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Abstract. Multi-page polysomnography (PSG) reports contain dense
plots, summary indices, and annotations that clinicians must integrate
with free-text patient narratives (CC/HPI) to produce diagnoses and
treatment plans. However, current multimodal LLMs often fail to provide
auditable clinical outputs: they struggle with evidence grounding, may
hallucinate unsupported claims, and must abstain when evidence is miss-
ing or indeterminate. We propose a constraint-driven two-stage frame-
work for auditable structured clinical decision support from mul-
timodal sleep documents. Stage 1 aligns report reading via rule-scored
metric extraction using reinforcement learning with group-relative policy
optimization (GRPO). Stage 2 warm-starts from the aligned checkpoint
and performs supervised fine-tuning to generate structured clinical JSON
with diagnosis, evidence atoms, notes items, and treatment fields. Out-
puts are grounded through a restricted Pointer Bank and a bounded
evidence-atom budget, enabling deterministic provenance checks. We
evaluate on a retrospective tertiary-center dataset with 657 studies; the
train/val/test split is 479/78/100 instances. Our model achieves 100%
JSON parseability and strong evidence alignment (Grounding Pass 88%);
metric-pointer F1 0.8910, 95% CI 0.8676—0.9113), with strong insomnia
subtype prediction (F1 0.8821). Under our evaluation protocol, it avoids
forced OSA diagnosis under indeterminate evidence (0% OverDx) and
produces no detected safety-rule violations. We additionally conduct a
physician rubric evaluation on 100 cases to assess long-form clinical rec-
ommendations. Ablations show Stage 1 alignment is critical for ground-
ing and diagnostic reliability under limited supervision.

Keywords: multimodal LLM - PSG reports - auditability - evidence
grounding - structured clinical generation.
1 Introduction

Polysomnography (PSG) is the gold standard for diagnosing sleep-related breath-
ing disorders and a broad spectrum of sleep disorders, requiring overnight acqui-
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sition of multi-modal physiological signals (EEG/EOG/EMG /ECG, airflow, and
oxygen saturation). In routine practice, clinicians rarely review raw waveforms;
instead, sleep laboratories deliver multi-page PSG reports containing dense plots,
summary indices, and annotations [22]. Clinical decisions further depend on in-
tegrating these reports with free-text patient narratives (CC/HPI) to produce
structured diagnoses and treatment plans.

The rapid advances in large language models (LLMs) have created an un-
precedented opportunity to tackle this challenging clinical reasoning problem.
However, deploying text-only LLMs in medical practice faces fundamental limi-
tations. Without access to visual inputs, unimodal models cannot interpret clini-
cally informative non-text modalities, such as multi-page scanned documents, ta-
bles, and PDF report layouts that encode critical context for real-world decision-
making, thereby constraining their practical utility in routine care [1, 14]. This
gap has catalyzed the rise of multimodal large language models (MLLMs), which
extend LLMs with visual perception.

Recent advances in MLLMs and VLMs have enabled strong performance in
medical VQA and single-image report generation [19,13, 16, 24]. However, per-
formance degrades on high-density, multi-page clinical documents, where atten-
tion dilution and vision—language feature entanglement hinder precise evidence
grounding [17]. Such failures are particularly concerning in medicine, where med-
ical reasoning has been enhanced through reflection and tree-of-thought frame-
works [26,27], yet unreliable visual perception and vision chain-of-thought may
still propagate into unsupported clinical reasoning [25]. This limitation amplifies
a key safety risk: hallucinations—fluent outputs that lack evidential support—
which can lead to misdiagnosis and inappropriate recommendations [10]. In
parallel, emerging trustworthy-Al constraints increasingly require transparency,
human oversight, and auditable evidence traceability [20,2,5]. This motivates
evaluation beyond fluency toward compliance-centered and grounding-centered
audits 2, 11]. While constrained decoding can enforce machine-parseable struc-
tures [15], syntactic validity does not ensure factuality [3]; similarly, text-only
retrieval-augmented generation (RAG) can improve textual grounding [12] but
remains insufficient for multimodal reports, while extracting a few numeric read-
ings may help, it often fails to preserve spatial/topological structure in charts
(trend shapes, crossings, and alignment to axes/reference bands), which can be
critical for downstream reasoning [23, 6].

Consequently, reliable auditable structuring of multi-page PSG reports and
free-text CC/HPI into verifiable clinical outputs remains unresolved in sleep
medicine. Here, auditability requires that each clinical claim be traceable to
explicit provenance (a specific report field/plot or a narrative span), while ex-
plicitly abstaining when evidence is insufficient or indeterminate. We propose a
two-stage, constraint-driven framework that first aligns report reading through
rule-scored metric extraction and then generates end-to-end structured clinical
JSON with explicit provenance.

