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Abstract

The biodiversity of tropical environments offers a rich variety of
species for the process of finding new drugs based on Natural Prod-
ucts. Databases like The Brazilian Biodiversity Natural Products
Database (NUBBEpp), where they hold compounds and charac-
teristics about them, are important for computational assistance.
However, these databases are difficult to update since data about
compounds is mostly published in academic papers. Therefore, auto-
matic Knowledge Extraction like on the state-of-the-art Benchmark
for Natural Product Knowledge Extraction from Academic Litera-
ture (NatUKE), is an important task for the field. The dataset uses
a Knowledge Graph version of the NUBBEpp and it evaluates dif-
ferent Knowledge Graph Embedding models for the task. The best
performer from NatUKE is an embedding propagation model that
uses pre-trained language models as the start-up embedding for the
nodes that contain text data. This work investigates two avenues
for increasing performance out of NatUKE. We focused on better
text extraction from PDFs and using Large Language Models as the
start-up embeddings. Our results surpassed state-of-the-art in 3 out
of 5 extracted features while maintaining competitive performance
on the remaining features.
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« Computing methodologies — Information extraction; Un-
supervised learning.
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1 Introduction

When analyzing new drugs approved by the US Regulatory Agency
(FDA) between 1981 and 2019, 23.4% of them are composed of
molecules derived from Natural Products (NPs) [20]. NPs are char-
acterized by chemical compounds derived from plants or other
living species. The biodiversity of tropical environments possesses
a valuable variety of species that can support the discovery of these
new drugs. Computational assistance in the process of drug discov-
ery is of great importance. Data-driven methods can help in the
early stages of drug development by identifying the best candidates
for clinical trials, reducing the amount of time and tests necessary
to proceed [31].

In the literature, NPs databases like The Brazilian Biodiver-
sity Natural Products Database (NUBBEpg) [22, 31] hold infor-
mation that can be used for computational assistance. NUBBEppg
contains data about 2223 compounds derived from NPs encoun-
tered in the Brazilian biodiversity. This database was already con-
verted into a Knowledge Graph (KG) format known as NUBBEgG'.
KGs are generally used for structuring unstructured data in many
applications [15]. They are formed by nodes and edges with a
subject — predicate — object structure described by the Re-
source Description Framework (RDF). RDF allows KGs to be com-
posed of data from a single domain (e.g., LinkedGeoData [28])

! Accessible at https://nubbekg.aksw.org/
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or holds encyclopedia-like data from many domains (e.g., DBpe-
dia [17], WikiData [33]).

One problem with the NP databases is that they are not com-
plete and are hard to maintain since most of the data about the
compounds from which we can extract species and where they can
be found are published in academic papers or patents. This infor-
mation’s unstructured and technical nature makes it hard and time-
consuming to extract. Therefore, systems that can automatically ex-
tract important information are of high importance to the NP discov-
ery field. For instance, the Benchmark for Natural Product Knowl-
edge Extraction from Academic Literature (NatUKE) [8] evaluates
four different KGE methods (i.e., DeepWalk [21], Node2Vec [14],
Metapath2Vec [9], EPHEN [7]). More notably, NatUKE directly uses
the KG structure from NUBBEk in the extraction process. It also
provides a dynamic evaluation structure with four stages that use
different train/test data percentages.

However, we notice some limitations within the benchmark’s
methodology: (i) only a single PDF text extractor method was evalu-
ated; and (ii) the embedding propagation method EPHEN was only
evaluated with a single Pre-trained Language Model (PLM) as a
start-up embedding. Therefore, in this work, we propose the fol-
lowing Research Questions (RQs) as ideas to improve performance:

RQ1. Does a purpose-built PDF text extractor improve the perfor-
mance of Natural Product Knowledge Extraction?

RQ2. Does a Pre-trained Large Language Model improve the per-
formance of Natural Product Knowledge Extraction?

