depth (p < 0.0016), while accu-
racy remains comparable to Fixed-1 (p =
0.0630). A broader descriptive compari-
son covers two thyroid-related ophthalmology
benchmarks and three backbones. The ev-
idence therefore supports URGen primarily
as a reliability-oriented method for controlled
guideline galleries, rather than a general web-
scale retriever.

1 Introduction

Trustworthy medical question answering (QA) can
reduce misdiagnosis, promote consistent interpre-
tation of clinical guidelines, and broaden access
to specialist knowledge (Jin et al., 2021; Pal et al.,
2022; Wang et al., 2025; Rezaei et al., 2025). How-
ever, medical questions often depend on long-tail,
domain-specific facts that lie outside the pretrain-
ing distribution of general-purpose LLMs (Vilares
and G6émez-Rodriguez, 2019; Xu et al., 2025). As
a result, even strong models usually produce flu-
ent but incorrect answers with high confidence (Li
etal., 2023; Simbhi et al., 2025), which is unaccept-
able in safety-critical settings.

*Corresponding author.
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Figure 1: left: A motivational example compares out-
puts from two large language models (LLMs) for the
medical question “When is the 10-point CAS used in
TED?” Both Llama 3.1-70B (Llama Team, 2024) and
GPT-40-2024-1120 (OpenAl, 2023) confidently return
incorrect answers, i.e., initial and all times, with low
uncertainty, i.e., high confidence. This figure illustrates
the failure mode rather than comparing the backbones
evaluated in Section 4. right: Conversely, our method
provides the correct answer alongside a quantified un-
certainty score. The ground truth answer is follow-up
assessments.

In Figure 1, we illustrate the failure mode on
an ophthalmology guideline question, where both
Llama-3.1-70B (Llama Team, 2024) and GPT-40-
2024-1120 (OpenAl, 2023) return hallucinated an-
swers without meaningful semantic-level uncer-
tainty signals (despite token-based or p(True)-
style confidence estimates (Kadavath et al., 2022;
Tian et al., 2023)). Therefore, reliable medical
QA requires (i) grounding answers in authorita-
tive external evidence and (ii) calibrated uncer-
tainty estimates that reflect ambiguity, missing ev-
idence, or conflicts (Guo et al., 2017; Kuleshov
et al., 2018; Huang et al., 2024). This improves
transparency and overall user-friendliness, foster-
ing greater trust and willingness to use the Al
among patients and clinicians.

Existing approaches, e.g., retrieval-augmented
generation (RAG), partially address grounding by
retrieving top-k passages before generation (Chen
et al., 2017; Guu et al., 2020; Lewis et al., 2020;
Jiang et al., 2023b; Chen et al., 2024; Hwang
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Figure 2: Comparison of inference pipelines for
guideline-grounded medical question answering. (a)
Vanilla (Non-RAG): The query is directly input into
the large language model (LLM), producing a single an-
swer without external evidence or a context-uncertainty
signal. (b) Fixed-Context RAG: A retriever provides
a fixed set of passages that are concatenated with
the query before LLM inference. Although retrieval
adds context, irrelevant or noisy passages usually per-
sist, and uncertainty remains uncalibrated. (c) Our
Method (URGen): Retrieved passages are first filtered
by Zero-shot Adaptive Retrieval Depth (ZARD) to re-
tain only relevant evidence. The LLM then generates
responses under multiple temperatures, and uncertainty
is estimated through entropy-based fusion of these out-
puts. This adaptive retrieval and calibrated aggregation
jointly target evidence selection and reliability estima-
tion.

et al., 2025; Choi et al., 2025) (see Figure 2).
Yet fixed-context RAG is brittle in specialized do-
mains: large k can introduce irrelevant or even
abnormal passages that dilute key evidence, while
small k can omit critical guidance (Figure 2) (Izac-
ard and Grave, 2021; Shi et al., 2024). Meanwhile,
common uncertainty estimation methods, e.g., pre-
dictive entropy, dropout, and temperature scaling,
mainly operate at the token level and frequently
miss semantic errors or unsafe advice (Lakshmi-
narayanan et al., 2017; Gal and Ghahramani, 2016;
Guo et al., 2017; Zhang et al., 2024a; Kruse et al.,
2025; Shelmanov et al., 2025; Feng et al., 2025).

We propose Uncertainty-guided Retrieval-
augmented Generation (URGen), a training-free
framework in which context uncertainty connects
evidence selection and reliability estimation. UR-
Gen (1) performs multi-temperature knowledge re-
trieval, (2) applies Zero-shot Adaptive Retrieval
Depth (ZARD) to adjust context size from the en-
tropy of aggregated relevance scores, (3) generates
multiple candidate answers under diverse temper-
atures and aggregates their option labels by major-
ity vote, and (4) fuses context and answer uncer-
tainty. Thus, uncertainty estimation and adaptive
retrieval form one pipeline: the ranking distribu-

tion determines the evidence budget and also con-
tributes to the reported uncertainty. Our contribu-
tions are:

e We propose URGen, a training-free,
uncertainty-guided retrieval-augmented genera-
tion framework that incorporates entropy-based
adaptive retrieval depth (ZARD) and fused
uncertainty calibration, tailored for guideline-
grounded medical multiple-choice QA.

* On the five-seed TED evaluation, URGen signif-
icantly reduces overconfident errors against all
fixed depths while maintaining accuracy compa-
rable to Fixed-1; a broader comparison covers
three backbones on TED and GD.

2 Related Work

Retrieval-augmented generation and adaptive
retrieval. Retrieval-augmented QA commonly
combines a retriever with a generator or reader,
where dense retrievers improve evidence re-
call compared to sparse baselines (Karpukhin
et al., 2020). Generative readers such as
Fusion-in-Decoder (FiD) condition on multiple
retrieved passages and fuse evidence in the de-
coder, enabling strong performance on knowledge-
intensive QA (Izacard and Grave, 2021). Sub-
sequent work improves robustness by inserting
reranking between retrieval and generation (Mao
et al., 2021; Glass et al., 2022) and by support-
ing black-box or medical RAG pipelines via plug-
and-play retrieval interfaces and evidence-aware
retrieval (Shi et al., 2024; Liang et al., 2025; Sohn
et al., 2025; Chen et al., 2024; Hwang et al., 2025;
Choi et al., 2025; Xu et al., 2025). A key practi-
cal issue is that fixed retrieval depth can be brit-
tle: small depth misses necessary evidence, while
large depth introduces distractors. Prior work ad-
dresses this via learned or iterative information-
seeking policies that dynamically choose retrieval
actions or stop early (Zhu et al., 2021; Jiang et al.,
2023b). Our work follows this line but targets a
training-free, uncertainty-guided depth adaptation
for guideline-grounded medical multiple-choice

QA.

Uncertainty estimation and calibration. Reli-
able uncertainty is central for safe deployment, yet
modern LMs are often miscalibrated (Desai and
Durrett, 2020; Tian et al., 2023; Huang et al., 2024;
Zhang et al., 2024a; Kruse et al., 2025; Shelmanov
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et al., 2025; Feng et al., 2025). For QA, cali-
bration has been studied for language models and
prompting pipelines, including how confidence be-
haves under in-context learning (Jiang et al., 2021;
Zhang et al., 2024b; Tian et al., 2023). Seman-
tic entropy clusters sampled generations by mean-
ing before measuring their dispersion (Kuhn et al.,
2023); retrieval-aware approaches further examine
whether uncertainty changes with the available ev-
idence (Perez-Beltrachini and Lapata, 2025). In
our constrained multiple-choice setting, option la-
bels provide the answer categories, so we use
Shannon entropy over the aggregated option dis-
tribution rather than proposing a new semantic-
clustering estimator. Softmax normalization, en-
tropy, multi-temperature sampling, and majority
voting are established components. Our contribu-
tion is their coupling: ranking entropy controls re-
trieval depth, and the resulting context uncertainty
is fused with answer uncertainty to quantify relia-
bility.

