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Abstract

Abductive Event Reasoning (AER) requires se-
lecting plausible causal explanations for ob-
served events from incomplete and noisy tex-
tual evidence. Unlike deductive reasoning, ab-
ductive inference proceeds from effects to can-
didate causes and is highly sensitive to distrac-
tor information and implicit multi-hop relation-
ships. We present a hybrid neural-symbolic
framework that models abductive reasoning
as structured causal validation rather than un-
constrained generation. Our framework inte-
grates hybrid retrieval, micro-level evidence
grounding, concept-level causal abstraction, re-
inforcement learning-based decision calibra-
tion, and structured Theorem-of-Thought verifi-
cation. Experiments on SemEval-2026 Task 12
show that LLM reasoning constrained by struc-
tured causal graphs achieves the strongest de-
velopment performance of 0.5288 and a leader-
board score of 0.61 on the test set, substan-
tially outperforming symbolic-only and policy-
only variants. These findings indicate that ex-
plicit causal modelling improves robustness in
document-grounded abduction tasks.

1 Introduction

Transformer-based large language models
(Vaswani et al., 2017) trained at scale and adapted
via parameter-efficient methods (Hu et al., 2021)
have significantly advanced natural language
reasoning. Structured prompting strategies such
as Chain-of-Thought (CoT) (Wei et al., 2022) and
Zero-Shot-CoT (Kojima et al., 2022), improve
multi-step inference reliability. Tree-of-Thought
reasoning (Yao et al., 2024) also extends rea-
soning into search-based exploration. While
Theorem-of-Thought (ToTh) reasoning formalises
problem solving as a structured, multi-agent
theorem-proving process. It decomposes reasoning
into abductive, deductive, and inductive inference
agents, whose outputs are organized into a formal
reasoning graph (Abdaljalil et al., 2025).

Despite these progress, most work emphasises
deductive, mathematical, or commonsense reason-
ing (Sun et al., 2023). Abductive reasoning, infer-
ring plausible causes for observed effects, remains
comparatively underexplored. Philosophically, ab-
duction is characterised by explanatory inference
under uncertainty (Magnani, 2023). Unlike de-
duction, it lacks guaranteed logical validity and
requires selecting the most plausible hypothesis
among competing explanations.

Cognitive research shows that humans perform
abductive reasoning through iterative hypothe-
sis—verification cycles (Bruner, 2017) while sup-
pressing irrelevant contextual information (John-
ston and Dark, 1986). These findings suggest
computational frameworks should explicitly model
causal authenticity and incorporate mechanisms for
distractor suppression.

Abductive commonsense reasoning datasets
(Bhagavatula et al., 2020) highlight explanation se-
lection challenges. Causal inference theory (Pearl,
2009) emphasises structured cause—effect model-
ing.

Neural-symbolic integration (Garcez et al., 2019)
combines structured representations with neural
generalization. Retrieval-augmented generation
(Lewis et al., 2020) improves factual grounding
but does not enforce causal constraints.

SemEval-2026 Task 12, formalises this chal-
lenge in Abductive Event Reasoning (AER). Sys-
tems must select causal explanations for real-
world events given noisy multi-document evidence.
Purely neural systems risk hallucinated causal
alignment, while purely symbolic systems lack se-
mantic flexibility. We propose a hybrid neural-
symbolic architecture combining structured causal
modeling with policy optimization and reasoning
verification.

Our contributions are as follows:

* Dual-view causal modelling through micro-
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level and concept-level knowledge graphs.

» Hybrid retrieval for robust evidence ground-
ing.

* Reinforcement learning aligned with partial-
credit evaluation.

* Structured reasoning verification using
Theorem-of-Thought.

2 Task Definition

Each instance of the dataset includes the following:
 Target event e
* Candidate options O = {04, 0pB,0c,0p}

S dn}

Where, A, B, C and D are the possible Answers for
each question.

* Supporting documents D = {dj, ..

2.1 Evaluation Metric

System performance is evaluated at the instance
level using an exact and partial matching scheme
over the predicted answer options.

Let G denote the set of gold-standard correct op-
tions for a given instance, and let P denote the set
of options predicted by the system. Each instance
receives a score according to the following criteria:

* 1.0 (Full Match): if P = G.