RQ3. Do we improve the results, outperforming literature methods
in Knowledge Extraction from Natural Products, by modify-
ing the PDF text extractor and the embedding method?

We perform an empirical evaluation to answer these RQs in the
NatUKE benchmark. We propose to use two new PDF text extrac-
tors (Nougat and Grobid) and the one used in the previous research
(PyMuPDF). We also propose to use two new text-embedding meth-
ods based on LLMs (LLama and Gemma) and the one used in the
previous research (BERT). Finally, we compare our new results
generated by the new extractor and text embedding with the state-
of-the-art (SOTA) results on the NatUKE benchmark. Combining
the Nougat extractor with the BERT embedding method achieved
the best results in the benchmark, performing better than SOTA
methods.

In Section 2, we present NatUKE in more detail, as well as three
other papers that attempt different solutions for improving per-
formance. Section 3 presents the steps and technologies used in
this work. In Section 4, we present the results and discussions ac-
quired from experimenting according to the RQs. Finally, section 5
presents the conclusions of this work and future work to further
improve performance within our new methodology.

2 Related Work

When considering automatic knowledge extraction of NPs in aca-
demic literature, the NatUKE benchmarking evaluates KGEs on
this task. The evaluated KGEs are DeepWalk [21], Node2Vec [14],
Metapath2Vec [9]) and an embedding propagation model called
EPHEN [7]. NatUKE proposes an evaluation of important properties
of Natural Product discovery from academic literature using the
NuBBEpp [22] dataset. Finally, the benchmark outlines a dynamic
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evaluation pipeline with different amounts of train/test data and
uses the hits@k performance metric as the answers are delivered
in a ranking format and widely used in link prediction and graph
completion tasks [3, 6, 26].

In 2023, the First International Biochemical Knowledge Extrac-
tion Challenge (BiKE) was hosted with the objective of obtain-
ing works that outperformed the SOTA presented in NatUKE [30].
Three papers presented results with different strategies to improve
performance. In [35], the authors used a Breadth-First search (BFS)-
driven approach KGE model. In addition, in [11], the authors lever-
aged the ChatGPT 3.5-turbo API in the Preprocessing stage. Finally,
in [27], the authors added Named Entity Recognition (NER) to the
Preprocessing stage.

In [35], the results significantly improved the compound name
and species extraction but underperformed on the other extraction
tasks. The authors explain this behavior by comparing the unique
values possible in the different extraction tasks. They argue that
their method is not able to offer distinct outputs with low unique
values due to the BFS-driven search.

In [11], the results improved in the bioactivity, location, and
isolation type extractions while they marginally decreased on the
compound name and species extraction. Moreover, this paper re-
builds the whole pipeline using the output of ChatGPT, including
the topic generation step, which also improves performance using
exclusively KGE methods. This work aimed to show how using
LLM information can improve the performance of extraction by
providing cleaner and succinct information for the remainder of
the pipeline.

In [27], the authors aimed to exclude possible noise information
by using a NER model for biochemical after the PDF text extraction
step. Similarly to the usage of ChatGPT, this work improved the
results in the bioactivity, location, and isolation type extractions
while marginally reducing the compound name and species extrac-
tion. The authors claim the low performance in the compound name
and species extraction might be caused by a lack of information in
the used NER library. This could have led to some important data
being discarded during the preprocessing stage.

Overall, the works published through the BiKE challenge show
that the data preprocessing stage can yield positive results for
knowledge extraction. Moreover, the embedding generation step
can also improve results in different areas. On the other hand, a
common unexplored alternative from these works is the usage
of a single PDF text extractor and the same start-up embedding
model for the method Embedding Propagation over Heterogeneous
Networks (EPHEN) [7]. Therefore, in this paper, we focused on
tackling those limitations to understand better the most important
areas of improvement in Natural Product Knowledge Extraction
from academic literature.

