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Abstract

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 properties. This manuscript showcases an automated workflow, which unravels the encoded
information from scientific literature to a machine readable data structure of texts, figures, tables, equations and meta-data, using
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machine-readable database can be enriched with local data, as e.g. unpublished or private material data, leading to knowledge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.

Keywords: Natural Language Processing (NLP), Large Language Model (LLM), Vision Transformer (ViT) Model, Data Mining,
Materials Science, Plasticity, Microstructure

1. Introduction

Understanding physical processes in materials and material
microstructures is of fundamental importance in facilitating
their use in engineering applications. However, analyzing the
increasing amount of existing scientific knowledge and extract-
ing the relevant information for a desired research project is a
challenging task. Especially, combining information from ex-
periments, simulations and theory is of great significance as dif-
ferent aspects are considered at each discipline that together,
ultimately, form a holistic picture [1, 2, 3, 4]. Machine learn-
ing (ML) and artificial intelligence (AI) have been recently used
as advanced computational tools to accelerate the physical un-
derstanding in materials science research [3, 5, 6, 4, 7]. Recent
progress in these computational methods enabled AI-assisted
models with the ability to extrapolate beyond their data basis
and generate novel materials science approaches, called gener-
ative AI (genAI) [8, 9, 10]. Applying genAI leads for exam-
ple to a novel design of crystalline materials [11], of molecule
properties [12] and of architected materials [13]. A funda-
mental 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
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Model (LLM), which is a context-aware genAI model for natu-
ral 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 sci-
ence research has become more accessible due to the sole use
of natural language input. For example, in additive manufactur-
ing, novel material designs and entire manufacturing processes
are derived by LLMs [17, 18, 19, 20]. In another example, the
applicability of LLMs are investigated to solve partial differen-
tial 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 dis-
covery, 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 particular, two main strategies have been de-
veloped for LLMs for this task, fine-tuning and Retrieval-
Augmented Generation (RAG) [23]. 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 relevant information from a user-specific database
without modifying the transformer model itself, while being
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Figure 1: Number of publications in material science during the past 50 years
for different queries based on data from dimension.ai [30].

more context-aware but less generalizable [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 example, the highly increasing amount of sci-
entific literature in materials science is depicted in Fig. 1. It
shows the number of scientific publications for different key-
word 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 manufactur-
ing in materials science indicated by the dashed and dotted
lines. To incorporate the increasing amount of data, work-
flows have been developed to automatize database generations
from scientific literature [31] and LLMs have been used to ex-
tract accurate information from documents [32]. For exam-
ple, a RAG based LLM is utilized for additive manufactur-
ing to answer user-defined questions from literature data [18],
or in another example, user-specific data in the form of elec-
tronic 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 gener-
ation of a Large Multi-modal Model (LMM), which is capa-
ble of contextualizing multi-modal input such as audio or im-
ages [15, 34, 35, 36]. Thus, workflows are required, which
generate multi-modal databases and are capable of processing
multi-modal data within the LLM. Additionally, the incorpo-
ration 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 in-

corporates multi-modal data from scientific literature as well
as multi-modal user-specific local data to deduct a multi-modal
database, which is subsequently utilized for a RAG based LLM
for question-answer prompting. This work addresses the chal-
lenge of automatically and accurately identifying the most suit-
able scientific research related to the research domain of dislo-
cation microstructure based materials science. In this domain,
different length scales need to be covered by researchers’ in-
vestigations leading to various materials science theories, each
evaluated by a multitude of simulative and experimental meth-
ods [37]. This workflow tackles the search for simulations, ex-
periments, or theories that can be taken into account to sup-
port 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 trans-
former 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 auto-
mated workflow to query and process literature in the do-
main of materials science in combination with local user-
specific data from experiments, simulations or theory. Using
a Retrieval-Augmented Generation (RAG) based Large Lan-
guage 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 col-
lection of relevant scientific literature resulting from conduct-
ing 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 bot-
tom left box illustrates the process of generating a structured
database from the local and user-specific experimental, simu-
lative, or theoretical data. In the next step, the structured data
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Figure 2: Automated workflow to generate a Retrieval-Augmented Generation (RAG) based Large Language Model (LLM) using a multi-modal database.

