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ABSTRACT: Geological reports are a significant accomplishment for geologists involved in geological
investigations and scientific research as they contain rich data and textual information. With the rapid
development of science and technology, a large number of textual reports have accumulated in the field
of geology. However, many non-hot topics and non-English speaking regions are neglected in main-
stream geoscience databases for geological information mining, making it more challenging for some re-
searchers to extract necessary information from these texts. Natural Language Processing (NLP) has
obvious advantages in processing large amounts of textual data. The objective of this paper is to identi-
fy geological named entities from Chinese geological texts using NLP techniques. We propose the Ro-
BERTa-Prompt-Tuning-NER method, which leverages the concept of Prompt Learning and requires
only a small amount of annotated data to train superior models for recognizing geological named enti-
ties in low-resource dataset configurations. The RoBERTa layer captures context-based information
and longer-distance dependencies through dynamic word vectors. Finally, we conducted experiments
on the constructed Geological Named Entity Recognition (GNER) dataset. Our experimental results
show that the proposed model achieves the highest F1 score of 80.64% among the four baseline algo-
rithms, demonstrating the reliability and robustness of using the model for Named Entity Recognition
of geological texts.

KEY WORDS: Prompt Learning, Named Entity Recognition (NER), low resource geological text, text

information mining, big data, geology.

0 INTRODUCTION

Scientific research has advanced from the traditional sci-
entific research paradigm based on experiment, theory, and
simulation to the fourth scientific research paradigm driven by
big data (Kitchin, 2014). In the field of geoscience, a large-
scale data-driven research mode has emerged, facilitated by
various structured thematic databases, such as PetDB (Lehnert
et al., 2000), EarthChem (Walker et al., 2005), GeoChron
(Bowring et al., 2015), Paleobiology Database (Peters and Mc-
Clennen, 2016), LiPD (McKay and Emile-Geay, 2016), Mac-
rostrat (Peters et al., 2018), Neotoma (Williams et al., 2018),
StraboSpot (Walker et al., 2019), and Sparrow (Ye et al., 2023;

*Corresponding author: machao@cdut.edu.cn
© China University of Geosciences (Wuhan) and Springer-Verlag
GmbH Germany, Part of Springer Nature 2024

Manuscript received July 14, 2023.
Manuscript accepted September 13, 2023.

Quinn et al., 2021). The emergence of these geological databas-
es has provided new opportunities for geological research and
supported new field workflows (Shipley and Tikoff, 2019; Viei-
ra et al., 2014). However, due to the lack of a mature and uni-
fied framework for data extraction, there is still a large amount
of data hidden in the literature, causing the waste of data or the
unrealizing of existing datasets (Yan et al., 2020). Therefore,
some geology-related long-standing hypotheses and debates
are still unsolved due to the lack of data or the unrealizing of
existing datasets (e.g., Raja et al., 2022; Ye, 2022; Chan et al.,
2016; Cutcher-Gershenfeld et al., 2016). It has been recognized
that the massive size of geoscientific data brings potentials and
serves as a solid foundation for further geoscience studies (Zhu
et al., 2023). Therefore, in the era of big data, geoscience re-
searchers collect as much data as possible from geological re-
ports and papers to advance geoscience exploration.

Geological reports are crucial sources of information for
understanding Earth’s structure, composition, and history.
However, extracting useful information from these reports is a
challenging and time-consuming task due to the high complexi-
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ty of geological terminology and the high diversity of textual
data required for analysis (Qiu et al., 2023). The increasing vol-
ume of geological big data is transforming the way geoscientif-
ic research is conducted, creating new opportunities as well as
challenges in the field of geosciences. To address this chal-
lenge, text mining is an effective way to collect a large amount
of valid data. This process involves several key stages, includ-
ing data acquisition, text pre-processing, analysis, and visual-
ization (Wang et al., 2022).

Recent advancements in Artificial Intelligence (Al) have
enabled the automatic processing and analysis of large vol-
umes of text using Natural Language Processing (NLP) tech-
niques to extract useful information or knowledge from un-
structured text data in order to obtain large datasets and reveal
meaningful insights (Allahyari et al., 2017).

