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Abstract

Despite the potential of Distance-Based Classification (DBC), a method that assigns labels to text by measuring
semantic similarity between the text and the label representations, it has received very little attention for Multi-Label
Text Classification (MLTC). Previous studies have focused on determining optimal thresholds, reaching promising
results with contextual sentence encoders. We demonstrate that the performance of these models can be further
improved by training them with contrastive losses, i.e., by bringing text representations closer to the corresponding
true label representations in an embedding space. Using three supervised contrastive losses and three sentence
encoders (Stella, GIST-Large, and BGE), we evaluated our approach on five English datasets (SemEval, BioTech,
Reuters, AAPD, and LitCovid) and one Dutch dataset (EventDNA). The results show consistent substantial
improvements over base sentence encoders, thereby narrowing the gap between DBC methods and fine-tuned or
zero-shot approaches.
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1. Introduction

Multi-label text classification (MLTC) is a classifi-
cation problem that consists of predicting one or
multiple correct labels from label set L for a single
text, where |L| > 2. Despite its wide applicability to
multiple domains, such as medical (Veeranki et al.,
2024), law (Song et al., 2022), news (Lin et al.,
2018) and commerce (Deniz et al., 2022), MLTC
remains a challenging task due to large, sparse
label sets and label ambiguity. To counter these
challenges, a wide variety of solutions have been
proposed, including a limited number that focus on
computationally efficient approaches. One such so-
lution is distance-based classification (DBC), as ex-
plored in Veeranna et al. (2016), which is based on
the intuition that texts are semantically more similar
to correct labels than false labels. This paradigm
within classification uses semantic similarity be-
tween text and label representations to determine
the relevance of a label to a text, making it compu-
tationally efficient and adaptable to evolving label
sets, in contrast with gradient-based, probabilistic
methods, such as fine-tuning pre-trained neural
networks.

Most research on DBC focuses on multi-class
classification, which usually involves assigning the
most similar label in terms of cosine similarity to a
text (Chang et al., 2008; Kosar et al., 2023). How-
ever, applying DBC to MLTC is difficult due to the
multiple true labels for a single text, requiring a
threshold value to be determined, as visualized
in Figure 1 (Mylonas et al., 2020a; Sarkar et al.,
2023).

To address this difficulty, Nooten et al. (2025)
proposed calculating label-specific similarity thresh-
old values between a text and labels to perform

Figure 1: Abstraction of distance-based MLTC.
Texts and labels are embedded in a joint label
space, after which the cosine similarity is calcu-
lated to determine label relevance. If the similarity
between a text and a label exceeds a predefined
threshold θ, the label is assigned to the text.

classification. The authors also highlighted the
adaptability of DBC to expanding label sets, the low
computational load and requiring little annotated
data. While the proposed calibration method pro-
vides improvements, it also has limitations in cases
where label embeddings do not adequately capture
its semantic meaning. To build on this prior work
and overcome these limitations, we propose to fine-
tune sentence encoders with contrastive losses,
enabling the models to explicitly learn relevant text-
label similarities. We observed substantial improve-
ments compared to baseline DBC methods on all
investigated datasets, in addition to matched or bet-
ter performance than more expensive classification
methods (generative LLMs and BERT models).

Our contributions are as follows:

1. We present a novel DBC-based approach that
integrates contrastive learning to maximize the
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information gained from limited annotated data,
achieving major improvements compared to
baseline DBC methods and competitive results
compared to larger LLMs.

2. We evaluate several contrastive learning
losses to determine which performs best for
MLTC and demonstrate the overall effective-
ness of contrastive learning for DBC.

3. We demonstrate the flexibility and cross-lingual
adaptability of our approach through exper-
iments on English and Dutch datasets with
varying levels of label granularity.

4. We release the implementation of our ap-
proach as an open-source pipeline to support
further research and applications for MLTC1.

2. Related Research

2.1. Multi-label Classification
Multi-label (Text) Classification (ML(T)C) poses
some unique challenges compared to traditional
single-label classification problems due to the pos-
sibility of assigning multiple true labels to a single
instance. The most prominent challenges are the
explosive number of possible label combinations
as the label set size increases (Zhang and Zhou,
2014), modeling label dependencies (Gibaja and
Ventura, 2014), label imbalance (Tarekegn et al.,
2021) and the high computational cost of proba-
bilistic methods (Li et al., 2024a). Previous studies
have addressed these challenges mainly by train-
ing models with contrastive losses (Audibert et al.,
2025), integrating label correlations (Huang et al.,
2024) and augmenting the training data (Song et al.,
2023; Van Nooten and Daelemans, 2023).

More recently, the development of sophisticated
and well-performing Large Language Models, has
inspired researchers to apply them for MLTC. This
moved the focus to few-shot or zero-shot multi-label
classification (Peskine et al., 2023; Niraula et al.,
2024; Ma et al., 2025). However, these papers also
highlight that the supervised fine-tuning of BERT
models yields superior results.

2.2. Distance-Based Classification
Distance-based Classification (DBC) involves em-
bedding texts and labels in a joint space, after which
the similarity between vectors is measured to de-
termine label relevance. Chang et al. (2008) was
the first to adopt this classification approach, mea-
suring the cosine similarity between bag-of-words
(BOW) representations of texts and Wikipedia class
concepts to perform classification. Subsequent

1https://github.com/clips/push_and_
pull

studies expanded upon this work by applying it
to hierarchical or cross-lingual text classification
(Song and Roth, 2014; Song et al., 2016). Recent
research has adopted similar approaches, utilizing
alternative representations such as encoding texts
with neural word embeddings or sentence embed-
dings (Kosar et al., 2022; Schopf et al., 2023; Kosar
et al., 2023).

While most studies incorporate DBC in single-
label classification, this approach is unfeasible in
a multi-label setting, where each item can have
more than one true label. Several studies have ad-
dressed this additional challenge by introducing var-
ious thresholding methods: if the (cosine) similarity
exceeds a pre-defined threshold value, the label is
assigned to the text (Sappadla et al., 2016; Veer-
anna et al., 2016; Mylonas et al., 2020a; Mustafa
et al., 2021; Sarkar et al., 2022; Mukherjee and Jha,
2024). However, Nooten et al. (2025) highlighted
that previously established uniform thresholding
methods, i.e. using the same threshold value for
all labels in a dataset, produce suboptimal results.
To overcome this limitation, the authors introduced
label-specific thresholds, i.e. thresholds optimized
for each label separately, which substantially im-
proved the performance of DBC.

2.3. Contrastive Learning

Contrastive learning has been pivotal in many ad-
vances in computer vision and NLP tasks (Hu et al.,
2024). In NLP, it has been applied to a wide variety
of tasks such as text classification, data augmenta-
tion, and machine translation. For a comprehensive
overview, see (Zhang et al., 2022a).

Moreover, contrastive learning has been widely
adopted for classification and clustering problems
to train more robust and semantically informed em-
beddings, including MLTC (Lin et al., 2023; U et al.,
2023; Van Nooten and Daelemans, 2025; Zhang
et al., 2022b; Zhang and Wu, 2024). For a complete
overview, consult Audibert et al. (2025).

In the context of DBC, contrastive learning has
been applied but not studied systematically. Kosar
et al. (2023) compared the contrastive and alter-
native loss functions for tailoring sentence embed-
dings for DBC for topical text classification, demon-
strating that the online contrastive loss outperforms
cosine similarity and contrastive losses, though it is
less effective than the multi-negative ranking loss.
In the context of MLTC within DBC, while contrastive
losses have been employed, a systematic study of
their impact is still lacking.

https://github.com/clips/push_and_pull
https://github.com/clips/push_and_pull
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Figure 2: Overview of the contrastive learning, thresholding approach and inference stage. Texts and
label representations from the annotated sets are embedded and used for contrastive learning, after
which the cosine similarity is used to determine label relevance. Thresholds are optimized based on
performance on the same validation set.

