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ABSTRACT

Biofabrication is the process of creating biological structures, such as tissues or
scaffolds, using living cells and biomaterials. In the laboratory, these processes are
described in protocols that provide step-by-step instructions for preparing materials,
handling cells, and setting fabrication parameters. These protocols are critical for
reproducibility. However, they are usually written in free-form natural language,
making them difficult to standardize, compare, or use within computational sys-
tems. While formal protocol languages and ontology-based frameworks have been
proposed, their adoption remains limited due to the manual effort required to convert
existing procedural text into structured formats. Machine-readable protocol formats
refer to representations that computational models, digital tools, or automated lab-
oratory systems can directly interpret. As experiments become more complex, the
lack of structured and machine-readable protocol formats limits automation and
scalability. Manually converting existing textual protocols into structured formats
is time-consuming and does not scale to large collections of documents.

This thesis addresses this challenge by developing an end-to-end framework for
large-scale data collection, normalization, and model adaptation. A large corpus
of biofabrication protocols is collected from heterogeneous public sources, including
scientific articles indexed in databases such as PubMed and open online protocol
repositories such as Protocol.io. These documents are processed through a normal-
ization pipeline that restructures unstructured procedural text into explicitly or-
dered steps. The pipeline includes automated extraction of action verbs and experi-
mental parameters, step segmentation, terminology standardization, and structured
formatting. To support large-scale processing, the Gemini Application Program-
ming Interface (API) is used to assist in semantic parsing and action normalization
across heterogeneous protocol sources. The processed dataset is used to fine-tune a
transformer-based large language model Large Language Model Meta AI (LLaMA)-
3.1-8B-Instruct using Quantized Low-Rank Adaptation (QLoRA). The objective is
to adapt the model to the biofabrication domain to generate structured, consistent,
and both human- and machine-readable biofabrication protocols. The fine-tuning
process focuses on teaching the model to reproduce explicit step structures, stan-
dardized terminology, and accurate experimental parameters (e.g., temperature)
within procedural descriptions. Experimental results show that combining domain-
specific preprocessing with model fine-tuning improves the clarity, consistency, and
structural quality of generated protocols. The proposed framework contributes to-
ward scalable digital documentation of laboratory procedures and represents a step
toward integrating intelligent language models with automated and semi-automated
laboratory systems.
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Chapter 1

INTRODUCTION

Biofabrication is a rapidly developing field of experimental science that involves
complex laboratory procedures to create tissues, scaffolds, and engineered biologi-
cal constructs through the controlled combination of cells, biomaterials, and fabri-
cation technologies [1,2]. Reproducibility has become one of the central challenges
in modern experimental science, particularly in domains that rely on complex lab-
oratory procedures. Biofabrication is one such domain, focused on the creation
of tissues, scaffolds, and engineered biological constructs using cells, biomaterials,
and controlled fabrication processes [1, 2]. As biofabrication techniques become
more sophisticated, the protocols describing these procedures play an increas-
ingly important role in ensuring that experiments can be understood, repeated,
and validated. Despite their importance, these protocols are typically written in
unstructured natural language, which makes them difficult to interpret consis-
tently and even harder to reproduce or automate [1, 2]. The field has expanded
rapidly over the past decade, with advances in bioprinting, scaffold engineering,
and tissue fabrication contributing to increasingly intricate experimental work-
flows. Foundational assessments of the field have emphasized the rapid growth of
new technologies and the need for clearer terminology and methodological consis-
tency [1,2]. As methods evolve, the protocols supporting them have grown longer,
more detailed, and increasingly sensitive to procedural accuracy.