Medical QA benchmarks. Medical QA spans
clinical notes, biomedical literature, and exam-
style multiple-choice questions. Representative
resources include emrQA for EMR question an-
swering (Pampari et al., 2018), PubMedQA for
research questions (Jin et al., 2019), MedNLI for
clinical inference (Romanov and Shivade, 2018),
and MEDIQA shared tasks for medical QA and en-
tailment (Ben Abacha et al., 2019). Exam-oriented
multiple-choice benchmarks such as MedQA (Jin
et al., 2021), MedMCQA (Pal et al., 2022), and
HEAD-QA (Vilares and Gémez-Rodriguez, 2019;
Wang et al., 2025; Rezaei et al., 2025) are increas-
ingly used to evaluate medical reasoning under
constrained answer options, where calibration and
retrieval quality both directly affect safety.

3 Methodology

3.1 Framework Overview

As shown in Figure 3, we introduce Uncertainty-
guided Retrieval-augmented Generation (URGen),
a training-free framework that harnesses an off-
the-shelf frozen large language model (LLM) for
guideline-grounded medical multiple-choice QA.
We do not pursue the best possible backbone, but
instead focus on mitigating hallucinations and im-
proving reliability in specialized domains. UR-
Gen consists of four stages: multi-temperature
knowledge retrieval, zero-shot adaptive retrieval

depth (ZARD), multi-answer aggregation, and un-
certainty estimation.

We denote ¢ as a multiple-choice medical ques-
tion with options A and ground-truth choice a €
A. We assume access to a domain knowledge cor-
pus C = {(k;;t;)}Y, constructed from expert re-
sources and clinical consensus documents, where
each k; is a summarized keypoint and ¢; is the cor-
responding passage. Our goal is to learn a map-
ping function:

f:(q,€) — (a,4), (1)

where a denotes the predicted option and 4 €
[0, 1] is a calibrated uncertainty score for the pre-
diction.

3.2 Multi-Temperature Knowledge Retrieval

First, we parse clinical guidelines and consen-
sus documents into a structured collection of
keypoint-passage pairs C = {(k;;t;)}. As de-
tailed in Appendix A (Table S2), each pair com-
prises a guideline statement and its supporting sec-
tion, extracted deterministically from the public
XML structure. Ophthalmology experts authored
and verified the QA items and labels. We do not
evaluate learned or noisy automatic extraction in
this study. Here, k; is a concise statement captur-
ing the main claim or finding of a passage, and
t; is the full text content of that passage. Due to
the lengthy full content, we perform retrieval using
the question ¢ and keypoint collection K = {k;}
instead of the full content 7 = {¢;} as query.
Given a question ¢, the keypoint collection K and
a prompt tailored for ranking keypoints, we query
a frozen LLM M, times with different tempera-
tures {71,...,7ar } to generate M ranking lists
{l1, ..., } of keypoints in descending order of
relevance. This multi-temperature retrieval pro-
vides multiple “views” of relevance that later sup-
port adaptive depth selection. The detailed ranking
prompt is provided in Appendix G.

3.3 Zero-Shot Adaptive Retrieval Depth

We assign a positive relevance score to each of the
top-K (K < N) keypoints in the ranking list based
on their ranking position. For each unique key-
point k;, we aggregate the relevance score s; by
summing its raw scores across all M ranking lists
[ and applying a softmax normalization as:

(lj))

exp (Zj\ill score;

Zi\; eXP(Z;'M:l1 Scorez(lj)) .

2

3920



Multi-Temperature Knowledge Retrieval
Question ¢ 1 !

Zero-shot Adaptive Retrieval

Multi-Answer Aggregation

Uncertainty Estimation

o T I
¢ Q: When is the 10-points CAS used || | ks ka1 ki ke ke .. |j
in TED? (A) Follow-up (B) All fimes I A I

(€) Initial (D) None of the above.

alﬁ

L)

f |
1
1
(kz:kz;l\c;:tz)I%.' S

Ans:
a: (A)Follow-up.

EE] KConTex‘r Uncertainty ucumm): g 1 it: 015 (Low Unc.
C Sort Keypoints & Adaptive Depth D @ LLM r"ﬁ 1 Answer '
“ (ki 1) ez | & 1 : W1 _Voting Un%::ig:w
N O [ int: 1 I ,
R e o) Keypointt ks ke $os, Od
(ks: 1) LLM s | Norm. si: 0.6 0.2 | &1_ | * -
e Ny : ‘(Follow-uwp. ® 0.
3’ 3 ; : ti] i FOHO.W . ! 0 20 Uanswer
1 H g
“(_kskoke .. ) | < Reward Sum & > | fi |
] (k . 1n) & 1 Naormalization 1 T%m er’:lii::gsuar.n lin 1 ﬁ .
F(KNG TN &r I IORM | Answer Aggrega':lon
R —_— AP ET R
0 I -y § ‘o0
Data Parsing @ f kikike .. 7|1 &,3Keypoin*r: ks ki ko || & e | E_-.—_-.—_-.—_-.-;
2 [ : : 1 Score: 5 4 L 1 R g o= X
@ Eﬁ T - I . I : : I (Lo = J
Clinical Guidelines @ Clkiks.. )
Consensus Docs Temperature Samplin 1 ! \Temperature Sampling/ !

Figure 3: Overview of the URGen pipeline for guideline-grounded medical question answering. (1) We parse
clinical guidelines and consensus documents into structured keypoint—passage pairs (k;t) for retrieval. Given a
query, a frozen LLM ranks all keypoints under multiple sampling temperatures, producing diverse orderings. (2)
Each ordering is converted into softmax-normalized relevance scores, which are aggregated into a unified relevance
distribution. We compute context uncertainty from this distribution and define its effective support. A broader dis-
tribution retrieves more passages, whereas a sharply peaked distribution retrieves fewer. (3) The selected passages
are concatenated with the query and passed to the frozen LLM under multiple answer-generation temperatures, pro-
ducing candidate answers. (4) We aggregate the predicted options and calculate answer uncertainty from their vote
distribution. The final uncertainty fuses normalized context and answer uncertainty. Finally, the pipeline outputs a
final prediction a accompanied by a calibrated uncertainty estimate .

Now, given multiple ranking lists, we have an
aggregated relevance score s; for every keypoint.
The softmax does not change the ordering induced
by the summed rank scores; it places them on a
common probability scale so that aggregation and
entropy are well defined across questions. After re-
taining the top K, power normalization sharpens
and renormalizes this restricted distribution. We
only take the top K keypoints with large s; into
the next-step consideration. To sharpen the score
distribution of these top K keypoints, a power nor-
malization with hyper-parameter « is further ap-
plied:

(0%

N S;

S = — .
Zz‘}il 83

We quantify context uncertainty by the entropy of
the sharpened relevance distribution. Intuitively,
when relevance is concentrated on a few keypoints,
the entropy is low and we select a compact context;
when relevance is diffuse, entropy is higher and we
retrieve a broader set to reduce the risk of missing
key evidence. The raw context uncertainty Ucontext
is the information entropy of the sharpened distri-
bution {3§;}:

3)

K
Ucontext = — Z 5 IOg(gz) “4)
=1

This measure reflects the concentration of the rank-
ing distribution: low entropy indicates concen-
trated relevance, whereas high entropy indicates
that several keypoints receive similar support. In-
spired by the uncertainty-to-scale parameteriza-
tion in Bayesian uncertainty modeling (Kendall
and Gal, 2017), we define exp(ucontext) as the ef-
fective support and determine the retrieval depth
as:

&)

and select the top D keypoints according to the
descending relevance score s; as the crucial key-
points £* = {kj, ..., k},}. The corresponding full
contexts 7* = {t},...,t},} form the context for
question answering. The exponential and linear
mappings are compared in Appendix C. Note that
the subscript in k' indicates the relevance rank,
with ¢ = 1 denoting the highest-ranked keypoint,
rather than its corpus index in k;.