3. Methodology

3.1. Datasets
We conduct experiments on six datasets in total,
of which five are English and one is Dutch. The
latter serves to demonstrate the flexibility and cross-
lingual adaptability of our approach. The English
datasets include the SemEval 2018 (English sub-
set) dataset (Mohammad et al., 2018), the BioTech
news dataset2, a modified version (“Apté Mod”) of
the Reuters-21578 dataset (Apt’e et al., 1994)3,
the arXiv Academic Papers Dataset (AAPD) (Yang
et al., 2018), and the LitCovid dataset (Chen et al.,
2020). All datasets, including the Dutch EventDNA
dataset (Colruyt et al., 2022), are summarized in
Table 1. It should be noted that we conduct experi-
ments on two versions of the hierarchical EventDNA
dataset, namely one version that includes only the
top-level labels and another that includes only the
second level labels. We created stratified splits
for the AAPD, LitCOVID and EventDNA datasets
following the method described in Sechidis et al.
(2011).

Since the labels in the AAPD dataset are abbre-
viations, we mapped them to their corresponding
descriptive names as provided on the arXiv web-
site. Additionally, we translated the labels in the
EventDNA dataset from English to Dutch and re-
viewed them to ensure their correctness.

2https://blog.knowledgator.com/
finally-a-decent-multi-label-
classification-benchmark-is-created-a-
prominent-zero-shot-dataset-4d90c9e1c718

3https://huggingface.co/datasets/
ucirvine/reuters21578

Dataset Text
Type Task N Train N Val N Test N Lbls N lbls/

Text
Mn
Tkns

Mdn
Tkns

SemEval tweets emotion 6,837 886 3,259 11 2.38 27 28
BioTech news topics 2,344 414 381 31 1.84 655 572
Reuters news topics 7,493 1,323 3,023 118 1.01 180 121
AAPD abstracts topics 53,840 1,000 1,000 52 2.41 128 99
LitCOVID abstracts topics 21,204 3,756 6,239 7 1.37 303 292
EventDNA (top) news topics 1,238 268 265 17 1.54 80 77
EventDNA (btm) news topics 1,226 249 296 494 4.46 78 76

Table 1: Statistics for each dataset used for the
experiments.

Following Nooten et al. (2025), we adjusted the
label names of the BioTech, Reuters and LitCovid
datasets, as some labels were ambiguous or un-
clear, which led to degraded performance on those
labels (cf. Table 9, Appendix A).

3.2. Sentence Encoders

We evaluate three state-of-the-art sentence en-
coders on the English datasets, and one Dutch sen-
tence encoder on EventDNA (cf. Table 2). These
models were selected for their relatively small size
(less than one billion parameters), which allows
them to be deployed on a single NVIDIA GeForce
RTX 2080 Ti GPU with 11GB of VRAM.

3.3. Contrastive Losses

We evaluate three contrastive losses by fine-tuning
the previously mentioned four sentence encoders
(cf. Table 2). For each contrastive loss, we as-
sume limited access to the entire training dataset
to simulate a realistic low-resource setting. There-
fore, we use the annotated validation splits from
each dataset as our designated labeled training
sets. The supervised contrastive losses that we

https://blog.knowledgator.com/finally-a-decent-multi-label-classification-benchmark-is-created-a-prominent-zero-shot-dataset-4d90c9e1c718
https://blog.knowledgator.com/finally-a-decent-multi-label-classification-benchmark-is-created-a-prominent-zero-shot-dataset-4d90c9e1c718
https://blog.knowledgator.com/finally-a-decent-multi-label-classification-benchmark-is-created-a-prominent-zero-shot-dataset-4d90c9e1c718
https://blog.knowledgator.com/finally-a-decent-multi-label-classification-benchmark-is-created-a-prominent-zero-shot-dataset-4d90c9e1c718
https://huggingface.co/datasets/ucirvine/reuters21578
https://huggingface.co/datasets/ucirvine/reuters21578
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Model Lang. Size (M) Embedding Dim. Max Tokens
(1) Stella EN 435 8192 512
(2) GIST-Large EN 335 1024 512
(3) BGE EN 109 768 512
(4) BERTje-nli NL 110 768 512

Table 2: Overview of Embedding Models5

explore are the following4:

Label Margin Loss (LLM ) Given are text embed-
ding T , label embedding set L where L+ is the
subset of true labels for T and L− is the false set of
labels. Both T and L are obtained by embedding
text t and label set l using a sentence encoder M :

T = M(t)

L = {M(li) | li ∈ L}

This loss minimizes the cosine distance (cos)
between T and L+, in addition to maximizing the
distance between T and k most similar labels from
L−. A margin θ is forced between L+ and L− in
the embedding space. Thus, LLM for a single text
embedding T can be defined as follows:

LLM = ReLu
(
cos(T,L−)− cos(T, L+) + θ

)
(1)

The optimal value for k is determined by grid-
searching multiple values and choosing the value
that yields the highest classification performance
on the validation set.

Text Margin Loss (LTM ) This loss function is the
same as the label margin loss, but the margin θ is
forced between a text embedding T and the k most
similar labels from L−. Thus, LTM for a single text
embedding T can be defined as follows:

LT M =
(
cos(T,L+)−ReLu(θ − cos(T,L−))

)
(2)

Pairwise Loss (LP ) Inspired by the work of
Reimers and Gurevych (2019), we fine-tune sen-
tence encoders using a Pairwise Contrastive Loss
(LP ). For this loss, we construct all possible pairs
between texts in a minibatch and all labels from
a dataset. If a text-label pair is true (γ = 1), the

4The optimal hyperparameters for each model and
dataset can be found in Table 10.

5Model details:
(1) https://huggingface.co/NovaSearch/
stella_en_400M_v5
(2) Solatorio (2024), https:
//huggingface.co/gist-large-embedding-v0
(3) Xiao et al. (2024), https:
//huggingface.co/BAAI/bge-base-en-v1.5
(4) Kosar et al. (2023),
https://huggingface.co/textgain/tags-
allnli-GroNLP-bert-base-dutch-cased

squared cosine distance is minimized. In the case
of a negative text-label pair (γ = 0), the cosine
distance is subtracted from a margin parameter θ.
The final loss is the sum of both terms and can
therefore be defined as follows:

LP =γ · cos(T,L−)2

+

(1− γ) ·ReLu(θ − cos(T,L+))2
(3)

Since a single processing step constructs a large
number of text-label pairs when the label sets are
large (Reuters, EventDNA), we use a batch size of
four to maintain efficiency.

3.4. Threshold Calibration
Label-specific Thresholds Following Nooten
et al. (2025), we use small annotated partitions
of the datasets (the validation sets) to calibrate
label-specific thresholds (cf. Figure 2). First, we
create text embeddings T from texts t using the
embedding model M . Using the same embedding
model, we obtain label name embeddings L from
label set l. Then, we calculate the pairwise co-
sine similarity between each embedding in T and
L, thereby obtaining the similarity between each
possible embedding in T and L. In order to perform
DBC with multiple true labels, a threshold θ is cal-
culated to determine label relevance. To calculate
the optimal threshold θmax for texts and labels, we
approach MLTC as a sequence of n binary classifi-
cation problems, where n = |L|. For each text-label
embedding pair in a binary classification task, we
iterate over all thresholds within the range of 0.0
and 1.0 with increments of .01. For each threshold,
we apply it for classification on the annotated sub-
set and calculate the F1-score of the positive class.
The threshold that yields the highest score is then
selected and applied for inference on the test set.

