
Proceedings of the BioNLP 2026 (Shared Tasks), pages 179–190
July 3-4, 2026 ©2026 Association for Computational Linguistics

LAMAR at MedExACT 2026: Agreement-Driven Large Language Model
Ensembles for Clinical Decision Extraction from Discharge Summaries

Monrada Chiewhawan*1,2, Keetawan Limaroon*3, Titipat Achakulvisut1,
1Department of Biomedical Engineering, Faculty of Engineering, Mahidol University,

Nakhon Pathom, Thailand,
2Faculty of Medicine Ramathibodi Hospital, Mahidol University, Bangkok, Thailand,

3Department of Computer Engineering, Faculty of Engineering,
King Mongkut’s University of Technology Thonburi, Bangkok, Thailand,

Correspondence: titipat.ach@mahidol.ac.th

Abstract

Clinical decision extraction from discharge
summaries detects contiguous text spans ex-
pressing medical decisions and assigns each to
predefined categories. In this paper, we propose
an ensemble approach using large language
models for clinical decision extraction from
discharge summaries in the MedDec dataset
with XML-like inline tag annotations. The en-
semble consists of Qwen3.5-4B models trained
under three different settings: (1) Dynamic
Fine-tuning (DFT) with LoRA on the original
training set, (2) DFT with LoRA then GRPO
reinforcement on the original training set, and
(3) DFT with LoRA on the original training set
augmented with pseudo-labels. We aggregated
predictions for each document by category us-
ing weights derived from inter-model agree-
ment. Agreement-driven ensembles further en-
hanced performance across all metrics, yielding
a 8.31% gain in Overall F1 over the baseline
and securing second place on the test leader-
board. Subgroup analysis further confirms
that performance remains consistent across de-
mographic groups, with no disproportionate
degradation on underrepresented populations.
We release our code at https://github.com/
biodatlab/medexact-lamar.

1 Introduction

Clinical decision extraction focuses on retrieving
relevant medical decisions from unstructured med-
ical texts. Ofstad et al. (2016) categorized clini-
cal decisions into ten categories, providing a stan-
dardized taxonomy for developing extraction tech-
niques and models.

MedExACT is a shared task focused on medi-
cal decision extraction from ICU discharge sum-
maries using the MedDec dataset (Elgaar et al.,
2026, 2024). MedDec contains 451 discharge sum-
maries from MIMIC-III (Johnson et al., 2016) an-
notated under the DICTUM guideline. However,

*Equal contribution.

its population skews White, male, and English-
speaking, making consistent performance across
demographic groups difficult to achieve.

Encoder-only transformer models are used as
baselines for this task. Their small context win-
dows and token-wise classification limit perfor-
mance, as they struggle to capture context across
documents. Despite RoBERTa (Liu et al., 2019)
being the strongest baseline with a Base Score of
0.5301 and Overall F1 of 0.5111, the relatively low
Span F1 (0.4363) indicates that accurate decision
boundary extraction remains a challenge. More-
over, zero-shot LLaMA-3-8B-Instruct (Grattafiori
et al., 2024) reported in MedDec showed limited
effectiveness, likely due to challenges in handling
long contexts and generating structured outputs.
These results suggest considerable room for im-
provement and highlight the difficulty of the task.

We propose an ensemble approach for clinical
decision extraction based on inline XML-like tag-
ging. The ensemble consists of models trained
under three complementary settings: (1) DFT with
LoRA on the original training set, (2) DFT with
LoRA then GRPO on the original training set, and
(3) DFT with LoRA on the original training set aug-
mented with pseudo-labels. Our system achieved
a Span F1 of 0.5257, a Token F1 of 0.6750, and a
Worst Group F1 of 0.5881, yielding an Overall F1

score of 0.5942 on the leaderboard.

2 Related Work

2.1 From Sequence Labeling to Generative
Extraction

Encoder models have long been the backbone of
named-entity recognition, with BERT (Devlin et al.,
2019) and its variants such as RoBERTa (Liu et al.,
2019), DeBERTa (He et al., 2021), and ALBERT
(Lan et al., 2020), setting strong baselines through
masked language modeling. However, these mod-
els share a fundamental limitation. For example,
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Figure 1: An overview of our system in training, testing, and pseudo-label generation. (Left) Training combines
direct fine-tuning (DFT) and Group Relative Policy Optimization (GRPO) on Qwen3.5-4B, augmented with entropy-
filtered pseudo-labels from unlabeled data. (Right) At test time, predictions from all three model variants are
aggregated via Span-Cluster Consensus.

BIO tagging schemes assign exactly one label per
token, making it impossible to represent overlap-
ping spans regardless of model size or architecture.
This is a critical shortcoming for clinical NER,
given that 4.2% of labeled tokens in MedDec (El-
gaar et al., 2024) belong to more than one span
simultaneously.

Large language models offer an alternative ap-
proach. NER can be reframed as a generation
task where the model rewrites the input with entity
markers inserted inline, placing no structural re-
striction on overlapping spans. Wang et al. (2025)
demonstrated this paradigm with GPT-NER using
special token markup, achieving performance com-
parable to supervised baselines. Hu et al. (2024)
showed that wrapping entities in HTML <span>
tags maps cleanly to standard evaluation schemes.
However, with long, domain-specific, and complex
documents like discharge summaries, we hypothe-
size that fine-tuning these models can serve as an
effective approach for clinical decision extraction.

