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Abstract

Long-context audio reasoning is underserved in both train-
ing data and evaluation. Existing benchmarks target short-
context tasks, and the open-ended generation tasks most rel-
evant to long-context reasoning pose well-known challenges
for automatic evaluation. We propose a synthetic data gen-
eration pipeline designed to serve both as a training resource
and as a controlled evaluation environment, and instantiate it
for first-visit doctor-patient conversations with SOAP note gen-
eration as the task. The pipeline has three stages—persona-
driven dialogue generation, multi-speaker audio synthesis with
overlap/pause modeling, room acoustics, and sound events, and
LLM-based reference SOAP note production—built entirely on
open-weight models. We release 8,800 synthetic conversations
with 1.3k hours of corresponding audio and reference notes.
Evaluating current open-weight systems, we find that cascaded
approaches still substantially outperform end-to-end models.
Index Terms: end-to-end spoken language understanding,
long-form audio, multi-speaker environment

1. Introduction

Toward the broader goal of human-level audio understanding,
recent large audio language models (LALMs) [1, 2, 3, 4] have
demonstrated impressive progress on benchmarks for audio pro-
cessing and comprehension [5, 6, 7, 8]. However, these bench-
marks focus predominantly on short-context tasks. Our under-
standing of LALM performance on long-context audio reason-
ing (> 5 minutes) remains limited, in part because LALMs
capable of accepting long-context input only emerged in mid-
2025, and in part because constructing meaningful benchmarks
for such tasks is difficult.

Beyond data scarcity, evaluation itself is a bottleneck. Au-
tomatically constructed benchmarks risk covering only a nar-
row slice of audio understanding, and the tasks most relevant
to long-context reasoning — such as summarization and note-
taking — require open-ended generation, where multiple valid
outputs exist for any given source, surface overlap metrics cor-
relate weakly with human quality judgments [9], and fluent
outputs can hallucinate content not present in the source [10].
Rather than contributing another benchmark, we propose a syn-
thetic data generation pipeline that can serve both as a source
of training signal (via supervised fine-tuning or reinforcement
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learning with verifiable rewards) and as a controlled evaluation
environment.

‘We make the following contributions:

e A full synthetic pipeline—persona-based dialogue genera-
tion, audio synthesis featuring audio synthesis featuring over-
lap/pause modeling, sound event insertion, and room acoustic
simulation and reference SOAP note production—built en-
tirely with open-weight, permissively licensed models and
developed in consultation with medical doctors.

e A dataset of 8,800 synthetic doctor-patient conversations
with corresponding audio recordings and reference SOAP
notes.

* An evaluation of current open-weight cascaded and end-to-
end systems on the audio-to-SOAP-note task, finding that
cascaded systems substantially outperform end-to-end ap-
proaches, with the cascaded pipeline achieving near-ceiling
ASR performance.

We will release all data and code to support future work on long-
context audio training and real-world validation.

2. Related Work

Recent advances have dramatically expanded the context win-
dows of Large Audio Language Models (LALMs). While early
attempts at end-to-end (E2E) speech summarization struggled
with the quadratic memory complexity of processing long au-
dio sequences [11], current systems can ingest continuous au-
dio ranging from 40 minutes to over eight hours [1, 2]. How-
ever, the capacity to process long-form audio does not equate
to the ability to reason over it. Recent evaluations, includ-
ing MMAU-Pro [8] and BLAB [6], reveal severe degradation
on long-sequence multi-hop reasoning, a “modality reasoning
gap” [12] that manifests as representational drift and “lexical
dominance” [7] when processing speech compared to text. E2E
architectures still significantly trail cascaded ASR-to-text sys-
tems on complex open-ended generation tasks [13], a gap our
dataset is designed to probe.

Automating clinical documentation, such as SOAP note
generation, is a historically challenging task traditionally ad-
dressed through cascaded ASR-to-text systems. The primary
bottleneck for advancing end-to-end multi-modal models in this
domain is the severe scarcity of conversational data. While pro-



prietary systems have leveraged thousands of hours of real clin-
ical audio [14, 15], strict privacy regulations like HIPAA pre-
vent the distribution of these datasets to the open-source com-
munity [16, 17]. Consequently, public benchmarks have been
heavily restricted to small-scale datasets like PriMock57 [18],
which contains only 57 brief, actor-performed consultations that
lack the organic complexity of genuine encounters, while ACI-
Bench [19] provides 187 encounters in text form but no audio.