Big data have many applications in various domains of ge-
ology. In the field of paleobiology, for example, large datasets
have been immensely helpful in understanding the history of
biodiversity and macroevolution patterns of organisms. To ef-
fectively compile the vast amount of relevant paleobiological
data sourced from literature, over 150 scientists and their stu-
dents have collaboratively established the Paleobiology Data-
base (PBDB) over a period of about 30 years, making it one of
the most successful databases in paleobiology (Peters and Mc-
Clennen, 2016; Peters, 2014; Peters et al., 2014). However, re-
cent studies have revealed that data in the PBDB only cover a
portion of available literature (Raja et al., 2022). Many more
publications containing fossil data, particularly those from re-
gions outside of North America and western Europe, as well as
those written in non-English languages, have not been well pro-
cessed during data collection, and as a result, macroevolution-
ary studies based on PBDB may introduce potential biases in
fossil sampling (Ye and Peters, 2023; Raja et al., 2022). Like-
wise, the Macrostrat database relies heavily on stratigraphic
columns and maps found in geological reports (Peters et al.,
2018). Its coverage is primarily limited to North America and
New Zealand, representing only about 15% of the continental
crust, and this is mainly due to the challenges associated with
accessing regional geological knowledge in other parts of the
world (Peters and Husson, 2018). Similar situations may be
widespread in other geoscientific datasets or databases, high-
lighting the importance of establishing a method to access geo-
logical knowledge from different regions globally, especially
non-English-speaking regions.

The open database can meet the needs of geological re-
searchers in a part of hotspots, but it cannot solve the problem
of data needs in different languages, different regions and dif-
ferent subdivisions (Wang et al., 2023). Then in the traditional
way, it is very time-consuming and labor-intensive for experts
to extract by making rules and manual assistance, so we need
to use NLP technology to automatically extract useful entities
from the text by understanding geological natural language text
(Guo et al., 2021). Named Entity Recognition (NER) is a tech-
nique for categorizing entities into predefined groups, aiming
at extracting key entities from unstructured text. Commonly
named entities are diverse in form, semantically divergent, and
have blurred contextual boundaries, such as Apple, which in
the field of electronic devices represents a smartphone pro-

duced by Apple, while it could also represent a fruit (Fan et al.,
2019). Geological Named Entity Recognition (GNER) tech-
niques are essential for extracting proprietary geological enti-
ties (Consoli et al., 2020), which are the basis for extracting
geological relationships and constructing knowledge maps (Lil
et al., 2022). The NER methods for different languages can per-
form very differently, so non-English NER in particular de-
serves the attention of the geological community to invest in.
In this paper, we use four Chinese regional surveys to extract
the geological entity data inside by NER techniques.

Geological Named Entity Recognition technology is essen-
tial for extracting proprietary geologic entities such as geologic
features, lithologies, deposits and stratigraphic units from un-
structured text (Enkhsaikhan et al., 2021). These entities are
identified and classified by computer technology to create struc-
tured data used to support various geological analyses and form
a structured knowledge map of geology (Chu et al., 2021). This
paper investigates the application of NER with a few-sample
geological text dataset, focusing on its ability to extract informa-
tion relevant to mineral exploration. Specifically, Prompt Learn-
ing can activate large language models with prior knowledge,
exploit the rich contextual information capability of pre-trained
models without changing the overall model structure (Liu et al.,
2023), stimulate the gap-filling capability of pre-trained mod-
els, and fully utilize the effective knowledge of small-sample da-
ta, thus obtaining a better contextual representation capability
under low-resource datasets. This study shows in detail how
Prompt Learning can be used to extract entity related to depos-
its, rock types and geological structures from geological reports
and compare it with traditional deep learning methods.

The paper presents the following contributions: Introduc-
ing a RoBERTa-Prompt-NER model for Geological Named En-
tity Recognition task applicable to the Chinese language. The
model is based on Prompt Learning which enables it to recog-
nize specific characteristics of geological named entities. Our
proposed model shows better performance than traditional
deep learning methods as it leverages pre-trained language
models and prior knowledge. The proposed model learns from
low-resource annotated data and can identify geological named
entities.

1 RELATED WORK
1.1 Geological Information Extraction

In the field of geosciences, text mining techniques are be-
coming increasingly popular for tasks that support data analy-
sis and visualization. Geoscientists recognize the potential of
natural language processing (NLP) techniques for their re-
search projects (Holden et al., 2019). Information extraction is
a set of NLP techniques that extract factual information, such
as entities, relationships, and events, from natural language
text and finally structured data output (Piskorski and Yangar-
ber, 2013). In particular, it is used for Geological Named Entity
Recognition.

