Published at ICLR 2026 Workshop on Agents in the Wild

GLEAN: GUIDELINE-GROUNDED EVIDENCE ACCU-
MULATION FOR HIGH-STAKES AGENT VERIFICATION

Yichi Zhang'? Nabeel Seedat?> Yinpeng Dong! Peng Cui! Jun Zhu' Mihaela van de Schaar?*

! Tsinghua University 2 University of Cambridge * Thomson Reuters Foundational Research

ABSTRACT

As LLM-powered agents have been used for high-stakes decision-making, such
as clinical diagnosis, it becomes critical to develop reliable verification of their
decisions to facilitate trustworthy deployment. Yet, existing verifiers usually under-
perform owing to a lack of domain knowledge and limited calibration. To address
this, we establish GLEAN, an agent verification framework with GuideLine-
grounded Evidence AccumulatioN that compiles expert-curated protocols into
trajectory-informed, well-calibrated correctness signals. GLEAN evaluates the
step-wise alignment with domain guidelines and aggregates multi-guideline ratings
into surrogate features, which are accumulated along the trajectory and calibrated
into correctness probabilities using Bayesian logistic regression. Moreover, the esti-
mated uncertainty triggers active verification, which selectively collects additional
evidence for uncertain cases via expanding guideline coverage and performing
differential checks. We empirically validate GLEAN with agentic clinical diagnosis
across three diseases from the MIMIC-1V dataset, surpassing the best baseline by
12% in AUROC and 50% in Brier score reduction, which confirms the effectiveness
in both discrimination and calibration. In addition, the expert study with clinicians
recognizes GLEAN’s utility in practice.

1 INTRODUCTION

Large Language Models (LLMs) are increasingly serving as autonomous agents (Yao et al.| 2023}
Park et al., 2023} |Liu et al.| 2024)) in high-stakes domains such as healthcare (Tang et al., 2024} [Fan
et al., 2025)). As they are entrusted in these open-ended, risk-sensitive tasks, erroneous answers could
lead to severe consequences in the real world. Therefore, it becomes critical to establish reliable
verification that judges the correctness of decisions made by agents (Venktesh et al., 2025)). In clinical
diagnosis, for example, mistakes in agent decisions should be flagged before they are acted upon in
patient care (Graber, 2013; [Davenport & Kalakota, |2019). Yet, high-stakes domains usually present a
fundamental asymmetry that generation is cheap, while verification is intrinsically harder, as accurate
checking often requires domain expertise (Arora et al.,|2025)). This raises a central question: How
can we compile domain knowledge into reliable verification signals with calibrated correctness
probabilities, enabling risk control via abstention or escalation?

While verification has been studied for tasks like fact checking (Lin et al., 2024)) and mathemat-
ics (Weng et al.,|2023), these approaches are still insufficient for high-stakes agents. Reward modeling
is a popular paradigm that trains a verifier to score an agent’s outputs (Lambert et al.} 2025} Xia et al.|
2025) or its execution steps (Lightman et al., 2024; [Zheng et al., 2025} |Xi et al.,|2025). While it can
internalize domain knowledge from large-scale training data, obtaining substantial expert-labeled
annotations is often prohibitively expensive and practically challenging. Meanwhile, training-free
alternatives, including model-based ratings like LLM-as-a-Judge (Zheng et al.,2023)) and sampling-
based estimates such as self-consistency (Wang et al.,[2023)), are still inadequate. These techniques
are weakly informed by explicit knowledge, leading to evaluations that are either biased toward
implicit criteria in the model (Gu et al., 2024)) or easily misled by consistent errors (Hobelsberger
et al., [2025; Tan et al., 2025). Some approaches incorporate external examinations (Pan et al.| 2023}
Jiang et al.,[2024), but they rarely yield a well-calibrated signal grounded in domain standards.

*Work done when visiting the van der Schaar lab at the University of Cambridge. Correspondance to:
Mihaela van de Schaar (&4: mv472@cam.ac.uk)



Published at ICLR 2026 Workshop on Agents in the Wild

Diagnosis Guideline

D Ite
History and Symptoms
W}~ The most common symptoms of diverticulitis include left lower abdominal pain, fever, cramps,
and constipation. A positive history of change inghowel habits is suggestive of diverticulitis. Less common
Di symptoms include flatulence, nausea, and vomitfng 1]

Physical Examination
Event: Lab Test

Re-Aligns with Guidelines
V significant leukocytosis
v elevated WBC (14.3K) 0.7

1.0 Correct Prob. T Uncertainty | .
2 0.6
= 0.91 & ” b
® Event: Physical Exam 05 &
[
© 0.8 Deviates from Guidelines 5
o X diffuse (not local) tenderness 0.4 B
# 0.7 X no fever/rebound tenderness :
o -
£ Correct Prob. | Uncertainty T 03 3
U 0.6 )
o k]
= 02 28
S o5 -

0.1
0.4
1 2 3 e 4 ~
Q Step (t) Ur Pr

Female ) i (m) m 66 Acuto~ | /
o R il E T e Y

- 5d abd pain - Constipation L - 0 Q
Figure 1: Guideline-grounded verification in clinical diagnosis. For an agent clinician with
access to different examinations (bottom), GLEAN verifies its diagnosis by assessing alignment with
clinical guidelines (top) at each step. The example on a patient with acute diverticulitis illustrates
how GLEAN accumulates guideline-grounded evidence into calibrated correctness probabilities
along the execution (middle). While initial history at the first step aligns well with criteria, physical
examination contradicts guidelines on abdominal tenderness and fever, dropping confidence to 0.5.
Then, laboratory results recover the confidence, and CT imaging at the last step further confirms the
diagnosis with higher confidence.

Agent Clinician

In this paper, we underscore that much of the necessary domain knowledge in high-stakes scenarios
is already codified in professional protocols. They come in diverse forms, such as clinical guidelines,
checklists, and operating procedures (Grimshaw & Russell,|1993; Shah et al.,|2023)), which could help
reduce reliance on exhaustive sample-specific annotations and mitigate bias from implicit preferences
through domain grounding. As exemplified in Figure[I] these structured materials often specify how
decisions should be made and what constitutes an acceptable process in principle, naturally providing
explicit and auditable standards to verify agent decisions step by step along the execution trajectories,
instead of only judging their final outcomes. This motivates us to build calibrated signals upon these
domain guidelines for verification, providing trajectory-informed estimates of the probability that the
agent’s decision is correct.

To this end, we introduce GuideLine-grounded Evidence AccumulatioN (GLEAN), a novel
verification framework for high-stakes agentic decision-making that instantiates domain guidelines
into calibrated verification signals for agent execution. Taking a probabilistic formulation of sequential
evidence accumulation along the agent trajectories, GLEAN obtains scores indicating alignment
with multiple guidelines for each step and accumulates them as surrogate evidence for trajectory
correctness. These guideline-grounded signals are shown to be informative and demonstrate an
approximate monotonic linearity with correctness in the logit space, which allows us to acquire well-
calibrated correctness probabilities via Bayesian logistic regression in a lightweight manner. However,
the surrogate evidence can still be insufficient when the guidelines are incomplete or less specific. To
address this, GLEAN further supports active verification using estimated uncertainty to selectively
increase verification effort at inference, analogous to the view of test-time scaling (Zhang et al.|
2025a). Specifically, GLEAN performs guideline expansion for broader coverage and differential
checks against competitive alternatives on uncertain cases, to gather additional evidence for better
verification.

We validate GLEAN with clinical diagnosis (Hager et al.| 2024), a representative high-stakes sce-
nario that is error-sensitive, open-ended, and governed by explicit guidelines. We summarize our
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contributions as: @ Conceptually: We reframe high-stakes agent verification as sequential evidence
accumulation grounded in domain knowledge, which yields informative process signals that trigger
active evidence collection, linking verification to test-time scaling. @ Technically: We operational-
ize guidelines into per-step alignment scores, transform them via Bayesian logistic regression into
calibrated correctness probabilities, and introduce active verification that refines verification signals
when uncertainty is high. ® Empirically: We demonstrate the effectiveness of GLEAN across three
disease diagnosis tasks, showing that GLEAN significantly outperforms popular verification methods
in both discrimination and calibration, achieving AUROC over 0.94 and Brier scores lower than 0.10
with active verification. It also boosts agent diagnosis accuracy from 55.6% to 77.5% with Best-of-N.
We also conduct an expert study with clinicians to confirm its practical utility, supporting reliable
deployment in high-stakes settings.