To circumvent these privacy barriers, recent research has
successfully turned to Large Language Models (LLMs) to gen-
erate synthetic medical text. Multi-agent frameworks like
NoteChat [17] and single-prompt LLM simulators [16] have
demonstrated that models can produce highly realistic, medi-
cally accurate text transcripts of patient-physician interactions.
However, these approaches remain strictly text-bound, failing
to address the acoustic realities of medical settings, e.g., multi-
speaker overlap, far-field microphone reverberation, and envi-
ronmental noise [15]. Our pipeline extends these text-only ap-
proaches to full multi-speaker audio synthesis, advancing be-
yond earlier work combining LLMs and TTS for conversational
ASR [20] by integrating persona-conditioned voices and acous-
tic simulation to cross the significant “sim2real” gap of the clini-
cal domain. Given the inadequacy of surface metrics for clinical
summarization [9], our evaluation adopts an LLM-as-a-judge
framework [21, 22].

3. Transcript and Audio Generation

We now describe the three stages of our data generation
pipeline, each targeting a specific gap identified above: (1) per-
sona and context sampling, (2) persona-conditioned text dia-
logue generation, and (3) audio synthesis with acoustic simula-
tion. Throughout, we use Gemma3-27B-IT [23] as the LLM,
selected for its performance in early dialogue generation tests,
and SDialog [24] for pipeline orchestration.

3.1. Sampling Personas

Directly prompting an LLM to generate a first-visit conversa-
tion results in low diversity: out of 2,800 dialogues, we found
only three unique doctor-patient pairs, with most sharing the
same reason for visit and interpersonal dynamics. To increase
diversity, we sample structured personas — lists of discrete at-
tributes — for the doctor and patient before generation. We se-
lected attributes that are few enough for the LLM to follow reli-
ably, impactful enough to alter register or clinical content, min-
imally conflicting, and samplable from external demographic
distributions to avoid internal LLM bias.

Both the doctor and patient share the following attributes:
name, age, height, weight, race, gender, forgetfulness, formal-
ity, hurriedness, and marital status. The patient has: fluency in
English, occupation, insurance, and reason for visit. The doctor
has years of experience. All attributes are sampled uniformly
from predefined lists, using publicly available sources, except
the reason for visit, which comprises 724 chief complaints com-
piled by a co-author with clinical expertise using an expert elic-
itation technique to collect a unique list of chief complaints
across an entire healthcare system. These complaints cover typ-
ical and atypical primary care presentations that are clinical or
administrative in nature (e.g., “hand swelling,” “unexplained
bruises on legs”, “medical clearance”), contain no personally
identifiable information, and will be released with the code.

Table 1: Dialogue statistics comparing our generated synthetic
conversations against baseline and reference datasets.

Doctor Patient Num
Dataset Turns
Turn Fog Turn Fog
Length Index Length  Index
Ours 49.94+16.0 104 56.0+15.2 6.9 284475

PriMock57 18.8+4.7 6.6 123+5.8 5.5 97.3+£17.7

Mocks 296+6.3 70 13.64+3.1 7.0 54 + 6.2
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Figure 1: Overview of the audio generation pipeline, integrating
Text-To-Speech, sound event generation, temporal scene com-
position, and environmental acoustic simulation.

3.2. Personas — Text Dialogue

We experimented with a direct generation approach, where the
generator LLM receives both the doctor and patient personas as
input and generates the entire dialogue in a single shot. We
found that doing so led to unrealistically smooth dialogues,
where the doctor quickly identified and handled the patient’s
reason for visit. We thus opted for a multi-turn generation ap-
proach, where the generator LLM produces a single turn of dia-
logue at a time for the doctor (resp. patient), and receives the di-
alogue history so far as well as the doctor’s (resp. patient’s) per-
sona. On a subset of 2,800 dialogues, the multi-turn approach
increased Claude Sonnet 4' ratings of interpersonal challenge
(1-5 scale) from 2.01 (CIL: 1.98-2.04) to 2.50 (CI: 2.46-2.54).
Persona adherence ratings likewise increased, from 3.10 (CI:
3.07-3.13) to 3.30 (CI: 3.26-3.34) (doctor) and from 3.60 (CI:
3.58-3.62) to 3.90 (CI: 3.88-3.92) (patient). We hypothesize
this is because the generator LLM can focus on the active role
more specifically. Multiple rounds of physician feedback were
collected on the text dialogue generation, leading to iterative
refinement of the personas and prompts.

