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Abstract

In this paper, we present the Invariant-Variant
Disentangled State-Space Model (IVD-SSM),
our submission to SemEval-2026 Task 4 on
Narrative Story Similarity and Narrative Rep-
resentation Learning. Evaluating narrative sim-
ilarity is a profound computational challenge
that requires models to look past concrete, su-
perficial elements such as specific names, ac-
tors, objects, or settings to isolate and compare
abstract patterns of causality and plot progres-
sion. To model these extended causal chains
without the quadratic bottlenecks of standard
Transformers, we leverage a hybrid State-Space
Model (Jamba-1.5-Mini). Building upon this
backbone, we introduce the Structurally Gated
Alignment (SGA) head, a novel, differentiable
algorithmic architecture. The SGA head op-
erates on two scales: a heavily strided Macro-
path maps the coarse structural skeleton of a
story, which then acts as a gating mechanism
to filter a full-resolution Micro-path, actively
suppressing semantic noise and superficial key-
word overlaps. Evaluated on both pairwise
comparative judgments (Track A) and dense
representation learning (Track B), our approach
demonstrates that explicitly disentangling struc-
tural invariants from lexical variants provides a
robust, principled framework for deep narrative
understanding.

1 Introduction

Narrative similarity is a complex cognitive task
that requires distinguishing the "deep structure"
of a plot from its surface-level realization. As
defined by the SemEval 2026 Task 4 organizers,
narrative similarity relies on "abstract patterns of
causality and progression" while explicitly "disre-
garding concrete details" such as names, settings,
or specific objects. For computational models, this
presents a significant challenge: standard Trans-
former architectures are often biased towards lexi-
cal and semantic overlap, making them susceptible

to "spurious correlations" - pairs of stories that
share genre-specific vocabulary (e.g., "zombies",
"spaceships") but diverge fundamentally in their
causal chains.

In this work, we present IVD-SSM (Invariant-
Variant Disentangled State-Space Model), a novel
architecture designed to align directly with this
theoretical definition of narrative similarity. The
system must be designed to reflect the core di-
chotomy of the task: the model must isolate the
invariant features (the underlying causal chain and
structural progression that define the plot) from
the variant features (the superficial, interchange-
able details such as specific character names, set-
tings, or genre tropes). We identify that the primary
failure mode of standard baselines is the confla-
tion of this invariant plot structure with variant
semantic noise. To address this, we employ a pre-
dominantly frozen Jamba-1.5-Mini backbone with
lightweight QLoRA adapters, leveraging its hy-
brid Mamba-Transformer architecture to capture
long-range causal dependencies, and introduce a
mechanism to explicitly disentangle these two sig-
nals.

2 Task Description and Related Work

2.1 Task description

The SemEval 2026 Task 4 presents two challenges
centered on narrative understanding (Hatzel et al.,
2026). Track A (Comparative Narrative Similarity)
is formulated as a pairwise binary classification
task, requiring systems to determine which of two
candidate stories is structurally closer to an anchor
story. Track B (Narrative Representation Learning)
tasks systems with producing dense vector embed-
dings for individual stories such that the cosine
distance between representations mathematically
reflects human similarity judgments.
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2.2 Related work

Prior computational approaches to narrative simi-
larity have ranged from shallow lexical and topic-
based matching (Chaturvedi et al., 2018; Chun,
2024) to deeper structural representations utilizing
event chains and character networks (Chambers
and Jurafsky, 2008; Lee and Jung, 2020; Lafhel
et al., 2024; Hatzel and Biemann, 2024). How-
ever, as the SemEval-2026 Task 4 organizers high-
light, evaluating true narrative similarity requires
tracking abstract patterns of causality rather than
surface-level overlaps (Hatzel et al., 2026). Mod-
eling these unstructured, long-form narratives di-
rectly via Large Language Models (LLMs) has his-
torically been constrained by sequence length lim-
its. Standard Transformer architectures (Vaswani
et al., 2017) impose strict input boundaries due to
the O(N2) quadratic memory and computational
complexity inherent to their self-attention mech-
anisms. While sparse-attention adaptations such
as Longformer (Beltagy et al., 2020) and BigBird
(Zaheer et al., 2020) artificially extend this context
window, they remain computationally heavy dur-
ing inference and rely on attention approximations
that risk fragmenting long-range causal dependen-
cies. To overcome these bottlenecks, we turn to
State-Space Models (SSMs). Recent advancements
in selective SSMs, specifically the Mamba archi-
tecture (Gu and Dao, 2023), offer a linear-time
O(N) alternative to self-attention by compressing
sequence history into a dynamically updated, fixed-
size hidden state. Because SSMs natively track
state variables across extended sequences with-
out the massive memory overhead of key-value
caches, our chosen backbone-the hybrid Mamba-
Transformer model, Jamba-1.5-Mini (Lieber et al.,
2024), is uniquely equipped to capture the plot’s
"course of action", making it both theoretically and
computationally ideal for document-level narrative
analysis.