D = Clip[1,5](LGXP(Ucontext)J) )

34

We apply zero-shot adaptive retrieval depth
(ZARD) to select a limited set of passages 7 *, pro-
ducing a compact input under the evaluated depth
bound. In practice, we concatenate the selected
passages in 7 * with the query ¢ as augmented con-
text. We then invoke the LLM under M, temper-

Multi-Answer Aggregation
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atures {77,..., Ty, }, obtaining one predicted op-
tion label (%) from each generation. Since the task
is multiple-choice, we form the option-vote distri-
bution ) _

pla) = 31 |{3:a = a}|. ©

where a € A and A is the multiple-choice answer
set. The final answer is selected by majority vote:

a = argmaxp(a). 7
acA

3.5 Uncertainty Estimation

For the final uncertainty estimation, we con-
sider two complementary sources: context uncer-
tainty and answer uncertainty. Context uncertainty
Ucontext T€flects the concentration of the retrieved-
keypoint distribution (Eq. 4); it is not a direct mea-
sure of clinical or disease uncertainty. In contrast,
answer uncertainty Uanswer captures dispersion in
the aggregated option distribution. We define the
raw answer entropy as:

Ugnswer = — Zl)(a) 10gp(a)- ®)
acA

For fusion only, both entropies are normalized
to [0, 1]:

Ucontext i .
answer —
log K’

Uanswer
, (9
log ‘Aq‘

Ucontext =

where K = 5 and |A,| is the number of choices
for question gq. To obtain the overall uncertainty
score, we fuse the normalized values as follows:

~ Uanswer Ucontext

u = = = = = .
Uanswer Ucontext + (1 - uanswer') (1 - uconte:];t)

10)
The observed normalized ranges on both datasets
are reported in Appendix C. The fused score is
sensitive to both retrieval ambiguity and answer-
generation dispersion without treating ranking en-
tropy as proof of missing evidence. Ultimately,
our method outputs the predicted answer a along
with the calibrated uncertainty .

4 Experiment

4.1 Datasets

We evaluate URGen on two expert-curated oph-
thalmology multiple-choice datasets, i.e., Thy-
roid Eye Disease (TED) and Graves’ Disease
(GD). Unlike broad medical QA benchmarks such
as MedQA and MedMCQA, which mainly as-
sess parametric medical knowledge across general

medical topics, our datasets pair expert-authored
questions and labels with authoritative guideline
passages. We focus on thyroid-related ophthal-
mology because its guidelines contain clinically
adjacent recommendations whose distinctions de-
pend on disease activity, severity, treatment stage,
and imaging or surgical context. This provides
a controlled test of evidence selection, but it
does not establish cross-specialty generality. The
keypoint—passage pairs are extracted determin-
istically from the public guideline XML struc-
ture. Ophthalmology experts participated in ques-
tion design and answer verification. We will re-
lease the corpus to support reproducibility and fu-
ture research on guideline-grounded medical RAG.
Specifically, TED contains 101 questions and a
complete disease-scoped gallery of 35 keypoint—
passage pairs from Management of Thyroid Eye
Disease by the American and European Thyroid
Associations (Burch et al., 2022); GD contains 97
questions and 22 pairs from the 2018 European
Thyroid Association Guideline for the Manage-
ment of Graves’ Hyperthyroidism (Kahaly et al.,
2018). These are controlled guideline galleries,
not web-scale retrieval corpora.

4.2 Compared Methods

We compare our method with three widely-used
strategies, i.e., Vanilla, Fixed-1 RAG, and Fixed-5
RAG based on prevailing LLMs:

Vanilla. The model receives only the question
q with the instruction “Select the best answer for
the question.” No external context or uncertainty
estimation is applied. This configuration measures
the LLM’s zero-shot recall of medical knowledge.

Fixed-k RAG. First, we retrieve the top-
k keypoint—passage pairs from C using multi-
temperature knowledge retrieval and concatenate
them with ¢ in descending relevance order. Sec-
ond, we sample the LLM under multiple answer-
generation temperatures. Context size is fixed at k,
and no context-uncertainty calibration is applied.

4.3 Implementation Details

All experiments adopt the same retrieval and in-
ference infrastructure, as detailed below: Large
Language Models (LLMs). We evaluate three
prevailing pretrained backbones: Llama-3.1-8B
with BF16 (Llama Team, 2024) and Mistral-7B
v0.3 with BF16 (Jiang et al., 2023a) (general-
domain); Meditron-7B with BF16 (Chen et al.,
2023) (medical fine-tuned). Open-source models
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Table 1: Cross-backbone comparison on TED and GD. We report accuracy, OC@0.8, and ECE for three LLM

backbones and four inference methods.

Model Method Accuracy (%) T 0C@0.8 (%) | ECE (%) |
TED GD TED GD TED GD
Vanilla LLM 70.30%  46.39% 9.90% 22.68% 10.89% 21.09%
Llama-3.1-8B Fixed-1 RAG 74.65%  4227% 11.88% 21.65% 14.95% 20.33%
’ Fixed-5 RAG 69.70%  50.52%  13.66% 5.15% 19.06% 13.59%
URGen (Ours) 80.40% 51.55% 1.98% 4.12% 6.80% 9.96 %
Vanilla LLM 68.32% 4430% 29.70% 55.67% 24.40% 55.30%
Mistral-7B Fixed-1 RAG 73.26%  48.45% 25.74%  36.08% 6.50% 10.97%
Fixed-5 RAG 72.28%  47.42% 5.94% 30.93% 10.61% 12.63%
URGen (Ours) 79.21% 50.52% 3.96% 1443% 5.31% 8.23%
Vanilla LLM 7822%  63.92% 14.85% 23.71% 12.06% 23.15%
Medit 7B Fixed-1 RAG 80.20%  61.86% 6.93% 11.34% 3.01% 8.82%
cditron- Fixed-5RAG  7525% 59.79%  297%  4.12% 1132%  7.96%
URGen (Ours) 84.54%  65.98% 1.98% 3.09% 3.01% 4.57 %
are loaded via the Hugging Face Transformers li-  empty bin,
brary on an NVIDIA 4090 GPU (24 GB mem- 1 1
ory). Temperature Settings. Retrieval: My = 5 accy = Z y;, conf, = Al Z ¢, (12)
temperatures 7; € {0.3,0.4,0.5,0.6,0.7}. An- = i€T, 1] €Ty

swer Generation: My = 5 temperatures 7; €
{0.3,0.4,0.5,0.6,0.7}. Joint sensitivity to three,
five, and seven temperatures is reported in Ap-
pendix C. Context Size Bounds. We retain the
top K = 5 candidates when forming the ranking
distribution and set ( Dyin, Dimax) = (1, 5) for the

ZARD retrieval depth.

