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Abstract

Faithfully converting unstructured text into structured representations remains a
fundamental challenge. Existing approaches either generate free-text summaries,
which are prone to hallucination and omission, or populate fixed, manually
engineered schemas that generalize poorly across heterogeneous documentation
styles. In both cases, the target representation is fixed in advance, so defi-
ciencies in the representation propagate to every extraction. In this work, we
present an iterative feedback-refinement framework for adaptive schema induc-
tion using large language models (LLMs), which makes the schema itself the
object of optimization. A dual-LLM loop iteratively evaluates the schema against
source documents and incorporates aggregated feedback into successive schema
revisions, progressively improving a shared schema without labeled data or task-
specific fine-tuning. To assess reliability, we adopt a faithfulness measure that
decomposes quality into precision (absence of hallucination) and recall (absence
of omission). Experiments on the public MTSamples clinical corpus with 8
open-weight LLMs compare the framework against extractive, abstractive, and
in-context-learning baselines. Iterative schema refinement achieves the highest
mean faithfulness across all three LLM-judge metrics while reducing document
length to 34.5% of the source. The improvement is driven primarily by higher
recall while maintaining comparable or higher precision, and mid-sized models
match or outperform larger ones. These findings indicate that optimizing the
schema, rather than individual outputs, provides an effective, model-agnostic
approach for faithful structured representation.
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1 Introduction

Transforming unstructured text into faithful structured representations is a foun-
dational problem in knowledge and data engineering, underpinning information
extraction, knowledge graph construction, interoperability, and decision support [1].
The central challenge is heterogeneity: source documents vary widely in layout, narra-
tive style, and section coverage across domains and institutions, limiting the ability of
representations designed for one document type to generalize to others [2, 3]. Recent
advances in large language models (LLMs) have substantially improved the transfor-
mation of unstructured text into structured representations. In practice, LLM-based
systems typically follow one of two paradigms: generating condensed free-text sum-
maries or mapping text onto a predefined, manually engineered schema. Both assume
a fixed target representation and optimize only the generated instances that conform
to it. Consequently, deficiencies in the representation propagate to every extraction,
while the representation itself remains unchanged. We instead argue that the repre-
sentation, an explicitly typed schema, should itself be induced and iteratively refined
from the data.

We study this problem in the domain of clinical documentation, an especially
demanding instance of unstructured-text structuring. Clinical notes are the primary
repository of patient-specific knowledge in electronic health records (EHRs), encoding
symptoms, diagnoses, treatment decisions, and longitudinal communication between
providers [1]. They combine high structural heterogeneity across specialties and insti-
tutions [2] with low tolerance for error: even human-authored notes contain, on
average, at least one error and four omissions [4]. These failure modes are severe
for automated systems as well; studies of GPT-4 and GPT-3.5-turbo on emergency-
department notes report hallucinations in 42% of summaries and clinically relevant
omissions in 47% of cases [5]. Automated methods must therefore be evaluated not
only on how compactly they represent a document but on faithfulness: the extent to
which the representation is supported by, and preserves the content of, its source [6, 7].
Under this definition, hallucinations (asserting content absent from or inconsistent
with the source) and omissions (dropping information present in the source) are com-
plementary failure modes [8]. This combination of heterogeneity, scale, and stringent
faithfulness requirements makes clinical notes a rigorous testbed for adaptive schema
induction while preserving the domain generality of the proposed method.

Existing approaches reveal two main limitations. (1) Summarization- and schema-
population methods optimize outputs against a target representation that is fixed in
advance, so any deficiency in that representation persists across all generated instances;
iterative-refinement methods mitigate this only at the level of individual outputs, refin-
ing the generated text rather than the underlying representation (§2). (2) The few



methods that treat the schema as mutable either rely on expert-guided, human-in-the-
loop refinement outside the clinical domain [9], or optimize the schema for extraction
accuracy rather than faithfulness [10], while clinical systems continue to populate
fixed, manually engineered schemas [11, 12]. Because these schemas are constructed
once and subsequently held fixed, deficiencies introduced during their design propa-
gate to every downstream extraction, whereas output-level refinement corrects only
individual instances. Automated, faithfulness-driven refinement of the schema itself
therefore remains unexplored. We address this gap by making the schema the object
of optimization, so that each refinement propagates to all subsequent extractions,
and driving that refinement autonomously from per-document evidence of hallucina-
tion and omission against the source, without human intervention, labeled data, or
task-specific fine-tuning.

We reframe structured clinical documentation as a problem of adaptive schema
induction rather than instance generation from a predefined template. Instead of opti-
mizing generated outputs, we optimize the schema to improve faithfulness by reducing
hallucinations (raising precision) and omissions (raising recall). Clinical notes are first
embedded and clustered so that refinement is exposed to diverse structural patterns
rather than a random sample. A dual-LLM loop then alternates between an evaluator,
which assesses the current schema against the source notes and produces categorical
feedback on missing fields, value-representation errors, and structural deficiencies, and
a refiner, which incorporates aggregated feedback into a revised schema. Optimizing
the schema rather than individual outputs improves faithfulness at the representation
level by reducing hallucinations and omissions. Precision improves as unreliable fields
that cannot be consistently grounded in the source are removed, while recall improves
as fields are introduced for information that is consistently present but previously
unrepresented.

Our main contributions are summarized as follows:

® We propose an iterative feedback-refinement framework that reframes structured
representation as adaptive schema induction, making a single shared schema, rather
than the generated instance, the object of optimization.

® We design a decoupled dual-LLM evaluator—refiner loop that induces a faithful,
explicitly typed schema from unlabeled notes, grounding every schema edit in per-
document feedback on missing fields, value-representation errors, and structural
deficiencies, and requiring no task-specific fine-tuning.

® We develop a faithfulness-driven evaluation protocol that decomposes quality
into hallucination (precision) and omission (recall) and instantiates it with four
mechanistically distinct judges to reduce single-metric bias.

® We evaluate the framework on the public MTSamples corpus across 8 open-weight
LLMs (1-109B parameters), demonstrating higher faithfulness at greater compres-
sion than extractive, abstractive, and in-context-learning (ICL) baselines, while
showing that mid-sized models can match or exceed substantially larger models.



Table 1 Positioning against representative approaches to structured representation. Adaptive: the
target schema is induced or refined rather than fixed; Autonomous: refinement requires no human
in the loop; Faithfulness-driven: schema edits are guided by explicit hallucination and omission
evidence: a single schema is optimized and reused across all documents.

Approach Adaptive Autonomous Faithful.-driven
Fixed-schema population [11, 12] No Yes No
Free-text summarization [15] No Yes No
Output-level refinement [16, 17] No Yes Partial
Human-in-the-loop schema discovery [9] Yes No No
Schema optimization for extraction [10] Yes Yes No
Adaptive KG construction [13, 14] Yes Yes No

Our work Yes Yes Yes

2 Related Work

2.1 Schema Induction and Adaptive Representation

Converting unstructured text into structured, explicitly typed representations is a
long-standing goal in knowledge and data engineering, and a recurring question is
whether the target representation is fixed in advance or induced from the data. Most
deployed systems assume a fixed schema and optimize only the mapping of text onto
it, which limits generalization when documents vary in structure. A growing line of
work instead treats the schema itself as adaptable. AutoSchemaKG [13] performs
autonomous knowledge-graph construction by inducing entity and event schemas
directly from web-scale corpora, and Extract-Define-Canonicalize (EDC) [14] con-
structs a self-generated schema when no predefined one is available before canonical-
izing extracted triples. Most closely related to our setting, LLMs4SchemaDiscovery [9]
generates and refines scientific schemas through an iterative workflow, and PARSE [10]
treats JSON schemas as optimizable interfaces and autonomously rewrites them
to improve entity-extraction reliability. These methods share our premise that the
schema should be induced rather than fixed, but differ in objective and setting.
AutoSchemaKG and EDC target entity, event, and relation types for knowledge-
graph triples rather than a shared representation for faithful text-to-JSON conver-
sion; LLMs4SchemaDiscovery depends on expert, human-in-the-loop refinement; and
PARSE optimizes schemas for extraction accuracy on web and dialogue data rather
than for faithfulness on clinical text. In contrast, our framework refines a single
shared schema autonomously, using an LLM evaluator rather than a human, and
drives each edit from explicit per-document evidence of hallucination and omission,
so that improvements accumulate at the representation level and propagate to every
subsequent extraction. Table 1 summarizes this comparison.

