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Abstract

Narrative text embedding is the basis for ma-
chines to understand and represent stories.
However, it is challenging because it depends
on similarities in theme, course of action, and
outcomes. To target this challenge, we present
a task-aligned system for SemEval-2026 Task
4 Track B. We first use Qwen2.5-32B-Instruct
model to generate hard negatives from three
narrative dimensions. We then train a Qwen3-
Embedding-8B model with a multi-negative
contrastive objective and use a teacher model
that has the same architecture as the training
model. The model achieves the best result in
the current training phase by introducing "soft
label" via KL Divergence.

1 Introduction

In Natural Language Processing (NLP), narrative
text embedding plays an important role across ap-
plications such as Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020), text classification (De-
vlin et al., 2019), and Question Answering (QA)
systems (Karpukhin et al., 2020). In contrast to se-
mantic textual similarity tasks, narrative similarity
requires models to compare stories based on narra-
tive factors, such as their abstract themes, courses
of action, and outcomes.

A straightforward approach to solve this task
is to fine-tune a pretrained embedding model us-
ing contrast learning (Gao et al., 2021; Hatzel and
Biemann, 2024). However, this approach faces
two practical limitations. Firstly, negative samples
are weakly constrained or randomly selected, mak-
ing them too easy and encouraging the model to
separate examples using non-narrative signals. Sec-
ondly, narrative similarity is multi-dimensional: for
example, two stories may be similar in theme but
differ in plot structure or ending. Training objec-
tives that do not explicitly account for these dimen-

sions may provide noisy or insufficient supervision
for learning robust narrative representations.

In this work, we present a framework for training
an embedding model designed to better align narra-
tive signals. Our key idea is to construct dimension-
controlled hard negatives using the Qwen2.5-32B-
Instruct model (Qwen et al., 2025). For each anchor
story, we generate multiple synthetic negatives that
preserve similarity in exactly one narrative dimen-
sion—theme, structure, or outcome. We then train
the Qwen3-Embedding-8B model with a multi-
negative contrastive objective that combines field-
specific hard negatives and in-batch negatives. We
further introduce a teacher-guided masking mech-
anism to filter unreliable negatives and a distilla-
tion objective using KL Divergence (Kullback and
Leibler, 1951) to transfer the teacher model’s rel-
ative similarity distribution. This training strategy
is designed to improve robustness under synthetic
supervision. Our framework is shown in Fig. 1.

The rest of the paper is structured as follows.
Firstly, we provide the background in the field (§2).
Then, we introduce our method (§3). The details
of the experiment and the task are provided in (§4).
Next, we demonstrate our result and ablation study
in (§5). Finally, we conclude our work(§6). 1

2 Related Work

2.1 Synthetic Dataset Generation

Several studies have proposed methods for using
LLMs to generate synthetic training data to im-
prove data efficiency in label-scarce NLP settings.
Wang et al. (2024) generate large-scale synthetic
data covering a wide range of text embedding
tasks across multiple languages, and show that con-
trastive fine-tuning on synthetic data can produce
strong universal embedding models. Li et al. (2024)
proposes an LLM-driven framework for dense re-

1Our code is available at https://github.com/
zq03-web/sts_embedding.
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Figure 1: Overall framework of our method.

trieval that generates synthetic hard negatives using
a multi-attribute self-reflection prompting strategy,
and improves training stability via hybrid sampling
that mixes generated negatives with traditionally
retrieved negatives. However, these methods fo-
cus on semantic representation, making the model
struggle with surface-level semantic similarity.

2.2 Knowledge Distillation

Knowledge distillation is a training paradigm in
which a smaller student model is optimized to re-
produce the informative outputs (e.g., soft proba-
bility distributions) or internal representations of
a larger teacher model. It has been widely applied
in model compression and performance transfer
across neural architectures, with the practical bene-
fit of improving student models using soft supervi-
sory signals from stronger teachers. A foundational
formulation is due to (Hinton et al., 2015), who
distilled knowledge from large neural networks
into a smaller deployable model using softened
predictions. However, unlike universal large lan-
guage models, there are rarely embedding models
specifically in a certain downstream application
field. Born-Again Networks (BAN) (Furlanello
et al., 2018), which studies knowledge distillation

in a same-architecture teacher-student setting rather
than the conventional compression setting, shows
that a student with identical architecture can outper-
form its teacher by learning "soft labels", which is
the output probability distribution from the teacher
model.