2.2 Supervised Fine-Tuning,
Parameter-Efficient Adaptation, and
Generalization

Supervised Fine-Tuning (SFT) trains LLMs on
labeled examples to produce desired outputs.
Since full fine-tuning is computationally expensive,
Low-Rank Adaptation (LoRA) (Hu et al., 2022)
and Weight-Decomposed Low-Rank Adaptation
(DoRA) (Liu et al., 2024) offer a practical alter-
native by inserting small trainable matrices that
capture task-specific changes with fewer parame-

ters. However, SFT tends to memorize rather than
generalize, where uncertain tokens receive dispro-
portionately large gradients, pushing the model to
overfit. Dynamic Fine-Tuning (DFT) (Wu et al.,
2026) addresses this by scaling each token’s loss ac-
cording to model confidence, producing balanced
updates that generalize substantially better across
challenging tasks.

2.3 Reinforcement Learning with Verifiable
Rewards

Reinforcement Learning with Verifiable Rewards
(RLVR) replaces the learned reward model in clas-
sical RLHF (Ouyang et al., 2022) with verifiable
reward functions. Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024), improving on PPO
(Schulman et al., 2017), derives training signals by
comparing outputs within a sampled group using
rule-based rewards, making it well-suited for struc-
tured output tasks with strict metrics. However,
broader application of GRPO can lead to entropy
collapse, training instability, or diluted signal under
multiple rewards. DAPO (Yu et al., 2025) addresses
instability by maintaining output diversity, while
GDPO (Liu et al., 2026) handles multi-reward set-
tings by standardizing each reward independently
before combination. We adopt GRPO and integrate
DAPO and GDPO to mitigate these respective chal-
lenges.

2.4 Span Aggregation via Model Agreement

Individual models often disagree on span bound-
aries, so we aggregate predictions across models
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to improve annotation reliability. Minimum Bayes
Risk (MBR) decoding selects the output that max-
imizes agreement across a set of candidates, fol-
lowing a hypothesis that the output should be con-
sistent with the others (Bickel and Doksum, 2015).
It has shown to improve generation quality across
NLP tasks. Heineman et al. (2024) adapted this in-
tuition to multi-prompt decoding of a single model,
leveraging varied inputs to encourage diverse pre-
diction distributions. We adapt MBR decoding for
clinical decision extraction, but extend prior work
by aggregating outputs from multiple differently
trained models and by performing refinement at the
span-cluster level instead of choosing one complete
prediction (Section 4.4).

3 Dataset

We use MedDec (Elgaar et al., 2024) as our dataset.
For model development, we follow the original
split of 350 training, 53 validation, and 48 test sam-
ples. The dataset consists of discharge summaries
annotated with decision labels and span boundary
offsets. We convert the original dataset into inline
XML-like tags that support overlapping spans (Fig-
ure 2). This is necessary because 4.2% of tokens
overlap. Therefore, this task encourages LLMs
to reason through the input and apply inline-tag
annotations where relevant.

Our work covers the 9 DICTUM classes defined
in (Elgaar et al., 2026). The label distribution is
highly imbalanced, with Defining problem account-
ing for 39% of training and validation spans, while
Deferment accounts for under 0.2%. The dataset
also has a demographic imbalance. For example,
the Hispanic group contains just 1 sample each in
validation and test, and Asian patients are entirely
unrepresented in validation, with only 2 training
samples (Appendix A). This makes the task chal-
lenging as it can strongly skew Worst Group F1

scores and, in turn, affect Overall F1. (Section
5.1).

During validation, a test run suggested a pos-
sible category misassignment in the ground-truth
annotations. We locally reassigned the affected sec-
tion to better reflect our model’s true performance
(Appendix B). Additionally, we used MIMIC-III
discharge summaries outside the MedDec set for
pseudo-label generation (Section 4.3).

{ "decision": "Right ventricular
chamber size is normal with mild
global free wall hypokinesis",
"category": "Category 7: Evaluating
test result",
"start_offset": 6224,
"end_offset": 6303 },
{ "decision": "The aortic valve
leaflets (3) are mildly thickened but
aortic stenosis is not present",
"category": "Category 7: Evaluating
test result",
"start_offset": 6305,
"end_offset": 6390 },
{ "decision": "but aortic stenosis is
not present. There is no aortic valve
stenosis. No aortic regurgitation is
seen",
"category": "Category 3: Defining
problem",
"start_offset": 6356,
"end_offset": 6458 }

[...] <evaluate_result>Right
ventricular chamber size
is normal with mild
global free wall hypokine-
sis</evaluate_result>. <eval-
uate_result>The aortic valve
leaflets (3) are mildly thick-
ened <define_problem>but
aortic stenosis is not
present</evaluate_result>.
There is no aortic valve steno-
sis. No aortic regurgitation is
seen</define_problem>. [...]

MedDec Annotations

Inline Tags (Ours)

Figure 2: Converting original offsets (left) into inline
tags that support containment and partial overlap (right).

