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Abstract

Abductive event reasoning requires identify-
ing the most plausible explanation for an ob-
served event, yet current language models strug-
gle to distinguish between explanations that
are lexically similar but abductively distinct.
We hypothesize that abductive plausibility oc-
cupies a representational dimension that is
largely absent from standard semantic embed-
ding spaces. To investigate this, we introduce
a dual-hypothesis framework that contrasts a
gold explanation, an evidence-derived expla-
nation, and a deliberately inverted explana-
tion. Using RST-guided hypothesis construc-
tion, frozen BGE-small embeddings, and sev-
eral contrastive and ranking objectives, we
attempt to recover an “abductive axis” capa-
ble of separating these hypotheses. Across
all objectives—including triplet loss, margin
ranking, InfoNCE, and difference-vector vari-
ants—training collapses: embeddings of all
hypotheses remain nearly identical (cosine
similarity ≈ 0.93–0.94), and no projection
head succeeds in recovering abductive structure.
These negative results provide strong empirical
evidence that abductive distinctions are not en-
coded in frozen semantic representations and
likely require joint fine-tuning or architectures
explicitly grounded in causal or discourse-level
reasoning. Our findings highlight fundamental
limitations of current embedding models for
abductive inference and motivate future work
on representations that encode explanatory ade-
quacy beyond surface semantics.

1 Introduction

The term abduction was coined by Charles Sanders
Peirce in his work on the logic of science. He in-
troduced it to denote a form of non-deductive infer-
ence that differs from the more familiar inductive
type. Peirce is also widely known as the father of
pragmatism, a philosophical tradition which holds
that ideas must ultimately be evaluated through

their practical and empirical consequences; within
this framework, abduction plays a central role.

Historically, abduction has been understood in
two closely related but distinct senses. In the first
sense, it refers to the role of explanatory reasoning
in generating hypotheses. In the second, more com-
mon in modern literature, it refers to the role of ex-
planatory reasoning in justifying hypotheses. This
latter interpretation is often described as Inference
to the Best Explanation. In practice, distinguishing
which sense of abduction applies in a given case is
difficult, and the nature of abduction has remained
a topic of philosophical debate.

This debate is not the focus of the present paper.
Instead, we take both senses of abduction as rele-
vant background, and we adopt a pragmatic stance
tailored to our setting. The present work focuses
on abductive event reasoning, particularly in the
context of artificial intelligence and, more specifi-
cally, large language models. The ambiguity and
contested nature of abduction in philosophy carries
over into AI research: determining what constitutes
a “better” explanation is far from straightforward.
Consequently, the ability of AI systems to perform
abductive reasoning has become an important re-
search question, given the increasing role of such
systems in everyday decision-making and inference
tasks.

In the context of explaining the likely cause of
an event, subjectivity and bias often influence how
explanations are formed. This is evident in news
reporting, where different outlets such as CNN
and Fox News may offer entirely different inter-
pretations or hypotheses about the same event. Be-
cause abductive reasoning naturally allows for mul-
tiple plausible explanations, its subjective nature
presents challenges for computational modeling.

To make abductive reasoning more tractable for
artificial intelligence, we restrict our focus to cases
where the explanatory relationship is primarily
causal rather than interpretive or opinion-based. By
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narrowing the task to cause–and–effect reasoning,
we reduce the influence of bias and subjectivity
on hypothesis formation. For example, given the
event “A building in Japan has collapsed and is
completely destroyed,” a plausible abductive hy-
pothesis would be “A major earthquake shook the
entire region.”

In contexts where the causal connection is direct
and well understood, forming a hypothesis is rela-
tively straightforward. However, many real-world
events do not admit clear causal explanations. For
instance, an event such as “The economy crashed
in 2008 because of . . . ” allows for multiple compet-
ing hypotheses, each reflecting different theoretical
perspectives and interpretations. In such settings,
abductive reasoning becomes significantly more
difficult because determining the best explanation
requires navigating subjective judgments and in-
complete information.

Although abductive reasoning in natural lan-
guage processing is an active area of research, it
remains a challenging task for current computa-
tional models. Foundational discourse frameworks
such as Rhetorical Structure Theory (RST) (Mann
and Thompson, 1987) provide reliable methods for
analyzing text by breaking sentences into a nucleus–
satellite structure and linking elementary discourse
units (EDUs) through relations such as Reason,
Evidence, and Elaboration. These relations are se-
mantically and lexically valuable, and they help
reveal how different parts of a sentence or passage
contribute to its overall meaning.