3 Methodology

In this section, we present the research methodology designed to
address the research questions outlined in the introduction. These
questions pertain to the extraction of text from article PDFs and
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the initialization of embeddings required for the embedding prop-
agation model. Our approach builds upon the EPHEN architec-
ture [7], which demonstrated superior performance within the
NatUKE benchmark pipeline [8].

As presented in Figure 1, we substitute the PDF text extrac-
tor, PyMuPdf, for two different ML-based and designed for aca-
demic papers: GROBID [19] and Nougat[2]. In addition, we sub-
stitute the initial embedding model, DistiBERT, for two different
pre-trained Large Language Models (LLMs): LLama-3.1 [10] and
Gemma 2 [29]. In this sense, this section presents the NatUKE
benchmark, the PDF text extractor methods, the LLM models, and
the EPHEN model. Source code, results, and explanations on how
to reproduce experiments are available at the Github Repository
https://github.com/AKSW/ImpNatUKE.

3.1 NatUKE dataset benchmark

The dataset and evaluation plan are fixed from the NatUKE bench-
mark [8]. In this section, we explain how those are set up since we
use them for the sake of comparability. The dataset was an initial
version of the NuBBEpp [22, 31] knowledge graph, and the bench-
mark focuses on extracting five properties manually annotated for
this dataset from academic literature:

(1) compound name (rdfs:label);

(2) bioactivity (nubbe:biologicalActivity);

(3) species to extract the natural product (nubbe:collectionSpecie);

(4) location where the species was collected (nubbe:collectionSite);

(5) isolation type (nubbe:collectionType).

The NatUKE benchmark evaluation plan uses four dynamic eval-
uation stages with different train/test split percentages, ranging
from 20/80% to 80/20%, where: first is 20/80%; second is 40/60%;
third is 60/40%; and fourth is 80/20%. Moreover, for performance
metrics, the benchmark uses the hits@k with different k values
depending on the property extraction (Table 1), originally defined
by two different rules: (1) k values are tested ranging from 1 to 50
as multiples of five and locking the final k value when any model
at any evaluation stage score is equal or more than 0.5; and (2)
k values are tested ranging from 1 to 50 as multiples of five and
locking the final k value when any model at any evaluation stage
score is equal or more than 0. 2.

Table 1: Overview of the k value for the different properties
in the different rules.

Compound (C) Bioactivity (B) Specie (S) Location (L) Isolation (T)

50 5 50 20 1
- 1 20 5 -

Finally, another important aspect of the NatUKE benchmark is
the usage of BERTopic [13] to create automatic connections between
the paper nodes to maintain connection in the train splits. This
is necessary because all the manually extracted connections are
omitted whenever a paper is selected as train data. Thus, if we
evaluate bioactivity extraction, all the other properties from that
paper are also omitted to avoid unfair data used by the prediction
model. We use the same splits and metrics as those presented in the
NatUKE benchmark to keep our experiments comparable. We need
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to apply PDF text extractor methods to explore its texts since our
main nodes are PDF articles. Thus, in the next section, we present
the new PDF text extractor methods proposed in this work.

3.2 PDF text extractor methods

We propose using two new PDF text extractors: GeneRation Of BIb-
liographic Data (GROBID) [19] and Neural Optical Understanding
for Academic Documents (Nougat) [2]. Our research goal is to use
these models to leverage the power of embedding methods better.
GROBID and Nougat were designed to handle academic papers,
which improves the control of fields that can be used as textual data.
They also collect less noise from the PDFs, which brings us to the
hypothesis that they will allow better embeddings to be generated
with the embedding methods.

GROBID is a machine learning library for extracting, parsing,
and restructuring raw documents, such as PDFs, into structured
XML-encoded documents, focusing on technical and scientific pub-
lications. GROBID uses Deep Learning models to power its data
extraction from PDFs. Among its functionalities, we mainly explore
Full-Text Extraction and Structuring, which structures the text body,
for instance, paragraphs, section titles, references and footnotes,
figures, and tables [19]. Nougat is also a machine learning method
proposed by Meta for extracting text from PDF documents based
on Visual Transformers. The architecture of the method is based on
encoder-decoder architectures of transformers. The model receives
a PDF, processes it with transformers, and returns the text of the
PDF. Nougat performs an Optical Character Recognition task for
processing scientific documents into a markup language [2].