Biofabrication relies fundamentally on laboratory protocols and procedural
descriptions that guide researchers through material preparation, cell handling,
equipment operation, and fabrication steps [1, 2]. These documents serve as the
basis for experimental reproducibility, enabling one laboratory to reproduce an-
other’s work under comparable conditions [3]. However, protocols written in
free-form natural language vary substantially in structure, level of detail, and
terminology, often leading to ambiguity [4]. Minor differences in phrasing can re-
sult in significant variations in experimental outcomes [3]. Missing temperatures,
unclear instructions such as unspecified incubation durations, or inconsistent ma-
terial descriptions challenge even experienced practitioners and render compu-
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tational interpretation nearly impossible [5, 6]. As biofabrication becomes more
closely integrated with automation and data-driven methodologies, the limitations
of unstructured protocols become increasingly restrictive [4, 7].

To mitigate these challenges, researchers have proposed structured represen-
tations of laboratory procedures. One of the earliest and most influential efforts
in this direction is BioCoder, a domain-specific programming language designed
to express biological workflows in a standardized, computationally interpretable
format [8]. BioCoder demonstrated that complex experimental procedures could
be formalized using constructs similar to those found in programming languages,
thereby enhancing clarity, reproducibility, and the potential for automation. More
recent work has examined the need for unified, machine-readable formats, such
as open protocol representations intended to support consistent documentation
and computational interoperability [4]. Despite their promise, these approaches
are not widely adopted because converting the large number of existing natural-
language protocols into structured forms requires significant manual effort.

In parallel, rapid advances in Artificial Intelligence (AI) have introduced new
opportunities to address these issues, in particular, thanks to Large Language
Models (LLMs). LLMs are deep neural network models based on the transformer
architecture, trained on large-scale text corpora to capture linguistic patterns and
generate coherent natural language [9].By learning contextual representations of
language from vast amounts of data, these models have significantly advanced
a wide range of natural language processing tasks, including text understanding,
generation, and reasoning [10–12]. Recent studies also highlight the growing role of
large language models in biomedical research, where they are increasingly used for
literature analysis, biological reasoning, and experimental knowledge extraction
[13,14].

Alongside these general-purpose models, a growing number of scientific and
biomedical LLMs have been developed to better capture domain-specific termi-
nology and knowledge. Scientific language models are LLMs typically trained
or further adapted using specialized scientific corpora, enabling improved perfor-
mance in technical domains and tasks requiring scientific reasoning.Their ability to
interpret and generate complex procedural text suggests a promising direction for
addressing challenges in interpreting and generating laboratory protocols [15–17].

Although these developments highlight the potential of language models for
scientific applications, their use in biofabrication remains limited [7, 18]. Re-
cent research has begun exploring the use of large language models for protocol
generation, experimental planning, and automated laboratory workflows [19, 20].
Existing models are not trained to understand the procedural logic of laboratory
workflows, nor are they designed to generate the precise, unambiguous instructions
required for reproducible experiments [5, 6]. Furthermore, the absence of large,
domain-specific datasets prevents LLMs from learning the structured patterns
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common in biofabrication, such as hydrogel formulation, cell seeding strategies,
or multi-step bioprinting operations [7]. The gap between unstructured protocol
text and the need for structured, reproducible procedures presents a clear and
compelling research opportunity.

The work presented in this thesis addresses this opportunity by focusing on
the lack of standardized, machine-readable, and reproducible representations for
biofabrication protocols. This challenge is practically relevant because biofabrica-
tion experiments rely heavily on procedural accuracy, and the ability to formalize
protocols is essential for supporting reproducibility, automation, and scalability
in experimental design. The core contribution of this thesis is the development
of a framework that integrates large-scale protocol collection, a comprehensive
normalization pipeline, and the adaptation of transformer-based language models
for structured protocol generation. The methodology includes gathering tens of
thousands of protocols from scientific repositories, converting them into consistent
formats, and adapting a transformer-based LLM through parameter-efficient fine-
tuning (e.g., QLoRA) [21] to generate clear and unambiguous procedural steps.
The approach is grounded in literature analysis, computational modeling, and
empirical evaluation.