2.2 LLM-Based Structured Extraction and Refinement

A complementary body of work uses LLMs to populate predefined structured rep-
resentations, spanning closed, schema-bound extraction and open, schema-agnostic



extraction [18]. Clinical instances include structured note templates [19-22], JSON-
based formats [11], FHIR-compliant outputs [23], retrieval-augmented pipelines [24],
generation conditioned on retrieved case reports and biomedical knowledge graphs [25],
and fine-tuned models for structured extraction [12, 26, 27]. These approaches assume
a fixed, manually engineered schema and optimize only the instances conforming to
it, so limitations in the schema persist across every extraction.

A separate line of work shows that iterative refinement outperforms single-pass
generation. Chain-of-thought (CoT) prompting decomposes a task into intermediate
reasoning stages [28] but does not revise its own outputs. SELF-REFINE [16] improves
outputs through repeated generation, self-critique, and revision, and the Detect-
Critique-Refine framework of Wadhwa et al. [17] shows that decomposing correction
into error detection, fine-grained critique, and targeted revision yields greater factual
consistency than end-to-end correction. Self-reflection loops similarly reduce hallu-
cinations in medical question answering by repeatedly evaluating both background
knowledge and generated answers [29]. However, intrinsic self-correction is unreliable
without external grounding: LLMs often fail to correct their own reasoning, and per-
formance can degrade after self-revision [30], and refinement benefits from external,
grounded feedback rather than intrinsic self-critique [31, 32], motivating role-separated
designs such as Reflexion [33]. Crucially, all of this work refines the generated out-
put. Our framework instead applies a decoupled evaluator-refiner loop to the shared
schema, grounded in external faithfulness evidence, so that improvements accumulate
at the representation level rather than being recomputed for each instance.

2.3 Faithfulness Evaluation

In the natural language processing literature, faithfulness is the extent to which a
generated output is supported by its source document [6, 7], with hallucination and
omission as complementary failure modes [8]. Such failures persist in clinical generation
even after prompt refinement, with a substantial fraction of hallucinations classified as
major clinical errors [34], and they are not reliably captured by reference-overlap met-
rics such as ROUGE [35], which measure lexical overlap rather than factual alignment.
Existing mitigation strategies largely operate after generation, including faithfulness-
aware decoding [36], factuality metrics better correlated with human judgment [37],
and post-hoc correction frameworks such as MEDAL [38], and therefore do not resolve
deficiencies originating in the underlying representation. For evaluation, LLM-as-judge
methods such as G-Eval [39] and reference-free consistency checks such as SelfCheck-
GPT [40] and MQAG [41] have become standard, but judges may exhibit systematic
preference for their own or structured generations [42]. We address this concern by
combining four mechanistically distinct judges (§5.2) rather than relying on any single
scoring mechanism.

2.4 Structured Representation in the Clinical Domain

Clinical text summarization has been the dominant route to improving information
accessibility in EHRs, evolving from early rule-based systems built on textual patterns
and medical ontologies [43], through transformer models such as BERT and BART [44],



to modern LLMs [45] that perform strongly across radiology reports, progress notes,
and doctor—patient dialogue [15]. Summarization nonetheless requires oversight, as flu-
ent outputs can deviate from source documentation or omit critical details [46], and
free text lacks the structural constraints needed for reuse, interoperability, and faithful
representation [47]. This motivates structured representations, although existing clini-
cal structuring systems continue to rely on fixed schemas. Our framework extends this
line of work by introducing autonomous, faithfulness-driven schema induction to this
setting, using clinical notes as a high-stakes, high-heterogeneity testbed for a method
that is otherwise domain-general.

3 Dataset and Preprocessing

3.1 MTSamples Clinical Notes Corpus

This study utilizes the MTSamples dataset!, a publicly available corpus of 5,000
transcribed clinical notes spanning 40 medical categories including ‘Surgery’, ‘Car-
diovascular /Pulmonary’, ‘Gastroenterology’, and ‘Consult - History and Physicals’.
The number of reports per category ranges from 6 to 1,105, yielding an imbalanced
but clinically diverse corpus. Clinical Notes are semi-structured free text, typically
organized under section headings such as Chief Complaint, History of Present Illness,
Medications, Physical Examination, and Assessment and Plan; the presence, ordering,
and content of these sections vary substantially across specialties and documentation
styles, reflecting real-world documentation heterogeneity.

We focus on the ‘Consult - History and Physicals’ category, comprising 515 reports,
because its notes contain comprehensive patient information and consistently include
the sections relevant to clinical decision-making, providing a suitable benchmark
for schema induction while remaining representative of real-world documentation.
Figure 1 shows an example report, illustrating the semi-structured, section-based
format of the corpus.

3.2 Preprocessing Pipeline

The preprocessing pipeline consists of four sequential stages: data cleaning, length-
based outlier removal, embedding-based thematic clustering, and stratified data
partitioning. Figure 2 summarizes the pipeline and the data-flow statistics at each
stage.

3.2.1 Data Cleaning and Outlier Removal

We first standardized the raw notes to remove boilerplate headers, transcription arte-
facts, and formatting inconsistencies including erroneous whitespace, inconsistent line
breaks, and delimiter variability. This cleaning preserves clinical content while stan-
dardizing document structure. After standardizing the notes, we prepared the corpus
for efficient processing by accounting for the memory requirements of long-context
inference. Because the memory required by the key—value (KV) cache grows linearly

Thttps://www.mtsamples.com/
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Sample Name: A 5-month-old boy with cough
Medical Specialty: Consult - History and Physicals
Description: A 5-month-old boy brought by his parents because of 2 days of cough.

CHIEF COMPLAINT: A 5-month-old boy with cough.

HISTORY OF PRESENT ILLNESS: A 5-month-old boy brought by his parents because of 2 days of

cough. Mother took him when cough started 2 days go to Clinic where they told the mother he has viral infection
and gave him Tylenol, but yesterday at night cough got worse and he also started having fever. Mother did not
measure it.

REVIEW OF SYSTEMS: No vomiting. No diarrhea. He had runny nose started with the cough two days ago. No
skin rash. No cyanosis. Pulling on his right ear. Feeding, he is bottle-fed 2 ounces every 2 hours. Mother states he
urinates like 5 to 6 times a day, stools 1 time a day. He is still feeding good to mom.

IMMUNIZATIONS: He received first set of shot and due for the second set on 01/17/2008.

BIRTH HISTORY: He was premature at 33 weeks born at Hospital kept in NICU for 2 weeks for feeding problem
as the mother said. Mother had good prenatal care at 4 weeks for more than 12 visits. No complications during
pregnancy. Rupture of membranes happened two days before the labor. Mother received the antibiotics, but she is
not sure, if she received steroids also or not.

FAMILY HISTORY: No history of asthma or lung disease.

Fig. 1 A representation of the medical consult note.

with the number of input tokens, processing the full corpus at once exceeds available
Graphics Processing Unit (GPU) memory. For example, the Llama-4-Scout model used
in our experiments requires approximately 109 GB of memory for its weights, while
the key—value (KV) cache requires an additional 0.19 MB per token at BF16 preci-
sion?. Processing the full corpus (520,678 tokens) therefore requires roughly 95 GB of
KV-cache memory in addition to the weights, about 204 GB in total, which exceeds
the 141 GB of a single NVIDIA H200 GPU and motivates memory-aware filtering.
We tokenized all 515 documents and retained those satisfying

T —
(o

‘<7‘ (1)

where x is a document’s token count, y and o are the mean and standard deviation
of token counts across the corpus, and 7 is a z-score threshold. We evaluated several
values of 7 (Table 2) and selected 7 = 0.7, the largest threshold whose combined
weight and KV-cache memory requirements fit within the available GPU memory of
two NVIDIA H200 GPUs (141 GB of memory each; 282 GB total). This retained 337
of 515 documents and reduced the total token volume by 39.5% (520,678 to 314,792
tokens), removing long notes that exceed the KV-cache budget and very short notes
that carry insufficient information for reliable schema evaluation, without the large
sample-size loss incurred at smaller thresholds (e.g., 7 = 0.5). Figure 3 shows the
token distributions before and after filtering.