2 RELATED WORK

In this section, we briefly review the relevant literature on LLM-powered agents and verification
methods.

2.1 LLM-POWERED AGENTS

LLMs have been deployed as autonomous agents (Yao et al.,[2023) for multi-step problem solving,
spanning software engineering (Jimenez et al., 2024), web browsing (Nakano et al., [2021), and
computer use (Sager et al., 2025). They are also being explored in high-stakes domains such as
finance (Yang et al.| 2024a} Zhang et al.,[2024a) and healthcare (Jin et al., 2019; |Singhal et al., 2025)).
Recent systems increasingly target medical decision-making (Tang et al.| 2024; [Kim et al., [2024;
Chen et al.|[2025aj He et al., 2025]), with clinical diagnosis as a representative task (Fan et al., 2025}
Kyung et al., 2025). However, evaluations show a substantial gap compared to human experts (Hager
et al., [2024; |Chiu et al.l 2025), and their errors are complicated by the multi-step nature, arising from
intermediate steps (Zhu et al.|[2025}; [Zhang et al., 2025b). Therefore, we study verification for agentic
decision-making, with clinical diagnosis as a representative high-stakes application, where reliable
estimates of correctness probabilities are required for trustworthy deployment (Banerji et al., 2023)).

2.2 LLM AND AGENT VERIFICATION

Verification methods assess the reliability of model outputs and agent decisions. In high-stakes set-
tings, verifiers should both discriminate correctness with domain expertise and provide well-calibrated
estimates for risk-aware use. Prior work mainly focuses on verifying LLM answers, especially for
fact-checking (Lin et al.l |2024) and mathematics (Weng et al., |2023). Learned verifiers, such as
outcome and process reward models (Lightman et al., [2024} |Pandit et al., 2025}, |Thatikonda et al.|
2025), can internalize expert preferences at scale, but require costly annotations and may not general-
ize under domain shift (Yang et al., 2024b)). Training-free approaches are simpler but still limited.
Model-based rating, e.g., token probability (Kadavath et al.l 2022) and generative score (Zheng et al.|
2023)), depends on the internal knowledge and is often biased or weakly calibrated (Gu et al., [2024;
Tian et al., 2025)). Sampling-based signals from self-consistency (Wang et al., 2023; |Manakul et al.,
2023)) and semantic entropy (Kuhn et al.,[2023} [Farquhar et al., 2024)) reflect variability in sampled
outputs, but can be overconfident under consistent mistakes (Hobelsberger et al., 2025} Tan et al.,
2025). External examinations, including retrieval-based checks (Pan et al.l 2023} Zhang et al., 2024b)
and logical verification (Ling et al.,|2023}; [Jiang et al., [2024)), can provide additional evidence, but
often yield heterogeneous cues rather than calibrated confidence.

In agentic workflows, beyond training reward models (Wang et al.,2025; Yun et al.,[2025; Jiang et al.|
2023)), verification is often implemented with agent verifiers (Lifshitz et al.[2025; Zhuge et al.l 2025)
and environment-specific checkers. Examples include executing tests for code agents (Huang et al.,
2023)), validating actions in computer-use trajectories (Lu et al.l [2025), and enforcing security or
access-control policies as safety guardrails (Xiang et al., [2025; (Chen et al.} 2025b). While effective
in certain tasks, these mechanisms do not directly address open-ended, high-stakes decision-making,
where domain expertise must be explicit and calibrated confidence is needed for risk management.
In contrast, we provide a framework that grounds verification in domain guidelines, producing
trajectory-informed calibrated confidence for these scenarios.
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3 GUIDELINE-GROUNDED EVIDENCE ACCUMULATION

In this section, we present GLEAN as a guideline-grounded verification framework for open-ended,
high-stakes agentic decision-making, which operationalizes domain protocols into well-calibrated
signals of correctness and facilitates active verification under high uncertainty.

3.1 VERIFICATION AS SEQUENTIAL EVIDENCE ACCUMULATION

In agentic workflows, decisions and answers are essentially derived from the execution trajectories
involving rationales and actions. Motivated by this multi-step nature in agent execution, we formulate
agent verification as sequential evidence accumulation, where each step contributes incremental
information toward the correctness of the final output.

Given an initial input, an agent interacts with the environment for 7" steps, producing a trajectory
with observations and actions 7.7 = {0, at}thl and a final output y. We introduce a binary latent
variable Z € {1,0} indicating whether y is correct or not. At each step ¢, we maintain a posterior
probability of correctness conditioned on the trajectory prefix and the final prediction, defined as

Pt = P(Z = ]-|T1:t7y)7 (1)

where 7., is the t-step prefix. This quantifies the verifier’s confidence that the ongoing trajectory
leading to the final answer is right. In our work, we ultimately use pr as the signal for such confidence
in correctness to verify the final output. Below, we omit y in condition for notation simplicity.

Using Bayes’ rule, we derive a form of sequential evidence accumulation to decompose the correctness
probability into step-wise information. We take the logit of the posterior to avoid calculating the
partition function (Gold & Shadlen, 2007; [Karamched et al.| |2020), following

Dt Di—1 P(og,a | Z=1,T1:4-1)
lo =1lo + 1o , ()
glfpt glfpt—l gP(Otyat‘Z:()ﬂ—l:t—l)
—_———
4 liy €t

where e; represents the incremental evidence at step ¢ and can be gathered through this additive
structure to an accumulated evidence ¢, for verification. Importantly, this formulation is inherently
probabilistic. If e; and ¢; were available, the final estimate pr would be well-calibrated.

3.2 GUIDELINE-GROUNDED SURROGATE EVIDENCE

However, in open-ended agentic settings, e;, computed with the likelihood of observations and
actions, is generally intractable, since these variables can be high-dimensional and partially described.
Intuitively, e; captures how the current step supports an acceptable outcome, which motivates us to
construct step-wise surrogate signals that assess whether the agent’s behavior is reasonable for the
answer and align them with well-calibrated confidence for correctness.

This corresponds to our motivation in Section I]that, in high-stakes professional scenarios, guidelines
exist as explicit standards that practitioners follow to make decisions. They are usually expert-curated
protocols and auditable criteria, specifying what constitutes proper evidence and providing clear
instructions on actions under the domain rules, which make them a potential source for step-wise
verification signals grounded in external knowledge.

We acquire such signals with an implementation of model-based rating. For each trajectory, we
retrieve a guideline g relevant to the given context and the final answer from an external guideline set
G. Ateach step t with (o¢, a;) after a prefix 71,41, we prompt an LLM judge J to score the current
step given the corresponding guideline. Specifically, following a common practice (Kadavath et al.,
2022; |Fanconi & van der Schaar, 2025)), we ask the judge whether the step following the history
aligns with the provided guideline and extract the token probability over a discrete label set {YES,
NO}, resulting in a scalar rating s, ; =

J(YES|T1:4—1,0¢, G, 9)
._7(YES|7’1;75_1,0t7 at,g) + j(NO‘Tl;t—h Ot, atag)

As model-based ratings tend to be miscalibrated and lack reliable probabilistic semantics, we need to
learn a calibration function that maps them to signals reflecting well-calibrated probabilities. Since

(€)
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Figure 3: Pipeline of GLEAN for clinical diagnosis.
GLEAN (i) retrieves guidelines for the final diagno-
sis, (i1) aggregates step-wise scores for alignment
with multiple guidelines, (iii) accumulates them into
[-discounted evidence, which is (iv) calibrated to
yield confidence and uncertainty. (v) High uncer-
tainty then triggers active verification via guideline
expansion and differential checks.