This manuscript is organized as follows. Chapter 2 provides background on
biofabrication, biological protocols, and transformer-based language models, and
reviews related scientific work. Chapter 3 presents the methods used in this re-
search, including dataset collection, normalization pipelines, model design, and
training procedures. Chapter 4 reports the results obtained from the fine-tuned
models and evaluates their performance across quantitative and qualitative crite-
ria. Chapter 5 discusses the implications of these results, their relevance within
the broader scientific context, and the limitations of the current approach. Chap-
ter 6 concludes the thesis by summarizing the contributions and suggesting future
directions, particularly in relation to automated laboratory execution and intelli-
gent protocol design.
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Chapter 2

BACKGROUND AND
RELATED WORK

This chapter provides the scientific and technical background necessary to under-
stand the contributions of this thesis. It first introduces the field of biofabrication
and the role of experimental protocols in documenting complex laboratory work-
flows. The chapter then reviews existing approaches for representing biological
procedures in structured and machine-readable formats. Finally, it presents recent
advances in transformer-based natural language processing and large language
models, with a particular focus on their application to scientific text and experi-
mental protocols. Together, these topics provide the conceptual and technological
context for the work presented in this thesis.

2.1 Biofabrication and Experimental Protocols
Biofabrication has emerged as a rapidly evolving research field that integrates
biological systems, biomaterials, and engineering approaches to create functional
three-dimensional biological constructs. The term biofabrication broadly refers
to the automated generation of biologically functional products using living cells,
biomaterials, and bioactive molecules [1, 2]. These constructs are widely studied
in areas such as regenerative medicine, drug testing, and tissue engineering where
engineered tissues can be used to replace damaged biological structures or serve as
in vitro experimental models. As fabrication technologies have advanced, exper-
imental workflows have become increasingly complex, often involving multistep
laboratory procedures that combine cell preparation, biomaterial processing, and
controlled fabrication processes [1].

The concept of biofabrication has evolved significantly over the past two decades
as advances in biomaterials, cell engineering, and additive manufacturing tech-
nologies have converged. Early tissue engineering approaches primarily relied on
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scaffold-based strategies in which cells were seeded onto pre-fabricated bioma-
terial structures. However, the emergence of additive manufacturing techniques
enabled the direct spatial organization of living cells and biomaterials during
fabrication, allowing researchers to design complex biological architectures with
greater precision [22, 23]. These developments transformed biofabrication from
a largely experimental laboratory technique into a multidisciplinary engineering
field combining principles from biology, materials science, mechanical engineering,
and computer-aided manufacturing [1, 2].

Biofabrication workflows typically involve multiple interconnected stages that
extend beyond the fabrication step itself. A typical pipeline includes the prepara-
tion of cells and biomaterials, the formulation of bioinks, the fabrication process
itself (for example through bioprinting or microfabrication), and post-fabrication
maturation processes such as cell culture, differentiation, and biochemical con-
ditioning [2]. Each of these stages may involve several experimental parameters
including reagent concentrations, temperature conditions, incubation times, and
mechanical properties of the materials used. As a result, experimental protocols
in this domain often contain a high density of procedural information that must
be carefully documented to ensure reproducibility.

Beyond tissue engineering, biofabrication technologies have found applications
in a wide range of biomedical and research contexts. Engineered tissues are in-
creasingly used as in vitro models for drug screening, disease modeling, and per-
sonalized medicine, where patient-derived cells can be used to reproduce specific
pathological conditions [23]. Organ-on-chip systems further integrate microfluidic
technologies with engineered tissues to simulate physiological environments and
improve the predictive power of laboratory models. These developments high-
light the importance of reproducible experimental workflows, since even small
variations in protocol execution may significantly affect experimental outcomes.

Biofabrication encompasses a range of advanced manufacturing approaches
for organizing cells and biomaterials in three-dimensional space. Among the most
widely studied methods are extrusion-based, inkjet, and laser-assisted bioprint-
ing, which enable controlled spatial deposition and the fabrication of tissue-like
constructs with tailored material and cellular properties [22,23]. These techniques
have made biofabrication an important enabling technology for engineered tissues
and advanced in vitro biomedical models.

