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Large Language Models (LLM) are Artificial Intelligence (AI) models that can be fine-tuned for
specific tasks. They can be used for Information Extraction (IE), a domain of Natural Language
Processing (NLP), that aims to extract information from unstructured text and convert it into
structured, machine-readable data. Using LLMs for IE allows for more accurate and less time-
consuming extraction. For materials science using LLMs for IE enables a more automated extraction
that can be used with Materials Science Databases, that store diverse data on different materials. With
these tools materials science research can go towards a new era with data-driven studies. Using LLMs
does have its challenges with hallucinations, environmental costs and transparency issues.

Suuret kielimallit ovat tekoédlymalleja, joita voidaan hienoséétéa tiettyjéd tehtévid varten. Niitd voidaan
kayttdd tiedonlouhintaan, joka on luonnollisen kielen prosessoinnin osa-alue, jonka tavoitteena on
poimia tietoa jisentyméttomastd tekstistd ja muuntaa se jasennellyksi, koneella luettavaksi dataksi.
Mallien kiytto tiedonlouhinnassa mahdollistaa tarkemman ja vihemmén aikaa vievén louhinnan.
Materiaalitieteessd mallien kaytto tiedonlouhintaan mahdollistaa automatisoidumman louhinnan, jota
voidaan kayttdd Materiaalitieteellisten Tietopankkien kanssa, jotka siséltavédt monipuolista tietoa eri
materiaaleista. Ndiden tyokalujen avulla materiaalitieteellinen tutkimus voi siirtyd uuteen
datapainoitteiseen aikakauteen. Suurten kielimallien kéyttdon liittyy kuitenkin haasteita, joita ovat
hallusinaatiot, ympéristokustannukset ja haasteet ldpindkyvyydessé.

Key words: Large Language Models, Information Extraction, Artificial Intelligence, materials
science.
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1 Introduction

The use of Artificial Intelligence (Al) has increased significantly over the last years both by private
users as well as companies and researchers. There are different types of Al models, however on this
thesis we’ll be focusing on Large Language Models. Al is technology that enables computers and
machines to mimic human abilities such as learning, understanding, problem solving, decision making,
creativity and autonomous behaviour. Applications and devices powered with specific types of Al

models can interpret and respond to human language. [1]

Machine learning (ML) is a subfield of Al that allows machines to learn from data without being
explicitly programmed. ML models are used e.g. in image generation and natural language processing.
Applications of ML in different industries range widely from healthcare to finance to science and
more. ML brings the possibility to fundamentally change many industries by automating complex
processes and making intelligent predictions and decisions. [2] In Figure 1 the timeline of
development for the field can be seen with Al being created in the 1950’s and it being followed by
invention of ML, Deep Learning (DL), and Generative Al (Gen Al). [1]

Al
Artificial

DL

Deep L [
Intelligence eep Learning

1980's 2020's

1950's 2010's

ML Gen Al

Generative Al

Machine
Learning

Figure 1. Timeline of how the field has developed from Al to Gen Al.

Data, and especially training data, is an integral part for Al and ML models and systems. It is a critical

input that allows the models and systems to learn and improve in time. Without training data, the



models wouldn’t be able to make predictions or extract needed information. With data being this big
of a part for the models, the quality of it needs to be excellent to ensure a better result for the models.
The first step in ML is collecting relevant data which can be from e.g. databases, sensors or the
Internet. When the data has been collected, it is then pre-processed to ensure its quality and suitability
for analysis. After pre-processing, an ML model is trained on pre-processed data, to make predictions
or decisions. During the training, the model adjusts its learnable parameters. After the training, the
model needs to be evaluated to assess its performance and see if it meets the required and desired
criteria. To evaluate these models, we can use different approaches depending on the model and what
is expected of it. Usually model predictions are evaluated with validation dataset. If the model is

deemed to be successful, it can be deployed for real-world applications for ML. [1], [2], [3]
1.1 Large Language Models

Large Language Models (LLMs) are Al models that learn the syntax and semantics of natural
language from massive text corpora [4]. LLMs are used e.g. in search engines, voice assistants and
coding assistance tools [5]. LLMs must be fed a vast amount of textual data, called corpus, at their
training phase to learn the complexities of natural language, so they can comprehend and produce

natural language as, well as encode human knowledge into their weight parameters [4].

