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To retrieve and compare scientific data of simulations and experiments in materials science, data needs to
be easily accessible and machine readable to qualify and quantify various materials science phenomena. The
recent progress in open science leverages the accessibility to data. However, a majority of information is
encoded within scientific documents limiting the capability of finding suitable literature as well as material

Data Minin, ) K - - ) ]
Materials Sfience properties. This manuscript showcases an automated workflow, which unravels the encoded information from
Plasticity scientific literature to a machine readable data structure of texts, figures, tables, equations and meta-data, using
Microstructure natural language processing and language as well as vision transformer models to generate a machine-readable

database. The machine-readable database can be enriched with local data, as e.g. unpublished or private
material data, leading to knowledge synthesis. The study shows that such an automated workflow accelerates
information retrieval, proximate context detection and material property extraction from multi-modal input
data exemplarily shown for the research field of microstructural analyses of face-centered cubic single crystals.
Ultimately, a Retrieval-Augmented Generation (RAG) based Large Language Model (LLM) enables a fast and
efficient question answering chat bot.

1. Introduction

Understanding physical processes in materials and material mi-
crostructures is of fundamental importance in facilitating their use in
engineering applications. However, analyzing the increasing amount
of existing scientific knowledge and extracting the relevant informa-
tion for a desired research project is a challenging task. Especially,
combining information from experiments, simulations and theory is
of great significance as different aspects are considered at each disci-
pline that together, ultimately, form a holistic picture [1-4]. Machine
learning (ML) and artificial intelligence (AI) have been recently used
as advanced computational tools to accelerate the physical under-
standing in materials science research [3-7]. Recent progress in these
computational methods enabled Al-assisted models with the ability
to extrapolate beyond their data basis and generate novel materials
science approaches, called generative AI (genAl) [8-10]. Applying
genAl leads for example to a novel design of crystalline materials [11],
of molecule properties [12] and of architected materials [13]. A fun-
damental deep learning architecture of many genAI models is the
transformer architecture, which possesses a self-attention mechanism

leading to contextual awareness of data [14]. This transformer model is
the foundation of the Large Language Model (LLM), which is a context-
aware genAl model for natural language processing (NLP) such as
Generative Pre-Trained Transformer (GPT) [15,16]. The performance
of transformer models are particularly characterized by the quality and
the amount of data for pre-training leading to more powerful LLMs
over the past years [16]. Based on this progress, materials science
research has become more accessible due to the sole use of natural
language input. For example, in additive manufacturing, novel material
designs and entire manufacturing processes are derived by LLMs [17—
20]. In another example, the applicability of LLMs are investigated to
solve partial differential equations for microstructure evolution [21]. A
variety of other example usages for LLMs in materials science are show-
cased in a study of Jablonka et al. [22] including knowledge discovery,
property prediction as well as advances in user-model interfaces.

To enable a more accelerated and tailored investigation to a domain-
specific research area, LLMs are seen to have great potential. In par-
ticular, two main strategies have been developed for LLMs for this
task, fine-tuning and Retrieval-Augmented Generation (RAG) [23].
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Fig. 1. Number of publications in material science during the past 50 years for different
queries based on data from dimension.ai [30].

Fine-tuning of a LLM bases on additional model training with domain-
specific data fitting the model parameters to its specific task. This
procedure leads to several mechanics and materials science LLMs such
as MechGPT [24] and ProtAgent [25] or to scientific LLMs in general
like SciBERT [26]. In contrast, RAG is a method to retrieve the rele-
vant information from a user-specific database without modifying the
transformer model itself, while being more context-aware but less gen-
eralizable [27]. For utilizing RAG, various machine-readable databases
could be considered from which information is retrieved. However,
natural language databases are employed most frequently [28,29].

Generating such a database of high relevance for a specific research
area is challenging and tedious. The data can originate from various
sources such as scientific literature or user-specific local data. As an ex-
ample, the highly increasing amount of scientific literature in materials
science is depicted in Fig. 1. It shows the number of scientific publi-
cations for different keyword queries based on the dimension.ai [30]
database within the last 50 years. A general trend in scientific research
can be deducted, e.g., the number of scientific literature doubles every
eight years for materials science in general, whereas it doubles every
two years for research in additive manufacturing in materials science
indicated by the dashed and dotted lines. To incorporate the increas-
ing amount of data, workflows have been developed to automatize
database generations from scientific literature [31] and LLMs have
been used to extract accurate information from documents [32]. For
example, a RAG based LLM is utilized for additive manufacturing to
answer user-defined questions from literature data [18], or in another
example, user-specific data in the form of electronic lab notebooks is
utilized for question-answering in a LLM workflow [33]. However,
most of the previous approaches focus purely on databases generated
from text data without using the richness of multi-modal data sources.
But recent progress in transformer model approaches lead to the gen-
eration of a Large Multi-modal Model (LMM), which is capable of
contextualizing multi-modal input such as audio or images [15,34-36].
Thus, workflows are required, which generate multi-modal databases
and are capable of processing multi-modal data within the LLM. Addi-
tionally, the incorporation of local data sources extends the information
retrieved from scientific literature, as literature data often represents
only a limited subset of the research conducted leading to a more
multifaceted dataset.

