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Abstract

We present the CanSA system for the MedEx-
ACT@ACL 2026 shared task, which requires
extracting and classifying clinical decisions
from ICU discharge summaries into nine DIC-
TUM categories. We have developed three ap-
proaches: (1) a training-free system which con-
sists of a preprocessing module that normalizes
text and an inference engine combining zero
shot LLMs with a RAG ensemble, (2) a super-
vised fine-tuning method which required train-
ing, and (3) a training-free retrieval-augmented
pipeline employing TF–IDF-based lexical re-
trieval to surface in-context exemplars from the
development corpus, combined with section-
aware chunking and structured extraction calls
to a large language model. Our team’s best sub-
mission achieved a Final Score of 0.41, ranking
34th out of 37 on the official test leaderboard.

1 Introduction

The MedExACT shared task at the BioNLP 2026
workshop (Elgaar et al., 2026) challenges systems
to extract exact text spans representing medical de-
cisions from Intensive Care Unit (ICU) discharge
summaries and classify them according to the DIC-
TUM taxonomy (Ofstad et al., 2016; Elgaar et al.,
2024). Because the evaluation heavily penalizes
boundary misalignment, systems must demonstrate
both deep semantic classification and strict charac-
ter level precision.

Team CanSA presents three methodologies. The
first addressed this challenge by building a modu-
lar, training-free inference pipeline. To avoid the
heavy costs of task specific fine tuning, we eval-
uated several leading models, specifically Llama
3, Qwen, and Kimi, by deploying them through

local Ollama instances on an NVIDIA A6000 and
remote NVIDIA NIM API endpoints. The sec-
ond provided a supervised fine-tuning of a bi-
directional encoder model on a token labelling
task. And lastly, employed a training-free, retrieval-
augmented pipeline in which TF-IDF-based lexical
retrieval surfaces in-context exemplars from the
development corpus, and a large language model
performs sequential span proposal and structured
extraction over section-aware chunks of each dis-
charge note, followed by schema-based validation
and automated repair. We also contribute a rigor-
ous error analysis of the MedDec corpus by au-
diting 104 same category overlapping annotation
pairs providing actionable insights for future clini-
cal dataset curation.

The remainder of this paper is organized as fol-
lows: Section 2 details the specifics of each of the
three methodologies. Section 3 outlines our experi-
mental setup. Section 3.2 presents the shared task
results and post deadline experiments, followed
by the corpus audit in Section 4. We conclude in
Section 5.

2 System Architectures

2.1 Training-Free Inference Pipeline

The MedExACT task requires exact character off-
set matching. During initial pipeline development,
we observed severe boundary extension errors
caused by standard tokenizers splitting at MIMIC
III de identification markers (e.g., [**...**]). To
mitigate this, we implemented a strict length pre-
serving normalization heuristic: replacing all new-
line characters (\n) with spaces. This single trans-
formation resolved tens of thousands of offset mis-
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matches across the raw clinical text.
Following normalization, documents are seg-

mented using a section aware sliding window. To
optimize inference efficiency and reduce API costs,
the pipeline explicitly skips the Social History and
Family History sections, as corpus analysis revealed
zero gold standard annotations in these segments.
Finally, a post processing filter enforces a minimum
annotation length of five characters to eliminate sin-
gle token model artifacts.

Our primary baseline module relies on zero
shot extraction using frontier LLMs. The system
prompts the model with a strict JSON schema defi-
nition encompassing the nine DICTUM categories.

A critical engineering challenge involved manag-
ing models equipped with implicit reasoning path-
ways (e.g., Qwen and DeepSeek). These models
frequently output reasoning chains (often enclosed
in <think> tags) that corrupt the required JSON
structure. To enforce deterministic formatting, we
implemented a dual suppression strategy: prepend-
ing a /no_think directive to the user prompt and
explicitly setting enable_thinking: false in the
API payload.

To evaluate the impact of in context learning
without task specific fine tuning, we developed
an alternative RAG enhanced pipeline. We in-
dexed the MedDec training dataset using FAISS
GPU (Johnson et al., 2019). For each sliding win-
dow chunk of the target document, the system re-
trieves the top k most semantically similar training
examples and appends them to the prompt as few
shot exemplars, attempting to ground the model’s
predictions in gold standard phrasing.

