LLM-INSTRUCT at UZH Shared Task 2026:
Constraint-Aware Retrieval and Selective Debate for
Paragraph-Level Argument Mining

Phuong Huu Vu Tran'""*, Long Minh Vo*"™, Son Nguyen Minh Le!, Hoang Van>?
'Vietnamese-German University, Vietnam
2RMIT University Vietnam, Vietham
3VANGIA INNOVATIONS, Vietnam
“These authors contributed equally.
““Corresponding authors: 10425032 @student.vgu.edu.vn, s4215945@rmit.edu.vn

Abstract

We present LLM-INSTRUCT, the winning sys-
tem for the UZH Shared Task at ArgMining
2026 on paragraph-level argument mining in
UN and UNESCO resolutions. The task re-
quires paragraph-type classification, prediction
of a subset of 141 official tags, and directed
relation prediction under a strict JSON schema
setting using only open-weight models up to 8B
parameters. We frame the task as constrained
structured prediction. The system first narrows
the candidate tag space with metadata-aware
dense retrieval, then applies constrained decod-
ing with per-dimension caps, escalates only
uncertain cases to a three-agent debate branch,
and finally validates the output schema. On the
official leaderboard, LLM-INSTRUCT ranked
1st overall, with 1st in F1 and 5th in LLM-as-
a-Judge. During development, our configura-
tion search further improved Task 1b Micro-F1
from 35.83% to 40.08% while keeping the in-
ternal Task 2 score at 4.421. The main lesson is
simple: reducing the decision space before gen-
eration improves both accuracy and submission
robustness. Our code and supporting scripts are
publicly available at: https://github.com/LLM-
Instruct-at-UZH-Shared-Task-2026/Method

1 Introduction

The UZH Shared Task at ArgMining 2026 asks partic-
ipants to reconstruct argumentative structure in highly
formal institutional texts. For each paragraph, a system
must determine whether it belongs to the preambular or
operative part of a document, assign a subset of 141 pre-
defined thematic tags, and recover directed argumenta-
tive relations to other paragraphs in the same document.
The task is difficult because the texts are long, the label
inventory is closed and structured, and the submission
format is strict: non-conforming JSON is not evaluated.
In other words, the benchmark requires both semantic
plausibility and schema-valid output.

This benchmark is better viewed as a constrained pre-
diction task than as open-ended text generation. The
model must reason over long institutional paragraphs,
but it must also stay within a fixed label inventory,
preserve paragraph indices, and produce schema-valid

predictions. We therefore narrow the admissible out-
put space before final generation. Candidate retrieval
narrows the tag space; organizer-provided metadata is
reused in retrieval and in per-dimension caps; decoding
is projected back to the retrieved set; and final validation
enforces the submission schema.

This paper makes three contributions. First, it de-
scribes the end-to-end pipeline of the first-ranked LLM-
INSTRUCT submission under the official shared-task
constraints. Second, it identifies the key design choice
behind the result: constraining admissible tags before
generation instead of asking the model to search the
full 141-tag inventory. Third, it reports the development
trajectory that exposed the main failure mode of early
runs, namely cross-dimension over-prediction.

2 Related Work

Our system combines ideas from constrained decoding,
dense retrieval, debate-style reasoning, and argument-
mining pipelines. In particular, it is closest to settings
that restrict admissible outputs before or during decod-
ing (Geng et al., 2023; Liu et al., 2022), while also draw-
ing on dense retrieval (Karpukhin et al., 2020), debate-
style control (Du et al., 2024), and prior argument-
mining work (Lawrence and Reed, 2020; Stab and
Gurevych, 2017). The difference in this shared task
is that semantic plausibility alone is not enough: pre-
dictions must also satisfy a strict output schema. For
broader context, our pipeline also contrasts with end-
to-end and text-to-text approaches to argument mining,
including structured prediction as generation (Paolini
et al., 2021), end-to-end universal argument mining
(Cao, 2023), fine-tuned LLM pipelines for AM (Cabessa
et al., 2025), and recent LLM work on relation-based
argument mining (Gorur et al., 2025).

3 Proposed Method

Figure 1 summarizes the pipeline. The final leaderboard
run has three prediction stages followed by a submission-
safety layer. We design the pipeline to satisfy these
strict task constraints while keeping generation tightly
controlled. We describe its components next.