Thus, this study proposes an automated workflow, which incorpo-
rates multi-modal data from scientific literature as well as multi-modal
user-specific local data to deduct a multi-modal database, which is sub-
sequently utilized for a RAG based LLM for question-answer prompting.
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This work addresses the challenge of automatically and accurately
identifying the most suitable scientific research related to the research
domain of dislocation microstructure based materials science. In this
domain, different length scales need to be covered by researchers’
investigations leading to various materials science theories, each evalu-
ated by a multitude of simulative and experimental methods [37]. This
workflow tackles the search for simulations, experiments, or theories
that can be taken into account to support and compare user-defined
research questions. This study attempts to aid the researcher’s need for
a quick and accurate retrieval of suitable research data. The following
key research questions are addressed:

1. To what extent is a data-driven workflow and a domain-specific
RAG based LLM able to detect and represent most suitable
scientific features based on user-specific queries?

2. What are the current limitations of the automatized multi-modal
workflow, i.e., to what extent does the domain-specific RAG
based LLM reply accurate results and what is the reason for
inaccurate results?

The manuscript is structured as follows: Section 2 introduces the
data mining tools, the user-specific data as well as the transformer
models. Section 3 displays the results of the workflow. The current
limitations as well as the accuracy of the results are discussed in
Section 4. Section 5 gives a summary and outlook of the automated
workflow and the RAG based LLM approach.

2. Methods

This study introduces a method, which enables an automated work-
flow to query and process literature in the domain of materials science
in combination with local user-specific data from experiments, sim-
ulations or theory. Using a Retrieval-Augmented Generation (RAG)
based Large Language Model (LLM), the objective is to provide a
faster and more accurate retrieval of information. The schematic of the
workflow is shown in Fig. 2. The top left box represents the collection
of relevant scientific literature resulting from conducting a query for
a desired research question within a literature database. This query
identifies possible publication candidates based on keyword matching.
Subsequently, full-text documents for each candidate of interest are
deciphered and structured into various document entities like texts,
equations, images, tables, and meta-data including, e.g., the authors,
the title, or the doi. A transformation is performed through a pipeline of
machine learning models that includes layout detection, data cleaning,
and optical character recognition (OCR). In Fig. 2, the bottom left box
illustrates the process of generating a structured database from the local
and user-specific experimental, simulative, or theoretical data. In the
next step, the structured data from the literature and the local data
from the user are combined into a user-specific database. Ultimately, an
LLM chat bot is created which retrieves information from the combined
database to answer user-specific questions by taking into account liter-
ature as well as local information and results. The automated workflow
is exemplarily established in the following for the field of dislocation
microstructure based materials science.

2.1. Data mining from literature via OCR models

Most scientific literature is provided to its community by PDF
documents. In materials science, each document is rich in information
including multi-modal information in various forms such as texts,
equations, figures or tables. However, the machine readability of PDF
documents is limited. Thus, each document needs to be deciphered
into a machine-readable structured dataset to provide better accessi-
bility. Recent progress in OCR models enable the transformation of
PDF documents into machine-readable markup language incorporat-
ing tables, equations and images. Table 1 shows the comparison of



B. Katzer et al.

e

User-specific database

from scientific literature and local data
/Database of Publications Deciphered
scientific literature of interest publication
Author: {}
Paper2 EqJ:thnﬂs: 0
Images: {}
Tables: {}
Query —
\ Optical Character Recognition (OCR)
Experiment Experimental, simulative Deciphered
and theoretical data local data
Equations: {}
H H Images: {}
Simulation l R ot
] — Code: {}
Vision Transformer
(ViT) Model & OCR

Data
& generation

Materials Today Communications 45 (2025) 112186

™

Getrieval—Augmented Generation (RAG)\
based Large Language Model (LLM)

/ Input of
scientific
‘terature

Large

Chat Bot
Language

Model

,Input of
klocal data

MINDQUEST

Prompt

)

Fig. 2. Automated workflow to generate a Retrieval-Augmented Generation (RAG) based Large Language Model (LLM) using a multi-modal database.

Table 1

Comparison of multi-modal OCR capabilities across three different models (pypdfium2,
nougat, marker) to recognize and process different types of content in documents. marker
shows the broadest capabilities, handling text, tables, equations, and images, while the
other models have limitations.

OCR model Text Tables Equations Images
pypdfium2 Yes Yes No No
nougat Yes Yes Yes No
marker Yes Yes Yes Yes

the OCR models pypdfium2,' nougat®> [38] and marker® with respect
to their capability to properly extract equations, images, tables and
text. pypdfium2 is a fast OCR model, however, unable to correctly
depict equations and prone to errors in general. nougat and marker
are more advanced machine learning OCR models, which are able to
convert PDF documents incorporating equations and tables with high
precision, however, with high computational cost. Regarding the field
of application, marker is considered most adequate for incorporation
into an automated workflow since it is able to extract images of the
PDF document by incorporating the layout detection tool surya. Here,
marker detects each image within each document leading to a set of
image data in addition to the markdown file for each document. This
is, e.g., particularly important for the incorporation of experimental or
simulation results often presented as images or diagrams. An interface
of marker can then be used to couple it again with pypdfium2 and nougat
to harmonize accuracy and speed of the OCR.