4 Methodology

4.1 Dynamic Fine-tuning (DFT)
We train our first model variant (Model 1) using
Dynamic Fine-Tuning (DFT) (Wu et al., 2026),
which improves generalization by rescaling token
gradients based on model confidence. Standard
Supervised Fine-Tuning (SFT) applies a uniform
cross-entropy loss, which often assigns dispropor-
tionately large gradients to tokens the model is un-
certain about, leading to unstable optimization and
overfitting. DFT addresses this by weighting each
token’s loss by its current generation probability.
Formally, given an input sequence x and a target
reference sequence y∗ = (y∗1, . . . , y

∗
T ) of length T ,

the DFT objective is defined as:

LDFT(θ) =− 1

T

T∑

t=1

sg
(
πθ(y

∗
t | y∗<t, x)

)

· log πθ(y∗t | y∗<t, x),

(1)

where t is the current token index, πθ is the model’s
policy parameterized by θ, y∗<t denotes the preced-
ing target tokens (y∗1, . . . , y

∗
t−1), and sg(·) is the

stop-gradient operator. This promotes balanced
updates and encourages the model to learn robust
extraction patterns rather than memorizing surface-
level data.

4.2 Reinforcement Learning with Verifiable
Rewards

4.2.1 Training Objective
We train our second model variant (Model 2) by
initializing the policy with Model 1 (DFT), provid-
ing a robust starting point that allows the policy
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to focus directly on optimizing extraction perfor-
mance. We use a significantly reduced LoRA rank,
exploiting the fact that policy gradient updates de-
rived from sparse rewards inherently occupy a low-
rank subspace. We optimize the policy using the
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) framework, which estimates advan-
tages across sampled groups without a separate
value model. We implement two targeted enhance-
ments: First, we adopt the DAPO (Yu et al., 2025)
approach at the token level to mitigate entropy col-
lapse. By applying an asymmetric clipping range
(ϵlow = 0.20, ϵhigh = 0.28), DAPO safely broad-
ens the trust region for stable exploration. Second,
we integrate GDPO (Liu et al., 2026) to handle
multi-objective rewards, standardizing each reward
component independently across the group before
summation. This preserves fine-grained distinc-
tions between candidate generations and ensures
each objective contributes equitably to the final
gradient update.

4.2.2 Reward Functions
We translate our evaluation metrics into a compos-
ite reward system to optimize extraction perfor-
mance. Relying on a single metric risks producing
either sparse training signals or reward exploitation.
To address this, we design a multi-objective reward
that balances strict boundary evaluation, flexible
word-level credit, and a hard fidelity constraint.
Each component is bounded within [0.0, 1.0], and
the overall reward for each generation is defined as
their combination:

1. Fidelity Reward: We design this component
to strictly prevent hallucination. We strip all
generated tags and compare the remaining text
to the original input. Using a character-level
similarity ratio, we assign a full reward of 1.0
for a near-perfect match where the ratio ≥
0.99, and a reward of 0.0 for a ratio below
0.90, with linear scaling in between. This
safeguards that the model behaves purely as a
sequence tagger.

2. Token F1 Reward: We use this component
to provide flexible, word-level credit. We ex-
tract the predicted text spans, split them into
individual words, and measure their overlap
with the ground-truth words for each category.
This allows the model to receive positive feed-
back for identifying relevant medical concepts

even when exact span boundaries are slightly
misaligned.

3. Span F1 Reward: We treat this component
as the primary objective and strictest metric.
We evaluate whether the model precisely iden-
tifies the entire text span of a clinical deci-
sion, granting a reward only when the ex-
tracted string perfectly matches the ground
truth within its category. By combining this
strict target with the more forgiving Token F1

reward, we guide the model toward predicting
exact span boundaries.

4.3 Pseudo-label Generation

We train our third model (Model 3) by augmenting
the training set with pseudo-labels generated from
unlabeled clinical text. We identify semantically
relevant unlabeled instances from 59,201 MIMIC-
III discharge summaries outside of MedDec. We
embed both the unlabeled pool and the complete
MedDec set using Qwen3-Embedding-4B (Zhang
et al., 2025). Then, we compute cosine similarity
between each of the 451 MedDec documents and
the unlabeled pool to retrieve the top 5 most similar
candidates. We assign each unlabeled document
only to its highest-scoring match, yielding a refined
pool of 2,255 candidate samples. We then run infer-
ence on this pool using Qwen3.5-4B DFT (Model
1), using entropy as a proxy for prediction confi-
dence based on the observed Pearson correlation of
−0.4816 with Base Score on the validation set. A
higher entropy threshold includes more examples
but noisier labels. We experiment with two cut-
offs at the 10th percentile (P10) and 15th percentile
(P15), adding 221 and 331 pseudo-labeled samples,
respectively. We combine each set with the original
training set and fine-tune Model 3 using DFT.

4.4 Span-Cluster Consensus

We aggregate predictions by category and docu-
ment in four stages. First, we greedily match
spans above a minimum pairwise IoU threshold
and compute pairwise soft Span F1 agreement be-
tween models, then normalize these scores so that
model weights sum to one. Second, we cluster
all spans using a minimum cluster IoU threshold
and score each cluster by the summed weights of
its contributing models, removing clusters below
the minimum cluster support. Third, we select fi-
nal boundaries via a weighted vote over start–end
offset pairs. Fourth, we merge same-category dupli-
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cates above a minimum duplication IoU threshold,
keeping the longer span. Figure 3 illustrates each
stage.
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Figure 3: Overview of the Span-Cluster Consensus,
comprising pairwise model agreement, cluster weighted
boundary refinement, and span deduplication.