from the literature and the local data from the user are com-
bined 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 ac-
count literature as well as local information and results. The
automated workflow is exemplarily established in the follow-
ing 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 var-
ious forms such as texts, equations, figures or tables. How-
ever, the machine readability of PDF documents is limited.
Thus, each document needs to be deciphered into a machine-
readable structured dataset to provide better accessibility. Re-
cent 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 compari-
son of the OCR models pypdfium21, nougat2 [38] and marker3

with respect to their capability to properly extract equations,
images, tables and text. pypdfium2 is a fast OCR model, how-
ever, unable to correctly depict equations and prone to errors in
general. nougat and marker are more advanced machine learn-
ing OCR models, which are able to convert PDF documents in-
corporating equations and tables with high precision, however,

1https://github.com/pypdfium2-team/pypdfium2
2https://facebookresearch.github.io/nougat
3https://github.com/VikParuchuri/marker

with high computational cost. Regarding the field of applica-
tion, 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 incorpo-
ration 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 ac-
curacy and speed of the OCR.

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

2.2. User-specific microstructure simulation data
The present workflow aims to incorporate local user-specific

data into the retrieval database. This study exemplarily ex-
amines local data from microstructure simulations of single-
crystalline aluminum employing two different simulation ap-
proaches that consider different length scales for the resolu-
tion of microstructural defect structures. The Discrete Dislo-
cation Dynamics (DDD) approach resolves the dynamics of the
evolution of the dislocation microstructure during plastic de-
formation at a discrete level showing individual atomistic de-
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fects [39, 40, 41, 42]. The Continuum Dislocation Dynam-
ics (CDD) approach models the microstructure evolution in a
homogenized form by using continuum fields for the disloca-
tion density [43, 44, 45, 46]. The considered DDD and CDD
simulation data mimic three-dimensional uniaxial tension and
compression tests with open surfaces of micrometer sized sin-
gle crystalline Aluminum at a strain rate of 2000 s−1. The sim-
ulations consider various crystal orientations including ⟨001⟩,
⟨111⟩ and ⟨123⟩ orientation as well as various initial dislo-
cation 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 providing additional data for image interpre-
tation and contextualization, e.g., including information about
the material, the simulation set-up or the strain state.

Figure 3: Example images of a DDD and a CDD microstructure (given as 2D
slice of a 3D material system) including metadata information about the simu-
lation features.

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 utilize embeddings to map semantic and visual in-
formation into a latent space. From this latent space, the prox-
imity between the data can be retrieved. The proposed work-
flow considers three types of transformer models: Embeddings
models (EM), large language models (LLM), and vision trans-
former (ViT) models.

The embedding model identifies the relevant information
from a fragment of text and generates a n-dimensional embed-
ding 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 lan-
guage 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 trans-
former model is able to generate text based on images by gen-
erating 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 ollama4 framework. Furthermore, OpenAI’s generative
pre-trained transformer ChatGPT-4o5 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 gener-

ation of a multi-modal machine-readable database for experi-
mental and simulative materials science data. Thus, the main
objective is deciphering any input data of interest such as scien-
tific 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 car-
ried out to find the relevant publication candidates. There-
fore, the Semantic Scholar API6 is used, which searches
for keyword matches in the metadata, the title, and the ab-
stract. This study focuses on the retrieval of the most suit-
able scientific literature for dislocation-based plasticity of sin-
gle crystalline face-centered cubic (fcc) materials. Thus,
the following keywords are considered for the screening
query in the Semantic Scholar database: "dislocation",
"plasticity", ("face-centered cubic" or "fcc") and
"single crystal". This query yields ≈2000 scientific pub-
lication candidates. 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 combination of automatized and
manual downloads depending on the text and data mining poli-
cies 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 con-
sisting of text, equations, tables, and figures is provided in Ap-
pendix A. This example demonstrates how the OCR model ac-
curately deciphers the PDF document into various document