Normalized 0.5 Additionally, as a baseline, we
experiment with uniform thresholds. Similarly to
Nooten et al. (2025), we first normalize the pairwise
cosine similarity scores between T and L using
min-max normalization. Then, we apply a uniform
threshold of 0.5 across all labels to perform clas-
sification. This approach adopts the common 0.5
similarity threshold in a way that takes model- and
dataset-specific similarity scales into account (Li
et al., 2024b; Abdi et al., 2025; Nooten et al., 2025).

3.5. Baselines
We compare our method to several baselines, con-
ducting zero-shot and few-shot experiments with
generative LLMs and fine-tuned BERT-like models.

https://huggingface.co/NovaSearch/stella_en_400M_v5
https://huggingface.co/NovaSearch/stella_en_400M_v5
https://huggingface.co/gist-large-embedding-v0
https://huggingface.co/gist-large-embedding-v0
https://huggingface.co/BAAI/bge-base-en-v1.5
https://huggingface.co/BAAI/bge-base-en-v1.5
https://huggingface.co/textgain/tags-allnli-GroNLP-bert-base-dutch-cased
https://huggingface.co/textgain/tags-allnli-GroNLP-bert-base-dutch-cased
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Model Name Size (B)
Qwen3 (Yang et al., 2025) 1.7

14
Gemma3 (Team, 2025) 12
Geitje (Vanroy, 2024b) 7
Fietje-Instruct (Vanroy, 2024a) 2

RoBERTa-Large (Liu et al., 2019) .355
RobBERT-Large (Delobelle et al., 2020) .355

Table 3: Overview of LLMs used for the baseline
experiments. Underlined models are used for the
experiments on the Dutch dataset.

Generative LLMs The models that we used for
the experiments are summarized in Table 3. We
opted for models that could be deployed on a sin-
gle NVIDIA GeForce RTX 2080 Ti GPU using the
Ollama software package6. We approached the
problem as a Binary Relevance (BR) classification
(Zhang et al., 2018)7 and implemented structured
outputs to ensure consistent model outputs that
could be processed more easily. We provided the
LLMs with the same adjusted label names to en-
sure comparability with our DBC approach.

The prompts for both the zero-shot and few-shot
settings can be found in Appendix B. To select
in-data examples, we used a greedy example se-
lection method, since including one example per
available label led to incoherent model outputs, as
observed in An et al. (2025). For all models, we in-
cluded two in-context examples that were assigned
the highest number of distinct labels in order to
maximize label coverage. We also experimented
with including a higher number of in-context ex-
amples, but this consistently caused more hallu-
cinations, especially with the Reuters, AAPD and
BioTech datasets. Since including random exam-
ples instead of performing a greedy search yielded
negligible performance differences, we opted for a
greedy search method to represent as many labels
as possible in the in-context examples.

Fine-tuned LLMs Due to the widespread suc-
cess of fine-tuning in improving classification per-
formance, we also fine-tune RoBERTa-Large (Liu
et al., 2019) on all English datasets and RobBERT-
Large (Delobelle et al., 2020) on the Dutch datasets
by updating all encoder layers and the classifica-
tion head. We optimize the number of epochs and
the learning rate. The optimal hyperparameters
for each model are listed in Table 10, Appendix
C. We fine-tune these models on two versions of
the training datasets, namely the entire training

6https://ollama.com/
7We refrained from using label ranking prompts, since

this requires an additional step to determine a relevance
cut-off for the labels. We also experimented with gen-
erating lists of label predictions. However, the models
generated unrelated label names for larger sets of labels.

dataset and a stratified sample of the training data
that is equal in size to the validation set, following
the stratification method described in Sechidis et al.
(2011). This offers a more fair comparison to our
proposed DBC method. We report the average re-
sults and standard deviation across 5 experiments
with different random seeds.

We employ a learning rate scheduler with linear
decay, the AdamW optimizer and minimize the Bi-
nary Cross Entropy (BCE) Loss during fine-tuning.

3.6. Evaluation
The effectiveness of our models is evaluated on
held-out test sets using both classification and rank-
ing metrics. For the classification metrics we opt for
macro-averaged and micro-averaged F1-scores, in
addition to Exact Match Ratio (EMR). The latter
metric measures the proportion of instances for
which the predicted label set exactly matches the
true label set. In terms of ranking metrics, we chose
NDCG@k (where k = {3, 5}) to measure the rank-
ing quality and Precision@1 to measure whether
the predicted label most similar to a text is a true
label.

4. Results and Discussion

In the following sections, we discuss the results
of the experiments. Additionally, we compare the
computation times across all evaluated methods
and analyze cosine similarity distributions. More-
over, we conduct learning curve experiments to
gain insight into the number of samples required
for our method to be effective.

4.1. Effectiveness of Contrastive
Learning

Comparison between Losses The classification
results for all contrastive losses can be found in
Table 4 and the ranking results can be found in
Table 12, Appendix E. In general, we observe that
training sentence encoders with our contrastive
losses consistently increases the performance on
all datasets. However, we observe a difference
in effectiveness among the different contrastive
losses. Across all datasets and models, the pair-
wise contrastive loss (LP ) outperforms the other
baseline contrastive losses in terms of classifica-
tion metrics. In terms of ranking metrics, LP also
achieves the highest results compared to other con-
trastive losses, with a few exceptions on SemEval,
BioTech and AAPD. Moreover, LP was the most
effective on the LitCovid dataset, leading to an in-
crease of ∼ 50 EMR points, ∼ 30 macro-F1 points
and ∼ 30 micro-F1 points across all sentence
encoders. It is also noteworthy that LP causes

https://ollama.com/
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Model SemEval BioTech Reuters AAPD LitCovid Avg. Results
EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 Clf. Rank Avg EMR Avg MaF1 Avg MiF1

GIST

Base 7.43 45.15 53.37 2.36 22.56 32.48 9.92 31.59 38.02 12.00 41.06 49.97 15.18 51.34 56.31 11.83 9.38 (4.84) 38.34 (11.37) 46.03 (10.28)
LLM 21.29 55.17 66.74 1.05 27.80 33.11 7.28 35.21 46.61 20.90 42.37 53.63 67.35 74.32 83.92 7.00 23.57 (25.99) 46.97 (18.32) 56.80 (19.43)
LTM 20.28 54.70 65.68 4.99 26.87 33.14 48.92 35.29 59.69 19.40 42.12 52.46 67.00 71.58 83.09 6.50 32.12 (25.18) 46.11 (17.50) 58.81 (18.28)
LP 23.32 57.57 68.74 9.45 37.83 46.43 78.20 44.94 83.47 29.30 46.96 64.54 74.27 79.38 87.18 2.20 42.91 (31.29) 53.34 (16.18) 70.07 (16.31)

BGE

Base 3.07 42.10 48.62 5.51 19.72 30.75 16.67 32.97 43.43 9.40 34.77 40.61 20.50 48.08 56.53 13.27 11.03 (7.38) 35.53 (10.70) 43.99 (9.56)
LLM 10.89 48.61 60.09 2.36 25.02 31.50 56.07 34.78 60.30 14.80 36.57 44.18 59.45 67.50 78.80 9.57 28.71 (26.92) 42.50 (16.30) 54.97 (17.96)
LTM 10.52 49.83 60.64 0.00 24.81 30.65 27.56 34.27 58.69 18.70 38.47 48.21 63.57 72.43 81.17 9.57 24.07 (24.31) 43.96 (18.27) 55.87 (18.48)
LP 24.39 55.87 68.73 4.99 31.17 43.54 80.12 44.89 85.21 17.90 40.09 54.33 74.80 80.44 87.78 3.70 40.44 (34.56) 50.49 (18.97) 67.92 (19.19)