4.4 Evaluation Metrics

We evaluate (i) correctness and (ii) reliability of
the reported uncertainty. Let || be the number
of questions, a, the predicted option for g;, and
yi € {0, 1} the correctness indicator, where y; = 1
if a; = a; and 0 otherwise. Let @; € [0,1]
denote the predicted uncertainty, and define con-
fidence as ¢; = 1 — ;. Accuracy. Acc =
ﬁ leg‘l y;. Overconfident error rate (OC@().
Following overconfidence-focused reliability eval-
uation (Groot and Valdenegro-Toro, 2024), we re-
port OC@0.8 (i.e., ¢ = 0.8) as the fraction of all
questions that are answered incorrectly with confi-
dence at least 0.8:

oc<<>=£2||{z’:yi=o, &>¢y. A

Expected calibration error (ECE). Following
Guo et al. (Guo et al., 2017), we bin predic-
tions by confidence into B equal-width bins. De-
fine the index sets: 7, = {i : ¢ € ((b —
1)/B,b/B]}, b = 1,...,B. For each non-

and we set B = 5:

T
ECE = Z Tl lacc, — confy| .

(13)
b: ‘I},‘>0 |Q|

OC@0.8 and ECE describe different reliabil-

ity failures. OC@0.8 isolates high-confidence
mistakes and uses all questions as its denomi-
nator; ECE summarizes the confidence—accuracy
gap across five bins. Because ECE depends on bin-
ning and the benchmarks contain about 100 ques-
tions each, we interpret it together with accuracy
and OC@0.8 rather than as a standalone reliability
claim.
Statistical protocol. For the TED/Llama-3.1-8B
fixed-depth comparison in Table 3, we use seeds
{0,1,2,3,4} and report mean + standard devia-
tion. We obtain 95% confidence intervals and two-
sided p-values from 10,000 paired question-level
bootstrap samples, resampling the 101 questions
while retaining all five outcomes per question. In-
ferential claims refer to this analysis; Table 1 pro-
vides the broader cross-backbone comparison.

4.5 Comparison with Competitive Methods

Table 1 compares three backbones on TED and
GD. URGen has the highest accuracy and low-
est OC@0.8 in all six model—dataset blocks; its
ECE is lowest or tied for lowest in all six. On
TED with Llama-3.1, URGen obtains 80.40% ac-
curacy, 1.98% OC@0.8, and 6.80% ECE, com-
pared with 74.65%/11.88%/14.95% for Fixed-1
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Table 2: Component-wise ablation on TED using Llama-3.1. *: Fixed-1 RAG without multi-temperature sampling

in retrieval or answer generation.

Method Ace. (%)t OC@0.8(%)) ECE (%)
URGen (full) 80.40% 1.98 % 6.80%
w/o uncertainty calibration 80.40% 6.93% 12.31%
w/o adaptive retrieval (Fixed-k = 5) 69.70% 13.66% 19.06%
w/o retrieval temperature diversity (M; = 1) 52.48% 23.76% 25.37%
w/o generation temperature diversity (M = 1) 55.45% 17.82% 19.51%
w/o multi retrieval (Fixed-k = 1)* 71.29% 12.87% 15.36%
Vanilla LLM 70.30% 9.90% 10.89%
Table 3: Five-seed comparison of fixed retrieval depth
k versus URGen on TED with Llama-3.1-8B. Values " hee. 00 oceos FoE 00
are mean =+ standard deviation. ol
Method Acc.(%)T OC@0.8(%)] ECE(%)| §6°’
5 50
Fixed-1 RAG 74.65 +1.13 11.884+1.40 14.95+2.29 E
Fixed-2 RAG 73.07 £247 9.31+3.02 14.07+2.44 % 30
Fixed-5 RAG 69.70 & 1.50 13.66 +2.66 19.06 + 2.36 = 2
URGen 80.40 +1.29 198 +0.00 6.80+1.13 101

and 69.70%/13.66%/19.06% for Fixed-5. The
paired analysis for this setting appears in Table 3
and Appendix C.

5 Ablation Studies

Component removal. Table 2 isolates the main
components of URGen. Removing fused calibra-
tion leaves accuracy unchanged at 80.40%, while
OC@0.8 rises from 1.98% to 6.93% and ECE
from 6.80% to 12.31%. Accuracy is unchanged be-
cause this ablation preserves retrieval and answer
voting and changes only the reported uncertainty.
Replacing adaptive retrieval with Fixed-5 reduces
accuracy to 69.70% and increases OC@0.8 to
13.66%. Removing either retrieval- or generation-
temperature diversity produces the largest accu-
racy losses. Thus, adaptive depth and temperature
diversity primarily support correctness, whereas
fusing context and answer uncertainty improves re-
liability. The fixed-depth comparison is reported
in Table 3, and temperature-count sensitivity ap-
pears in Appendix C.

Retrieval depth. Table 3 reports the five-seed
fixed-depth comparison. URGen has the highest
mean accuracy and lowest OC@0.8 among the
evaluated depths. In 10,000 paired question-level
bootstrap samples, its accuracy difference is sig-
nificant against Fixed-2 (p = 0.0318) and Fixed-
5 (p = 0.0052), but not Fixed-1 (p = 0.0630).
OC@0.8 is significantly lower in all three compar-
isons (p < 0.0016), whereas the ECE difference
is significant only against Fixed-5 (p = 0.0110).
Appendix Table S5 reports every effect size, confi-
dence interval, and p-value.

Effect of sharpen parameter . We investigate

10 12 14 16 18 20
Sharpen parameter a

Figure 4: Sensitivity study of the sharpen parameter o
using Llama-3.1 on TED. Performance remains stable
for o € [1.4,1.8], indicating that the observed result is
not tied to a single sharpening value.

the sensitivity of retrieval sharpening by varying
a from 1.0 to 2.0. As shown in Fig. 4, perfor-
mance is stable across a broad moderate range. For
a € [1.4,1.8], accuracy ranges from 79.21% to
82.18%, OC@0.8 from 1.98% to 2.65%, and ECE
from 5.74% to 7.21%. The result is therefore not
tied to one narrowly tuned «. Lower values pro-
vide insufficient discrimination among keypoints,
while overly large sharpening may make evidence
selection too narrow.

Case Study. We present one TED QA case in Ta-
ble 4 to illustrate adaptive evidence selection and
the potential effect of redundant context. For a
question about the most comprehensive TED as-
sessment system, vanilla prompting and Fixed-5
RAG produce incorrect answers. URGen retains
four passages centered on activity, severity, and
assessment, and correctly identifies VISA. This ex-
ample illustrates how a compact evidence set can
preserve the decisive guideline information, but
it is qualitative and does not by itself establish a
causal effect of retrieval depth.

Calibration Visualization. As shown in Fig-
ure 5, we visualize the distribution of predicted
uncertainty for correct versus incorrect answers
on TED. Correct answers are concentrated in low-
uncertainty bins, whereas errors occur more fre-
quently at higher uncertainty scores.

Sensitivity, distractors, and cost. The addi-
tional analyses in Appendix C test the main design
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Table 4: We show a typical case comparison on TED among vanilla prompting, fixed-5 RAG, and URGen. We list
the question and choices, ground-truth answer, and each method’s prediction with its uncertainty (green for correct,
red for incorrect). URGen’s selected keypoints and their ranking scores illustrate its adaptive retrieval mechanism.

Case Study 1

Model / Corpus
Question & Choices

Llama-3.1 8B / TED

The comprehensive assessment system for evaluating both the activity and severity of thyroid eye disease (TED) is:

A.CAS B.NOSPECS C.GO-QOL D.VISA

GT D. VISA

Vanilla Answer: B. NOSPECS  (Unc.: 7.31%)

fixed-5 RAG

URGen

Answer: A. CAS  (Unc.: 35.44%)

Answer: D. VISA  (Unc.: 48.94%)

Selected 5 Keypoints

1. 2.1 Activity and severity definitions for patients with TED, CAS score
definition.