4https://ollama.com (Oct 2024)
5https://chatgpt.com (Oct 2024)
6https://www.semanticscholar.org/product/api (Oct 2024)
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The CPFE implementation discussed above is versatile and allows simulating both 2D and 
3D real polycrystalline structures obtained using e.g. EBSD or randomly distributed grains or 
statistically equivalent grain structures modelled using Voronoi tessellations [46, 52].

2.2. Discrete dislocation plasticity formulation

The plane strain, isotropic, quasi-static DDP formulation of Van der Giessen and Needleman 
[53] is used here. A fcc crystal structure is assumed, with the plane of the simulation 
taken perpend icular to the 101[ ] crystal direction to satisfy the plane strain constraint, 

033 13 23ε ε ε= = = . Slip planes are lines in the planar formulation, defined by the intersection 
of the slip planes with the plane of the simulation, and dislocations are confined to glide along 
those lines. The material is assumed to be initially dislocation-free; all dislocations originate 
from Frank–Read sources. The plane of the simulation is that which intersects the pure edge 
segments of the incipient loop originating from a Frank–Read source, and the screw parts of 
the loop are effectively pinned by the plane strain condition and the planar loading, as depicted 
in figure 1. In 2D, the trapped dislocation line of the Frank–Read source is perpendicular to 
the simulation plane, hence is a point, and the dislocation loop originating from the source is 
a dipole of straight line edge dislocations with Burgers vector b. The applied loading is such 
that the glide component of the Peach–Koehler force is large on the edge segments of the dis-
location loop, and small on the screw segments, hence the latter are effectively pinned and the 
loop expands via the edge segments.

Boundary conditions are satisfied using the superposition principle first employed by 
Lubarda et al [54], and Van der Giessen and Needleman [53] (see figure 2 and equation (8)). 
Displacement, stress and strain are decomposed into the infinite medium dislocation fields (˜) 
and a correction (^) that ensures the boundary conditions are satisfied; the former is obtained 
via the superposition of known analytical fields and the latter is obtained via a finite element 
solution of a problem where singularities are absent and the effect of the dislocations is medi-
ated by the corrected boundary conditions.
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Point Frank–Read sources are randomly distributed on the slip planes (lines) to a certain den-
sity. Source strengths nuc τ are taken from a normal distribution with specified mean and stand-
ard deviation; the latter captures the effect of the statistical distribution of trapped dislocation 

Table 1. CPFE material parameters used in the tension and indentation problem solved 
with the proposed coupling method.

Parameter name Symbol Unit Value

Young’s Modules E GPa 70
Poisson ratio υ — 0.33
Grain orientation φ Degrees 0
Critical resolved shear stress τc MPa 9
Zener’s factor Z — 1

Hardening parameters

HF MPa 98
HR MPa 45
Hexp — 1525
q — 1.01

Y Xu et alModelling Simul. Mater. Sci. Eng. 24 (2016) 045007
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line lengths in the material. All sources nucleate dipoles with Burgers vector b at the equilib-
rium spacing, Lnuc, given by:

L
b

2 1
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µ

π ν τ
=

− (9)

where µ is the shear modulus and ν is Poisson’s ratio, which corresponds to an exact balance 
between the resolved shear stress and the dislocation line tension. This occurs when the nucle-
ation stress nucτ  is reached and maintained for the nucleation time tnuc  ; the latter is the time 
taken for the loop to reach its unstable configuration (Benzerga [55]). This in general depends 
on the applied stress, but is relatively insensitive to stress at low stresses, hence is taken to be 
a constant 10 ns in these simulations.