Figure 2: Properties of guideline-grounded
signals. Top: Signals grounded in guidelines
significantly discriminate correct from incor-
rect prefixes, while uninformed signals do not.
Bottom: Guideline-grounded signals exhibit
strong logit-linearity with correctness, but un-
informed signals do not.

ground-truth e, is generally unavailable, we do not have step-wise supervision, but instead, only have
a trajectory-level correctness label Z for the final outcome, which defines the accumulated evidence
¢ in Equation (2). Accordingly, we construct a prefix-level surrogate evidence .S, from the step-wise
ratings {s; ¢}'_, and learn to calibrate it to align ¢;. This inherently encourages S; to aggregate
step-wise contributions to the accumulated evidence.

In practice, supervision remains limited in high-stakes scenarios, even for trajectory-level correctness
labels, making simple and data-efficient calibration essential. We hereby discuss the properties
required of Sy for lightweight calibration, and then show that guideline grounding indeed provides
more information and a better potential for this.

Remark. For any prefix signal S; in a trajectory, if it meets

1. Approximate Sufficiency: S, captures most of the information in the prefix for predicting
correctness, i.e., P(Z =1 | m.4) = P(Z =1 S:);
2. Monotonic near-linearity: S; exhibits a monotonically increasing and near-linear relation-
ship with correctness in logit space, i.e., log % ~aSt+c,a>0,
then a low-capacity linear calibrator suffices to provide an adequate estimate of ¢; from S; with
scarce supervision. We present an analysis of the error bound in Appendix [A1]

Do guideline-grounded signals satisfy these? Motivated by the additivity of evidence in logit space
and the common practice of logit-based calibration (Guo et al., 2017} |Kull et al.,|2017), we study

a simple construction for the accumulated surrogate evidence S; = 22:1 log 12,;_ p which sums
up the logits of step-wise guideline-grounded ratings for a prefix 77.,. Empirically, we validate the
desired properties of this signal S; in agentic clinical diagnosis (Hager et al.][2024). Concretely, we
sample 5,000 prefixes from trajectories generated by Qwen3-30B-A3B-Instruct (Yang et al., [2025)
and examine the guideline-grounded surrogate evidence, where the judge is provided with a guideline
g = gy € G retrieved based on the final diagnosis y. Besides, we also include an uninformed variant,
where the judge provides ratings based on its internal knowledge, i.e., g = &, to better examine the
contribution of guidelines.

Subsequently, we examine whether the accumulated surrogate evidence .S; is discriminative of
correctness and whether the logit of P(Z = 1|5;) is linearly related to S;. As shown in Figure [2]
signals without guidelines do not yield statistically significant separation between correct and incorrect
prefixes, and they demonstrate a weak monotonic or logit-linear trend with correctness. This suggests
that model-based ratings alone can be unreliable as verification signals, confirming the issue of biased
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and inconsistent evaluation (Gu et al., 2024])). In contrast, guideline grounding substantially enhances
both desired properties, showing highly significant discrimination between prefixes (p < le — 3) and
an approximately linear relationship with correctness in logit space (R? = 0.943). Together, these
results support guideline-grounded signals as informative surrogate evidence, which also confirms
our motivation of using guidelines as external knowledge for verification, and further justify the
employment of a simple linear calibrator to obtain well-calibrated probabilistic estimates.

3.3 ROBUST AND ACTIVE EVIDENCE ACCUMULATION

While Section suggests that guideline-grounded scores can be informative and approximately
logit-linear, the sufficiency of a single rating from only one guideline can vary in practice due to noisy
judgments and imperfect guideline retrieval, which motivates us to develop more reliable surrogate
evidence, composing our practical framework of GLEAN as summarized in Figure[3|and Algorithm [I]

Multi-Guideline Aggregation. Beyond single-guideline scoring, we use a set of retrieved guidelines
and aggregate their step-wise ratings into robust statistics to reduce variance in grounded evidence.
For each trajectory, we can acquire a group of guidelines G € G relevant to support verification and
get multiple ratings {s; 4} g accordingly for every step. To preclude the impact from the varying
numbers of available guidelines, we aggregate the guideline ratings into a single step-level feature

st = ®({s1.9},e6) € 0,1]%, )

where d statistics (e.g., average, minimum) are extracted from the ratings. Given the availability of

guidelines and the verification budget, we can set the number of guidelines for rating with |Q | = K.
Note that verification with one single guideline is a special case of our method, where the rating is a
scalar feature. We then accumulate the step-level features into a prefix-level signal that summarizes
the grounded evidence up to the current step. To better mitigate noises introduced by early-step
deviations due to limited information, we apply a discounted sum for evidence accumulation in

practice, i.e., Sy = Zle B~ log -2, with 3 as the discount factor. We show that the discounted

1—51', ’
accumulation does not alter the properties in Appendix [A.2]

As indicated in Section while the scale of S; is not in [0, 1], it can be mapped to the probability
of correctness through calibration with a linear model. Given a labeled dataset D with evidence S;
and label Z as a sample, we adopt Bayesian logistic regression for the calibrator:

P(Z=1|S;,w,b)=0c(w'S,+b), 5)

where o denotes the sigmoid function and the Gaussian prior regularizes the calibrator with w ~
N(0,A7'1;) and b ~ N(0,A\~1). We draw samples from their posterior p(w, b|D) with Markov
chain Monte Carlo (MCMC) (Andrieu et al., 2003) and obtain a calibrated estimate based on the
expectation over this distribution. Concretely, we provide a confidence for verification following

ﬁT = Ew,bwp(-|'D) [U(WTST + b)]y (6)
where St is the accumulated signal up to the final answer.

Uncertainty-Triggered Active Verification. While aggregating multiple guidelines improves robust-
ness to randomness and single-guideline bias, surrogate evidence can still be insufficient for difficult
cases, especially when subtle errors are missed due to incomplete coverage or when the evidence is not
sample-specific enough. Fortunately, well-calibrated probabilities yield reliable uncertainty estimates,
which allow us to trigger active verification appropriately. If the uncertainty @ at the last step (e.g.,
entropy H (pr)) exceeds a threshold ¢,,, we can collect additional evidence to strengthen verification.
Below, we introduce two complementary strategies targeting the aforementioned limitations.

To address the insufficient information provided by the collected guidelines, we conduct guideline
expansion. We broaden the evidence pool by retrieving additional guidelines that are relevant to
the current context or the final answer. Let G denote the expanded guideline set. When we
obtain ratings for the newly collected guidelines, we can correct the statistics over GUGT and
the accumulated signals with the supplementary information from the new guidelines, leading to
a re-evaluated confidence in the already learned calibrator. This strategy stabilizes the surrogate
evidence by incorporating more knowledge for samples with uncertainty stemming from insufficient
examination.
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Meanwhile, to overcome the issue of weak specificity in retrieved guidelines, we perform differential
checks with guidelines of competitive alternatives. Ideally, a trajectory with the final answer y
should align substantially better with guidelines that support y than with those supporting competing
outcomes. Otherwise, high scores may be driven by generally plausible standards that also fit
alternatives. To rectify such false support, we actively retrieve competitive outcomes {y’ # y}

and their corresponding guidelines G~. For each step, we obtain competitive scores {st_ g} geG-

and correct each existing score in logit space with the maximum score s, across the competitive
guidelines, following

Vgeé,sizczo(logs“g—alog N _), ™)
’ 1-— St,g 1-— St

where o > 0 is a rectification factor. The rectified scores are then used for subsequent aggregation
and evidence accumulation. Intuitively, strong competitive alignment decreases the effective support
for the answer, incorporating counter-evidence and preventing over-confidence when the trajectory is
better explained by an alternative outcome.

4 EXPERIMENTS

In this section, we evaluate our verification framework in agentic clinical diagnosis (Hager et al.,
2024), a representative high-stakes decision-making setting, to show its effectiveness. Diagnosis
is typically process-informed and risk-sensitive, and it is rich in protocols, with publicly available
clinical guidelines serving as explicit, auditable standards for verification, making it a natural testbed
for GLEAN.