2. 4.1.1 Endocrinologists should be familiar with basic elements of a TED
examination enabling assessment of both activity and severity.

3. 7.1.1.1 Intravenous glucocorticoid (IVGC) therapy is preferred for active
moderate-to-severe TED when activity predominates.

4. 4.1.2 Assessment of TED should include activity, severity, trend over time,

and impact on daily living.
5. 8.3.1 In compressive DON, orbital decompression of the deep medial wall
and floor should be considered.

Selected 4 Keypoints

1. 2.1 Activity and severity definitions for patients with TED, CAS score
definition. (Ranking Score: 0.31)

2. 4.1.1 Endocrinologists should be familiar with basic elements of a TED
examination enabling assessment of both activity and severity. (Ranking
Score: 0.18)

3. 7.1.1.1 Intravenous glucocorticoid (IVGC) therapy is preferred for active
moderate-to-severe TED when activity predominates. (Ranking Score:
0.19)

4. 4.1.2 Assessment of TED should include activity, severity, trend over time,
and impact on daily living. (Ranking Score: 0.17)

Correct Predictions Incorrect Predictions

Number of Question

Uncortainty
Figure 5: Uncertainty distribution on TED. We plot the
number of questions across uncertainty bins (0-1, bin
width 0.1) for correct and incorrect predictions. Correct
answers (left) cluster at low uncertainty, while incorrect
answers (right) occur more frequently at higher uncer-
tainty.

Uncertainty

choices. Jointly varying the retrieval and answer
temperature counts shows that (M, M3) = (5,5)
gives the highest mean accuracy (80.40%) and
lowest OC@0.8 (1.98%), whereas seven tempera-
tures give lower ECE (4.00%) at greater sampling
cost. The five-temperature setting therefore bal-
ances correctness and overconfident errors; it is
not uniformly best on every metric. Replacing
the effective-support mapping in Eq. 5 with a nor-
malized linear mapping yields 78.81% accuracy
and 7.39% OC@0.8, compared with 80.40% and
1.98% for the exponential mapping, while ECE re-
mains similar (6.60% versus 6.80%).

Adding all 22 GD keypoints to the 35-keypoint
TED gallery lowers every method, but URGen
remains strongest at 77.03%, versus 72.48% for
Fixed-1 and 68.91% for Fixed-5 (Appendix Ta-
ble S8). This is a disease-specific distractor test,
not evidence of web-scale scalability. Appendix C
also reports the normalized uncertainty ranges
and shows that 2 of the 26 questions in the low-
est context-uncertainty quartile are answered in-

correctly. The measured runtime is 4.33 GPU-
s/question for URGen, between Fixed-1 (3.78) and
Fixed-5 (5.48).

Evaluation scope. Table 1 tests consistency
across backbones, while Table 3 and the paired
bootstrap provide focused reliability evidence.
The ablations, sensitivity analyses, distractor test,
and runtime study characterize the method’s be-
havior and cost. Accordingly, Table 1 supports a
descriptive consistency claim rather than statistical
significance for every model-dataset block. The
evidence is limited to curated guideline galleries;
automatic and web-scale retrieval remain outside
the evaluation.

6 Conclusion

We introduce URGen, a training-free framework
that uses context uncertainty to adapt retrieval
depth and complement answer uncertainty in
guideline-grounded medical multiple-choice QA.
On TED with Llama-3.1-8B, URGen significantly
reduces overconfident errors against every fixed
depth while maintaining accuracy comparable to
Fixed-1. Cross-backbone and sensitivity results
further support the method within curated disease-
scoped galleries. URGen’s uncertainty is a triage
signal rather than a correctness guarantee. Future
work should evaluate automatically extracted cor-
pora, additional specialties, and open-ended ques-
tions.
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Limitations

URGen assumes that a flatter keypoint-ranking dis-
tribution warrants more context. It may fail when
the model is consistently confident about wrong or
incomplete keypoints: ZARD can then assign low
entropy, shrink the context, and miss necessary ev-
idence. Appendix Table S10 quantifies this failure
mode: 2 of 26 errors occur in the lowest uncer-
tainty quartile and 5 of 51 in the lower half. These
counts do not directly establish ranking correct-
ness because gold keypoint labels are unavailable.
URGen also cannot recover evidence absent from
its corpus. Our evaluation uses complete disease-
scoped galleries of 35 TED or 22 GD keypoints;
the pooled-gallery test in Appendix Table S8 adds
disease-specific distractors but does not establish
robustness for web-scale retrieval or automatically
extracted, noisy corpora.

Computationally, URGen’s multi-temperature
ranking and answer aggregation increase total in-
ference work. Appendix Table S3 reports 4.33
GPU-s/question, above Fixed-1 (3.78) but below
Fixed-5 (5.48); batching independent branches
does not remove this total-compute cost. Finally,
the present evidence is limited to multiple-choice
ophthalmology QA with authoritative guidelines.
Applying URGen to other specialties requires a
new verified corpus, and its behavior for open-
ended tasks remains untested.
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URGen: Uncertainty-guided Retrieval-augmented Generation
for Guideline-Grounded Medical Question Answering

Supplementary Materials

A Dataset and Keypoint Corpus
Construction

Dataset overview. We construct two expert-
curated ophthalmology multiple-choice QA
benchmarks from long-form clinical guidelines
and consensus documents: Thyroid Eye Disease
(TED) and Graves’ Disease (GD). The TED
benchmark is based on the Management of Thy-
roid Eye Disease by the American and European
Thyroid Associations’ (Burch et al., 2022), while
the GD benchmark is based on the 2018 European
Thyroid Association Guideline for the Manage-
ment of Graves’ Hyperthyroidism®> (Kahaly et al.,
2018). These documents are substantially longer
and more specialized than the passages typically
used in general-domain reading comprehension.
They contain diagnostic criteria, activity and
severity definitions, treatment recommendations,
contraindications, referral criteria, and follow-up
guidance, all of which are important for clinically
grounded medical QA.

The resulting datasets are designed to support
several evaluation goals. First, they evaluate
whether a model can answer specialized medical
questions that require guideline-level knowledge
rather than broad medical commonsense. Second,
because every question is paired with a curated
keypoint corpus, the datasets allow controlled eval-
uation of retrieval quality, adaptive retrieval depth,
and evidence sufficiency. Third, they support relia-
bility evaluation through uncertainty metrics such
as expected calibration error (ECE) and overcon-
fident error rate (OC@0.8). Finally, they can be
used to study whether a model can avoid noisy
or redundant context when multiple clinically re-
lated but answer-irrelevant guideline statements
are available.

What the datasets contain? Each benchmark
item contains a medical question, multiple answer
options, a gold option label, and the corresponding
topic-specific keypoint corpus. The questions are
written to test clinically meaningful distinctions,

"https: //etj.bioscientifica.com/view/journals/
etj/11/6/ETJ-22-0189.xml

2https ://etj.bioscientifica.com/view/journals/
etj/7/4/ETJ490384.xml

including diagnostic thresholds, disease activity,
disease severity, imaging recommendations, treat-
ment indications, and follow-up decisions. Dis-
tractor options are often medically plausible in a
broad sense, but incorrect under the specific guide-
line context. This design makes the benchmark
more suitable for evaluating retrieval-augmented
medical QA than simple factual recall: a model
must retrieve the correct guideline keypoints and
avoid being distracted by related but non-decisive
keypoints.