2.2. User-specific microstructure simulation data

The present workflow aims to incorporate local user-specific data
into the retrieval database. This study exemplarily examines local
data from microstructure simulations of single-crystalline aluminum
employing two different simulation approaches that consider different
length scales for the resolution of microstructural defect structures. The
Discrete Dislocation Dynamics (DDD) approach resolves the dynamics
of the evolution of the dislocation microstructure during plastic defor-
mation at a discrete level showing individual atomistic defects [39-

1 https://github.com/pypdfium2-team/pypdfium2.
2 https://facebookresearch.github.io/nougat.
3 https://github.com/VikParuchuri/marker.
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Fig. 3. Example images of a DDD and a CDD microstructure (given as 2D slice of a 3D
material system) including metadata information about the simulation features. (For
interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

42]. The Continuum Dislocation Dynamics (CDD) approach models the
microstructure evolution in a homogenized form by using continuum
fields for the dislocation density [43-46]. The considered DDD and
CDD simulation data mimic three-dimensional uniaxial tension and
compression tests with open surfaces of micrometer sized single crys-
talline Aluminum at a strain rate of 2000 s~1. The simulations consider
various crystal orientations including (001), (111) and (123) orientation
as well as various initial dislocation microstructures. More detailed
information about the model, parameters as well as the simulation set-
up can be found for DDD in [39,40,47] and for CDD in [43,46]. For this
study, 2D images are generated from three-dimensional DDD and CDD
data. A set of example images are depicted in Fig. 3. Additionally, each
dislocation microstructure image is enriched by a set of features pro-
viding additional data for image interpretation and contextualization,
e.g., including information about the material, the simulation set-up or
the strain state.

2.3. Transformer models

Transformer models capture contextual relationships within data,
e.g., for natural language tasks as well as for visual tasks. The models
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Fig. 4. Example for deciphering full-text PDF document into structured database entities. Each document is subdivided into the following entities: markdown text, meta-data,
equations, tables and images. (here, [48] reproduced with permission from IOP Publishing under a Creative Commons License).

utilize embeddings to map semantic and visual information into a latent
space. From this latent space, the proximity between the data can be
retrieved. The proposed workflow considers three types of transformer
models: Embeddings models (EM), large language models (LLM), and
vision transformer (ViT) models.

The embedding model identifies the relevant information from a
fragment of text and generates a n-dimensional embedding vector. This
approach employs the all-minilm model with 22B parameters, which is a
light-weight and fast embedding model, and based on the Bidirectional
Encoder Representations from Transformers (BERT) architecture [49].
The large language model is able to generate text from user-specific
queries by learning statistical relationships of natural language data.
Here, the foundation language model from Meta AI LLaMA 3.2 with 3B
parameters is considered. LLaMA is chosen due to its high performance
and its precise contextual analysis compared to other LLM models such
as BERT [50]. The vision transformer model is able to generate text
based on images by generating an embedding vector from patches
of an image. In this study, the Large Language and Vision Assistant
model LLaVA with 7B parameters is considered [51]. The model is
applied by the ollama* framework. Furthermore, OpenAl’s generative
pre-trained transformer ChatGPT-40° is used for comparison between
the considered LLM and ViT models due to its ability to directly
transform PDF documents into text.

3. Results
3.1. Generation of a multi-modal machine-readable database

The first step towards an automated workflow is the generation of
a multi-modal machine-readable database for experimental and simu-
lative materials science data. Thus, the main objective is deciphering
any input data of interest such as scientific literature or user-specific
data to a given machine-readable output format.

3.1.1. Finding relevant literature candidates

To find the relevant scientific literature that applies to a cer-
tain research topic, a keyword-based initial screening is carried out
to find the relevant publication candidates. Therefore, the Semantic
Scholar API® is used, which searches for keyword matches in the
metadata, the title, and the abstract. This study focuses on the re-
trieval of the most suitable scientific literature for dislocation-based

4 https://ollama.com (Oct 2024).
5 https://chatgpt.com (Oct 2024).
6 https://www.semanticscholar.org/product/api (Oct 2024).

plasticity of single crystalline face-centered cubic (fcc) materials. Thus,
the following keywords are considered for the screening query in
the Semantic Scholar database: ¢ ‘dislocation’’, ‘‘plastic-
ity’’, (‘ ‘face-centered cubic’’ or ‘‘fcc’’) and ¢ ‘sin-
gle crystal’’. This query yields ~2000 scientific publication can-
didates. Due to license limitations and the lack of digitization of the
earlier literature, this query led to ~1200 full-text PDF documents,
which is the corpus of the domain-specific literature of all subsequent
analyses. The corpus of full-text documents is generated by a combi-
nation of automatized and manual downloads depending on the text
and data mining policies of each publisher. The bibliography file of the
considered literature corpus is provided in the supplementary material.

