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Abstract
Determining narrative similarity requires
moving beyond surface-level semantic over-
lap toward an understanding of structural,
causal, and dynamic alignment. In this paper,
we present a hybrid system for the SemEval
2026 Task 4 (Track A) on narrative similarity.
Our architecture is a neuro-symbolic ensem-
ble that fuses three complementary signals:
(1) action-focused neural embeddings that
capture event trajectories while filtering
descriptive noise, (2) a symbolic Structural
Survival Ratio (SSR) grounded in depen-
dency parsing that measures discrete event
preservation, and (3) high-level LLM-based
structural comparison across causal, thematic,
and sequential dimensions. We also augment
this three-signal baseline with a Sequential
Trajectory Analysis module applied as a
trajectory-based fallback on cases where
Signal 3 failed, using the discrete Fréchet
distance to compare trajectory shapes and
abrupt semantic shift detection to identify
plot transition alignment. Unlike static
centroid-based approaches, this trajectory
analysis preserves narrative order, enabling
disambiguation in failure cases where the
primary vote reduces to a two-signal split.
Evaluated on the official test set, our ensemble
achieves 68.25% accuracy.

1 Introduction

Recent advancements in Natural Language Pro-
cessing (NLP) system design reflect a critical
transition from purely neural, end-to-end Large
Language Models (LLMs) toward hybrid, struc-
tured, and modular architectures. While LLMs
have achieved the best performances on bench-
mark tasks, extensive evaluations reveal their ten-
dency to rely on surface-level statistical corre-
lations rather than deep semantic understanding
(Han et al., 2024). This results in “black box”
systems that struggle with long-context compre-
hension, multi-hop reasoning, and complex causal

dependencies, often leading to hallucinations and
a lack of interpretability (Li et al., 2024). Con-
sequently, narrative similarity requires structural
alignment beyond embeddings, symbolic reason-
ing, and multi-channel feature fusion to ensure re-
liability.

For the task of narrative similarity, where the
goal is to identify which of two candidate stories is
more structurally similar to an anchor, we propose
a modular design. Following this broader method-
ological shift, our system treats narrative similar-
ity not as a static metric, but as a composite of
three distinct semantic/symbolic signals, further
augmented by a trajectory-based fallback module
grounded in continuous dynamical systems theory
(Robinson, 2012) to capture the non-linear “flow”
of human narratives.

2 Literature Review

2.1 Re-defining Narrative Similarity

The evaluation of narrative similarity has tra-
ditionally been hindered by conflating it with
surface-level topical or lexical overlap, relying
heavily on topic modeling or exact text matching
(Waight et al., 2025). However, true narrative sim-
ilarity transcends shared vocabulary; it requires
an understanding of the underlying sequence of
events, their causal links, and thematic resolu-
tions (Gupta et al., 2025). Cognitive and com-
putational studies hypothesize that narrative align-
ment is fundamentally an abstraction task, where
the similarity between two stories equates to the
existence of an appropriate “common summary”
that captures a core structural schema (Kypride-
mou and Michael, 2013). Modern computational
narratology thus asserts the necessity of stripping
away superficial details to compare these struc-
tural and causal foundations.
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2.2 Neural Embeddings and Event
Representation

To accurately capture the dynamic progression of
stories, researchers emphasize event-centric mod-
els, often utilizing “scripts” or narrative event
chains, which are partially ordered sets of events
centered around a common protagonist (Cham-
bers and Jurafsky, 2008). Modern approaches
rely on rich lexical resources, such as VerbNet
(Kazeminejad et al., 2022), which detail seman-
tic representations and track participant states
through subevents. Furthermore, frameworks like
GLAMR (Tu et al., 2024) extend Abstract Mean-
ing Representation (AMR) by incorporating struc-
tured subeventual interpretations of predicates
and tracking the property changes of arguments.
When coupled with advanced sentence embed-
dings, such as SBERT, these action-focused rep-
resentations provide a highly effective substrate
for quantifying the semantic proximity of narra-
tive events beyond exact text matching (Waight
et al., 2025).