3 System overview

Our system, the Invariant-Variant Disentangled
State-Space Model (IVD-SSM), is designed to pro-
cess long-form narratives and explicitly separate
structural plot alignment from superficial lexical
overlap. The pipeline consists of a large sequence-
model backbone and a novel dual-scale alignment
head, as illustrated in Figure 1.

3.1 Backbone encoder

To encode the narratives, we utilize the Jamba-
1.5-Mini model. Unlike standard Transformers
that rely solely on global self-attention which
scales quadratically and struggles with long-
document coherence Jamba employs a hybrid
Mamba-Transformer architecture. The Mamba
(State-Space Model) layers are suited for narra-
tive processing because they compress sequence
history into a dynamically updated hidden state,
naturally capturing the sequential "course of ac-
tion" and long-range causal chains that define a
story’s invariant structure.

To adapt the 12-billion parameter model to our
computational constraints while preventing catas-
trophic forgetting of its pre-trained world knowl-
edge, we load the backbone in 4-bit NormalFloat
(NF4) quantization. We apply Parameter-Efficient
Fine-Tuning (QLoRA) targeting the projection
and embedding modules (embed_tokens, x_proj,
in_proj, out_proj) freezing the rest of the net-
work. The backbone outputs a contextualized se-
quence of token embeddings H ∈ RL×dhidden ,
where L is the sequence length.

3.2 Structurally Gated Alignment Head

The core contribution of IVD-SSM is the Struc-
turally Gated Alignment Head, which replaces stan-
dard linear classifiers with a differentiable dual-
scale sequence alignment mechanism inspired by
the Smith-Waterman algorithm. Given an anchor
narrative and a candidate narrative, the SGA head
projects both into a shared embedding space of
dimension dproj = 256 using a two-layer Multi-
Layer Perceptron (MLP) with GELU activations.
Let A ∈ RLa×dproj and C ∈ RLc×dproj represent
the projected sequences for the anchor and candi-
date stories, respectively. The alignment is com-
puted across two distinct pathways:

The Macro Path (Invariant Structure): To
capture the abstract shape of the plot, we heavily
downsample the sequences using a stride of k = 4,
yielding Amacro and Cmacro. We compute a scaled
cosine similarity matrix Mmacro ∈ R(La/4)×(Lc/4).
Because of the aggressive downsampling, this ma-
trix is blind to specific token-level entities (variant
details) and only registers broad structural mile-
stones (e.g., introduction, conflict, resolution). The
stride k = 4 was chosen based on the typical
length of Wikipedia film synopses (∼400 tokens),
yielding ∼100 structural segments, which roughly
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After many years away sailor
Hannes Wedderkamp returns to
his home city...

The 50-year-old guy Man who
was a resident of Mindelo on the
island of Vicente as a
pubkeeper...
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Figure 1: The Invariant-Variant Disentangled State-Space Model (IVD-SSM) architecture. The Jamba-1.5-Mini
backbone (predominantly frozen, with lightweight QLoRA adapters) processes candidate and anchor narratives,
projecting them into a dual-path alignment head. The heavily strided Macro-path (Mmacro) captures the coarse,
invariant plot structure and generates a soft structural mask via upsampling and a Sigmoid activation. This mask
acts as a structural gate, applied via element-wise multiplication (⊙) to the high-resolution Micro-path (Mmicro).
This mechanism explicitly filters out variant semantic noise and adversarial lexical distractors, yielding a filtered
final alignment matrix that is pooled into a final similarity score.

correspond to the granularity of individual story
events. While the Mamba backbone operates in
O(N) linear time, we note that the SGA head com-
putes a full cross-sequence alignment matrix of size
O(La × Lc). For the moderate-length synopses in
this shared task this quadratic term is manageable;
we discuss scaling implications in Section 6.