4.1 EXPERIMENTAL SETUP

We hereby introduce experimental setups, covering datasets, implementation details, evaluation
metrics, and baselines.

Task and Datasets. We study three MIMIC diseases (Johnson et al.l [2023), i.e., diverticulitis,
cholecystitis, and pancreatitis, using the ReAct-style agent workflow by Hager et al.| (2024), where
the agent iteratively reasons over patient information, requests examinations, and outputs a final
diagnosis. Due to MIMIC restrictions on commercial LLMs, we use Qwen2.5-7B-Instruct and
Qwen3-30B-A3B-Instruct as backbones, generating multiple trajectories per case at a temperature
of 0.9. A trajectory is correct if its final diagnosis matches the ground-truth disease. For each
backbone, we evaluate 2000 trajectories with a 50/50 correct—incorrect split, balanced across cases
and diseases. We use the guideline datase from medical pretraining (Chen et al., |2023), which
contains high-quality clinical practice guidelines.

Implementation of GLEAN. For controlled evaluation, we use the same backbone as the agent for
GLEAN and methods with model-based rating. We provide the detailed prompt for step-wise rating
in Appendix [B.T] We retrieve guidelines by keyword-matching with titles and then rerank them by
all-mpnet-base-v2 embedding similarity. We fix the number of guidelines used for aggregation
to K = 1,3, with aggregation ®({s;,q}) = [min,avg|  ss:. The Bayesian logistic regression
calibrator is trained on 100 labeled trajectories and we draw 2000 times from the posterior to obtain
calibrated confidence and uncertainty. We use entropy for uncertainty and perform active verification
using the calibrator with K = 3. For triggered samples, we add one guideline for expansion and two
competitive guidelines for differential checks. We set factors 8 = 0.5 and o = 0.2.

Metrics. To evaluate verification signals by GLEAN, we report AUROC for discrimination, Risk@0.5
as the error rate on the top 50% most confident samples, and calibration metrics, including Expected
calibration error (ECE) (Naeini et al.,2015) and the Brier score (Glenn et al.,|1950). We also assess
GLEAN’s utility via Best-of-N. For each case, we sample 16 trajectories and select the one scored
the highest by the verifier, reporting accuracy for Ne {4, 8, 16}.

Baselines. We compare GLEAN against diverse baselines. We take P(TRUE) (Kadavath et al.,
2022) that uses the token likelihood of correctness from the verifier, and LLM-as-a-Judge (Zheng

"https://huggingface.co/datasets/epfl-llm/guidelines
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Table 1: Verification performance across three diseases for two agent backbones. We report
AUROC (1), Risk@0.5 ({), ECE ({), and Brier ({). We omit calibration metrics for Semantic Entropy
since it is not a probability. For GLEAN, we report active verification with an entropy threshold
of 0.5, and also a zero-threshold setting as an upper bound (gray). Best results are in bold, and
second-best are underlined.

Diverticulitis Cholecystitis Pancreatitis
Method AUROC Risk@0.5 ECE  Brier AUROC Risk@0.5 ECE  Brier AUROC Risk@0.5 ECE  Brier
Agent Backbone: Qwen2.5-7B-Instruct
P(TRUE) 0.7280 0.3642 0.3445 0.3379 0.6225 0.2810 0.3640 0.3715 0.6565 0.5610 0.4009 0.4103

LLM-as-a-Judge 0.7709 0.3457 0.2558 0.2859 0.6426 0.2557 0.0917 0.2259 0.6528 0.5523 0.3701 0.3549
Self-Consistency 0.9011 0.2160 0.1880 0.1677 0.7978 0.1646 0.0834 0.1484 0.7621 0.4709 0.2582 0.2446
Semantic Entropy  0.8573 0.2531 - - 0.7772  0.1747 - - 0.7174 0.4884 - -

Self-Verification 0.7891 0.3148 0.1198 0.2012 0.7576 0.1722 0.2210 0.2299 0.6809 0.5262 0.1071 0.2298
RAG-Augmented ~ 0.8358 0.2284 0.2304 0.2271 0.7571 0.1899 0.2491 0.2598 0.8461 0.4186 0.2484 0.2531
Med-PRM 0.7111 0.3704 0.4851 0.4703 0.6475 0.2582 0.3010 0.3107 0.5877 0.5930 0.5797 0.5608
ORM 0.7793 0.3203 0.1594 0.2168 0.8820 0.1364 0.1283 0.1846 0.7002 0.5108 0.1964 0.2434

GLEAN (K =1) 0.8919 0.2469 0.0502 0.1359 0.8524 0.1089 0.0641 0.1495 0.8248 0.4331 0.0933 0.1714
GLEAN (K =3) 0.9568 0.1667 0.0724 0.0892 0.8929 0.0987 0.0893 0.1174 0.9078 0.3582 0.0994 0.1318
+Active (e, = 0.5) 0.9756 0.1049 0.0686 0.0586 0.9063 0.0962 0.1067 0.1124 0.9325 0.3343 0.0701 0.1031
+Active (e, = 0.0) 0.9869 0.1049 0.0673 0.0522 0.9159 0.0886 0.1206 0.1116 0.9471 0.3211 0.0760 0.0953

Agent Backbone: Qwen3-30B-A3B-Instruct

P(TRUE) 0.7851 0.2840 0.2392 0.2488 0.7384 0.2222 0.2758 0.2927 0.7510 0.4519 0.2738 0.2815
LLM-as-a-Judge 0.8166 0.2654 0.1172 0.1910 0.7548 0.2197 0.0657 0.2007 0.7663 0.4169 0.1488 0.2083
Self-Consistency 0.9131 0.1667 0.1889 0.1608 0.8493 0.1439 0.1019 0.1534 0.8232 0.3732 0.2088 0.2096
Semantic Entropy  0.8128 0.2346 - - 0.8448 0.1566 - - 0.7991 0.3644 - -

Self-Verification 0.7681 0.3333 0.2416 0.2655 0.7907 0.2045 0.1495 0.2057 0.7567 0.4344 0.3419 0.3241
RAG-Augmented ~ 0.8577 0.2222 0.1816 0.1916 0.7896 0.1894 0.2575 0.2709 0.8590 0.3353 0.1671 0.1841
Med-PRM 0.8099 0.2531 0.4815 0.4684 0.7519 0.2146 0.3670 0.3626 0.6113 0.5277 0.5654 0.5515
ORM 0.8228 0.2614 0.1939 0.2381 0.8332 0.1555 0.1922 02146 0.7146 0.4492 0.2109 0.2670

GLEAN (K =1) 09147 0.1790 0.1077 0.1263 0.8888 0.1111 0.0849 0.1314 0.8367 0.3586 0.0953 0.1696
GLEAN (K =3) 09794 0.0741 0.1051 0.0632 0.9559 0.0505 0.0718 0.0790 0.8899 0.3003 0.0777 0.1350
+Active (e, = 0.5) 0.9862 0.0370 0.1031 0.0453 0.9582 0.0480 0.0696 0.0753 0.9061 0.2828 0.0747 0.1194
+Active (e, = 0.0) 0.9975 0.0309 0.1110 0.0393 0.9648 0.0379 0.0750 0.0753 0.9119 0.2915 0.0722 0.1175

et al., 2023) with prompted generative scoring for model-based rating methods. Sampling-based
baselines include Self-Consistency (Wang et al., 2023) and Semantic Entropy (Farquhar et al., 2024),
which derive confidence from agreement and distributional entropy over 16 sampled trajectories.
Besides, we adopt Self-Verification (Weng et al., 2023), which explicitly re-checks whether the
answer supports the observations, and RAG-augmented rating, which incorporates the same retrieved
guideline based on P(TRUE), as typical methods for external examinations. For learned verifiers,
due to the lack of reward models for agentic clinical diagnosis, we take Med-PRM (Yun et al., [2025)
as an example, which was trained on medical QA and also train an outcome reward model (ORM)
with Qwen2.5-7B-Instruct on the same calibration set as GLEAN.