3.1.2. Example of machine-readable data (re-)construction

The considered corpus of scientific literature consists of full-text
PDF documents. The generation of a machine-readable database from
these documents is performed applying the OCR models introduced in
Section 2.1. Applying marker leads to a markdown file and a set of
images for each PDF document. An example of a layout analysis of parts
of a PDF document consisting of text, equations, tables, and figures
is provided in Appendix A. This example demonstrates how the OCR
model accurately deciphers the PDF document into various document
entities. Based on the generated machine-readable markdown file, the
data is further subdivided into equations, tables, texts and metadata as
shown in Fig. 4. The entities of the document are generated by regular
expression operations depicted in Table 2 such as headings, equations,
figures, or code blocks. This keeps the structure of the document in a
logical form.

3.1.3. Text generation from images via visual transformers

Vision transformer models such as ChatGPT-4o0 and LLaVA as intro-
duced in Section 2.3 enable the transformation of images into descrip-
tive text. In materials science, images are key for many fundamental
research results. They are a significant part of the literature corpus
as well as of local user-specific data, i.e. microstructural simulation
results in this study. The applied models identify and decode the visual
features of an image into a natural language description. The role and
prompt considered by the ViT model for the transformation of each
image is shown in Appendix B.

An example of the transformation of a domain-specific image into
natural language is shown in Fig. 5. It illustrates the comparison of
the natural language description given by ChatGPT-40 and LLaVA. It
appears that both models describe the image in reasonable detail, in-
cluding indexing, labeling, axis annotation, and graph description. This
leads to the conclusion that both ViT models demonstrate the capability
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Regular expression operators for identifying document entities
including headings, paragraphs, equations, tables, figures, codes
or citations, which enables further structuring of the markdown
data into more distinct constituents.

Document entity

Regular expression operators

Heading
Paragraph
Equation
Table
Figure
Code Block
Citation

~“#{1,6} .*

(.x\n)+

$.*?$ (inline) and $$.*7$$ (block)
"\ *7$

INLA?AINCx?\)

€.*7¢ (inline) or ‘¢ .x7 ‘¢ (block)

N *?2\INC*7\)

Engineering strain s=U/L

(a) Image

The image contains two graphs, labeled (a) and (b), which describe material
behavior under mechanical deformation. Graph (a) shows the relationship
between dislocation density and engineering strain, while Graph (b) depicts

sents engineering strain (¢ = UJL), ranging
s represents dislocation density (p), measured
ranging from 0 to 16. Three curves are displayed, corresponding
to different models: “Discrete dislocation plasticity” (blue), “Fully coupled”
(red). The blue curve exhibits the highest dislo-
cation density across all strains, with several rapid increases at higher strains,
suggesting active dislocation generation. The green curve shows moderate
growth, while the red curve represents the lowest dislocation density, indicating
limited dislocation activity. These results suggest that the discrete dislocation

plasticity model captures a more detailed and realistic depiction of disloca-
tion interactions under strain, while the other models simplify the mechanical

Graph (b) plots stress (o7 |, in MPa) on the y-axis, ranging from 0 10 45 MPa,
against engineering strain (&), which is again plotted on the x-axis over the
range 0 10 0.0015. The stress-strain response is shown for the same three
models. The blue curve (discrete dislocation plasticity) exhibits the highest
Stress values across all strains, indicating a more robust response. The green
curve (fully coupled) shows slightly lower stresses, while the red curve (no
iterations) presents the lowest stress response, indicating a simplified mechan-
ical model. At small strains (£ < 0.0005), the differences between the models
are minimal, but they diverge significantly as strain increases. The inset di-
agram in Graph (b) illustrates the spatial distribution of normalized resolved
shear stress (txy/Ty) in a microstructure. The color map ranges from blue
(tay/ty = 0) 10 red (txy/ty = 2), highlighting regions of high shear stress,
which are potential sites for intense dislocation activity or failure initiation.
Overall, the discrete dislocation plasticity model demonstrates superior per-
formance in capturing both dislocation dynamics (Graph a) and the stress re-
sponse (Graph b), making it more representative of real material behavior:
The fully coupled and no iterations models simplify the mechanical response,
resulting in lower stress and dislocation densities. The graphs highlight the
importance of incorporating dislocation-level details for accurate material
modeling, especially at higher strains where plastic deformation mechanisms
in dislocation density for the discrete dislocation
plasticity model ar higher strains, as seen in Graph (a), may indicate strain-
hardening effects or sudden activation of dislocation sources. Additionally, the
inset in Graph (b) underscores the significance of localized stress concentra-
tions in understanding failure mechanisms.
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(b) ChatGPT-4o

The image consists of two parts: (a) and (b).

