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Abstract

Scientific document classification is a critical
task and often involves many classes. How-
ever, collecting human-labeled data for many
classes is expensive and usually leads to label-
scarce scenarios. Moreover, recent work has
shown that sentence embedding model fine-
tuning for few-shot classification is efficient,
robust, and effective. In this work, we pro-
pose FusionSent (Fusion-based Sentence Em-
bedding Fine-tuning), an efficient and prompt-
free approach for few-shot classification of
scientific documents with many classes. Fu-
sionSent uses available training examples and
their respective label texts to contrastively fine-
tune two different sentence embedding mod-
els. Afterward, the parameters of both fine-
tuned models are fused to combine the com-
plementary knowledge from the separate fine-
tuning steps into a single model. Finally, the
resulting sentence embedding model is frozen
to embed the training instances, which are
then used as input features to train a classifica-
tion head. Our experiments show that Fusion-
Sent significantly outperforms strong baselines
by an average of 6.0 F1 points across multi-
ple scientific document classification datasets.
In addition, we introduce a new dataset for
multi-label classification of scientific docu-
ments, which contains 203,961 scientific ar-
ticles and 130 classes from the arXiv cate-
gory taxonomy. Code and data are available at
https://github.com/sebischair/FusionSent.

1 Introduction

Scientific literature has grown exponentially over
the last few decades, with countless new publica-
tions being added every year (Dong et al., 2017).
To be searchable and accessible to researchers, pol-
icymakers, and the public, scientific literature must
be managed and categorized in digital libraries
(Toney and Dunham, 2022). However, this poses a
significant challenge due to the huge volume of doc-
uments and the variety of topics they cover (Sadat

and Caragea, 2022). In addition to the broad spec-
trum of possible topics, scientific documents often
cannot be assigned to just one topic due to their
interdisciplinary character. Consequently, automat-
ically categorizing scientific documents must be
approached as a multi-label classification problem
over large label spaces. Previous works approach
this task either in an unsupervised (Shen et al.,
2018; Salatino et al., 2019; Mustafa et al., 2021;
Toney and Dunham, 2022; Schopf and Matthes,
2024) or in a fully supervised (Gialitsis et al., 2022;
Sadat and Caragea, 2022; E. Mendoza et al., 2022;
Schopf et al., 2023) manner. While supervised ap-
proaches offer high prediction quality, they require
a large corpus of annotated data to perform. Often,
however, a large corpus of annotated data is un-
available, e.g., when a new categorization scheme
is being developed for an emerging scientific field.
Unsupervised approaches provide a possible cir-
cumvention of this limitation but are accompanied
at the expense of prediction quality.

To improve classification performance in sce-
narios where labeled data is unavailable, domain
experts may annotate a small part of the dataset.
However, annotating many classes naturally leads
to data scarcity, as collecting sufficient training data
for all classes causes significantly higher costs (Xu
et al., 2023a). Therefore, to support the classifica-
tion of scientific documents in such scenarios, we
consider the multi-label classification of scientific
documents as a few-shot task. Few-shot approaches
are designed to train an effective model with a few
labeled examples, reducing the cost of developing
models for new domains and tasks (Huang et al.,
2023).

In recent work, SetFit (Tunstall et al., 2022)
demonstrated strong few-shot classification perfor-
mance by contrastively fine-tuning (Koch et al.,
2015) sentence embedding models. Since this ap-
proach does not require prompts and is effective on
relatively small models, it is much more efficient
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Figure 1: The training process of FusionSent comprises three steps: (1) Fine-tune two different sentence embedding
models from the same Pre-trained Language Model (PLM), with parameters θ1, θ2 respectively. θ1 is fine-tuned on
pairs of training sentences using cosine similarity loss and θ2 is fine-tuned on pairs of training sentences and their
corresponding label texts, using contrastive loss. Label texts can consist of simple label/class names or of more
extensive texts that semantically describe the meaning of a label/class. (2) Merge parameter sets θ1, θ2 into θ3 using
Spherical Linear Interpolation (SLERP). (3) Freeze θ3 to embed the training sentences, which are then used as input
features to train a classification head.

and consistent than common prompt-based meth-
ods such as In-Context Learning (ICL) (Brown
et al., 2020) and Pattern-Exploiting Training (PET)
(Schick and Schütze, 2021), which involve careful
prompt engineering and large-scale model sizes.

In this paper, we propose FusionSent, which
builds on the idea of contrastive sentence embed-
ding training for efficient few-shot classification.
As illustrated in Figure 1, FusionSent uses the few
annotated examples, as well as label texts, to con-
trastively fine-tune two separate sentence embed-
ding models from the same Pre-trained Language
Model (PLM) checkpoint. One model is fine-tuned
to maximize similarities between training examples
sharing the same class, and the other model is fine-
tuned to maximize similarities between training
examples and their corresponding label texts. After
fine-tuning, the weights of both models are merged
to obtain the model body of FusionSent. For subse-
quent classifier training, the model body is frozen
to embed the few training examples, which are
then used as input features to train a simple logis-
tic regression head. This approach works effec-
tively with relatively small model sizes, requires no
prompts, and merging fine-tuned sentence embed-
ding models incurs no additional inference or mem-
ory costs (Wortsman et al., 2022). Our experiments
show that FusionSent consistently outperforms var-
ious baselines on different datasets for multi-label
classification of scientific documents with many
classes. Furthermore, we show that FusionSent can

improve few-shot performance in multi-class set-
tings of different domains with a small number of
classes.

In addition to FusionSent, we introduce a new
dataset for multi-label classification of scientific
documents. The dataset consists of 130 classes and
203,961 scientific articles that have been manually
categorized by their authors into one or more topics
from the arXiv category taxonomy1.

2 Related Work

2.1 Classification of Scientific Documents

Unsupervised approaches typically use embed-
dings of topics as well as scientific documents and
perform classification based on their similarities
(Shen et al., 2018; Salatino et al., 2019; Mustafa
et al., 2021; Toney and Dunham, 2022). More re-
cently, classifying scientific documents has been
regarded as a fully supervised task. SciNoBo (Gi-
alitsis et al., 2022) uses the structural properties
of publications and their citations and references
organized in a multilayer graph network for predict-
ing topics of scientific publications. HR-SciBERT
(Sadat and Caragea, 2022) uses a multi-task learn-
ing approach for topic classification with keyword
labeling as an auxiliary task. Finally, E. Mendoza
et al. (2022) use ensemble models to classify scien-
tific documents into multiple research themes.

1https://arxiv.org/category_taxonomy
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