* 0.5 (Partial Match): if P is a non-empty
proper subset of G, i.e., the prediction con-
tains at least one correct option and does not
include any incorrect options.

* 0.0 (Incorrect): otherwise, including cases
where P contains any incorrect option or is
empty.

The objective is to predict Y C O. This can be
summarised as:
1.0 Y=Y
05 YCVY (D
0.0 otherwise

Score(Y,Y) =

The final system score is computed as the aver-
age score across all evaluation instances:

N
. 1
Final Score = N z; Score(P;, G;), (2)

where N is the total number of evaluation in-
stances.

3 Methodology

3.1 System Overview

Our approach builds on previous advances in
prompt-based reasoning, structured search, and
neural-symbolic modelling while addressing lim-
itations specific to abductive reasoning. In con-
trast to forward reasoning frameworks, we ex-
plicitly model reverse inference from observed
events to candidate causes. Inspired by hy-
pothesis—verification patterns in human cognition
(Bruner, 2017), we transform abductive inference
into structured forward validation over causal
graphs.

Additionally, it integrates hybrid retrieval, micro-
level evidence graphs, concept-level causal graphs,
reinforcement learning—based decision optimisa-
tion, and multi-path reasoning verification. This
unified architecture enables explicit modelling of
cause authenticity while mitigating interference
from irrelevant evidence.

By combining structured causal modelling with
multi-path reasoning and policy optimisation, our
framework advances abductive event reasoning be-
yond purely neural or purely symbolic approaches.

Our system consists of five major components,
which are; Hybrid retrieval module, micro-level
evidence knowledge graph, concept-level causal
knowledge graph, reinforcement learning policy
optimisation, and theorem-based reasoning verifi-
cation.

Figure 1 shows the architecture of our proposed
approach.

The hybrid retrieval component computes a com-
posite relevance score by linearly combining multi-
ple retrieval signals, including TF-IDF, BM25, and
lexical matching:

Sretr = aStfidf + BStmas + ’YSlex~ 3)

Retrieved evidence is then used to construct a
micro-level knowledge graph G,, = (Vi,, Enn)s
where nodes represent evidence fragments and can-
didate options, and edges encode local causal rela-
tionships extracted from text.

For each candidate option o, a micro-level sup-
port score is computed by aggregating supporting
and contradictory evidence weights:

Smicro(ok) = Z We — Z We. 4)

support contradict
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Figure 1: System architecture for the proposed framework to evaluate the Abductive Event Reasoning

In parallel, a concept-level causal knowledge
graph G. = (V, E.) models higher-level semantic
relationships between abstract concepts.

The concept-level score for each candidate op-
tion is derived by aggregating causal connections
between concepts appearing in the option and those
associated with the target event:

Sconcept(ok) = Z 1(01‘ € ok, ¢ € 6).

(Civcj)

(6))

Decision calibration is performed using a rein-
forcement learning policy my(a | s):

(6)

The reward function is aligned with the offi-
cial evaluation metric. Finally, structured reason-
ing validation is conducted through a Theorem-of-
Thought verification mechanism, where confidence
scores are aggregated and regularised using an en-
tropy term.

Refer to Appendix A for the implementation
details used.

mo(a | s).

4 Experiments

The dataset used had 1819 instances as a training
set, 400 as a development set, and a test set of 612
instances.

Figure 2(a) shows the distribution of causality
signals in the training set, indicating the relative

frequency of causal patterns. Figure 2(b) illus-
trates the distribution of supporting documents per
instance, highlighting the variability in evidence
availability across examples.

5 Results and Analysis

Our proposed system achieves a test score of (.61
on the leaderboard and a development score of
0.5288 when micro-level and concept-level knowl-
edge graphs are combined with LLM reasoning,
shown as S3 in Table 1). This variant outperformed
all symbolic-only and policy-only versions.

5.1 Ablation Study

To better understand the contribution of each archi-
tectural component, we conducted a comprehensive
ablation study on the full development set which
had 400 instances. Table 1 reports the evaluation
score on the development data, average prediction
set size, and invalid prediction rate.

5.2 Component-Level Analysis

Heuristic Baseline. The base verifier heuristic,
which is just the LLM with ID, S3 performed
poorly and achieved only 0.0838 with an average
prediction size of 2.685. The large prediction set
size indicates uncontrolled over-selection, confirm-
ing that abductive reasoning requires structured
modelling rather than naive scoring. This served as
the baseline used.
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Figure 2: Dataset statistics: (a) distribution of causality signals in the training set; (b) distribution of supporting
documents per instance.

