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abstract: this task introduces Abductive
Event Reasoning (AER), a novel shared task, to
investigate the ability of Large Language Mod-
els(LLMs) to reason about the causality of real-
world events. More specifically, a data set con-
sisting of different topics and choices is intro-
duced, and we need to enable the model to select
the best options for the given event. Three meth-
ods are separately introduced to explore the
question, including the traditional natural lan-
guage processing(NLP) method (DeBERTa), the
enhanced knowledge graph(KG), and the KG
embedded in hyperbolic space. Our implementa-

tion could be downloaded: https://github.

com/MingkaiW/SemEval2026-taskl2

1 Introduction

Understanding why events happen is crucial for
humans making sense of the world and for intelli-
gent systems that aim to interpret it. While large
language models (LLMs) have achieved strong per-
formance on tasks such as event extraction, sum-
marization, and even forecasting, they still struggle
with abductive reasoning: inferring the most plausi-
ble cause of an observed outcome from incomplete,
noisy, or distributed evidence.

SemEval-2026 Task 12: Abductive Event Rea-
soning (AER) is designed to investigate this ability.
Given a real-world event and a set of retrieved
documents, the systems must identify the most
plausible and direct cause among multiple natural-
language candidates. Compared to standard in-
formation extraction or summarization, AER de-
mands structured, context-based causal reasoning
that combines textual evidence with prior knowl-
edge. Progress in this task has direct implications
for transparency, explainability, and decision mak-
ing, with potential applications in journalism, anal-
ysis, and public information systems.

In this paper, we study AER in a single-modality
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setting using three families of baselines: (i) a
classical embedding-based multi-label classifier
built on frozen representations and Logistic Regres-
sion, (ii) a strong discriminative multiple-choice
model based on DeBERTa-v3, and (iii) knowledge-
graph—augmented LLMs that leverage a COMET-
enhanced causal KG in either Euclidean (RotatE)
or hyperbolic (RotH) geometry. In the devel-
opment set, these systems obtain scores of ap-
proximately 0.73 (DeBERTa-v3), 0.60 (Euclidean
KG-LLM) and 0.61 (hyperbolic KG-LLM). The
results show that the discriminative DeBERTa-v3
baseline remains the strongest overall, COMET-
based KG-LLM methods substantially narrow the
gap, and moving from Euclidean to hyperbolic KG
embeddings yields only marginal improvements
under our current training regime.

2 Related work

The foundational benchmarks for abductive reason-
ing were first introduced in 2020 by the alphaNLI
dataset[Bhagavatula et al., 2020]. However, despite
the fact that LLMs have demonstrated impressive
capabilities in event extraction, summarization, and
future prediction, they still fall short in abductive
reasoning—inferring the most likely cause of a
given outcome from incomplete or distributed in-
formation. This could be viewed in many works
such as [Kiciman et al., 2024] [Chi et al., 2024]
[Miliani et al., 2025] [Liu et al., 2025b]. In this
task of SemEval-2026, it is necessary to reason
about the documents retrieved about real-world
news events [Cao et al., 2026]. Traditional NLP
methods and knowledge graph methods are suitable
for this task. Furthermore, we refer to a method
of enhanced KGJ[Liu et al., 2025a] to improve its
score. Another key point is that, We consider the
hyperbolic embedding model and try to integrate it
with the knowledge graph model to obtain a knowl-
edge graph model with hyperbolic embedding and
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verify its effect.[Sun et al., 2020] [Chami et al.,
2020]

3 Dataset

The team that proposed the task has built a high-
quality dataset that spans politics, finance, technol-
ogy, public emergencies, etc., where causal options
are carefully constructed and validated through
both LLMs and human annotators. Given the input
of an event (e.g., “Cryptocurrency Market Prices
Soar”) and a set of retrieved documents, the target
request that the model identify the most plausible
and direct cause, such as “Government announces
national cryptocurrency reserve”. One or more op-
tions may be correct, and the result of each instance
is measured by the Evaluation metric, where the
full match gets 1 point; the partial match gets 0.5
points; and the wrong match gets O points.

The whole data set is divided into train data,
development data and test data, the instances in
the first two include answers (the gold labels) for
training and tuning models, and in the test data set
the answer field is removed for evaluating the final
result.

Each data set above all split consists of two files:

e questions.jsonl:  event descriptions and
multiple-choice options, each line in it is a
JSON object representing one multiple-choice
reasoning instance;

e docs.jsonl: retrieved contextual documents
for each event, each record in the docs file
contains background context for an event.

Each instance consists of:

* Event: A short description of an observed real-
world event;

e Context: A set of retrieved documents related
to the event (also have some distractor docs);

* Options (A-D): Four candidate explanations
for the event, written as natural language sen-
tences.

Through pilot experiments, it has been proved
that even state-of-the-art LLMs struggle with this
task due to semantic distraction and a tendency
to plausible yet incorrect answers. These findings
reveal an important limitation in the current reason-
ing capacity of LLM.