Stella

Base 3.34 41.20 48.96 1.31 26.10 34.45 33.21 37.14 55.54 8.70 41.65 46.60 17.10 58.30 61.68 11.10 12.73 (12.97) 40.88 (11.58) 49.45 (10.25)
LLM 15.40 55.16 65.19 6.82 31.15 40.56 57.00 38.71 67.66 20.10 44.14 55.33 70.62 76.29 85.05 4.67 33.99 (28.05) 49.09 (17.54) 62.76 (16.39)
LTM 15.68 53.42 64.05 0.00 32.28 38.00 7.21 38.90 56.62 23.40 44.81 58.13 71.61 71.25 85.27 6.17 23.58 (28.25) 48.13 (15.08) 60.41 (16.98)
LP 23.35 57.21 68.38 22.31 41.18 53.43 80.75 47.60 85.49 34.90 53.37 69.58 76.01 82.18 88.01 1.47 47.46 (28.70) 56.31 (15.68) 72.98 (14.12)

Table 4: Classification results (Exact Match Ratio, macro-averaged F1 and micro-averaged F1) across all
datasets from all models trained with contrastive losses. Light green and dark green indicate the best
performance within each model and best overall performance respectively.

Method Model SemEval BioTech Reuters AAPD LitCovid Average Results

EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 Avg
EMR

Avg
MaF1

Avg
MiF1

DBC
(normalized 0.5)

Stella
(LP ) 13.75 57.07 66.12 19.42 42.04 56.76 69.4 38 71.75 23.1 44.36 59.2 73.7 81.23 87.56 39.87 (29.15) 52.54 (17.55) 68.28 (12.28)

DBC
(optimized) Stella (LP ) 15.99 57.2 66.83 22.31 41.18 53.43 80.75 47.6 85.49 34.9 53.37 69.58 76.01 82.18 88.01 45.99 (30.39) 56.54 (29.15) 72.67 (14.26)

ZS-LLM Qwen3:14b 16.26 49.65 60.41 13.91 45.88 45.52 57.26 64.45 72.59 4.8 42.98 42.52 33.03 61.7 64.48 25.05 (20.69) 52.93 (9.61) 57.10 (12.77)
FS-LLM Qwen3:14b 15.71 48.97 59.46 14.44 46.84 47.2 59.78 58.86 73.13 9.8 44.17 46.76 39.25 63.47 66.31 27.79 (21.23) 52.46 (8.29) 58.57 (11.63)

Fine-tuned LLM
(sample) RoBERTa 26.61 50.36 68.52 27.21 27.7 56.67 78.13 14.06 82.78 30.04 32.06 61.22 75.1 78.83 87.12 47.42 (26.71) 40.60 (25.0) 71.26 (13.28)

Fine-tuned LLM RoBERTa 29.51 55.19 71.29 52.76 52.64 73.11 85.03 32.68 88.75 40.94 55.45 72.54 77.04 82.27 88.38 57.06 (23.55) 55.65 (17.65) 78.81 (8.93)

Table 5: Best classification results (EMR, macro-averaged F1 and micro-averaged F1) on all datasets
from the different methods. The best results per dataset across all approaches are marked in bold.

the most substantial increase in EMR across all
datasets. This indicates that the models trained
with this loss are better at predicting exactly match-
ing label sets.

The superior results of LP can be attributed to
constructing text-label pairs with all labels from
a dataset (not limited to the labels present in a
minibatch), thereby maximizing the information ex-
tracted from a minibatch during training. In contrast,
the other loss functions only take true positives and
a fixed k number of hard negatives into account
during fine-tuning, thereby potentially disregarding
crucial information to be obtained from other nega-
tive labels.

Regarding the individual models, we observe
that Stella yields the best average results with the
lowest standard deviation between datasets. The
effectiveness of this model can be attributed to the
higher number of parameters and higher embed-
ding dimensions compared to the other sentence
encoders. It should be noted that GIST-Large out-
performs Stella on the SemEval dataset.

To confirm that the observed improvements are
statistically significant, we conducted a formal test
at the level of individual label decisions using a lo-
gistic generalized linear mixed model (GLMM). The
model was fit for each combination of datasets and
models, and accounted for some labels being inher-
ently harder to predict. Because all four methods
are applied to the exact same pairs (instance, la-
bel), the comparison is fully paired by design. The
effect size is reported as an odds ratio (OR): an
OR of 2.0 means the method has twice the odds
of a correct prediction compared to the reference.
P-values are Holm-Bonferroni corrected for multiple
comparisons within each combination. A result is

considered significant if the corrected p-value falls
below 0.05. Full results are provided in Appendix H,
Tables 15 and 16.

The analysis supports previously reported F1
scores. Out of 90 pairwise comparisons, 87 are
statistically significant. All methods significantly im-
prove over the base threshold, with LP achieving
the largest effect sizes. LP also significantly outper-
forms both LLM and LTM in all 15 dataset/model
combinations. LLM and LTM are statistically
indistinguishable in three cases (BioTech/BGE,
LitCovid/Stella, and Reuters/Stella). The overall
ranking is consistent: LP > LLM ≈ LTM > Base.

Comparison with Baselines The best results for
each classification approach (DBC, zero-shot/few-
shot with LLMs8 and fine-tuned BERT -models)
are summarized in Table 5. On average, our
DBC approach with CL and optimized label-specific
thresholds outperforms all other methods in terms
of macro-averaged F1 scores. Additionally, our
method achieves the second highest micro-F1
scores and third highest EMR scores, only being
surpassed by fine-tuned RoBERTa-Large models
trained on all available training data. However,
our method achieves higher macro- and micro-
averaged F1-scores than RoBERTa-Large when
the latter model is fine-tuned on a smaller sample.
Since this sample is equal in size to the validation
data that was used for calibrating thresholds and
training the contrastive models, these results high-

8All results from the experiments with calibrated uni-
form thresholds can found in Table 11, Appendix D. The
results for generative LLMs can be found in Table 13,
Appendix F.



7365

light the effectiveness and resourcefulness of our
approach.

It should be noted that DBC shows the highest
standard deviation across datasets, which indicates
that the effectiveness of DBC fluctuates more be-
tween datasets than the other approaches. For
example, DBC shows high results on LitCovid, but
lower results on BioTech compared to other ap-
proaches.

Concerning individual datasets, it can be ob-
served that DBC falls behind on the other ap-
proaches on the BioTech dataset. This can be at-
tributed to the decision boundaries being optimized
for RoBERTa during fine-tuning (i.e., RoBERTa is
fine-tuned for the task itself, not for semantics),
which entails that the model might effectively learn
label dependencies during training. The differ-
ences in semantics between the labels might still
be too subtle, even after fine-tuning the sentence
encoders with contrastive losses. This, in com-
bination with the skewed label distribution of the
BioTech dataset, may have resulted in suboptimal
text representations.