2.3 Neuro-Symbolic Integration and
Dependency-Based Structures

Despite the results obtained by LLMs, these ar-
chitectures continue to struggle with deep se-
mantic understanding, coreference resolution, and
long-range structural reasoning (Papakostas et al.,
2025). To overcome these limitations, the state-
of-the-art has shifted toward Neuro-Symbolic
(NeSy) architectures that combine neural pattern-
matching capabilities with the deterministic, rule-
based reasoning of symbolic systems (Akter et al.,
2025). For instance, separating coreference reso-
lution and dependency extraction into an explicit
symbolic pre-processing module before mapping
text to an AMR parser enforces strict linguistic
constraints and yields structurally sound, seman-
tically richer graphs (Papakostas et al., 2025). In-
corporating symbolic structural analysis based on
dependency parsing, such as the Structural Sur-
vival Ratio (SSR), explicitly anchors neural mod-
els, preventing error propagation and ensuring
high-fidelity structural alignment between texts
(Kádár et al., 2021).

2.4 High-Level LLM Reasoning and
Structural Comparison

While symbolic methods provide essential deter-
ministic boundaries, LLMs remain effective at

distilling texts down to their core ideas, sub-
jects, and high-level abstractions (Aly et al.,
2025). However, relying solely on LLMs for
narrative reasoning introduces critical vulnerabil-
ities. Benchmarks like NovelHopQA reveal that
even frontier models experience accuracy drops
when reasoning across complex multi-hop nar-
rative contexts (Gupta et al., 2025). To effec-
tively harness LLM reasoning, current methodolo-
gies provide models with explicit structural guid-
ance (Ma et al., 2025). For example, frameworks
like LeStrTP utilize graph neural networks and
Markov Chain modeling to identify precise plot
boundaries, guiding the LLM to encapsulate com-
plete causal arcs when generating structural com-
parisons (Ma et al., 2025).

2.5 Multi-Signal Ensembles for Robust
Narrative Analysis

The synthesis of these diverse methodologies un-
derscores a broader consensus: the next genera-
tion of robust NLP systems must not rely solely
on scaling standalone neural models (Barnes and
Hutson, 2024). Fusing multi-channel data, such as
semantic embeddings, symbolic representations,
and temporal structures, captures both linguistic
nuances and dynamic structural behaviors (Yu and
Xu, 2021; Jiao et al., 2024). Ensembling action-
focused neural embeddings, deterministic sym-
bolic logic, and high-level LLM structural eval-
uation consistently outperforms neural-only base-
lines, providing a transparent and accurate frame-
work for narrative similarity tasks (Bollikonda,
2025; Hou, 2025). These findings motivate our
ensemble design: Signal 1 operationalizes event-
centric embeddings, Signal 2 provides the deter-
ministic SSR anchor, Signal 3 harnesses LLM
structural reasoning with explicit guidance, and
Signal 4 addresses the temporal ordering gap as
a trajectory-based fallback when the primary vote
is incomplete.

3 System Architecture

We address SemEval 2026 Task 4, Track A
(Hatzel et al., 2026). Given a triplet consisting of
an anchor story (Sanchor), and two candidate sto-
ries (SA and SB), the objective is to predict which
candidate (SA or SB) is more structurally and nar-
ratively similar to the anchor story.

Our system is a multi-channel ensemble that
combines three independent semantic/symbolic

2239



signals via a majority vote. The overall architec-
ture is illustrated in Figure 1. Signals 1-3 form the
primary majority vote (Semantic/Symbolic Base-
line). Signal 4 is evaluated as a trajectory-based
fallback module exclusively on the subset of ex-
amples where Signal 3 was unavailable, reduc-
ing the primary vote to a two-signal split. Ac-
curacy badges reflect individual test-set perfor-
mance; +1.25% denotes Signal 4’s marginal con-
tribution on this failure subset.

3.1 Signal 1: Action-Only Embeddings
To capture the raw trajectory of events
while filtering out descriptive noise, we iso-
late the action content. We utilize spaCy
(en_core_web_sm) to extract specific parts of
speech: verbs, nouns, proper nouns, pronouns,
and auxiliaries from each story. Nouns and
proper nouns are retained because they anchor the
agent and object roles of each action; removing
them empirically reduced development accuracy,
suggesting they encode structural participant
information rather than purely topical content.

The extracted text is embedded us-
ing all-mpnet-base-v2 (sentence-
transformers), yielding normalized embeddings.
We compute the L2 distance between the anchor
embedding eanc and each candidate embedding
ec:

d(Sanchor, Sc) = ∥eanc − ec∥2 (1)

Since all-mpnet-base-v2 produces unit-
normalized embeddings, cosine similarity and L2

distance are monotonically equivalent; the choice
does not affect ranking. The system predicts
the candidate with the smaller distance. This
lightweight semantic signal serves as a baseline,
achieving 63.5% development accuracy.