ID System Variant Dev Score Avg. Pred Size Invalid Rate
S1  Base Verifier Heuristic 0.0838 2.685 0.00
S2  microKG Only 0.3675 1.005 0.00
S3  LLM Reasoning on (micro+concept) KG View 0.5288 1.115 0.00
S4  RL Verifier Only 0.4538 1.175 0.00
S5  RL Verifier + microKG 0.4538 1.175 0.00
S6  conceptKG Only 0.3225 1.000 0.00
S7  hybridKG (micro+concept) No LLM 0.3200 1.000 0.00
S8  Tree-of-Thought (Beam) 0.3200 1.000 0.00
S9  Graph-of-Thought Decision 0.3200 1.000 0.00
S10 RL Verifier + microKG + conceptKG 0.3863 1.315 0.00
S11 Hybrid Verifier-Level + RL(micro+concept) 0.4088 1.2625 0.00
S12  ThoT Verifier-Level + RL(micro+concept) 0.4588 1.3125 0.00

Table 1: Ablation results on the SemEval-2026 Task 12 development set. The base LLM model used was openAI’s
GPT-40 mini model
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Figure 3: Correct options in answers

Impact of Micro-Level Evidence Modeling.
The micro-level knowledge graph alone with 1D
S2 improved performance substantially to 0.3675
while maintaining a near-single-option prediction
size of 1.005. This demonstrates that explicit mod-
elling of local evidence—option relationships pro-
vides strong grounding and reduces distractor influ-
ence.

Concept-Level Causal Abstraction. The
concept-level knowledge graph alone with ID
S6, achieved a score of 0.3225, slightly below
microKG. This suggests that corpus-level causal
abstraction captures useful general patterns but is
less discriminative than direct evidence grounding
when used independently.
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Symbolic Hybrid Without LLM Reasoning.
The hybridKG variant without LLM reasoning with
ID S7 achieved 0.3200, and demonstrates that the
simple combination of symbolic graph signals does
not automatically yield performance gains. This
indicates that neural reasoning is necessary to ef-
fectively integrate multi-view graph information.

LLM Reasoning Over Structured Graphs. The
strongest result was achieved by ID S3 with a
score of 0.5288 on the development set. This was
achieved when the LLM was made to reason over
both micro-level and concept-level graphs. This
confirms that structured graph constraints enhance
neural reasoning and help mitigate unsupported
causal inferences. The improvement over ID S2
and ID S6 highlights the complementary roles of
local grounding and abstract causal structure.

Reinforcement Learning Calibration. The RL-
based verifier alone with ID S4 achieved a score of
0.4538, which outperformed symbolic-only graph
variants. This indicates that policy learning im-
proves calibration under the partial-credit evalua-
tion metric. However, adding microKG explicitly
to RL (S5) did not further improve performance,
suggesting that the learned policy already captures
much of the micro-level signal.

Verifier-Level Structured Reasoning. Struc-
tured reasoning at the verifier level improves ro-
bustness when combined with RL. Hybrid Verifier-
Level + RL with ID S11 achieved a score of 0.4088,
while Theorem-of-Thought Verifier-Level + RL
with ID S12 improved further to 0.4588. This
demonstrates that structured reasoning chains can
enhance stability when integrated with learned de-
cision policies.

Pure Tree-of-Thought and Graph-of-Thought
Strategies. Tree-of-Thought with ID, S8 and
Graph-of-Thought with ID, S9 decision strate-
gies without strong evidence grounding plateau at
0.3200. This suggests that reasoning search mecha-
nisms alone cannot compensate for weak evidence
filtering or insufficient causal modelling.

5.3 Key Findings

The ablation study reveals several important in-
sights, such as:

* Local evidence grounding (microKG) is more
informative than generalized concept abstrac-
tion when used independently.

* LM reasoning constrained by structured
knowledge graphs provides the largest per-
formance gain.

* Reinforcement learning improves decision cal-
ibration but does not replace structured rea-
soning.

e Structured reasoning (ThoT) enhances
verifier-level robustness when combined with
policy learning.