4.2 MAIN RESULTS

Table 1| summarizes verification performance across three diseases and two agent backbones. Overall,
GLEAN shows competitive performance with a single retrieved guideline per case (K = 1), yielding
stronger discrimination (AUROC>0.82) and improved calibration (ECE<0.11). In contrast, base-
lines that mainly rely on the verifier’s implicit knowledge (e.g., P(True), LLM-as-a-Judge, and
Self-Verification) underperform, indicating that internal criteria alone are insufficient for reliable
high-stakes diagnosis verification. Sampling-based verifiers are notably less effective on harder
diseases such as cholecystitis and pancreatitis, where consistent yet incorrect generations degrade
discrimination. RAG-augmented verification confirms the benefits of guideline retrieval but still lags
behind GLEAN, highlighting the importance of trajectory-aware evidence accumulation and explicit
calibration. Finally, Med-PRM shows limited transfer to this agentic diagnosis setting, likely due
to task and domain mismatch, while ORM achieves better results due to additional training, which
are still inferior to GLEAN with the same amount of training data. This confirms the data efficiency
provided by guideline grounding.
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Figure 4: Accuracy of Best-of-N selection using different Figure 5: Performance with active
signals. verification.

Building on the strong results with a single guideline, multi-guideline aggregation (KX = 3) further
improves robustness, consistently increasing AUROC and reducing Risk@0.5 as well as Brier score,
without significantly changing ECE. For instance, on Qwen3-30B for Diverticulitis, aggregation
boosts AUROC from 0.9147 to 0.9789 while reducing Risk@0.5 from 0.1790 to 0.0802, with Brier
dropping from 0.1263 to 0.0647. With a threshold of €,, = 0.5, active verification further improves
AUROC and reduces risk beyond passive aggregation, with AUROC reaching 0.9856 and Risk@0.5
dropping to 0.0494 for the former example, while it also helps with calibration in terms of the Brier
score, suggesting that the selectively collected evidence better facilitates verification under high
uncertainty. We also provide results with €,, = 0.0, which suggests a performance upper bound when
active verification is applied to all samples, indicating the potential with sufficient budget.

4.3 DETAILED ANALYSIS

We present analyses to confirm the effectiveness of our framework and justify the soundness of the
design. Below, we report metrics by gathering samples from all diseases.

Best-of-N Selection. Results in Figure ] further highlight the practical value of verification signals
from GLEAN as a ranking mechanism. While baselines often yield smaller and more saturating
improvements, GLEAN, especially with multi-guideline aggregation, consistently improves perfor-
mance, effectively exploiting additional sampled candidates. For Qwen3-30B, the accuracy increases
steadily from 58.94% to 73.8% / 76.7% / 78.3%, while self-consistency only achieves 70.0%. This
suggests that GLEAN is not only informative for correctness assessment, but also directly usable to
improve practical agentic decision-making.

Active Verification. The ablation in Table2] Table 2: Ablation on active verification strategies.
confirms that the improvements from active
verification come from two complementary  Strategy AUROC 1 Risk@0.5] ECE | Brier |
sources of evidence. While each strategy
alone provides consistent improvements over

Agent Backbone: Qwen2.5-7B-Instruct
GLEAN (K =3) 0.9137 0.1678  0.0418 0.1178

multi-guideline aggregation, combining them "¢ 09322 01422 0.0564 0.1050
yields the strongest overall performance, in-  w. DC 0.9304 0.1444  0.0565 0.1062
dicating that coverage and specificity errors  w. Both 0.9470 0.1300  0.0700 0.0947
are both salient for diagnosis. Further, Fig- Agent Backbone: Qwen3-30B-A3B-Instruct

ure 5] shows curves of performance to trigger GLEAN (K —3) 09389 01267 0.0550 0.0975
ratios. This verifies that increasing the num- . GE 0.9467 0.1167  0.0625 0.0908
ber of samples improves AUROC and reduces ~ w. DC 0.9477 0.1144  0.0841 0.0995
risk, but the gains are mostly achieved with ~_W- Both 0.9557  0.1078  0.0653 0.0849

a relatively small trigger ratio. Beyond that,
improvements become marginal as it approaches full activation. Together, these results support
uncertainty-triggered active verification as an effective form of test-time scaling.

Components in GLEAN. The upper panel in Table [3] presents a component-wise ablation of our
framework with Qwen2.5-7B by progressively adding key ingredients. Starting from the baseline of
P(True) derived from the model’s own token probability for the agent output, the trajectory context
brings a modest improvement, suggesting that being process-informed helps verification to a limited
extent. Incorporating guideline grounding leads to substantial improvements in discrimination and
lower risk, highlighting the importance of introducing explicit domain knowledge rather than relying
on implicit criteria. Further, accumulating step-wise evidence along the trajectory further strengthens
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performance. Eventually, after calibration, which comprises the complete GLEAN, while maintaining
AUROC and Risk@0.5, it significantly improves ECE and Brier, mapping the surrogate evidence to
well-calibrated estimates.

Guideline Quality. The lower panel in Table

Table 3: Ablati t desi d
studies the impact of guideline quality. Using only ave aLons on component cesigh an

> uideline quality.
an empty placeholder performs poorly, while re- g 4 ¥
placmg it with a short abstract alr.ead.y y}eld.s a S AUROC | Riskg05{ ECE] Brier ]
clear improvement across all metrics, indicating c — LN
that even coarse protocol signals can aid verifi- o omponents i
: : s ol P(TRUE 0.6497 03933 03719 0.3803
cation. Importantly, detailed guideline content ', "~ 0.6935 03500 03655 03721

yields greater gains in both discrimination and  + Guideline 0.7944 02755 02613 02703
calibration (e.g., AUROC from 0.7573 to 0.8574  +Accumulation  0.8547 0.2367 02233 0.2367
and ECE from 0.0918 to 0.0360 for QWCH2.5—7B), + Calibration 0.8574 0.2378 0.0360 0.1554
demonstrating that richer and more specific do- Guideline Quality

main protocols lead to more informative evidence. ~ Empty Guideline  0.6321 04000  0.0918 02416
Short Abstract 07573 03122 00626 02043

Expert Study. Three expert clinicians inde- Detailed Content  0.8574 0.2378 0.0360 0.1554
pendently reviewed 50 agent trajectories with

GLEAN’s guideline-grounded confidence scores, annotating the first erroneous step and rating
interpretability and clinical utility on 5-point scales. Overall usefulness of GLEAN as a useful verifi-
cation tool was rated 4.67/5. Clinician’s rated interpretability favorably (M =4.36, SD=0.79) and
found confidence scores clinically useful (M =4.12, SD=0.82). Additionally, 87% of interpretability
ratings and 90% of clinical utility ratings fell within one point, indicating substantive consensus
between clinicians on GLEAN’s value. Inter-rater reliability on diagnosis error identification was
substantial (Cohen’s k=0.78). Clinicians also qualitatively noted that “confidence metrics were
useful to know where to review” and that uncertainty “reflected the agent fixating on one possible
diagnosis.” Details of the expert study are in Appendix [B.3|

Additional experiments. We provide additional experiments in Appendix on certain designs in
GLEAN, cross-agent verification and computational costs, along with detailed results for Best-of-N
selection.

5 CONCLUSION

We introduce GLEAN, a guideline-grounded verification framework that achieves strong discrimi-
nation and calibration by operationalizing domain protocols into trajectory-informed confidence in
the correctness of high-stakes agents, such as clinical diagnosis. It incorporates multiple strategies
to enhance the informativeness of the verification signal, including multi-source aggregation and
active evidence collection, demonstrating practical utility as confirmed by expert validation. GLEAN
provides a formal method to include domain knowledge for verification, which is naturally potential
to extend with codified standards or unstructured expert experience, such as legal, financial, or
safety-critical settings, and provides a practically reliable solution for deploying autonomous agents
across diverse high-stakes applications.
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A PROPERTIES OF GUIDELINE-GROUNDED SIGNALS

In this section, we present a more detailed discussion on the desired properties of surrogate evidence
in Section 3.2

A.1 ERROR BOUND ANALYSIS

We hereby provide a theoretical justification for using simple linear calibration by presenting an
error bound for our verification method. Our analysis shows that when guideline-grounded signals
satisfy two key properties introduced in Section[3.2] low-capacity linear calibration achieves good
generalization even with limited supervision.