As Table 1 shows, our generated doctors exhibit higher lan-
guage complexity (fog index 10.4 vs. 6.6—7.0) and longer turns
than either reference set, likely because Gemma 3 was trained
primarily on written text. PriMock57’s telehealth setting fur-
ther explains its higher turn count and shorter turn length rel-
ative to our in-person Mocks.> We used direct prompting to
encourage conversational style, emphasizing the in-person spo-
ken setting, which had a moderate effect and is used in the final
system. Few-shot examples from Mocks were also tested, but
they caused personality and topic leakage without meaningfully
reducing complexity and were therefore excluded.

!dev evaluation only; not in the final pipeline
2Three mock clinical encounter recordings (actor + real physician,
realistic setting).



3.3. Text Dialogue — Conversation Audio

Using the generated personas (200 patients, 100 doctors), we
synthesized 8,800 unique dialogues using a cross-product. The
language models were prompted to incorporate natural conver-
sational artifacts, such as colloquial speech patterns and im-
plicit acoustic triggers (e.g., notations for door knocks or pa-
per rustling). This design introduces a distinct “cross-register”
modeling challenge: effectively mapping informal, sponta-
neous, and acoustically noisy spoken dialogue into formal,
structured clinical documentation.

3.3.1. Persona-Conditioned Voice Synthesis

Translating these text dialogues into realistic audio requires
a rigorous alignment of acoustic properties with the under-
lying linguistic personas. For each of the 300 unique per-
sonas, we perform conditioned voice cloning using the Lib-
fiTTS dataset [25]° samples of 30s which have been normalized
with peak normalization (—1.0 to 1.0). This alignment utilizes
gender, which is known in the dataset, to match dialogue per-
sonas. For age, an initial attempt was made to estimate speaker
age ranges using the Qwen-3-Omni model [1]; however, a lis-
tening test revealed that the estimated ages were often inaccu-
rate, particularly for elderly voices. Consequently, the initial
random age assignment was retained. To maintain consistency
and preserve the integrity of the training, development, and test
subsets, this voice-to-persona matching is performed once and
fixed for all experiments. Crucially, we ensure that the speak-
ers designated for training, development, and testing are strictly
disjoint.

3.3.2. TTS Engine Selection and Subjective Assessment

To establish a high-fidelity baseline, we considered nine TTS
configurations (including Chatterbox, Kokoro, Qwen3, XTTS,
and IndexTTS) using LibriTTS profiles. X7TTS was excluded due
to licensing restrictions. Qwen3-TTS-1.7B was selected for its
balance of linguistic accuracy, expressiveness, and permissive
licensing. The selected engine achieves a dry WER of < 2%
against the source text; to ensure consistent scoring, we utilize
Whisper text normalization* preceded by a custom ASCII nor-
malization step (e.g., standardizing curly quotes) on both the
textual utterance ground truths and the hypotheses.

3.3.3. Acoustic Simulation and Flow Enrichment

Real-world clinical encounters occur in complex acoustic envi-
ronments; we enrich the TTS output through six pipeline stages
(Fig. 1): voice reference matching, neural speech synthesis,
overlap & pause insertion, sound event insertion, scene time-
line composition using the dialogue variant® of scaper [26], and
acoustic ray-tracing simulation with PyRoomacoustics [27].
The TTS output is convolved with a Room Impulse Re-
sponse (RIR) representative of a typical Sm? examination room,
followed by the addition of clinical background noise (e.g.,
HVAC hum). Subsequently, 66 discrete sound event classes,
including typing, paper rustling, and door knocks, are super-
imposed at predicted temporal offsets. These offsets are deter-
mined via Qwen3 forced alignment [28] based on acoustic trig-
gers within the dialogue’s stage directions, which are mapped

3Modified version available on HuggingFace upon publication.

4github.com/openai/whisper/blob/main/whisper/
normalizers
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to audio event classes using Gemma 3. Finally, conversational
dynamics, including natural overlaps and pauses, are computa-
tionally injected using Gemma 3 to mimic genuine turn-taking
behavior.

3.3.4. Signal Augmentation

To emulate realistic deployment constraints and acoustic condi-
tions, we apply a comprehensive signal augmentation pipeline.
We use the Opus codec at 16 kbps, yielding a compression ratio
of approximately 14:1 and introducing realistic artifacts typical
of real-world recordings. To enhance the perception of depth
and compensate for the ray-tracing approach’s limitations on
the low end of the spectrum, the patient’s audio amplitude is
scaled down by a factor of 4 relative to the doctor’s. Evalua-
tion of the UTMOS metric [29, 30] indicates that our generative
framework achieves a score of 1.27, demonstrating a negligible
performance gap when compared to our in-person Mocks base-
line (1.28) and the DISPLACE-M [31] challenge reference data
(1.29). These results indicate that our synthetic output closely
approximates the perceptual fidelity of authentic recordings.

