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Abstract: In the age of scholarly big data, efficiently navigating and analyzing the vast corpus
of scientific literature is a significant challenge. This paper introduces a specialized pre-trained
BERT-based language model, termed SPBERT, which enhances natural language processing tasks
specifically tailored to the domain of scientific paper analysis. Our method employs a novel neural
network embedding technique that leverages textual components, such as keywords, titles, abstracts,
and full texts, to represent papers in a vector space. By integrating recent advancements in text
representation and unsupervised feature aggregation, SPBERT offers a sophisticated approach to
encode essential information implicitly, thereby enhancing paper classification and literature retrieval
tasks. We applied our method to several real-world academic datasets, demonstrating notable
improvements over existing methods. The findings suggest that SPBERT not only provides a more
effective representation of scientific papers but also facilitates a deeper understanding of large-scale
academic data, paving the way for more informed and accurate scholarly analysis.
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1. Introduction

In the field of research, scholars are tasked with the extensive work of searching,
reviewing, and analyzing a variety of scientific papers pertinent to their fields to identify
prior related studies. Nevertheless, the exponential increase in the availability of scientific
publications is leading to information overload [1] and increasing the complexity of tasks,
such as assessing scientific impact, recommending relevant literature, and finding specific
papers of interest [2]. Natural language processing (NLP) and artificial intelligence (AI)
technologies need to be used to improve search algorithms so that they can more accurately
understand query intent and provide more relevant results to enhance the relevance and
accuracy of search results. In the field of computational analysis, innovative methods are
being developed to address the challenges associated with the scholarly examination of
literature. The efficiency of such methods depends on the accurate computational represen-
tation of academic papers, a topic that has attracted considerable interest in recent years.

Strategies for the representation of scientific papers currently fall into three distinct
categories, which differ in the techniques they employ: content-based, network-based
and hybrid approaches. Traditional strategies often rely on the textual content of papers,
represented by histograms such as those found in bag-of-words (BoW) or N-gram models.

The advent of deep neural networks has marked a significant advance in the field of
natural language processing (NLP), improving the robustness of paper representations
through the use of deep neural networks and extensive pre-training on large datasets.

In addition, a plethora of alternative methods have been developed to probabilistically
model papers by exploiting their inherent network structure [3], bringing new dimensions
to the analysis and representation of scientific literature.

While existing methods predominantly use citation and authorship data to analyse
scientific literature, they often overlook the rich textual content of the papers themselves.
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Citation networks form organically, leading to graph-based analysis methods, such as co-
citation and bibliographic coupling relationship analysis, which focus on citation features
by considering the relationships between papers. These methods increase the significance
and specificity of the resulting feature vectors. Hybrid approaches combine these graph-
based techniques with content-based strategies, using methods such as graph convolution
networks (GCN) for network metadata and textual analysis for content metadata.

In contrast, our work addresses the full range of textual metadata within a paper,
including title, abstract, body, and keywords, going beyond the limited scope of previous
research, which typically only considers titles and abstracts. Specifically, we develop
SPBERT, a language model rooted in BERT [4] and fine-tuned for scientific literature, to
better capture the nuances of academic texts. SPBERT has undergone specialized pre-
training tasks tailored to the domain of scientific research.

SPBERT is then used to derive text vectors from the title, abstract, and body of papers,
integrating keyword information to mitigate BERT’s limitations with long texts. To syn-
thesize these different textual embeddings into a cohesive paper vector, we introduce two
innovative aggregation methods. Together, these advances contribute to a more nuanced
and comprehensive representation of scientific papers.

Our approach is evaluated against traditional representations in the context of paper
classification and semantic search. The experimental results show that our method effectively
captures paper representations. The main contributions of our work are outlined below:

• We propose SPBERT, a specialized pre-trained BERT-based language model fine-tuned
on academic datasets, to improve the performance of NLP tasks in the domain of
scientific paper analysis.

• We introduce a novel scientific paper encoder that can learn vector representations of
each textual content by combining the keyword information and then aggregating it
into a mixed model.