4 Baselines Overview

4.1 LLMs

Baseline 1 uses fixed text (and optionally image)
embeddings with a shallow multi-label classifier.
For each AER instance, we compute frozen en-
coder embeddings and its associated documents,
aggregate them into a single feature vector, and
train a multi-output Logistic Regression model to
predict the set of correct options.

4.2 Natural language process (DeBERTa)

Baseline 2 shares a single text-preprocessing stage
and then splits into two branches: a zero-shot Uni-
fiedQA generator and a fine-tuned DeBERTa-v3
multiple-choice classifier. Both branches operate
on the same question—context serialization and out-
put a set of option labels that are scored with the
official SemEval metric.

+  SemEval AER metric

Figure 1: Pipeline for Baseline 2 (UnifiedQA +
DeBERTa-v3). A shared preprocessing step produces a
unified MCQA representation, which is consumed by a
zero-shot UnifiedQA branch and a fine-tuned DeBERTa-
v3 branch.

Each instance is first converted into a UnifiedQA-
style text-to-text input and a SWAG-style MCQA
record. UnifiedQA directly decodes the option
strings (e.g. "A,B") without task-specific training,
while *microsoft/deberta-v3-base’ is fine-tuned in
the MCQA format. Then both predictions are
equally evaluated.

4.3 Enhanced Knowledge graph

Relative to a standard KG pipeline (data — triples
— KG — embeddings — downstream task), our
Baseline 3 introduces several changes:

» Task-specific node set: entities anchored to
SemEval AER questions, candidate options,
and salient spans from retrieved documents;

* COMET-based causal edges: edges generated
mainly by COMET-ATOMIC 2020 causal hy-
potheses with task-focused relations (Causes,
isBefore, xEffect, oEffect, isAfter) instead of
generic factual predicates;
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* KG as knowledge layer: the KG is used pri-
marily for retrieval and knowledge compres-
sion, while final abductive reasoning is per-
formed by the LLM (DeepSeek-chat);

* Textualized KG context: the retrieved triples
are verbalized into short natural-language
snippets and fused with the text of the doc-
ument and the MCQA prompt;

Figure 2: Figure of a standard knowledge graph

4.4 Knowledge graph embedded on the
hyperbolic space

From a geometric perspective, Baseline 3 and Base-
line 4 share the same COMET-enhanced causal KG,
the same triples, and the same ranking objective;
the only change is the embedding space.

In Baseline 3, we used a Euclidean RotatE em-
bedding in a complex space. Each entity e is rep-
resented as a complex vector e € C¢ and each
relation 7 as a unit module complex vector r € C%
with |r;| = 1. Given a triple (h,r,t), RotatE ap-
plies a relation-specific rotation and scores

fROtatE(h7T7t) =7 Hhor—tH27 (1)

where h o r is the multiplication of complexes in
elemental order, ||-||2 is the Euclidean norm, and
~ is a fixed margin. Training minimizes a margin-
based ranking loss with negative triples N'(h, r, t):

LRotatE = Z |:_ log O'(fRotatE(ha T t))
(h,r,t)

>

(hl 7r7t/ ) eN(h7T7t)

log U(_fRotatE(h,7 Ty t,))} ’

In Baseline 4, we keep the same triples and loss
shape, but embed entities in a Lorentz-model hyper-
bolic space instead of a Euclidean space. Entities
live on the Lorentzian hyperboloid

HY = {z e R&Y: (2,2) = —1, o > 0},

where the Lorentzian inner product is defined as

d
(u,v) = —ugvo + Y _ uvs,
i=1

and the hyperbolic distance between two embed-
dings of the entity u,v € H? is defined as

dr,(u,v) = arcosh(—(u,v)p).

The relations are modeled as transformations ¢,
that act on hyperbolic points, and the triple score
becomes

frowi(h, 7, t) = —dp(or(R), t).

Then the loss is analogous to RotatE but uses the
hyperbolic score:

LRoH = Z |:_ log g (fRotH(ha T, t))
(h,ryt)
-

(Wt )EN (h,r,t)

log o (— fromt (. 7, t/))} .

5 Experiment setup

5.1 Data Splits and Usage

We follow the official SemEval-2026 Task 12 data
splits: sample (200 instances, 10 topics), train
(1,819 instances, 36 topics), dev (400 instances,
36 topics) and test (612 instances, 20 topics). All
baselines consume the JSONL/JSON files provided
by the organizer (’questions.jsonl’ and ’docs.json’)
without changing labels or topics.

For Baseline 2, UnifiedQA is applied in zero-
shot to the preprocessed dev and test splits. The
DeBERTa-v3 branch trains on the processed train
split and uses dev for model selection; the selected
checkpoint is then run once in test to produce the
final submission. For Baseline 3 and Baseline 4, we
use the full train split to build the causal KG (events
and options as entities) and run the KG-LLM QA
pipeline in dev and test.

5.2 Preprocessing and Hyperparameters

Table 1 summarizes the main preprocessing and hy-
perparameter settings for all single-modality base-
lines. We list only the most influential numerical
choices; additional implementation details are de-
scribed in the corresponding baseline subsections.