1.2 Geological Named Entity Recognition

The Geological Named Entity Recognition (GNER) task
involves using Natural Language Processing (NLP) techniques
to extract geological information from unstructured geological
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texts to support data analysis and interpretation. The task aims
to identify and classify relevant entities such as geological plac-
es, geological time, mineral names, and geological formations
(Qiu et al., 2019). Named entity recognition is gaining traction
in the field of geology, particularly with the proposal of the
Deep-Time Digital Earth (DDE) Big Science Program (https://
www. ddeworld. org) which combines digital technology with
Earth system science to establish a comprehensive understand-
ing of the Earth system for sustainable development. Despite
being a considerable challenge, GNER and its related technolo-
gies hold significant and far-reaching implications for geologi-
cal research. Currently, there are four methods for Chinese
Named Entity Recognition tasks: (1) rule-based approach, (2)
static word vector-based approach, (3) pre-trained model-based
approach, and (4) Prompt Learning-based approach.

Based on statistical principles, He et al. (2015) introduced
geographic rule-related dictionaries to improve the recall and
accuracy of model recognition in Geographic Named Entity
Recognition based on Conditional Random Field (CRF) model
using statistical principles. This approach requires significant
labor costs and specific geoscientists to create a large diction-
ary of geoscientific keywords. Qiu et al. (2019) utilized atten-
tion-based Bidirectional Long-Short Term Memory (Att-BiL-
STM) and CRF layer to extract geological named entities from
geological texts via vectorizing geological texts with static
word vectors, achieving automatic extraction with good perfor-
mances. However, one drawback of the static word vector ap-
proach is its inability to capture semantic context representa-
tion. To address this, BERT (Devlin et al., 2018) is a language
model that generates dynamic word vectors by combining con-
textual semantics during training. Li et al. (2022) proposed a
BERT-BiGRU-CRF model based on character-level embedding
for extracting Chinese geological named entities, which incor-
porates contextual information to overcome the limitation of
the static word vector approach. Figure 1 shows the English
and Chinese Geological Named Entity Recognition example.

1.3 Prompt Learning

Traditional NER models require sufficient labeled sample
data for learning and obtaining good recognition results by
learning numerous textual features. However, in Named Entity
Recognition tasks in geoscience, due to the scarcity of labeled
data (Huang et al., 2022) and the challenge of identifying un-
known types of entities, it is difficult to learn rich features
from a small number of samples. Prompt Learning involves re-
formatting a downstream task by processing input textual infor-
mation according to a specific template that leverages the pro-
cessing capabilities of pre-trained language models. This new
paradigm deviates from the traditional approach of fine-tuning
after pre-training. Instead of adapting the pre-trained model to
the downstream task through goal engineering, the approach re-
formulates the downstream task to resemble the Masked Lan-
guage Modeling (MLM) training task using textual prompting
(Yao et al., 2021; Shin et al., 2020). As traditional fine-tuning
may not be consistent with the downstream task, solving the
downstream task based on pre-training entails adjusting the pa-
rameters to adapt to the downstream task.

The core idea of Prompt Learning is to transform the in-

put text information based on the pre-trained model task with-
out altering the overall model structure, utilizing prior knowl-
edge of the pre-trained model, and mitigating the gap between
pre-training and fine-tuning targets by using masked LM tar-
gets to align the pre-trained model and downstream task more
closely (Huang et al., 2022). Traditional NLP supervised learn-
ing systems predict the output x based on the model P(y|x;6),
where y can be a label, text, or various other outputs, x is the in-
put, usually text, and @ is a trained parameter vector of this
model, and we use a dataset containing (input x output y) and
train the model to predict this conditional probability. Prompt-
based learning methods for NLP attempt to circumvent this
problem by learning an LM that models the probability P(x;6)
of the text x itself and uses this to predict the probability of y,
reducing or avoiding the need to label large amounts of text.