However, when modeling abductive reasoning
for events with multiple plausible explanations, se-
mantic similarity alone becomes insufficient. Many
explanations may share highly similar wording
while differing significantly in their explanatory
quality. This presents a major challenge for large
language models: among many lexically similar
candidates, how can a system determine which ex-
planation best accounts for the event, and how can
it avoid subtle drifts in meaning that lead to incor-
rect abductive conclusions?

The goal of this paper is to tackle precisely this
challenge. One of the core challenges in compu-
tational abductive event reasoning lies in how cur-
rent embedding models represent meaning. Most
pretrained encoders map semantically similar sen-
tences to nearby points in vector space, compress-
ing fine-grained distinctions that matter for abduc-
tive inference. When multiple explanations share
overlapping vocabulary or similar surface forms,

their embeddings become nearly indistinguishable,
even if their causal implications differ. This geo-
metric collapse makes it difficult for downstream
models to detect which hypothesis better accounts
for an observed event.

Similarly, likelihood-based scoring from large
language models tends to favor fluent or common
phrasing rather than explanations that genuinely
provide the strongest causal account. As a result,
both embedding similarity and LLM probability
often fail to reflect abductive plausibility, reveal-
ing a fundamental misalignment between common
representation methods and the requirements of
abductive event reasoning.

Although this paper is developed in the context
of addressing Task 12 on abductive event reasoning
for the SemEval competition, we also propose our
own theoretical perspective on how to approach
this challenging problem. Specifically, we aim to
isolate and model the abductive component of an
event explanation rather than relying on representa-
tions that merge abductive reasoning with semantic
and lexical similarity.

This abstract framework is intended to capture
the explanatory aspects of a hypothesis that make it
a plausible cause of an event, even when its surface
form or vocabulary is nearly identical to alternative
hypotheses. We therefore hypothesize that abduc-
tive reasoning occupies a representational space
that is partially independent of conventional seman-
tic similarity. In other words, two explanations
may appear almost identical lexically and lie close
together in an embedding space, yet differ substan-
tially in the strength of their causal support for an
event.

This suggests that the abductive dimension of a
hypothesis is not naturally encoded in pretrained
semantic models and must instead be learned or
revealed through an additional mechanism. By
treating abductive plausibility as a distinct repre-
sentational axis, we aim to create a framework in
which explanations can be compared not only by
what they say but by how well they account for the
underlying event.

To investigate this abductive space, we adopt a
dual-hypothesis formulation that distinguishes be-
tween two types of explanations. The first, denoted
Ha, represents a gold or reference hypothesis that
is known to provide a valid explanatory account
of the event. The second, Hb, is constructed from
retrieved evidence in the form of document snip-
pets and therefore reflects how an artificial system
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might infer an explanation from real-world text.
Although Ha and Hb may share substantial lexi-

cal or semantic overlap, their abductive plausibility
can differ in subtle but important ways. By com-
paring these two hypotheses within a controlled
representational framework, we aim to identify the
dimensions along which a model must discrimi-
nate in order to determine which explanation best
accounts for the observed event.

Building on this dual hypothesis framework, our
approach models abductive event reasoning by sep-
arating the semantic content of an explanation from
its explanatory adequacy. At a high level, our sys-
tem constructs structured representations of both
Ha and Hb, encodes them using a frozen sentence
encoder, and evaluates their plausibility through a
downstream scoring model designed to capture ab-
ductive distinctions that are not reflected in surface
similarity.

By grounding hypothesis construction in dis-
course cues and by treating abductive plausibility
as a representational dimension that must be ex-
plicitly learned, our method aims to identify the ex-
planation that best accounts for an observed event
even when competing hypotheses appear nearly
identical lexically or semantically.

The implementation in this study is available at
our github repo.

Our contributions are as follows:

1. Abductive Space Framework: We propose
a conceptual framework that treats abductive
plausibility as a representational dimension
partially independent from semantic similar-
ity, addressing a key limitation of embedding-
based approaches.

2. Empirical Validation on SemEval Task 12:
We instantiate the proposed framework in a
modeling pipeline and validate its effective-
ness on the SemEval Task 12 dataset, showing
that abductive plausibility can be directly mod-
eled and measured within this formulation.