22 X L X Hyy X dpeaa X b =2 x 48 x 8 X 128 x 2 bytes per token, where L is the number of layers, Hy,, is
the number of key—value heads, dheaq is the attention head dimension, and b = 2 bytes for BF16 precision.
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Fig. 2 Preprocessing pipeline overview. (a) 1024-dimensional document embeddings generated by
Qwen3:0.6b are projected to 2D via UMAP, revealing latent thematic structure in the corpus. (b)
HDBSCAN clustering identifies 41 thematic clusters plus 41 noise samples (consolidated into one),
yielding a total of 42 clusters (K = 42). (c) Cluster-stratified 85%/15% partitioning allocates doc-
uments into refinement (Nyefine = 286) and validation (Ny, = 51) subsets, preserving proportional
cluster representation across both splits.

Table 2 Effect of the z-score threshold 7 on
retained documents and total token volume.
Reduction is relative to the full corpus
(520,678 tokens). We select 7 = 0.7.

T Documents  Total tokens  Reduction
3.0 507 489,877 5.9%
2.0 493 457,654 12.1%
1.0 424 384,803 26.1%
0.9 398 361,925 30.5%
0.7 337 314,792 39.5%
0.5 246 233,703 55.1%

3.2.2 Embedding-Based Thematic Clustering

To expose the iterative feedback-refinement process to diverse note structures while
maintaining computational tractability, we partitioned the filtered corpus into the-
matic clusters using an unsupervised embedding-based pipeline. This cluster-organized
approach ensures that schema refinement encounters structurally distinct note types
in a controlled sequence rather than through random sampling, which could result in
redundant evaluations or premature convergence.
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Fig. 3 Document length distribution before and after length-based filtering. The original corpus
(N = 515, light blue) exhibits high variance with prominent long tails. Applying a z-score threshold
of 7 = 0.7 (dashed red lines) trims extreme outliers, resulting in a more uniform filtered corpus
(N = 337, dark blue).

Embedding Generation.

We employed Qwen3:0.6b as the embedding model because it provides compet-
itive performance on English biomedical retrieval tasks in the MTEB (Massive
Text Embedding Benchmark) benchmark [48] while remaining computationally effi-
cient for embedding the complete 337-document corpus. Each note was encoded
into a 1024-dimensional dense vector space e; € R924) capturing both semantic
content (diagnoses, symptoms, medications) along with structural patterns (section
organization, information density).

Dimensionality Reduction.

We applied UMAP (Uniform Manifold Approximation and Projection) [49] to project
dimensionality from 1024 to 2 dimensions (Figure 2A) prior to clustering. UMAP was
selected over alternatives (PCA, t-SNE) because it preserves both local neighborhood
relationships and global topology while effectively modelling the nonlinear struc-
ture of high-dimensional text embeddings [50, 51]. These properties are particularly
important for clinical documentation, where notes may exhibit similarity at multiple
levels of granularity, such as shared presenting complaints despite differing diagnoses,
management plans, or document organization [52]. The resulting low-dimensional rep-
resentation facilitates clustering while preserving clinically meaningful relationships
among documents.



Density-Based Clustering.

For clustering, we employed HDBSCAN (Hierarchical Density-Based Spatial Clus-
tering of Applications with Noise) [53], which detects clusters of varying density,
determines the cluster count automatically, and leaves structurally unique notes unas-
signed rather than forcing them into ill-fitting clusters. HDBSCAN identified 41
thematic clusters and 41 noise samples (notes not belonging to any dense region); to
avoid singleton batches during refinement, we merged all noise samples into one addi-
tional cluster, giving K = 42 (Figure 2B). The 41 core clusters averaged 7.2 notes each
(approximately 6,672 tokens), and manual inspection confirmed that assignments cor-
responded to clinically meaningful groupings by chief complaint (e.g., cardiovascular,
neurological, or musculoskeletal), note complexity, and documentation style.

3.2.3 Data Partitioning for Schema Refinement and Validation

To enable systematic evaluation, we constructed a cluster-stratified partition of the
337 filtered documents into refinement and validation subsets. This design preserves
proportional representation of all 42 clusters across both subsets (Figure 2C), ensuring
exposure to the full diversity of clinical note types.

We applied an 85%/15% split:

® Refinement subset (85%, Nyefine = 286): used for in-context learning pattern
analysis, schema generation, and iterative feedback-based refinement across cluster
batches.

e Validation subset (15%, Ny, = 51): reserved for schema filling using the finalized
schema, and for baseline summarization comparisons.

Cluster assignments were directly used as the batching mechanism for iterative
schema refinement. This ensures each iteration processes structurally coherent notes
while progressively exposing the schema to the full diversity of clinical documentation
patterns.

4 Methodology

We study the transformation of unstructured clinical notes into structured and
condensed representations through a comparative framework encompassing five
approaches. Our framework is organized into two paradigms: (1) Summarization
(extractive and abstractive), which produces condensed text representations, and
(2) Schema-Based Structuring (ICL and iterative feedback-refinement), which
produces machine-readable JSON documents conforming to formal schemas. The sum-
marization approaches and ICL serve as baselines; our primary contribution is the
iterative feedback-refinement. Figure 4 provides a high-level overview of our proposed
framework.

4.1 Problem Formulation

Let NV = {n1,...,ny} be a corpus of N free-text clinical notes, where n; denotes
an individual note. For the summarization task, the goal is to produce a condensed
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Fig. 4 Overview of the proposed framework. Unstructured clinical notes are embedded and grouped
into semantic clusters. Each cluster is processed in turn by a dual-LLM loop in which an evaluator
scores the current schema against the cluster’s notes and generates structured feedback, and a refiner
edits the schema accordingly (adding, modifying, or removing fields). The refined schema carries
forward across clusters to yield a final schema S*, which maps source-note spans into a condensed,
reorganized structured document.

text representation §; of each note m; that preserves clinically salient information.
For schema-based structuring, we seek a schema S&* that, through a fixed mapping,
converts each note n; into a structured document d; conforming to &* while minimizing
omissions and hallucinations. The schema is a hierarchical key-value structure in which
every field is explicitly typed using JSON Schema type definitions, and it remains
fixed once finalized, ensuring structural consistency across all structured documents.

The refinement subset is partitioned into K disjoint clusters {c1,...,cx} derived
from the UMAP-HDBSCAN pipeline (§3.2.2), where each cluster ¢; groups notes
sharing structural and linguistic patterns. This partition is used exclusively for the
iterative schema refinement approach.

4.2 Baseline Approaches
4.2.1 Baseline 1: Extractive Summarization (BERT-Centroid)

Extractive summarization selects salient sentences from a note verbatim rather than
generating new text, which preserves the original clinical phrasing and avoids hal-
lucination by construction [54]. The goal is identifying which sentences are most
representative of the note as a whole. We adopt a centroid-based approach in which the
note is reduced to a single vector that captures its overall meaning, and each sentence
is ranked by its cosine similarity to that vector, so that sentences reflecting the note’s
central content rank above peripheral or off-topic ones. The top-ranked sentences are
returned in their original document order, forming a coherent excerpt of the source.

11



Formally, each note n; contains a set of T sentences, {s1,...,sr}, where s; is the
" sentence. We obtained sentence embeddings e; € R7®® from Bio_ClinicalBERT?, a
BERT model pre-trained on MIMIC-III clinical text [55], for each sentence s; using
mean pooling over non-padding token hidden states. The document-level centroid c; is
the mean of these embeddings and approximates the note’s overall semantic content,

1 I
cl-:f;et. (2)

Each sentence is scored by its cosine similarity to c;, and the top M are retained,
where M is the number of sentences to keep, set adaptively from note length so
that short notes are not over-compressed and long notes do not produce unwieldy
summaries. Given a target compression ratio p = 0.50, mean sentence length L in
characters, and a note of length |n;|,

M:max(Mmin, min({%J, Mo, T)) (3)

with Muyin = 3 and M.« = 15 as the lower and upper bounds. The selected sentences
are returned in their original document order, yielding a summary that is a verbatim
excerpt of the source note rather than a paraphrase.