• We perform experiments on real scientific datasets to evaluate our proposed method,
as well as an ablation study to confirm the effectiveness of each module.

2. Related Work

The foundation of downstream scientific natural language processing (NLP) tasks,
such as paper classification, recommendation [5], and visualization, lies in effective paper
representation [6]. These tasks have been developed to address the complexities associated
with scholarly data. Content-based vectorization stands as the most widely adopted
method for representing scientific papers [1].

A typical paper consists of various elements, including the title, authors, abstract,
keywords, body, figures, and citation network. Content-based methods primarily extract
and utilize text data. Traditional content-based representations have largely centered on
titles or abstracts, employing techniques like bag-of-words (BoW) or N-gram models [7],
which, unfortunately, lead to issues of high dimensionality and often overlook other
textual elements.

The advent of unsupervised feature learning methods, utilizing deep neural networks
to learn embeddings in lower-dimensional latent spaces, has marked a significant devel-
opment in this field. For textual data, neural network methods such as word2vec [8]
have been introduced, providing dense word and text representations through algorithms
like Skip-gram [8] and Glove [9]. The text learning components in methodologies like
Paper2vec [7] and VOPRec [1] draw upon word2vec and Doc2vec [10]. Nevertheless, these
models typically learn context-independent word representations, which are static, thereby
limiting their ability to address the nuances of polysemy.

Recent efforts have expanded to include the representation of words with contextual
information. The emergence of new contextualized word embeddings, as referenced in
studies on BERT and ELMo [4,11], enables the creation of nuanced representations for
words based on their specific use cases, enhancing performance across a spectrum of



Electronics 2024, 13, 2123 3 of 13

downstream tasks, such as question answering [12], sentiment analysis [13], and named
entity recognition [14].

ELMo [11], which relies on a bidirectional language model pre-trained on extensive
text corpora, has markedly advanced the benchmarks for many NLP challenges [15].
Building on this, the introduction of BERT [4], which employs a self-attention architecture
widely celebrated in numerous NLP applications, has established itself as a leading method
for word embedding. BERT’s innovative approach to pre-training deep bidirectional
representations from unlabeled text has set a new industry standard.

Further specializing the application of BERT, BioBERT [16], which has been trained
on PubMed abstracts and PMC full-text articles, outperforms the standard BERT model in
several biomedical tasks, including named entity recognition and relation extraction. In
a similar vein, SciBERT [17] demonstrates superior performance over the original BERT
on NLP tasks across various scientific disciplines by training with a corpus of scientific
literature. These advancements illustrate that BERT is adept at extracting semantic content,
and targeted training within a specific domain can significantly enhance model performance
on related downstream tasks.

DeBERTa, as discussed in He et al. [18], enhances masked language modeling by
utilizing a decoder optimized for predicting masked tokens, a departure from relying solely
on the encoder. This improvement aids in comprehending and predicting missing word
contexts, thereby enhancing the accuracy of language model pre-training. The performance
of DeBERTa surpasses that of other models in various natural language understanding
tasks, such as GLUE, SQuAD, and RACE benchmarks.

The subsequent version, DeBERTaV3 [19], further refines DeBERTa by incorporating
the Replacement Token Detection (RTD) training loss from ELECTRA, alongside DeBERTa’s
disentangled attention mechanism. This amalgamation enhances pre-training efficiency
and delivers notable performance enhancements in tasks like MNLI and SQuAD v2.0.

Transformer-based models, as highlighted in Ranaldi [20], are revolutionizing the
field of NLP. Transformers excel in addressing semantic, syntactic, and even stylistic
tasks. The pivotal factor in their success lies in pre-training on extensive corpora with
abundant resources. By leveraging vast knowledge integration, these models offer a deeper
understanding and analysis, leading to optimal results.