3.2 Signal 2: Structural Survival Ratio (SSR)
Acting as our symbolic reasoning module, SSR
measures how much of the anchor’s discrete event
structure “survives” in the candidates. We extract
concrete events using dependency parsing. Each
event e ∈ E is represented as a 6-tuple:

e = (lemma, class, agent, patient, outcome, neg)

We perform graded abstraction matching across
four weighted levels to find the best match for
each anchor event in the candidate story:

• Exact (w = 1.0): Same lemma, roles, and
outcome.

• Class (w = 0.7): Same action class, roles,
and outcome.

• Class+Outcome (w = 0.5): Same action
class and outcome; roles relaxed.

• Role-only (w = 0.3): Same agent/patient
types; predicate ignored.

The weights were set heuristically to reflect de-
creasing structural fidelity at each abstraction
level and were not tuned on the development set; a
systematic grid search is left for future work. The
final SSR score is:

SSR(Sanc, Sc) =

|Eanc|∑

i=1

max(wi,c)

|Eanc|
(2)

The candidate with the higher SSR is predicted
as more similar. This strict symbolic mapping
achieved 56.0% accuracy.

3.3 Signal 3: LLM Structure Comparison
To capture high-level narrative abstractions
(themes, complex causal links), we employ
gpt-5-mini in a two-stage process. First,
an extraction phase prompts the LLM to return
a Pydantic NarrativeStructure object
containing the chronological event chain, agent-
action-goal triples, causal links, themes, setting,
and genre. Second, a comparison phase presents
the three extracted structures to the LLM. The
model analyzes structural similarity across five
dimensions (sequence, roles, causality, theme,
genre) and returns a discrete prediction (A or
B) alongside a structured explanation. The
abstraction-first design is intentional: feeding
full narrative texts directly to the LLM risks
length-induced drift and surface-lexical anchor-
ing, which is precisely the failure mode we aim
to avoid. Structured extraction constrains the
comparison to causal and sequential dimensions.
This signal achieved 65.5% accuracy.

3.4 Signal 4: Sequential Trajectory Analysis
While static vector centroids capture aggregate se-
mantic content, they discard narrative order. We
evaluate a trajectory-based fallback module on
cases where Signal 3 failed to return a valid pre-
diction (due to API error or unavailability), re-
ducing the primary vote to a two-signal split be-
tween Signals 1 and 2. Although not integrated
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Anchor Story
Sanc

Candidate A
SA

Candidate B
SB

Signal 1
Action-Only
Embeddings

all-mpnet-base-v2

Signal 2
Structural Survival

Ratio (SSR)

Signal 3
LLM Structure
Comparison

63.5% 56.0% 65.5%

Majority Vote
3-Signal Primary Decision
67.0% test accuracy

Signal 4 - Sequential Trajectory Analysis Fréchet
Distance dF (Vanc,Vc) · Plot Transition Alignment
{τi} · Post-hoc override on Signal 3 failure subset

+1.25%

Final Prediction
ŷ ∈ {SA, SB}
68.25% test

accuracy

Signal 3 failure
⇒ post-hoc normal

majority path

−→ standard flow - - → Signal 3 failure path −→ normal majority path

Figure 1: The neuro-symbolic ensemble for narrative similarity.

into the primary voting pipeline, this module tests
whether order-aware trajectory comparison can
recover structurally valid decisions when the main
abstraction signal fails. Each story is encoded
as an ordered sequence of verb-event chunks
(grouped around syntactic verb phrases) using
all-mpnet-base-v2. This produces an or-
dered sequence of vectors V = {v1, v2, . . . , vn}
representing the narrative’s progression through
semantic space, under the assumption that text or-
der reflects narrative chronology.

Fréchet Distance Comparison. We compare
trajectory shapes using the discrete Fréchet dis-
tance (Alt and Godau, 1995), a well-established
measure of curve similarity that respects tempo-
ral ordering. Formally, given two trajectories P =
{p1, . . . , pm} and Q = {q1, . . . , qn}, the discrete
Fréchet distance is defined as:

dF (P,Q) = min
σ

max
i

∥pσP (i) − qσQ(i)∥2 (3)

where σ ranges over all valid monotone traver-
sals of the two sequences. Intuitively, this cap-

tures whether two stories “travel through” seman-
tic space in a structurally congruent way, indepen-
dent of surface vocabulary overlap. The candidate
Sc ∈ {SA, SB} with the smaller Fréchet distance
to the anchor Sanc is predicted as more similar:

ŷ4 = arg min
c∈{A,B}

dF (V
anc, Vc) (4)

Plot Transition Detection. We additionally
identify abrupt semantic shifts between consec-
utive chunks as candidate plot transition points.
Specifically, a transition is flagged at position i
when the distance to the narrative attractor in-
creases by more than 15% relative to the preced-
ing step:

τi = 1[ di+1 > 1.15 · di ] , i = 1, . . . , n− 1
(5)

where di denotes the distance to the narrative at-
tractor at position i, defined as the centroid of
the story’s verb-event chunk embeddings. This
relative criterion avoids tuning an absolute dis-
tance threshold and is robust to differences in
absolute embedding scale across stories of vary-
ing length. The resulting transition sequence
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T = {τ1, . . . , τn−1} characterizes the structural
“rhythm” of the narrative. We use the alignment
of transition sequences between the anchor and
each candidate as a secondary feature, rewarding
candidates whose plot-shift patterns mirror those
of the anchor. When the two sub-signals disagree
,i.e. the candidate with the lower Fréchet distance
differs from the candidate with higher transition-
sequence alignment, Fréchet distance takes pri-
ority, as it captures the global trajectory shape;
transition alignment acts as a secondary tiebreaker
only when Fréchet distances are within δ < 0.005.

Application. Signal 4 was not integrated as an
inline pipeline component. It was applied as a
trajectory-based fallback on the subset of devel-
opment examples where Signal 3 failed to return
a valid structural comparison, reducing the vote to
a two-signal split between Signals 1 and 2. On
this subset, the candidate with the lower Fréchet
distance and higher transition-sequence alignment
was selected as the final prediction, contributing
a marginal gain of +1.25% over the three-signal
baseline.

3.5 Decision Logic

The primary decision is determined by a majority
vote of Signals 1-3. Since each signal produces
a binary prediction (SA or SB), the vote always
resolves to a 2-1 or 3-0 outcome under normal op-
eration, a strict three-way tie is not possible. Sig-
nal 4 was not part of the live voting pipeline; it
was applied as a trajectory-based fallback exclu-
sively on the subset of examples where Signal 3
was unavailable due to API failure, as described
in Section 3.4. In those cases, the two-signal con-
test between Signals 1 and 2 may produce a 1-1
split, which Signal 4 resolves by selecting the can-
didate with the lower Fréchet distance and higher
transition-sequence alignment relative to the an-
chor.

4 Experimental Setup and Results

4.1 Results

Our system (accessible in this GitHub repository)
was evaluated on the official test set for Task 4.
As shown in Table 1, the ensemble approach out-
performs any individual module. The organizer’s
GPT-4o-mini baseline compares stories as raw
text; our Signal 3 uses gpt-5-mini on struc-
tured narrative abstractions (Section 3.3).

System / Signal Test Accuracy

Signal 1 (Action-only) 63.5%
Signal 2 (SSR) 56.0%
Signal 3 (LLM Comparison) 65.5%
Signal 4 (Trajectory, standalone) –

2-Signal Vote (Signals 1 + 3 only) 64.2%
3-Signal Majority Vote 67.0%
+ Trajectory Fallback (Final) 68.25%

Organizer baselines (Track A) (Hatzel et al., 2026)
Random 50.00%
Jaccard Similarity 56.25%
GPT-4o-mini (raw text)† 67.00%

Best participating system (Track A) ∼78.0%

Table 1: System performance on the Task 4
Track A test set, alongside organizer-provided
baselines and the top-ranked participating system
on the official leaderboard (Hatzel et al., 2026).

Signal 4 is a trajectory-based fallback; its
marginal contribution is captured by the +1.25%
gain over the 3-signal vote on the Signal 3 fail-
ure subset. The ablation removing SSR (2-Signal
Vote, Table 1) drops performance by 2.8 percent-
age points (64.2% → 67.0%), confirming that de-
spite Signal 2’s low standalone accuracy, it pro-
vides a meaningful structural anchor the neural
signals alone cannot replicate.