Initial development was conducted locally on
an NVIDIA A6000 GPU (48 GB VRAM) using
Ollama to host a high density ensemble. However,
hardware constraints necessitated a transition to a
constrained local RTX 3060 (12 GB VRAM) setup,
relying on NVIDIA NIM API endpoints to access
models exceeding 70 billion parameters.

This remote transition introduced severe opera-
tional bottlenecks. We observed that the increased
token payload of the RAG pipeline highly cor-
related with HTTP 504 (Gateway Timeout) and
HTTP 429 (Too Many Requests) errors. These con-
nection drops frequently caused truncated JSON
responses mid transit—a degradation effect that
forced zero span extractions for the affected chunks.
Consequently, the final pipeline enforces a stability
first configuration, utilizing a strict 15 second API
delay and exponential backoff to ensure continuous

execution during the evaluation phase.

2.2 Supervised Fine-tuning

The supervised learning method fine tuned a bi-
directional encoder model: BAAI/bge-m3 (Chen
et al., 2023). The goal was to start with a single
label classification task, and then use the learned
classifiers to extend to multi-label classification.
A bi-directional encoder was used, compared to a
auto-regressive Language Model, as the extra right
side context should be important for labelling to-
kens and spans. To create a single label for each
token, any token with multiple labels was assigned
the most frequent label as they appear in the train-
ing dataset. Unfortunately, time did not permit the
multi-label classification, so only results for the
single label task are reported.

The model was trained using Cross Entropy Loss
weighted so that each class had equal contribution.
The Huggingface training interface was used: it
is relatively straightforward to use and hack as
needed; it allows multiple GPUs with no extra
effort. Parameters used: learning rate 2e-4, per
device batch size of 1 with gradient accumulation
of 16 steps, 100 training epochs with best check-
point per epoch retrained based on validation F1
score, 100 total epochs with a warmup of 110 steps.
Three different seeds were used after which final
token labels on the test set were based on the soft
ensemble, summation followed by argmax, of all
three best checkpoints.

Given more time, other foundation models
would be used for fine-tuning on the single label
task, and the classification vectors from those train-
ing runs would be used to seed a binary classifier
for each label: with bias initialization tuned on the
training set.

2.3 Training-Free Retrieval-Augmented
Pipeline

Span-level adverse-event–style extraction from
long discharge summaries is addressed through a
training-free, retrieval-augmented language model
pipeline. Each discharge note is segmented into
clinical sections. Following task conventions, pre-
dicted spans overlapping allergy regions are re-
moved in a post-hoc filtering step. The remain-
ing text is split into section-aware chunks of at
most 5,000 characters, ensuring that each language
model call fits within context limits while coarse
document structure is preserved.
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A lexical index is constructed over the develop-
ment corpus: for every document with paired raw
text and reference annotations, a truncated prefix
of the discharge (up to 80,000 characters per note)
is indexed together with a compact serialization
of up to 40 gold spans comprising shortened de-
cision text and category labels. Documents are
represented using TF–IDF features (unigrams and
bigrams; maximum 50,000 features; document-
frequency cap of 0.95). At inference time, each
chunk’s text serves as the query; training docu-
ments are ranked by cosine similarity and the top
three matches are retrieved, excluding the current
discharge ID to prevent trivial self-retrieval. For
each retrieved document, a truncated text excerpt
(up to 3,500 characters) along with the correspond-
ing compact gold annotations is incorporated into
the prompt as in-context exemplars.

Claude Sonnet 4 is employed at temperature zero.
For each chunk, two sequential calls are issued: (1)
a span proposal step, conditioned on the chunk
text, section headers, and the retrieval block; and
(2) a structuring step, in which the proposals are
converted into JSON with chunk-local character
offsets, span text (referred to as decision), and a cat-
egory label. Local offsets are subsequently shifted
to global UTF-8 offsets within the full note. Where
a predicted span text does not exactly match the un-
derlying substring, local realignment is attempted
within a window around the chunk position, in-
cluding whitespace-tolerant matching. Annotations
from all chunks are then merged, deduplicated by
start position, end position, and category, sorted,
and assigned stable identifiers; spans overlapping
allergy regions are discarded.