The idea of LLMs can be traced back to the early days of Natural Language Processing (NLP) and the
understanding of semantics. NLP is an array of computational techniques for analysing and
representing naturally occurring texts. Many applications require NLP, e.g. email filters, smart
assistants like Apple’s Siri and Amazon’s Alexa and online translators. This brought forward a need
for a model that could comprehend text input and generate output that is indistinguishable from human

language. This need set in motion development, that eventually led to the invention of LLMs. [6], [7]

The evolution of LLMs began with studying how words connect within a language and how they
convey meanings. Statistical Language Models (SLMs) were invented in the 1990’s as mathematical
models that used probability to predict and analyse natural language. The main point of SLMs is
predicting how likely a sequence of words is, based on all the words which appeared before in the
given sentence. Following the SLMs, Neural Language Models (NLMs) were invented to handle
longer sequences and mitigate the limitations of SLMs. NLMs leverage neural networks to predict the
probabilities of subsequent words in a sentence. With the introduction of pre-training, NLMs evolved
into Pre-Trained Language Models (PLMs). PLMs undergo training with a vast amount of unlabelled
text, which enables them to grasp fundamental language structures. To optimize the models’
performance, the PLMs can be fine-tuned with a smaller dataset. The need for a larger scale model led

to LLMs being invented. LLMs are trained with text corpora that has at least tens of billions of



parameters. The significant difference between PLMs and LLMs is the parameter count and training
data volume that is over ten times bigger for LLMs. Generative LLMs are currently state-of-the-art,
which is why the focus is on them for this thesis. Figure 2 provides a visual for this development of

LMs. [7], [8]

Statistical Language Pre-Trained Language

Models (PLMs)

Models (SLMs)
2000's

1990's 2010's
Neural Language

2020's

Large Language

Models (NLMs) Models (LLMs)

Figure 2. Timeline of the development of Language Models.

The core task of LLMs, text generation, is in an essence prediction of sequence of words (tokens).
This prediction happens one step at a time based on the context and sequence of preceding tokens.
This prediction process has five steps: inputting context, probability calculation, token selection,
updating context and repeating. In the first step, the model receives an initial sequence of tokens that
can be e.g. a prompt provided for it or text it has generated so far. Moving to the second step, the
model analyses the patterns of the context. Then it calculates the probability for every possible token
in its vocabulary. Next token can be selected with one of few methods. The model can use the simplest
strategy, which means the model just picks the token with the highest calculated probability. More
complex strategies can involve sampling e.g. the top ten choices with the highest probability for the
next token to introduce variety. Next the selected token is added to the sequence. This process repeats
itself until the model reaches a stopping condition or it fulfils a specified length given on the prompt.

LLMs learn the token co-occurrence and probabilities during the training. [9]

The LLMs training combines two fundamental processes: pre-training and fine-tuning. This method of
training ensures that LLMs are flexible and can be anything from general-purpose to very specialized
models. Pre-training of LLMs uses massive unlabelled corpora to learn dependencies between words
and sentences and this phase results in a foundation model. In fine-tuning the models are fed with
labelled corpus that is allowing the model to adapt and improve its performance on specific tasks.
Fine-tuning allows the models to generate appropriate answers on the specific themes that are in the

labelled corpus. The process of training for LLMs has been visualized in Figure 3. [10]
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Figure 3. Visualization on how LLMs are trained all the way to fine-tuned LLMs.

LLMs can also be refined for conversational uses. Fine-tuning the models for this involves two
essential features: prediction of next words and word differentiation. The first feature enables LLMs to
predict the next word in a sequence using knowledge acquired during pre-training. In contrast, word
differentiation allows LLMs to distinguish among multiple possible word choices through fine-tuning,
refining their predictions to suit specific tasks or domains. Due to the complicated nature of human
language, additional capabilities are required for the LLMs to converse with ease with humans.
Typically, this is achieved by using reinforcement learning for the models. Reinforcement learning

allows LLMs to acquire new skills through iterative learning its interactions. [10]