The Micro Path (Variant Details): Simultane-
ously, we compute a full-resolution cosine similar-
ity matrix Mmicro ∈ RLa×Lc using the unstrided
sequences A and C. This matrix captures fine-
grained, entity-level matches (e.g., character names,
specific objects).

The Gating Mechanism: To prevent the model
from being distracted by lexical distractors (high
Micro-path overlap in stories with different Macro-
path plots), we use the structural matrix to gate the
detail matrix. We upsample Mmacro to the dimen-
sions of Mmicro using bilinear interpolation. We
then apply a temperature-scaled Sigmoid activa-
tion (τ = 0.1) to create a sharp structural spotlight
mask, G:

G = σ

(
Interpolate(Mmacro, size = (La, Lc))

τ

)

The final alignment matrix is computed via
element-wise multiplication:

Mfiltered = Mmicro ⊙G

Finally, to compute a scalar similarity score from
Mfinal, we apply row-wise max-pooling followed
by mean-pooling across the sequence length, scaled
by a learnable temperature parameter. This effec-
tively measures the average strength of the best
local alignments between the two stories, consid-
ering only the details that fall within structurally
valid regions.

3.3 Contrastive training (Track A)

For Track A, the task is framed as a comparative
choice between two candidates, c1 and c2, given
an anchor a. We train the SGA head using a con-
trastive objective. The model computes similarity
scores s1 = SGA(a, c1) and s2 = SGA(a, c2).
We optimize the network using Cross-Entropy loss
over the softmax of these two scores, forcing the
model to maximize the margin between the struc-
turally similar candidate and the distractor. Train-
ing was conducted on the original triples aug-
mented with the 1,900 provided synthetic triples to
increase structural diversity.

3.4 Embedding Extraction (Track B)

For Track B, the objective shifts from pairwise
classification to representation learning. We repur-
pose the projection layers of our trained IVD-SSM
model to generate dense, standalone embeddings.
For a given narrative sequence, we extract the back-
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bone outputs, apply the trained dproj = 256 MLP
projection, and perform mean-pooling across the
sequence dimension L. Crucially, because the
Track B evaluation relies on cosine distance, we ap-
ply strict L2 normalization to the resulting pooled
vector:

vnorm =
v

||v||2

This ensures that standard dot-product retrieval op-
erations correctly reflect the structural similarity
geometries learned by the SGA head during Track
A training.

4 Experiments

4.1 Experiment Setup

Due to the limited human-annotated data (200 de-
velopment and 400 test triples), we constructed
our training corpus exclusively from the 1,900
synthetic story triples provided by the task orga-
nizers (Hatzel et al., 2026). Training on these
LLM-generated variations forced our model to
learn structural invariants across highly diverse
semantic distractors. We utilized the 200 human-
annotated development triples strictly for validation
and checkpoint selection, ensuring our model gen-
eralized from the synthetic distribution to human
intuitive judgments. Because Track A and Track B
share the same story distribution, the single IVD-
SSM model trained on this dataset was utilized for
both tracks.

The IVD-SSM architecture was implemented
using PyTorch and the Hugging Face transform-
ers library. The Jamba-1.5-Mini backbone was
loaded in 4-bit NormalFloat (NF4) quantization
to fit within standard memory limits, and LoRA
adapters (r = 16, α = 32) were injected into the
attention and projection matrices. The Structurally
Gated Alignment (SGA) head and the adapters
were optimized using the AdamW optimizer. We
employed a Cosine Annealing learning rate sched-
uler, decaying the learning rate from a peak of
5 × 10−4 down to 1 × 10−5. To accommodate
the massive sequence lengths of the concatenated
narrative summaries, we utilized gradient check-
pointing and trained with an effective batch size
of 16 via gradient accumulation. The model was
trained for 4 epochs on a single NVIDIA A100
(40GB) GPU, which took approximately two hours
to converge.