The Ith dislocation glides with velocity V I  ( ) according to a linear mobility law:

V
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Figure 1. An edge dislocation dipole nucleated from a Frank–Read source in the plane 
of the simulation.

Figure 2. The linear superposition scheme.

Y Xu et alModelling Simul. Mater. Sci. Eng. 24 (2016) 045007

Table 1. CPFE material parameters used in the tension and indentation problem solved with the proposed
coupling method.
The CPFE implementation discussed above is versatile and allows simulating both 2D and 3D real polycrys-
talline structures obtained using e.g. EBSD or randomly distributed grains or statistically equivalent grain
structures modelled using Voronoi tessellations [46, 52].

2.2. Discrete dislocation plasticity formulation
The plane strain, isotropic, quasi-static DDP formulation of Van der Giessen and Needleman [53] is used here.
A fcc crystal structure is assumed, with the plane of the simulation taken perpendicular to the [101] crystal
direction to satisfy the plane strain constraint, E33 = E23 = 0. Slip planes are lines in the planar formulation,
defined by the intersection of the slip planes with the plane of the simulation, and dislocations are confined
to glide along those lines. The material is assumed to be initially dislocation-free; all dislocations originate
from Frank-Read sources. The plane of the simulation is that which intersects the pure edge segments of the
incipient loop originating from a Frank-Read source, and the screw parts of the loop are effectively pinned
by the plane strain condition and the planar loading, as depicted in figure 1. In 2D, the trapped dislocation
line of the Frank-Read source is perpendicular to
the simulation plane, hence is a point, and the dislocation loop originating from the source is a dipole of
straight line edge dislocations with Burgers vector b. The applied loading is such that the glide component
of the Peach-Koehler force is large on the edge segments of the dislocation loop, and small on the screw
segments, hence the latter are effectively pinned and the loop expands via the edge segments.
Boundary conditions are satisfied using the superposition principle first employed by Lubarda et al [54], and
Van der Giessen and Needleman [53] (see figure 2 and equation (8)). Displacement, stress and strain are
decomposed into the infinite medium dislocation fields (-) and a correction (^) that ensures the boundary
conditions are satisfied; the former is obtained via the superposition of known analytical fields and the latter
is obtained via a finite element solution of a problem where singularities are absent and the effect of the
dislocations is mediated by the corrected boundary conditions.
Point Frank-Read sources are randomly distributed on the slip planes (lines) to a certain density. Source
strengths Thic are taken from a normal distribution with specified mean and standard deviation; the latter
captures the effect of the statistical distribution of trapped dislocation
5
Figure 1. An edge dislocation dipole nucleated from a Frank-Read source in the plane of the simulation.
Figure 2. The linear superposition scheme.
line lengths in the material. All sources nucleate dipoles with Burgers vector b at the equilibrium spacing,
Lnuc, given by:
where u is the shear modulus and v is Poisson’s ratio, which corresponds to an exact balance between the
resolved shear stress and the dislocation line tension. This occurs when the nucleation stress Thuc is reached
and maintained for the nucleation time tme; the latter is the time taken for the loop to reach its unstable
configuration (Benzerga [55]). This in general depends on the applied stress, but is relatively insensitive to
stress at low stresses, hence is taken to be a constant 10 ns in these simulations.
The Ith dislocation glides with velocity V(() according to a linear mobility law:
�

1

𝑢 = 𝑢̄ + 𝑢̄𝜎 = 𝜎̄ + 𝜎̄ (8)𝜀 = ̄𝜀 + ̄𝜀𝐿nuc = 𝜇𝑏2𝜋(1 − 𝜈)𝜏nuc
(9)

𝑉 (𝐼) = 𝑓(𝐼)𝐵 (10)
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Parameter name Symbol Unit Value
Young’s Modules E GPa 70
Poisson ratio U 0.33
Grain orientation 0 Degrees 0
Critical resolved shear stress Tc MPa 9
Zener’s factor Z

HF MPa 98
HR MPa ��

Hardening parameters Hexp 1525
g 1.01
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Figure 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)

Table 2: Regular expression operators for identifying document entities in-
cluding headings, paragraphs, equations, tables, figures, codes or citations,
which enables further structuring of the markdown data into more distinct con-
stituents.