Heterformer [21] introduces a novel approach for node representation in text-rich,
heterogeneous networks using the Transformer architecture, aiming to effectively manage
diverse data types and enhance classification and link prediction tasks. Quintuple [22] in-
troduces a quintuple-based learning model for bipartite heterogeneous networks, focusing
on sophisticated representation by capturing complex interactions between diverse node
types, significantly enhancing tasks like classification and prediction within these networks.
Multi [23] presents a novel multi-view learning approach for representation learning in het-
erogeneous networks, effectively integrating diverse data types and views to enhance node
representation, which significantly benefits tasks like node classification and link prediction.
Hinormer [24] leverages a graph transformer to perform node representation learning in
heterogeneous information networks, enhancing the capture of structural and semantic
node information, which improves performance on various network analysis tasks.

T5 [25] introduces a unified framework that converts text-based language questions
into a text-to-text format. This approach explores transfer learning technology in NLP
and achieves top results in various benchmarks like summarization, question answering,
and text classification. LongT5 [26] extends the T5 model to efficiently process longer
text sequences. LongT5 utilizes a combination of local window attention and global
sparse attention mechanisms, enabling the model to focus on crucial parts of the text
without the typical computational burden of handling long sequences in transformers.
It is versatile and suitable for various NLP tasks involving lengthy documents, such
as document summarization, text classification, and long context question answering.
Sentence-T5 [27] is specifically optimized for tasks at the sentence level. It adapts the T5
framework to emphasize generating or understanding sentences, making it potentially



Electronics 2024, 13, 2123 4 of 13

more effective for activities like sentence similarity, paraphrasing, or other tasks focusing on
individual sentences rather than longer texts. The output is primarily at the sentence level,
potentially ideal for tasks that require concise and precise text generation or transformation.

KG-BART [28] is a generative common sense reasoning method that combines knowl-
edge graphs and BART models. It enhances the model’s ability to include relevant and
accurate information in generated text by incorporating structured knowledge from the
knowledge graph into the pre-trained BART model. This method is particularly suitable
for tasks that require common sense reasoning, and can effectively improve the quality and
information richness of generated text.

The K-LM [29] paper proposes a method to improve language model performance
through knowledge enhancement in the academic field. This method combines domain-
specific knowledge graphs with pre-trained language models to enhance the model’s ability
to process academic texts. K-LM places special emphasis on incorporating precise academic
concepts and relationships into the model training process, thereby improving the accuracy
and depth of the model in generating and understanding academic content.

3. Proposed Method

As shown in Figure 1, we develop a model for representing scientific papers, employ-
ing both BM25 [30] and SPBERT. SPBERT is distinct from BERT in that it is specifically
pre-trained on scientific literature and is further refined through various tasks suited to this
domain. Notably, our model utilizes a keyword-attention encoding technique to effectively
encapsulate the essence of the scientific papers.

Computer Graphics(CG) Visualization (VIS)

SPBERT+SE(Attention
Pooling) SPBERT+NE(Wide&Deep)

SVM 
Classification

Dataset

Semantic Similarity

Figure 1. SPBERT model architecture.

As shown in Figure 2, the SPBERT model is derived from the BERT-Large model,
and the model structure and parameters are basically the same (see the description of the
Model section below). It uses computer graphics (CG) and visualization (VIS) datasets
for self-supervised fine-tuning. It utilizes the class labels in these datasets to generate



Electronics 2024, 13, 2123 5 of 13

SE (attention pooling) and NE (wide and deep) feature vector encodings, respectively.
The model utilizes a support vector machine (SVM) approach for multi-class supervised
learning. After training, the model is suitable for downstream tasks such as classification
prediction and recommendation of similar items.

CLS t1 tm SEP…

Transformer Layers

ECLS E1 Em ESEP…

Keyword Attention

k1 k2 kn…

Pooling

Output Layer

ES E1(ki) E2(ki) El(kj)…

Figure 2. We use keyword attention pooling to combine the keywords with long text in document encoding.

3.1. SPBERT
3.1.1. Model

The architecture of BERT consists of a complex multi-layered bidirectional transformer
encoder that utilizes self-attention mechanisms. The model is categorized into two types
based on scale: the base and the large models. Our study employs the BERT-Large configu-
ration, which is an English pre-trained variant with 24 layers, 768 hidden units per layer,
16 attention heads, and a total of 340 million parameters.