3.1 Type stage

Each paragraph is first classified as preambular or op-
erative. In development, we found that a deterministic
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Figure 1: System pipeline. The winning configuration reduces the decision space before final generation: dense
retrieval creates an admissible tag set, organizer-provided metadata is encoded in the tag prototypes and reused
for per-dimension caps, and high-uncertainty cases are escalated to a three-agent debate branch whose output is
projected back onto the same admissible label set before final schema validation.

Table 1: Representative triggers used by the type heuris-
tic.

Rule type Example opener Predicted
type

French pream- Considérant ..., Recon- preambular

bular cue naissant ..., Rappelant ...

French opera- Demande ..., Souligne ..., operative

tive cue Attire ..., Proclame ...

English com- Callsupon ..., Takes note  operative

pound cue .

Numbering pat- 1., 2), (3) at para- operative

tern graph start

Fallback no cue matched preambular

heuristic was more stable than a pure LLM-based alter-
native, so the final configuration keeps this step rule-
based. Specifically, we classify paragraphs as operative
when they match explicit numbered clause patterns or
operative cue phrases, and otherwise default to pream-
bular. Table 1 gives representative triggers used by the
heuristic. This reduces variance early in the pipeline
and avoids propagating unstable type decisions to later
stages.

3.2 Metadata-aware tag retrieval and decoding

The tag stage is the core of the system. We read the
official tag CSV and keep rows whose CODE field is
neither empty nor NA. For each remaining tag ¢, let d;,
ct, and y; denote its released dimension, category, and
CODE fields. We textualize the tag prototype as

Dy = dy || Ct || Yt,

where || denotes string concatenation. We then embed
both p; and the paragraph text with intfloat/e5-base-v2
(Wang et al., 2022), and cosine similarity is then used
for dense top-k retrieval (Wang et al., 2022; Karpukhin
et al., 2020).

This design makes the retrieval process metadata-
aware: dimension and category information is present
inside the prototype text before final tag generation.
The LLM never predicts over the full 141-tag inven-
tory. Instead, it selects from the retrieved closed set.
In the final run, we apply a global cap of 5 tags per
paragraph and a per-dimension cap of 2 tags. These
fixed controls limit redundancy within a single semantic
region and suppress cross-dimension over-prediction.
Finally, any decoded label outside the retrieved candi-

date set is rejected. Together, these controls address
the main failure mode observed during development,
namely cross-dimension over-prediction.

In addition to retrieving candidate tags, the final tag
prompt includes up to three retrieved in-context exam-
ples from the training release when their embedding
similarity exceeds 0.70. These examples are used only
as contextual evidence for how similar paragraphs are
tagged; they do not expand the official tag inventory,
and the final prediction is still projected back to the
retrieved closed set.

3.3 Selective debate branch

We also implement a hard-case route with three open-
weight 8B agents-Qwen3-8B (Yang et al., 2025), Llama-
3.1-8B-Instruct (Grattafiori et al., 2024), and Ministral-
8B-Instruct (Mistral Al, 2024)-inspired by debate-style
reasoning (Du et al., 2024).

Under this setup, a debate is triggered only for uncer-
tain paragraphs, namely cases where the top-1 tag mar-
gin is low under a development-tuned routing rule, the
heuristic and generator disagree on type, or the retrieved
candidates show strong overlap across competing tag
dimensions. Each agent proposes a type/tag hypothesis,
the agents exchange one focused rebuttal round, and
a constrained selector accepts only labels that remain
inside the retrieved candidate set while reapplying the
same per-dimension caps. Put differently, debate never
expands the admissible label set; it only helps resolve
hard cases within the same retrieved closed set.

3.4 Relation stage

Relation prediction starts from sparse candidate gen-
eration rather than exhaustive all-pairs scoring. For
clarity, Table 2 summarizes the four official relation la-
bels used in Subtask 2. For each source paragraph, we
form a candidate target set by taking all targets within
a locality window of one paragraph and adding the top
six embedding-similar targets in the same prediction
instance. This keeps nearby discourse links available
while still allowing non-adjacent semantic links.