Keypoint corpus construction. The keypoint
corpus is not produced by an additional learned
model. It follows the public XML structure of
each guideline or consensus document: a guide-
line statement serves as the keypoint, and its sup-
porting section serves as the passage. This deter-
ministic conversion does not use later manual pair-
ing. In URGen, keypoints are used for ranking be-
cause they are compact and discriminative, while
the associated passages are provided to the LLM
only after adaptive depth selection. Table S2 sum-
marizes the construction protocol.

Public release. We plan to publicly release
the benchmark content, including the question
files, answer labels, keypoint identifiers, keypoint
texts, supporting passages, and evaluation scripts.
Since the data are derived from public guidelines
and expert-curated questions rather than patient
records, the benchmark does not contain protected
health information. The release is intended to
make the retrieval and calibration evaluation repro-
ducible, and to facilitate future work on guideline-
grounded medical QA.

B Implementation Details and
Computational Cost

Inference configuration. Table S3 reports the
measured stage-wise runtime for the Llama-3.1-
8B experiments. URGen is training-free, so it does
not require parameter updates, auxiliary model
training, or a learned retriever. Its computation
comes from two LLM-facing stages: keypoint
ranking and answer generation.

The shared 2.59 GPU-s ranking cost is followed
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Table S1: Summary of the expert-curated ophthalmology QA benchmarks and keypoint corpora. We use keypoints
as the unified term throughout the supplementary material. Each keypoint is a concise guideline statement paired
with its supporting passage.

Dataset Domain #Questions #Keypoints Format Source document

TED Thyroid eye disease 101 35 MCQA Management of Thyroid Eye Disease by the Ameri-
can and European Thyroid Associations (Burch et al.,
2022)

GD Graves’ disease 97 22 MCQA 2018 European Thyroid Association Guideline for
the Management of Graves’ Hyperthyroidism (Ka-
haly et al., 2018)

Table S2: Keypoint corpus construction protocol. The same protocol is used for TED and GD.
Step Operation Purpose

Guideline parsing

Passage alignment

Question curation

Expert verification

Retrieval packaging

Extract guideline statements, including recom-
mendations, diagnostic criteria, treatment rules,
and management statements, from the public
XML structure.

Use the supporting XML section associated with
each extracted statement.

Construct multiple-choice questions around
guideline-specific distinctions, thresholds, treat-
ment decisions, and follow-up scenarios.

Review question-answer pairs and answer labels
with ophthalmology experts.

Store each item as (k;;t;), where k; is the key-
point and ¢; is the supporting passage.

Preserve concise statements suitable for keypoint-
level ranking.

Deterministically pair compact keypoints with
fuller context without a learned extractor.
Evaluate whether models can use the correct
guideline keypoints rather than broad medical pri-
ors.

Reduce ambiguity and ensure that the ground-
truth answer is clinically meaningful.

Support keypoint-level ranking followed by
passage-level answer generation.

by answer cost that grows with retrieved context.
URGen therefore costs 0.55 GPU-s/question more
than Fixed-1 but 1.15 less than Fixed-5 under this
setup.

Parallelization and comparison with conven-
tional RAG. URGen follows the same high-
level dependency structure as conventional RAG:
first select relevant information, then answer the
question conditioned on the selected information.
The difference is that URGen evaluates multi-
ple ranking temperatures and multiple answer-
generation temperatures. These branches are in-
dependent after model loading. Therefore, when
sufficient GPU resources or batching capacity are
available, the critical path is still one keypoint-
ranking batch followed by one answer-generation
batch, similar to the retriever-then-reader structure
of conventional RAG. In other words, URGen in-
creases total batched computation, but it does not
introduce a long sequential reasoning chain.

This property gives URGen a practical advan-
tage over iterative adaptive methods such as RQ-
RAG (Chan et al., 2024). RQ-RAG refines or de-
composes the query into multiple retrieval queries
before answer generation, so later retrieval steps
can depend on preceding generated queries. Such

query-refinement pipelines are harder to fully par-
allelize and can accumulate errors when interme-
diate rewritten queries drift from the clinical in-
tent of the input question. URGen instead keeps
the input medical question fixed and estimates re-
trieval ambiguity through multi-temperature key-
point ranking. This makes the adaptive step sim-
ple, parallelizable, and directly tied to the uncer-
tainty of the keypoint distribution.

Reproducibility notes. All methods use the
same question set, answer parser, and keypoint cor-
pus unless otherwise stated. For keypoint ranking,
we parse the ordered keypoint IDs from the JSON
field ordered_keypoints. Each temperature con-
tributes exactly one structured generation; mal-
formed outputs are not regenerated. Regenerating
until a ranking is parseable would selectively re-
tain more coherent high-temperature samples and
alter the rank-2 distribution, to which Fixed-2 is
directly exposed. The one-attempt rule is there-
fore applied uniformly to all methods. Selected
keypoint-passage blocks are concatenated in de-
scending relevance order. For answer generation,
we parse only the option label stored in the JSON
field answer; rationales are retained for qualitative
inspection but are not used when computing accu-
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Table S3: Stage-wise inference runtime. All methods use Llama-3.1-8B in BF16 on one NVIDIA RTX 4090
(24GB) and the same temperature set. GPU-seconds are measured per question and exclude model loading.

Method Retriever (GPU-s) Answer (GPU-s) Total (GPU-s/question)
Fixed-1 RAG 2.59 1.19 3.78
Fixed-5 RAG 2.59 2.89 5.48
URGen 2.59 1.74 4.33

Table S4: Serving-level comparison between conventional RAG, RQ-RAG, and URGen. URGen uses more

batched samples than conventional RAG, but does not add a long sequential dependency chain.

Method Main dependency Parallelization Adaptive signal Practical implication
Conventional RAG Retrieve once, then an- Retrieval and answer Fixed retrieval depth Efficient, but sensitive
Swer once. stages are sequential, but or retriever score. to the chosen retrieval

each stage is simple. depth.

RQ-RAG Generate/refine mul- Query-refinement steps Query rewriting and Flexible, but can be
tiple retrieval queries, may introduce sequential retrieval expansion. slower and can drift
retrieve, then answer. dependencies. under noisy query re-

finement.

URGen Rank keypoints under Ranking samples and Entropy of keypoint Training-free adaptive

multiple temperatures,
select  depth, then

answer  samples are
independent and can be

ranking and answer
distribution.

retrieval with a short
critical path under suf-

answer under multiple batched.

temperatures.

ficient resources.

racy, OC@0.8, or ECE.

C Additional Reliability and Sensitivity
Analyses

Paired bootstrap comparisons. Table S5 gives
the complete 10,000-sample paired question-level
bootstrap results corresponding to the five-seed
comparison in Table 3. The accuracy interval
includes zero for Fixed-1 but excludes zero for
Fixed-2 and Fixed-5. OC@0.8 differences exclude
zero for every fixed depth, whereas the ECE inter-
val excludes zero only for Fixed-5.

Temperature-count  sensitivity. Table S6
jointly varies the numbers of retrieval and answer
temperatures. Five temperatures give the highest
mean accuracy and lowest OC@0.8; seven tem-
peratures give the lowest ECE but require two
additional samples at each stage. This comparison
motivates the five-temperature setting without
claiming that one setting dominates every metric.

Depth mapping. For the linear alternative, we
set h = Ucontext/ l0g K and Diipear = clip[lﬂ( |1+
4h|).  Table S7 shows that the exponential
mapping has higher mean accuracy and lower
OC@0.8, with similar ECE under the evaluated
protocol.