LLMs can be categorized based on how they are accessed: Open Source LLMs and Closed Source
LLMs. Open Source LLMs allow anyone to access their code and algorithm, and they are built on the
principalities of transparency and collaboration. In some cases, even the data that is used to train the
LLMs, is available for anyone to access. They drive the idea that Al should be an accessible tool to
everyone, not just those that have the resources to pay for it. Closed Source LLMs are developed by
companies, e.g. Google and OpenAl, that keep their models’ working methods private, instead
offering them as paid services. Some main differences between these two different types of LLMs can

be seen in Table 1. [11]

Table 1. Comparison of Open Source LLMs and Closed Source LLMs
FEATURE OPEN SOURCE LLMS CLOSED SOURCE LLMS

freely available and accessible | restricted access, often requires
ACCESSIBILITY

to all users a payment




community-driven, fast-paced centralized, controlled
INNOVATION
development development processes
lacks external auditing and
transparent, vulnerable for
SECURITY ) transparency, more secure from
misuse ,
misuse
community forums and professional support services
SUPPORT
documentation and resources

1.2 Data extraction

Data extraction is the process of gathering and moving data from multiple sources to a single
destination to be stored. These sources can range from publications to databases to spreadsheets etc.
The extracted data can come in different forms, be unorganized or unstructured. The main point in
data extraction is to bring together the fragmented information in a centralized location, e.g. on-site,

cloud-based, or a location that is a combination of both. [12]

Data extraction can be divided into three main types, full extraction, incremental extraction and
extraction of unstructured data. Full extraction is a straightforward method that retrieves all available
data from the source directly. This ensures the data is correct and complete but can be resource-
intensive and time-consuming. Incremental extraction captures only the changes in the data that have
occurred since the last extraction. As a method it’s more efficient than full extraction as it reduces the
amount of data transferred and saves on data processing time. Incremental extraction can be
implemented in two ways, either in batch or stream approach. Batch approach captures changes in
chunks at defined intervals. Stream approach allows for real-time updates as it captures changes
almost immediately as they happen. Extraction of unstructured data is more complex than the above-
mentioned methods as there is a lack of standard structures and formats. Unstructured data sources are

e.g. emails, PDF files and web pages. [12]

For materials science, especially the extraction of unstructured data is relevant. Full and incremental
extractions are used for databases and similar sources; however, a vast majority of materials science
data is stored in publications that are unstructured data. Using extraction of unstructured data allows
the extraction from e.g. PDFs or web pages, the usual ways publications are available. Both full and
incremental extraction can be used as well. Incremental extraction could be very useful for extraction
of data that is often updated e.g. when extracting data from a database that has been used for the same

project or research already.



LLMs enabled easier extraction of information from unstructured textual data. Using prompt-
engineering, a method to modify LLM instructions (prompts), we can optimize information extraction
done with these models. This combination ultimately allows for a more accurate and less resource

consuming data extraction. [13]
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2 Data In Materials Science

Materials science is the study of characteristics and applications of materials that combines chemistry,
physics and engineering research. In the traditional approach materials discovery and research, is
carried out through conventional experimental, theoretical or computational research. This is usually
done in a trial-and-error fashion, which takes up a lot of time and can make researching expensive.
The longer it takes to get the results the more resources and testing it takes which then leads to more

costs. [14]

Data-driven studies is the practice of using advanced analysis tools combined with already existing
data, guiding the process of the research. By employing both computational and experimental methods
for data generating as well as employing ML techniques, data-driven studies have led materials
science into a new era. It differs from the traditional approach by the volume of data and the more

automated way of conducting experiments. [14], [15]

Table 2. Comparison of Traditional approach and Data-driven studies

TRADITIONAL
ASPECT DATA-DRIVEN STUDIES
APPROACH
BASIS fundamental physics data, Al
SPEED slow (months/years) fast (hours/days)
COST expensive less expensive (not cheap)
SCALABILITY limited by experiments can handle big data

As seen in Table 2, the volume of data and the way information is extracted makes data-driven studies
faster than the traditional approach. Both approaches are expensive, but as data-driven approach is
more cost and time efficient by utilizing already existing knowledge, it’s the cheaper option of the
two. Both approaches are vital, e.g. the traditional approach can validate hypotheses and data-driven

approach can speed up discovery pipelines, and they can be used together to strengthen each other.
2.1 Materials Science Databases