Basic Prompt Learning is performed in three steps to pre-
dict the highest scoring y. First, a prompt template is added
with

X'= Lo (X) (M

x' being the prompt output from the text after f function. For ex-
ample, “The central rise of the Ordos Basin is a tectonic fea-
ture”, the template may take x" = "[x], [x,] is a [z] entity", fol-
lowed by an answer search to fill [z] and find the truth value,
and finally output the answer y*. Prompt Learning can effec-
tively identify geological entities such as Chinese Cretaceous,
Jurassic, etc. The main advantage of this approach is that a lan-
guage model can be trained unsupervised and used to solve var-
ious tasks with the help of suitable prompts. As a result, re-
search in this area focuses on prompt engineering to mine the
most appropriate prompts template for addressing specific
tasks. The model training is shown in Figure 2.The traditional
approach will use a fine-tuning approach where the input text
is encoded in a pre-training model BERT to obtain a dynamic
embedding word vector, feature extraction through BiLSTM,
and finally label classification output through the CRF layer,
while the prompt-based learning approach treats the Named En-
tity Recognition task as a completion task and constructs the
downstream task as a pre-training task form to give full play to
the prior knowledge of the pre-training model and thus obtain
more semantic features.

2 THE PROPOSED METHOD

In this section, we focus on Named Entity Recognition
under low-resource conditions, the structure of the RoOBERTa-
Prompt-Tuning-NER model, and the structure and roles of the
layers.

2.1 Low-Resource Geological Named Entity Recognition

Previous work treated NER as a sequence tagging task
and fine-tuned it on rich resource datasets using deep learning
structures such as BERT, RNN, CNN, etc. The output predic-
tion labels were encoded using CRF, SoftMax, etc. However,
traditional manual geological tagging is challenging and re-
quires expert annotation (Singer, 2021). Our goal is to train an
excellent model under a low-resource dataset configuration us-
ing Prompt Learning (Li et al., 2022).

Geological text input sentence X = [x,,x,, -*-x,], where x,
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[The Songliao Basin is located in Northeastern China, and it was initially developed on tor?l

of the early Mesozoic basement under the influence of the mantle upwelling during the
Middle and Late Jurassic, and it underwent stages of , POStEiftiAg, and

I subsequently. In the Late Cretaceous, two thick layers of deep lacustrine rocks

| deposited at the bottom of Qingshankou Fm, mainly lacustrine mudstone and oil shale. |

PLA:Place GTM:Geological Time GST:Stratigraphy STR:Geological Structure ROC:Rock

Figure 1. An example of Chinese sentence containing geological named entities, including tag types used in this study and its corresponding English translation.
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Figure 2. Traditional method and Prompt-based method. Traditional methods can use the generic representation already learned by BERT to finetune the model

parameters on the target downstream task to obtain better prediction performance. Prompt-based methods replace certain words in the input sequence with a

special [MASK] token and ask the MLM to predict these replaced words.

represents the word after text segmentation, and the output is
Y = [v,,y,+-yy], where y, represents the sequence label Y = [O,
B-min, /-min---], y,eYcorresponding to each notation of X. To
simulate a low-resource dataset, we randomly sample from the
geological dataset.

2.2 RoBERTa-Prompt-Tuning-NER

This paper proposes the RoBERTa-Prompt-Tuning-NER
method for Geological Named Entity Recognition in low-
resource datasets, utilizing Prompt Learning and RoBERTa as
our pre-trained model. Prompt-Tuning-NER involves fine-tun-
ing the model using Prompt Learning to accomplish NER
tasks. The model comprises a coding representation layer with
RoBERTa, a RoBERTa-MLM layer for prompt completion,
two fully connected layers for feature-to-sample space map-
ping, and a label prediction layer. The RoBERTa layer captures
context-based information and longer distance dependencies
through dynamic word vectors, while the RoOBERTa -MLM lay-
er selects the most fitting word from a group of options to fin-
ish the prompt task. Finally, the output is generated through the

two fully connected layers that map feature space to sample
space, followed by label prediction. Figure 3 illustrates the
model architecture.

2.3 Basic Components

Firstly, we preprocess the data by partitioning the whole
corpus into individual sentences, each sentence is truncated
and padded according to the maximum string length. The tag
word V corresponds to the tag space ¥ —> V' via the mapping
function M. The prompt template is a text string, '[X], X, is [Z]',
with two filled slots. For each input sentence [X] = (x ,x,,-*-x,),
the [Z] slot is filled in (X, is [MASK]) and spliced after [X]. For

example, the 'calcium hornblende group of....., calcium is
[MASK]'". Finally, the model processes the data.
H g peaain = €Mb([X.X]) 2

where x represents the original input sentence, X represents the
prompt template, and H,_, .y, T€presents the vector generated
after the text has been passed through RoBERTa.