Our contributions are: (1) Auditable task formulation. We cast struc-
tured clinical generation from heterogeneous multi-page PSG documents plus
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CC/HPI as a constrained generation problem targeting auditability, grounding,
and missing-information abstention. (2) Pointerized evidence for verifia-
bility. We introduce a restricted Pointer Bank and a bounded evidence_atoms
budget, enabling deterministic provenance checks beyond schema-level validity.
(3) Task-specific auditable training pipeline. Stage 1 learns report reading
with rule-based rewards; Stage 2 produces clinically actionable JSON grounded
by pointers, transferring extraction-aligned representations to downstream rea-
soning. (4) Audit-centric evaluation on real PSG reports. We curate
clinician-labeled supervision for both stages and evaluate parseability, ground-
ing validity and pointer accuracy, diagnostic behavior (including over-diagnosis
under indeterminate evidence), and safety.

2 Method

2.1 Task Formulation

Given a multi-page sleep study document D (PDF /images) and clinical text H
(CC/HPI), our goal is to generate a structured clinical output Y that is auditable
and actionable. We represent Y as a JSON object with four components: diagno-
sis, evidence__atoms, notes_items, and treatment. To support auditability, each
diagnostic decision and clinically relevant note is linked to one or more evidence
units via canonical pointers (metric: * for report-derived metrics and note: * for
clinical-text anchors), rather than free-form citations. We operationalize verifia-
bility via schema validity, pointer validity, and missing-information abstention.
Notably, treatment is kept as a separately evaluated long-form field, whereas
diagnosis and notes are pointerized for deterministic provenance checks.

As shown in Fig. 1, we derive two supervision signals from each study: (i)
metric-level labels M for report-reading alignment, and (ii) clinician-derived
structured labels for the final output Y.

2.2 Pointerized Evidence Representation

Free-form clinical generation is prone to unsupported statements and halluci-
nated rationale, especially when the model must jointly summarize findings,
assign diagnoses, and recommend treatments. To improve verifiability, we in-
troduce a pointerized evidence representation that factorizes the output into (i)
minimal evidence units and (ii) human-readable notes linked to those evidence
units through a restricted pointer space.

We represent model-consumable evidence as a compact set:

€={exkim, K <6, 1)
We refer to these as evidence_atoms; each atom is

er = (claimg, sourcey, pointery). (2)
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Fig. 1. Overall framework of our two-stage training pipeline. Stage 1 aligns report
reading by learning strict, rule-scored metric extraction from multi-page sleep reports.
Stage 2 warm-starts from the Stage 1 checkpoint and generates the full structured
clinical JSON with pointerized evidence grounding using teacher-forcing.

Here, claim is a short atomic statement, source €{note, metric, derived,
missing}, and pointer is a list of evidence pointers. We restrict pointers to a
predefined Pointer Bank:

B = Bmetric U Bnotey (3)

with Bhetric = {metric:*} and Byote = {note:CC,note:HPI,...}. All pointers
in evidence_atoms must be selected from B.

For human-readable rationales and action items, we represent them as
notes_items,

N = {1}, (4)

where each item is
nm = (type,,, coden, targets,,, pointers,,, textm). (5)

type is restricted to a small closed set (missing_info, support, conflict,
next_step); targets indicates the diagnosis dimensions; and pointers must
also be drawn from the same Pointer Bank B. This design decouples clinical
content (code/targets) from surface phrasing (text), while preserving explicit
grounding.

We enforce a compact budget (K < 6) to encourage a concise set of key,
non-redundant evidence atoms that clinicians can audit efficiently, rather than
producing long exhaustive rationales.

2.3 Stage 1: Report Reading Alignment via GRPO

Before end-to-end training, we explicitly align the model to metric extraction
and hard consistency rules using GRPO [21]. We start from a state-of-the-art



TRACE-PSG: Traceable Sleep Diagnosis Support 5

general-purpose multimodal instruction model Qwen3-VL-2B [4] (denoted as
mg) and design a strict extraction prompt that asks the model to output a single
JSON object containing a fixed set of PSG metrics. The prompt constrains the
response to machine-parseable JSON with required keys, enabling automatic
scoring and preventing “free-form” narration.

GRPO Objective. We optimize mp with Group Relative Policy Optimization
(GRPO) [21], following the standard group-relative advantage formulation.

At each update, we sample a group of G candidate outputs {0;}¥; from the
previous policy my,_,,, compute rule-based rewards r;, and form a group-relative
advantage.

old?

r; —mean({r;})
A= —————222 6
({1 ©
We then optimize the clipped GRPO objective with KL regularization to a
reference checkpoint 7ef:

G
Jarro (0) - |:é Z min(T;atiOAi, Clip(ﬁfatio» 14+ E)Al) — ,8 Dxkr, (7T9||7Tref):| s (7)

=1
where

T;atio _ Uy (Oi | 71) (8)

TO01a (Oi ‘ U)7

€ controls clipping, and § controls the KL strength.