Beyond the settings in Table 1, the Baseline 2
additionally uses a SWAG-style multiple-choice
encoding with full multi-label field 1abels_all.

823



Baseline Input / representation Model / geometry Dim Max length/to- Batch Epochs LR
kens
B1: Classical Qwen text emb; SigLIP  Logistic Regression - - - - -
img (opt.); concat + (multi-output, Eu-
StandardScaler clidean)
B2: UQA + DeBERTa Q + 4 options + <  UnifiedQA (T5); 768  UQA:512-768; 4-8 3 2e-5

5 docs; title+body —

2048 chars
B3: KG + RotatE Same text as B2 +
COMET triples —
Causal KG chat
B4: KG + RotH Same as B3 (COMET-
enhanced KG) bolic,

DeBERTa-v3 MCQA

RotatE KGE (Eu- 256

RotH KGE (hyper- 32
Lorentz) +

DeBERTa: 256

KG text ~ 400- 256 100 le-3

clidean) + DeepSeek- 500

Same as B3 256 < 60 Se-4

DeepSeek-chat

Table 1: Preprocessing and key hyperparameters for the baseline 1-4.

Baselines 3 and 4 share the same COMET-
enhanced causal KG and prompt-fusion strategy,
differing only in the geometry of the KG encoder
(Euclidean RotatE vs. hyperbolic RotH).

5.3 Libraries and Tooling

The experiments are run in a Conda environ-
ment based on Python 3.10 on Windows 11,
with the packages PyTorch 2.10.0 and Trans-
formers 4.36.2. UnifiedQA and DeBERTa-v3
are loaded from the Hugging Face Model Hub
(https://huggingface.co), and COMET-ATOMIC
2020 from ’mismayil/comet-bart-ai2’. Hyper-
bolic embeddings are based on Geoopt 0.5.1
(https://github.com/geoopt/geoopt). LLM calls
use the official Python SDKs for OpenAl (ope-
nai 2.15.0) and Anthropic (anthropic 0.76.0), plus
huggingface-hub 0.36.0 when needed.

6 Results
6.1 Comparisons between NLP and KG

System Backbone /  Score Exact Partial ~ Error
LLM Match ~ Match  Rate

Baseline 1 claude-3- 03925 315% 155%  53.0%

(LLM) haiku

Baseline 2 DeBERTa  0.7250 49.5% 46.0% 4.5%

(MCQA) v3 base

Baseline claude-3- 0.4625 3325% 26.0%  40.75%

3 (KG + haiku

Haiku, no

COMET)

Baseline DeepSeek- 0.6088  46.25% 29.25% 24.50%

3 (KG + chat

DeepSeek +

COMET)

Table 2: Dev_set (dev_data, N = 400) comparison
among Baseline 1 to Baseline 3

The DeBERTa v3 base classifier (Baseline 2)
achieves the best dev-set score, with high exact
and partial match rates and a very low error rate.

Among KG-LLM systems, switching from Haiku
to DeepSeek-chat and enabling COMET-based KG
expansion yields a strong gain over the Haiku +
KG configuration.

6.2 Comparisons between KG and Hyperbolic
embedded KG

We next evaluate Baseline 4, which keeps the
COMET-enhanced causal KG and DeepSeek-chat
LLM but replaces the Euclidean RotatE embed-
dings of Baseline 3 with hyperbolic RotH embed-
dings trained on the same graph.

System Backbone /  Score Exact Partial  Error
LLM Match ~ Match  Rate

Baseline DeepSeek- 0.6088  46.25% 29.25% 24.50%
3 (KG + chat

DeepSeek +

COMET)

Baseline DeepSeek- 0.6100 46.75% 28.50% 24.75%
4(Hyper- chat

bolic KG +

DeepSeek)

Table 3: Dev set (dev_data, N = 400) comparison
among Baseline 3 and Baseline 4

Baseline 4 slightly improves the overall dev
score over the best Baseline 3 configuration (0.6100
vs. 0.6088), with a marginally higher exact-match
rate and a very similar error rate. This suggests that
once a strong COMET-enhanced prompt is in place,
switching the KG representation from Euclidean
RotatE to hyperbolic RotH has a tiny effect on the
accuracy of the end-task.

7 Conclusion

We investigate abductive event reasoning in a
single-modality setting using three progressively
stronger baselines. A classical embedding-based
classifier (Baseline 1) provides a lightweight refer-
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ence point, but is clearly outperformed by a fine-
tuned DeBERTa-v3 multiple-choice model (Base-
line 2), which achieves the best overall dev-set
score. Building a COMET-enhanced causal knowl-
edge graph and prompting LLMs with structured
causal context (Baseline 3) substantially improve
the score, demonstrating the value of external com-
mon sense knowledge. Extending KG with hyper-
bolic RotH embeddings (Baseline 4) does not im-
prove much compared to Baseline 3, and retrieval-
only KGE ablations perform far below COMET-
based prompts. In general, our results suggest
that high-quality textualized causal knowledge and
strong discriminative MCQA backbones remain the
primary drivers of AER performance, while more
complicated KG geometries offer limited gains un-
der current training budgets.
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