4.2.2 Baseline 2: Standard Abstractive Summarization

The standard abstractive approach employs a single-turn instruction-following
paradigm. The LLM receives the full clinical note and is instructed to produce a
concise, medically faithful summary. No structural scaffolding or intermediate reason-
ing steps are imposed, testing the model’s intrinsic clinical summarization capacity
without prompt-engineering enhancements.

4.2.3 Baseline 3: Chain-of-Thought Abstractive Summarization

The CoT approach decomposes summarization into two sequential LLM calls that
share a persistent conversation context, motivated by prior findings that intermediate
reasoning steps improve output quality on knowledge-intensive tasks [28]. In the first
call, the model performs an open-ended analysis of the note, identifying clinically
salient information and events without being given any prescriptive section labels such
as “chief complaint” or “assessment”, so that it can surface relevant content without
structural assumptions that may not generalize across note types. In the second call,
conditioned on the analysis produced in the first, the model synthesizes its observations
into a concise clinical summary. This decoupling of comprehension from compression
is intended to reduce the risk of missing information located in secondary sections,
such as buried medication lists or incidental findings, which single-pass abstractive
summarization tends to overlook [5, 56, 57].

3https://huggingface.co/emilyalsentzer/Bio_Clinical BERT
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4.2.4 Baseline 4: In-Context Learning Schema Extraction

The ICL approach derives a schema from the refinement subset in two LLM passes
without any iterative critique, serving as a strong non-iterative baseline for schema
generation. In the first pass, the full refinement subset of N,efne clinical notes is
provided to the LLM in a single prompt, exploiting the extended context window
of Llama-4-Scout?; the model is asked to analyze structural and linguistic patterns
across the corpus, including sectioning conventions, content organization, and recur-
rent medical terminology. Seeing the entire refinement corpus at once, without an
explicit critique-and-revise loop, is what distinguishes ICL from the iterative approach.
In the second pass, the LLM uses the retained analysis together with the original notes
to produce a comprehensive JSON schema along with one example structured docu-
ment that guides subsequent extraction; the schema output is constrained at decoding
time using a JSON Schema specification. The resulting schema is then applied to
each note in the validation subset using a dedicated stateless filler client instructed to
populate all applicable fields.

4.3 Proposed Approach: Iterative Feedback—Refinement

Our proposed iterative feedback-refinement framework progressively improves a JSON
schema through cluster-organized LLM evaluation, structured feedback aggregation,
and iterative schema updates. The method consists of a schema-initialization stage
followed by three stages, namely evaluation, aggregation, and refinement, executed
sequentially across the K cluster batches. In addition, a memory-management mecha-
nism governs how conversational state is shared within and across batches to prevent
cross-batch contamination.

4.3.1 Stage 1: Schema Initialization

An initial schema S is generated by a zero-shot prompt to the evaluator LLM.
The prompt asks for a JSON schema covering the section types commonly seen in
clinical notes (demographics, chief complaint, history of present illness, examination,
assessment, and plan), but treats this list as guidance rather than a fixed skeleton,
the model is free to add, omit, or restructure sections. All fields are declared optional
and typed using standard JSON Schema scalars and composites. A deterministic post-
processor then strips any required constraints the model may have introduced and
normalizes union types, so that all subsequent refinement operates on a consistent
representation. S(¥ is intentionally minimal; substantial structural change is expected
during refinement.

4.3.2 Stage 2: Per-Note Evaluation

For each note n; in cluster ¢, the evaluator performs an extraction step using the
current schema S*~1 followed by a two-part critique comprising quality scoring and
feedback generation. The first step produces a structured document d; from the note,
and the second critiques the schema in light of that document. Separating extraction

4https://ai.meta.com/blog/llama-4-multimodal-intelligence/
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from critique avoids overloading a single prompt and yields more focused feedback,
in line with the decoupled-evaluator pattern of Wadhwa et al. [17]. The two critique
steps share a batch-level conversation history so that critique remains consistent across
notes within a cluster.

(1) Structured Document Generation.

A stateless extraction call populates all fields of S*~1 that are supported by the note,
producing a structured document d;. Fields with no corresponding information in the
source are omitted rather than populated with null, and no inference, guessing, or
out-of-schema fields are permitted. The output is constrained to a JSON object at
inference time.

(2) Quality Scoring.

For each note n;, the evaluator scores the schema across five quality dimensions indexed
by j € {1,...,5}, each using a 6-point ordinal scale ¢; ; € {0,...,5} (0 = lowest, 5 =
highest). The dimensions and their operational definitions are as follows:

® Coverage: How well the schema captures the relevant clinical information contained
in the note. R

® Accuracy: How faithfully the resulting structured document d; represents the source
note.

® (Clarity: How logical and easy to interpret the schema structure is, including the
appropriateness of hierarchical nesting.

® (Conciseness: How free from redundant, overlapping, or low-utility fields the schema
is.

e Utility: How clinically practical and useful the schema is for downstream workflows.

(8) Feedback Generation.

The evaluator generates structured feedback following four categories indexed by r €
{1,...,4} for each note n;. The generated feedback is therefore denoted as f;,. The
following are the feedback categories used by the evaluator:

® Missing information: Clinically important content present in the note that has no
corresponding schema field.

® Representation issues: Fields that exist in the schema but whose types or structures
are mismatched with the documented format (e.g., blood pressure stored as a string
rather than a structured object).

® Redundancy: Duplicate, overlapping, or unnecessary fields that add noise without
clinical utility.

® Improvements: Concrete, actionable suggestions for the next schema version.

The output of Stage 2 is constrained to a JSON object containing the scores,
the feedback, and the structured document to ensure that the evaluation response is
always parseable and conforms to the expected structure.
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4.3.3 Stage 3: Batch Aggregation

After evaluating all notes in cluster cg, the per-note results are aggregated to identify
systematic schema deficiencies prior to refinement. For each quality dimension j, we
compute the arithmetic mean score across the cluster:

(5 1 .
a0 = el Z ¢, Jje{l,...,b} (4)

ni€cy

where |ci| denotes the number of notes in cluster cg.

We use the mean rather than the median for two reasons. Batch sizes are small
(around 7 notes per cluster), and atypical notes that expose genuine schema gaps
should influence the aggregated signal rather than be discarded as outliers. In a
feedback-driven refinement setting, sensitivity to a single note that exposes a missing
or mis-typed field is a feature rather than a source of noise.

For each feedback category r, we aggregate and deduplicate all items generated
within the batch:

F,gr) = deduplicate < U fi,r) , refl,... 4} (5)

n;ECk

where deduplicate(-) removes duplicate strings while preserving first-occurrence order.
Near-duplicate items are deliberately retained, since their repetition is itself a use-
ful frequency signal for the refiner. The final batch aggregation is the tuple A, =

({q,ij)}?:l, {F,gr)}jf:l, |ck|>, which serves as the input to schema refinement.

4.3.4 Stage 4: Schema Refinement

Given the current schema S*~1) and the batch-level aggregation Ay, a separate state-
less refiner LLM produces an updated schema S®*). The refinement prompt contains:
(1) the complete current schema, (2) the five mean quality scores, and (3) the dedupli-
cated feedback items across the four categories. The refiner is also given a structured
chain-of-thought scaffold asking it to identify the two or three most important issues
raised by the feedback, decide for each whether to add, remove, rename, merge, or
restructure fields, and judge whether each change is likely to generalize to other clinical
notes or only address a single observed case.

To promote stable schema evolution, the refinement LLM is instructed to address
the most frequent feedback items and follow a conservative refinement strategy in
which extensions (adding fields or refining existing types) are preferred over deletions,
since removed fields may remain relevant to note types not yet observed. Field dele-
tion is permitted only when performed as part of a principled restructuring, such as
replacing an underspecified field with a more expressive or semantically precise rep-
resentation. All revisions are validated against JSON Schema Draft 2020-12 and are
constrained to use scalar types (string, number, integer, boolean) or composite types
(object, array) with explicit per-field type annotations.
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A low temperature of 0.1 is used to encourage deterministic and stable schema
updates. The refinement client returns a structured output consisting of (1) the revised
schema S(*) | (2) an explicit list of modifications relative to S*~1) and (3) a natural-
language rationale describing the refinement decisions.