Reward Decomposition. We use a rule-based reward to encourage (i) strict
machine-parseable formatting and (ii) faithful, complete extraction. Following
prior work [7,18], we decompose

7 = Rformat + Rac(:7 Rtormat € {07 1} (9)

Riormat rewards compliance with the required wrapper and JSON schema; R,
is computed only if the output is parseable (format-gated) and aggregates type-
aware value matching, time-tolerant matching, arithmetic consistency, optional
posture-wise consistency, and coverage:

Racc = Z U)th, Wvyal = 1-— Z Wt . (10)

te{val,time,cons,pcons,cov } t#val

2.4 Stage 2: Structured Generation via SFT

After Stage-1 report-reading alignment, we apply supervised fine-tuning (SFT)
to generate a fully structured clinical JSON from multimodal inputs. We ini-
tialize Stage-2 from the Stage-1 GRPO checkpoint to inherit metric-reading
and extraction-aligned representations. Each example includes multi-page report
images, complaint/history text, and an explicit Pointer Bank (e.g., metric:x*,
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note:*). The target JSON includes diagnosis, notes_items, evidence_atoms
, and treatment. Training uses standard teacher-forcing next-token prediction
over the serialized JSON:

T
Lser = — Y _logpo(ye | y<t, @), (11)
t=1
where z is the packaged multimodal input and y;.7 is the target JSON sequence.
Initializing Stage-2 from the Stage-1 checkpoint transfers report-reading and
evidence-localization capabilities, improving schema-constrained structured gen-
eration (see Section 4).

3 Experiments

Dataset. We retrospectively collected de-identified multi-page PSG reports and
CC/HPI text from a tertiary sleep center (IRB-approved). The cohort comprises
136 patients (2024-2026) with multi-night recordings; each night is treated as one
instance (train/val/test: 479/78/100) with strict patient-level splitting to avoid
leakage. Each instance includes report, CC/HPI, physician-extracted Stage-1
metric labels, and physician-assigned Stage-2 structured outputs (diagnosis, ev-
idence atoms, notes, treatment). The dataset is insomnia-dominant and often
lacks respiratory channels, making OSA axes frequently indeterminate; we there-
fore report grounding and over-diagnosis metrics in addition to subtype F1.

Evaluation Metrics. We evaluate format validity, evidence grounding,
diagnostic behavior, and treatment safety. Parse OK is the percent-
age of outputs that are valid JSON; all remaining metrics are computed on
parsed outputs only. For grounding, we report Grounding Pass (all pointers
in the Pointer Bank and |evidence_atoms| < K) and Metric-pointer F1 over
metric:* pointers. For diagnosis, we report Insomnia subtype F1 on evalu-
able samples and OSA OverDx on indeterminate ground truth. For safety, we
report a rule-based Safety violation rate. Since treatment is long-form, we
additionally run clinician rubric evaluation (5-point Likert; mean+SD for qual-
ity /usability /overall, plus critical-error and hallucination rates) following [9].

Implementation Details. Stage 1 uses the Qwen3-VL-2B-Instruct backbone
[4]. We train with GRPO using n=4 candidates per prompt, prompt/response
lengths 8192/1024, actor LR 7.5x10~7, and 1500 steps. The reported run dis-
ables KL regularization (8=0). Since Stage 1 is a constrained metric-extraction
task with format-gated rule rewards and short training, we monitor parsing and
extraction behavior on held-out data to reduce the risk of reward exploitation.
We therefore evaluate Stage 1 by downstream parseability, pointer validity, and
diagnostic behavior rather than training reward alone. Stage 2 performs LoRA
SFT [8] initialized from the Stage-1 checkpoint using rank 8 (alpha 16, dropout
0.05), freezing the vision tower and multimodal projector. We train with input
length 8192, LR 1x107°, effective batch size 16, and 500 steps.
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Table 1. Main results on structured validity, evidence grounding, diagnosis, and
safety. T higher is better; | lower is better. Grounding Pass requires all pointers be in
the provided Pointer Bank and |evidence_atoms| < 6. Best in bold.

Method Parse Grounding Pointer Insomnia OSA Safety
etho OK 1 Pass 1 F11 typeF11 OverDx| Viol |

Ours-2B 100.0% 88.00% 0.8910 0.8821 0% 0%

Qwen3-VL-8B  100.0% 94.00% 0.8516 0.5616 0% 0%

Qwen3-VL-2B 0.0% - - - _ _

Table 2. Ablation (I): parsing and grounding. We compare Stage2-only SFT (no
Stage 1 GRPO) and removing the Pointer Bank from the Stage 2 prompt. Grounding
metrics are computed on parsed outputs only.