4.2. Computation Times

The main advantage of our approach is the low
computational cost. As mentioned in Section 3.4,
we conducted all experiments on a single NVIDIA
GeForce RTX 2080 Ti GPU. Table 6 presents the
computation times (in hours) for each of the clas-
sification methods explored. The results are the
sum of the duration of fine-tuning a sentence en-
coder (Stella trained with LP in this case), calibrat-
ing the optimal thresholds and obtaining predic-
tions for the test sets. These results are compared
to fine-tuning RoBERTa-Large, zero-shot and few-
shot experiments with various generative LLMs.
The table demonstrates that our method is substan-
tially faster than other approaches: On average,
DBC is 16 times faster than RoBERTa (and 3 times
faster when fine-tuned on a sample), 3 times faster
than the smallest generative LLM, and 20 times
faster than the largest generative LLM. The most
notable time difference is observed for the Reuters
dataset, where our method only took .57 hours to
run, whereas fine-tuned models and generative
LLMs took between 2.7 and 49 hours. Processing
this dataset was the most time-consuming for gen-
erative LLMs, which is likely due to the large label
set and structured output formatting. The faster
computation times of DBC combined with the com-
petitive classification results show great potential
for other use cases.

Method Model SemEval BioTech Reuters AAPD LitCovid Total

DBC Stella
(LP ) 0.18 0.27 0.57 0.39 1.62 3.03

ZS-LLM Gemma3:12b 2.58 0.89 26.98 4.70 4.99 40.14
Qwen3:1.7b 0.70 0.21 6.07 0.99 1.62 9.58
Qwen3:14b 2.01 0.71 21.21 3.88 4.02 31.83

FS-LLM Gemma3:12b 3.70 0.93 37.00 5.14 6.74 53.50
Qwen3:1.7b 0.73 0.24 12.63 1.03 1.33 15.96
Qwen3:14b 2.18 0.75 49.94 3.72 4.16 60.75

Fine-tuned
(1 seed) RoBERTa 6.44 4.27 13.47 13.78 11.06 49.02
Fine-tuned
(1 seed; sample) RoBERTa 1.02 0.97 2.74 2.21 2.22 9.16

Table 6: Computation time (in hours) per model.
The fastest approach per dataset is marked in bold.

model SemEval BioTech Reuters AAPD LitCovid
GIST-Large 0.11 0.08 0.26 0.23 0.09
GIST-Large (LLM ) 0.35 0.24 0.51 0.36 0.48
GIST-Large (LTM ) 0.35 0.22 0.55 0.36 0.48
GIST-Large (LP ) 0.34 0.29 0.57 0.37 0.41

BGE 0.07 0.06 0.27 0.18 0.08
BGE (LLM ) 0.20 0.19 0.50 0.26 0.43
BGE (LTM ) 0.20 0.19 0.51 0.30 0.42
BGE (LP ) 0.33 0.27 0.51 0.29 0.55

Stella 0.08 0.09 0.35 0.22 0.05
Stella (LLM ) 0.37 0.23 0.63 0.42 0.50
Stella (LTM ) 0.34 0.19 0.57 0.39 0.47
Stella (LP ) 0.33 0.31 0.54 0.39 0.05

Table 7: Gap score from all models and datasets.
Light green and dark green indicate the highest

score within a single model and overall highest
score respectively.

4.3. Cosine Similarity Distribution
Analysis

In order to demonstrate the effectiveness of con-
trastive learning, we plot two cosine similarity dis-
tributions for each dataset: one showing the sim-
ilarities between text embeddings and true labels
and another showing the similarities between text
embeddings and false labels. Figure 3illustrates
how texts become more similar to their true labels
and less similar to their false labels.

To further analyze these distributions, we calcu-
late a “gap”-score that represents the average dif-
ference between the min-max normalized similarity
scores (cf. Section 3) for texts and their true la-
bels on the one hand, and texts and corresponding
incorrect labels on the other hand. We hypothe-
size that contrastive learning increases the differ-
ence (gap) between these two similarity distribu-
tions. As shown in Table 7, contrastive learning
increases this difference, although no consistent
pattern can be observed across models. Moreover,
there does not appear to be a direct correlation be-
tween observed scores and classification results,
since Stella (LP ) does not produce the highest gap
scores, but does produce the highest classification
results in general. Nonetheless, these analyses
provide an intuitive explanation for the general ef-
fectiveness of contrastive learning within DBC.
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Figure 3: Visualization of the cosine similarity distributions for the Prevention Strategies label from the
LitCovid dataset.

Figure 4: Results of the learning curve experiments with Stella trained with LP . The x-axis shows the
number of training samples. The left figure includes results for both contrastive learning and threshold
calibration, while the right figure shows results for threshold calibration only. The figures display the
average, minimum and maximum values across three random draws for each sample size.

Model Method EventDNA (level 1) EventDNA (level 2) Average Results

EMR MaF1 MiF1 NDCG@3 NDCG@5 P@1 EMR MaF1 MiF1 NDCG@3 NDCG@5 P@1 Ranking
Rank

Clf.
Rank

Avg.
Rank

Base 9.81 45.54 52.49 83.81 86.35 80.75 0.00 17.23 18.34 34.35 32.58 40.54 4.33 4.17 4.25
LLM 7.55 50.96 58.22 82.32 85.77 84.15 0.00 20.05 22.99 40.24 39.29 46.62 3.50 3.08 3.29
LTM 7.55 51.85 57.17 81.90 85.87 84.53 0.00 19.66 21.58 39.54 39.28 48.31 3.67 3.42 3.54BERTje-nli

LP 43.77 51.80 72.26 88.21 90.07 87.17 0.00 21.48 38.31 52.76 50.33 61.15 1.00 1.50 1.25

RobBERT-Large
(trained on sample) fine-tuned 46.82

(1.28)
20.17
(2.21)

69.82
(1.08) / / / N/A N/A N/A / / / / / /

RobBERT-Large fine-tuned 53.58
(1.19)

51.19
(3.24)

78.23
(0.51) / / / N/A N/A N/A / / / / / /

Fietje-Instruct zero-shot 10.57 20.19 47.4 / / / N/A N/A N/A / / / / / /
Fietje-Instruct (few-shot) few-shot 9.05 13.03 51.69 / / / N/A N/A N/A / / / / / /
Geitje zero-shot 21.87 43.98 53.62 / / / N/A N/A N/A / / / / / /
Geitje (few-shot) few-shot 37.74 38.82 63.24 / / / N/A N/A N/A / / / / / /

Table 8: Classification and ranking results for all approaches on the Dutch EventDNA dataset. The results
with fine-tuned LLMs include standard deviations across five random seeds. Light green and dark green
indicate the best performance within a single model and best overall performance respectively.

4.4. Learning Curve Experiments

In order to show the resource-efficiency of our ap-
proach, we conducted learning curve experiments
with various sample sizes. These samples are
used to train sentence encoders and calibrate label-
specific thresholds. For each sample size, we take
three different random samples and ensure that
the same sample is used for both contrastive learn-
ing and threshold calibration. We use the same
samples to calibrate thresholds with the baseline
sentence encoder.

For these experiments, we opted for Stella, since
this model yielded the best classification results on
average across all datasets. Figure 4 shows the
macro-averaged F1-scores obtained on the test set
for each sample size. As can be observed, LP

generally shows steeper learning curves compared
to the baseline, thereby effectively making use of
the limited annotated examples9.

9Experiments with LLM and LTM where all negative
labels per text are considered, did not yield better results
than an optimized value for k.
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4.5. Results on EventDNA
The classification results and ranking results with
Dutch models on the EventDNA dataset can be
found in Table 8. The patterns observed in the En-
glish datasets are also consistent with those found
in the Dutch EventDNA dataset, in that DBC shows
promising results compared to the baselines. Addi-
tionally, we also observe that LP produces the best
results out of the three contrastive losses across
both levels of the dataset.