For the SPBERT model architecture, we specifically utilize the BERT-Large model. The
model processes input as sequences of tokens, essentially fragments of contiguous text.
Each sequence commences with a unique classification token ([CLS]). In instances where
we have a pair of sentences, they are delineated using a distinct separator token ([SEP]).

BERT employs the WordPiece embedding [31] technique with a vocabulary size of
30,000 tokens to tokenize each element within the sequence in an unsupervised manner.
We adopt the initial vocabulary provided with BERT, replacing the 995 ‘unused’ entries
with the most frequent terms from our dataset used in the pre-training phase.

Beyond word embeddings, the input representation is further enriched with segment
and position embeddings, which facilitate the model in understanding the structure and
order of the input sequence.

3.1.2. Pre-Training Task

In the realm of learning representations for scientific papers, acquiring labeled data
present a significant challenge. A principal benefit of models based on BERT is their ability
to exploit a substantial corpus of unlabeled textual data for learning model parameters.

Our approach involves pre-training a neural network architecture that encompasses
two key tasks: the masked language model (MLM) and the prediction of sentence relations
(SRP). Task 1: Masked Language Model (MLM):

To cultivate a deep bidirectional representation, we randomly obscure certain input
tokens. The model then forecasts these masked tokens, diverging from traditional left-
to-right or right-to-left predictive training. Specifically, in BERT’s input layer, 15% of the
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WordPiece tokens are randomly masked. For each hidden word, the model substitutes it
(1) with the [MASK] token 80% of the time, (2) with a random token 10% of the time, and
(3) leaves the original token unchanged 10% of the time. In the final layer, the model uses
the masked words as a basis to predict the original tokens, applying cross-entropy loss.
Through this technique, the model is trained to discern the contextual relationships among
words. Task 2: Sentence Relation Prediction (SRP): Our approach diverges notably from
BERT in the pre-training task. While BERT is engineered to perform general downstream
tasks like question answering and semantic textual similarity, SPBERT is specifically cali-
brated for tasks associated with scientific papers. Moreover, recent studies have indicated
that the Next Sentence Prediction (NSP) component, often deemed crucial, may actually
have limited utility in many scenarios [32,33].

In the realm of paper representation, it is imperative to grasp the intricate relationships
between sentences within a title or abstract. We model this as a four-category classification
challenge. SPBERT generates sentence pairs as the basis for pre-training examples, upon
which we predict the relational categories between these pairs. The categories are as
follows: “0” indicates that the sentences originate from separate papers; “1”suggests
that the sentences belong to the same paper, both from the abstract yet not consecutive;
“2” denotes that the sentences are consecutive within the abstract of the same paper; and
“3” implies that one sentence is the title while the other is from the abstract of the same paper.

This Sentence Relationship Prediction (SRP) task bears a resemblance to the Sentence
Distance Task (SDT) employed in ERNIE 2.0. Through SRP, we are able to effectively mine
information not only at the document level but also capture the nuances between titles
and abstracts.

3.1.3. Pre-Training Data

We utilized SPBERT, previously pre-trained on a corpus of scientific papers from our
earlier research, which includes references to VIS30K [34] and Vistory [35], among others.
The selected papers predominantly cover topics within computer graphics, visualization,
multimedia, and data mining. The papers have an average length of 197 sentences. For text
preprocessing and sentence segmentation, we employed a modified version of ScispaCy.

3.2. Scientific Paper Encoder

Upon obtaining the textual encoding model SPBERT, we proceed to derive contextual
representations from the textual data within scientific papers. Our approach emphasizes
the importance of contextualized information while supplementing it with bag-of-words
(BoW) data to bolster generalizability. Subsequently, these features are synthesized using a
neural network, culminating in the generation of the definitive vector representation for
each scientific paper.

Text data of the paper can be divided into two levels: words and sentences. Keywords
always comprise n words {k1, k2, . . . , kn}, while title, abstract, and body are ordered lists of
sentences {s1, s2, . . . , sa}; the difference among them is the number of the sentences a. Many
prior studies have not adequately emphasized keywords, possibly due to the challenge
of integrating standalone words with sentence-level textual information. However, deep
learning models like BERT may struggle to distill key information from lengthy texts owing
to a lack of robust supervised signals, and, while BERT generates an embedding vector
for each token, the methodology for leveraging these at the sentence and document level
remains a subject of ongoing research. Drawing inspiration from the work of Miao et al. [36]
and Reim et al. [37], our proposed encoding model places greater emphasis on keywords
in an attempt to address these challenges.