We first provide a formal description of the remark. Let p* := P(Z = 1|r1.;) denote the true
probability that a trajectory leading to answer y is correct, and let p, denote our calibrated estimate
for a prefix from GLEAN. We analyze the expected verification error E[(p; — p*)?] under two
assumptions about the guideline-grounded surrogate evidence S; at step ¢. Below, we neglect ¢ for S;
and provide an analysis over arbitrary prefix length.

Let (7,.5,Z) € C be the calibration distribution, where S € R is a scalar aggregated signal for
trajectory 7, and Z € {0, 1} indicates correctness.

Assumption A.1 (Approximate Sufficiency). The accumulated surrogate evidence S captures most
information about trajectory correctness:

Er s~cl(ps(S) — p*(1))%] < €un (8)

where pg(S) = P(Z = 1|S) and eq represents the information loss from reducing the trajectory to
the accumulated signal.

Assumption A.2 (Monotone Near-Linearity). Given the accumulated surrogate evidence S, there
exist a > 0, ¢ € R that allow V.S

logit(ps(S)) = aS +c+46(9) )
where a > 0 ensures monotonicity and supg |0(.5)| < €, bounds the deviation from perfect linearity.

Under Assumptions and we present a proposition as follows.

Proposition A.3. Let F C {f : R — [0, 1]} be a class of probabilistic calibrators, which contains
the linear-logit model g*(S) = o(aS + ¢) as introduced in Theorem Given M calibration
samples {(S™, Z™)}M_,, define the Brier squared loss risk and its empirical counterpart as:

£() £ s 2c[(£(5) - 2)7),
Ll 2 57 (8™ - 2,

and let f be the empirical risk minimizer (ERM) such that f £ arg minyer EAM(f).

Then, for any § € (0, 1), with a probability at least 1 — § over the drawn calibration samples,

E.s5-c[(f(S) =p" ()] < 2y + 22 +0 <\/ Phmi 7 )log L + logll/ 5)) . a0

where Pdim(F) denotes the pseudo-dimension (Bartlett et al., 2019; |Khavari & Rabusseau, |2021)),
the real-valued capacity measure generalized from VC dimension (Mohri et al., [2018), that reflects
the complexity of models.

Proof. For any fixed S and any function f, we have
E[(f(S) = 2)*|S] = (f(S) — E[Z|S])* + Var[Z|S] = (f(S) = ps(S)) + Var[Z|S].
Taking the expectation over S with the variance being independent of f gives the identity,

L(f) — L(ps) =E[(f(S) — ps(9))?]. (11)
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We define Ay = supyex [L(f) — Ls(f)]. Then for the ERM f learned on the calibration samples,
we have

L(f) < La(f) + A, Lar(f) < L(f)+ Ay, VfEF,
L(f) < inf L(f) + 20
Subtracting £(pgs) and applying Equation leads to
E[(£(S) — ps(9))%] < Jnf E[(f(8) - ps(9))?] + 24 (12)

Notice that g* € F and the sigmoid function is 7-LlpSCh1tZ This gives, for any 5,

* 1
|g (S) —p5(5)| S 1|6( | < 611n7

and further yields

int E[((S) = ps($))*) < El(g"(S) = ps(5))?] < (4=)". (13)

By the definition of A, and the generalization bound for bounded, real-valued function (Khavari &
Rabusseaul, [2021)), for any § € (0, 1), with a probability at least 1 — ¢,

Ay <O ( \/Pdim(]—') log]\]\f—klog(l/é)). "

Therefore, combining Equations (13) and (T4) along with the sufficiency assumption, we eventually
have

E[(f(S) —p*(1))?]
< 2E[(f(S) - ps(9))°] + 2E[(ps(S) — p*(7))?]
€1m (\/Pdlm logM—l—log(1/6)>

< 26 +

O

Discussion. Intuitively, Theorem [A.T|states that guideline alignment scores, when accumulated along
the trajectory, preserve most information relevant to determining correctness. While individual steps
may contain additional details, the accumulated evidence S; captures the essential information. Em-
pirically, we validate the informativeness of guideline-grounded surrogate evidence by demonstrating
their significant discrimination between correct and incorrect trajectories, as shown in Section [3.2] as
well as Figure[6] We note that strong discrimination is a necessary but not a sufficient condition for
statistical sufficiency. Motivated by the fact that this sufficiency may not hold perfectly, we further
introduce active verification strategies to reduce the residual uncertainty not captured by S;.

Meanwhile, Theorem states that the relationship between accumulated evidence and correctness
probability is approximately linear in logit space, which motivates the use of logistic regression for
calibration. The monotonicity straightforwardly indicates that better guideline alignment leads to
a higher correctness probability. In Section we fit a linear model to the logit of probabilities
to confirm this property for guideline-grounded evidence. The R? is 0.943 as reported in Figure
which serves as a practical indicator for €5, Qualitatively, we also visualize the logit of P(Z = 1|5;)
against .Sy, where near-linearity manifests as an approximately straight line.

When these two properties approximately hold, indicating that the two approximation terms tend to
be small, the remaining error is primarily governed by the capacity-controlled generalization error
in terms of the model family. Since a one-dimensional or low-dimensional linear calibrator has a
substantially smaller capacity than more expressive models (Mobhri et al., [2018)), it would achieve the
same calibration error with fewer calibration samples. This supports our choice of a linear calibrator
under the scarce-supervision regime which is typical in high-stakes settings.
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Figure 6: Properties of guideline-grounded signals accumulated with S-discounting.

A.2 PROPERTIES VALIDATION

As our accumulated surrogate evidence is practically implemented as a 3-discounted sum over
. . .. . . B t s y

step-level alignment signals, we additionally verify that the resulting St( ) = Yoioy Bt log lisi

preserves the desired properties across a range of discount factors. Specifically, we construct prefix-

level surrogate evidence with 8 € {0.3,0.5,0.7}, and examine whether it remains informative

for correctness. As shown in the top panel of Figure |6} the distributions of St(ﬁ) for correct and
incorrect trajectories are consistently well separated for all /3, with statistically significant mean
differences (t-tests, p < le — 4). This indicates that discounting does not destroy the discriminative

signal of the accumulated evidence, and that St(ﬁ ) remains an informative, compact summary of
guideline-grounded trajectory quality.

We further assess the monotone near-linearity assumption in logit space for discounted accumulation.

For each 3, we estimate P(Z = 1\553 )) via binning and compute its logit, then fit a one-dimensional
linear model. The bottom panel of Figure ?l shows that the logit-transformed correctness probability

aligns closely with a linear trend over Stﬁ ), resulting in high R? ~ 0.94 — 0.95 across different
discount factors. Notably, the fitted slopes are similar across (3, suggesting that changes in the discount
factor do not impact the fundamental relationship to correctness, but only adjust the precision with a
few different information. This robustness implies that the proposed properties being approximately
satisfied mainly arise from guideline grounding via accumulation rather than the hyperparameter
selection, and supports our choice to use a single linear calibrator in practice.

B DETAILS OF GLEAN

We first provide the algorithm of GLEAN in Algorithm [I] and then respectively introduce more
implementation details and additional experimental results.