To find the best ensemble configuration, we per-
formed a systematic search on the validation set
over four fusion hyperparameters: minimum pair-
wise IoU, minimum cluster IoU, minimum clus-
ter support, and minimum duplication IoU, each
within a continuous range of [0.0, 1.0]. We used the
Tree-structured Parzen Estimator (TPE) algorithm
(Watanabe, 2023) with a warm-start trial seeded
from our heuristic baseline to accelerate conver-
gence. The search directly maximized the Over-
all F1 score computed by the official evaluation
script, ensuring that the selected configuration opti-
mizes for both accuracy and demographic robust-
ness jointly.

5 Experimental Setup

5.1 Evaluation Metrics
We evaluate with the official script and report
Token F1, Span F1, Base Score, Worst Group F1,
and Overall F1. Token F1 measures word-level

overlap on non-overlapping tokens, while Span F1

requires exact span matches after word-boundary
normalization. Both metrics are macro-averaged
across the nine DICTUM labels per document and
then across our internal validation or test set. Base
Score is the mean of Token F1 and Span F1:

Base Score =
Span F1 + Token F1

2
(2)

Worst Group F1 is the lowest Base Score across
sex, ethnicity, and language groups:

Worst Group F1 = min
i∈{1,...,8}

(Base Scorei) (3)

and Overall F1 is the average between Base Score
and Worst Group F1:

Overall F1 =
(Base Score + Worst Group F1)

2
(4)

5.2 Baselines and Proposed Models

5.2.1 Encoder Baselines with BIO Tagging

As baselines, we evaluate a range of encoder-based
models trained with BIO tagging for span detection,
including models with stronger biomedical vocabu-
lary coverage such as BioMedBERT (Gu et al.,
2020), and models designed for longer clinical
documents such as Clinical Longformer (Li et al.,
2022). We also include ModernBERT (Warner
et al., 2025), which incorporates architectural im-
provements such as RoPE positional encoding and
an extended context window of 8,192 tokens. We
additionally retrain RoBERTa and ELECTRA, the
best-performing models from Elgaar et al. (2024),
under our experimental configuration.

5.2.2 Generative Extraction Baseline

We evaluate two generative baselines. First, we
fine-tune Qwen3.5-4B (Qwen Team, 2026) using
standard SFT with autoregressive cross-entropy
loss on the same training set and prompt as our
proposed models (Appendix C). Comparing this
baseline against Model 1 directly isolates the bene-
fit of DFT over standard SFT. Second, we prompt
GPT-5 (Singh et al., 2025) in a zero-shot setting
using the same prompt, establishing an upper refer-
ence for generative extraction without task-specific
training.
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5.2.3 Proposed Models
We use Qwen3.5-4B (Qwen Team, 2026) as our
base model for its reasoning capability and ex-
tended context window, which processes full dis-
charge summaries without truncation. We train
three variants based on strategies in Section 4:

1. Model 1 (DFT Model): We fine-tuned
Qwen3.5-4B with the DFT objective, estab-
lishing it as a primary extraction model.

2. Model 2 (DFT + RLVR Model): We initial-
ized from Model 1 and applied RLVR with
DAPO and GDPO to further improve per-
formance. Three reward combinations were
tested: Span and Token F1 (Model 2), Span
F1 only, and Token F1 only. The first combi-
nation was also evaluated with metrics other
than F1, specifically F0.5 and precision.

3. Model 3 (DFT with Pseudo-label Model):
We fine-tuned Qwen3.5-4B with DFT on the
original training set augmented with pseudo-
labels generated by Model 1. We experi-
mented with two entropy cutoffs including
P10 (221 samples) and P15 (331 samples) to
evaluate the tradeoff between pseudo-label
quantity and quality.

Finally, predictions from all three models are ag-
gregated using Span-Cluster Consensus (Section
4.4) and compared against two simpler baselines:
majority voting (median start/end offsets, majority-
voted category) and minimum-entropy selection
(the single per-document prediction with lowest
generation entropy).

5.3 Implementation Details
We implemented our pipeline using the Unsloth
library (Daniel Han and team, 2023) and the Trans-
formers Reinforcement Learning (TRL) framework
(von Werra et al., 2020) across all training stages.
All models use Qwen3.5-4B (Qwen Team, 2026)
as the base model and AdamW (Loshchilov and
Hutter, 2017) as the optimizer. Due to the differ-
ing computational demands, the DFT stages were
trained on a single NVIDIA A100 (80GB) GPU,
whereas RLVR was trained across four NVIDIA
A100 (40GB) GPUs using Distributed Data Parallel
(DDP) (Li et al., 2020). All models start with DFT
via LoRA, where Model 1 and 2 were trained on
a tag-converted training set and Model 3 with the
addition of pseudo-labels. This stage used Rank-
Stabilized LoRA (rsLoRA) (Kalajdzievski, 2023)

with a rank of 256, α = 32, 2 epochs, a learning rate
of 2×10−4, a batch size of 8, and a cosine learning
rate scheduler. Model 2 further applies Reinforce-
ment Learning from Verifiable Rewards (RLVR)
trained for 1 epoch using the DAPO loss with stan-
dard LoRA, a lower learning rate of 5 × 10−5, a
larger batch size of 32, rollout size of 64, a constant
scheduler, and a reduced LoRA rank and α of 2
(Schulman and Lab, 2025). For efficient inference,
we utilized the vLLM engine (Kwon et al., 2023)
with a temperature of 0. The ensemble hyperpa-
rameter search used the Optuna library with 5,000
trials using the default TPE sampler (Akiba et al.,
2019).