2 Background and Related Work

Abductive reasoning has only recently been studied
within NLP, where the goal is to identify the ex-
planation that best accounts for an observed event.
The ART dataset introduced by Bhagavatula et al.
(2019) was the first large-scale benchmark for this
task, framing abduction as choosing the more plau-
sible explanatory sentence in a short narrative. Al-

though effective for probing basic explanatory in-
ference, ART primarily tests narrative coherence
rather than real-world, evidence-grounded reason-
ing.

Later work incorporated structured knowledge
such as event graphs (Du et al., 2021) or common-
sense resources to improve explanatory selection.
However, most existing approaches continue to rely
heavily on semantic similarity or typical event pat-
terns, making it difficult for models to distinguish
between explanations that are lexically similar but
differ in abductive strength. SemEval Task 12 ex-
tends this line of work by focusing on abductive
event reasoning grounded in retrieved text, offering
a setting where explanations may be semantically
close yet differ subtly in how well they account for
the event.

Rhetorical Structure Theory (RST), introduced
by Mann and Thompson (1987), is one of the most
widely used frameworks for modeling discourse
structure. In RST, relations are defined between
two spans of text, typically a nucleus and a satellite.
The nucleus expresses information that is indepen-
dently interpretable, while the satellite provides
supporting or contextual material that is meaning-
ful only in relation to the nucleus.

RST also segments text into Elementary Dis-
course Units (EDUs), which form the basis for
constructing interpretable discourse trees that cap-
ture explanatory and supportive relations in a docu-
ment. Several RST relations are especially relevant
for abductive or explanatory reasoning. Below we
present a few illustrative examples using original
sentences:

• Reason: The satellite provides the cause or
motivation for the nucleus.
[NUC Maria left the meeting early.] [SAT
She suddenly remembered an urgent appoint-
ment.]

• Elaboration: The satellite offers additional
detail about the nucleus.
[NUC The valley was difficult to reach.] [SAT
The narrow road leading there was covered in
ice.]

• Evidence: The satellite supplies information
that supports the claim in the nucleus.
[NUC The office must still be open.] [SAT The
lights on the third floor are still on.]

• Attribution: The satellite identifies the
source of information or reported speech.
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[SAT Investigators reported] [NUC that the
device malfunctioned due to a wiring defect.]

• List (Multinuclear): Multiple nuclei are pre-
sented without contrast or comparison.
[NUC The package included a user manual;]
[NUC a charging cable;] [NUC and a protec-
tive carrying case.]

3 Method

Our dataset consists of multiple-choice abductive
reasoning instances. Each instance contains a tar-
get event and a set of candidate explanations, with
one or more labeled as the gold explanation rep-
resenting the best abductive account of the event.
In addition, the dataset provides a collection of
retrieved articles related to the topic of the target
event. These documents serve as external evidence
from which alternative hypotheses may be con-
structed.

Our method is based on the idea that abductive
plausibility can be examined by forming two hy-
potheses: a gold-aligned hypothesis Ha and an
evidence-derived hypothesis Hb. Both hypotheses
are constructed through RST-guided segmentation
of the event and candidate explanations into Ele-
mentary Discourse Units (EDUs), followed by link-
ing these EDUs using appropriate nucleus–satellite
relations.

The first hypothesis, Ha, combines the EDU
representation of the target event (as the nucleus)
with the EDU representation of the gold explana-
tion (as the satellite). This produces a coherent,
discourse-structured hypothesis that reflects the
human-annotated abductive explanation.

The second hypothesis, Hb, uses the target event
as the nucleus but draws its satellite content from
one or more EDUs extracted from retrieved articles
associated with the event. This yields a synthetic,
document-grounded hypothesis that a model might
plausibly infer from real-world text.

For evaluation and analysis, we also construct an
additional control hypothesis Hw, which is seman-
tically similar to Ha but abductively incorrect. This
allows us to examine whether the model can distin-
guish between explanations that are close in lexical
content yet opposite in explanatory adequacy.

Example. To illustrate the hypothesis construc-
tion procedure, consider the target event:

“ChatGPT quickly reached one million
daily active users.”

The dataset provides four candidate explanations,
one of which is labeled as the gold abductive ex-
planation. In this example, the gold explanation
is:

“Millions of people started using Chat-
GPT immediately after its launch.”