B.1 IMPLEMENTATION DETAILS

Baselines. For model-based ratings, we provide the model with the input and output of the diagnosis
from the agent and ask it to decide whether the diagnosis is correct or to provide its confidence in the
correctness. Specifically, we ask the model to return YES/NO for P(True) and a scalar score from
0 to 1 for LLM-as-a-Judge. For sampling-based models, it is difficult to group the answers directly
due to the open-ended nature of clinical diagnosis. We therefore embed the candidate answers with
an embedding model and calculate their embedding similarities with the answer to be verified. We
consider them to be the same if the similarity is higher than 0.6 and calculate the ratio of supporting
candidates for self-consistency. We cluster the candidates using the same criteria to calculate the
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Algorithm 1 Guideline-Grounded Evidence Accumulation

Input: trajectory 1.7 = {0, a; }L_,, answer y, judge 7, guideline set G, calibration parameters
w, b ~ p(-|D), discount factor 3, threshold ¢,,, rectification factor «
Output: calibrated verification signal for answer pr
Retrieve relevant guidelines G C @ for answer y
fort =1to T do

// Multi-Guideline Aggregation

for each guideline g € G do

Query J whether (o, a;) aligns g to get s; 4 € [0, 1]

end for
Aggregate: s; < ®({s1,9} )
end for
Accumulate: Sy Zthl BTt log o

Calibration: pr < Ey pp(.(p)[0(WT ST + b)]

if H(pr) > €, then
// Guideline Expansion
Retrieve more guidelines Gt C G for answer Y
G« Gugt )
Query J foreach g € G and get {s; 4}
// Differential Checks
Retrieve competitive guidelines G~ C G fory/ # y
Query 7 for each g € G~ and get {Stxg}gegA—
Correct {55}, ¢ with Equation

t,g
Recompute S and estimate pr

end if

gE@

semantic entropy. As for self-verification, we ask the model to decide whether each observation
complies with the typical symptoms of the diagnosis and take the average score across each check.
We supplement P(True) with the diagnosis process and the retrieved guideline to implement RAG-
augmented verification. We follow the practice of Med-PRM (Yun et al.| 2025) for methods with
reward models, which trains the model to output two special tokens and calculate the likelihood of
the positive one as the reward.

Guideline Retrieval. To retrieve guidelines for different predictions, we first prompt an LLM, i.e.,
GPT-40, to extract the primary diagnosis from the raw prediction and then run keyword matching
against the titles of guidelines in the guideline dataset. If multiple titles have a same number of
keywords matched, then we use an embedding model, al1-mpnet-base-v2, to rank them. After
that, we take top-K guidelines to support the verification.

Step-wise Rating. Specifically, we prompt the agent backbone with the history up to the current step
and ask it to decide whether the observation and the action align with the provided guideline in the
manner of P(True) to save output tokens. We use the following prompt for guideline-grounded
step-wise rating and minimal changes are made for ablations. We get the top-10 logits from the model
for the first token and calculate the token probability following Equation (3).

Prompt for Guideline-grounded Step-wise Rating

You are a board-certified clinician and a strict guideline compliance evaluator.

You will be given: (1) The diagnosis history so far (prior steps),
(2) The current step, including the new observation(s) and the decision/action taken,
(3) A reference clinical guideline relevant to the proposed diagnosis or management.

Your job is NOT to judge the entire final diagnosis. Your job is to judge whether
the CURRENT STEP is clinically appropriate and consistent with the guideline, given the
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available information up to this step.

Be strict and conservative:

- Answer YES only if the current step is clearly supported by the patient information so far
AND is consistent with the guideline.

- Answer NO if the step is unsupported, premature, contradicts key facts, violates guideline
recommendations, skips required checks, or is not justified as the next best step.

Reply with exactly one token: YES or NO.

Diagnosis so far (prior steps):
{history}

Current step:
Observation(s):
{observation}

Rationale & Action:
{action}

Reference guideline:
{guideline}

Task: Is the CURRENT STEP appropriate and guideline-consistent given the pa-
tient information so far?
Reply with YES or NO only.

Active Verification. For guideline expansion, we take the highest-ranking guideline that has not
been used previously for additional judgment. As for differential checks, we first extract competitive
or differential conditions for the predicted diagnosis. Instead of asking an LLM, we seek similar
ones in the generated diagnosis for the specific disease and randomly pick two guidelines from them.
Considering that the diagnosed conditions are given based on patients with the same disease, the
candidates are highly likely to be competing alternatives.

B.2 ADDITIONAL RESULTS
In this section, we present additional experimental results to further justify the design of GLEAN.

Table 4: Ablations on aggregation strategies.

P AUROC  Risk ECE  Brier
Agent Backbone: Qwen2.5-7B-Instruct
avg 0.8870 0.1767 0.0643 0.1383
min 09114 0.1656 0.0362 0.1202
avg, min 09138 0.1678 0.0469 0.1181

avg, min, max, std  0.9130 0.1644 0.0427 0.1193
Agent Backbone: Qwen3-30B-A3B-Instruct

avg 0.9025 0.1767 0.1088 0.1382
min 0.9385 0.1278 0.0595 0.0976
avg, min 0.9389  0.1300 0.0700 0.0947

avg, min, max, std  0.9387 0.1256 0.0598 0.0983

Aggregation Strategy. In the main text, we adopt ®({s¢4}) = [min,avg| ss,g, resulting in a
2-dimensional feature for each step. Table [] presents an ablation on different aggregation functions
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for combining multi-guideline ratings. We compare four strategies, including averaging (avg), taking
the minimum (min), combining both (avg, min), and using comprehensive statistics (avg, min, max,
std). Across both agent backbones, we observe that conservative aggregation via the minimum rating
performs strongly, achieving AUROC of 0.9114 and 0.9385 for the two backbones respectively,
with notably low calibration error. This suggests that the most critical guideline, the one with the
lowest alignment, effectively captures deviations from acceptable reasoning. Combining average and
minimum provides a slight improvement, balancing conservative assessment with overall alignment
trends (AUROC 0.9138 and 0.9389). Interestingly, adding more statistics, i.e., maximum and standard
deviation, does not consistently improve performance and sometimes increases calibration error,
likely due to noises in the low-data regime. Based on these results, we adopt (avg, min) as our default
aggregation strategy.

Table 5: Ablations on the selection of 5.

B8 AUROC Risk ECE Brier
Agent Backbone: Qwen2.5-7B-Instruct

0.1 0.8988 0.1844 0.0635 0.1334
0.3 09083 0.1767 0.0538 0.1244
0.5 09137 0.1678 0.0418 0.1178
0.7 09145 0.1678 0.0352 0.1154
09 0.9080 0.1678 0.0314 0.1189

Agent Backbone: Qwen3-30B-A3B-Instruct

0.1 09357 0.1389 0.0800 0.1076
0.3 09391 0.1267 0.0602  0.0988
0.5 0.9389 0.1300 0.0700  0.0947
0.7 09328 0.1322 0.0420 0.0984
09 09245 0.1378 0.0330 0.1060

Hyperparameter Selection. We ablate the discount factor 3 (Table[3)) and the rectification factor
« (Table[6)). For 3, with 3 = 0.1 over-emphasizing recent evidence and 5 = 0.9 giving excessive
weight to noisy early steps, these extreme values underperform. Moderate values (3 € [0.3,0.7])
achieve strong performance. We select § = 0.5, which balances down-weighting noisy early signals
while incorporating trajectory history, achieving AUROC of 0.9137 and 0.9389 with good calibration
(ECE 0.0418 and 0.0700). For « in differential checks, we observe a discrimination-calibration
trade-off. Although o = 0.5 achieves the highest AUROQC, it significantly degrades calibration,
especially for Qwen3-30B. Since well-calibrated confidence is critical for trustworthy high-stakes
verification, we select « = 0.2, which maintains strong discrimination with reliable probability
estimates. This corresponds to a conservative rectification that incorporates counter-evidence without
over-penalization.

Table 6: Ablations on the selection of «.

a AUROC Risk ECE Brier

Agent Backbone: Qwen2.5-7B-Instruct

0.1 09411 0.1344 0.0639 0.0989
0.2 09470 0.1300 0.0700 0.0947
0.5 09480 0.1256 0.0777  0.1009

Agent Backbone: Qwen3-30B-A3B-Instruct

0.1 09518 0.1133 0.0607 0.0864
0.2 09557 0.1078 0.0653 0.0849
0.5 09601 0.1033 0.1113  0.0984

Computational Costs. We analyze the computational costs of GLEAN and compare it with the
best-performing baseline, Self-Consistency, in Table[/| Let T denote trajectory length, K the number
of guidelines, and NV candidate samples. Self-consistency has a complexity of O(N - T'), requiring N
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Table 7: Analysis of computational costs with N = 16 for generation budget, 7" for execution steps,
K for guidelines to use.