6 Results

We evaluated various setups of model development
across the Span F1, Token F1, and the compos-
ite scores. The following section reports the key
results and their implications with respect to our
internal validation set, unless specified otherwise.
Moreover, our interpretation of the results focuses
primarily on Base Score performance, since the
Overall F1 may be subject to the imbalanced split
caused by the Worst Group F1 as discussed in Sec-
tion 3. Accordingly, we treat the Overall F1 and
Worst Group F1 as supplementary context.

6.1 Encoder and Generative Baselines
All fine-tuned LLMs outperform both encoder and
generative baselines (Table 1). Among encoder
models, Clinical Longformer achieved the highest
performance, with a Span F1 of 0.4327, Token
F1 of 0.6297, and a Base Score of 0.5312. GPT-
5, by contrast, yielded a competitive Span F1 of
0.5179 but fell sharply on a Token F1 of 0.2230
and a Base Score of 0.3210. Our LoRA SFT model
outperforms both baselines across all three metrics,
improving over Clinical Longformer by 1.96% in
Token F1 and 5.58% in Base Score, while also
exceeding GPT-5 by 0.68% in Span F1 and 26.60%
in Base Score.

6.2 Fine-tuning Approaches
LoRA was the more efficient adapter, outperform-
ing DoRA at the same rank and fine-tuning settings
in both DFT (Base Score 0.5934 vs. 0.5826) and
SFT (0.5870 vs. 0.5817) (Table 1). DFT also per-
formed better than SFT in both LoRA (0.5934 vs.
0.5870) and DoRA (0.5826 vs. 0.5817). Although
LoRA DFT had a lower Worst Group F1 than
LoRA SFT, the Worst Group F1 for both methods
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Approach Model & Configuration Span F1 Token F1 Base Score Worst Group F1 Overall F1

Baselines
RoBERTa (BIO Tag) 0.4171 0.6233 0.5202 0.4416 0.4809
ELECTRA (BIO Tag) 0.4061 0.5890 0.4976 0.4105 0.4540
BioMedBERT (BIO Tag) 0.4126 0.5967 0.5047 0.4063 0.4555
Clinical Longformer (BIO Tag) 0.4327 0.6297 0.5312 0.4609 0.4960
ModernBERT (BIO Tag) 0.3282 0.5070 0.4176 0.3787 0.3981

Zero-shot GPT-5-2025-08-07 (Medium Reasoning) 0.5179 0.2230 0.3210 0.3025 0.3118

Fine-tuning

Qwen3.5-4B (DoRA SFT, r = 256) 0.5250 0.6385 0.5817 0.4994 0.5406
Qwen3.5-4B (DoRA DFT, r = 256) 0.5177 0.6475 0.5826 0.5151 0.5488
Qwen3.5-4B (LoRA SFT, r = 256) 0.5247 0.6493 0.5870 0.5440 0.5655
Model 1: Qwen3.5-4B (LoRA DFT, r = 256) 0.5299 0.6570 0.5934 0.5225 0.5580

Model Size Qwen3.5-9B (LoRA DFT, r = 256) 0.5179 0.6582 0.5881 0.5044 0.5462

Rank Ablation Qwen3.5-4B (LoRA DFT, r = 128) 0.5152 0.6464 0.5808 0.4716 0.5262
Qwen3.5-4B (LoRA DFT, r = 512) 0.5273 0.6504 0.5889 0.4695 0.5292

RLVR Reward

Qwen3.5-4B (GRPO, Token F1) 0.5258 0.6577 0.5917 0.5241 0.5579
Qwen3.5-4B (GRPO, Span F1) 0.5298 0.6573 0.5935 0.5261 0.5598
Qwen3.5-4B (GRPO, Span and Token Precision) 0.5296 0.6523 0.5909 0.5249 0.5579
Qwen3.5-4B (GRPO, Span and Token F0.5) 0.5289 0.6560 0.5925 0.5309 0.5617
Model 2: Qwen3.5-4B (GRPO, Span and Token F1) 0.5273 0.6565 0.5919 0.5320 0.5619

Pseudo-labels Qwen3.5-4B (Train set + P15) 0.5283 0.6460 0.5871 0.4783 0.5327
Model 3: Qwen3.5-4B (Train set + P10) 0.5307 0.6481 0.5894 0.5022 0.5458

Ensemble
Majority vote 0.5298 0.6521 0.5910 0.5210 0.5560
Minimum entropy 0.5307 0.6481 0.5894 0.5022 0.5458
Final Model: Span-Cluster Consensus 0.5300 0.6611 0.5955 0.5518 0.5737

Table 1: Performance comparison of baselines, proposed configurations (Model 1, 2, and 3), ablations, and final
ensemble on the internal validation set. Bold and underline indicate best and second-best results.

was the Hispanic subgroup, which contained only
one sample and was therefore a less stable evalua-
tion point. In all other subgroup analyses, LoRA
DFT performed better than LoRA SFT. Therefore,
we chose LoRA DFT as Model 1.