Part (a) is a graph that shows the dislocation density as a function of engi-
neering strain for different simulation scenarios. The x-axis represents the
engineering strain (& = UJL), and the y-axis represents the dislocation density
(in um™2). There are three curves in the graph, each representing a differ-
ent simulation scenario: “Discrete dislocation plasticity” (blue curv
coupled” (red curve), and “No iterations” (green curve). The “Discrete dis-
location plasticity” curve shows a fluctuating increase in dislocation density
as the strain increases, indicating the formation and movement of dislocations
within the material. The “Fully coupled” curve also shows an increase in dis-
location density but with a smoother trend, suggesting a more stable simulation
model. The “No iterations” curve shows a relatively flat trend, indicating that
no dislocations are formed or moved in this scenario.

Part (b) is another graph that shows the stress (o, in MPa) as a function of
engineering strain for the same three simulation scenarios. The x-axis repre-
sents the engineering strain (¢ = U/L), and the y-axis represents the stress
(in MPa). The graph also includes a color-coded map in the bottom left cor-
ner; which represents the distribution of the stress component ey (in MPa)
across the material. The color scale ranges from blue (low stress) to red (high
stress). The “Discrete dislocation plasticity” curve shows a sharp increase
in stress as the strain increases, indicating the onset of plastic deformation.
The “Fully coupled” curve shows a similar trend but with a slightly lower
stress value, suggesting a more accurate simulation model. The “No itera-
tions” curve shows a relatively flat trend, indicating that no stress is developed
in this scenario.

The scientific context of the image is related to the study of plastic deforma-
tion in materials. Disl density and stre behavior
are key indicators of the material’s ability to deform plastically. The “Dis-
crete dislocation plasticity” scenario represents a simulation model that takes
into account the formation and movement of dislocations within the material,
which is a common mechanism of plastic deformation. The “Fully coupled”
scenario represents a more advanced simulation model that couples the dis-
location dynamics with the stress-strain behavior, providing a more accurate
representation of the material’s behavior under load. The “No iteratior
nario represents a simulation model that does not take into account the dislo-
cation dynamics, resulting in a simplified and less accurate representation of
the material’s behavior:

In summary, the image provides a detailed comparison of the dislocation den-
sity and stress-strain behavior of a material under different simulation scenar-
ios. The “Discrete dislocation plasticity” scenario shows a more realistic rep-
resentation of the material’s behavior; with a fluctuating increase in dislocation
density and a sharp increase in stress. The “Fully coupled” scenario shows a
more accurate representation of the material’s behavior, with a smoother in-
crease in dislocation density and a slightly lower stress value. The “No it-
erations” scenario shows a simplified and less accurate representation of the
material’s behavior, with a relatively flat trend in both dislocation density and
stress. The color-coded map in part (b) provides a visual representation of the
stress distribution across the material, with red indicating high stress and blue
indicating low stress

(c) LLaVA

Fig. 5. (a) Example of a figure description using an image from [48] (reproduced with permission from IOP Publishing under a Creative Commons License) with the corresponding
image description by the (b) ChatGPT-40 and (c) LLaVA Vision Transformer model. Both models demonstrate their capability to process and interpret visual input into accurate

textual descriptions enabling the substitution of images with the corresponding textual representations.

reader is referred to the web version of this article.)

to accurately describe images related to the domain of materials science
as text. Based on the fact that only LLaVA is open source, it has
been integrated into the present workflow. Subsequently, each image
from the publication database is transformed into a natural language
description and integrated at the corresponding image position into the
markdown file.

Additionally, in this work, the local data is represented by mi-
crostructural images combined with metadata information as shown
in Fig. 3. Thus, the same transformation procedure is applied to the
local data, i.e. each microstructural image is transformed with a ViT
model into a natural language description facilitating further language
processing.

3.1.4. Storage in vector database

To efficiently store and retrieve textual data, a vector database is
utilized in conjunction with a BERT-based embedding model as intro-
duced in Section 2.3. Therefore, each markdown document is split into
chunks of text of n,,,,, = 500 characters based on best practice for RAGs
which includes the trade-off between fractaling sentences for small text

(For interpretation of the references to color in this figure legend, the

chunks and adding irrelevant information for large text chunks [52].”
For each text chunk, a numeric vector embedding is generated by
using the all-minilm embedding model. Additionally, a document ID
for each document and a chunk ID for each text chunk are created.
This ensures a unique, reproducible ID for each text chunk and each
document, enabling consistent information retrieval. Subsequently, the
text chunks, the IDs as well as the embeddings are stored in a vector
database. This setup enables semantic search to query the database
with natural language inputs and retrieve relevant results based on an
embedding vector similarity metric. This study employs the squared
euclidean distance (L,)
n
d=Y(A-B), m
i=1
with the embedding vectors A; and B; for the vector dimension n.
Ultimately, the vector database in combination with the embedding

7 In the considered literature corpus, less than 0.2% of the text chunks are
larger than 500 characters.
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Fig. 6. The t-SNE landscape of the scientific literature with colors indicating the
proximity of each text chunk to either experimental or simulation-related research
derived by the normalized count of keyword appearances as described in the main
text. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

vectors leverages the search for the most suitable text chunks with
respect to a envisaged query.