Prompt-based learning uses the MLM to complete the
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Figure 3. Architecture of RoOBERTa-Prompt-Tuning-NER

prompt task, with the [MASK] in the example template repre-
senting the probability associated with a set of candidate
words. Subsequently, softmax is used for label prediction after
passing through two fully connected layers.

The set of candidate words is the whole word list V:{V,V,,
------ ,V,}, and for each sentence [X], M([X]/V) denotes the
score of the language model at [MASK] position W, and W,
are the parameters of the pre-trained LM head. The score corre-
sponding to each candidate word is

P(IMASK] = M([x, X]|¥)) = Soft,,, (W, asx;) €)

Im

After two fully connected layers, the feature space is
mapped to the sample token space, which is then transformed
into a probability distribution through the Softmax function.
The argmax function is subsequently used to fill the vacancy
with the word that has the highest probability.

3 DATASET AND EXPERIMENT
3.1 Dataset

The experimental data comes from four regional geologi-
cal survey reports obtained from the National Geological Ar-
chives of the China Geological Survey. The data set underwent
manual annotation by geologists in four rounds, with consisten-
cy checks performed at each stage. The annotated data set in-
cludes six types of entities: Geological Time (GTM), Geologi-
cal Structure (STR), Stratigraphy (GST), Rock (ROC), Mineral
(MIN), and Place (PLA) (Table 1). A total of 10 803 sentences
were labeled, comprising 1 000 106 labeled words and 598 406
unlabeled words (Ma et al., 2022). The labeled data was divid-
ed into training, validation, and test sets at an 8 : 1 : 1 ratio. In
the low-resource dataset, statistical random sampling was used
to extract data from the training set. Precision, recall, and F1
scores were used to evaluate the models by comparing our pro-
posed method with several baseline models on both rich and
low resources. Table 2 shows the prompt template on the low
and rich resource dataset.

Table 1 Chinese and English cross-references of the six entities of Geo-
logical NER
Example
Dataset Entities - -
Chinese English
ROC PRk Granite
PLA H g o) Shigatse
Geological NER STR ZJed Doni Formation
GTM a4 Jurassic
MIN FHCAH Plagioclase
GST PESRMTE  Speckled structure

3.2 Experimental Parameter Settings

Our proposed prompt-based model was trained using Py-
thon 3.7 and PyTorch 1.12 as the training framework. The Ro-
BERTa layer employed RoBERTa-wwm-ext-Chinese, a 12-
layer bidirectional transformer structure with a hidden layer di-
mension of 768. Dropout was used to prevent overfitting, and
all experiments were conducted on an NVIDIA 4090. During
training, the ROBERTa-based pre-trained model had a learning
rate of 0.000 01, while the non-pre-trained model had a learn-
ing rate of 0.001. The fixed step decay method was utilized for
learning rate updates, and parameter updates implemented the
Adamw gradient optimization algorithm. Table 3 shows the ge-
neric experimental hyperparameters on the low and rich re-
source dataset.

3.3 Evaluation Metrics

We evaluated the model’s performance using Conlleval.
py, the Python version of the industry-recognized CoNLL-
2003 (Sang and De Meulder, 2003) Named Entity Recognition
dataset used for sequence annotation evaluation. The algorith-
mic metrics for generic NER on public datasets consist of P
(precision) and R (recall) together, and a single metric is not
enough to prove the performance of the modeling algorithm.
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Table 2 Labeled data and training templates

Chinese sentences Token Sentences template [MASK] Label
i FAL A T [ AL, A2 [MASK] 0 B-PLA

— i FATL M TP ARAERS , 102 [MASK] 1 I-PLA

(The Songliao Basin is loca:ed in northeastern China) i FMLARAL T AL, A [MASK] 2 I-PLA
) FATL AT rf RIS, M2 [MASK] 3 E-PLA
A FALL Z AN T E ARG, 2 [MASK] 4 0

The entity “The Songliao Basin™ is extracted from the Chinese text “The Songliao Basin is located in northeastern China”. The [MASK] represents

the sequence position of the token in the Chinese text. The Label represents the real tag sequence of the token.

