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Abstract
We describe two system submissions to Task 4
of the SMM4H-HeaRD 2026 Shared Task
on automated SOAP note generation from
doctor–patient dialogues. Our first submis-
sion is a standalone entity-conditioned gen-
eration model: Mistral-7B-Instruct-v0.1 fine-
tuned with QLoRA on 8,529 MedSynth train-
ing dialogues, where both training and infer-
ence prompts include clinical entities extracted
and grouped by SOAP section. Our second
submission is a four-stage modular pipeline
that additionally incorporates a hybrid retrieval
stage and a rule-based verification stage. The
key finding of this work is that incorporating
structured clinical domain knowledge, in the
form of NER entities grouped by SOAP sec-
tion, directly into the generation prompt pro-
duces consistent and reliable improvements
over dialogue-only generation. Our four-stage
pipeline submission achieved an average score
of 0.54 on the official test set, ranking first on
the shared task leaderboard.

1 Introduction

Physicians spend between 52 and 102 minutes per
day writing clinical notes (Sinsky et al., 2016), a
burden that contributes to burnout and reduces time
available for patient care. The SOAP note format—
Subjective, Objective, Assessment, Plan—is the
dominant structured documentation standard in pri-
mary care (Podder et al., 2023). Automating its
generation from doctor–patient dialogues is the
objective of SMM4H-HeaRD 2026 Task 4 (Orga-
nizers, 2026).

Prior work on clinical note generation includes
SOAP note summarisation (Krishna et al., 2021),
clinical note benchmarks (Yim et al., 2023; Abacha
et al., 2023), and retrieval-augmented genera-
tion (Lewis et al., 2020). Domain-specific fine-
tuning with retrieval (RAFT) (Zhang et al., 2024),
combined with parameter-efficient adaptation via
LoRA (Hu et al., 2022) and QLoRA (Dettmers

et al., 2023), enables training clinical generation
models at practical compute cost.

Progress on this task has been constrained by
data scarcity. MedSynth (Mianroodi et al., 2025),
released in 2025, provides 10,035 fully synthetic,
privacy-compliant dialogue-note pairs spanning
2,001 ICD-10 codes, making it the largest open
structured dialogue-to-SOAP-note dataset avail-
able.

We developed two system configurations for
this task. The central design principle underly-
ing both is training–inference prompt alignment:
any information included in the inference prompt
must also be present in the training prompt, or the
fine-tuned model will degrade. The key contri-
bution is entity-conditioned generation, in which
structured clinical entities extracted from the di-
alogue are included in both training and infer-
ence prompts, producing the largest performance
gain in our study. Source code is available at
https://github.com/thanya8/dial2note.

2 Task and Data

Task 4 of SMM4H-HeaRD 2026 requires gen-
erating a structured SOAP note from a tran-
scribed doctor–patient dialogue. The task uses the
MedSynth dataset (Mianroodi et al., 2025), split
by the shared task organisers into 8,529 training,
1,506 validation, and 368 test dialogues. The 368-
example test set is a separate synthetic set gener-
ated using the same MedSynth pipeline but pro-
vided exclusively by the SMM4H 2026 Task 4 or-
ganisers for blind evaluation and not included in
the public MedSynth release. Across all splits the
total is 10,403 examples.

3 System Description

Both submissions share the same fine-tuned gener-
ation model (Stage 3) but differ in which pipeline
stages are active.
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The standalone entity-conditioned submission
uses two stages: Stage 1 (Clinical Entity Extractor),
which extracts and groups clinical entities from
the input dialogue by SOAP section, and Stage 3
(SOAP Writer), which generates the note condi-
tioned on those entities and the dialogue.

The four-stage pipeline submission uses all four
stages: Stage 1 (Clinical Entity Extractor), Stage 2
(Hybrid Retriever), which retrieves the most similar
training case, Stage 3 (SOAP Writer), which gener-
ates the note conditioned on entities, the retrieved
note, and the dialogue, and Stage 4 (Rule-Based
Verifier), which validates and corrects the output.
We describe each stage in order below.

3.1 Stage 1: Clinical Entity Extractor

Stage 1 extracts clinical entities from the input dia-
logue using Mistral-7B-Instruct-v0.3 (Jiang et al.,
2023) in zero-shot mode via structured prompting.
We chose v0.3 for this stage because its improved
instruction-following produces more reliable JSON
output than v0.1 for constrained structured genera-
tion tasks.