The terminology, scope, and methodologies of biofabrication have continually
evolved, reflecting rapid technological development and the emergence of advanced
fabrication strategies such as extrusion-based bioprinting, light-assisted fabrica-
tion, and scaffold-free cell assembly [2]. These technologies enable increasingly
precise spatial control over biological materials, allowing the creation of complex
tissue architectures. Despite this technological progress, the documentation of
experimental workflows has not evolved at the same pace, leaving a gap between
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advanced fabrication capabilities and standardized procedural representation.
A central characteristic of biofabrication is its strong dependence on proce-

dural accuracy. Experimental workflows typically involve multi-step laboratory
operations, including material preparation, cell handling, bioprinting parameters,
and post-fabrication culture conditions. These steps are documented through lab-
oratory protocols, which provide textual descriptions of how to execute each phase
of the experiment. Protocols play a fundamental role in ensuring reproducibility,
allowing different laboratories to repeat procedures under comparable conditions
and obtain reliable results [3]. Reproducibility has been widely recognized as a ma-
jor challenge in modern experimental science, particularly in fields where complex
procedures must be reproduced across laboratories and experimental settings.

In addition to protocols described in traditional scientific publications, a grow-
ing number of experimental procedures are shared through online protocol reposi-
tories and collaborative platforms. Resources such as protocols.io [24], OpenWet-
Ware [25] host large collections of laboratory procedures covering a wide range of
biological and biomedical experiments. These platforms facilitate knowledge shar-
ing within the scientific community but also highlight the diversity and variability
of protocol descriptions. While such repositories increase accessibility to experi-
mental methods, they also amplify the challenges associated with standardizing
and computationally interpreting natural-language protocols.

From a computational perspective, experimental protocols can be viewed as
procedural texts that describe sequences of actions applied to physical materi-
als under specific conditions. Similar to instructions in manufacturing processes
or software workflows, laboratory protocols encode ordered operations, condi-
tional steps, and parameter specifications. However, unlike formal programming
languages, natural-language protocols often rely on implicit knowledge, domain-
specific terminology, and contextual assumptions that are difficult to interpret
automatically. For example, instructions such as “incubate briefly” or “wash
thoroughly” may be meaningful for experienced researchers but remain ambigu-
ous when interpreted computationally.

These characteristics make protocol understanding a challenging problem for
automated systems. The interpretation of laboratory instructions requires iden-
tifying actions, materials, quantities, temporal constraints, and dependencies be-
tween steps. In many cases, the logical structure of the experiment must also be
inferred, including loops, parallel operations, and conditional branches. Conse-
quently, the transformation of natural-language protocols into structured proce-
dural representations represents an important research problem at the intersection
of computational biology and natural language processing.

However, protocols written in natural language often vary significantly in
structure, level of detail, terminology, and completeness. Such variability can
introduce ambiguity and lead to inconsistent outcomes across laboratories. Miss-
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ing parameters, unclear instructions, or inconsistent terminology can affect exper-
imental reliability and make computational interpretation extremely difficult [5,6].
As fabrication processes become more automated and technically complex, the
need for clearer terminology, standardized documentation, and explicit procedural
descriptions becomes increasingly important for the maturation of the biofabrica-
tion field [1, 2].

2.2 Structured Biological Protocols and Com-
putational Representations

To address the limitations of free-text protocols, researchers have explored struc-
tured and machine-readable representations of biological procedures. Structured
formats aim to formalize experimental workflows using standardized syntax, con-
trolled vocabularies, and computationally interpretable descriptions. These rep-
resentations make it possible to capture not only the sequence of experimental
actions but also the associated parameters, dependencies, and conditions that
define laboratory workflows.