The Qwen3-8B generator then scores each candidate
pair using only the four official labels in Table 2 or
a no-edge option. We keep pairs whose confidence
is at least 0.40 and cap each source paragraph at five
outgoing edges, ranked by confidence. These filters
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Table 2: Official relation labels in Subtask 2.
Label

Informal meaning

supporting strengthens or justifies another para-
graph

complemental adds compatible information with-
out conflict

modifying narrows, qualifies, or conditions an-
other paragraph

contradictive conflicts with or contradicts another
paragraph

control the density of the relation graph and prevent
relation prediction from becoming an unbounded all-
pairs generation problem. Because the held-out test
release does not expose gold relation labels, we report
relation-output statistics rather than gold precision or
recall for this stage.

3.5 Submission safety

The final stage focuses on submission validity. It nor-
malizes schema variants at ingestion, validates required
keys before export, enforces the official relation label
set, checks paragraph-index consistency, and attempts
to repair malformed JSON up to three times when neces-
sary. This component is essential because submissions
that violate the required format do not receive an official
score.

4 Experiments
4.1 Data and Official Setting

The shared task contains two subtasks. Subtask 1 pre-
dicts paragraph type (preambular or operative) and a
multi-label subset of 141 official tags. Subtask 2 pre-
dicts paragraph-to-paragraph links and labels each di-
rected relation as contradictive, supporting, complemen-
tal, or modifying. Official ranking averages an auto-
mated F1 metric and an LLM-as-a-Judge score. Be-
cause the public leaderboard reports ranks rather than
absolute values, we report official rank positions and
complement them with internal development metrics.
The organizers release a large unlabelled training set
drawn from 2,695 UN resolutions from the UN-RES
corpus associated with the SpiritRAG resource (Gao
et al., 2025), together with a held-out UNESCO eval-
uation split. We use the task release as provided by
the organizers and do not introduce additional training
labels. The texts are provided in French, with English
translations provided by the task organizers to support
non-French-speaking participants. In our final configu-
ration, Task 1 and Task 2 read the English field when-
ever it is available and otherwise fall back to the original
French paragraph. We prioritize English when available
because the organizer-provided translations simplified
prompt design, qualitative inspection, and debugging
for a non-French-speaking team. The task page also re-
leases a CSV file, evaluation_dimensions_updated.csv,
containing the official tag inventory together with di-
mension and category metadata. Our method uses this
file directly in both retrieval and decoding. In the current

analyzed artifact, all evaluated instances had English
available, so we do not present a separate French-only
case study in this version.

4.2 Models and Evaluation Protocol

The final system complies with the task policy of us-
ing only open-weight models with at most 8B param-
eters. The main generator is Qwen3-8B in 4-bit infer-
ence mode (Yang et al., 2025). Dense retrieval uses
intfloat/e5-base-v2 (Wang et al., 2022). Table 3 reports
the deterministic settings of the best performing internal
configuration.

We report two complementary views of performance.
First, we present the official leaderboard results on the
test set. Because the organizers have not yet released
the exact official scores, we report rank positions rather
than absolute scores. Second, we report the internal
development trajectory that guided system selection and
revealed the main failure mode. Following the shared-
task setup, our internal evaluation uses Task 1 scores
together with a Task 2 score derived from judge-based
relation assessment. Code, prompts, and supporting
scripts are publicly available at our GitHub repository.

Component Setting

Generator Qwen3-8B (4-bit)

Reasoning budget 256

Embeddings intfloat/e5-base-v2

Language path English if available, else French
Type mode heuristic

Tag retrieval

Tag textualization
Tag decoding
Per-dimension cap
Relation candidates
Relation filtering

cosine top-k, k = 40

Dimensions | Categories | CODE
threshold 0.33; max 5 tags

max 2 tags per dimension

window =1,k =6

threshold 0.40; max 5 edges/source

RAG examples k = 3, minimum cosine score 0.70
Debate enabled for hard cases
JSON repair max 3 retries

Table 3: Key settings of the strongest internal configura-
tion and the final leaderboard submission.

4.3 Results
4.3.1 Final Rank on the Official Leaderboard

Table 5 gives the official leaderboard ranks. The main
empirical outcome is straightforward: LLM-INSTRUCT
ranked 1st overall. The table also shows the strongest
competing teams and our earlier submission, LLM-
Instruct-2, which corresponds to the earlier Phase2-style
configuration.