After EDU segmentation and RST linking, the
gold-aligned hypothesis Ha is formed by treating
the target event as the nucleus and the gold expla-
nation as its satellite:

“ChatGPT quickly reached one million
daily active users because millions of
people started using it immediately af-
ter its launch.”

To construct the evidence-derived hypothesis Hb,
we use the target event as the nucleus and extract
satellite EDUs from retrieved documents related to
the topic. For this instance, one such article states:

“The sudden hype surrounding ChatGPT
has generated widespread interest since
its public release last month.”

This yields:

“ChatGPT quickly reached one mil-
lion daily active users. The sudden
hype surrounding the chatbot generated
widespread interest upon release.”

For contrastive evaluation, we also generate
a wrong-but-semantic neighbor hypothesis Hw,
which preserves the lexical content of the gold ex-
planation but inverts its abductive implication:

“ChatGPT quickly reached one million
daily active users, but this did not occur
because millions of people used it imme-
diately after its launch.”

By construction, Ha, Hb, and Hw are lexically
similar yet differ in explanatory adequacy.

3.1 Geometric Structure of Abductive Space

The dual–hypothesis formulation naturally implies
a geometric relationship between the explanations.
Although Ha, Hb, and Hw may be lexically simi-
lar, they differ in explanatory role, and these differ-
ences can be conceptualized as structured positions
within an abductive space.
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The gold hypothesis Ha represents a coherent
causal explanation that directly supports the tar-
get event. The wrong-but-semantic neighbor Hw

reverses or negates that causal relation. Conceptu-
ally, this makes Ha and Hw nearly orthogonal in
abductive space.

The evidence-derived hypothesis Hb occupies
an intermediate position. It is constructed from
retrieved documents that are topically related but do
not necessarily express a direct causal connection.
Thus in abductive space we expect:

Ha −→ Hb −→ Hw,

representing decreasing explanatory adequacy.
This abductive ordering is not visible in semantic

embedding space, where all three hypotheses tend
to cluster due to shared vocabulary and topic. Our
challenge is to construct a representation where
abductive distinctions determine direction.

3.2 Conceptual Abductive Roles

Although Ha, Hb, and Hw are lexically similar,
they play different abductive roles. The gold
hypothesis Ha affirms a causal explanation; Hw

negates it. The evidence-derived hypothesis Hb

contains partial explanatory value but also noise.
Conceptually:

Ha −→ Hb −→ Hw,

representing decreasing explanatory strength.
Later sections examine how these roles interact
with embedding geometry.

3.3 Encoding Hypotheses into Vector Space

To analyze abductive relationships, we encode each
hypothesis into a fixed-length vector using a frozen
sentence encoder. This encoder transforms each hy-
pothesis into a dense vector in a shared embedding
space.

Using a frozen encoder prevents the model from
reshaping the space during training. It ensures the
embeddings reflect only the semantic and lexical
content present in the text.

However, because Ha, Hb, and Hw share nearly
identical surface forms, the encoder produces vec-
tors that lie extremely close together. The encoder
captures semantic similarity but not abductive dis-
tinctions. This creates a controlled environment:
embeddings are semantically meaningful but ab-
ductively blind.

The goal of the scoring model is to recover ab-
ductive distinctions within this space.

3.4 Abductive Geometry in Embedding Space
We move from conceptual abductive roles to their
representation in embedding space. Large language
model embeddings encode a mixture of seman-
tic, lexical, syntactic, and pragmatic information.
When hypotheses are semantically similar, these
factors collapse into a tight region.

Our aim is to isolate the abductive component.
We use the embeddings of Ha and Hw as opposi-
tional anchors:

ha = Enc(Ha), hw = Enc(Hw).

Their difference:

ha − hw

defines a direction along which the only major
distinction is abductive plausibility: Ha supports
the event; Hw contradicts it.

The embedding of Hb usually lies between them
when projected onto this direction. Although the
encoder is frozen, training a scoring model helps
discover a projection onto a latent abductive axis.

3.5 Scoring Model: Recovering the Abductive
Axis

Once the hypotheses Ha, Hb, and Hw have been
encoded into embeddings ha, hb, and hw, the re-
maining challenge is to distinguish between them
based on abductive plausibility rather than semantic
similarity. Because the encoder is frozen, it can-
not adjust the embedding space to reflect abductive
structure. Instead, all abductive distinctions must
be recovered by a downstream model operating on
top of the fixed representation.