6.3 Adapter Rank and Model Size

Qwen3.5-4B was the optimal model size, out-
performing Qwen3.5-9B (Base Score 0.5934 vs.
0.5881) (Table 1). At a fixed alpha of 32, an
adapter rank of 256 achieved the highest Base
Score (0.5934), compared with rank 128 (0.5808)
and rank 512 (0.5889).

6.4 Reinforcement Learning Configuration

The Token F1-only reward variant achieved the
highest Token F1 score (0.6577), while the Span
F1-only variant achieved the best Span F1 score
(0.5298) (Table 1). Notably, the Span F1-only vari-
ant also maintained a comparatively high Token F1

score (0.6573), resulting in the highest Base Score
among the variants at 0.5935. In addition to F1,
we explored other evaluation metrics, including
F0.5, which weights precision more heavily than
recall, and precision, which measures the fraction
of predicted positive instances that are truly posi-
tive. Among these metrics, F0.5 appears to perform
best, followed by F1 and then precision, with Base
Scores of 0.5925, 0.5919, and 0.5909, respectively.

6.5 Pseudo-labels Thresholds

When defined as the entropy percentile threshold,
P10 outperformed P15 across all metrics (Table
1). Model 3 (P10) achieved the highest Span F1

of 0.5307 and a Token F1 of 0.6481, while also
misclassifying fewer spans as non-decision, partic-
ularly in minority classes such as Gathering addi-
tional information, Treatment goal, and Deferment.

6.6 Ensemble Models

The ensemble outperformed the individual compo-
nents and all other variants on all but one metric,
achieving the best Token F1 (0.6611), Base Score
(0.5955), Worst Group F1 (0.5518), and Overall F1

(0.5737) (Table 1). Its Span F1 of 0.5300 was the
second highest, narrowly behind Model 3 (0.5307).

Rank Team Span F1 Token F1 Base Worst F1 Overall

1 billbaumgartner 0.5419 0.6667 0.6043 0.5886 0.5965
2 LAMAR (Ours) 0.5257 0.6750 0.6003 0.5881 0.5942
3 Otter 0.5181 0.6666 0.5924 0.5695 0.5809
4 viahes 0.5237 0.6541 0.5889 0.5723 0.5806
5 ahmed_ayman 0.4900 0.6796 0.5848 0.5601 0.5724

- Baseline 0.4363 0.6238 0.5301 0.4922 0.5111

Table 2: Official Leaderboard of MedExACT Shared
Task (Elgaar et al., 2026). Our proposed system
(LAMAR) achieves highly competitive performance,
securing 2nd place overall.
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6.7 Test Set Performance
Our system ranked second on the test leaderboard
(Table 2). Compared with the first-place system,
we achieved an Overall F1 that was 0.23% lower,
but a 0.83% higher Token F1. We also consistently
outperformed the baseline across all scores with
a 7.02% improvement on Base Score. As shown
in Table 3, our method performs consistently well
across all demographic subgroups with the Worst
Group F1 at 0.5881 in the Non-English subgroup.

Category Subcategory Span F1 Token F1 Base Score

Gender
Male 0.5117 0.6678 0.5897
Female 0.5495 0.6850 0.6173

Ethnicity

White 0.5216 0.6726 0.5971
African American 0.4962 0.6926 0.5944
Hispanic 0.5761 0.6794 0.6277
Asian 0.5319 0.7090 0.6205
Other 0.5538 0.6651 0.6094

Language
English 0.5303 0.6853 0.6078
Non-English 0.5156 0.6605 0.5881

Table 3: Test set performance of our proposed system
across demographic subgroups.

7 Qualitative and Error Analysis

Our system missed approximately 40% of ground
truth spans overall, and around 30% of non-
decision spans were misclassified as Defining prob-
lem. Minority classes were the most difficult to pre-
dict. The most extreme case was Model 2 (DFT +
GRPO), which correctly identified only 2 out of 41
Gathering additional information spans (4.88%).
This likely reflects the influence of class imbalance
across data splits (Appendix A) on the model’s
behavior. The most common decision-to-decision
misclassification was Evaluating test results being
predicted as Defining problem, occurring at a rate
of 6.8 – 9.1%. We hypothesize that this is due to
the fact that evaluating a test result often requires
inferring the current state of a condition, thereby
blurring the boundary between test-result evalua-
tion and defining clinical problems. The qualitative
example from the validation set is illustrated in
Figure 4.

8 Discussion

The results collectively demonstrate that encoder
baselines perform well on Token F1 by design,
while zero-shot GPT-5 highlights that LLMs can
effectively extract span-level information but still
struggle in token-level settings. Inline-tag fine-
tuning bridges this gap, as even LoRA SFT outper-
forms the baselines across metrics. Among the fine-

FINDINGS: <evaluate_result>
There is an enhancing mass
in the left parietal dural mass,
which extends to the calvar-
ium </evaluate_result>.
<evaluate_result> There is mini-
mal, if any, mass effect on the pos-
terior frontal and anterior parietal
parenchyma </evaluate_result>.
<evaluate_result> No intra-
parenchymal metastatic lesions
are identified </evaluate_result>.
<evaluate_result> Gliosis with
evidence of laminar necrosis is
again seen in the medial right oc-
cipital lobe </evaluate_result>,
likely <define_problem> se-
quela of a chronic infarction
</define_problem>.