One of the earliest examples is BioCoder, a domain-specific language designed
to represent experimental workflows using explicit procedural operations and pa-
rameters [8]. BioCoder demonstrated that complex biological procedures can be
formalized using constructs similar to those found in programming languages,
improving clarity, reproducibility, and the potential for integration with labora-
tory automation systems. By explicitly defining actions such as reagent addition,
incubation, and measurement operations, BioCoder illustrates how biological ex-
periments can be expressed as structured computational workflows.

More recent work has extended these ideas toward more interoperable proto-
col representations. The Protocol Activity Markup Language (PAML) was in-
troduced as an ontology-based framework for representing biological protocols
and their execution records in a machine-readable form [4]. PAML builds on
concepts from Unified Modeling Language (UML) activity diagrams, Autoproto-
col, and Synthetic Biology Open Language (SBOL) Resource Description Frame-
work (RDF) to describe protocol steps, control flow, data dependencies, and meta-
data in a unified format. Other efforts have proposed script-based protocol for-
mats designed to facilitate laboratory automation and reproducible experimental
workflows [26]. By defining a representation that bridges human-readable docu-
mentation and machine-executable instructions, such frameworks aim to improve
reproducibility and interoperability across laboratories and automation environ-
ments.

Despite these advances, most structured protocol frameworks require protocols
to be manually translated from natural-language descriptions into formal repre-
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sentations [4,8]. Natural language processing research has also investigated struc-
tured representations of scientific procedures, for example through process-level
annotation frameworks that capture actions, materials, and dependencies within
experimental protocols [27]. Given the large number of experimental protocols
available in scientific literature and online repositories, this manual conversion
process limits scalability. Consequently, the main bottleneck is not the lack of
representational frameworks but the absence of computational tools capable of
automatically interpreting and structuring natural-language protocols [5, 6].

2.3 Transformer Models and Large Language Mod-
els for Scientific Procedures

Recent advances in natural language processing have introduced new opportu-
nities for addressing this challenge. The transformer architecture introduced by
Vaswani et al. [9] reshaped the landscape of Natural Language Processing (NLP)
by replacing recurrent architectures with an attention-based mechanism capable
of modeling long-range dependencies in text.

The transformer architecture relies on a self-attention mechanism that allows
each token in a sequence to attend to every other token in the input. This mech-
anism enables the model to capture long-range dependencies and contextual rela-
tionships more effectively than earlier recurrent or convolutional neural network
architectures. In practice, a transformer model consists of stacked layers of multi-
head self-attention modules followed by position-wise feedforward networks, al-
lowing the model to learn hierarchical linguistic representations [9]. Positional
encoding is used to preserve information about token order, ensuring that sequen-
tial relationships can still be modeled despite the parallel processing of tokens.

Another key characteristic of modern language models is the pretraining paradigm.
Most large language models are first trained on large-scale text corpora using
self-supervised learning objectives such as next-token prediction. This pretrain-
ing phase allows the model to acquire general linguistic knowledge and broad
world knowledge before being adapted to downstream tasks. After pretraining,
models can be further specialized using fine-tuning techniques on domain-specific
datasets. This two-stage training strategy has proven highly effective for trans-
ferring general language understanding to specialized domains such as biomedical
text processing.

One of the key advantages of transformer architectures is their ability to scale
effectively with increasing model size and training data. Scaling laws observed in
large language models indicate that model performance improves predictably as
the number of parameters, training tokens, and computational resources increase
[28, 29]. This property has enabled the development of models with billions of
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parameters capable of capturing complex linguistic patterns and domain-specific
knowledge. As a consequence, large language models have become powerful tools
not only for general language tasks but also for specialized scientific applications.

Transformer architectures form the foundation of modern LLMs. Early models
such as Bidirectional Encoder Representations from Transformers (BERT) intro-
duced deep bidirectional representations that significantly improved contextual
language understanding across a wide range of tasks [10]. Autoregressive mod-
els such as Generative Pre-trained Transformer (GPT)-3 later demonstrated that
large-scale pretraining on extensive text corpora enables strong generative capabil-
ities, allowing models to perform tasks such as summarization, question answering,
and instruction following with minimal supervision [11]. Open foundation models
such as LLaMA further expanded access to transformer-based architectures by
demonstrating that high-quality language models can be trained efficiently using
curated datasets and parameter-efficient techniques [12].