Materials Science Databases play a critical role in accelerating research by providing structured access
to experimental, computational and literature-based data. They enable scientists and engineers to
access, store and analyze vast amount of data from various sources e.g. simulations, experiments and
literature. The databases have diverse information on different materials that can include details on
their structures, properties and reaction mechanisms. In addition to storing data, databases can support

interdisciplinary collaboration across diverse fields and between their experts, e.g. experimental
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researchers, theoretical scientists and programmers, allowing for more efficient and effective problem-

solving. [16]

Materials databases can be categorized into groups by their content, purpose or data sources. Some of
the commonly used categories are experimental databases, computational databases, hybrid databases
and ML-oriented databases. Experimental databases store data obtained from experiments, and the
content can be e.g. material’s crystal structure, mechanical properties or thermal conductivity.
Computational databases on the other hand contain data that has been generated through
computational simulations. They can include data on material’s mechanical properties or thermal
behaviour. As is in the name, hybrid databases are a combination of both experimental and
computational data, providing a broader dataset. ML-oriented databases are designed for use in
machine learning applications, and they provide curated datasets. In Table 3 different databases are

presented with their content and to what category they belong to. [16], [17]

Table 3. A list of some databases and what they contain and what category they belong to.

DATABASE CONTENT CATEGORY
THE AUTOMATIC FLOW

over 3 million high-throughput '

FOR MATERIALS computational
calculations
DISCOVERY (AFLOW)

THE MATERIALS PROJECT | calculated data for over 140 000 .

computational
(MP) materials

data on polymers, metals and )
MATNAVI hybrid
inorganic crystals

files for more than 50 different
NOMAD atomistic codes, more than 100 ML-oriented

million total-energy calculations

With these databases LLMs can be used to automize data retrieval and summarization, saving time and
resources. The models can be used with Retrieval Augmented Generation (RAG), which is a method
that enhances LLMs abilities by integrating information from external knowledge sources. RAG was
developed to improve response accuracy and information extraction from text, which especially with
materials science adds value to using LLMs as it makes the models and their outputs more stable. For
example, LLamP Framework is a multimodal framework that combines RAG with multimodal agents,
that has been invented especially for materials science researching [4]. The multimodal agents access
sources like The Materials Project. This framework greatly improves material property predictions and
allows for generation of realistic 3D models that LLMs alone struggle with. To be able to retrieve

information from databases, LLMs need to use Information Extraction. [4]
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3 Information Extraction

Information Extraction (IE) is a domain of NLP that aims to extract information from unstructured text
systematically and converting it into structured, machine-readable data. To achieve this conversion IE
identifies and categorizes key elements e.g. entities, events and numerical values. The field has
evolved from rule-based systems to advanced Machine Learning and Deep Learning techniques. As
LLMs have a proficiency in context understanding and an ability to organize information, they have a

strong adaptability in IE. [18]

The first IE systems were mostly rule-based, which meant they were efficient in specific context as
they relied on predefined rules to extract information. This meant they were not great with scalability
nor adaptability. Advances in ML brought supervised learning models (SLMs) that offered stronger
and more adaptable solutions for IE. But even with SLMs, the dependency on large, annotated datasets
and problems on capturing deeper linguistic contexts remained as challenges. With deep learning, new
models were introduced to IE, that were able to enhance the accuracy and efficiency of IE-systems by
capturing complex patterns and dependencies in text. Deep learning models reduced the reliance on
hand-crafted features. From advanced deep learning models, IE moved to using LLMs. Performance
of IE is usually evaluated in terms of precision, recall and F-score. Definition of percision is the
percentage of retrieved results that are correct. Recall is the percentage of correct results that are

retrieved. F-score is harmonic mean of precision and recall. [19] [18]

Using LLMs for IE enables automated retrieval of structured data from unstructured or semi-
structured text. To achieve the most efficient result from IE with LLMs, the models should extract the
most accurate data with the least amount of errors. LLMs for IE can be fine-tuned for domain-specific
tasks, combined with prompt-engineering and used with hybrid pipelines. Fine-tuning the models with
annotated datasets makes them domain-aware or specialized in a given task. Using LLMs with
prompt-engineering, improves the obtained results. In the study of Hu et al. the F1 score of LLM GPT-
4 was 0.804 without prompt-engineering and improved 5.7 % to 0.861 with prompt-engineering [20].
Hybrid pipelines combine LLMs with traditional NLP to reduce hallucinations and improve
efficiency. By combining these two we get e.g. name entity recognition (NER) models like

