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Abstract

This paper describes the submission of team
POINTERS to the UZH ArgMining 2026
Shared Task, which aims to recover the argu-
mentation structure of UN and UNESCO reso-
lutions by labeling paragraph types, assigning
specific tags, and predicting relations between
paragraphs. We take a generative approach,
treating each resolution as a sequence of claim-
evidence pairs connected by explicit reasoning
strategies. First, each paragraph is classified
as preambular or operative and assigned tags
from a 126-code vocabulary, with the model
required to quote specific phrases to justify ev-
ery decision. Second, for each paragraph, we
first retrieve semantically related candidates
using sentence transformers, then use reason-
ing strategies as a diagnostic scaffold to label
the relation—supporting, complemental, con-
tradictive, or modifying—along with a quoted,
strategy-grounded rationale. Both steps run
locally on Qwen3-8B-GGUF (Team, 2025)
(NVIDIA RTX 4080, 16 GB VRAM) without
any cloud API calls. In the absence of labeled
data, we use Claude Sonnet 4.6 only for an in-
ternal diagnostic evaluation of the generated
reasoning traces. The results show that a sub-
8B open-source model can produce evidence-
grounded explanations for formal diplomatic
text, while relation labeling remains sensitive to
the distinction between retrieval and reasoning
strategy-based diagnosis.

1 Introduction

UN and UNESCO resolutions follow a recogniz-
able structure: a block of preambular paragraphs
that recall past agreements and establish context,
followed by operative paragraphs that issue direc-
tives and recommendations (Di Carlo, 2013). On
the surface, this structure looks tidy, but the ar-
gumentative connections between paragraphs, i.e.,

*Code available at https://github.com/SenSohom/
UZH-Shared-Task-ArgMining-Workshop-2026

why one preambular clause supports a particular
operative request, or how two clauses qualify each
other, are rarely made explicit. Recovering these
connections automatically is the goal of the UZH
ArgMining 2026 Shared Task, and it remains a diffi-
cult problem (Lippi and Torroni, 2016; Stede et al.,
2019). The task asks systems to annotate each
paragraph with a type (preambular or operative),
a set of education-dimension tags, and directed
argumentative relations to other paragraphs. The
task defines two tracks: one focused on producing
structured labels directly, and another that addition-
ally requires free-text reasoning trace (think field)
justifying each decision.

We developed two systems for this task and
present here the generative approach, which partic-
ipates in the reasoning-trace track. Team POINT-
ERS chose this track because the reasoning traces
make the system’s decisions interpretable and pro-
vide a richer signal for evaluation. Our start-
ing point is evidential reasoning (Toulmin, 2003;
Vaidya and Dasgupta, 2020), which describes how
a reader moves from observed evidence to a sup-
ported claim via systematic reasoning strategies.
We adapt this to the resolution domain: preambu-
lar paragraphs play the role of evidence, operative
paragraphs are the claims they support, and the
four relation types in the task map cleanly onto
four reasoning strategies—Causal, Corroboration,
Contrastive, and Triangulation. This framing gives
the model a principled vocabulary for explaining
its decisions rather than labeling in a vacuum.

To keep the system accessible, we run the gener-
ation entirely on a local Qwen3-8B-GGUF model
(Team, 2025) on a single consumer GPU, using
Claude Sonnet 4.6 only for evaluation. The sys-
tem scores 77/100 on the test set under LLM-as-a-
Judge evaluation (Zheng et al., 2023), suggesting
that structured prompting with explicit reasoning
strategies can compensate meaningfully for the lim-
ited capacity of a sub-8B model.
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2 Tasks and Data

The shared task provides UNESCO International
Conference on Public Education (ICPE) resolu-
tions in French, each accompanied by an English
translation. Every resolution is stored as a JSON
file with a list of numbered paragraphs. Systems
must fill three fields for each paragraph.
Paragraph type. Each paragraph is either
preambular or operative. Preambular para-
graphs open with contextual keywords: Recalling,
Noting, Convinced, Welcoming. They explain the
rationale behind the resolution. Operative para-
graphs open with directive keywords: Requests,
Urges, Decides, Recommends. They constitute the
actual decisions.

Tag assignment. Each paragraph is assigned one
or more codes from a controlled vocabulary of
126 education-dimension tags. Tags cover ac-
tors (e.g., ACT_IO for international organisations),
legal instruments (LAW_INTER), and policy themes
(POL_EQUIT for equity). They capture both the the-
matic content and the argumentative function of
the paragraph.

Argumentative relations. For any pair of para-
graphs that are argumentatively connected, the
system assigns one or more relation types: sup-
porting (one provides the premise that justifies
the other), complemental (both assert the same
claim through different evidence), contradictive
(one limits or opposes the other), and modifying
(one adds conditions or exceptions to the other)
(Stab and Gurevych, 2014; Habernal and Gurevych,
2017). Relations are stored in a matched_pars
field keyed by target paragraph number.