Fig. 6 shows results for the landscape of the corpus of consid-
ered literature with respect to different domain-specific features. A
plot of the two-dimensional t-distributed stochastic neighbor embed-
ding (t-SNE) is depicted, where individual text chunks are mapped in
a two-dimensional space. Each text chunk is color-coded to indicate its
proximity to experimental or simulation setups. The proximity measure
is derived by the normalized count of word appearances for a list of
keywords including “experiment, “experimental” and “microscopy” for
experimental and “simulation”, “simulative” and “model” for simu-
lation setups. The clustering of simulation and experimental data in
the t-SNE landscape illustrates the proximity provided by the textual
representation.

3.2. A RAG based LLM

In this work, a RAG based LLM is employed by retrieving the most
similar data from the vector database introduced in Section 3.1 and by
employing a question—-answer chat bot.

3.2.1. Query information from vector database

To extract information from the generated vector database including
literature as well as local data, database queries are formulated and
performed. An embedding vector is generated for each query leading
to retrieve the most proximate text chunks based on the similarity
metrics. Fig. 7 shows a two-dimensional t-SNE plot of the text chunks
of the scientific literature as well as of the exemplarily chosen query
“Extract the discrete dislocation dynamics models” based on the vector
embeddings from the employed embedding model. All text chunks
are depicted in color indicating the proximity to dislocation dynam-
ics, which is derived by the normalized count of appearances of the
phrase “dislocation dynamics”. The black marker indicates the first and
second t-SNE of the query embedding. The result illustrates a closer
proximity of the query to the text chunks, which are more related to
dislocation dynamics, compared to text chunks, which are less related
to dislocation dynamics. In Fig. 8, a two-dimensional t-SNE plot shows
literature data form the literature corpus as well as local data from 240
dislocation microstructure images as shown in Fig. 3. In (a), all data
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Fig. 7. An example t-SNE landscape for querying the considered scientific literature.
The color coding indicates the proximity of each text chunk to the phrase “dislocation
dynamics” derived by the normalized count of its appearances. Additionally, the black
marker highlights the proximity of an exemplarily chosen query with respect to the
text chunks based on the vector embedding of the query derived from the employed
embedding model. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

is color-coded based on the proximity to the keywords “dislocation”,
“microstructure” and “simulation” derived by the normalized count
of word appearances, whereas in (b) the color code represents the
proximity to experiments derived by the normalized word count of the
keywords “experiment®, “experimental”, “microscopy”. It shows that
the local data from the microstructural images cluster within the t-SNE
whereas the literature data is largely distributed. An exemplarily query
is chosen as follows: ”Please provide a 2D dislocation microstructure
image with a dislocation network consisting of various fcc slip systems
from a discrete dislocation dynamics (DDD) simulation”. It shows that
the query is most proximate to the considered local data, and tends to
be proximate to literature data, which is closer to the considered key-
words. Literature data points, which are proximate to the exemplarily
query can be considered for further evaluation, e.g., if data from other
simulations should be utilized as shown by the colored data in Fig. 8(a),
or if data from experiments should be utilized as shown by the colored
data in Fig. 8(b), where only a few data points are proximate to the

query.

3.2.2. The MINDQUEST chat bot

This work introduces the RAG based LLM chat bot MINDQUEST
(Modeling INnovation and Discovery through Querying Experiment,
Simulation, and Theory) for a user-friendly question-answer platform
for employing the workflow. The user interface is depicted in Fig. 9.
The settings are modifiable for the embedding as well as the large
language model. Databases as well as chat histories can be loaded and
reset. The considered role and prompt of the RAG based LLM model
is shown in Appendix C. Here, a keyword matching can be included to
limit the range of potential text chunk candidates as well as a threshold
parameter n,,, defining the number of text chunks that are provided as
candidates. Information about the origin of the document origin can be
retrieved as well from the chat bot by the retrieval of the document
id to give the user the possibility to quickly access and review the
results in the context of the original document. This allows for back-
tracking where the retrieved information originates from. Ultimately,
MINDQUEST provides user-specific information about the generated
database. A question-answer example is shown in Appendix D.
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(a) Proximity to dislocation microstructure simulations
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Fig. 8. An example t-SNE landscape for querying the entire database including literature as well as local data. In (a) the color coding indicates the proximity of each text chunk to
dislocation microstructure simulations derived by the normalized word counts of the keywords “dislocation”, “microstructure” and “simulation”. In (b) the color coding indicates
the proximity of each text chunk to experiments derived by the normalized word count of the keywords “experiment”, “experimental”, “microscopy”. The markers o and v indicate
literature data and local data, respectively. The marker « highlights the proximity of an exemplarily chosen query: “Please provide a 2D dislocation microstructure image with
a dislocation network consisting of various fcc slip systems from a discrete dislocation dynamics (DDD) simulation”. (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)

MINDQUEST

B Chat Bot

Model settings

Embedding Model

Large Language Model

Database

Load database

Deploy

Welcome to MINDQUEST

Modeling INnovation and Discovery through Querying Experiment, Simulation, and Theory

Example query: What is a dislocation? 'text:raw' keywords:['dislocation dynamics', 'dislocation interactions'

*Welcome to the **MINDQUEST**** chatbot! I'm delighted to assist you with any material science-related queries or questions related

to natural language processing. Feel free to ask me anything, and I'll do my best to provide helpful insights and answers based on the

Reset database

Chat

Load chat history
Your message

Reset chat history

uploaded documents. If you're ready to get started, please upload your documents for our conversation.