Table 3 Generic hyper-parameters

Hyper-parameters Values
Epoch 20
Batch size 64
Learning rate le-5
Hidden size 768

Therefore, in this paper, F1 score is chosen as the optimal per-
formance evaluation tool.

_ TP
P TP+ Fp @
__ TP
R=Tp+Fn ®)
_ 2PR
' P+P ©)

3.4 Rich-Resource Geological NER

The models were trained on the training set of the dataset
and evaluated on the same test set. Table 4 presents the overall
entity recognition scores for various models utilizing different
algorithms. We found that prompt based method achieved the
highest precision in recognizing multiple entities, including
ROC, PLA, and STR. It performed particularly well in recog-
nizing PLA and GST entities, with F1 scores of 74.20% and
70.88%, respectively. Our use of a MLM allowed us to narrow
the gap between pre-training and fine-tuning when training on
different targets. As a result, our prompt-based learning ap-
proach was able to adapt more quickly to downstream tasks
than traditional fine-tuning methods, leading to improved per-
formance.

3.5 Domain Transfer for Low-Resource NER

We conducted experiments using scientific random sam-
pling of training data to simulate the Geological Named Entity
Recognition task in a low-resource scenario. We evaluated the
performance (F1) of various models on datasets containing
10%, 20%, 30%, 50%, and 80% of the overall dataset (Table
5). The results demonstrate that our proposed prompt tuning
method based on RoBERTa outperforms the fine-tuning meth-
od when using low-resource data and small sample sizes. Al-
though the difference between the two methods decreases as
the sample size increases, the prompt tuning method still per-
forms better than other methods under the same dataset condi-

tions. Figure 4 shows the F1 score visualization of results from
different models.

4 DISCUSSION
4.1 Generalizability and Error Analyses

In this subsection, we elaborate on the advantages pro-
posed model in comparison with other models, and the error
analysis of the geological entities.

In this paper, four common algorithmic models for Chi-
nese Geological Entity Recognition are selected, namely
IDCNN + CRF, BILSTM + CRF, BERT + IDCNN + CRF and
BERT + BILSTM + CRF, where the first two models are based
on static word vectors and the latter two are pre-trained models
based on dynamic word vectors. The perceptual field of text
features is obtained by convolutional neural networks,
BLISTM is introduced to learn more contextual information,
and finally they are connected to CRF (Conditional Random
Field), which can learn the constraint relationship between tags
and ensure the reasonableness of the predicted tag sequence.
After experiments, we found that static word vectors are not as
semantically rich as dynamic word vectors, so using pre-
trained language models (e.g., BERT) as word embedding lay-
ers can extract more semantic features, and the experimental
recognition effect is further improved. Our algorithm achieves
recognition rates of 79.89%, 70.88%, 74.20% and 82.66% for
GTM, GST, PLA and ROC entities, respectively. Compared
with other models, our model incorporates the hinting idea in
the recognition of toponymic entities and makes full use of the
prior knowledge of the pre-trained model to achieve a better
recognition of toponymic entities, where the best results can be
seen in the location and geological age. The reason is that the
entities of location and geological age are then more common
in the generic prior data and are learned into the pre-trained
model.

We analyze each tag and find that some entities are not
recognized well. For example, in the Chinese text “biotite”, the
whole fragment is tagged as an entity, but only the granite enti-
ty is recognized by the model. Additionally, some other strata
with location names are also incorrectly recognized because of
the text boundary problem. Therefore, more tagging data are
needed for correction to obtain better recognition. We also test-
ed the recognition of geological named entities for the English
dataset and found that the recognition is not satisfactory, be-
cause Chinese is character-based while English is word-based.
When Chinese does the NER task, one character corresponds
to one label, while English is one word to one label. Our



Low Resource Chinese Geological Text Named Entity Recognition Based on Prompt Learning 1041

Table 4 Performance of different models on the rich-resource data set

Place Stratum Mineral Geological time Geological structure

Rock

Method

Fl1

Fl1

72.14

Fl1

84.87

Fl1

Fl1
58.28

62.54

Fl1
75.18

51.48
51.23

55.14

45.81

58.75
58.62

62.88

77.13

67.75

85.13 84.61

70.64
72.32

71.58

69.73

56.88
62.29

59.75

76.73

73.70
74.59

IDCNN + CRF

45.49
49.10

73.61

79.97
78.38

68.18

85.79
85.64
86.50
83.08

85.95
85.46
85.64
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pt

The best F1 scores are presented in boldface. P, R, F1 are all measured in %.