This pattern is consistent with the design priorities
of the system. The gains appear strongest when the
benchmark rewards valid structured output. The official
rank-1 outcome therefore supports our central claim that
schema-aware control layers are useful for paragraph-
level argument mining under hard output constraints. It
also aligns with the internal trajectory in Table 4, where
the earlier submission LLM-Instruct-2 ranked below the
final LLM-INSTRUCT system.
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Run  Dominant setting

TlaAcc TlaF1 TibP TibR TibF1 T2 Judge

Phase_0 Initial baseline from the internal script

Phase_1 Recall-oriented tagging; looser selection
increased over-prediction

Phase_2 Further recall-oriented tuning; cross-
dimension false positives remained high

Phase_3 Final constraint-aware run  with
metadata-aware retrieval, selective de-
bate, per-dimension caps, and closed-set
validation

72.19
85.81

85.77

86.08

69.69 5492 2659 35.83 4.421
83.21 21.57 30.11 25.13 4.388
83.16 21.53 30.09 25.10 4.364
83.49 4994 3347 40.08 4.421

Table 4: Internal development trajectory. T1la is paragraph-type classification; T1b is tag assignment. T2 Judge is
the internal LLM-as-a-Judge weighted relation score. The main correction from Phase 1/2 to Phase 3 is precision
recovery under a similar recall regime, consistent with the over-prediction diagnosis.

Team F1  Judge Final
LLM-Instruct 1 5 1
Prompteam 5 1 2
Argchestrators 2 6 3
HybridArguer 4 3 3
LLM-Instruct-2* 7 4 6

Table 5: Official leaderboard ranks from the UZH
Shared Task. *LLM-INSTRUCT-2 is our first submis-
sion and corresponds to the earlier Phase2-style run.

4.3.2 Development trajectory

Table 4 summarizes the main development phases. We
explain the phases explicitly because the most useful
lesson from development is not merely that the final run
scored higher, but why it scored higher.

The pattern is informative. Early recall-oriented
configurations raised coarse paragraph-type scores but
harmed Task 1b badly. The reason was over-prediction:
loose tag selection created many cross-dimension false
positives. The final run corrected this failure mode by
combining metadata-aware retrieval before generation,
retrieved examples in the tag prompt, per-dimension
caps during selection, and strict closed-set validation
after decoding.

4.3.3 Component diagnostics

We next report a compact component diagnosis, keeping
only the results that show clear accuracy or robustness
effects. The subset ablations use the same stratified
12-document subset and the same fast decoding setting,
so they should be read as relative component evidence
rather than absolute final-system scores. Details are in
Table 6.

The strongest component effect comes from metadata-
aware prototypes: replacing the Dimension | Category |
CODE prototype with CODE-only text reduces subset
Task 1b F1 by 7.74 points. Retrieved examples are also
useful: removing them lowers recall from 22.76% to
16.68% and F1 by 5.17 points. By contrast, closed-set
filtering does not materially change subset F1, but it pre-
vents out-of-candidate and invalid raw tags from reach-
ing the final JSON. A full-corpus per-dimension-cap
ablation shows a smaller regularization effect: remov-
ing the cap changes F1 from 40.26% to 39.84% and
increases false positives from 3,529 to 3,575.

Box 4.3.3 shows a representative output.

Variant P R F1 A

Subset baseline 3724 2276 28.26 -
No RAG examples 37.52 16.68 23.09 -5.17
CODE-only prototype 27.89 16.23 20.52 -7.74
No closed-set filter 3745 23.08 28.56 +0.30

Table 6: Subset component diagnostics for Task 1b on
a stratified 12-document subset under the same fast de-
coding setting. Removing retrieved examples mainly
reduces recall, while replacing metadata-aware proto-
types with CODE-only prototypes substantially reduces
both precision and F1. Closed-set filtering has little
effect on F1 but is retained for schema safety.

Box 4.3.3: Representative model output

Paragraph (English). “While acknowledging that the num-
ber of compulsory school years may vary between countries,
[the Conference] considers it desirable that the number of ac-
tual years of schooling should in no case be less than seven,
and notes that this minimum is already exceeded in many
countries.”