MaterialsBERT, that has been invented specifically for materials science data tasks. [13], [20], [21]
3.1 Data mining

Data mining is the central part of the method of knowledge detection and it’s a collection of
techniques. Mining is used to eradicate randomness and discover concealed patterns, and it involves

searching, retrieving and filtering of relevant data. Data mining can be divided into descriptive mining
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and predictive mining, and the techniques of data mining can be divided into three major groups,

artificial intelligence technologies, machine learning techniques and statistical techniques. [22]

LLMs’ ability to understand and process natural language can allow us to enhance data mining
significantly. This enables more accurate data mining, that can extract even more nuanced insights
from a vast collection of data. There are a few ways LLMs can enhance data mining, e.g. by enhancing
text mining, sentiment analysis and knowledge extraction and creating automated text summarization.
As LLMs go beyond identifying just keywords to understanding context and even sentiments within
data, they allow for more accurate and efficient text mining. The automated text summarization and
knowledge extraction especially are valuable abilities for materials science that LLMs bring to data
mining, as they allow for easier and faster way to learn vast amounts of data. This allows for
researches to have summaries from huge volumes of text or just specific bits of knowledge that they

need at the moment. [23]

3.2 Information Extraction approaches

Majority of scientific knowledge lies across the text, tables and figures in millions of academic papers.
Important information for materials science includes e.g. material properties, structure-property
relationships and calculations. To be able to extract these, different approaches have been created to
replace manual extraction. Main approaches to IE are rule-based, NER-based and LLM-based. Rule-
based approaches are based on a set of pre-defined rules to extract information. NER-based
approaches use rule-based algorithms to identify relationships between entities and can learn to search
for relevant entities within data. LLM-based approaches leverage pre-trained LLMs to understand and
extract information. Rule-based ones were the first to be created of these approaches and followed by
NER-based. Some of these older approaches are still used alongside the more advanced LLM-based
ones. One older method still in use is ChemDataExtractor 2.0. [18], [24]

ChemDataExtractor 2.0 is a rule- and NER-based method for IE, specifically for extracting chemical
information from scientific literature [19]. This method extracts unstructured information from PDFs,
HTMLs and XMLs and produces an output of machine-readable structured data. ChemDataExtractor
2.0 provides a table processor to extract tabulated experimental properties from the input files. In
addition to this, ChemDataExtractor 2.0 uses document-level processing algorithms to resolve data

interdependencies and produce unified chemical records. [19]

The first step in extraction with ChemDataExtractor 2.0 is processing files to isolate relevant domains,

extract raw text and merge fragmented data from different sources. This leads to consistent document
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structure that allows for all documents to be processed in the same way. After this, the documents are
processed with a Natural Language Processor, to extract individual chemical records. The extracted
information is then processed once again to resolve any interdependencies and the data is combined

into an individual structured document that can be deposited to a database. [19]

ChemDataExtractor 2.0 performs well on extracting chemical information from scientific documents,
allowing for creation of chemical databases in automated way. To allow for this method to work, it
needs a lot of manual setup e.g. writing extraction rules by hand. The method is also domain specific
and it doesn’t have great flexibility as it would need manual rule updates or retraining when new tasks
or formats appear. To address these shortcomings, LLMs are needed. One example of an LLM-based

IE tool is ChatExtract.