Document entity Regular expression operators
Heading ^#{1,6} .*

Paragraph (.*\n)+

Equation $.*?$ (inline) and $$.*?$$ (block)
Table ^\.*?$

Figure !\[.*?\]\(.*?\)

Code Block ‘.*?‘ (inline) or ‘‘‘.*?‘‘‘ (block)
Citation \[.*?\]\(.*?\)

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 docu-
ment are generated by regular expression operations depicted
in Tab. 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-4o and LLaVA

as introduced in Section 2.3 enable the transformation of im-
ages into descriptive 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 com-
parison of the natural language description given by ChatGPT-
4o and LLaVA. It appears that both models describe the image

in reasonable detail, including indexing, labeling, axis annota-
tion, and graph description. This leads to the conclusion that
both ViT models demonstrate the capability to accurately de-
scribe 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 im-
age 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
microstructural images combined with metadata information as
shown in Fig. 3. Thus, the same transformation procedure is ap-
plied to the local data, i.e. each microstructural image is trans-
formed 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 introduced in Section 2.3. Therefore, each markdown doc-
ument is split into chunks of text of nchunk = 500 characters
based on best practice for RAGs which includes the trade-off
between fractaling sentences for small text chunks and adding
irrelevant information for large text chunks [52]7. 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. Sub-
sequently, 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

7In the considered literature corpus, less than 0.2% of the text chunks are
larger than 500 characters.
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(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
stress versus engineering strain.
In Graph (a), the x-axis represents engineering strain (ε = U/L), ranging
from 0 to 0.0015, and the y-axis represents dislocation density (ρ), measured
in µm−2 , ranging from 0 to 16. Three curves are displayed, corresponding
to different models: “Discrete dislocation plasticity” (blue), “Fully coupled”
(green), and “No iterations” (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
response.
Graph (b) plots stress (σ11 , in MPa) on the y-axis, ranging from 0 to 45 MPa,
against engineering strain (ε), which is again plotted on the x-axis over the
range 0 to 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 (ε < 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 (τxy/τy) in a microstructure. The color map ranges from blue
(τxy/τy = 0) to red (τxy/τy = 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
dominate. Abrupt increases in dislocation density for the discrete dislocation
plasticity model at 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.

(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 (ε = U/L), and the y-axis represents the dislocation density
(in µm−2 ). There are three curves in the graph, each representing a differ-
ent simulation scenario: “Discrete dislocation plasticity” (blue curve), “Fully
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 (σ, in MPa) as a function of
engineering strain for the same three simulation scenarios. The x-axis repre-
sents the engineering strain (ε = 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 σ11 (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 mechanisms in materials. Dislocation density and stress-strain 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 iterations” sce-
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

Figure 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-4o 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.

retrieve relevant results based on an embedding vector simi-
larity metric. This study employs the squared euclidean dis-
tance (L2)

d =
n∑

i=1

(Ai − Bi)2, (1)

with the embedding vectors Ai and Bi for the vector dimen-
sion n. Ultimately, the vector database in combination with the
embedding 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 con-
sidered literature with respect to different domain-specific fea-
tures. A plot of the two-dimensional t-distributed stochastic
neighbor embedding (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
simulation setups. The clustering of simulation and experimen-
tal data in the t-SNE landscape illustrates the proximity pro-
vided 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 gener-
ated 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 lit-
erature as well as of the exemplarily chosen query ”Extract
the discrete dislocation dynamics models” based on the vec-
tor embeddings from the employed embedding model. All text
chunks are depicted in color indicating the proximity to dislo-
cation dynamics, 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 em-
bedding. The result illustrates a closer proximity of the query
to the text chunks, which are more related to dislocation dy-
namics, compared to text chunks, which are less related to dis-
location 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
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Figure 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.