The structural delta between consecutive versions is tracked using JSON structural
diffing:

A®) = diff ($<’f—1>, S<k>) (6)

For each cluster ¢, k = 1,..., K, the schema is updated as:
S = REFINE(S(k_l), AGGREGATE({EVALUATE(ni,S(k_l))}meck)> . ()

starting from the initial schema S(© and yielding the final schema S§* = S,

4.3.5 Memory Management

Across the stages above, memory management is structured to prevent contamina-
tion between clusters while supporting consistent critique within a cluster. Within
cluster ¢, the evaluator’s quality-scoring and feedback-generation calls share a batch-
level conversation history, which allows the evaluator to maintain a consistent critique
style across the notes in a cluster and to recognize recurring patterns. The evalua-
tor’s schema-filling sub-call is stateless and does not share this history, ensuring that
extraction from one note cannot leak into extraction from another. At each cluster
boundary k — k + 1, the batch-level memory is explicitly reset:

B® 0 Vke{l,... K}, (8)

where B*) denotes the evaluator’s batch-level conversation buffer prior to processing
cluster c. The refiner client is fully stateless: each refinement call receives only the
current schema and the batch aggregation, with no persistent conversational context.
This separation of stateful evaluation within a batch from stateless refinement across
batches reflects the assumption that batch-internal consistency is valuable while cross-
batch independence is essential for stable schema evolution.

4.3.6 Final Schema Application

After the final cluster has been processed, the resulting schema S* = S is held fixed
and applied to the validation subset (Ny, = 51, §3.2.3). A separate stateless filler
client extracts a structured document from each validation note conditioned on §* and
a single in-context reference example drawn from the highest-scoring structured docu-
ment produced during refinement. The filler operates under the same extraction rules
as §4.3.2, extracting only information explicitly stated in the note, omitting fields with
no source information, and disallowing inference. The resulting structured documents
are the artefacts evaluated in §6 against the summarization and ICL baselines.
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5 Experimental Setup
5.1 Models and Inference

All experiments were implemented in Python 3.12 and executed on a worksta-
tion equipped with 2 NVIDIA H200 GPUs. LLM inference was performed using
SGLang [58], which provides high-throughput batched generation and supports JSON-
Schema-constrained decoding, eliminating the need for post-hoc output repair. We
evaluate 8 open-weight models ranging from 1 to 109 billion parameters (Table 3). This
range enables a controlled analysis of quality—efficiency trade-off across the proposed
framework and all baselines.

The extractive baseline uses Bio_Clinical BERT with GPU inference. The ICL
baseline is run exclusively with Llama-4-Scout, selected for its extended context win-
dow, enabling the complete refinement subset together with the schema-generation
prompt to fit within a single inference context. All abstractive and iterative-refinement
experiments are repeated across the remaining models in Table 3.

Table 3 Open-weight LLMs evaluated in this study.
Model sizes are reported in billions of parameters (B).
Owing to its extended context window, Llama-4-Scout
is used only for the ICL baseline. All other models are
evaluated on both abstractive summarization and
iterative schema refinement.

Model Params (B) Use

Gemma-3-1B 1 Abstractive, Iterative

Qwen3-4B 4 Abstractive, Iterative
Llama-3.1-8B 8 Abstractive, Iterative
Qwen3.5-9B 9 Abstractive, Iterative
Gemma-3-27B 27 Abstractive, Iterative
Qwen3.5-27B 27 Abstractive, Iterative
Llama-3.3-70B 70 Abstractive, Iterative
Llama-4-Scout 109 ICL, Tterative

Decoding temperature was set to 0.1 for all extraction, schema-filling, and refine-
ment calls to encourage deterministic outputs. For abstractive summarization, each
model’s default decoding temperature was used to preserve fluency. All schema-
constrained generations are validated against a JSON Schema specification by SGLang
at decoding time. The validation subset (Ny, = 51, §3.2.3) is held out across every
approach to ensure cross-method comparability.

5.2 Evaluation Methods

Our goal is to determine whether a filled structured document preserve the clinical
content of a source note at least as well as free-text summaries while achieving compa-
rable compression. Treating the source note as ground truth, we define faithfulness as
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agreement between a generated representation and the source. Faithfulness is decom-
posed into precision, which measures the absence of hallucinations, and recall, which
measures the absence of clinically important omissions.

We evaluate each representation in terms of compression, precision, and recall
using both a reference-based evaluator (SelfCheckGPT) and an LLM judge (DeepE-
val). Because these metrics compare generated content against the source note, each
representation is converted to a common textual format before evaluation. Free-text
summaries are sentence-segmented, whereas JSON instances are recursively flattened
into key > subkey: value statements. This conversion preserves the clinical content
and schema hierarchy of each extracted field without imposing a prose format, enabling
direct comparison of structured representations and free-text summaries against the
source note. The evaluation therefore measures the fidelity of the represented clinical
information rather than the fluency of its expression.

5.2.1 Compression

A faithful representation is only useful if it is also substantially shorter than the source,
thereby reducing the time required for clinicians to review and analyze clinical docu-
mentation [59, 60]. This is a key motivation for both automated summarization and
structured clinical representation. Brevity and faithfulness, however, pull against each
other. A representation can be made perfectly faithful by copying the note verba-
tim, or maximally brief by discarding clinical content, so compression is informative
only when read alongside the faithfulness metrics. We therefore report the word-level
compression ratio,
w(F;)

Pi = 9)

w(n;)’

where w(+) is the number of whitespace-delimited words, n; is the source note, and
7; is its generated representation, either a summary §; or a structured document d;.
Lower p; indicates greater condensation.

5.2.2 SelfCheckGPT-Based Faithfulness

We adopt the SelfCheckGPT framework [40] with the source clinical note as the single
reference, applying two complementary scorers.

BERTScore consistency.

For each unit in the flattened output (a sentence or a field statement), the SelfCheck-
BERTScore scorer assigns an inconsistency score b, € [0,1], computed from the
highest BERTScore similarity [61] between the selected unit and each sentence of the
source note. A unit that closely matches many parts of the source receives a low b,,;
an unsupported unit receives a high b,,. Thus lower is more faithful. Following the
original work, a unit is consistent if b,, < 0.5. For a note with M units we report a

document-level score:
| M

m=1



Given this scorer relies on embedding similarity to source sentences, it implicitly
favours sentence-like units. Flattened schema statements are telegraphic rather than
prose, and therefore tend to score less similar even when the extracted value is cor-
rect. We therefore use BERTScore consistency for comparison within a paradigm (e.g.,
across models or across summarization strategies), and rely on the meaning-based
metrics below (MQAG and the DeepEval judges) for comparison between the summa-
rization and schema paradigms, as these assess factual agreement rather than surface
similarity and are robust to this representational difference.

MQAG question-answering consistency.

The Multiple-choice Question Answering and Generation (MQAG) method [41]
assesses faithfulness by generating () multiple-choice questions from the candidate
passage and comparing answer probability distributions between the candidate and
the reference document. Let P.,,q and P, denote the answer distributions induced
by the candidate and reference, respectively. We report four distributional divergence
metrics:

e KL-Divergence (Dkr): asymmetric divergence from candidate to reference;
unbounded, more sensitive to probability mass shifts.

e Counting (D.y): proportion of questions where the modal answer differs between
candidate and reference; € [0, 1].

¢ Hellinger Distance (Dy): symmetric, bounded divergence measure; € [0, 1].

e Total Variation (Drvy): maximum pointwise probability difference; € [0, 1].

All four metrics are negatively oriented, so lower values indicate greater consistency
between the generated representation and the source note. We set (Q = 15 questions
per document. Given that MQAG generates its questions from the candidate, it cannot
probe content the candidate has omitted; it is therefore a document-level, primar-
ily precision-oriented consistency signal that complements the unit-level BERTScore
measure.

5.2.3 DeepEval LLM-as-Judge Metrics

Three judge-based metric families are computed via DeepEval® using gpt-5-mini as
the evaluator. Each metric returns a score in [0, 1], where higher values indicate better
performance and 1 represents the optimum score. The metrics are designed to assess
one or both of the failure modes targeted in this study: hallucination, referring to
claims unsupported by the source (precision-oriented errors), and omission, referring
to source information absent from the generated representation (recall-oriented errors).