Specifically, suppose the input of SPBERT is the token sequence of the paper
{CLS, t1, . . . , tm, SEP}, which contains m tokens and two special tokens.

SPBERT will output their embedding for each token like {ECLS, E1, . . . , Em, ESEP}. At
this time, we check the corresponding keywords of the paper {k1, k2, . . . , kn}. We first
average pool all of the embedding to obtain ES, which encodes raw information of the
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token sequence without keywords attention, then focus on the l tokens which occur in the
keywords bag to obtain their embedding {E1(ki), E2(ki), . . . , El(k j)}, where 1 ≤ i, j ≥ n,
pooling them with ES together to obtain the final encoding vector. With this “attention
pooling”, we can combine keywords with the other textual data in a paper.

SPBERT serves as a pre-trained contextualized word embedding model, similar to its
predecessors, ELMo [11] and BERT [4], when trained on extensive datasets. By utilizing
these pre-trained weights, it achieves state-of-the-art results on various downstream tasks.

We use the SPBERT model described as Section 3.1 and “attention pooling” to obtain
the contextual feature vector of the title FT

s , abstract FA
s , and body FB

s . On the other hand,
as a supplement to the contextual feature, we obtain BoW feature vectors FT

b , FA
b , FB

b using
BM25 [30]. When we do not have sufficient labels to fine-tune the model, the final paper
representation vector FF is calculated as follows:

FA
s ⊕ (αFA

s + (1 − α)FB
s )⊕ (γFT

b + βFA
b + (1 − γ − β)FB

b (1)

where ⊕ is a concatenation operator, FB
s can be seen as a supplement of FA

s , and three BoW
features share a common IDF vector so that they can be a weighted average.

As shown in Figure 3, our second method of encoding, referred to as Network En-
coding (NE), is inspired by scenarios where an adequate number of labels are available,
following the approach established by Cheng et al. The Wide and Deep model [38], as
developed by Cheng et al. [38], integrates a wide single-layer component with a multilay-
ered deep component. The wide component is crucial for the model’s ability to identify
significant features, while the deep component contributes to the model’s generalizability.
In addition to the previously mentioned features, we merge the title and abstract to form a
composite feature “title+abstract”, which serves as an additional input, denoted as FT+A

s ,
for the wide component of the model. The deep component of our model receives both
contextual and bag-of-words (BoW) features, incorporating several hidden layers that are
fully connected and employ rectified linear units (ReLUs). This structure is particularly
advantageous for exploring generalization capabilities.

𝐹𝑏
𝐴 𝐹𝑏

𝐵 𝐹𝑠
𝐵 𝐹𝑠

𝐴 𝐹𝑠
𝑇𝐹𝑏

𝑇

Concatenated

Full Connected 

Layer

Full Connected Layers

Full Connected Layer

Output Layer

Figure 3. Network encoding model structure in paper features aggregation.

4. Experiment
4.1. Dataset

In our study, we analyze a corpus of 4379 research papers from the fields of computer
graphics (CG) and visualization (VIS). These papers are sourced from two prominent
conferences: 3289 from IEEE Visualization [39] and 1090 from SIGGRAPH [35]. Our
analysis utilizes the titles, abstracts, main text, and keywords of these papers. For the
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SIGGRAPH collection, we classify the papers into six sub-domain categories, such as
animation/simulation, imaging/video, and modeling/geometry, etc., as delineated by
Ke-Sen Huang. The VIS papers are grouped into three research track categories as follows:
InfoVis, SciVis, and VAST.