* Pure reasoning frameworks without strong ev-
idence modelling underperform.

Overall, the results support the central hypothesis
of this work, which is that abductive event rea-
soning benefits from explicit causal structure com-
bined with calibrated neural reasoning rather than
unconstrained generation.

6 Error Analysis

To better understand system limitations, we manu-
ally inspected incorrect predictions on the develop-
ment set and identified recurring error patterns. We
do not introduce new quantitative claims beyond
the reported ablation results but instead analyse
qualitative failure modes.

6.1 Implicit Multi-Hop Causality

Several errors occur when the causal relationship
between a candidate explanation and the target
event requires multi-step reasoning that is not
explicitly captured in either the micro-level or
concept-level graphs. In such cases, partial evi-
dence is present, but intermediate causal links are
missing, leading to under-selection.

6.2 Lexical Distractor Influence

Although hybrid retrieval reduces noise, some dis-
tractor options share strong lexical overlap with
supporting documents without representing gen-
uine causal relations. These cases reveal that lex-
ical similarity can still propagate into graph con-
struction, especially at the micro-level.

6.3 Concept Over-Generality

The concept-level knowledge graph abstracts se-
mantic relationships across documents. However,
in some instances, abstraction introduces overly
broad causal connections between semantically re-
lated but non-causal concepts. This occasionally
leads to over-selection.
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6.4 Subset Calibration Errors

Because the evaluation metric rewards exact subset
prediction, some errors arise from threshold calibra-
tion rather than incorrect ranking. In several cases,
the correct option receives the highest score, but
additional lower-confidence options are included,
resulting in partial or zero credit.

Overall, these error categories suggest that im-
proving edge precision in concept graphs and re-
fining subset calibration strategies are promising
directions for future work.

7 Conclusion

We presented a hybrid neural-symbolic framework
for Abductive Event Reasoning in SemEval-2026
Task 12. By modelling abduction as structured
causal validation over dual-view knowledge graphs,
our approach integrates hybrid retrieval, micro-
level evidence grounding, concept-level abstrac-
tion, reinforcement learning—based calibration, and
Theorem-of-Thought verification.

Ablation results demonstrate that LLM rea-
soning constrained by structured causal graphs
achieves the strongest development performance of
0.5288 and a leader board score of 0.61 on the test
set, substantially outperforming symbolic-only and
policy-only variants. These findings indicate that
explicit causal modelling improves robustness in
document-grounded abductive reasoning tasks.

Future work will look at how to improve multi-
hop causal edge construction, refine subset cali-
bration under partial-credit metrics, and explore
tighter neural-symbolic integration mechanisms. It
will also look at including more capable LLM mod-
els such as GPT-5.2 as the base model in addition
to other fine-tuned open source models.
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A Implementation Details

Hybrid Retrieval: For each instance, a query is
constructed through the concatenation target event
and candidate option. TF-IDF and BM25 scores
are computed using standard sparse retrieval over
the document corpus. Lexical matching is imple-
mented using token overlap between query and
document chunks. The final retrieval score is com-
puted as a weighted sum of normalised scores, and
the top-k evidence chunks are selected.

Edge Extraction: Edges in the micro-level graph
are constructed using rule-based causal pattern
matching over retrieved evidence. Specifically, we
identify causal indicators such as “because”, “due
to”, “leads to”, and “results in”. If a sentence con-
tains both a candidate option and a target event (or
related concept) connected by such indicators, a
causal edge is created.

Support and Contradiction Weights: Support-
ing evidence weights are assigned when the ex-
tracted relation is consistent with the candidate
causing the event. Contradictory weights are as-
signed when negation or inverse causal patterns
are detected. All weights are normalised based on
retrieval confidence.

Concept Graph Construction: Concept-level
graphs are constructed through the extraction of key
noun phrases and entities from retrieved documents.
Co-occurrence and causal patterns are used to form
directed edges between concepts.

Reinforcement Learning Setup: We model de-
cision selection as a classification problem over
candidate subsets. The policy is implemented using
gradient boosted decision trees trained on develop-
ment data. The reward function directly follows
the official evaluation metric, assigning 1.0, 0.5, or
0.0 based on prediction correctness.

LLM Reasoning: The LLM receives structured
representations of both micro-level and concept-
level graphs as input and generates reasoning traces
used for final scoring.
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