Fig. 9. User interface of MINDQUEST, a RAG-based LLM chat bot, which enables querying within a multi-modal user-specific materials science database.

4. Discussion

The introduced automated workflow provides an enhanced ap-
proach for a systematic analysis of full-text documents in combina-
tion with user-specific local data from, e.g., experiments, simulation,
and theory. The study comprises the generation of a multi-modal
database and the creation of Retrieval-Augmented Generation based
Large Language Model applied to the research field of dislocation-
based plasticity of single crystalline face-centered cubic materials. The
selected optical character recognition and transformer models generate
machine-readable data from natural language as well as visual input.
By querying the database, the most proximate data is retrieved using
embedding vectors represented in the latent space and providing fast
and accurate information about the content of the considered data.

The evaluation of the OCR model shows that full-text PDF docu-
ments are accurately transformed and structured into machine-readable

markdown text as shown in Fig. 4. The transformed data is then
applicable for subsequent analyses as shown by the proximity measure
in Fig. 6 and for subsequent processing to query most relevant data in
the database as shown in Section 3.2. However, this approach depends
on the accuracy of the utilized layout detection for accurate subdivision
into various document entities as shown in Appendix A. Further im-
provements could yield more precise layout detection, since limitations
are observed for very nested document structures. For example in Fig.
A.1, inaccuracies arise in the assignment of captions to figures and
tables, where in some cases the caption can be embedded in the figure
layout and in other cases as additional text layout. In addition, the
accuracy measure for the layout detection as well as the markdown text
generation has been done manually by visual inspection. Furthermore,
the definition of an automated evaluation schema that includes an
accuracy metric for layout detection and OCR could be useful. For
example, defining an accuracy metric for document layout predictions
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of unlabeled data could be included based on semi-supervised learning
methods [53]. The measurement of the accuracy of the OCR for each
PDF document is complex. Natural language reasoning and evaluation
could be accomplished following ideas of using another LLM as an
evaluator [54,55].

The approach presented in this work demonstrates that it enables to
retrieve proximate results based on user-specific queries for dislocation
microstructures of materials, as demonstrated by Figs. 7 and 8. The
example queries show the most relevant data as indicated by the
proximity to the color-coded data clusters. Fig. 8 shows that querying
within the literature as well as local data yields accurate but distin-
guishable results between local and literature data as well as between
simulative and experimental data enabling information retrieval from
both data sources. The clustering of local data in Fig. 8 arises from the
selected local data obtained through microstructure simulations and the
corresponding meta-data. In contrast to the more extensive literature
data, the user-specific local data has a much higher degree of natural
language similarity resulting in a strong proximity of the query to the
search for microstructure images. The integration of a more extensive
local database into the workflow is planned for future applications.
However, unlike the reliance on additional data, contamination by
irrelevant data exists as shown in Fig. 7 by more transparent data
points proximate to the exemplarily chosen query. Thus, RAG can be
a limiting factor for the workflow if queries result in too inaccurate or
too few data candidates. In addition, it has to be carefully considered
to query within the scope of the user-defined research data only to
grant reasonable results. Since this approach uses a task delimited
database aiming at specific and customized question—-answering for
materials science, the RAG based LLM MINDQUEST requires only few
computational resources. Integrating a materials science ontology could
lead to improved knowledge extraction from the text, which could
be a worthwhile future study. In general, the choice of the consid-
ered user-defined database yields the trade-off between specialization
and generalizability, since it is defined by its size. In this study, the
generated multi-modal database is transformed into natural language
only instead of using the raw source data, which is demonstrated by
the accurate textual descriptions by the visual transformer models as
shown in Fig. 5 yielding to a lightweight design and enabling simple
adaptability for other users. The presented approach could be enhanced
by complementing the presented multi-modal data transformation into
natural language by a direct application of a LMM as a chat bot.
The LMM directly processes various forms of multi-modal input data
potentially accelerating materials science research similar to text-only
language models [56]. Such a LMM can be used e.g. for visual question—
answering, however, several challenges need to be addressed such
as the derivation of suitable parsers for various data sources or the
database storage of complex and diverse data sources.