3 Method

3.1 Task Description

Track B of SemEval-2026 Task 4 (Hatzel et al.,
2026) requires a system to generate an embedding
for each narrative story. The embedding needs
to reflect narrative similarity, including abstract
theme, course of action, and outcome, etc. During
development, we use the publicly released sample
(39 triples), development dataset (200 triples), and
synthetic training (1900 LLM-generated triples)
data for model selection and representation learn-
ing. Each triplet contains one anchor story and two
candidate stories (A and B), where its label indi-
cates which candidate is narratively closer to the
anchor. For Track B, the test dataset includes 849
individual story texts.
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3.2 Hard negatives Generation

To enhance the model’s ability to capture narrative
similarity, we introduced a method to generate hard
negative samples during training. This task requires
the representation space to reflect the narrative sim-
ilarity relationships of stories. Such similarities are
determined by multiple factors, such as theme, plot
progression, final result patterns, etc. If only using
sampled negatives randomly, the model can often
rely on surface-level lexical or entity differences
to distinguish, making it difficult to learn stable
narrative-level representations.
Given an anchor story, we construct three types of
controlled hard negatives: (1) stories that remain
similar to the anchor only in theme, while differ-
ing substantially in plot progression and outcome;
(2) stories that remain similar only in course of
action/plot structure, while differing in theme and
outcome; and (3) stories that remain similar only in
outcome, while differing in theme and plot progres-
sion. These examples may appear similar to the
anchor along one dimension, but they do not con-
stitute overall narrative similarity. As a result, they
create strong confounding signals for the model,
encouraging it to learn finer-grained distinctions in
narrative representation. In practice, we implement
the above ideas as an automated data construction
pipeline based on a large language model(LLM)
using the prompt engineering method. For each
anchor story summary, the model calls three gener-
ation templates corresponding to theme-controlled,
structure-controlled, and outcome-controlled nega-
tive types. The prompts we use are shown in Ap-
pendix B. Each template explicitly specifies which
narrative dimension should be preserved, and the
others must be changed. To improve robustness, we
use multi-candidate sampling, generating multiple
candidates for each control type. Compared with
random negatives, our constructed examples better
reflect the actual difficulty of narrative similarity
learning. Random negatives often differ from the
anchor story across multiple dimensions simultane-
ously (e.g., theme, plot progression, and outcome),
so the model will separate them using shallow cues
such as lexical overlap, named entities, or writing
style, without learning narrative-level distinctions.
For Track B, our method provides a stronger train-
ing signal for learning robust narrative embeddings
rather than relying on surface semantic meaning.

3.3 Self Distillation

To align training with the narrative similarity ob-
jective, we construct multiple negatives for each
anchor–a positive pair rather than using a single
random negative. For each training instance, we
use an anchor story a, a positive story p, and a set
of negative stories {nk}Kk=1 across three narrative
dimensions.

InfoNCE (van den Oord et al., 2019) is a con-
trastive learning objective that pulls an anchor story
closer to its positive story while pushing it away
from negative stories in the embedding space. We
use InfoNCE as the base objective because narra-
tive similarity learning requires comparing each
anchor against multiple competing candidates, and
InfoNCE can naturally incorporate both generated
hard negatives and in-batch negatives. However,
the main limitation of general InfoNCE is its lim-
ited supervision granularity. In InfoNCE, the target
is one-hot: the positive is treated as the only cor-
rect candidate, while all negatives are uniformly as-
signed to the same “non-positive” class. Although
the softmax formulation yields different gradient
magnitudes depending on the model’s current pre-
dictions, the target itself does not explicitly encode
the relational structure within the candidate set.

To address this limitation, our method retains In-
foNCE as the primary discriminative objective and
augments it with logit-level distillation (KL diver-
gence) from a teacher model. The teacher’s proba-
bility distribution over the candidate set provides
dense relational supervision beyond the one-hot
target: it encodes not only that the positive should
rank highest, but also the relative similarity struc-
ture among negatives and between each negative
and the positive. In this way, the learning objective
is transformed from a purely categorical supervi-
sion signal into a richer continuous ranking signal,
enabling the student to learn a more informative
local ranking structure.