Method Stagel Stage2 Pointer | Parse Grounding Pointer
GRPO SFT Bank OK ¢t Pass 1 F11
Stage2-only X v X 86.0% 23.26% 0.6854
w/o PB v v X 98.0% 83.67% 0.8224
Ours v v v 100.0% 88.00% 0.8910

4 Results and Discussion

Main Results. On the test set, our model produces fully parseable struc-
tured outputs (Table 1) and achieves strong evidence alignment (Pointer F1 =
0.891) under the pointer-validity and atom-budget constraints, enabling deter-
ministic auditing. This grounded evidence selection translates into strong in-
somnia subtype prediction, while avoiding forced OSA diagnosis under inde-
terminate evidence in our evaluation protocol (0% OverDx) and producing no
detected safety-rule violations. Among baselines, Qwen3-VL-2B fails to meet the
required schema. Notably, the zero-shot Qwen3-VL-8B attains a higher Ground-
ing Pass rate, suggesting stronger instruction-following under the pointer/atom
constraints; however, its lower Pointer F'1 and markedly reduced insomnia sub-
type F1 indicate that satisfying structural grounding constraints does not guar-
antee selecting the correct evidence or performing accurate downstream diag-
nostic reasoning.

Ablation Study. Table 2 and Table 3 show that Stage 1 GRPO is critical: re-
moving it substantially degrades parsing, grounding, and insomnia subtype per-
formance, and increases OSA over-diagnosis, suggesting end-to-end SFT alone
struggles to learn robust report reading under limited supervision. Adding the
Pointer Bank mainly improves controllability and evidence alignment (higher
Pointer F1 and Parse OK) by restricting the citation space, with a small trade-
off in subtype F1 that likely reflects more conservative decisions under stricter
grounding.
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Table 3. Ablation (II): diagnosis and safety. Diagnosis/safety metrics are com-
puted on parsed outputs only unless noted.

Method Stagel Stage2 Pointer
GRPO SFT Bank

Insomnia OSA Safety
type F1 1+ OverDx | Viol. |

Stage2-only X v X 0.6073 13.95% 0%
w/o PB v v X 0.8963 0% 0%
Ours v v v 0.8821 0% 0%
Clinician rubric by dimension
5.0 3 * § 3 o
urs
481 i w/o PB

4 Stage2-only

»
ES
i

IS

o

!
o
=gl
o
=gl
e

——

w
o
1

Pt

Conflict Next-step Evidence-consistent Safety Readability Actionability
handling appropriateness treatment (5 = no harm)

Clinician score (mean * 95% Cl)

Fig. 2. Clinician rubric scores with 95% Cls (n=100).

Clinician Evaluation. Across 100 cases, a professional physician rated the
three models using a 5-point Likert rubric (Fig. 2, Table 4). Aggregate clinician
scores were close, with Stage2-only slightly higher on some long-form usability
dimensions. This suggests TRACE-PSG mainly improves auditable structured
support—parseability, pointer grounding, evidence bounding, and abstention un-
der indeterminate evidence—rather than clinician-facing aggregate scores. No-
tably, Stage2-only produced 13.95% OSA OverDx, whereas TRACE-PSG re-
duced it to 0%; similar rubric scores indicate no clear usability or readability
collapse from auditability constraints.

Limitations. This retrospective single-center study includes 657 studies from
136 patients and a 100-instance test set. The insomnia-dominant cohort and
site-specific PSG reporting conventions limit external generalization; thus, our
results support internal feasibility rather than validation of a deployable clini-
cal system. Future work should include multi-center evaluation, more sensitive
assessment of free-form treatment recommendations, and extension of pointer-
grounded provenance to treatment, which remains a non-pointerized long-form
field in the current formulation.

5 Conclusion

We introduced a two-stage framework for auditable structured generation from
multi-page PSG reports and CC/HPI. Pointerized evidence enables determin-
istic provenance checks beyond schema validity. Stage 1 rule-scored extraction
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Table 4. Clinician evaluation (aggregate). Mean+SD across 100 cases for rubric
scores and error rates for Critical Error/Hallucination.

Model Clinical Usability Overall Critical  Hallucination
quality mean 1 mean 1 impression mean * Error % | % |

Ours 4.0510.28 4.3240.24 4.304+0.76 0.0% 0.0%

w/o PB 4.00+0.28 4.3440.26 4.324+0.79 0.0% 0.0%

Stage2-only 4.0840.29 4.3940.29 4.36+0.78 0.0% 0.0%

alignment and Stage 2 teacher-forced JSON generation produce fully parseable
outputs with strong grounding, improving insomnia subtype performance while
avoiding forced OSA diagnosis under indeterminate evidence in our internal eval-
uation. Ablations verify the importance of report-reading alignment, and clini-
cian evaluation indicates that improvements concentrate in verifiable fields.
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