The assembled document-level JSON is vali-
dated against a schema tied to the full raw text.
In cases where validation fails, a single additional
language model call is issued, conditioned on the
entire discharge note and the current prediction; the
model is instructed to rewrite the full annotation set
so as to satisfy all constraints. Allergy-region fil-
tering is subsequently re-applied where applicable.
Finally, category labels are mapped to the numeric
codes required by the shared-task evaluation for-
mat.

3 Experimental Setup and Results

3.1 Evaluation Metrics

System performance is evaluated using the official
MedExACT Final Score, defined as the arithmetic

mean of the Base Score and the Worst Group Score
(a fairness metric evaluated across patient demo-
graphic subgroups). The Base Score itself is the
arithmetic mean of Span F1 (requiring exact char-
acter boundary matches) and Token F1 (measuring
word level overlap). Throughout our diagnostics,
we track the differential between Token F1 and
Span F1 to isolate boundary tokenization artifacts
from clinical reasoning errors.

3.2 Official Shared Task Results
For the official MedExACT test phase, Team
CanSA submitted three independent runs to the
Codabench leaderboard. Our training free zero
shot pipeline using Qwen 3.5 achieved a Span F1
of 0.31 and a Token F1 of 0.44 (resulting in a Base
Score of 0.38) alongside a Final Score of 0.34.

For the supervised fine-tuning method, the best
checkpoints had training/eval token F1 scores
0.93/0.63, 0.87/0.61, and 0.91/0.62. Note: this
is on the single label task. On the validation set,
the ensemble labels achieved a 0.61 validation and
span annotation F1 of 0.16 (task score 0.38) with
sub group scores from 0.28 to 0.43. The final score
on the validation set was 0.33. The leaderboard
score for this method was 0.37.

The training-free retrieval-augmented pipeline
achieves a span F1 of 0.35, token F1 of 0.51, and
a final score of 0.38 on the validation set. On the
official test set, a span F1 of 0.34, token F1 of 0.50,
and a final leaderboard score of 0.41 are obtained.

Our highest performing submission achieved a
Base Score of 0.42 and a Final Score of 0.41, plac-
ing 34th out of 37 on the official test set leader-
board.

3.3 Post Deadline Architectural Analysis
To properly evaluate the architectural trade offs of
the first pipeline, we conducted post deadline ex-
periments on the complete validation set. Table 1
summarizes the performance of frontier models,
scored strictly via the official MedExACT evalua-
tion script. An analysis of these results highlights
two critical operational findings:

The RAG API Penalty. In a high latency re-
mote environment, appending FAISS retrieved con-
text dynamically increases payload size, correlat-
ing strongly with HTTP 504 timeouts and trun-
cated JSON responses. While models like Kimi
K2 proved highly resilient, other models suffered
from mid transit connection drops degrading over-
all throughput.
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Configuration Span F1 Tok F1 Base Final

Kimi K2 (Zero-Shot) 0.28 0.43 0.35 0.32
Kimi K2 (RAG Ens.) 0.29 0.44 0.36 0.34
Qwen 3.5 (Zero-Shot) 0.31 0.44 0.38 0.34
Qwen 3.5 (RAG Ens.) 0.28 0.43 0.35 0.30
Llama 3.3 (Zero-Shot) 0.29 0.42 0.36 0.31
Mistral (Zero-Shot) 0.27 0.43 0.35 0.30

Table 1: Validation set (n = 53) performance across
NVIDIA NIM API endpoints.

The Token to Span Gap. Across all evaluated
models, Token F1 consistently outperformed Span
F1 by a margin of 0.13 to 0.16. For example, while
Mistral achieved a peak Token F1 of 0.43, its strict
Span F1 dropped to 0.27. This massive differential
proves that while frontier LLMs possess the seman-
tic capability to identify clinical decisions, they fail
to predict the exact character boundaries required
by the MedDec gold standard.