More recently, instruction tuning and parameter-efficient fine-tuning tech-
niques have been introduced to adapt large language models to specific tasks
without retraining the entire model. Methods such as Low-Rank Adaptation
(LoRA) [30] enable efficient training by introducing small trainable parameter
matrices while keeping the original pretrained weights frozen. This approach sig-
nificantly reduces computational requirements while still allowing models to learn
task-specific behaviors. Such techniques have become widely used in scientific
and domain-specific applications where training datasets are limited but domain
adaptation is required.

Alongside general-purpose models, a growing number of domain-adapted sci-
entific language models have been developed to capture specialized terminology
and knowledge present in scientific literature. BioGPT, for example, was trained
on biomedical corpora and demonstrated strong performance on tasks such as
biomedical relation extraction and terminology understanding [16]. Galactica ex-
tended this idea by training on a large scientific corpus containing articles, text-
books, molecular data, and mathematical expressions, enabling models to store
and synthesize scientific knowledge across disciplines [17]. Surveys of scientific
LLMs highlight the rapid development of such models and their increasing role
in supporting scientific reasoning and information extraction [18]. More recent
surveys further emphasize the growing role of large language models in scientific
discovery, highlighting their use in literature synthesis, experimental reasoning,
and knowledge extraction across multiple scientific disciplines [31].

Scientific language models differ from general-purpose language models in
several important ways. Scientific texts often contain specialized terminology,
structured argumentation, numerical information, and domain-specific symbols
that are less common in general language corpora. As a result, models trained
on general web-scale datasets may struggle to interpret scientific concepts accu-
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rately. Domain-adapted models address this limitation by incorporating curated
scientific corpora during training, allowing the models to better capture domain-
specific semantics and relationships between scientific entities. Recent reviews
further emphasize the transformative role of LLMs across multiple life-science do-
mains, including genomics, proteomics, and drug discovery [32]. Similarly, recent
studies highlight the growing opportunities for large language models in biomed-
ical research, where they are increasingly used to analyze scientific literature and
support knowledge discovery from complex biological data [33].

In the biomedical domain in particular, language models have been used for
tasks such as named entity recognition, relation extraction, protein interaction
prediction, and literature summarization. These applications demonstrate that
language models can assist researchers in navigating the rapidly expanding vol-
ume of scientific publications. However, procedural understanding remains sig-
nificantly more challenging than information extraction tasks, since it requires
reasoning over ordered sequences of experimental actions and their dependencies.
Early research in natural language processing has also investigated the automatic
extraction of procedural information from wet-laboratory protocols. For example,
Kulkarni et al. proposed methods for identifying experimental actions, reagents,
and parameters from biological protocol text using machine learning and lin-
guistic analysis [34]. Their work demonstrated that laboratory protocols can be
interpreted as structured sequences of experimental operations, highlighting the
feasibility of transforming natural-language procedures into computational repre-
sentations. These early studies provide an important foundation for later work
applying large language models to protocol understanding and generation.

Building on these capabilities, large language models are increasingly being
explored as tools to support broader scientific discovery and research workflows.
Beyond traditional natural language processing tasks, large language models are
increasingly being explored as tools to support scientific discovery and research
workflows. Recent studies have investigated their potential for tasks such as lit-
erature analysis, hypothesis generation, experimental planning, and knowledge
extraction from scientific documents [18, 35]. In domains such as biology and
chemistry, language models can assist researchers by synthesizing large volumes
of scientific information and identifying relationships between experimental pro-
cedures, materials, and outcomes.