Data. The training split contains 2,694 resolution
JSON files spanning ICPE proceedings from 1934
onwards (Gao et al., 2025). The held-out test set
has 89 resolutions with all annotation fields left
blank. With no gold labels, we rely on LLM-as-a-
Judge (Zheng et al., 2023) for our analysis.

3 Framework and Pipeline

Our starting point is the observation that resolu-
tions are structured arguments: preambular para-
graphs accumulate evidence (recalled treaties, doc-
umented problems, stated principles, etc.), and op-
erative paragraphs draw on that evidence to justify
a course of action. Our approach is based on two
main ideas. First, we use Toulmin’s argumenta-
tion model (Toulmin, 2003) to break down each
resolution into claim, evidence, and warrant, with

the warrant explaining how the evidence supports
the claim. Second, we define the warrant using
evidential reasoning strategies from argumentation
and psychology literature. We use four strategies:
causal inference (Pearl, 2009), which shows that
a premise leads to or supports a directive; cor-
roboration (Godden, 2019; Brem and Rips, 2000),
which finds agreement among independent pieces
of evidence for the same claim; contrastive reason-
ing (Lipton, 2013), which points out important dif-
ferences or opposing views; and triangulation (Bre-
itmayer et al., 1993), which supports a claim using
several different methods. We use these strategies
as a post-hoc reasoning scaffold for the shared-task
relation labels, rather than as a strict one-to-one
definition of the official schema.

This scaffold serves a practical purpose: it gives
the model a rationale for justifying relation labels
rather than choosing them arbitrarily. When the
model names a strategy, it commits to a specific
logical relationship that can be associated with the
paragraph text. At the same time, we treat the
strategy-label connection as a prompting device,
not as proof that the four strategies perfectly align
with the task labels.

The pipeline processes one resolution at a
time in two sequential steps. Before either
step runs, we build a semantic index over all
paragraph texts using sentence-transformers
(all-MiniLM-L6-v2) (Reimers and Gurevych,
2019), which we use in Step 2 to narrow the can-
didate set. Figure 1 summarizes this separation be-
tween candidate discovery and relation interpreta-
tion. The first stage is prognostic: semantic similar-
ity estimates which paragraphs are likely to belong
together, without yet deciding whether the connec-
tion is supporting, complemental, contradictive,
or modifying. This stage produces a small set of
candidate paragraph pairs for the target paragraph.
The second stage is diagnostic: the LLM receives
those retrieved pairs, the task schema, and the Evi-
dent Framework, and then explains how each pair
is argumentatively connected. The framework is
therefore used to expose the type of relationship
and generate the evidence-grounded think trace,
not to retrieve the pair itself.

The shared task provides relation labels, but
the labels alone do not tell the model what rea-
soning test to apply. The Evident Framework at-
taches a question to each label. For supporting, the
model asks whether one paragraph gives a reason,
premise, or justification for another. For comple-
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Figure 1: The two-stage Evident framework for uncovering argumentative links between resolution paragraphs.
Given a target paragraph P;, the Prognostic stage uses a sentence-transformer to retrieve its top-K semantically
similar neighbors, producing candidate pairs (P;, P;). The Diagnostic stage then reformulates each relation label
(SuPPORT, COMPLEMENT, CONTRADICT, MODIFY) as a reasoning question posed to an LLM, yielding a predicted
label together with a think-trace that grounds the decision in textual evidence.

mental, it asks whether two paragraphs reinforce
the same theme through different evidence. For
contradictive, it asks whether one paragraph in-
troduces opposition, tension, or an incompatible
position. For modifying, it asks whether one para-
graph narrows, conditions, or qualifies the scope of
another. This makes the transition from free-text
reasoning to task labels smoother: the model is
not only selecting a label, but also explaining the
corresponding inference using quoted evidence.

Step 1: Classification. For each para-
graph, we provide a sliding context window
of roughly 21 surrounding paragraphs (indices
[max(0,7—8), min(/V,i+13)]) and ask the model
to assign a type and tags. To keep the model
honest, the prompt requires a four-part reasoning
trace (Wei et al., 2022): it must quote the exact
opening keyword that signals the paragraph type,
name the specific phrase in the text that justifies
each tag, identify the dominant reasoning strat-
egy, and explain what role the paragraph plays in
the resolution’s argument. Paragraphs that con-
tain no substantive claim—document headers, date
stamps, institutional name lines—are flagged here
and skipped in Step 2.