SummarizationMetric.

We use a modified version of DeepEval’s SummarizationMetric. As in the original, an
alignment (precision) score is the fraction of claims extracted from the output that
are supported by the source note, so a low value signals hallucination. We replace
the original’s simple closed-question coverage check with a stronger recall measure:

Shttps://github.com/confident-ai/deepeval
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the judge generates importance-weighted, open-ended questions from the source note,
each with a reference answer, then answers them from the output alone and grades
each answer against the reference; the mean grade is the coverage (recall) score, so
a low value signals omission. For structured-document inputs, claim extraction and
question generation are instructed to treat the output as a structured record, so
empty fields are not counted as claims and surface prose is not assessed. The final
summarization score is the harmonic mean (F1).

G-FEval.

G-Eval [39] is a chain-of-thought LLM-as-judge metric configured with explicit evalu-
ation steps rather than a free-form criterion. We instantiate two independent G-Eval
metrics, one for precision (absence of hallucination, i.e., whether every clinical claim
in the output is grounded in the source note) and one for recall (absence of omis-
sion, i.e., whether every clinically important fact in the source note is retained in the
output). Both metrics use an identical four-level rubric structure over [0, 10] (linearly
normalised to [0,1]), differing only in whether the graded failure is unsupported or
omitted content, so the two scores are directly comparable; the omission check assumes
no fixed section structure.

DAGMetric.

DAGMetric scores an output by routing it through a fixed decision tree (a directed
acyclic graph) of discrete judgement steps, so that for a given judge and input the
scoring path and outcome are deterministic and reproducible. We define two parallel
branches that mirror our precision and recall properties and average their scores. The
precision branch proceeds in three steps: a TaskNode extracts all clinical claims from
the output, a BinaryJudgementNode checks whether any extracted claim asserts infor-
mation not supported by the source note, in which case the branch scores 0; otherwise
a NonBinaryJudgementNode grades how well the claims are grounded in the source on
a three-level scale (10, 6, or 2 for strong, partial, or weak grounding). The recall branch
proceeds in two steps: a TaskNode enumerates the key clinical facts in the source note
without assuming any fixed section structure, and a NonBinaryJudgementNode then
grades the proportion of those facts captured by the output on the same three-level
scale (10, 6, or 2 for most, some, or few facts captured). The final DAGMetric score
is the mean of the two branch scores, normalised to [0, 1].

5.2.4 Metric Complementarity

The metrics above jointly cover the two faithfulness properties introduced ear-
lier, precision and recall, through complementary ways, namely question answering
(SummarizationMetric), rubric-anchored chain-of-thought reasoning (G-Eval), and
a constrained decision tree (DAGMetric). Because all three use the same judge
model over the same documents, they are not statistically independent; their dif-
fering mechanisms nonetheless reduce the methodological bias of any single judge.
They are complemented by two reference-based SelfCheck signals: BERTScore consis-
tency, a unit-level precision-oriented measure, and MQAG, a document-level, primarily
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Table 4 Evaluation metrics and the faithfulness
property each targets. 1 higher is better, | lower is

better.

Metric Targets Better
SelfCheck BERTScore  Precision 1
SelfCheck MQAG Precision 1
SummarizationMetric ~ Precision + Recall T
G-Eval Precision + Recall 0
DAGMetric Precision + Recall T

precision-oriented measure of answer-distribution agreement. Table 4 summarises this
mapping.

All evaluations are run on the separated subset of Ny, validation notes. Per-
document and per-unit scores persist in structured CSV files for downstream statistical
analysis and cross-method comparison.

6 Results

We compare the proposed Iterative Schema approach against four baselines on the
validation subset Ny,;. Std. Abstractive, CoT Abstractive, and Iterative Schema are
evaluated using the same 8 LLMs, enabling direct comparison across model scales.
Extractive (BERT-Centroid) and ICL Schema (Llama-4-Scout) serve as single-model
reference baselines. Throughout the remainder of this paper, we refer to the approaches
using the abbreviated names Extractive, Std. Abstractive, CoT Abstractive, ICL
Schema, and Iterative Schema, and identify models by family and parameter size.
Table 5 reports the complete results for every evaluated approach—-model combination,
with inter-judge agreement reported in Table 6.

6.1 Overall Faithfulness Comparison

Iterative Schema achieves the highest mean F1 across all three judge-based metrics
(Figure 5, Table 5), with model-averaged scores of 0.939 for SummarizationMetric,
0.926 for G-Eval, and 0.910 for DAGMetric. The strongest summarization baseline
(Std. Abstractive) achieves corresponding scores of 0.876, 0.860, and 0.862, while
CoT Abstractive reaches 0.768, 0.825, and 0.822. Consequently, Iterative Schema
improves upon the strongest summarization baseline by 40.063, +-0.066, and +0.047
F1, respectively.

The two single-model reference points fall between the summarization baselines and
Tterative Schema. ICL Schema, evaluated on Llama-4-Scout, attains F1 scores of 0.877,
0.817, and 0.876, indicating that structured extraction without iterative refinement is
already competitive. The Extractive baseline, evaluated on BERT-Centroid, attains
0.715, 0.814, and 0.872, indicating that an extractive approach can achieve competitive
judge-based scores when its precision is high.
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Table 5 Per-approach, per-model evaluation results (mean + standard deviation across notes). F1 columns are higher-is-better (1); BERTScore
(mean unit-level inconsistency) and the four MQAG distributional divergences (Dkr, KL-divergence, Dcn¢ counting, Dy Hellinger, Drv total
variation) are lower-is-better (). Per-cell best value per column is in bold; each multi-model approach block ends with an (mean) row averaging
that approach’s cells.