Unlike a generative large language model, there
are few powerful, large universal embedding mod-
els. The parameter of the mainstream embedding
model is around 8B. In our experiment, some mod-
els can nearly match or exceed universal embed-
ding models after fine-tuning. It means the fine-
tuned Qwen3-Embedding-8B model is the best
teacher model in this experiment. So in this case,
we want to fine-tune the model to serve as the
teacher model and use its output logits as the "soft
label".
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Initially, a teacher model fine-tuned with multi-
ple negatives is used to guide the student model.
During training, we incorporate the Kullback-
Leibler (KL) Divergence into the objective function
to minimize the discrepancy between the teacher
and student probability distributions. The teacher
model is updated iteratively to ensure continuous
improvement: if a student model outperforms the
current teacher on the validation set, it is desig-
nated as the new teacher for the subsequent round.
Notably, in each iteration, the student model is
initialized from the base parameters rather than
inheriting weights from the previous fine-tuning
round. During this process, the teacher model’s
parameters remain frozen. Besides, we introduce a
masking mechanism to mitigate the impact of noisy
negative samples. If the teacher model calculates a
similarity score between a negative sample and the
anchor that is critically close to the positive-anchor
similarity, the sample is identified as a potential
false negative and excluded from the loss calcula-
tion. This masking mechanism is deactivated in the
initial round and enabled only after the first teacher
update. The version of InfoNCE we use is shown
as follows:

Zi = exp(s+i /τ) +
∑

c∈C−
i

mi,c exp(si,c/τ) (1)

LInfoNCE = − 1

B

B∑

i=1

log
exp(s+i /τ)

Zi
(2)

C−
i denotes the negative candidate set for the i-th

sample, including both field-wise negatives and in-
batch negatives. mi,c ∈ {0, 1} denotes the validity
mask of candidate c, which indicates whether c is
retained after teacher-based filtering and padding
masking. si,c, which is calculated by the teacher
model, denotes the similarity between the anchor
ai and candidate c.

mij =

{
0, if sij > s(ai, pi) +margin
1, otherwise.

(3)

In this experiment,margin=-0.05.The formulation
of KL Divergence is shown as follows:

LKD =
1

B

B∑

i=1

KL
(
softmax(zti/T ) ∥ softmax(zsi/T )

)
T 2

(4)

zti and zsi denote the teacher and student logits
over the candidate set for the i-th sample, respec-
tively. λKD is a hyperparameter to control the ef-
fect of distillation. So the training loss is shown as
follows:

L = LInfoNCE + λKD ∗ LKD. (5)

4 Experimental Setup

4.1 Evaluation Metric
For each triplet, we compute the cosine similarity
between the anchor story embedding ea and each
candidate story embedding ei:

cos(ea, ei). (6)

The candidate with the higher cosine similarity
is predicted as more narratively similar to the an-
chor. We use Accuracy as the evaluation metric,
the proportion of triplets for which the predicted
preference matches the gold label.

4.2 Baseline
In the baseline experimental setup, we train the
Qwen3-8B-embedding model (Zhang et al., 2025)
with the Triplet loss (Schroff et al., 2015) on the
training data. For a triplet <anchor text a, positive
text p, negative text n>,

L_triplet = max (0, d(a, p)− d(a, n) + margin)
(7)

We set margin=0.1 and use LoRA (Hu et al., 2022)
to fine-tune the model.

4.3 Implementation Details
During the negative sample generation stage, we
generate three negative samples for each chosen
narrative dimension. The temperature and top_p
parameters of the Qwen2.5-32B-Instruct model are
set to 0.8 and 0.9, respectively.

We select the Qwen3-Embedding-8B model as
the base model in our framework because it is a
strong general-purpose text embedding model with
competitive performance on standard embedding
benchmarks. In particular, the Qwen3 Embedding
series achieves strong results on the MTEB bench-
mark(Muennighoff et al., 2023), including tasks
related to Semantic Textual Similarity, which are
closely related to our narrative similarity setting.
Since Track B requires comparing the relative sim-
ilarity between narrative texts, a backbone with
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Method Accuracy
baseline 0.6800
only multiple negative 0.6950
multi-negative + self-distillation 0.7200
multi-negative + self-distillation (two iter-
ations)

0.7400

Table 1: Ablation results on the validation set.