Step 2: Relation prediction. For each argumen-
tative paragraph, we retrieve its top-15 semantic
neighbours from the index (minimum cosine sim-
ilarity 0.03) and filter out any that Step 1 flagged
as non-argumentative. This retrieval step identi-
fies candidate paragraph pairs before any reasoning
strategy is assigned. The model is then given the
source paragraph alongside its Step 1 metadata and
the filtered candidates, and asked to predict which
pairs are argumentatively connected and what the
relation type is. The Evident Framework is there-

fore applied after candidate selection: it helps the
model explain how a retrieved pair is connected,
but it is not the mechanism used to retrieve the
pair. Each predicted relation requires a five-part
trace: a quoted phrase from the source, a quoted
phrase from the target, the relation label with a brief
justification, the reasoning strategy and its logical
mechanism, and one relation type that was consid-
ered and rejected. This last requirement—naming
what was ruled out—turned out to be important in
practice; without it, the model defaulted to com-
plemental for most pairs because two thematically
identical paragraphs look superficially similar.
Output. After both steps complete, we combine
the Step 1 and Step 2 reasoning traces into a sin-
gle think field per paragraph, with relation traces
tagged by their target paragraph number (e.g., [—
para 5] ...). A short document-level sum-
mary is written to METADATA. structure. think.
Relation labels are stored in matched_pars as
{"target_para_number": [relation_types]},
matching the official submission schema.

4 Experimental Setup

This section describes the generation models used
for inference and the evaluation protocol used to
assess the quality of the reasoning traces.

4.1 Generation Models

To assess how well the Evident Framework trans-
fers across model families, we run experiments
with two open-source models of comparable scale,
both evaluated on the same NVIDIA RTX 4080
(16 GB VRAM) using identical prompts and the
same two-step pipeline. The primary model
is Qwen3-8B-GGUF (Team, 2025), loaded in
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Q8_0 quantisation via llama-cpp-python; it
fits entirely in VRAM with no CPU offload-
ing, and we prepend /no_think to suppress
its internal chain-of-thought, stripping any resid-
ual <think>...</think> blocks before parsing.
We additionally evaluate Llama-3.1-8B-Instruct
(Grattafiori et al., 2024) (Meta) under the same
hardware and prompt configuration. Across both
models, generation uses temperature=0.1 with a
repeat penalty of 1.1 to discourage looping, and to-
ken limits of 2,048 for Step 1 and 4,096 for Step 2.

4.2 Internal Diagnostic Evaluation

Because the organizers did not release gold labels
for the held-out test set, we could not compute offi-
cial F1 ourselves or reproduce the official shared-
task evaluation. We therefore use Claude Son-
net 4.6 only for an internal diagnostic evaluation
of reasoning-trace quality (Zheng et al., 2023; Liu
et al., 2023) via the Anthropic API. The judge sees
only the think field—no paragraph labels, no task
schema, no information about which model gen-
erated the text. This setup is not intended to re-
place the official metric, which uses the task’s own
evaluation protocol and judge model. Following
the rubric-based evaluation approach of Liu et al.
(2023), each trace is scored from O to 100 across
four criteria worth 25 points each, each grounded
in an established evaluation principle:

Specificity measures whether the trace quotes ac-
tual phrases from the source paragraph rather than
paraphrasing vaguely. This mirrors faithfulness
evaluation in NLG (Maynez et al., 2020), where
ungrounded claims are treated as hallucinations
regardless of surface plausibility.

Correctness measures whether the type, tag, and
relation decisions are plausible and whether the
model considered and rejected alternatives. This
aligns with standard argumentation mining evalua-
tion practice (Stab and Gurevych, 2014), extended
here to assess the reasoning behind the label rather
than the label alone.

Depth & Significance measures whether the
trace explains the paragraphs$ structural role in
the resolution$ argument, not just its surface con-
tent. This draws on argumentation quality research
(Wachsmuth et al., 2017), which identifies argu-
ment depth—explaining why a claim matters, not
just what it says—as a primary quality dimension
distinct from correctness.

Strategy Precision measures whether the named
reasoning strategy is correctly applied and its logi-

cal mechanism is shown rather than merely stated.
This is grounded in argumentation scheme theory
(Walton and Reed, 2005; Toulmin, 2003), which
holds that the validity of an inference depends on
correctly identifying its underlying scheme and sat-
isfying its critical questions.

Relation grouping and penalization. The four
relation types are not equally distinct from one an-
other. Complemental (Corroboration) and modify-
ing (Triangulation) share a common argumentative
function: both add nuance or supporting context
without directly justifying or opposing a claim. By
contrast, supporting (Causal) encodes direct jus-
tification and contradictive (Contrastive) encodes
direct opposition — each maximally distinct from
the other and from the complemental/modifying
group. For this internal analysis, we therefore ap-
ply a hierarchical penalization scheme: cross-group
confusions are penalized more heavily than within-
group confusions. Predicting complemental when
the gold label is modifying is treated as a softer er-
ror than predicting supporting when the gold label
is contradictive. This choice makes the diagnostic
rubric framework-dependent and should not be in-
terpreted as equivalent to the official relation-label
F1, where such confusions remain full label errors.