Approach Model Summ. F11 G-Eval F11 DAG F117 BERTScore] MQAG Dkr | MQAG Dcnt 4 MQAG Dy | MQAG Drv |
Extractive! BERT-Centroid 0.715+.042 0.814+.048 0.872+.045 0.127 +.040 0.276 + .123 0.280 + .118 0.099 + .021 0.221 + .029
Std. Abstractive? Llama-3.1-8B 0.853+.047 0.869+.029 0.861+.033 0.592 + .059 0.432 + 277 0.306 + .125 0.134 + .032 0.231 + .036
Llama-3.3-70B 0.898 +.035 0.848 +.053 0.819 4+ .024 0.517 + .033 0.268 + .108 0.237 + .092 0.096 + .032 0.188 + .037
Llama-4-Scout 0.895+.038 0.857+.058 0.925 4+ .021 0.539 + .028 0.288 + .138 0.256 + .116 0.101 + .022 0.199 + .029
Qwen3-4B 0.875+.041 0.866 4 .021 0.823 + .037 0.583 + .036 0.289 + .132 0.259 + .109 0.101 + .040 0.197 + .023
Qwen3.5-9B 0.935+.026 0.858+.043 0.935+ .028 0.658 + .032 0.218 + .104 0.224 + 093 0.074 + .032 0.171 + .022
Qwen3.5-27B 0.940 +.023 0.907+.030 0.837+.050 0.607 + .029 0.271 + .123 0.239 + .097 0.094 + .038 0.190 + .026
Gemma-3-1B 0.701 +.033 0.829+.051 0.892+.039  0.615+.037 0.326 +.131 0.266 + .095 0.114 + .021 0.210 + .026
Gemma-3-27B 0.910+.037 0.844 £ .039 0.804 +.023 0.604 + .024 0.256 + .103 0.242 + 070 0.090 + .034 0.186 + .020
(mean) 0.876 +.035 0.860 +.040 0.862+.032 0.589+.035 0.294 + .140 0.254 + .100 0.101 + .031 0.196 + .027
CoT Abstractive® Llama-3.1-8B 0.690 +.019  0.817+.020 0.827 +.032 0.633 + .058 0.607 + .313 0.442 + .168 0.184 + .037 0.329 + .042
Llama-3.3-70B  0.884 +.038 0.865+.050 0.875 4+ .040 0.571 + .029 0.440 + .197 0.354 + .134 0.154 + .030 0.281 + .036
Llama-4-Scout 0.880+.043 0.807+.012 0.742 4+ .029 0.558 + .029 0.405 + .167 0.344 + 123 0.146 + .028 0.280 + .034
Qwen3-4B 0.860 +.037 0.839+.015 0.832+.021 0.599 + .028 0.450 + .184 0.367 + .141 0.157 + .029 0.297 + .034
Qwen3.5-9B 0.847 +.042 0.829+.059 0.855+.031  0.633 +.026 0.456 + .176 0.369 + .117 0.159 + .028 0.298 + .031
Qwen3.5-27B 0.840 +.021  0.838+£.024 0.826 +.033 0.645 + .029 0.467 + .148 0.358 + .123 0.162 + .023 0.299 + .028
Gemma-3-1B 0.558 +.036  0.799 +.038 0.811+.025 0.629 + .027 0.496 + 204 0.397 + .108 0.171 + .030 0.304 + .034
Gemma-3-27B 0.585+.032 0.804+.049 0.811+.051 0.633 + .023 0.562 + 270 0.400 + .145 0.193 + .040 0.329 + .045
(mean) 0.768 £.034 0.825+.033 0.822+.033 0.613+.031 0.485 + .208 0.379 + .132 0.166 + .031 0.302 £ .035
ICL Schema® Llama-4-Scout  0.877+.025 0.817+.037 0.876+.033 0.628 + .055 0.199 + 121 0.265 + .123 0.069 + .037 0.190 + .027
Iterative Schema® Llama-3.1-8B 0.940 +.039 0.869+.053 0.895+.037  0.894 + .027 0.185 + .082 0.198 + .066 0.061 + .024 0.135 +.033
Llama-3.3-70B 0.972+.043 0.9494 .031  0.879 + .022 0.869 + .021 0.178 £ .068 0.191 + .071 0.059 + .021 0.134 + .029
Llama-4-Scout 0.980+ .043 0.957+.032 0.886 +.022 0.833 + .021 0.171 + .069 0.183 + .072 0.057 + .021 0.129 + .029
Qwen3-4B 0.975+.033 0.916+.036 0.9724+.053 0.759 +.030 0.107 £ .046 0.144 + .066 0.038 +.017 0.104 + .028
Qwen3.5-9B 0.942 + 027  0.915+.017 0.868 +.033 0.880 + .021 0.400 + .122 0.321 + 078 0.101 + .025 0.189 + .030
Qwen3.5-27B 0.989 +.036 0.964 +.039 0.908 £ .048 0.911 + .033 0.231 + .091 0.220 + .071 0.065 + .022 0.147 + .028
Gemma-3-1B 0.784 + .129 0.967 +.148 0.938 +.063 0.875 + .025 0.440 + 201 0.261 + .076 0.138 + .027 0.203 + .025
Gemma-3-27B 0.927+.035 0.870+.024 0.932+.021 0.816 + .029 0.150 + .055 0.174 + 066 0.051 +.017 0.123 + .025
(mean) 0.939 +.048 0.926 +.047 0.910+.037 0.855+.026 0.233 £ .092 0.211+.071 0.071 £ .022 0.145 £ .028

!Baseline 1: Extractive summarization (BERT-Centroid).
?Baseline 2: Standard abstractive summarization.
3Baseline 3: Chain-of-thought abstractive summarization.
4Baseline 4: In-context learning schema extraction.

5Proposed iterative feedback-refinement.
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Fig. 5 Mean F1 by approach across the three judge-based metrics (higher is better). Error bars are
one standard deviation across the model cells contributing to each approach mean. Iterative Schema
approach leads on all three metrics; BERT-Centroid extractive and ICL schema reference points are
single-model results.

6.2 Precision and Recall Decomposed

We decompose each F1 into precision, the absence of hallucination, and recall, the
absence of omission. This decomposition indicates that Iterative Schema achieves high
precision and recall simultaneously rather than from a favourable trade-off between
them. Across the three judges, its precision (0.942/0.922/0.915 on Summarization-
Metric, G-Eval, and DAGMetric) and recall (0.762/0.942/0.896) both remain high,
and it is the only approach to retain this dual strength under every judge. The
Extractive baseline makes the underlying trade-off explicit: because it copies source
sentences verbatim, it cannot hallucinate and so attains the highest precision of any
approach (0.994,/0.988/0.950), yet verbatim selection offers no guarantee of complete-
ness, leaving it with the lowest recall (0.581/0.809/0.808). High precision alone is
thus insufficient, as a representation may avoid hallucination entirely while still omit-
ting much of the note. Iterative Schema, by contrast, combines precision comparable
to the strongest summarization baselines with the highest recall on the two rubric-
based judges (G-Eval, 0.942 against 0.839 for Std. Abstractive and 0.837 for CoT;
DAGMetric, 0.896 against 0.856 and 0.849). Consequently, its superior F1 scores are
primarily driven by improved recall without sacrificing precision. This pattern is evi-
dent per judge in Figure 6, and the G-Eval precision/recall plane (Figure 7) locates
each (approach, model) cell on iso-F} contours, with the schema cells reaching the
upper-right region by sustaining precision while improving recall.

6.3 Consistency Across Models

A model-averaged result could conceal an advantage concentrated in one or two strong
models. To test for this, we compute the per-model difference A = IterSchema —
max(CoT, Std.) on SummarizationMetric F1 for every model that produced both an
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I Extractive (BERT-Centroid) mmmm Std. Abstractive = CoT Abstractive mm ICL Schema m Iterative Schema

Fig. 6 Per-judge precision and recall scores by approach. The recall gain of Iterative Schema is
clearest on G-Eval and DAGMetric; on the QA-based SummarizationMetric the schema leads on
precision but not recall.

Tterative Schema and a summarization result (Figure 8). Iterative Schema exceeds
the stronger summarization baseline on every model, with A ranging from 0.007 on
Qwen3.5-9B to 0.100 on Qwen3-4B.

The advantage holds across models, although faithfulness did not increase mono-
tonically with model size. Qwen3-4B attains a SummarizationMetric F1 of 0.975
on Iterative Schema, which exceeds the much larger Llama-3.3-70B at 0.972 and
approaches Qwen3.5-27B at 0.989, and Llama-3.1-8B attains 0.940. These results indi-
cate that mid-sized models can match or exceed larger ones under the right inference
approach. The smallest model, Gemma-3-1B, is the one exception. It produces a posi-
tive difference of 0.083, near the across-model median, yet produces the lowest absolute
scores of any model across all approaches and judges, for example a CoT Summa-
rizationMetric F1 of 0.558 and a Std. Abstractive SummarizationMetric F1 of 0.701
(Table 5). Because Gemma-3-1B is the only model whose absolute scores consistently
lag, these findings suggest that limited model capacity may contribute more to the
lower performance than parameter count alone.

6.4 Compression

The faithfulness gains do not come at the expense of brevity. The mean word compres-
sion ratio of Iterative Schema is 0.345, approximately 35% of the source length, against
0.635 for Std. Abstractive and 0.665 for CoT Abstractive. On this validation set, the
structured representation is therefore both more compact and more faithful than the
summarization baselines. Figure 9 shows this result, with the schema cells clustering
in the upper-left region of the compression—faithfulness plane, where faithfulness is
high and length is low.
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6.5 Embedding-Based Faithfulness (MQAG)

The MQAG measures agree with the judge-based metrics. All four divergences
are negatively oriented (lower indicates higher consistency), and Iterative Schema
attains the lowest mean Hellinger distance (0.071) and total variation (0.145) of
any approach, against 0.166/0.302 for CoT and 0.101/0.196 for Std. Abstractive
(Table 5). KL divergence and counting disagreement, though on different scales, rank
the approaches identically, again placing Iterative Schema first. The single-model
ICL Schema point records the lowest divergences overall (0.069 Hellinger, 0.199 KL),
consistent with schema-based representations preserving answer-distribution agree-
ment with the source note better than free-text summarization. Within the schema
paradigm, ICL Schema’s edge suggests a single in-context exemplar already recovers
most of the distributional consistency, so iterative refinement contributes mainly to
the judge-based F1 gains.