Method Complex. #LLM Calls #Tokens(k)‘AUROC Brier

Agent Backbone: Qwen2.5-7B-Instruct

Self-Consistency O(T - N) 78.3 1352 | 0.8368 0.1886
GLEAN (K =1) o(T) 4.7 22.1 0.8574 0.1554
GLEAN (K =3) O(T-K) 14.0 78.0 0.9137 0.1178
+Active (¢, = 0.5) O(T - K) 20.3 132.7 0.9345 0.0992

full-trajectory generations, while GLEAN has a complexity of O(T - K), verifying a single trajectory
with K guideline-grounded ratings per step, where the rating extraction via token probabilities is
much cheaper than autoregressive generation. Empirically, self-consistency uses 78.3 LLM calls
and 135.2k tokens to achieve AUROC of 0.8368 with 16 generations for each case, while GLEAN
(K = 1) delivers better performance with only 4.7 calls and 22.1k tokens. At K = 3, GLEAN
achieves AUROC of 0.9137 with 78.0k tokens, substantially outperforming self-consistency with a
lower cost, and active verification adds moderate overhead but further improves discrimination and
calibration. These results demonstrate that guideline grounding provides reasonable performance-cost
trade-offs, especially compared to test-time scaling methods in generation.

Cross-Agent Verification. Table [§| examines cross-backbone verification. We take the verifiers
individually trained with different agent backbones and evaluate their verification performance on
trajectories by the other agent. From the results, we can see that cross-agent verification remains
consistently competitive with reasonable discrimination. Qwen3-30B, as a stronger model, yields
better verification signal than Qwen2.5-7B on both agents. Yet, the calibration for Qwen3-30B when
verifying the other agent degrades. This indicates that while guideline-grounded signals generalize
across agents, the calibration for evidence can be partially agent-specific, since the signals may
contain specific patterns for the agent.

Table 8: Cross verification across two agent backbones.

Agent
Qwen2.5-7B Qwen3-30B
AUROC Risk@0.5 ECE Brier AUROC Risk@0.5 ECE Brier

Qwen2.5-7B 09137 0.1678  0.0418 0.1178  0.9056 0.1667  0.0310 0.1209
Qwen3-30B  0.9200 0.1633  0.1165 0.1368  0.9389 0.1267  0.0550 0.0975

Verifier

Detailed results for Best-of-N. We also include the detailed results for performance with Best-of-N
in Table[9] which correspond to Figure

Table 9: Accuracy with Best-of-N selection.

Qwen2.5-7B (Pass@1: 52.16%) Qwen3-30B (Pass@1: 58.94%)
Method BoN-4 BoN-8 BoN-16 BoN-4 BoN-8 BoN-16

P(True) 0.5386  0.5402 0.5380 0.6322  0.6245 0.6133
LLM-as-a-Judge 0.5818 0.6062 0.6200 0.6424  0.6396 0.6467
Self-Consistency  0.6209  0.6617 0.6940 0.6525 0.6865 0.7000

RAG 0.6891 0.7140 0.7240 0.6901 0.6933 0.6900
Self-Verification ~ 0.6366 0.6474 0.6440 0.6743 0.6617 0.6200
MedPRM 0.5723  0.5777 0.5840 0.6468  0.6582 0.6600
ORM 0.5965 0.6159 0.6440 0.6801 0.6999 0.6966

GLEAN (N=1) 0.6996 0.7301 0.7360 0.7198  0.7237 0.7167
GLEAN (N=3) 0.7052  0.7429 0.7660 0.7383  0.7671 0.7833
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Step Number

Final Diagnosis: Acute Cholecystitis (clinical diagnosis, imaging not available)

Number of Steps: 5

Step 1 1| Confidence: 0.550 | Entropy: 0.688
A\ HIGH UNCERTAINTY - Could be error OR agent confused

® TON (What the agent

__. female p/w nausea and bilious emesis x 2 episodes since this morning 9am associated with epigastric/RUQ “discomfort" radiating to the back. Denies fever,

reports cold sweats. Past Medical History: Hypertension, DM 2, urinary incontinence requiring continuous bladder catheterization, h/o R breast cancer s/p

mastectomy, cervical spine fx after __. Past Surgical History: R mastectomy __, repair of ruptured R achilles tendon __, R knee replacement __, remote
with Family History: i

Agent's Thought: Thought: The patient is a female presenting with nausea, bilious emesis, and epigastric/RUQ discomfort radiating to the back—classic
symptoms suggestive of biliary pathology, particularly acute cholecystitis. The absence of fever and chills does not rule out cholecystitis, especially in eldery or diabetic
patients who may have blunted inflammatory responses. Her history of diabetes mellitus type 2 increases her risk for gallbladder disease. The bilious vomiting suggests
duodenal obstruction or biliary tract involvement. Given her age and comorbidities, a thorough evaluation is needed to confirm or exclude acute cholecystitis. The next
step is imaging to assess the gallbladder and biliary tree.

Agent's Action: Imaging Action Input: Abdomen and pelvis with contrast, focused on the right upper quadrant (RUQ), including ultrasound of
the gallbladder and biliary system (US abdomen with gallbladder focus)

Figure 7: Annotation interface shown to clinicians showing the step by step agent trajectory
(scroll bar) and GLEAN metrics.

B.3 EXPERT STUDY DESIGN

To validate the clinical utility and interpretability of the GLEAN verification framework, we developed
a custom evaluation interface and conducted an expert study with three certified clinicians (with
experience in clinical decision making and who were familiar with the conditions studied). Let us
now provide further details on the study design.

B.3.1 TRAJECTORY SELECTION

We selected 50 diagnostic trajectories from our evaluation set, ensuring diversity across:

* Diseases: Pancreatitis, cholecystitis, and diverticulitis
» Agent correctness: Balanced mix of correct and incorrect final diagnoses
* Trajectory length: Varying numbers of reasoning steps (3-8 steps)

* GLEAN confidence patterns: Mix of high-confidence, low-confidence, and trajectories
with large confidence shifts

This stratified sampling ensured coverage of different verification scenarios that GLEAN might
encounter in practice.

B.3.2 DISPLAYED INFORMATION PER TRACE.

Before beginning evaluations, clinicians received written instructions: (1) The purpose of the study,
(2) How GLEAN’s verification metrics are computed (at a high level), (3) Interpretation of confidence
scores and uncertainty, (4) How to use the evaluation interface.

Then, during evaluation for each trace, we have a lightweight HTML web interface that shows the
full step-by-step agent trajectory (see Figure[7). The interface displayed the trajectory sequentially.
For each step, the reviewer viewed the Agent’s Observation (clinical data), Thought (reasoning trace),
and Action (tool use), alongside the calculated GLEAN metrics per step, namely Confidence of
correctness and Uncertainty (entropy).
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B.3.3 QUESTIONNAIRE AND SCORING RUBRIC

For each of the 50 traces, clinicians answered a structured questionnaire. The specific questions and
exact score ranges used in the study were as follows:

Localization

1. First Error Step: At which step did the agent first make a diagnostic error? (Input: Step
Number or ”None”)
2. Breakthrough Step: At which step did the agent make the KEY correct decision that led to
the right diagnosis? (Input: Step Number or ”"N/A”)
Qualitative Assessment (Likert Scales) Participants rated the method using the following exact
5-point scales:

» Interpretability: How easy was it to use the metrics to understand the agent’s reliability? 1: Very
confusing; 2: Somewhat confusing; 3: Moderately clear; 4: Very clear; 5: Extremely clear

» Clinical Utility: How useful was this verification method for reviewing this trace? 1: Not useful; 2:
Slightly useful; 3: Moderately useful; 4: Very useful; 5: Extremely useful

B.3.4 METRICS

These results across traces are then collated across clinicians, and the metrics are computed as per the
main paper.
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