These capabilities have motivated the application of language models to pro-
cedural scientific text. Recent systems explore the use of LLMs to interpret and
structure laboratory protocols. ProtoCode converts natural-language Polymerase
Chain Reaction (PCR) protocols into structured operational instructions compat-
ible with laboratory devices [20]. ProtoMed-LLM proposes evaluation methods
for protocol formulation tasks using pseudocode representations and automated
model assessment [36]. Similarly, BioPlanner introduces a dataset of biological
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protocols paired with pseudocode representations and evaluates models on proce-
dural planning tasks [19]. Also, another research investigates end-to-end systems
where LLM agents assist in experimental design and scientific workflow automa-
tion [37].

Benchmark datasets further highlight the challenges of protocol understand-
ing. BioLP-bench evaluates whether language models can detect failure-inducing
modifications in biological workflows [5], while BioProBench provides a multi-task
benchmark covering protocol question answering, step ordering, error correction,
and procedural reasoning [6]. These studies demonstrate that although modern
language models show promising capabilities, they still struggle with hierarchical
procedural reasoning, step dependencies, and safety-critical details.

In parallel, research has begun exploring the integration of language models
with automated laboratory systems. For example, Inagaki et al. showed that large
language models can translate natural-language experiment descriptions into ex-
ecutable scripts for liquid-handling robots [38]. Similar approaches have been
explored in chemistry through robotic platforms capable of executing complex ex-
perimental workflows guided by language models [39]. These developments point
toward a broader role for LLMs in connecting natural-language scientific instruc-
tions with automated laboratory systems. More recently, LLM-based agents have
been proposed to support biomedical research workflows by coordinating rea-
soning, data analysis, and experimental planning tasks within complex scientific
pipelines [40].

The integration of language models with laboratory automation systems rep-
resents an emerging research direction in computational biology and experimental
automation. These developments are also part of a broader movement toward in-
tegrating artificial intelligence, agent-based systems, and automated laboratory
platforms to accelerate scientific discovery and experimental workflows [41]. By
translating natural-language experiment descriptions into machine-executable in-
structions, language models may serve as an interface between human researchers
and robotic laboratory platforms. Such systems could enable semi-automated ex-
perimental design, protocol verification, and automated execution of laboratory
workflows. While these approaches remain in early stages of development, they il-
lustrate how advances in natural language processing may fundamentally reshape
the way experimental procedures are documented, shared, and executed.

2.4 Literature Gaps and Positioning of This The-
sis

Although substantial progress has been made in biofabrication technologies, struc-
tured protocol representations, and scientific language models, several important
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gaps remain. Biofabrication literature highlights the rapid growth of fabrica-
tion techniques and experimental complexity [1, 2], yet most protocols remain
documented as unstructured natural-language text. This limits reproducibility,
automation, and computational analysis of experimental workflows. Reviews of
computational methods in biofabrication further highlight the lack of standard-
ized procedural datasets and the need for frameworks that integrate protocols
with modeling, simulation, and optimization tools [7, 42].

Several research efforts have therefore attempted to address this problem by
introducing structured representations of laboratory protocols. Structured proto-
col frameworks such as BioCoder and PAML demonstrate that biological work-
flows can be formalized using machine-readable representations. However, these
approaches typically require manual protocol encoding and therefore cannot eas-
ily scale to large collections of experimental documents. Recent LLM-based ap-
proaches show promise in interpreting procedural text, but they remain limited by
the scarcity of domain-specific datasets and by difficulties in reasoning over com-
plex multi-step workflows. Consequently, there is a clear need for scalable methods
that can transform domain-specific experimental protocols into structured repre-
sentations suitable for computational analysis and language model training.

In light of these challenges, this thesis is positioned at the intersection of bio-
fabrication, NLP, and scientific automation. The work addresses the lack of scal-
able tools for transforming unstructured biofabrication protocols into structured,
machine-readable representations.