4.2. Experimental Setup

Adhering to standard machine learning practices, we partitioned the papers into
training, validation, and test sets in a 3:1:1 ratio. The optimization of the cross-entropy
loss was performed using the Adam optimizer, combined with the implementation of a
0.5 dropout rate. Furthermore, we employed the BM25 [30] algorithm as implemented in
the Gensim [40] library to select words for constructing the bag-of-words (BoW) feature
vector, ensuring consistent dimensions across all papers.

The model experimental environment is a PC server, using the WIN10 operating
system, the CPU is e5 2630v3, the memory is 32 g, and the graphics card is the nvidia m6000.

4.3. Evaluation Tasks

To assess and validate the performance of our learned embeddings, we focus on two
pivotal tasks: categorizing papers and enhancing the precision of ranked information retrieval.

Paper Classification: Paper classification is a useful downstream task supporting
users in finding and categorizing papers of interest. In this study, we address the task
of categorizing scientific papers based on their vector representations, which essentially
constitutes a multi-class classification challenge. Our methodology involves extracting
features from the papers, followed by the application of a consistent classifier to predict
their respective class labels. The effectiveness of our feature extraction technique is assessed
by examining the classifier’s performance in categorizing the papers. For this purpose,
we employ Support Vector Machines (SVM) [41], a well-established model in the realm
of supervised learning used for classification tasks. The choice of SVM, implemented
using the scikit-learn library in Python, is due to our primary focus on the representation
method rather than the classifier’s intricacies. To ensure the reliability of our results,
we present scores that represent the average across 10 distinct trials, thus minimizing
experimental discrepancies.

Semantic Search: In the foundational application of text vector representation, assess-
ing the efficacy of vector representations is crucial. Our methodology begins with feature
extraction for each document. Subsequently, we convert query phrases into vectors using
the same technique. The next step involves computing the normalized dot product between
the query vector and each document’s vector representation. By evaluating these dot
products, we can gauge the similarity between vectors, thereby identifying the document
most pertinent to the given query phrases.

In Equation (2), Vq is the vector of query, Vp is the vector of a paper, and ||Vp|| is the
norm of Vp.

Similarity =
Vq ∗ Vp

||Vp||
(2)

Furthermore, to assess the efficacy of our representation outcomes, we design a test set
consisting of 100 search queries, formulated using standard terms from the field of computer
graphics. For each query, we compute its similarity to every paper in our dataset, then rank
the papers based on their similarity scores and select the top-K papers as candidates.

A paper is assigned a score of 1 if it is among these top-K candidates.
We detail the performance metrics at different levels, including Precision@1 and

Precision@10, which reflect the accuracy of the top 1 and top 10 results as judged through
manual evaluation.

To accurately gauge the system’s capacity to present pertinent papers at the top of the
candidate list, which users usually review first, we employ the mean reciprocal rank (MRR).
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The MRR, defined in Equation (3), quantifies the average ranking position where the first
relevant paper appears across all queries.

MRR =
1
n

n

∑
i=1

1
rank(i)

(3)

where rank(i) is the highest-ranking where the first relevant paper i appears, and n repre-
sents the total number of target papers.

4.4. Baseline Methods

• BM25 [30] is an improvement over simple BoW algorithms like TF-IDF [42] for repre-
senting documents in the vector space.

• Doc2vec [10] is proposed by Le et al. for learning latent representation for text docu-
ments, using a neural network. We compare this algorithm to SPBERT in obtaining
pre-trained vectors.

• BERT is a recently proposed text representation algorithm and yielded state-of-the-art
results over various tasks, including sentence classification and question answering.
Therefore, we applied BERT as our strong baseline.

5. Results and Discussion
5.1. Quantitative Results

The summary statistics for test classification of various baselines, such as precision,
recall, and F-measure, are presented in Table 1. Generally, BM25 [30] exhibits the poorest
performance, likely attributable to its lack of consideration for contextual information.
Comparatively, Doc2vec performs better than BM25 but falls short of BERT’s performance,
which stands out as the strongest baseline. Our proposed method surpasses all baselines,
outperforming them by more than 10% in each metric. In conclusion, these classification
outcomes indicate that our method demonstrates superior performance compared to the
baseline models.

Table 1. Paper classification performance across models in each dataset.