The extraction prompt defines 10 entity types:
chief complaint, symptom, diagnosis, medication,
drug detail, test or lab order, vital sign, physical
exam finding, referral, and follow-up instruction.
The model is required to output a raw JSON array
with no explanation or markdown. Post-processing
validates labels, removes spans longer than seven
words, and deduplicates. Extracted entities are
then grouped into four SOAP-aligned categories:
Subjective (chief complaint, symptom), Objective
(vital sign, physical exam finding, test or lab or-
der), Assessment (diagnosis), and Plan (medication,
drug detail, referral, follow-up instruction).

Zero-shot prompt template The prompt in-
structs the model to return a raw JSON array with
no markdown, defines 10 entity types with exact
label strings (chief complaint, symptom, diagno-
sis, medication, drug detail, test or lab order, vital
sign, physical exam finding, referral, follow-up
instruction), and requires each entity to include
text, label, and confidence score fields. The full
prompt is available in the source code repository.
Post-processing validates labels, normalises close
variants (e.g. follow-up → follow-up instruction),
removes spans longer than seven words, and dedu-
plicates by exact match and substring containment.
Inference used vLLM, temperature 0.1, top-p 0.95.

On the 1,506 validation dialogues, Stage 1 pro-

duces an average of 18.83 entities per dialogue.

3.2 Stage 2: Hybrid Retriever

Stage 2 is active only in the four-stage pipeline
submission. It retrieves the single most similar
training dialogue-note pair using a hybrid of BM25
sparse retrieval (Robertson et al., 1995) and FAISS-
indexed dense retrieval (Johnson et al., 2021) with
all-MiniLM-L6-v2 sentence embeddings (Reimers
and Gurevych, 2019). Ranked lists from both
retrievers are fused using Reciprocal Rank Fu-
sion (Cormack et al., 2009).

The retrieved SOAP note is included in the
Stage 3 training prompt, ensuring that training
and inference formats are identical (Combined
NER+RAFT configuration). If the top retrieval re-
sult falls below a relevance threshold, the retriever
returns nothing and Stage 3 generates from entities
and dialogue alone.

3.3 Stage 3: SOAP Writer

Stage 3 is the core generation component
shared by both submissions. It is Mistral-7B-
Instruct-v0.1 (Jiang et al., 2023) fine-tuned with
QLoRA (Dettmers et al., 2023) using Low-Rank
Adaptation (LoRA) (Hu et al., 2022) rank 16, α 16,
targeting all seven projection modules (q, k, v, o,
gate, up, down). Rank r = 16 was selected follow-
ing Hu et al. (2022) and Dettmers et al. (2023), in-
troducing ≈13.6M trainable parameters (0.19% of
7B) — sufficient for this dataset size; higher-epoch
runs overfitted (Table 1). Training used learning
rate 2×10−4 with linear decay, AdamW 8-bit op-
timiser, effective batch size 8, and 1 epoch. We
used Unsloth (Han et al., 2023) for training and
vLLM (Kwon et al., 2023) for batch inference.

Entity conditioning as domain knowledge In-
corporating structured clinical entities into the gen-
eration prompt proved to be the most effective de-
sign decision in this work. By grouping extracted
entities according to SOAP section—Subjective,
Objective, Assessment, and Plan—the prompt pro-
vides the model with explicit, section-aware clini-
cal knowledge derived directly from the dialogue.
This allows the model to ground its generation in
discrete clinical facts rather than relying solely on
implicit reasoning over the raw conversational text,
producing the largest and most consistent perfor-
mance improvement across all configurations eval-
uated.
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Training prompt format For the standalone
entity-conditioned submission, the training prompt
contains extracted entities grouped by SOAP sec-
tion and the input dialogue. For the four-stage
pipeline submission (Combined NER+RAFT),
the prompt additionally contains the retrieved
SOAP note, following Retrieval-Augmented Fine-
Tuning (Zhang et al., 2024). Both configurations
use the identical format at inference, ensuring no
training–inference mismatch.

3.4 Stage 4: Rule-Based Verifier
Stage 4 is active only in the four-stage pipeline sub-
mission. It applies rule-based quality checks across
five dimensions: faithfulness (numeric values in the
note grounded in the dialogue), negation (denied
symptoms not reported as positive), completeness
(priority NER entities present in the note), struc-
tural consistency (all four SOAP headers present),
and output appropriateness (minimum length, no
artefacts). Notes failing a dimension receive tar-
geted corrections. Stage 4 requires no additional
model inference calls.

4 Results

Performance is evaluated using five automatic met-
rics computed by the official SMM4H 2026 Task 4
evaluation script (Organizers, 2026): BLEU (Pa-
pineni et al., 2002), which measures n-gram pre-
cision between the generated and reference note;
ROUGE-1, ROUGE-2, and ROUGE-L (Lin, 2004),
which measure unigram, bigram, and longest-
common-subsequence recall respectively; and ME-
TEOR (Banerjee and Lavie, 2005), which incor-
porates stemming and synonym matching. The
official test set additionally reports ROUGE-Lsum.
The leaderboard ranks submissions by average
score across all five primary metrics.