Our final system (68.25%) outperforms all three
organizer-provided Track A baselines, including
GPT-4o-mini (67.00%). Notably, the organizer’s
GPT-4o-mini baseline operates on raw narrative
texts, whereas our Signal 3 uses gpt-5-mini
on structured abstraction outputs; Signal 3’s lower
standalone accuracy (65.5%) reflects this con-
strained input regime rather than a model capabil-
ity difference. The gap to the best participating
system (∼78%) reflects the abstraction-first de-
sign (Section 3.3), trading raw accuracy for inter-
pretability and reduced surface-lexical anchoring.
The +1.25% gain from Signal 4 corresponds to
approximately 5 additional correct predictions on
the 400-example test set and should be interpreted
as indicative rather than statistically confirmed.

4.2 Confidence Scoring

Beyond aggregate accuracy, understanding when
the ensemble is reliable is operationally valu-
able, for instance, to flag low-confidence predic-
tions for human review. By observing agreement
across signals, we derive a lightweight confidence
heuristic that strongly correlates with predictive
accuracy (Table 2). The “Low” tier corresponds to
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examples where Signal 3 failed and the trajectory-
based fallback (Signal 4) was applied.

Confidence Criterion % Dev Acc.

High All 3 signals agree 34% 76.5%
Medium 2-of-3 signals agree 54% 65.0%
Low Signal 3 unavailable 12% 58.0%

Table 2: Per-confidence-tier accuracy on the de-
velopment set.

5 Error Analysis and Case Studies

An analysis of the cases where baseline mod-
els failed reveals the value of the trajectory-based
fallback (Signal 4).

5.1 When Semantic Gravity Fails
Purely semantic embeddings (Signal 1) frequently
collapse distinct themes if vocabulary overlaps
heavily. We observed a notable failure case in our
development set involving a gothic horror anchor
story concerning a widower, a dubious doctor, and
village murders. Candidate A was a medical-
ethics drama about a doctor and euthanasia of a
mentally handicapped child. Candidate B was a
gothic mystery involving a restoration artist, in-
sane sisters, and village murders.

When mapped via static semantic centroids, the
system incorrectly preferred Candidate A (L2 =
0.965) over Candidate B (L2 = 1.024). The vec-
tor space over-indexed on the shared vocabulary
of “doctor” and “madness/mental illness,” failing
to recognize the profound genre disconnect. On
this example, Signal 3 failed to return a valid pre-
diction due to an API error, reducing the vote to a
1-1 split between Signal 1 (favouring A) and Sig-
nal 2 (favouring B via higher SSR), and triggering
the trajectory-based fallback.

5.2 Mitigation via Sequential Trajectory
Analysis

This failure was successfully resolved by Sig-
nal 4 (Trajectory Analysis). By breaking the
texts into sequential narrative chunks and map-
ping their trajectory curves across the embedding
space, the system detected that Candidate B’s tem-
poral shape aligned closely with the anchor’s tra-
jectory (Fréchet distance: 1.075 for B vs. 1.086
for A). The dynamic analysis correctly identified
that the sequence Mystery → Murder → Madness
was a tighter structural match than Medical Clini-
cality → Euthanasia.

5.3 Remaining Vulnerabilities
Notwithstanding these mitigations, the SSR mod-
ule (Signal 2) exhibits a persistent bias against im-
plicit causality. When an anchor narrative explic-
itly states an outcome that is only implied within
a candidate story, the dependency parser fails to
extract the relevant tuple; this results in a sur-
vival ratio that does not accurately reflect semantic
alignment. Consequently, instances predicated on
latent world-knowledge continue to pose signifi-
cant challenges for both symbolic parsers and the
gpt-5-mini architecture. Future work should
evaluate whether larger dependency parsers im-
prove SSR quality.

6 Conclusion

The work indicates that optimal system design fa-
vors modularity. By utilizing LLMs for flexible
semantic representation while anchoring their out-
puts using deterministic symbolic logic (SSR) and
dense action embeddings, our ensemble achieves
higher consistency and structural accuracy. The
post-hoc application of phase-space trajectory
analysis, raising performance to 68.25%, con-
firms that order-aware trajectory comparison is a
valuable complement to static ensemble methods
when the primary LLM signal is unavailable.

Several directions merit further investiga-
tion. Replacing the hand-crafted SSR with
a learned event-extraction model could im-
prove implicit causality coverage, and compar-
ing the abstraction-first LLM design against raw-
text comparison would quantify the accuracy–
interpretability tradeoff directly. Most impor-
tantly, integrating Signal 4 as a live inline com-
ponent with a principled confidence-based trigger,
rather than as a fallback for API failures, would
test whether trajectory analysis provides consis-
tent gains beyond failure recovery.
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