Compared to other baselines, RobBERT-Large
yields the highest EMR and micro-F1 scores on the
first-level labels of EventDNA. However, the mod-
els failed at learning the large number of labels at
the second level, which indicates that adaptations
to the training procedure are required. Similarly,
all generative LLMs failed to produce any predic-
tions, which can be attributed to the small model
size, the large label set combined with the required
structured output, and the prompt design. However,
these results highlight the flexibility and effective-
ness of our method on datasets with large label
sets.

5. Conclusion

In this study, we fine-tuned three state-of-the-art
sentence encoders using three supervised con-
trastive losses to enhance the performance of
distance-based multi-label text classification. Al-
though all models showed substantial performance
improvements, we observed that the pairwise con-
trastive loss (LP ) yielded the highest gain on all
datasets, thus narrowing the gap between distance-
based methods and supervised fine-tuning. We
highlight that our proposed method is computation-
ally more efficient than other approaches (gener-
ative LLMs and supervised fine-tuning of BERT
models) and requires little annotated data to be
effective, especially compared to baseline DBC
methods. Our findings can also be applied to other
similarity-based tasks, such as zero-shot (multi-
label) classification, ranking or retrieval-augmented
generation.

6. Limitations and Future Work

This study is subject to several limitations. First, the
comparison between our proposed DBC method
and fine-tuned models should be interpreted with
caution, as the fine-tuned BERT models were eval-
uated in a default fine-tuning setup without apply-
ing training optimizations such as mixed-precision
training. However, we still hypothesize that our
method would be substantially faster. Additionally,
we hypothesize that the efficiency of our method
and BERT models could be further improved by

integrating adapter modules (Poth et al., 2023).
We also recognize that there are more ad-

vanced prompt engineering techniques for perform-
ing MLTC with generative LLMs, such as chain-
of-thought prompting, including label explanations,
and improved sample selection methods using re-
trieval. Future work should explore these methods
to provide stronger comparisons.

Moreover, we recognize that our method disre-
gards label correlations during the contrastive fine-
tuning, threshold calibration, and inference stages.
We hypothesize that incorporating label correla-
tions in these stages would further improve the
performance.
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A. Appendix A: Adjusted Label Names

Dataset Label Name Adjusted Label Name
BioTech foundation Foundation Establishment

closing Company Closing Operations
Reuters acquisition Acquisition and Mergers

consumer price index Consumer Price Index (CPI)
cornglutenfeed Corn Gluten Feed
f-cattle Feeder Cattle

LitCovid Mechanism Biological Mechanism
Diagnosis Diagnostic Methods

Table 9: Examples of adjusted label names.

B. Appendix B: LLM Prompts

B.1. Zero-shot Example (LitCovid)
You are an expert annotator with expertise in analyzing abstracts from academic papers related to
COVID-19.

Classify each of the following texts with all relevant topics expressed in the text. ONLY use the following
topic labels: [LABEL_LIST]. It is possible that multiple labels are relevant to the text or that NO label is
relevant!!!

The final output should be a JSON object that looks like this:
[OUTPUT_EXAMPLE]
Respond ONLY with the JSON that contains your predictions for each text!!!
Texts: [NUMBERED_TEXTS]

B.2. Few-shot Example (LitCovid)
You are an expert annotator with expertise in analyzing abstracts from academic papers related to
COVID-19.

Classify each of the following texts with all relevant topics expressed in the text. ONLY use the following
topic labels: [LABEL_LIST]. It is possible that multiple labels are relevant to the text or that NO label is
relevant!!!

The final output should be a JSON object that looks like this:
[OUTPUT_EXAMPLE]
Respond ONLY with the JSON that contains your predictions for each text!!!
Here are some annotated examples from the data: [ANNOTATED_EXAMPLES]
Texts: [NUMBERED_TEXTS]

C. Appendix C: Model Hyperparameters

Model Loss SemEval BioTech Reuters AAPD LitCovid
LR Ep BS NTK mgn LR Ep BS NTK mgn LR Ep BS NTK mgn LR Ep BS NTK mgn LR Ep BS NTK mgn

GIST-Large LLM 2e-5 10 128 3 0.5 2e-5 10 128 7 0.5 2e-5 10 128 7 0.5 2e-5 15 128 7 0.5 2e-5 5 128 3 0.5
LTM 2e-5 10 128 3 0.5 2e-5 10 128 7 0.5 2e-5 15 128 7 0.5 2e-5 15 128 7 0.5 2e-5 5 128 3 0.5
LP 2e-5 15 16 N/A 0.5 2e-5 15 16 N/A 0.5 2e-5 15 16 N/A 0.5 2e-5 15 16 N/A 0.5 2e-5 15 16 N/A 0.5

BGE
LLM 2e-5 10 128 3 0.5 2e-5 10 128 10 0.5 2e-5 10 128 7 0.5 2e-5 10 128 7 0.5 2e-5 5 128 3 0.5
LTM 2e-5 10 128 3 0.5 2e-5 10 128 10 0.5 2e-5 10 128 7 0.5 2e-5 10 128 7 0.5 2e-5 5 128 3 0.5
LP 2e-5 15 16 N/A 0.5 2e-5 15 16 N/A 0.5 2e-5 15 16 N/A 0.5 2e-5 15 128 N/A 0.5 2e-5 15 128 N/A 0.5

Stella
LLM 2e-5 5 128 3 0.5 2e-5 10 128 7 0.5 2e-5 10 128 7 0.5 2e-5 15 128 7 0.5 2e-5 5 128 3 0.5
LTM 2e-5 10 128 3 0.5 2e-5 10 128 7 0.5 2e-5 10 128 7 0.5 2e-5 15 128 7 0.5 2e-5 5 128 3 0.5
LP 2e-5 15 16 N/A 0.5 2e-5 15 16 N/A 0.5 2e-5 15 16 N/A 0.5 2e-5 15 16 N/A 0.5 2e-5 15 128 N/A 0.5

RoBERTa N/A 2e-5 10 8 N/A N/A 2e-5 20 8 N/A N/A 2e-5 10 8 N/A N/A 2e-5 10 8 N/A N/A 2e-5 20 8 N/A N/A
RoBERTa
(sample) N/A 2e-5 10 8 N/A N/A 2e-5 20 8 N/A N/A 2e-5 10 8 N/A N/A 2e-5 20 8 N/A N/A 2e-5 10 8 N/A N/A

Table 10: Hyperparameters for the best models per setup. LR = Learning Rate, Ep = number of epochs,
BS = Batch Size, NTK = negative top k; number of hard negatives, mgn = margin.
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D. Appendix D: DBC Results with Uniform Thresholds

Model SemEval BioTech Reuters AAPD LitCovid Avg. Metrics

EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 Clf.
Rank Avg EMR Avg. MaF1 Avg. MiF1

Base 7.24 25.27 29.18 0.52 16.13 18.61 5.82 12.26 15.81 4.2 29.94 33.95 12.07 22.47 26.93 12.7 5.97 (4.23) 21.214 (7.07) 24.896 (7.53)
LLM 17.77 51.53 65.22 11.02 9.04 40.54 59.31 33.94 61.98 17.1 36.72 53.72 30.21 63.44 73.34 5.73 27.082 (19.32) 38.934 (20.51) 58.96 (12.47)
LTM 14.08 50.23 65.9 3.15 24.67 40.1 20.11 22.58 37.46 3.8 36.17 50.08 26.99 62.72 70.73 7.6 13.626 (10.33) 39.274 (17.11) 52.854 (14.98)GIST

LP 22.61 57.25 68.92 21.26 40.15 55.79 70.33 37.42 72.82 21.8 46.19 60.33 46.55 69.26 75.73 2.13 34.69 (18.29) 49.808 (13.47) 65.312 (7.7)