4 Corpus Audit: The Boundary Gap

Category Tokens Gap Size Count

1 12.1± 25.7 178.5± 1959.3 6.5± 9.7
2 8.7± 10.9 276.1± 4400.4 1.1± 4.9
3 6.9± 69.3 23.2± 64.1 24.6± 175.4
4 6.4± 3.4 294.5± 5023.8 0.3± 3.2
5 8.1± 55.5 31.9± 124.7 31.2± 85.1
6 5.7± 39.9 79.6± 445.4 15.2± 20.1
7 12.8± 43.8 44.7± 184.9 16.6± 28.2
8 9.3± 14.8 358.1± 6756.6 0.24± 3.08
9 19.6± 27.5 36.5± 197.9 4.3± 7.2

Table 2: Annotation statistics at the document level:
Tokens (annotation size); Gap Size (tokens between
annotations); Count (annotations in document).

The persistent 0.13 to 0.16 differential between
Token F1 and Span F1 highlighted in Section 3.3 in-
dicates that while frontier LLMs successfully iden-
tify clinical concepts, they don’t always map these
concepts to the exact character boundaries defined
by the gold standard. To investigate the structural
cause of this gap, we conducted a comprehensive
annotation quality audit of the MedDec corpus and
a token level analysis of annotation statistics (see
Table 2).

We identified 104 same category overlapping
annotation pairs distributed across 79 documents
(representing roughly 17.5% of the validation cor-
pus). A manual review of these pairs revealed three
distinct fragmentation typologies:

• Boundary Extension Errors (n=21): These

are artificial splits caused by tokenizer arti-
facts, specifically where automated tools (e.g.,
Stanza) over extended annotation boundaries
adjacent to MIMIC III de-identification mark-
ers (e.g., [**...**]).

• Near Identical Duplicates (n=7): Annota-
tions covering the exact same semantic clini-
cal concept with minor 1 to 2 character shifts.

• Genuine Subspans (n=74): Hierarchical or
nested clinical decisions, of which 33 were
fragment level annotations under 20 charac-
ters in length.

The presence of these structural artifacts, par-
ticularly the 21 boundary extension errors linked
to de-identification masking, imposes a hard recall
ceiling on exact match extraction systems. Be-
cause strict span evaluation harshly penalizes par-
tial boundary misalignment, heuristic post process-
ing tools cannot systematically recover these points
without introducing false positives. Consequently,
we argue that the Token to Span gap is largely a
reflection of corpus level tokenization methodology
rather than a deficit in LLM clinical reasoning.

5 Conclusion

In this paper, we described the CanSA system for
the MedExACT@ACL 2026 shared task. Our team
developed three approaches including a training-
free extraction pipeline that combines length pre-
serving text normalization, stable API manage-
ment, and zero shot LLM inference, a supervised
fine-tuning approach, and a training-free retrieval-
augmented pipeline employing TF–IDF-based lexi-
cal retrieval to surface in-context exemplars from
the development corpus combined with section-
aware chunking, achieving a Final Score of 0.41 on
the official test leaderboard (Rank 34/37). Through
extensive post deadline evaluation on the first
method, we demonstrated the “RAG API Penalty”
where increased payload sizes trigger silent mid
transit connection timeouts and highlighted a sys-
temic Token to Span F1 gap. Our corpus audit links
this boundary fragmentation directly to tokenizer
artifacts at de-identification markers. We conclude
that while frontier LLMs possess strong clinical
semantic capabilities, their deployment in exact
match extraction tasks requires stability-first engi-
neering and necessitates tokenizer aware corpus
curation for future clinical benchmarks.
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Ethics and Data Statement

This work uses the MIMIC III critical care
database (Johnson et al., 2016), which is a re-
stricted dataset requiring credentialed access via
PhysioNet. All analyses were conducted in compli-
ance with the MIMIC III data use agreement. No
patient re identification was attempted. The Med-
Dec annotations (Elgaar et al., 2024) are publicly
available for research purposes.
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