Type. operative

Tags. LAW_REG, ISC_1

Outgoing relations. 2, 4, 7 — complemental.
Interpretation. A legal-regulatory recommendation aligned
with nearby policy paragraphs.

We also inspected Phase 3 errors by tag dimension.
The largest false-positive counts came from broad di-
mensions such as Policy theme (623 FP), Teachers
(547 FP), Legal frameworks (388 FP), Curriculum (325
FP), and Education level (321 FP). The most frequent
false-positive tags were LAW_REG (194 FP), POL_EIE
(161 FP), T_OTHER (137 FP), POL_CUR (110 FP),
and PEDAG_OTHER (93 FP). This supports the over-
prediction diagnosis: broad policy-related dimensions
are semantically close to many paragraphs and are there-
fore easy to over-select under recall-oriented prompting.

Performance also varied strongly by tag frequency.
For tags appearing more than 20 times in the internal
reference, Phase 3 achieved 57.22% precision, 33.71%
recall, and 42.43% F1. For medium-frequency tags
with 6-20 references, F1 dropped to 16.61%; for rare
tags with at most five references, F1 was only 2.51%.
Thus, the constraint-aware design reduced broad over-
prediction but did not solve sparse-label recognition.

More concretely, disabling closed-set filtering intro-
duced 8 official tags outside the retrieved candidate set
and 5 invalid raw tags in the trace, even though the sub-
set F1 changed only marginally. We therefore retain this
step as a reliability guard rather than an accuracy-driven
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component.

4.4 Output statistics

Operationally, the final submission JSON is organized
by recommendation-level TEXT_ID values. The final
artifact contains 89 prediction instances spanning 44
unique source documents, where the source document
title is read from METADATA .structure.doc_title. All
runtime and output counts reported below are computed
at this prediction-instance level.

Because the held-out test release does not expose
gold relation labels, we cannot compute candidate re-
call or per-label precision/recall against gold for the
final submission. We therefore report descriptive out-
put statistics directly from the final submission artifact.
Across these prediction instances, the final system pro-
duced 13,323 directed edges among 132,840 possible
within-instance paragraph pairs, for a graph density of
10.03%. All four official relation labels are present:
8,949 complemental, 4,199 supporting, 160 modifying,
and 15 contradictive. Non-adjacent links were com-
mon: 9,566 edges, or 71.80%, spanned more than one
paragraph.

4.5 Compute report

The final run was executed on 2xNVIDIA GeForce
RTX 3090 24GB GPUs and processed the 89 prediction
instances in 1:42:03, averaging 68.81 seconds per pre-
diction instance, 2.07 seconds per paragraph, or 34.5
minutes per 1k paragraphs.

5 Discussion

5.1 System Strengths and Advancements

Four implementation choices appear central. First,
metadata-aware tag prototypes are important: the
CODE-only diagnostic produced the largest observed
subset drop. Second, retrieved examples improve recall
by supplying paragraph-level usage context without ex-
panding the label inventory. Third, admissibility rules
improve reliability by projecting predictions back to the
retrieved official candidate set. Fourth, per-dimension
caps act as a modest regularizer, reducing false positives
on the full corpus even though their absolute F1 effect
is smaller than the retrieval-related components.

5.2 Limitations

There are three main limitations in this work. First, the
relation stage is less mature than the tag stage and re-
mains sensitive to candidate generation and confidence
thresholds. Second, our component diagnostics are not
a full factorial ablation. Several toggles are evaluated
on a stratified subset under a faster decoding setting, so
they should be interpreted as relative component evi-
dence rather than absolute final-system scores. Third,
the default path prioritizes English translations when
available, so additional cross-lingual analysis on French-
only cases would be valuable in future work.

6 Conclusion

We presented a compact, constraint-aware, and
submission-safe system for paragraph-level argument
mining in UN and UNESCO resolutions. The system
combines metadata-aware dense retrieval, constraint-
aware decoding, selective debate for high-uncertainty
cases, sparse relation prediction, and explicit schema
validation. Taken together, these results suggest that un-
der hard output constraints, carefully designed control
layers and selectively applied multi-agent reasoning can
be as important as stronger generation.

Ethics Statement. Our system is intended for re-
search benchmarking on institutional text, not au-
tonomous legal or policy decision-making. Its design
keeps intermediate decisions auditable and makes its
constraints explicit.
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