3.3 Large Language Models

In the NatUKE benchmark, the overall best performer is an embed-
ding propagation method that takes advantage of some KG nodes
containing textual data. It is originally powered by a Sentence-
BERT [23] model, which is used as the initial embedding propa-
gated to other nodes that do not contain text data. With the recent
advancements in Large Language Models (LLMs), we can take ad-
vantage of their bigger pre-train data and more parameters to obtain
more comprehensive embeddings. For this paper, we chose the LLM
llama-3.1 [10] with eight billion parameters and the Gemma 2 [24]
with twenty-seven billion parameters. llama-3.1 is the most recent
version of LLM from Meta, and Gemma 2 is the most recent version
of Google. These models outperformed other LLMs and served as a
proof of concept for LLM usage [10, 24]. We chose the eight billion
parameter variant and twenty-seven billion parameters and time
constraints (GPU 24GB of RAM), but we plan to evaluate full-sized
models in the future.

LLMs are trained by predicting the next word in a sentence based
on a given sequence of preceding words. For a textual document
represented as d = (w1, wy, ..., wp), the LLM creates a modified
version d by replacing the last word (w,) with a special token,
typically referred to as [MASK]. The objective is to reconstruct the
masked token d from d, effectively predicting the next word in the
sequence [18]. The model is trained by maximizing the likelihood
of the sequence of tokens conditioned on the given context. Here,
wy is defined as the target variable y, and the probability can be
expressed as:


https://github.com/AKSW/ImpNatUKE
http://www.w3.org/2000/01/rdf-schema#label
http://nubbe.aksw.org/ontology/index.html#d4e142
http://nubbe.aksw.org/ontology/index.html#d4e227
http://nubbe.aksw.org/ontology/index.html#d4e206
http://nubbe.aksw.org/ontology/index.html#d4e248
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Figure 1: Metholody for improving results of EPHEN in the NatUKE benchmark.

P(yld) = P(ylw1, w, ..., wo—1), (1)
where wi, wa, ..., Wy—1 are the tokens in the context sequence and

v is the current position. Then, the conditional probability can be
decomposed into [4]:

,
P(yld) = | | P(yolwi, wa, .., wo-1),

v=1

@

where V is the size of the sequence of tokens.

After training, LLMs can be used to generate text from input
sequences by predicting the next word in a given context. This ca-
pability enables our work to input the article text extracted through
the PDF text extractors into the LLM and extract the embedding of
an LLM hidden layer. It is important to note that LLMs are trained
on billions of tokens, making them highly powerful tools for text
generation and analysis [4]. Over the past three years, various LLMs
have been introduced, each offering unique advantages and dis-
advantages based on their underlying architectures and training
approaches [34]. In this sense, Equation 3 defines our embedding
process:

9o: = LLMembedding(Ot) (3)
where we pass a node with text content o; € Oy to the LLM to obtain
an embedding g,, € g. Here, o; = d. After representing all articles

(nodes with text content), we need to apply a regularization method
to obtain embeddings for all nodes. Thus, in the next section, we
present EPHEN.

3.4 EPHEN

EPHEN is an embedding propagation method originally proposed
for event prediction within news data in [7]. The main objective
of the method is to use text data contained in some nodes from a
heterogeneous information network (or KG) by generating a start-
up embedding with a pre-trained model and propagating it through
a regularization function,

1
Q) =2 D > Wooullfor~fo, P+ Y lifo, ~go, I (4

0;€0; 0,€0, 0;€0;

where O; represents nodes that contain text data, O, represents
the other nodes, W represents the weights that can be assigned dif-
ferently, f represents the distance between nodes, g represents the
start-up embeddings, and y is the factor determining the influence
power of the start-up embedding in the final value.