Fig. 3. In (a), all data 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 “exper-
iment”, ”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 exemplar-
ily 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 liter-
ature data, which is closer to the considered keywords. Litera-
ture 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 mod-
ifiable 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
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Query: "Extract the discrete dislocation dynamics models"

     0          1           
Dislocation dynamics

Figure 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 appear-
ances. Additionally, the black marker highlights the proximity of an exemplar-
ily chosen query with respect to the text chunks based on the vector embedding
of the query derived from the employed embedding model.

shown in Appendix C. Here, a keyword matching can be in-
cluded to limit the range of potential text chunk candidates as
well as a threshold parameter nres 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. Ulti-
mately, MINDQUEST provides user-specific information about
the generated database. A question-answer example is shown
in Appendix D.

4. Discussion

The introduced automated workflow provides an enhanced
approach for a systematic analysis of full-text documents in
combination with user-specific local data from, e.g., experi-
ments, simulation, and theory. The study comprises the gen-
eration 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 op-
tical 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 re-
trieved using embedding vectors represented in the latent space
and providing fast and accurate information about the content
of the considered data.
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(a) Proximity to dislocation microstructure simulations
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(b) Proximity to experiments

Figure 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”, ”experi-
mental”, ”microscopy”. The markers ▲ and ▼ 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”.

The evaluation of the OCR model shows that full-text
PDF documents are accurately transformed and structured into
machine-readable markdown text as shown in Fig. 4. The trans-
formed data is then applicable for subsequent analyses as shown
by the proximity measure in Fig. 6 and for subsequent process-
ing to query most relevant data in the database as shown in Sec-
tion 3.2. However, this approach depends on the accuracy of
the utilized layout detection for accurate subdivision into var-
ious 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 cap-
tion 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 of unlabeled data could be included based on semi-
supervised learning methods [53]. The measurement of the ac-
curacy of the OCR for each PDF document is complex. Natural
language reasoning and evaluation could be accomplished fol-
lowing 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 demon-

strated by Fig. 7 and Fig. 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 distinguishable results
between local and literature data as well as between simula-
tive 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 microstruc-
ture 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 irrel-
evant 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 computa-
tional 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 considered user-defined database yields the trade-off be-
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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
uploaded documents. If you're ready to get started, please upload your documents for our conversation.

Your message

Deploy

MINDQUEST

 Chat Bot

Model settings

 Embedding Model

 Large Language Model

Database

Load database

Reset database

Chat

Load chat history

Reset chat history

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

tween 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 de-
scriptions by the visual transformer models as shown in Fig. 5
yielding to a lightweight design and enabling simple adaptabil-
ity for other users. The presented approach could be enhanced
by complementing the presented multi-modal data transforma-
tion 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 re-
search similar to text-only language models [56]. Such a LMM
can be used e.g. for visual question-answering, however, sev-
eral 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 proximity within materials science data. The pro-
posed workflow enables researchers to query and process ma-
terial science data more accurately and efficiently, while pre-
serving traceability of the extracted information 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 ques-
tion answering from a materials science database.

• The generation of a use-case specific materials science
database including information from textual, mathemati-
cal, visual and tabular data as well as metadata by applying

Optical Character Recognition (OCR) on scientific publi-
cations 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 var-
ious 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 trans-
former model to transform the visual input data into an accurate
textual description:
You are a materials science expert with expertise in interpreting sci-
entific 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 sig-
nificant 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 sci-
entific system. For scientific context, relate the visual information to
the material science concepts it represents, such as stress-strain be-
havior, plastic deformation mechanisms, or crystal structure, and en-
sure that the explanation is precise, avoiding vague language, while
making it accessible to someone familiar with material science ter-
minology. Include any labeled information, such as annotations, leg-
ends, 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 be-
fore delving into specific details.