Pooled candidate gallery. Table S8 evaluates
TED questions after adding the 22 GD keypoints

to the 35-keypoint TED gallery. All three meth-
ods decline, but URGen remains strongest in the
57-keypoint pool: 4.55 percentage points above
Fixed-1 and 8.12 above Fixed-5. This is a con-
trolled disease-specific distractor test, not a web-
scale retrieval experiment.

Normalized uncertainty ranges. Only the nor-
malized entropies in Eq. 9 enter the fusion rule.
Table S9 records their observed ranges and con-
firms that the fusion inputs stay within [0, 1] on
both datasets.

Low-context-uncertainty errors. Table S10
counts wrong answers among questions with the
lowest context uncertainty. The nonzero counts ex-
pose the anticipated failure mode: a concentrated
ranking can still be wrong. Because the bench-
mark has no gold keypoint labels, these counts
characterize answer errors conditional on context
uncertainty rather than directly validating the rank-
ing itself.

D Retrieval Baseline Comparisons

We compare URGen with two groups of retrieval
baselines. The first group uses dense embed-
ding retrieval, including CLIP and BioMedCLIP,
to test whether replacing the retriever alone is
sufficient. The second group uses LLM-based
ranking or query refinement, including a single-
pass Llama ranker and RQ-RAG, to test whether
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Table S5: Paired question-level bootstrap comparisons on TED (10,000 samples). Differences are URGen minus
the named fixed-depth baseline; negative OC@0.8 and ECE differences favor URGen.

Comparison Metric A (pp) 95% CI (pp) »p
Accuracy +5.74 [—0.20, 11.68]  0.0630
URGen — Fixed-1 0OC@0.8 —9.90 [—14.26, —5.54] 0.0002
ECE —8.00 [—13.59, 0.54]  0.0690
Accuracy  +7.33 [0.79, 14.06] 0.0318
URGen — Fixed-2 0OC®@0.8 —7.33  [-11.49, —3.17] 0.0016
ECE —6.46 [—12.15, 2.27]  0.1766
Accuracy  +10.69 [3.17, 18.42]  0.0052
URGen — Fixed-5 0OC@0.8 —11.68 [-17.62, —5.94] 0.0002
ECE —12.13 [-18.89, —2.50] 0.0110

Table S6: Joint sensitivity to retrieval and answer temperature counts on TED with Llama-3.1-8B. Values are mean

+ standard deviation over five seeds.

M; My Temperatures Acc. (%)1 0C@0.8 (%)l ECE (%) Avg.depth
3 3 {0.3,0.5,0.7} 78.02 £ 1.29 7.52+1.13 5.45+1.03 3.06
5 5 {0.3,0.4,0.5,0.6,0.7} 80.40+1.29 1.98+0.00 6.80+1.13 3.25
7 7 {0.2,03,04,0.5,0.6,0.7,0.8} 79.60+1.33  3.96+0.70 4.00+1.04 3.25

Table S7: Linear versus exponential uncertainty-to-
depth mapping on TED with Llama-3.1-8B (five
seeds).

Ace. (%)  OC@0.8 (%) ECE (%)
Mapping T + 4

Linear 78.81 +£2.85 7.39+1.63 6.60+ 0.57
Exponential 80.40 +1.29 1.98 + 0.00 6.80 £ 1.13

Table S8: TED accuracy with the TED-only 35-
keypoint gallery and the pooled 57-keypoint TED+GD

gallery.

Method TED-35 Pooled-57 Change (pp)

Fixed-1 74.65 72.48 —2.18
Fixed-5 69.70 68.91 —-0.79
URGen 80.40 77.03 -3.37

stronger LLM-based retrieval control can close the
gap to URGen.

D.1 Dense Retriever Baselines

Dense retrievers map the question and candidate
keypoints into an embedding space and select the
nearest keypoint. This setting is efficient and sim-
ple, but it does not provide an explicit estimate
of retrieval ambiguity. In our setting, dense re-
trieval also faces a mismatch: the keypoints are
short clinical recommendations, while many ques-
tions require distinguishing between several se-
mantically related guideline statements. Table S11
shows that BioMedCLIP improves over generic
CLIP, but both remain below URGen.

Table S9: Observed ranges of normalized context and
answer uncertainty used in fusion.

Dataset ’acomex( ﬂ/answel'
TED [0.545, 0.995]  [0.000, 0.875]
GD [0.581, 0.997]  [0.000, 0.964]

Table S10: Wrong answers in low-context-uncertainty
subsets on TED.

Subset Wrong  Subset size
Lowest 25% 2 26
Lowest 50% 5 51

The dense retriever results indicate that sim-
ply replacing the retrieval backbone is not enough.
BioMedCLIP is better aligned with biomedical ter-
minology than CLIP, but it still retrieves a fixed
number of keypoints and cannot express whether
the relevance distribution is sharp or diffuse. UR-
Gen uses the ranking distribution itself as a signal,
allowing it to select fewer keypoints when one or
two guideline statements are decisive, and more
keypoints when the question requires broader clin-
ical context.

D.2 LLM Ranking and RQ-RAG Baselines

We further compare against LLM-based ranking
and query-refinement baselines in Table S12. The
single-pass Llama ranker uses the same Llama-
3.1-8B backbone to rank keypoints once, then re-
trieves only the top-1 keypoint. RQ-RAG refines
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Table S11: Dense retrieval baselines on TED using Llama-3.1-8B. These methods retrieve a top-1 keypoint-passage

block and do not provide calibrated context uncertainty.

Method Retrieval source / proce- Adaptive depth Context uncertainty Acc. (%)T
dure
CLIP fixed-1 (Radford Generic CLIP-style embed- X X 69.31
et al., 2021) ding retrieval over the same
keypoint corpus; top-1 key-
point only.
BioMedCLIP fixed- Biomedical vision- X X 71.29
1 (Zhang et al., 2025) language embedding
retrieval over the same
keypoint corpus;  top-1
keypoint only.
URGen Multi-temperature ~ LLM v v 80.40
keypoint  ranking  with
entropy-guided  adaptive
depth.

Table S12: Comparison with LLM-based ranking and RQ-RAG on TED using Llama-3.1-8B. RQ-RAG improves
retrieval flexibility through query refinement, while URGen estimates keypoint-ranking uncertainty and adaptively

selects retrieval depth.

Adaptive Context Answer

Method Retrieval procedure Acc. 0C@0.8 ECE
depth unc. unc.
(%)t (%) (%)l
Single-pass Llama ranker Rank keypoints once with Llama-3.1-8B, then use only the top-1 X X 71.29 12.87 15.36
keypoint-passage block.
RQ-RAG (Chan et al., 2024) Refine/decompose the question into up to five retrieval queries ' X 71.29 5.94 17.31
before answer generation.
URGen Multi-temperature keypoint ranking, entropy-guided adaptive v v 80.40 1.98 6.80

depth, and fused context-answer uncertainty.

or decomposes the input into up to five retrieval
queries before answer generation. Although RQ-
RAG introduces adaptive query reformulation, it
does not explicitly estimate context uncertainty
from the ranking distribution. URGen differs by
keeping the input clinical question fixed and using
multi-temperature ranking to infer how many key-
points should be retained.

The gap between RQ-RAG and URGen sug-
gests that adaptive query expansion alone is not
sufficient for this benchmark. In medical guide-
line QA, query refinement can generate related
search queries, but it may still retrieve redundant
or clinically adjacent keypoints that do not decide
the answer. URGen instead estimates whether the
ranked keypoint distribution is concentrated or dif-
fuse. This allows the model to contract the context
when the decisive keypoints are clear and expand
the context when the evidence is ambiguous.