Dataset Method
Metrics

Precision Recall F1

CG

BM25 [30] 0.41 0.46 0.39
Doc2vec [10] 0.46 0.53 0.45
BERT [4] 0.60 0.67 0.62

SPBERT+SE 0.69 0.74 0.71
SPBERT+NE 0.72 0.78 0.74

VIS

BM25 [30] 0.48 0.51 0.47
Doc2vec [10] 0.52 0.56 0.52
BERT [4] 0.65 0.69 0.66

SPBERT+SE 0.74 0.77 0.75
SPBERT+NE 0.76 0.80 0.78

Table 2 displays the overall accuracy of semantic search results when compared
to the baseline methods. As the retrieval list length Q increases, the precision of all
techniques decreases—a common trend observed in most retrieval approaches. Doc2vec
yields superior results compared to BM25, while BERT remains the most robust baseline.
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Table 2. Paper semantic search performance across models.

Method
Metrics

Precision@1 Precision@10 MRR

BM25 [30] 0.35 0.32 0.24
Doc2vec [10] 0.43 0.40 0.29
BERT [4] 0.58 0.52 0.48

SPBERT+SE 0.72 0.65 0.64
SPBERT+NE 0.75 0.69 0.67

Our proposed model outperformed the BERT baseline according to the most widely
used information retrieval metric. After integrating SPBERT and network encoding, the
precision of all Q improved by over 15%, and the MRR increased by nearly 20%. This
significant improvement serves as strong evidence that our approach can successfully
establish the connection between research papers and associated queries at a semantic level.

5.2. Case Study

Table 3 displays two common instances of recommendations created by our algorithm.
We exhibit the top three outcomes determined by the similarity of each document. In the
case of “Real-time High-fidelity Facial Performance Capture”, all the suggested results align
with the original paper’s focus on facial geometry and animation. In contrast, for the paper
on liquid animation, two out of three recommendations are precise matches. The remaining
suggestion introduces a liquid simulation technique that also employs the SPH method
along with additional components.

Table 3. Top-3 recommendations generated for a query paper.

Title of the Query Paper Top-3 Recommendation Results

Real-time High-fidelity
Facial Performance Capture

1. High-quality Passive Facial Performance Capture using
Anchor Frames
2. High-quality Single-shot Capture of Facial Geometry
3. Real-time Facial Animation with On-the-fly Correctives

Variational Stokes: A Unified
Pressure-Viscosity Solver for
Accurate Viscous Liquids

1. An Implicit Viscosity Formulation for SPH Fluids
2. Predictive-Corrective Incompressible SPH
3. Ghost SPH for Animating Water

6. Conclusions

In this paper, we have introduced SPBERT, a novel neural network-based framework
designed for creating representations of academic papers. Our method can be easily
applied to papers containing title, abstract, body, and keywords. To address the challenge
of embedding lengthy documents and to capture keyword details effectively, SPBERT
integrates keywords with other text information. Through a novel encoding network,
which takes into account both contextual and bag-of-words (BoW) characteristics, we map
the paper into a vector space. In empirical evaluations against three baseline methods,
SPBERT demonstrated superior predictive performance in tasks such as paper classification
and semantic search.

This method can not only be used in fields such as paper semantic representation,
paper classification, and paper recommendation, but can also be used in other application
scenarios, such as long text information extraction, summary generation, and semantic sort-
ing, such as for book recommendations, judicial case recommendations, news reviews, etc.

A potential avenue for future research involves integrating our approach with graph-
based data from citation networks [5] present in papers. Additionally, there has been
limited exploration of incorporating figure information. Given the rapid advancements in
computer vision research [43], enhancing representations to interpret figures could yield
further improvements. Our ultimate goal is to develop a comprehensive approach that
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amalgamates all publication metadata, encompassing text, graph-based data, and figure
information.

With the swift integration and extensive use of multi-modal large models like
GPT-4 [44], Lamma2 [45], etc., it is now possible to extract additional information, such as
images, based on text semantic representation. This enables the creation of more comprehen-
sive feature representations, facilitating more accurate applications in paper classification,
recommendation, and visual analysis.
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