More specifically, the authors of this method explored Sentence-
BERT [23] with a DistilBERT [25] embedding model engine. How-
ever, the regularization equation used for EPHEN can accommodate
any start-up embedding that can be generated by some nodes in
a KG as long as they are in the same embedding space. The reg-
ularization equation is then minimized iteratively, and the final
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embedding will converge considering KG topology data and the
start-up embedding.

4 Results and Discussions

This section provides the experimental evaluation conducted in this
study, including the presentation of results and their subsequent
discussion. The primary objective of our research is to demonstrate
that the proposed improvements surpass existing state-of-the-art
(SOTA) methods for link prediction within the NatUKE benchmark.
The code used for the experimental evaluation is publicly accessi-
ble?.

Tables 2, 3, and 4 display the outcomes of applying the proposed
improvements to address the RQs. These tables include results from
the DistilBERT, LLaMA-3.1, and Gemma 2 embedding methods, with
results organized according to the PDF text extractors PyMuPDF,
GROBID, and NOUGAT. Additionally, we report the characteristics
extracted and the corresponding k values, determined based on
the rules from NatUKE, ensuring comparability across all results.
The best performance is highlighted in bold, and the second-best is
underlined.

| ] PyMuPDF | GROBID | NOUGAT
| k| 1st 2nd 3rd 4th | 1st 2nd 3rd 4th | 1st 2nd 3rd 4th
C|50].09 02 .03 .04]/.09 00 .00 .00]|.09 .00 .00 .00
|55 57 60 64|58 64 69 73[.59 66 .69 .71
117 19 24 25|.19 23 28 .35|.19 .25 .30 .33
g |50]36 24 29 30|34 24 20 34]34 25 29 30
20|.0 .15 .19 22 (.0 .17 .24 .28 .11 .18 21 .25
Ll20]s3 52 55 55|56 .62 62 62 .56 62 .63 65
51.26 29 30 .27 |.28 .35 .36 35 |.27 31 35 .38
T|1|71 66 75 75|77 75 76 77 |.78 .78 .78 .80

Table 2: Results for each characteristic considering
DistilBERT embeddings and pdf text extractor methods.
The best results are bold, and the second-best results are
underlined.

| ] PyMuPDF | GROBID | NOUGAT
| k| 1st 2nd 3rd 4th|1st 2nd 3rd 4th | 1st 2nd 3rd 4th
|50 |

C|50].09 00 .00 .00[.09 00 .00 .00[.09 .00 .00 .00
p|5 |51 s1 51 54].53 66 68 .70 |52 46 45 46
143 11 a1 a4 |.15 .18 .18 .17 | .12 .09 .08 .08
g|50]34 23 28 2638 24 27 26|34 2 25 26
20/.0 .11 11 13 |.10 .12 .15 .18 | .09 11 .12 .13
L|20|56 58 59 55055 61 62 65|56 58 540 53
5 .23 22 23 22|.24 .29 .29 .28 |.19 .18 .17 .13

T|1]|.64 58 55 .55|.78 78 .77 .80 | 57 .62 .62 .58

Table 3: Results for each characteristic considering llama-3.1
embeddings and pdf text extractor methods. The best results
are bold, and the second-best results are underlined.

Firstly, regarding RQ1, the new PDF text extractors GROBID
and NOUGAT increase performance when compared with the old

Zhttps://github.com/AKSW/ImpNatUKE.git
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| ] PyMuPDF | GROBID | NOUGAT
| k| 1st 2nd 3rd 4th|1st 2nd 3rd 4th | 1st 2nd 3rd 4th
C|50].09 .00 .00 .00].09 .01 .01 .01].09 .00 .00 .0
p| 552 51 53 58).47 53 52 52|50 49 46 48
1|13 14 12 16 |.14 15 16 .20 |12 .12 11 12
g |50 3¢ 22 26 24].35 23 2 24|35 23 35 .25
20010 .11 12 11|11 10 12 15| .09 10 11 .15
L|20|s6 55 57 55055 56 58 .58 |.56 .56 54 55
522 22 25 23|.23 24 27 28|.19 .16 .19 .18
T|1].73 71 .68 .69 |.73 .53 56 54| .64 61 59 54

Table 4: Results for each characteristic considering Gemma 2
embeddings and pdf text extractor methods. The best results
are bold, and the second best results are underlined.