4.2 Evaluation metrics and Baselines

We evaluate both tracks using the official binary
classification Accuracy metric. For Track B, pre-
dictions are derived by comparing the cosine dis-
tances between the anchor and the two candi-
dates (dist(a, ctrue) < dist(a, cfalse)) (Hatzel
et al., 2026). We compare IVD-SSM against
the official task baselines: a Random baseline,
token-based Jaccard Similarity, a zero-shot GPT-
4o-mini prompt, and standard sentence encoders
(all-MiniLM-L6-v2 and story-emb).

4.3 Ablation Studies

To isolate the contribution of each pathway in the
Structurally Gated Alignment head, we conduct
component ablations on the official Track A test
set. Table 2 reports accuracy for three variants: the
full gated model (as submitted), the Macro-path
alone (structural similarity without gating), and the
Micro-path alone (fine-grained similarity without
structural filtering). All variants share identical
backbone weights, hyperparameters, and training
data; only the computation of the final similarity
score differs.

Table 2 reveals three findings. First, the Micro-
path alone (55.75%) underperforms even the lex-
ical Jaccard baseline (56.25%), confirming that
fine-grained token-level similarity without struc-
tural filtering is highly vulnerable to lexical dis-
tractors - the model overfits to surface-level lexical
overlaps that do not reflect true narrative similarity.
Second, the Macro-path alone (57.00%) substan-
tially outperforms Jaccard and nearly matches the
full gated model, demonstrating that the coarse
structural skeleton carries the majority of the sig-
nal for detecting narrative equivalence. Third, the
gating mechanism adds a consistent but modest
improvement of +0.25% over the Macro-only vari-
ant. While the absolute gain is small, it is obtained
at negligible computational cost and directly ad-
dresses the hard negative failures identified in the
qualitative error analysis (Section 5). These results
validate the core premise of the SGA architecture:
structural disentanglement is necessary, and gat-
ing provides an additional filter against residual
semantic noise.

5 Results Analysis

Table 1 presents the performance of our IVD-SSM
systems alongside the official baselines for both
Track A and Track B. For Track A, our primary
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Track A: Pairwise Classification

System Accuracy (%)

Random 50.00
Jaccard Similarity 56.25
GPT-4o-mini (Zero-shot) 67.00

IVD-SSM (Gated) 57.25

Track B: Embedding Similarity

System Accuracy (%)

Random 50.00
all-MiniLM-L6-v2 58.50
story-emb 63.25

IVD-SSM (Gated) 54.50

Table 1: Accuracy of our IVD-SSM models compared to official task baselines on the SemEval-2026 Task 4 test set.
Track A evaluates pairwise classification, while Track B evaluates cosine distances of the generated embeddings.

Variant Accuracy (%)

IVD-SSM (Gated, submitted) 57.25
IVD-SSM (Macro-path only) 57.00
IVD-SSM (Micro-path only) 55.75

Reference baselines
Jaccard Similarity 56.25
Random 50.00

Table 2: Ablation results on the Track A official test set.

submission, IVD-SSM (Gated), achieves an accu-
racy of 57.25, outperforming both the random base-
line (50) and the lexical Jaccard similarity baseline
(56.25). This performance gap empirically vali-
dates that narrative similarity cannot be resolved
through surface-level token matching.

For Track B, our generated embeddings achieve
an accuracy of 54.5. While our method outper-
forms the random baseline, it falls short of the
all-MiniLM-L6-v2 sentence encoder (58.5). We
hypothesize two causes. First, the SGA head is
trained exclusively for pairwise comparison (Track
A); projecting its gated alignment signal into a sin-
gle mean-pooled vector (Track B) collapses the
structural filtering that the gate was designed to
perform. The pairwise signal - “which of two can-
didates is closer?” - degrades when condensed into
a standalone embedding. Second, the backbone
is not fine-tuned to produce representations opti-
mized for cosine distance; the contrastive training
objective (cross-entropy over score pairs) never en-
counters single-story embeddings, unlike sentence
encoders explicitly trained for semantic similarity.

Overall, our Track A result (57.25%) sits be-
tween the lexical Jaccard baseline (56.25%) and
the zero-shot GPT-4o-mini prompt (67.00%). The
1.0 percentage point margin over Jaccard is modest
in absolute terms but represents a consistent im-
provement under identical evaluation conditions.
We attribute the gap to GPT-4o-mini to the LLM’s
extensive pre-training on narrative structures and
its ability to perform implicit reasoning over causal

arcs – capabilities that our lightweight alignment
head, trained on only 1,900 synthetic examples,
cannot yet replicate. Addressing this gap through
richer training data and larger-scale fine-tuning is a
clear direction for future work.