ChatExtract is a method that can automate very accurate data extraction with minimal initial effort and
background [13]. ChatExtract is based on a conversational LLM and engineered prompts, allowing for
the LLM to both identify sentences with data and extract the data. In ChatExtract, prompt-engineering
is used to automate and increase the accuracy of information extraction achieved. The extraction is
done in two main stages: initial classification and a series of prompts. In initial classification a simple
relevancy prompt is given to the LLM to provide information whether a sentence contains the data for
the property in question. This allows for the elimination of irrelevant sentences and to save time as

these sentences don’t move to the second stage. [13]

In the second stage of extraction, first the data is split into single- and multi-valued text. This is done
as single-valued text is much more likely to be extracted without further prompts whereas multi-
valued is more prone for errors and requires further inspection and verification. For single-valued text,
simple questions are asked about the text’s data, allowing for negative answers to minimize the
model’s chance of hallucination when enough data isn’t presented. If a negative answer is given, the
text in hand is discarded and no data is extracted. For multi-valued texts, the model is asked to provide
the data in a table in structured form instead. Then each field in the table is inspected and follow-up
questions are asked. These follow-up questions are to overcome issues LLMs would have providing
false responses without the combination. As for single-valued text negative answers lead to discarding
the text, same goes for multi-valued. For multi-valued texts some follow-up questions are uncertainty-
inducing to encourage negative answers. This is done so that the model reanalyzes the text instead of
reinforcing previous answers. In Table 4 ChemDataExtractor 2.0 and ChatExtract are presented with

their different features. [13]



Table 4. IE approaches ChemDataExtractor 2.0 and ChatExtract with their features listed.
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CHEMDATAEXTRACTOR
ASPECT CHATEXTRACT 20
BASE LLM + prompt engineering rule-based + NER
identifies, extracts and verifies rule templates, token patterns
EXTRACTION materials from research texts via | and supervised NER-models to
conversational interaction extract from unstructured data
accuracy of 93.4 % for
) . chemical identifiers, 86.8 %
achieved > 90 % precision on bulk ) .
o for spectroscopic attributes and
PERFORMANCE modulus and similar score on other
. 91.5 % for chemical
properties ) o
properties, lower in diverse
sources
) i extraction of chemical names,
rapid, high-accuracy extraction of _ )
USES ] . ] properties and spectroscopic
diverse material properties
data (domain specific)
ADAPTABILITY high low/moderate
LIMITS relies on LLM quality limited adaptability

LLM-based methods compared to NER-based methods bring more flexibility to IE, as they don’t need
to be retrained when given new tasks, they can just be given new prompts. This allows for methods
that aren’t domain specific and can be used for many different domains. As the extraction logic can be
defined with prompts instead of coding rules by hand, LLM-based methods reduce development
efforts compared to NER-based ones.

3.3 Large Language Models in Information Extraction

LLMs have brought many advancements to IE. They have enabled more accurate and time saving
extraction of structured knowledge from unstructured scientific literature and automatic correction of
errors. In a study by Lai et al. they found LLM approaches to have significant time savings when
compared to conventional ones [25]. Data extraction time was found to have reduced by 80 % when
using LLM approaches, compared to conventional manual or rule-based approaches. In the same study
they found LLMs to have great extraction performances across different document types and
languages. LLM approaches were found to found to have great extraction accuracy, between 95-97 %,

often matching or even surpassing conventional approaches’ accuracies. [25]
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In another study by Dagdelen et al. LLM approaches were found to be efficient in extracting
structured data from scientific texts and turn it into structured data [24]. This study also found LLM
approaches to be very accurate with extractions. LLM approaches were found to automatically correct
errors e.g. correcting the erroneous inclusion of white spaces in chemical formulae. This can be
utilized by domain specialists who desire cleaner forms rather than the directly pulled extractions.
Using LLMs that have the ability to automatically correct errors lessens the need for correction as a

post-processing task. [24]
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4 Challenges

Using LLMs has its own risks and challenges on whether the information gained by using LLMs is
reliable or is using the models ethical and ecological. One significant challenge is the possibility of
hallucinations. Hallucinations are mistakes in the generated text, that are semantically or syntactically
plausible but are actually nonsensical or incorrect. This means that the models produce content that is
not based on any facts or evidence whereas it’s based on the models' own assumptions or biases. [26]
Hallucinations in LLMs can be divided into two different categories, intrinsic hallucinations and
extrinsic hallucinations. Intrinsic hallucinations introduce logical or factual errors directly opposing
the original content. Extrinsic hallucinations include speculative or unconfirmable aspects and cannot

be verified against the source. [10]

From an environmental standpoint the use of LLMs is concerning as the development and use of
LLMs uses a great amount of electricity and resources. The models are typically built around large-
scale neural networks that require large amounts of electricity, and they have immense negative
carbon footprints. The carbon emission for training just one generative Al model, e.g. GPT-3, was

estimated to be equal to the annual CO; emissions of several dozens of households. [26]