3.4. Summary of Dataset

The Synth-DoPaCo® (Synthetic Doctor Patient Conversations)
dataset comprises 8,800 synthetic doctor-patient dialogues to-
taling 1,329 hours of audio. Each dialogue contains on average
28 turns (~14 per speaker), 1,500 words, and is augmented with
approximately 37 non-speech audio events (e.g., coughs, back-
ground sounds) to simulate realistic clinical encounters. Dia-
logues average 9 minutes in length (range: 2-47 min). The
dataset is split into train, test, and development sets, as summa-
rized in Table 2.

Table 2: Synth-DoPaCo dataset statistics.

Train Dev Test Total

Personas (Doc/Pat) 60/120  20/20  20/60  100/200
Dialogues 7,200 400 1,200 8,800
Hours 1,087 59 183 1,329
Words in dialogues 109M 582K 1.8M 13.3M
Turns/dialogue 28.4 28.7 28.0 28.4
Duration/dialogue (s) 544 530 548 544
Audio events/dialogue 37.7 36.7 36.5 37.5

Words per SOAP note 3283 325.1 3242 977.6

On the wet’ audio, Whisper Large V3 [32] achieves 2-3%
WER while Qwen3-ASR [28] shows 10-14%, confirming the
audio is intelligible yet acoustically challenging. The Qwen3-
ASR gap is primarily driven by increased substitution and dele-
tion rates, exacerbated by Opus compression.

TTS synthesis was performed on a single NVIDIA
A100 40GB GPU (approximately 2.5k GPU-hours); E2E or
cascaded SOAP note generation using Qwen3-32B [33] ran on
two NVIDIA A100 40 GB GPUs via Ollama (approximately
300 GPU-hours).

4. SOAP Note Generation and Evaluation

Using the speaker-attributed transcript produced by the
pipeline, we generate reference SOAP notes and evaluate all

6 Audio samples and example SOAP notes are provided as supple-
mentary material for review.
7<wet” final augmented audio, optionally Opus-compressed
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systems via two-stage processes, both using Kimi K2 Think-
ing [34]. (Kimi K2 inference was accessed via AWS Bedrock
and is not counted in GPU-hours.)

4.1. Reference SOAP Note Generation

We found that even large open-weight reasoning LLMs are
prone to hallucinations in long-context text summarization
tasks. In particular, (1) they tend to invent natural extensions
of what occurred in the dialogue, e.g., a more detailed physi-
cal exam or follow-up plan, and (2) they use medical terms that
are unsupported, e.g., describing a cold (which could be viral or
bacterial) as a “viral illness.” To mitigate these issues, we en-
force strict grounding in a fact-extraction stage that produces a
structured JSON fact table, in which each fact is linked to a sup-
porting quote and its turn index in the transcript. This fact table
serves as the sole input to the note generation, preventing access
to the transcript and limiting opportunities for hallucination. In
the generation phase, we allow terminology to be rewritten into
standard clinical language, but increasing clinical specificity or
introducing new clinical content beyond the extracted facts is
prohibited. A round of clinical feedback was integrated, includ-
ing strict separation of the history of present illness (HPI) and
review of systems (ROS), tighter integration of the assessment
and plan, and prevention of over-documentation by excluding
non-clinically relevant administrative content.

4.2. SOAP Note Evaluation with LL.M-as-a-Judge

We evaluate SOAP notes using a two-stage LLM-as-a-judge
pipeline [35]: atomic claims are first extracted from the note
into a structured JSON representation, then each claim is as-
signed a support label indicating whether it is grounded in the
transcript, with explicit evidence required for supported or con-
tradicted claims. We score SOAP notes along 12 dimensions.
Four dimensions are scored on a 1-5 scale (5 = best): Faith-
fulness (claim support and contradictions), Structure (SOAP
formatting and section placement), Coverage (completeness of
documentation relative to transcript evidence), and Concise-
ness (redundancy and low-value content). Six dimensions are
reported as counts: Over-medicalization (unjustified medical
interpretation), Under-medicalization (loss of explicitly stated
medical specificity), Over-specificity (adds unjustified speci-
ficity), Missed relevant facts (missing transcript-grounded key
facts), Critical omissions, and Duplicated content across sec-
tions. We additionally evaluate two rates: unsupported claim
rate and contradiction rate.

4.3. Comparison of Open-Weight LALMs

Using the generated conversation audio and SOAP notes, we
compare the quality of the reference notes (using the reference-
free LLM-as-a-judge pipeline) and the performance of current
open-weight LALMs and cascaded ASR and LLM systems
(Tab. 3, showing a subset of judge dimensions).