PyMuPDF. The best performance was obtained by combining the
DistilBERT with the NOUGAT extraction. The GROBID method
results closely followed and also outperformed the PyMuPDF. How-
ever, when looking at Tables 3 and 4 GROBID obtained the best
results with both LLaMA and Gemma, followed by PyMuPdf. More-
over, when looking at the LLaMA embeddings to answer RQ2, we
can observe that performance slightly decreases, except in some
cases within the first two evaluation stages. We believe that the
extra dimension from LLaMA embeddings at 4096, compared to
the DistilBERT embeddings at 512, is triggering the curse of dimen-
sionality [1] with the cosine similarity measure used to perform
the link prediction task.

More specifically, we show the best performance of the combi-
nation of DistilBERT and Nougat, which obtains the best or second-
best results with all characteristic extractions, except Species (S)
with k = 50. Following Nougat’s performance, the combination of
DistilBERT and GROBID achieved the best and second-best results
on many extractions, tying NOUGAT and outperforming S with
k = 50. Another notable behavior from the scenario "S" is the com-
bination of LLaMA and GROBID obtaining the best performance
on the first evaluation stage with k = 50 and tying the best per-
formance on the second evaluation stage and the first with k = 20.
Nougat and GROBID did not perform better for characteristic C
than PyMuPDF since they obtained values of 0 for the second, third,
and fourth stages.

After analyzing the characteristics’ results in the BERT scenario,
PyMuPDF obtained the best results for characteristic C. Nougat
obtained the best results for characteristics B and T. On the other
hand, for characteristic S, GROBID obtained the best result. For
characteristic L, we obtained a tie between nougat and GROBID. It
is worth mentioning that each embedding method had a particu-
larity about the y parameter in the EPHEN method. For instance,
DistilBERT embedding obtained better results with a higher y, 0.85.
On the other hand, LLaMa obtained better results with a lower g,
for instance, 0.4. These results show how the embedding method
influenced the EPHEN performance. Therefore, when changing the
embedding method in this type of task, the variation of the param-
eters of the EPHEN regularization method should be explored.

In addition to the embedding methods DistilBERT and LLaMA-
3.1 results presented in tables 2 and 3 we also explored the LLM
Gemma 2 to generate the initial embeddings as a second option
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for the LLMs due to the lower than expected performance from
LLaMA-3.1. Table 4 presents these results. The Gemma model com-
bined with the GROBID extractor generated better results than its
combination with PyMuPDF and Nougat. On the other hand, we
emphasize that these results did not outperform the DistilBERT and
Nougat combination. In the Gemma scenario, GROBID obtained
better results in characteristics C, L, and B with k = 1 and S with
k = 20. PyMuPDF obtained the second-best result with better re-
sults in characteristics T and B with k = 5. Nougat obtained the
worst results with Gemma, but the best result for characteristic S
with k = 50. We highlight the same behavior of the LLM models
in relation to the extractors in which the LLaMa model obtained
superiority in relation to the Gemma model. Another point of in-
tersection between the LLM models was the parameter y. Gemma
also obtained better results with a smaller y, as LLaMa.