Base 1.99 40.35 43.83 0.52 15.13 17.3 1.52 8.36 9.95 1 23.39 24.09 15.32 35.4 39.3 13.3 4.07 (6.31) 24.526 (13.41) 26.894 (14.39)
LLM 17.8 47.84 62.79 4.72 13.69 40.8 50.25 14.42 32.79 13.2 17.09 21.3 49.85 60.48 73.62 8.43 27.164 (21.41) 30.704 (21.91) 46.26 (21.54)
LTM 14.15 49.5 62.37 1.31 21.95 33.97 16.61 29.42 50.48 11.1 26.9 36.17 38.05 62.18 74.34 7.5 16.244 (13.5) 37.99 (17.11) 51.466 (17.2)BGE

LP 19.61 55.39 67.81 12.86 34.01 50.49 40.65 22.36 48.11 16.2 42.52 57.04 72.3 80.71 87.03 3.87 32.324 (24.84) 46.998 (22.38) 62.096 (15.89)

Base 4.79 15.17 17.44 1.57 17.32 19.94 19.12 20.94 29.83 4.9 31.81 35.07 8.03 21.01 19.52 11.87 7.682 (6.79) 21.25 (6.4) 24.36 (7.67)
LLM 14.7 50.64 59.67 8.66 18.08 41.16 9.59 34.83 56.85 27.1 42.58 61.79 68.62 69.89 84.67 4.6 25.734 (25.07) 43.204 (19.16) 60.828 (15.6)
LTM 12.86 51.5 57.7 3.67 21.81 33.09 0.99 21.02 32.85 22.9 43.38 57.79 32.81 64.57 72.87 7.13 14.646 (13.31) 40.456 (18.96) 50.86 (17.46)Stella

LP 13.75 57.07 66.12 19.42 42.04 56.76 69.4 38 71.75 23.1 44.36 59.2 73.7 81.23 87.56 2.13 38.078 (31.23) 52.1 (16.89) 66.34 (13.56)

Table 11: All classification results with calibrated uniform thresholds.

E. Appendix E: DBC Ranking Results

Model SemEval BioTech Reuters AAPD LitCovid Avg. Metrics

NDCG@3 NDCG@5 P@1 NDCG@3 NDCG@5 P@1 NDCG@3 NDCG@5 P@1 NDCG@3 NDCG@5 P@1 NDCG@3 NDCG@5 P@1 Ranking
Rank Avg. NDCG@3 Avg. NDCG@5 Avg. P@1

Base 65.97 73.02 68.18 25.91 31.73 20.73 59.74 63.22 50.55 60.45 66.24 64.3 65.27 72.86 44.96 13.8 55.468 (16.76) 72.94 (18.3) 42.64 (34.06)
LLM 77.48 82.32 81.1 54.18 59.14 43.83 83.84 84.66 82.3 69.5 74.03 75.7 93.24 94.74 89.93 5.73 75.648 (14.82) 88.53 (15.23) 68.552 (47.14)
LTM 76.85 82.19 80.64 50.96 58.72 44.09 83.69 84.57 82.67 68.3 72.86 74.5 92.5 94.13 89.53 6.87 74.46 (15.86) 88.16 (15.28) 60.19 (35.24)GIST

LP 79.31 83.67 81.71 69.21 72.9 64.3 87.29 87.63 86.27 75.14 79.11 79.8 95.59 96.42 92.43 2.07 81.178 (10.26) 90.045 (10.18) 72.272 (28.04)

Base 56.7 64.58 57.32 22.4 27.34 17.85 60.2 64.44 51.04 48.13 54.51 49.6 68.49 75.01 53.55 14.4 51.184 (17.67) 69.795 (20.45) 37.076 (24.37)
LLM 75.84 80.69 77.05 49.06 57.07 43.31 83.72 84.73 82.04 67.02 71.77 71.4 92.38 93.84 87.71 8.73 73.604 (16.63) 87.265 (16) 60.7 (40.81)
LTM 76.19 80.85 77.48 49.46 56.33 44.36 82.84 83.92 80.91 66.24 70.86 68.6 91.79 93.38 87.15 8.97 73.304 (16.27) 87.115 (16.1) 55.348 (32.99)BGE

LP 79.52 83.76 82.39 67 71.32 61.42 87.27 87.67 86.14 74.51 78.46 77.9 96.44 97.04 93.83 2 80.948 (11.38) 90.4 (11.17) 67.458 (31.03)

Base 62.44 70.23 65.91 28.49 32.83 23.1 76.34 77.88 69.04 57.2 62.47 56.8 44.47 54.18 18.67 13.8 53.788 (18.18) 62.205 (18.78) 38.462 (27.92)
LLM 74.66 80.3 79.38 49.45 55.46 48.56 85.95 86.49 85.38 70.85 75.14 76.2 94.51 95.7 91.49 5.97 75.084 (17.11) 88 (17.33) 59.848 (41.1)
LTM 74.06 78.19 79.96 49.26 54.51 51.71 84.92 85.61 85.05 72.53 76.33 78.7 92.78 94.72 91.6 6.27 74.71 (16.46) 86.455 (17.24) 58.926 (40.23)Stella

LP 76.57 81.86 77.54 71.15 75.49 66.4 87.83 88.14 86.8 73.48 76.82 77.4 96.3 96.96 93.68 2.67 80.98 (10.46) 89.7 (10.06) 73.184 (25)

Table 12: Ranking results (NDCG@3, NDCG@5 and P@1) on all datasets from all models trained
contrastive losses.

F. Appendix F: LLM Results

Model Method SemEval BioTech Reuters AAPD LitCovid Average Results

EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 EMR MaF1 MiF1 Avg.
EMR

Avg.
MaF1

Avg.
MiF1

Qwen3:1.7b zero-shot 9.73 44.96 52.94 16.01 34.64 38.34 13.96 29.78 38.16 0.3 10.76 12.79 10.23 40.98 42.38 10.05 32.22 36.92
few-shot 8.93 48.63 56.15 8.39 30.91 39.09 19.48 31.63 38.47 4.2 16.07 26.23 23.16 50.89 48.57 12.83 35.63 41.70

Qwen3:14b zero-shot 16.26 49.65 60.41 13.91 45.88 45.52 57.26 64.45 72.59 4.8 42.98 42.52 33.03 61.7 64.48 25.05 52.93 57.10
few-shot 15.71 48.97 59.46 14.44 46.84 47.2 59.78 58.86 73.13 9.8 44.17 46.76 39.25 63.47 66.31 27.79 52.46 58.57

Gemma3:12b zero-shot 13.07 49.85 57.92 3.94 35.97 40.44 36.72 55.98 60.94 2.3 37.31 34.85 35.04 60.97 64.96 18.21 48.02 51.82
few-shot 12.64 49.06 56.78 8.14 39.16 43.26 44.26 56.77 63.49 5.6 39.77 40.65 36.13 59.72 63.87 21.35 48.89 53.61

Table 13: Zero-shot and few-shot classification results from LLMs on all English datasets. The best results
per dataset are marked in bold.
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G. Appendix G: Classification Reports and Confusion Matrices

G.1. SemEval

Stella Stella (LP ) Qwen3:14b RoBERTa support
anger 51.70 79.89 76.46 75.03 1101

anticipation 23.09 27.41 32.00 32.94 425
disgust 56.99 77.12 50.92 75.72 1099

fear 45.79 71.50 60.36 77.16 485
joy 66.22 82.87 80.02 85.43 1442

love 38.86 64.77 41.38 46.88 516
optimism 60.99 73.75 50.09 74.80 1143

pessimism 32.70 43.31 37.65 31.91 375
sadness 52.33 72.55 70.07 72.31 960
surprise 12.53 27.82 29.26 18.72 170

trust 12.02 8.21 10.42 1.28 153
micro avg 48.96 66.83 59.46 70.30 7869
macro avg 41.20 57.20 48.97 53.83 7869

Table 14: Class-wise F1-scores per label and approach.