We compare these references to four baseline systems. Two
of these systems are cascaded, using Qwen3-ASR [28] or Whis-
per Large V3 to first process the audio into a transcript (which
lacks speaker attributions) and then provide that transcript as
input to Qwen3-32B-Thinking [33], with the instruction to gen-
erate a SOAP note. We compare these to Qwen3-Omni-Instruct
and Qwen3-Omni-Thinking [1], 32B parameter models that re-
ceive the audio conversation only and are instructed to produce
a SOAP note directly. Because Qwen3-Omni is the same size
and was constructed by combining Qwen3-ASR and Qwen3

during training, this comparison examines the gap between
multi-modal and text-only systems.

First, we analyze the quality of the reference notes. They
score highly using the reference-free LLM-as-a-judge and, in
particular, are highly faithful to the transcripts (with an average
faithfulness of 4.9/5). While coverage, structure, and concise-
ness are not perfect, they should act as a strong training and
evaluation signals for current LALMs. Second, we find a large
gap between end-to-end and cascaded Qwen3 systems across all
three judged outcomes. End-to-end approaches achieve near-
minimal faithfulness and coverage, and exhibit hallucination
rates near 0.99-1.00 (vs. 0.21-0.23 for cascaded systems and
0.01 for the reference notes), indicating a widespread inability
to process facts from the transcript.

Table 3: Comparison of different note generation methods. Met-
rics: (Faith)fulness, (Cov)erage, (Struct)ure, and (Conc)iseness

Architecture Faith. Cov. Struct. Conc.

-ASR+Thinking 3.1(x0.8) 4.0(20.8) 3.9(x1.0) 3.5(z0.8)
Qwen3 -Omni-Instruct 1.0z0) 1.3(x1.0) 4.5(0.7) 2.4(+0.8)
-Omni-Thinking 1.0(20) 1.5(x1.3) 4.4(20.8) 2.4(x0.8)

Whisper Large V3+
Qwen3-Thinking 3.2(x0.8) 4.2(x0.8) 4.0(x1.0) 3.6(x0.8)

Reference (Oracle

+ Kimi K2 Thinking) 4.9+03) 4.0(x1.0) 4.6(x0.8) 3.9(x0.8)

4.4. Reference-Grounded SOAP Note Evaluation

In addition to the reference-free LLM judge, we evaluate gener-
ated notes against the reference using standard ROUGE [36] F1
metrics (R-2, R-3, R-L) and an Open Medical Concept metric®
inspired by [38], which extracts medical concepts from both ref-
erence and hypothesis notes and computes F1 over their overlap
(Tab. 4). These metrics also show a large gap between cascaded
and end-to-end performance.

Table 4: SOAP note evaluation on dev set (F1 scores in percent).

Model R-2 R-3 R-L Open #Wrd

Whisper+Qwen3 11.8 421 226 29.0 258
Qwen3-ASR+Qwen3 11.0 3.85 21.8 28.0 257

Qwen3-Omni-Thinking 4.9 139 13.0 16.6 336
Qwen3-Omni-Instruct 5.6 1.79 143 189 354

Several limitations warrant consideration. First, the refer-
ence SOAP notes are LLM-generated rather than authored by
physicians, which may introduce systematic biases in both the
content and the evaluation signal. Second, all dialogues are in
English, two-speaker, primary-care first-visit encounters, limit-
ing generalizability to other languages, clinical specialties, or
multi-party settings. Third, the low WER achieved on wet au-
dio (<3% for Whisper) suggests that the acoustic simulation
may not fully replicate the difficulty of real clinical recordings,
and a direct sim-to-real comparison remains for future work.

5. Conclusion

We presented a fully synthetic pipeline—persona-conditioned
dialogue generation, multi-speaker audio synthesis, and ref-

8Medical concept F1: MeSH keyword matching + NER via
en_core_scimd (scispaCy [37]).



erence SOAP note production—built entirely on open-weight
models, yielding 8,800 conversations and 1,329 hours of audio.
Cascaded systems substantially outperform end-to-end models,
which exhibit hallucination rates around 60% versus 20% for
cascaded approaches. With Whisper Large V3 achieving 2-3%
WER on wet audio, ASR is near ceiling; the primary challenge
lies not in transcription but in reasoning over long, noisy conver-
sations to produce faithful clinical documentation. Future work
aims to close the gap between synthetic and real clinical audio
— through multi-party scenarios (e.g., nurse, caregiver), accent-
conditioned voices, and more natural conversational patterns —
and to extend the pipeline to other professional domains. All
data and code will be publicly released’.
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