Table 5 Comparison of model recognition F1-score (%) on low resource

datasets
Method 10% 20% 30% 50% 80%
IDCNN + CRF 5332 59.65 6225 6744 71.40
BiLSTM + CRF 56.83 6295 6295 6943 73.90

BERT + IDCNN + CRF 56.84 62.86 66.67 70.74  73.66
BERT +BILSTM + CRF ~ 60.26  65.06 65.06 72.17 7533
RoBERTa_ Prompt 77.14  78.76  80.45 79.52  80.64

Random sampling by 10%, 20%, 30%, 50%, 80% of the overall datas-

et. The best results are presented in boldface.
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Figure 4. F1 score results of different models.

prompt template is carefully constructed for the Chinese datas-
et to accommodate common Chinese geological text represen-
tations, such as rock entities, which often end in rock charac-
ters in Chinese. Hence, more prompt template construction ex-
periments must be conducted for the English dataset, and then
find the optimal template.

Given the existing sample bias in current geoscientific da-
tasets, particularly the limited synthesis of non-English data,
our model helps to bridge this gap within China by optimizing
the NER process for Chinese geological literature. Over the
years, Chinese geological literature accumulated since the ear-
ly 20th century contains abundant geological knowledge.
Scholars have estimated that from 1985 to 2006, over 300 000
Chinese geoscience documents, including journals, mono-
graphs, and conference papers, covering various fields such as
stratigraphy, paleontology, petrology, geochronology, and geo-
chemistry, which are included in the Chinese Geological Litera-
ture Database. The China Geological Survey holds nationwide
geological survey reports, which also contain rich geological
information. It is evident that Chinese literature represents an
untapped wealth of geoscientific information, which can make
a crucial contribution to global geoscientific data synthesis and
the construction of geoscientific knowledge graphs. Our model
significantly improves the accuracy of geoscience-related NER
tasks, making the process of mining geoscientific knowledge
from Chinese literature more precise and efficient. This has
positive implications for the consolidation and reuse of global
geoscientific knowledge.
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4.2 Limitations and Future Work

However, there are some limitations to this study. The
first limitation is that deep learning is essentially a generaliza-
tion of statistical laws for a large number of samples, called sta-
tistical learning, and the proposed approach is due to the need
to obtain more textual information features in the case of low-
resource datasets in order to obtain a priori knowledge of the
pre-trained model. The second limitation is that we used some
Chinese pre-training models, including Chinese-BERT, ER-
NIE, RoBERTa, etc. Finally, we chose RoBERTa because it in-
creases the randomness and diversity of pre-training data, and
RoBERTa can better learn the contextual information of the
text, thus improving the accuracy of various natural language
processing tasks. Our recognition results will be better if we
train with a domain pre-training model based on a large geolog-
ical corpus.

Therefore, it is an exceptionally good topic for future
work to reduce the labor cost to annotate the large amount of
geological data. Weakly supervised and remotely supervised
based strategies to reduce the labor cost and use large language
models for labeling data and building a richer domain corpus.

Future work will focus on three aspects: (a) At the para-
digm level, we aim to optimize existing algorithms for Geolog-
ical Named Entity Recognition tasks and design better tem-
plates to improve results. (b) At the data level, we plan to build
a richer domain corpus under low-resource data conditions, po-
tentially using large language models such as ChatGPT for con-
versational annotation, to enrich our geological text domain
corpus. (c) At the algorithmic level, we will explore the use of
large language models such as GPT-3 and ChatGPT for zero-
sample information extraction in geological contexts.

5 CONCLSION

In this paper, we propose a novel approach to incorporate
prompting ideas into geoscientific Named Entity Recognition
under low resource datasets. Our approach transforms the
downstream task into a pre-trained language model down-
stream task without changing the model structure, and uses the
prior knowledge of the pre-trained model to achieve better rec-
ognition of geological named entities. Compared with tradition-
al deep learning methods, our model captures more features of
geological entities and performs better under low-resource da-
taset conditions. Experimental results show that the model pro-
posed in this paper achieves the best F1 score of up to 80.64%
under several low-resource data configurations, and the
prompt-based learning approach can improve the performance
of model recognition.
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