To accomplish this, we introduce a lightweight
two-layer feedforward scoring model that maps
each embedding h to a scalar abductive plausibility
score. The first linear layer learns a weighted com-
bination of embedding dimensions, highlighting
components that correlate with abductive differ-
ences. A ReLU activation introduces a nonlinearity
that suppresses dimensions that are not informative
for the task. The second linear layer then com-
presses the resulting representation into a single
scalar value:

s(h) = W2 ReLU(W1h+ b1) + b2.
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Although simple, this architecture plays a crucial
role in recovering abductive structure. Because ha
and hw are constructed to be semantically similar
yet abductively opposite, their embeddings act as
fixed anchors. Over many training instances, the
model learns to assign consistently higher scores
to embeddings aligned with the abductive direction
implied by ha − hw, and consistently lower scores
to embeddings aligned with the opposite direction.

The evidence-derived embedding hb typically
falls between ha and hw in abductive space. The
scoring model learns to place hb accordingly, as-
signing it a score that reflects the degree to which
it aligns with the abductive direction learned dur-
ing training. In this sense, the model implicitly
discovers a projection vector v such that

v⊤ha > v⊤hb > v⊤hw,

capturing an ordering that semantic similarity
alone fails to reveal.

Importantly, the scoring model does not gener-
ate new semantic meaning or modify the underly-
ing encoder. Instead, it extracts the latent abduc-
tive signal already present—albeit entangled and
collapsed—in the frozen embedding space. This
learned projection constitutes the abductive axis, a
one-dimensional direction along which hypotheses
can be ranked by the extent to which they provide
plausible causal explanations for a given event.

The next section describes how this scoring
model is trained using abductive triples and how its
predictions are evaluated within the SemEval Task
12 framework.

3.6 Training Objective

The scoring model is trained using abductive triples
(Ha, Hb, Hw), where Ha is the gold explanation,
Hb is the evidence-derived hypothesis, and Hw is
the semantically similar but abductively inverted
hypothesis. After encoding these hypotheses into
embeddings (ha, hb, hw), the goal is to learn a scor-
ing function s(h) such that

s(ha) > s(hb) > s(hw)

for as many training instances as possible. This
ordering reflects the abductive geometry described
earlier: the gold hypothesis should lie highest on
the abductive axis, the wrong hypothesis should lie
lowest, and the evidence-derived hypothesis should
occupy an intermediate position.

To enforce this ordering, we use a margin-based
ranking loss that encourages abductively stronger
hypotheses to receive higher scores. Specifically,
for each triple we define the loss:

L =
max

(
0, m− (s(ha)− s(hb))

)
+ max

(
0, m− (s(hb)− s(hw))

)
.

where m is a positive margin hyperparameter.
The first term encourages the gold explanation to
score higher than the evidence-derived hypothe-
sis by at least m, and the second encourages the
evidence-derived hypothesis to score higher than
the inverted explanation by at least m. This formu-
lation directly operationalizes the abductive order-
ing without requiring the model to encode absolute
likelihoods.

Because the encoder is frozen, gradients flow
only through the scoring model parameters. The
model therefore cannot reshape the embedding
space; instead, it must learn a direction within the
existing representation that best reflects abductive
distinctions. Over many training examples, this
objective aligns the model’s scoring vector with the
abductive axis implied by the differences between
ha and hw.

During training, we minimize the ranking loss
across all triples using Adam optimization with a
small learning rate to ensure stable convergence.
The final trained model thus produces a scalar ab-
ductive plausibility score for any hypothesis embed-
ding, enabling the system to select the explanation
that best accounts for an observed event.

4 Results

We evaluated our abductive-space framework using
a frozen BGE-small encoder and several contrastive
objectives designed to recover an abductive axis
from hypothesis triples (Ha, Hb, Hw). Across all
settings, training collapsed: the scoring models
failed to separate gold and incorrect explanations
beyond random chance, and the losses converged
to trivial solutions.

4.1 Geometry of Frozen Embeddings
Empirically, the encoder maps the observation,
gold hypothesis, and wrong hypothesis to almost
identical points in embedding space. For many
instances we observe:

cos(ha, hb) ≈ 0.94, cos(ha, hw) ≈ 0.93,
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despite Hb and Hw representing abductively op-
posite or competing explanations. This confirms
that the frozen semantic encoder largely ignores
subtle causal and counterfactual structure, instead
collapsing hypotheses with similar surface form
and topic into a tight cluster.