Figure 5: Confusion matrix for the SemEval
dataset, obtained from Stella (DBC).

Figure 6: Confusion matrix for the SemEval
dataset, obtained from Stella (LP , DBC).

Figure 7: Confusion matrix for the SemEval
dataset, obtained from Qwen3:14b.

Figure 8: Confusion matrix for the SemEval
dataset, obtained from RoBERTa.
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G.2. BioTech

Stella Stella (LP ) Qwen3:14b RoBERTa support
Company Description 48.59 47.31 47.62 79.49 103

Event Organization 17.39 18.18 38.46 59.46 9
Product Launch and Presentation 23.75 46.58 34.92 50.00 32

Industry Expansion 8.33 0.00 6.78 0.00 4
Service and Product Provision 9.88 33.33 7.81 71.15 8

Partnerships and Alliances 0.00 0.00 0.00 0.00 0.0
New Initiatives and Programs 23.53 30.77 30.09 66.67 34

Investment in Public Company 38.10 55.56 57.14 86.67 8
Funding Round 60.00 68.57 78.57 82.82 14

Support and Philanthropy 21.43 45.16 57.14 0.00 20
Mergers and Acquisitions 58.54 78.79 66.67 81.25 19

Executive Statement 64.67 77.35 75.00 78.95 162
Executive Appointment 54.55 73.33 80.00 80.00 15

Product Updates 9.30 0.00 30.30 66.67 9
Article Publication 0.00 25.81 21.82 40.00 18

Participation in an Event 8.33 11.76 25.81 58.82 10
Hiring 27.59 58.82 54.55 97.30 12

IPO Exit 28.57 66.67 10 51.52 2
Department Establishment 0.00 0.00 0.00 70.45 1
Foundation Establishment 1.30 40.00 0.00 63.16 2

Other Activities 32.46 42.86 35.00 0.00 101
Alliance and Partnership 41.90 73.24 52.46 0.00 37

Geographic Expansion 22.22 26.09 56.67 70.00 19
Clinical Trial Sponsorship 33.33 66.67 44.44 42.11 2

Company Closing Operations 33.33 40.00 57.14 54.55 4
Regulatory Approval 33.33 53.33 66.67 53.33 8

Patent Publication 5.48 6.15 80.00 0.00 2
Subsidiary Establishment 25.00 66.67 50.00 69.57 1

micro avg 34.45 53.43 47.20 73.16 656
macro avg 26.10 41.18 44.82 52.64 656

Figure 9: Confusion matrix for the BioTech
dataset, obtained from Stella (DBC).

Figure 10: Confusion matrix for the BioTech
dataset, obtained from Stella (LP , DBC).



7377

Figure 11: Confusion matrix for the Biotech
dataset, obtained from Qwen3:14b.

Figure 12: Confusion matrix for the BioTech
dataset, obtained from RoBERTa.

G.3. LitCovid

Stella Stella (LP ) Qwen3:14b RoBERTa support
Case Report 51.75 88.14 80.36 87.36 482

Diagnostic Methods 65.09 85.68 53.80 86.83 1546
Epidemic Forecasting 66.21 71.66 57.93 85.30 192

Biological Mechanisms 64.41 85.41 72.26 69.97 1073
Prevention Strategies 73.31 93.42 70.67 88.71 2750

Transmission Dynamics 33.63 62.30 40.07 93.13 256
Medical Treatments 53.72 88.63 69.18 61.09 2207

micro avg 61.68 88.01 66.31 88.20 8506
macro avg 58.30 82.18 63.47 81.77 8506

Figure 13: Confusion matrix for the LitCovid
dataset, obtained from Stella (DBC).

Figure 14: Confusion matrix for the LitCovid
dataset, obtained from Stella (LP , DBC).
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Figure 15: Confusion matrix for the LitCovid
dataset, obtained from Qwen3:14b.

Figure 16: Confusion matrix for the LitCovid
dataset, obtained from RoBERTa.

H. Appendix H: Statistical Significance Tests

LLM vs Base LTM vs Base LP vs Base
Dataset Model OR p OR p OR p

AAPD GIST-Large 1.15 <0.001 1.06 0.002 1.75 <0.001
AAPD BGE 1.16 <0.001 1.31 <0.001 1.73 <0.001
AAPD Stella 1.38 <0.001 1.50 <0.001 2.41 <0.001
BioTech GIST-Large 1.60 <0.001 1.19 <0.001 2.49 <0.001
BioTech BGE 1.33 <0.001 1.41 <0.001 2.76 <0.001
BioTech Stella 1.92 <0.001 1.58 <0.001 3.41 <0.001
LitCovid GIST-Large 4.45 <0.001 4.16 <0.001 5.66 <0.001
LitCovid BGE 2.89 <0.001 3.26 <0.001 5.16 <0.001
LitCovid Stella 3.91 <0.001 4.09 <0.001 5.06 <0.001
Reuters GIST-Large 1.51 <0.001 2.84 <0.001 20.18 <0.001
Reuters BGE 2.20 <0.001 2.75 <0.001 2024 <0.001
Reuters Stella 1.15 <0.001 1.28 <0.001 838 <0.001
SemEval GIST-Large 1.88 <0.001 1.64 <0.001 2.05 <0.001
SemEval BGE 1.69 <0.001 1.81 <0.001 2.75 <0.001
SemEval Stella 2.27 <0.001 2.09 <0.001 2.82 <0.001

Table 15: GLMM odds ratios for each contrastive loss vs. the base threshold. OR > 1 indicates improved
odds of a correct per-label prediction. P-values are Holm-Bonferroni corrected.
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LP vs LLM LP vs LTM LLM vs LTM

Dataset Model OR p OR p OR p

AAPD GIST-Large 1.52 <0.001 1.65 <0.001 1.08 0.006
AAPD BGE 1.49 <0.001 1.32 <0.001 1.13 <0.001
AAPD Stella 1.74 <0.001 1.61 <0.001 1.08 0.007
BioTech GIST-Large 1.55 <0.001 2.09 <0.001 1.34 <0.001
BioTech BGE 2.07 <0.001 1.95 <0.001 1.06 0.185
BioTech Stella 1.78 <0.001 2.15 <0.001 1.21 <0.001
LitCovid GIST-Large 1.27 <0.001 1.36 <0.001 1.07 0.016
LitCovid BGE 1.79 <0.001 1.58 <0.001 1.13 <0.001
LitCovid Stella 1.30 <0.001 1.24 <0.001 1.05 0.115
Reuters GIST-Large 84.41 <0.001 26.08 <0.001 3.24 <0.001
Reuters BGE 24475 <0.001 19208 <0.001 1.27 <0.001
Reuters Stella 82.07 <0.001 130.47 <0.001 1.59 <0.001
SemEval GIST-Large 1.09 <0.001 1.25 <0.001 1.14 <0.001
SemEval BGE 1.63 <0.001 1.52 <0.001 1.07 <0.001
SemEval Stella 1.24 <0.001 1.35 <0.001 1.09 <0.001

Table 16: GLMM pairwise odds ratios between contrastive losses. OR > 1 indicates the first method has
better odds of a correct prediction. P-values are Holm-Bonferroni corrected.
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