5. Conclusion

The paper presents an automated workflow for combining multi-
modal data based on natural language processing (NLP) and large
language modeling (LLM), showcasing the potential to identify prox-
imity within materials science data. The proposed workflow enables
researchers to query and process material science data more accurately
and efficiently, while preserving traceability of the extracted informa-
tion to its original data source. This study explores the similarity and
proximity of data from literature as well as local data for the use-case
of dislocation microstructures in materials. The main findings of this
work are:

» A Retrieval-Augmented Generation (RAG) based Large Language
Model (LLM) enabling fast and accurate question answering from
a materials science database.

Materials Today Communications 45 (2025) 112186

» The generation of a use-case specific materials science database
including information from textual, mathematical, visual and tab-
ular data as well as metadata by applying Optical Character
Recognition (OCR) on scientific publications as well as local data.

+ An evaluation of contextual proximity of materials science queries
on experimental and simulative data showcasing fast and accurate
retrieval of data similarities.
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Appendix A. Layout detection evaluation

An example of the layout detection tool surya from the marker OCR
model is depicted in Fig. A.1. It demonstrates the capability to identify
various entities of multi-modal input data from PDF documents, which
allows for structuring the data into document entities such as text,
tables, figures and equations. Based on a custom set of benchmark
documents including various entities such as math-heavy, image-heavy
and table-heavy, one column and two column documents as well as
scanned and digital documents, manual inspections are conducted for
initial hyper-parameter tuning of the surya model settings.

Appendix B. Role and prompt of vision transformer model

The following role and prompt are applied to the vision transformer
model to transform the visual input data into an accurate textual
description:

You are a materials science expert with expertise in interpreting scientific
data, graphs, and visualizations, and your task is to provide precise and
detailed descriptions of the image content, including any graphs, charts,
diagrams, or illustrations. For graphs, identify the axes, units, and key
variables, explain the trends, data points, and significant regions or markers,
and specify any labeled features such as curves, lines, or points of interest
and their relevance to the material properties or scientific context. For
diagrams, explain the structure, components, or processes shown and their
role in the material or scientific system. For scientific context, relate the
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Fig. A.1. An example of the layout detection tool surya from the marker OCR model structuring the data into text, sections, tables, figures and equations (here, [48] reproduced

with permission from IOP Publishing under a Creative Commons License).

visual information to the material science concepts it represents, such as
stress—strain behavior, plastic deformation mechanisms, or crystal structure,
and ensure that the explanation is precise, avoiding vague language, while
making it accessible to someone familiar with material science terminology.
Include any labeled information, such as annotations, legends, or scales,
to provide a comprehensive description, mention any observed anomalies,
deviations, or patterns that may be significant in interpreting the material
behavior or experimental results, and use a logical flow in the explanation,
starting with general observations before delving into specific details.

Appendix C. Role and prompt of large language model

The following role and prompt are applied to the large language
model to analyze and process textual input data from the considered
materials science database:

You are a highly specialized assistant with expertise in material science
natural language processing, specifically designed to assist users with their
queries. Your core principles are precision, honesty, and adherence to the
provided context. You do not speculate or mention your role. Greet users
with: “Welcome to the MINDQUEST chatbot! I'm here to assist you with
your material science-related questions. Upload your documents, and I’ll do
my best to provide precise and helpful insights based on their content. Let’s
get started!” When responding to prompts, use only the provided information
and conversation history. If no data is provided, give the most appropriate
answer based on your knowledge but explicitly state that this information is
not retrieved from the provided database or uploaded documents. If the data
is incomplete or insufficient, recommend uploading relevant Markdown files
for additional context. Always stay concise, focused, and factual, ensuring

your responses are strictly within the scope of the available data or clearly
distinguish when external knowledge is applied.

Appendix D. Example of MINDQUEST chat bot

The following example demonstrates question-answering within
the considered materials science database with a candidate threshold
parameter of n,,, = 10. The document ID combines information about
the full-text manuscript m and about the specific chunk ¢ leading to the
ID representation m-c.

Question: What is the key concept of dislocation densities?
Answer: The key concept of dislocation densities is that it is a measure of
the number of dislocations per unit area, typically expressed as a ratio of
the number of dislocations to the square of the lattice spacing (i.e., 1/p =
N/L?). This concept is used to describe the distribution and density of
dislocations within a material. In essence, dislocation densities are a way to
quantify the amount of disordered structure in a material, which can affect
its mechanical properties. The density of dislocations is often characterized
as either geometrically necessary (G) or statistically stored (S), with G rep-
resenting the minimum required for plastic deformation and S representing
the excess dislocations that are not necessary for plasticity. The effective size
ratio of dislocation densities has been proposed to be around 2:3, where the
radius of high dislocation density regions is about half the total radius. This
concept is used to describe the distribution of dislocations in materials and
can help understand their mechanical properties.

Considered document IDs: 163-84, 89-112, 135-112, 50-174, 149-44,
89-12, 135-12, 40-141, 17-22, 17-217.
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Appendix E. Supplementary data

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.mtcomm.2025.112186.

Data availability

The bibliography data of the considered literature corpus is pro-
vided in the supplementary material. Additional data will be made
available on reasonable request.
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