The data that is used to train LLMs greatly defines how the models work and what is the quality of the
output they have. Concerning this a term called GIGO, “Garbage In, Garbage Out”, has been coined,
meaning that if the training data is contaminated by e.g. sexist or racist information the output of the
model is most likely problematic. This brings ethical and social risks of LLMs that include their
prospenity to reproduce harmful biases. Relevancy is also a problem with GIGO, as if the model is
trained with outdated data, the output won’t be up to date and relevant. In materials science research
it’s important to have data that is up to date to ensure that any data that isn’t up to date, won’t sabotage

the research. [10]

Wether the LLM that is used is Open Source or Closed Source, brings its own challenges to using it.
Open Source LLMs biggest challenge is the risk of misuse. The models can be used to spread
misinformation if anyone can just access every aspect of the models. Open Source models also pose a
risk for cybersecurity threats, as they can be weaponized to be used in different cybercrimes, e.g.
hacking attempts. For Closed Source LLMs, the biggest challenge comes from the lack of visibility
and the uncertainty of what kind of biases the models can have. As the models’ properties and data are
shut from outsiders, users have no way of being absolutely sure about the models’ biases or logic for

decision making, building uncertainty with using these models. [11]
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5 Future directions

As LLMs are still relatively new, a lot of research and development is needed. Few significant
directions are development for more sustainability and reliability. A great importance needs to be put
on finding more sustainable ways to uphold LLMs as the number of resources needed to train these
huge models only increases with development of newer models. Instead of only focusing on
developing bigger and better models, we need to think of ways to get their carbon emissions smaller.
Sustainable energy producers should collaborate with LLM developers to find solutions that help

conserve the planet’s resources.

Hallucinations pose a great challenge on the reliability of LLMs. Even though the number of
hallucinations can be reduced by rigorous training processes and ensuring the data used is of good
quality, it could be developed even more. By doing this we could eventually have LLMs that make
few to no hallucinations or mistakes. This would also reduce the need to train models again, if they are
noted to make many mistakes. Reliability can also be developed by creating LLMs that have features

from both Open Source and Closed Source LLMs.

The capability of LLMs in materials science is determined with both the strength of the models as well
as the available tools, hence there being a need to create specific materials science tools for LLMs, e.g.
high-throughput computing platforms. [4] As IE with LLMs is largely based on databases, a great

importance should be put on expanding the databases and making them accessible for more people. To

do this would allow more people to use them and maybe make new innovations.
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6 Conclusions

Large Language Models represent a change in materials science in how knowledge is accessed,
processed and applied. They enable a more efficient and accurate Information Extraction from data
sources, such as publications and web pages, that are unstructured. In a field such as materials science,
where most of the used data comes from unstructured sources, LLMs offer a viable and powerful way

to do such tasks.

Information Extraction used to be based on rigid rule-based systems but with the development of
LLMs, it has evolved significantly. The LLMs abilities to comprehend context, understand nuanced
language and structure information with minimal fine-tuning, makes them suited for tasks in IE and
especially in materials informatics. ChatExtract is a great example on how LLMs can be utilized for
IE. They can be used e.g. for rapid extractions, without compromising the quality and accuracy of the

end-results.

Although using LLMs has many great aspects, it doesn’t come without challenges. Hallucinations,
environmental costs and questions about ethicality and transparency require a great deal of
consideration. The quality of the data used in training of LLMs, sets everything that the models do and
remains a significant factor on their reliability. As materials science requires a lot of detail and

precision, every aspect that can lead to even minor inaccuracies, needs to be assessed carefully.

In the future a key focus should be on developing the reliability and sustainability of LLMs. This
entails enhancing transparency and reducing the carbon emissions that come from LLMs. Another key
focus should be put on developing databases, to expand them and allow for an open access to high
quality data. This development eventually allows for more innovations and interdisciplinary

collaborations.

LLMs offer great tools to use already existing information in a way that saves researchers time and
resources. Overall, the future of using LLMs in materials science doesn’t rely solely on the results we

can get, but looking at the whole process and trying to develop it to a more sustainable direction.
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