Another point of discussion between Language Models (LMs)
and LLMs is their architecture. LMs such as DistilBERT have an
encoder architecture that facilitates the representation of sentences
for another task. Basically, this architecture has an advantage for
transfer learning, such as embedding propagation methods like
EPHEN. In addition, the library used (sentence-transformers) uses
BERT based on Siamese networks, which also favors the generation
of sentence embeddings for other tasks [23]. On the other hand,
LLMs have a decoder architecture that favors text generation but
may disfavor embedding generation for transfer learning. LLMs
generate embeddings of the text they generate; i.e., the embedding
returned is of the text generated from an input text and not of
the input text itself. This is also causing our experiments to have
lower-than-expected performance of LLaMA and Gemma.

Table 5 shows our best performance (Nougat + DistilBERT) com-
pared with the literature results for the BiKE challenge from Zope
et al. [35], Frohlich et al. [11], Dichte et al. [27], and the best result
from the original NatUKE benchmark presented by do Carmo et al.
[8] to answer RQ3. The best results are in bold, and the second-best
are underlined. Dichte et al. [27] and do Carmo et al. [8] obtained
some second-best results. On the other hand, we observed some par-
ticularities for each method and characteristic when they obtained
the best results.

Zope et al. [35] obtained the best results for the characteristics C
and S. Frohlich et al. [11] obtain the best results for the characteristic
B. Our method obtains the best results for the characteristics L and
T. In general, our method won in eight scenarios, tied with Zope et
al. [35], and followed by Frohlich et al. [11]. Considering the second-
best results as a tiebreaker, our method has four second-best results,
while Zope et al. [35] has none. This fact shows the strength of
Zope et al. [35] in their best results but lack of competitiveness in
the other characteristics. Note that they improve the results in the
characteristics he wins but do not maintain competitive results in
the others. On the other hand, we obtain the best performance in
some characteristics while maintaining good or even second-best
results in others.

We also highlight the results of EPHEN in do Carmo et al. [8]
since our method is based on their method, and the results of Froh-
lich et al. [11] who did not obtain many of best results but many
second best results exploring Named Entity Recognition in the
Pre-processing step. This shows that the authors’ method is also
promising. We highlight the strategy style that generates SOTA

P. V. do Carmo et al.

results through the top three methods. Breadth-first search (BFS)-
driven methods [35] show SOTA results for C and S characteristics.
On the other hand, methods that explore LLM to improve some
steps of the pipeline, e.g., PDF text extraction, show SOTA results
for the B characteristic. On the other hand, our method obtains
SOTA results for L and T characteristics by improving the PDF text
extraction step through the Nougat method.

Figure 2 presents two-dimensional projections of the embed-
dings considering DistilBERT, LLaMA, Gemma, and the extractors
PyMuPdf, GROBID, and Nougat in the NatUKE benchmark. We
generated the representations using the t-Distributed Stochastic
Neighbor Embedding (t-SNE) for the analysis [32]. Unlike other
two-dimensional projections in classification tasks, in our scenario,
we do not aim to separate the points by node type (or characteristic)
because this harms our link prediction task, which involves links
between different node types. Therefore, the better results of Distil-
BERT compared to the other embedding methods can be measured
because DistilBERT generated more small clusters with different
types of characteristics in each of these small groups. Meanwhile,
LLM-based models generated larger clusters, which can explain the
generative nature of the embeddings from Llama-3.1 and Gemma
2. When we observe the t-SNE representations of the LLMs, we
always observe two or more large clusters, which may indicate
that the text they wanted to generate was similar. Meanwhile, the
encoder embeddings from DistilBERT in sentence-transformers,
using Nougat as embeddings (best results), generate many small
clusters that enable a cosine similarity-based pipeline to realize
good link predictions.