To understand why the Structurally Gated Align-
ment (SGA) head succeeds where standard mod-
els fail, we conducted a qualitative error analysis
on the development and test splits. We observed
that the dataset’s hard negative sampling heavily
biases standard models toward "spurious correla-
tions" – distractors that share highly specific, rare
vocabulary with the anchor but lack a matching
causal chain. A representative case of this fail-
ure mode is the following. In one instance, the
anchor story features a bullied protagonist who uti-
lizes a "zombie virus" to exact revenge and change
their social status. The semantic distractor (Text
B) is a standard survival-horror plot concerning a
laboratory-induced "zombie" outbreak. Standard
single-head models and generic embeddings heav-
ily favor the distractor due to the strong lexical and
thematic overlap of the word "zombie." However,
the ground-truth similar story (Text A) involves
an outcast corporate employee who takes drastic,
subversive measures to alter their workplace sta-
tus. Our IVD-SSM model correctly identifies Text
A as the narratively similar candidate. The SGA
Macro-path correctly maps the invariant causal se-
quence (social outcast → drastic action → status
reversal) and gates out the Micro-path’s attention to
the "zombie" token, preventing the false positive.

6 Conclusion

In this paper, we presented IVD-SSM, our submis-
sion to SemEval-2026 Task 4 on Narrative Similar-
ity and Representation Learning. We identified that
the primary bottleneck in computational narrative
evaluation is the conflation of invariant plot struc-
ture with variant semantic details, a vulnerability
specifically exploited by the "spurious correlations"
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in the dataset’s hard-negative sampling.
Our results on both Track A and Track B demon-

strate that narrative similarity cannot be reliably
measured through “bag-of-words” or generic sen-
tence embeddings. Instead, it requires architec-
tures that explicitly model the sequential course
of action. Ablation experiments confirm that the
structural Macro-path accounts for the majority of
the model’s predictive power, validating the core
disentanglement strategy even while absolute per-
formance remains below that of large zero-shot
LLMs. Future work may explore making the gat-
ing threshold fully dynamic, scaling the approach
with richer training data, or extending this disentan-
gled state-space approach to even longer narrative
forms such as full novels or screenplays.

Limitations

While the Invariant-Variant Disentangled State-
Space Model (IVD-SSM) demonstrates strong ca-
pabilities in isolating narrative structure, our ap-
proach has several notable technical and method-
ological limitations.

The Structurally Gated Alignment (SGA) head
relies on a temperature-scaled Sigmoid activation
to filter the Micro-path matrix based on the Macro-
path structural alignment. Because the Sigmoid
function is continuous and never truly reaches zero,
the gate is inherently "soft." In cases where the se-
mantic distractor contains an overwhelming num-
ber of highly specific, identical named entities, the
Micro-path signal can still "leak" through a par-
tially closed gate, occasionally overriding the struc-
tural misalignment and leading to false positives.
A hard-gating or discrete routing mechanism could
potentially resolve this but would disrupt the end-
to-end differentiability of the head.

We specifically selected the Jamba-1.5-Mini
backbone to leverage the linear-time O(N) scaling
of its Mamba layers for long documents. How-
ever, our custom SGA head computes full cross-
sequence similarity matrices (Mmicro ∈ RLa×Lc),
reintroducing an O(La × Lc) quadratic compu-
tational and memory bottleneck at the very end
of the pipeline. While this is manageable for the
relatively short Wikipedia synopses in this shared
task, applying the SGA head to full-length novels
or screenplays would require shifting to sparse or
localized alignment matrices to prevent memory
exhaustion.

Due to the limited size of the human-annotated

training data, our model was primarily optimized
on the 1,900 synthetic triples generated by vari-
ous LLMs. Consequently, the structural invariants
learned by the Macro-path may be partially overfit
to the predictable narrative pacing, LLM-generated
stylistic artifacts, and standard archetypes favored
by commercial models like GPT-4 and Claude. The
model’s ability to disentangle highly avant-garde
or non-linear human-authored narratives remains
underexplored.
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