FINDINGS: <evaluate_result>
There is an enhancing mass
in the left parietal dural mass,
which extends to the calvar-
ium </evaluate_result>.
<evaluate_result> There is mini-
mal, if any, mass effect on the pos-
terior frontal and anterior parietal
parenchyma </evaluate_result>.
<define_problem> No intra-
parenchymal metastatic lesions are
identified </define_problem>.
<define_problem> Gliosis with
evidence of laminar necrosis is
again seen in the medial right occip-
ital lobe, likely sequela of a chronic
infarction </define_problem>.

Ground Truth Prediction

Figure 4: Most common decision-to-decision misclas-
sification: Evaluating test results being predicted as
Defining problem.

tuning strategies, Qwen3.5-4B LoRA with DFT
rank 256 consistently emerged as the strongest
single-model configuration. The reinforcement
learning results behaved as theoretically expected,
with each reward type optimizing its correspond-
ing metric, reinforcing the importance of align-
ing reward signals with evaluation objectives. The
pseudo-label experiments further revealed sensi-
tivity to label noise: a tighter entropy threshold
(P10) produced cleaner pseudo-labels and meaning-
fully improved minority-class recall. Finally, the
ensemble’s strong overall performance, driven by
complementary prediction patterns between mod-
els trained with DFT, DFT + GRPO, and DFT
with pseudo-labels demonstrates that ensembling
effectively compensates for individual model weak-
nesses. Test-set results further show that the system
generalizes consistently across demographic sub-
groups, with the Worst Group F1 not arising from
disproportionately small subgroups.

9 Conclusion

Our work demonstrates that the agreement-driven
ensemble consistently outperforms both encoder-
based and zero-shot generative baselines across all
metrics. This suggests that combining predictions
from models with different output distributions can
better capture complementary representations. We
further show that performance can be improved
through fine-tuning with DFT, reinforcement learn-
ing with verifiable rewards, and pseudo-label aug-
mentation, highlighting the value of combining
complementary modeling strategies with targeted
training enhancements.
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Limitations

Our study has several limitations spanning method-
ology, data, and experimental scope. First, full-
document generation with inline tags is more
computationally expensive at inference time than
classifier-based BIO tagging, which may limit prac-
ticality in clinical settings. Although we use a
fidelity reward to reduce hallucinations, this mech-
anism has not been tested across diverse inputs, and
its robustness remains uncertain. Second, our ex-
periments are limited to Qwen3.5-4B and a single
dataset, MedDec (451 documents), leaving gener-
alizability an open question. Third, we observed
overlapping spans within the same category, includ-
ing cases with slightly different offsets and cases
with identical boundaries. Cleaning these annota-
tions led to worse performance than retaining the
original data, likely because overlapping spans are
also present in the validation set. This issue war-
rants further investigation. Fourth, pseudo-label
thresholding remains a challenge. Our results show
slightly negative correlations, suggesting the cur-
rent strategy does not reliably distinguish useful
pseudo-labels from noisy ones. Because entropy
captures only model confidence, it may be insuf-
ficient as the sole filtering criterion. Finally, time
constraints limited our exploration of reinforce-
ment learning policies, and the current setup may
not reflect the optimal policy or ensemble configu-
ration. Although Model 2 shows notable potential
for reward-based improvement, this study priori-
tized ensemble methods, and a deeper investigation
of reward configuration is left for future work.
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A Exploratory Data Analysis

We examined the demographic breakdown of the
train, validation, and test splits. Table 4 highlights
the severe underrepresentation of some groups, par-
ticularly across ethnicities, which can substantially
affect the Worst Group F1 score. Table 5 provides
additional context on the prevalence of each deci-
sion category in the dataset, offering insight into
observed model behavior.

B Internal Validation Set

We reassigned all spans from a section shown in
Figure 5 from Treatment goal to Defining problem
in the original validation set for internal validation.
The original span boundaries were preserved, and
only the category labels were changed.

C Decision Extraction Prompt

We designed the inline tag extraction prompt shown
in Figure 6. This prompt was used for supervised
fine-tuning, RLVR fine-tuning, and GPT-5 zero-
shot evaluation.

D Encoder Model Training
Configurations

For the encoder baselines, we adopted MedDec’s
sliding-window training and non-overlapping win-
dow inference strategy while modifying several
training hyperparameters. The window size for
each model was set to its maximum supported
input length: 512 for RoBERTa, ELECTRA,
and BioMedBERT; 4096 for Clinical Longformer;
and 8192 for ModernBERT. With these settings,
RoBERTa, ELECTRA, and BioMedBERT were
trained on a single NVIDIA A100 80GB GPU,
whereas Clinical Longformer and ModernBERT
required greater computational resources and were

trained using 4 NVIDIA A100 40GB GPUs. All
models were trained for 250 epochs with a learning
rate of 2× 10−5, an effective batch size of 32, and
a cosine learning rate scheduler.