4.1 Validation Set
Table 1 reports validation set performance for both
configurations against published MedSynth base-
lines (Mianroodi et al., 2025).

The entity-conditioned model achieves 0.5464
BLEU on the validation set, exceeding the pub-
lished Mistral-7B-v0.3 baseline of 0.5346. The
four-stage pipeline achieves 0.5423 BLEU. Both
configurations exceed all three published baselines.

4.2 Test Set and Leaderboard Ranking
Table 2 reports official test set results for both
submissions. The full leaderboard is pub-

Table 1: Validation set results (1,506 samples).
† = MedSynth published baselines. MTR = METEOR.

System BLEU R-1 R-2 R-L MTR

GPT-4o zero-shot† 0.2616 0.6525 0.3953 0.4818 0.4754
LLaMA-3-8B† 0.5206 0.7341 0.5020 0.5740 0.6487
Mistral-7B-v0.3† 0.5346 0.7441 0.5150 0.5885 0.6589

NER-conditioned 0.5464 0.7454 0.5219 0.5951 0.6645
4-stage pipeline 0.5423 0.7454 0.5246 0.5983 0.6633

Table 2: Official test set results (368 samples) and
leaderboard aggregate statistics. R-Ls = ROUGE-Lsum.
MTR = METEOR.

Submission Avg BLEU R-1 R-2 R-L R-Ls MTR

NER-conditioned 0.54 0.4415 0.6897 0.4328 0.5139 0.6651 0.6110
4-stage pipeline 0.54 0.4427 0.6866 0.4298 0.5118 0.6614 0.6103

Leaderboard aggregate (all submissions)
Mean 0.47 0.37 0.62 0.36 0.44 — 0.55
Median 0.49 0.39 0.65 0.39 0.47 — 0.57

licly available at https://www.codabench.org/
competitions/14194/#/results-tab.

Table 3 shows the leaderboard ranking of our
submissions relative to all other participants.

Both submissions achieved an average score of
0.54, ranking first (Table 3). The validation-to-
test gap of ≈0.10 BLEU reflects distribution shift
between the synthetic training data and the inde-
pendently generated test set.

5 Error Analysis

We compared generated notes from the entity-
conditioned model against source dialogues from
the test set. The model performs well when clini-
cal entities are explicitly stated: chief complaints,
symptom durations, medication names, and explicit
negations (e.g. “denies fever”) are generally pre-
served. Multi-turn information is aggregated coher-
ently into the History of Present Illness.

Three systematic failure modes were identified.
First, the model sometimes misses secondary symp-
toms mentioned later in the dialogue while cap-
turing the primary complaint. Second, temporal
progression is occasionally lost: “mild for three
months, sharply worsened last week” is some-
times compressed to “symptoms present for three
months.” Third, the model occasionally introduces
assessments not directly grounded in the dialogue,
suggesting that the generation model relies on
learned co-occurrence patterns in addition to the
explicit dialogue content.
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Table 3: SMM4H-HeaRD 2026 Task 4 leaderboard. Our
submission (dy_nu) is shown in bold. Avg = mean of
BLEU, ROUGE-1, ROUGE-2, ROUGE-L, and ME-
TEOR.

Rank Team Avg

1 dy_nu (ours) 0.54
2 hsiaoeric 0.53
3 bogdansmm4h 0.51
4 NoviceTrio 0.49
5 aatishp 0.48
6 kikihh 0.44
7 hlshao 0.28

6 Conclusion

We presented two system configurations for
SMM4H-HeaRD 2026 Task 4. Both share an entity-
conditioned QLoRA fine-tuned generation model
in which clinical entities extracted from the dia-
logue are grouped by SOAP section and included
in both training and inference prompts, eliminat-
ing the training–inference format mismatch. The
four-stage pipeline additionally incorporates hybrid
retrieval and rule-based verification. Our four-stage
submission ranked first on the shared task leader-
board with an average score of 0.54. The central
finding is that entity-conditioned generation, in-
cluding NER entities grouped by SOAP section in
both training and inference prompts, produced the
best results in this study, outperforming dialogue-
only generation and all published baselines. Addi-
tionally, limitations include evaluation on fully syn-
thetic data, reliance on lexical-overlap metrics that
correlate imperfectly with clinical quality (Mora-
marco et al., 2022), and absence of human clinical
evaluation. Therefore, future work would benefit
from richer entity supervision, including fine-tuned
extractors and ontology-grounded normalisation.
It would also benefit from robust evaluation meth-
ods, such as claim-level faithfulness verification
and human-in-the-loop evaluation.
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