Appendix C. Role and prompt of large language model

The following role and prompt are applied to the large lan-
guage model to analyze and process textual input data from the

considered materials science database:
You are a highly specialized assistant with expertise in material sci-
ence 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 re-
sponding to prompts, use only the provided information and conversa-
tion 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 candi-
date threshold parameter of nres = 10. The document ID com-
bines information about the full-text manuscript m and about
the specific chunk c 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 mea-
sure of the number of dislocations per unit area, typically expressed as
a ratio of the number of dislocations to the square of the lattice spac-
ing (i.e., 1/ρ = N/L2). 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 neces-
sary (G) or statistically stored (S), with G representing the minimum
required for plastic deformation and S representing the excess dislo-
cations 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 ma-
terials 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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Combining simulation and experimental data via surrogate modelling of
continuum dislocation dynamics simulations, Modelling and Simulation
in Materials Science and Engineering 32 (5) (2024) 055026. doi:10.

1088/1361-651x/ad4b4c.
[47] B. Katzer, K. Zoller, J. Bermuth, D. Weygand, K. Schulz, Character-

ization of lomer junctions based on the lomer arm length distribution
in dislocation networks, Scripta Materialia 226 (2023) 115232. doi:

10.1016/j.scriptamat.2022.115232.
[48] Y. Xu, D. S. Balint, D. Dini, A method of coupling discrete dislocation

plasticity to the crystal plasticity finite element method, Modelling and
Simulation in Materials Science and Engineering 24 (4) (2016) 045007.
doi:10.1088/0965-0393/24/4/045007.

[49] W. Wang, F. Wei, L. Dong, H. Bao, N. Yang, M. Zhou, Minilm: Deep self-
attention distillation for task-agnostic compression of pre-trained trans-
formers (2020). doi:10.48550/ARXIV.2002.10957.

[50] H. Touvron, T. Lavril, G. Izacard, X. Martinet, M.-A. Lachaux,
T. Lacroix, B. Rozière, N. Goyal, E. Hambro, F. Azhar, A. Rodriguez,
A. Joulin, E. Grave, G. Lample, Llama: Open and efficient foundation
language models (2023). doi:10.48550/ARXIV.2302.13971.

[51] H. Liu, C. Li, Q. Wu, Y. J. Lee, Visual instruction tuning (2023). doi:

10.48550/ARXIV.2304.08485.
[52] X. Wang, Z. Wang, X. Gao, F. Zhang, Y. Wu, Z. Xu, T. Shi, Z. Wang,

S. Li, Q. Qian, R. Yin, C. Lv, X. Zheng, X. Huang, Searching for
best practices in retrieval-augmented generation, in: Proceedings of the
2024 Conference on Empirical Methods in Natural Language Process-
ing, Association for Computational Linguistics, 2024, pp. 17716–17736.
doi:10.18653/v1/2024.emnlp-main.981.

[53] A. Banerjee, S. Biswas, J. Lladós, U. Pal, Semidocseg: harnessing semi-
supervised learning for document layout analysis, International Journal
on Document Analysis and Recognition (IJDAR) 27 (3) (2024) 317–334.
doi:10.1007/s10032-024-00473-y.