Method Accuracy
baseline 0.6675
only multiple negative 0.6750
multi-negative + self-distillation 0.7050
multi-negative + self-distillation (two iter-
actions)

0.6900

Table 2: Ablation results on the test set.

strong semantic-similarity modelling capabilities
provides a suitable starting point for further task-
specific fine-tuning. Before fine-tuning this em-
bedding model, we assemble the text with a short
prompt. This leverages LLMs’ preliminary ability
to focus on narrative attributes. The prompt details
are shown in Appendix A.

For parameter-efficient fine-tuning, we apply
LoRA to the Qwen3-Embedding-8B backbone.
The LoRA rank is set to 32, the scaling factor
α is set to 64, and the dropout rate is set to
0.1. We insert LoRA adapters into the attention
projection layers and feed-forward layers, includ-
ing q_proj, k_proj, v_proj, o_proj, gate_proj,
up_proj, and down_proj. Only the LoRA param-
eters are optimized during training, while the origi-
nal backbone parameters are kept frozen. We train
the model with AdamW using a learning rate of
5 × 10−5 for 5 epochs. The batch size is set to 8,
and positive samples from other training triplets in
the same batch are used as in-batch negatives. The
maximum sequence length is set to 1024. During
the training stage, we set batch_size=8 and treat
positive samples from other training triplets as in-
batch negatives.

5 Result and Analysis

5.1 Main Result
The model, using self-distillation for one itera-
tion, achieves the best result on the test dataset.
It gets 0.705 accuracy. In the official evaluation of
SemEval-2026 Task 4 Track B, our system ranked
third among all participating teams.

5.2 Ablation Study
Table 1 presents the ablation results on the vali-
dation set. We observe a consistent improvement

from the baseline to the multi-negative training set-
ting, indicating that dimension-controlled hard neg-
atives provide useful supervision for narrative rep-
resentation learning. Validation accuracy further
increases upon introducing self-distillation, with
the second distillation iteration achieving the high-
est validation accuracy.

However, this improvement does not fully trans-
fer to the test set, as shown in Table 2. The model
with one iteration of self-distillation achieves the
best test accuracy, whereas the model with two it-
erations obtains lower test performance despite its
higher validation score. This gap suggests that re-
peated distillation may overfit to validation-specific
patterns or reinforce biases introduced by synthetic
training examples. Based on this observation, we
use the one-iteration self-distillation model as the
final submitted system, which gets 0.705 accuracy
in the test dataset.

Although two iterations of distillation can im-
prove performance on the validation dataset, it
achieves only 0.69 accuracy on the test dataset.
The result shows a low difference between the val-
idation dataset and the test dataset, which can be
attributed to at least the following factors:

• In this experiment, the original training data
is generated by multiple kinds of LLM, but
writing and annotations of the test dataset are
done by humans. There are some gaps in
narrative understanding between humans and
machines.

• When training an embedding model, the
model will generate some bias in the dataset.
Multiple distillation terms can introduce this
bias into the student model. This makes the
student model harder to capture the right nar-
rative signals.

• The model may have overfit to the validation
set. Specifically, during model selection and
hyperparameter tuning, the model may have
gradually adapted to patterns specific to the
validation data, resulting in relatively strong
performance on the validation set but limited
generalization to the test set. This may partly
explain the performance gap between the vali-
dation and test sets.

6 Conclusion

In this study, we introduce a novel framework for
training a narrative text embedding model using
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hard negatives generated by an LLM in accordance
with the narrative representation principle. We also
get a "soft label" generated by the teacher model,
which achieves the best score in the current training
period and has the same architecture as the training
model. By adding KL divergence into the training
loss, our model gets a strong ability to represent
narrative text.

Limitations

In this paper, we conducted an experiment on train-
ing an embedding model. However, we evaluated it
on only one test dataset and did not test the model’s
performance across multiple narrative datasets to
verify the robustness of our proposed method. Due
to time and computational resource constraints, we
did not attempt to use a larger model to generate
negative samples. In the future, we will use a larger
model to generate multiple negatives and explore
how negative samples generated by different large
models affect the model.
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A Prompt used in Qwen3-Embedding 8B
model

Figure 2: NEG_THEME Prompt

B Prompt used in negative samples
generation
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Figure 3: NEG_THEME Prompt
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Figure 4: NEG_PLOT Prompt
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Figure 5: NEG_OUTCOME Prompt
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