Category Subcategory Train Validation Test

Gender
Male 204 27 28
Female 146 26 20

Ethnicity

White 244 43 35
African American 31 7 4
Hispanic 21 1 1
Asian 10 0 2
Native Hawaiian 1 0 0
Other 43 2 6

Language
English 197 35 28
Non-English 153 18 20

Table 4: Dataset distribution by category and subcate-
gory across train, validation, and test sets.

Class Train %Train Validation %Validation
Contact related 2293 5.28 289 4.12
Gathering additional information 376 0.87 41 0.58
Defining problem 17015 39.19 2766 39.39
Treatment goal 107 0.25 46 0.66
Drug related 10930 25.17 1989 28.33
Therapeutic procedure related 5311 12.23 825 11.75
Evaluating test results 5806 13.37 828 11.79
Deferment 84 0.19 10 0.14
Advice and precaution 1496 3.45 228 3.25

Table 5: Number of spans per class in the train and
validation sets.
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Excerpt of the Internal Validation Set

[...] Review of systems: (+) Per HPI (-) Denies fever, chills,
night sweats, recent weight loss or gain. Denies headache,
sinus tenderness, rhinorrhea or congestion. Denies cough,
shortness of breath, or wheezing. Denies chest pain, chest
pressure, palpitations, or weakness. Denies nausea, vomiting,
diarrhea, constipation, abdominal pain, or changes in bowel
habits. Denies dysuria, frequency, or urgency. Denies
arthralgias or myalgias. Denies rashes or skin changes.

Past Medical History: EtOH Abuse Cirrhosis Hepatitis C:
No prior treatment Diabetes Mellitus 2 - 20 + years Tobacco
Use Depression Hypertension GERD Pancreatitis
Diverticulitis Hemorrhoids Atypical chest pain

Social History: - Tobacco: 1 ppd x 20+ years - Alcohol:
6-12 beers daily - Illicits: None

Family History: No history of bleeding disorders or
abdominal bleeding. Both parents still living. Physical
Exam: Vitals: T: 97 BP: 127/54 P: 112 R: 18 18 O2: 96/RA
General: Alert, oriented, no acute distress HEENT: Sclera
anicteric, MMM, oropharynx clear Neck: supple, JVP not
elevated, no LAD Lungs: Clear to auscultation bilaterally,
no wheezes, rales, ronchi CV: Regular rate and rhythm,
normal S1 + S2, no murmurs, rubs, gallops Abdomen: soft,
non-tender, non-distended, bowel sounds present, no
rebound tenderness or guarding, no organomegaly GU: no
foley Ext: warm, well perfused, 2+ pulses, no clubbing,
cyanosis or edema [...]

Figure 5: Reassigned spans in the internal validation
set. Only spans in this section originally categorized as
Treatment goal were reassigned to Defining problem.

Decision Extraction Prompt

You are an expert specializes in extracting clinical decisions from a
patient’s discharge summary.

### YOUR TASK ###
Given an input discharge summary, return the EXACT SAME text,
but with specific phrases wrapped in inline tags to mark clinical
decisions.

IMPORTANT:
- Do NOT add, remove, or rephrase any text outside the tags.

- Preserve all original punctuation, line breaks, and spacing.

- EVERY opening tag MUST have a corresponding closing tag (e.g.,

<drug_decision>Aspirin 81 mg daily</drug_decision>).

- These tags CAN overlap or nest in one another, as long as they are
VALID TAGS.

### DECISION CATEGORIES & TAGS ###
Use the following tags exactly as defined:

1. <define_problem> : diagnostic conclusions, health state
evaluations, etiological inference, or prognostic judgment.

2. <drug_decision> : decisions to start, stop, continue, withhold,
or modify medications.

3. <evaluate_result> : interpretation of clinical findings or test
results.

4. <contact_related> : admissions, discharges, follow-ups, or
referrals to other hospitals.

5. <therapeutic_procedure> : decisions to perform, plan, or
refrain from procedures.

6. <advice_and_precaution> : patient instructions, advice, or
precautions.

7. <gather_info> : decisions to order tests and investigations or
consult another colleague.

8. <treatment_goal> : therapeutic goals, aims, or treatment
objectives.

9. <defer_decision> : delaying judgment or action for now.

### ANNOTATION RULES ###
1. Boundary: Annotate spans that capture the full clinical decision.
Prefer longer spans than short words.

2. Comprehensiveness: The output should be comprehensively
annotated. Extract as many valid decisions as possible.

3. Exclusions: DO NOT annotate document headers or labels (e.g.,
“Admission Date:”, “Discharge Date:”, “Physical Exam:”).

4. Overlapping Spans: Spans may overlap or belong to multiple
categories. Wrap each span independently with all applicable tags.

Example (nested): <drug_decision>continue warfarin for
<treatment_goal>stroke
prevention</treatment_goal></drug_decision>

Example (partial overlap): <define_problem>The next previous
examination suggested
<evaluate_result>atelectasis</define_problem> - density in the
left base cannot be evaluated</evaluate_result>

### OUTPUT FORMAT ###
Return ONLY the fully annotated text. Ensure all tags are properly
closed. Do not include any explanations.

### INPUT TEXT ###

{discharge_summary}

Figure 6: Decision extraction prompt used in our system
and for zero-shot evaluation of GPT-5.

190