12

https://doi.org/10.1021/acs.jcim.3c01702
https://doi.org/10.1021/acs.jcim.3c01702
https://doi.org/10.34133/energymatadv.0026
https://doi.org/10.34133/energymatadv.0026
https://doi.org/10.1016/j.mtcomm.2024.109583
https://doi.org/10.1039/d3dd00113j
https://doi.org/10.1016/j.aichem.2024.100076
https://doi.org/10.1115/1.4063843
https://doi.org/10.1115/1.4063843
https://doi.org/10.1039/d4dd00013g
https://doi.org/10.1039/d4dd00013g
https://doi.org/10.18653/v1/d19-1371
https://doi.org/10.48550/ARXIV.2005.11401
https://doi.org/10.1080/27660400.2024.2356506
https://doi.org/10.1038/s41524-024-01423-2
https://doi.org/10.1038/s41524-024-01423-2
https://app.dimensions.ai/discover/publication
https://doi.org/10.1038/s41524-023-01171-9
https://doi.org/10.1038/s41524-023-01171-9
https://doi.org/10.1038/s41467-024-45914-8
https://doi.org/10.1038/s41467-024-45914-8
https://doi.org/10.1016/j.mtcomm.2024.109801
https://doi.org/10.1088/2632-2153/ad7228
https://doi.org/10.1002/adfm.202409531
https://doi.org/10.48550/ARXIV.2311.12668
https://doi.org/10.48550/ARXIV.2311.12668
https://doi.org/10.1146/annurev-matsci-091819-015500
https://doi.org/10.1146/annurev-matsci-091819-015500
https://doi.org/10.48550/ARXIV.2308.13418
https://doi.org/10.48550/ARXIV.2308.13418
https://doi.org/10.1016/s0921-5093(00)01632-4
https://doi.org/10.1016/s0921-5093(00)01632-4
https://doi.org/10.1016/j.jmps.2022.105042
https://doi.org/10.1016/j.ijplas.2023.103771
https://doi.org/10.1016/j.ijplas.2023.103771
https://doi.org/10.1016/j.scriptamat.2023.115841
https://doi.org/10.1016/j.scriptamat.2023.115841
https://doi.org/10.1016/j.ijplas.2019.05.003
https://doi.org/10.1088/1361-651x/ab97ef
https://doi.org/10.5802/crphys.55
https://doi.org/10.1088/1361-651x/ad4b4c
https://doi.org/10.1088/1361-651x/ad4b4c
https://doi.org/10.1016/j.scriptamat.2022.115232
https://doi.org/10.1016/j.scriptamat.2022.115232
https://doi.org/10.1088/0965-0393/24/4/045007
https://doi.org/10.48550/ARXIV.2002.10957
https://doi.org/10.48550/ARXIV.2302.13971
https://doi.org/10.48550/ARXIV.2304.08485
https://doi.org/10.48550/ARXIV.2304.08485
https://doi.org/10.18653/v1/2024.emnlp-main.981
https://doi.org/10.1007/s10032-024-00473-y


[54] T. Kocmi, C. Federmann, Large language models are state-of-the-art
evaluators of translation quality (2023). doi:10.48550/ARXIV.2302.

14520.
[55] J. Wang, Y. Liang, F. Meng, Z. Sun, H. Shi, Z. Li, J. Xu, J. Qu, J. Zhou,

Is chatgpt a good nlg evaluator? a preliminary study (2023). doi:10.

48550/ARXIV.2303.04048.
[56] J. Choi, B. Lee, Accelerating materials language processing with large

language models, Communications Materials 5 (1) (Feb. 2024). doi:

10.1038/s43246-024-00449-9.

13

https://doi.org/10.48550/ARXIV.2302.14520
https://doi.org/10.48550/ARXIV.2302.14520
https://doi.org/10.48550/ARXIV.2303.04048
https://doi.org/10.48550/ARXIV.2303.04048
https://doi.org/10.1038/s43246-024-00449-9
https://doi.org/10.1038/s43246-024-00449-9

	Introduction
	Methods
	Data mining from literature via OCR models
	User-specific microstructure simulation data
	Transformer models

	Results
	Generation of a multi-modal machine-readable database
	Finding relevant literature candidates
	Example of machine-readable data (re-)construction
	Text generation from images via visual transformers
	Storage in vector database

	A RAG based LLM
	Query information from vector database
	The MINDQUEST chat bot


	Discussion
	Conclusion
	Layout detection evaluation
	Role and prompt of vision transformer model
	Role and prompt of large language model
	Example of MINDQUEST chat bot