E Uncertainty Analysis

Relation to semantic graph uncertainty. Free-
form uncertainty metrics such as Deg, Ecc, EigV,
and word-sequence entropy (Lin et al., 2024) esti-
mate uncertainty from the lexical or semantic di-

versity of multiple generated answers. They are
most informative when generations are long and
can form multiple semantic clusters. Our task is
a constrained multiple-choice setting: each gener-
ation contains a discrete option choice and a short
rationale. Under this format, Jaccard- or NLI-
based similarity graphs are dominated by whether
two outputs select the same option, so these graph-
based metrics largely reduce to functions of the op-
tion vote distribution.

Why answer entropy alone is insufficient?
The main-paper ablation already isolates this ef-
fect: replacing fused uncertainty with answer en-
tropy only leaves the final predictions unchanged
but worsens OC@0.8 from 1.98% to 6.93% and
ECE from 6.80% to 12.31%. This shows that
disagreement among generated options is not suf-
ficient for reliable calibration; context ambiguity
must also be modeled. In clinical QA, a model
can repeatedly emit the same answer while re-
lying on an incomplete or mismatched keypoint
set. URGen therefore combines answer uncer-
tainty with context uncertainty derived from the
keypoint ranking distribution.
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Interpretation of context uncertainty. Context
uncertainty should not be interpreted as a direct
measure of disease uncertainty. It measures in-
stability in the retrieved keypoint distribution. A
high context-uncertainty score indicates that mul-
tiple keypoints are similarly plausible for the ques-
tion, which may reflect broad clinical scope, miss-
ing decisive evidence, or ambiguous wording. A
low context-uncertainty score indicates that the
ranking is concentrated on a small number of key-
points. Fusing this score with answer uncertainty
makes the final uncertainty sensitive to both re-
trieval ambiguity and answer-generation ambigu-

ity.
F More Case Studies

Table S13 provides an additional TED case study.
The example shows that fixed-depth retrieval may
include weakly related keypoints even when it
eventually predicts the correct option. URGen se-
lects a smaller keypoint set and produces a sub-
stantially lower uncertainty score. This comple-
ments the quantitative results by illustrating how
adaptive depth suppresses redundant context while
preserving the decisive keypoints.

Case analysis. The vanilla model chooses
contrast-enhanced CT despite the guideline-
specific preference for noncontrast CT in this
surgical-planning context. Fixed-5 RAG corrects
the answer, but its uncertainty remains high be-
cause the retrieved keypoints include several broad
TED assessment and referral statements that are
only weakly related to the imaging modality. UR-
Gen retrieves a smaller set of high-ranking key-

points and assigns a lower uncertainty score to the
same correct answer. This example illustrates an
important distinction: retrieving more keypoints
can increase topical coverage, but it can also in-
troduce redundant or weakly relevant context that
makes the model less certain. URGen’s adaptive
depth selection helps balance evidence sufficiency
and context compactness.

Qualitative takeaway. The case study supports
the quantitative trend in the main paper. When the
keypoint distribution is concentrated, URGen con-
tracts the context and avoids unnecessary guide-
line material. When the keypoint distribution is
diffuse, the method can expand the context to re-
duce the risk of missing key clinical information.
This behavior is especially important for guideline-
grounded medical QA, where several keypoints
may be semantically close but only one or two are
clinically decisive for the final option.

G Prompt Templates

URGen is implemented in a training-free manner
using two prompt templates. The first prompt
ranks candidate guideline keypoints for retrieval,
and the second prompt answers the multiple-
choice question using only the selected keypoint-
passage blocks. The prompts enforce structured
JSON output to make retrieval ranking and answer
extraction reproducible.

Table S13: Additional TED multiple-choice case study using Llama-3.1-8B. The example compares vanilla prompt-

ing, fixed-5 RAG, and URGen.

Case Study 2

Model / Corpus
Question & Choices

Llama-3.1-8B / TED

For TED patients preparing for surgery, the preferred imaging modality is:

A. Contrast-enhanced CT ~ B. Noncontrast CT  C. Ultrasound  D. Nuclear medicine scan

GT B. Noncontrast CT
Vanilla Answer: A. Contrast-enhanced CT

(Unc.: 5.70%)

Fixed-5 RAG

URGen

Answer: B. Noncontrast CT  (Unc.: 36.64%)

Answer: B. Noncontrast CT  (Unc.: 9.21%)

Selected 5 Keypoints

1. 2.1 Activity and severity definitions for patients with TED, CAS score
definition.

2. 4.1.2 Assessment of TED should include activity, severity, trend over time,
and impact on daily living.

3. 4.1.1 Endocrinologists should be familiar with TED examination basics.

4. 3.3 Ophthalmologists should be involved in moderate-to-severe and sight-
threatening TED management.

5. 7.3.1.1 TED surgery should be performed by an experienced orbital sur-
geon.

Selected 2 Keypoints

1. 2.1 Activity and severity definitions for patients with TED, CAS score
definition. (Ranking Score: 0.49)

2. 4.1.2 Assessment of TED should include activity, severity, trend over time,
and impact on daily living. (Ranking Score: 0.14)
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PROMPT TEMPLATE: MULTI-TEMPERATURE KNOWLEDGE RETRIEVAL

SYSTEM / ROLE

You are a clinical guideline assistant. Your job is to arrange candidate guideline keypoints by how
useful they are for answering the question.

INPUT

Question: <QUESTION>

Options: (A) <A> (B) <B> (C) <C> (D) <D> (E) <E>

Candidate keypoints (ID and text):

[k_11 <KEYPOINT_TEXT_1>

[k_2] <KEYPOINT_TEXT_2>

[k_NJ <KEYPOINT_TEXT_N>

Temperature tag: <TEMP_TAG> (logging only)

INSTRUCTIONS

e Return a single ordered list of keypoint IDs, from most useful to least useful.

* Rank by how well each keypoint helps distinguish among options, prioritizing diagnostic criteria,
thresholds, contraindications, and treatment rules.

e Qutput strict JSON only following the schema below, with no extra text.

HARD RULE

Do not answer the question.

OUTPUT JSON SCHEMA

{
"version”: "urgen-stepl-v1”,
"tau": "<TEMP_TAG>",
"ordered_keypoints”: ["k_7", "k_3", "k_12", "...", "k_N"]

Figure S1: Prompt template used in multi-temperature knowledge retrieval.

PROMPT TEMPLATE: MULTI-ANSWER AGGREGATION

SYSTEM / ROLE

You are a cautious clinical QA assistant. Answer the multiple-choice question using only the
retrieved keypoint-passage blocks below.

INPUT

Question: <QUESTION>

Options: (A) <A> (B) <B> (C) <C> (D) <D> (E) <EBE>

Retrieved keypoint-passage blocks (selected by ZARD, D blocks):

[k_1] Keypoint: <KP_1> Passage: <P_1>

[k_2] Keypoint: <KP_2> Passage: <P_2>

.. (repeat until [k_D1)

Temperature tag: <TEMP_TAG> (logging only)

INSTRUCTIONS

* Choose exactly one option from {A,B,C,D,E}.

e Use only keypoint-passage blocks [k_1]1-[k_D]. Do not use outside medical knowledge.

e Provide a short justification in 1-2 sentences and cite keypoint IDs, e.g., [k_2], [k_5].
e If evidence is insufficient or conflicting, set insufficient_evidence=true.

e Qutput strict JSON only with the schema below.

OUTPUT JSON SCHEMA

{
"version”: "urgen-step2-v1”,
"tau": "<TEMP_TAG>",
"answer": "C",
"rationale”: "...",
"evidence_used": ["k_2", "k_5"1,
"insufficient_evidence”: false

Figure S2: Prompt template used in multi-answer aggregation.
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