5 Conclusions and Future Work

In this paper, we present efforts to improve knowledge extraction
performance based on the results in the NatUKE benchmark. We
focused those efforts on two specific gaps in the pipeline from
NatUKE: (i) the usage of a single PDF text extraction tool and (ii)
the usage of a single start-up embedding method for the best per-
former method EPHEN. To mitigate these gaps, we answer three
Research Questions about PDF text extractor (RQ1), initial embed-
ding (RQ2), and SOTA results (RQ3). Regarding RQ1, GROBID
and Nougat extractors improve the performance of Natural Product
Knowledge Extraction from Academic Literature considering both
embedding methods, i.e., DistilBERT and LLMs, which indicates
that improving PDF text extractors improves our task. Regarding
RQ2, LLMs embeddings do not outperform the DistilBERT model,
which indicates that the BERT model is best suited for the task of
link prediction in natural product extraction through knowledge
graphs. Finally, regarding RQ3, the EPHEN method, after extracting
text from PDFs through Nougat and representing these texts with
BERT, obtains SOTA results in comparison with literature results
in the NatUKE benchmark.

Throughout the experiments executed in this paper, we also
encountered some limitations regarding the LLMs we evaluated to
answer RQ2, which underperformed according to our expectations.
We assume the first problem was caused by these LLMs being
trained to generate text from a prompt and not encode text into
an embedding-like sentence-BERT-based model. Therefore, when
we obtain an embedding from Lama-3.1 and Gemma 2 to start up
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Zope et al. [35] Frohlich et al. [11] Dichte et al. [27] do Carmo et al. [8] Our
k | 1st 2nd 3rd 4th | 1st 2nd 3rd 4th | 1st 2nd 3rd 4th | 1st 2nd 3rd 4th | 1st 2nd 3rd 4th
C|50|.09 .19 .35 .83 | .09 .00 .00 .00 | .09 .00 .00 .00 | .09 .02 .03 .04 | .09 .00 .00 .00
B| 5 | .37 11 11 10 | .62 69 .69 .69 | 60 .65 .65 .69 | .55 .57 60 64 | 59 .66 .69 .71
S|50|.47 65 .75 81|35 24 30 30 .34 23 27 29|36 24 29 30|34 23 29 30
L |20 .32 31 36 41 | .56 .60 .62 .64 | .55 .58 .60 .57 | .53 52 .55 55 | .56 .62 .63 .65
T| 1 ]|.03 .04 05 12 (.76 77 .80 .81 | .73 .74 77 76 | 71 .66 75 75 1 .78 .78 .78 .80

Table 5: Results for each characteristic considering our best results and other methods proposed to Natural Product Knowledge
Extraction from NatUKE BenchMark. The best results are bold, and the second-best results are underlined.

PyMuPDF

PyMuPDF

DistilBERT

Grobid

LLaMa

Grobid

Nougat

node type

PyMuPDF

Gemma

Grobid

Figure 2: t-SNE (2D) of each embedding model. The colors indicate the characteristics. Embedding Models + extractor models
that show small clusters with all characteristics are more promising for natural product knowledge extraction from academic

literature.

EPHEN, it represents the answer the LLM wanted to generate, not
the text from the paper itself. The second problem might be related
to the curse of dimensionality [1] since we use cosine similarity
to predict the paper’s characteristics. This similarity measure is
sensitive to high-dimension vectors, and the LLMs are 8 or 9 times
larger than DistilBERT for llama-3.1 and Gemma 2, respectively,

which can impact the performance of finding the correct match for
the paper.

Based on the limitations encountered in this paper, we present
two future research paths that we believe will help increase perfor-
mance further. A solution to the way LLMs generate embedding is
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to fine-tune the models using the Siamese neural networks archi-
tecture from Sentence-BERT. Therefore, we can use the billions of
parameters’ extensive capabilities and the LLMs’ extensive training
data to obtain an encoder-based embedding that performed better
in this task. Regarding the curse of dimensionality limitation, we
can train a Graph Neural Network (GNN) based on Variational
AutoEconders (VAEs) [12, 16]). VAE-based GNNs can reduce the
dimensionality used for a final prediction while using an end-to-end
architecture for link prediction. Finally, we can explore hypergraphs
for link prediction since we can transform the edge into nodes, gen-
erating a hypergraph from our knowledge graph to better deal with
GNN s and the link prediction task [5].
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