As a consequence, the model receives almost
no discriminative signal at the embedding level:
abductive differences are not reflected in the base
geometry.

4.2 Triplet and Ranking Objectives
We first trained a projection head with a triplet-
style loss, treating (ha, hb, hw) as anchor, positive,
and negative:

Ltriplet = max
(
0, ∥ha−hb∥2−∥ha−hw∥2+m

)
.

In practice, the encoder produced nearly identi-
cal distances: ∥ha − hb∥2 ≈ ∥ha − hw∥2, so the
projection head had no consistent gradient direction
along which to pull hb closer and push hw away.
The model quickly converged to a trivial solution
in which all projected embeddings collapse to al-
most the same vector, driving the loss toward zero
without learning meaningful abductive structure.

We then replaced the triplet loss with a pairwise
margin-ranking objective enforcing the ordering
s(ha) > s(hb) > s(hw). This objective exhib-
ited the same failure mode: because all three em-
beddings are nearly indistinguishable, the scoring
model learns to assign nearly identical scores, and
the loss again collapses without improving abduc-
tive discrimination.

4.3 InfoNCE and Difference-Vector Variants
To provide the model with stronger relative sig-
nals, we experimented with InfoNCE-style con-
trastive objectives that treat (Ha, Hb) as positives
and (Ha, Hw) as negatives. We also tried forming
difference vectors, e.g.,

db = hb − ha, dw = hw − ha,

with the intuition that subtracting the observation
might isolate the hypothesis-specific component.

Neither variant succeeded. Because BGE-small
is a normalized semantic encoder and ha ≈ hb ≈
hw, the differences db and dw are both extremely
small and nearly indistinguishable. The projection
head again converges to mapping all inputs to a

constant (or near-constant) vector, minimizing the
contrastive loss without learning an abductive di-
mension.

Lowering the margin, changing temperatures,
increasing training epochs, and adding non-linear
layers in the projection head did not alter this behav-
ior. Across all objectives, validation performance
remained near random choice among candidates,
confirming that no usable abductive signal could
be extracted from the frozen embedding space.

5 Discussion

The failure of all contrastive objectives to separate
Ha, Hb, and Hw reveals a central limitation of
our setting: a frozen semantic encoder does not
provide a geometry in which abductive distinctions
are recoverable by a lightweight head.

BGE-small is trained primarily for semantic sim-
ilarity: it is explicitly optimized to compress para-
phrases, ignore small lexical differences, and group
sentences with similar topical content. From the
encoder’s perspective, a gold hypothesis, a wrong
hypothesis, and an evidence-based hypothesis that
all talk about the same event are almost indistin-
guishable. Causal direction, counterfactual struc-
ture, and explanatory adequacy are not part of its
training signal, and therefore do not appear as sep-
arable dimensions in the embedding space.

Our experiments systematically confirmed this:

• Cosine similarities between ha, hb, hw are ex-
tremely high and almost identical, leaving no
geometric room for abductive separation.

• Triplet and ranking losses quickly converge
to trivial solutions where all projected vec-
tors coincide, yielding near-zero loss without
improving task performance.

• InfoNCE and difference-vector variants be-
have similarly, because subtracting nearly
identical embeddings produces nearly zero
vectors that are still not distinguishable by a
projection head.

Conceptually, this shows that abductive reason-
ing cannot be obtained “for free” by simply placing
a contrastive projection layer on top of a frozen
semantic encoder. If the base model has never been
exposed to abductive constraints, its representation
space contains no gradient signal that separates cor-
rect from incorrect causal explanations, even when
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those explanations are constructed in a carefully
controlled way.

This negative result is itself informative. It sug-
gests that:

1. Abductive plausibility is not a linear or low-
rank perturbation of semantic similarity in cur-
rent embedding models; and

2. To model abductive event reasoning, one must
either jointly fine-tune the encoder on abduc-
tive supervision, or use architectures that ex-
plicitly incorporate causal, counterfactual, or
discourse-level structure beyond static sen-
tence embeddings.

In other words, our findings support the view that
abductive reasoning occupies a representational
space that is only weakly, if at all, aligned with
the geometry of frozen semantic encoders. The
abductive axis we set out to recover does not pre-
exist in BGE-small in a way that can be extracted
by a shallow head; it likely must be learned as part
of the encoder itself.
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