Moreover, SelfCheckBERTScore shows the schema with higher mean unit-level
inconsistency than the summarization baselines (0.858 vs 0.589/0.613). As discussed
in Section 5.2, this similarity is computed against source sentences and so penalises
telegraphic field statements. We therefore interpret BERTScore only within paradigms
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Fig. 8 Per-model advantage of Iterative Schema over the stronger of the two summarization base-
lines, measured as the difference in SummarizationMetric F1. All deltas are positive across 8 paired
models.

(across models or summarization strategies) and use MQAG for the schema-versus-
summary comparison.

6.6 Agreement Between Judges and Reference-Based Metrics

Table 6 reports Spearman rank correlations (rs) between the three judge-based F1
scores and the two main MQAG divergences, computed across all approach—model
cells. The three F1 scores are positively correlated with each other (r, € [0.42,0.72]),
and negatively correlated with the MQAG divergences (rs € [—0.82,—0.53]), as
expected given that MQAG is negatively oriented. The strongest among-judge corre-
lations are SummarizationMetric F1 with G-Eval F1 (r, = 0.72) and Summarization-
Metric F1 with MQAG Hellinger (rs = —0.82); the weakest is SummarizationMetric
F1 with DAGMetric F1 (r, = 0.42), which is consistent with the DAG metric’s
discrete decision-node structure producing more coarse-grained scores than the con-
tinuous rubric and QA-based metrics. The two MQAG divergences are near-perfectly
correlated (rg = 0.99), as expected for two normalised distances over the same answer
distributions. Together these correlations indicate the schema advantage is not an arte-
fact of one judging mechanism, since four metrics with four different computational
structures agree on its direction.

7 Discussion

The observed improvements are consistent with a representation-centric refinement
strategy in which the schema, rather than the generated output, is the object of opti-
mization. Unlike summarization methods that optimize each output independently,
the proposed framework iteratively refines a shared schema that guides all subsequent
extractions, so improvements accumulate throughout refinement and propagate to all
subsequent extractions. The feedback-refinement architecture grounds these updates
in structured feedback derived directly from the source notes, reducing reliance on
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Table 6 Spearman rank correlation (rs) between metrics across all approaches and models.
MQAG divergences are negatively oriented, so their correlations with the F1 scores are expected to
be negative. Strong agreement across mechanisms (question-answering, rubric, decision tree, and
distributional) supports the robustness of the headline result.

Summ. F1 G-Eval F1 DAG F1 MQAG Dy MQAG Dk,

Summarization F1 0.72 0.42 —0.82 —0.78
G-Eval F1 0.72 — 0.62 —0.61 —0.53
DAGMetric F1 0.42 0.62 — —0.57 —0.55
MQAG Dy —0.82 —0.61 —0.57 — 0.99
MQAG Dk, —0.78 —0.53 —0.55 0.99 —

Values are Spearman rank correlation coefficients (r5). Du: Hellinger distance; Dkr.: KL divergence.
MQAG divergences are negatively oriented, so negative correlations with the F1 scores are expected.

unguided self-correction. This design aligns with evidence that intrinsic self-correction
is unreliable without external grounding [31, 32] and with the role-separation strategy
used in Reflexion and related agentic frameworks [33].

The gains can be attributed to complementary changes in precision and recall.
Across the abstractive baselines, Iterative Schema maintains comparable precision
while improving recall (Figure 7), indicating that faithfulness improves through
reduced omission rather than increased hallucination. This behavior reflects a prop-
erty of structured representations: a schema explicitly defines the information fields
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to be populated, encouraging systematic coverage, whereas free-text summarization
balances completeness against fluency and brevity and thereby increases the risk of
omission. The baseline comparisons further clarify this behavior. The extractive base-
line attains the highest precision (Figure 7) by copying source text but records the
lowest recall, showing that avoiding hallucination alone is insufficient when clinically
relevant information is omitted; the non-iterative ICL baseline (Figure 5) suggests
that much of the benefit already arises from the structured representation itself, with
iterative refinement contributing further gains in faithfulness. Prior work similarly
identifies omission as a persistent limitation of clinical summarization, even when out-
puts are fluent and factually plausible [34, 62], and existing methods address it mainly
through faithfulness-aware decoding or post-generation correction [36, 38]; our results
suggest that refining the representation itself offers an alternative, reducing omission
during extraction rather than correcting it afterwards.

Comparisons across the evaluated baselines provide further insight into where the
observed gains originate and indicate that these gains are not incidental. First, they
are consistent across model scales, suggesting that the refinement strategy contributes
more than model size. Mid-sized models in the 4B—-9B range perform comparably to
larger models, consistent with prior findings that appropriately adapted smaller models
can match stronger systems on clinical tasks [15]. Second, the advantage holds across
evaluation metrics with different mechanisms, so it is unlikely to be an artefact of any
single scoring method, although the judges are not statistically independent (§5.2.4).

Beyond clinical documentation, these results point to the value of optimizing
the representation itself rather than only the generated outputs. From a knowledge-
engineering perspective, the representation is an important optimization target
alongside model architecture and prompting strategy: iteratively improving a shared
schema allows refinements to transfer to all future extractions, yielding a reusable rep-
resentation that is largely independent of the underlying foundation model. Because
the induced schema is an explicitly typed, machine-readable structure, the approach
applies to other text-to-structure tasks, such as knowledge-graph construction and
ontology population, where faithful conversion of unstructured text is required [63]. In
the clinical domain specifically, more faithful structured representations may reduce
omission errors that propagate into downstream decision-support systems and other
secondary uses of clinical data, and the resulting outputs are naturally compatible
with interoperability standards and common data models.

Several limitations should be considered when interpreting these findings. All
three judge-based metrics relied on a single evaluation model (gpt-5-mini), which
ensured a consistent evaluator across approaches while varying the scoring mechanism
through question-answering, rubric-based, and decision-tree frameworks; nonetheless,
LLM judges may exhibit systematic preference for structured or model-generated
text [39, 42], and although agreement across metrics mitigates this risk, validation
with mechanistically distinct evaluators and human experts remains necessary. The
evaluation was also reference-free, measuring faithfulness against source clinical notes
rather than clinician-authored references, which reflects real-world constraints but may
encode a particular interpretation of clinical relevance. In addition, experiments were
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conducted on a single corpus of English transcribed clinical notes, which may not cap-
ture the structural variability, abbreviation density, and documentation practices of
native EHR data or of other domains, limiting generalizability; evaluating the frame-
work on additional corpora, including non-clinical text, is an important direction for
future work. Hardware constraints further introduced a selection bias by excluding
very short and very long notes, restricting evaluation to moderate-length documents,
which motivates future work on processing arbitrarily long notes without exclusion,
for example through hierarchical strategies that structure each section independently
before combining them into a note-level output [24]. Finally, although the framework
substantially reduces hallucination, it does not eliminate it, and clinical deployment
should therefore include appropriate oversight. Future work should incorporate field-
level uncertainty estimation and provenance tracking to source sentences [64], enabling
more reliable interpretation and verification of extracted clinical information.

8 Conclusion

This work reframes structured documentation as a problem of adaptive schema
induction rather than instance generation from a fixed template or document summa-
rization, demonstrating that refining the schema is an effective alternative to refining
generated text. By making the representation the target of optimization, the proposed
framework produces structured documents that are more faithful and more compact
than free-text summarization, a result that holds across 8 open-weight models and sev-
eral evaluation metrics with different underlying mechanisms. The framework attains
precision equal to or better than the strongest summarization baseline while recovering
more of the source content, so it reduces omission without admitting more hallucina-
tion. As the schema evolves independently of any single model and requires neither
labeled data nor task-specific fine-tuning, the approach provides a scalable and model-
agnostic route to faithful structured representation. Although demonstrated on clinical
notes as a high-stakes, high-heterogeneity testbed, the method is domain-general, and
its induced machine-readable schemas are directly applicable to other text-to-structure
tasks. Overall, the results indicate that the principal leverage in structured extraction
lies less in iterative prompting, output refinement, or free-text summarization, and
more in treating the schema itself as the object of faithful representation.

9 Data Availability

The data used in this research are derived from the publicly available MTSamples
dataset. Details of the data sources, preprocessing steps, and experimental settings
are provided in the manuscript. To ensure reproducibility, the code and datasets are
publicly available at: https://github.com/Eslam21 /Tterative-Feedback-Refinement.
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