To avoid scores being dominated by one relation
type—complemental tends to be over-predicted—
we sample think fields using stratified sampling
across seven strata: preambular paragraphs, opera-
tive paragraphs, and one stratum per relation type.
Each stratum gets an equal share of a 20-sample
budget per document.

5 Results

Table 1 shows our internal diagnostic LLM-judge
scores on both splits. Because the organisers have
not released gold annotations for the test set, we
cannot compute official F1 ourselves; these scores
therefore assess reasoning-trace quality rather than
official task performance. The four criteria give a
clearer picture of where the generated reasoning
traces are strong and where they remain fragile.
They should be read as framework-dependent di-
agnostics: a model can produce coherent Evident-
Framework-style explanations while still assigning
some relation labels that differ from the official
gold annotations.

This distinction also helps explain the gap be-
tween pair identification and exact relation label-
ing. Candidate pairs are first proposed by semantic
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Llama-3.1-8B

Criterion Qwen3-8B-GGUF  -Instruct
Specificity 83 82
Strategy Precision 80 79
Correctness 78 76
Depth & Significance 75 71
Overall (Train) 84 81
Overall (Test) 79 77

Table 1: Internal diagnostic LLM-as-a-Judge scores (0—
100) per criterion and per model, evaluated using Claude
Sonnet 4.6 as the judge. Per-criterion scores are on the
test set; overall scores shown for both splits.

similarity, so the system can retrieve paragraphs
that plausibly belong together even when the later
diagnostic step chooses the wrong relation type.
The problem is most visible for complemental and
modifying, whose boundary is subtle: both involve
adding information to an existing theme, but modi-
Sfying additionally changes or qualifies that theme.

Specificity. This was consistently the strongest cri-
terion. Requiring the model to quote exact phrases
in every sentence of the reasoning trace turns out to
be an effective forcing function: the model rarely
falls back on generic statements when it knows the
judge is looking for verbatim evidence.

Strategy Precision. Adding litmus-test instruc-
tions for each relation type made a noticeable
difference. Early runs without these instructions
over-predicted complemental, because any two the-
matically identical paragraphs superficially look
like mutual reinforcement. Once we required the
model to name one relation it had ruled out and
explain why, predictions became more discriminat-
ing. However, this also shows the limitation of the
framework: committing to a reasoning strategy can
over-regularize fine-grained label decisions, like,
when distinguishing complemental from modifying.

Depth & Significance. This showed the most vari-
ance. Short resolutions with only a few preambu-
lar paragraphs gave the model little to work with
in explaining structural roles, resulting in lower
scores. Longer resolutions with layered preambu-
lar chains scored better, since the sliding context
window gave the model enough surrounding evi-
dence to make meaningful structural claims.

Correctness. Correctness scores were moderate
overall, which is expected: without gold labels, the
judge is estimating plausibility rather than mea-
suring accuracy. Tag assignment was the weakest
sub-component, partly because the 126-code vocab-
ulary is large and many codes are closely related.

6 Limitations

The main constraint on our evaluation is the ab-
sence of gold annotations. The judge score is a
useful diagnostic proxy for trace quality, but it is
not the same as measuring whether the predicted
labels are actually correct under the official schema.
A secondary limitation is that Qwen3-8B processes
each paragraph independently, which means early
classification decisions cannot be revised once later
paragraphs provide additional context. Finally,
Q8_0 quantisation may introduce small degrada-
tions on long structured outputs, though we did not
observe obvious failure modes in practice.

7 Conclusion

We presented the POINTERS system for the UZH
ArgMining 2026 Shared Task, treating resolution
annotation as a reasoning problem rather than a
flat classification task. Structured evidential rea-
soning probes embedded in every prompt force the
model to commit to textual evidence, name the log-
ical mechanism, and rule out alternatives—making
decisions falsifiable rather than merely fluent. Run-
ning on a local Qwen3-8B model, the system pro-
duces grounded reasoning traces under our inter-
nal diagnostic evaluation. At the same time, our
results show that an interpretable reasoning scaf-
fold should not be treated as a perfect substitute
for the official relation schema: semantic retrieval
can identify plausible paragraph pairs, while the
subsequent strategy-based diagnostic step may still
confuse fine-grained labels such as complemental
and modifying. The fine-tuning on gold-labelled
data once released would likely improve label ac-
curacy, decoupling pair retrieval from relation la-
beling may reduce framework-induced label errors,
and incorporating the French source text may re-
cover argumentative cues lost in translation (Palau
and Moens, 2009; Cabrio and Villata, 2018).
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