Specifically, this thesis makes three main contributions:

1. the construction of a large-scale dataset of biofabrication protocols collected
from heterogeneous scientific sources;

2. the development of a normalization pipeline that transforms unstructured
procedural text into structured representations;

3. the adaptation and evaluation of transformer-based language models for
generating structured biofabrication protocols.

Together, these contributions aim to support reproducible documentation and
computational analysis of biofabrication workflows.
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Chapter 3

METHODS

3.1 Methodological Overview

This work proposes a pipeline for transforming heterogeneous biofabrication pro-
tocols into structured representations for training large language models for pro-
tocol generation tasks. In addition to constructing a structured dataset, the pro-
posed methodology also includes the fine-tuning and evaluation of a large language
model capable of generating biofabrication protocols based on the extracted pro-
cedural structure. The methodology integrates multiple components, including
data acquisition, protocol normalization, action extraction, dataset construction,
model fine-tuning and validation.

The methodology is implemented through the following stages:

1. Collection of protocol-related documents

2. Raw Protocol Extraction

3. Construction of a laboratory action library

4. Transformation of protocols into a structured dataset

5. Fine-tuning of a large language model

Figure 3.1 illustrates the overall system architecture.
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Figure 3.1: Overview of the proposed processing pipeline for biofabrication proto-
col generation. The process begins with the collection of experimental protocols
from multiple scientific repositories such as protocols.io, OpenWetWare, PubMed,
and OpenAlex. These heterogeneous documents are first gathered in their raw for-
mat and then processed using Gemini to transform the protocols into a normalized
and structured representation. During this stage, an action library is also con-
structed to capture the standardized laboratory operations used across protocols.
The resulting structured protocols are then organized into training, validation,
and test datasets. Finally, the dataset is used to fine-tune a LLaMA 3.1 8B model
using the QLoRA method, and the performance of the trained model is evaluated
using multiple quantitative metrics.

Each stage of the pipeline is described in detail in the following sections.

3.2 Collection of Protocol-Related Documents

3.2.1 Data Sources, Search Query and Retriveal Proce-
dure

Protocol-related documents were collected from four publicly available scientific
resources frequently used to publish experimental methods:

• Protocols.io [24]
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• OpenWetWare [25]

• OpenAlex [43]

• PubMed [44]

These platforms differ in the type of information they provide. Protocols.io [24]
and OpenWetWare [25] are repositories specifically designed for sharing experi-
mental protocols and laboratory workflows, often containing step-by-step proce-
dural descriptions written by researchers. In contrast, PubMed [44] and Ope-
nAlex [43] are large scientific literature databases that index peer-reviewed pub-
lications and associated metadata. While PubMed provides access to biomedical
abstracts and links to full articles, OpenAlex offers structured metadata for schol-
arly publications and can be queried programmatically through an open API.

Because of these differences, the data extraction process varied across sources.
Protocols.io [24] and OpenWetWare [25] were primarily used to retrieve detailed
experimental protocols, which were obtained either through available APIs or
through web scraping when programmatic interfaces were not available. PubMed
[44] and OpenAlex [43] were instead used to identify scientific publications related
to biofabrication and tissue engineering. From these sources, relevant documents
and associated metadata were retrieved using their respective APIs.

To avoid redundancy in the collected dataset, duplicate entries were removed
during the preprocessing stage. Duplicates were identified by comparing document
titles, identifiers (such as DOIs), and textual similarity between retrieved protocol
descriptions.

To retrieve relevant documents from these sources, keyword-based queries were
used through the available APIs or web interfaces. The search query combined
domain-specific terms related to biofabrication and tissue engineering with pro-
cedural keywords that typically indicate experimental protocols.

QUERY = (
Tissue engineering OR Biofabrication OR Regenerative medicine OR
Bioprinting OR Cell culture OR Biomedical engineering OR Biomaterials OR
3D bioprinting OR 4D bioprinting OR Organ-on-a-chip OR Stem cell

technology OR
Synthetic biology OR Developmental biology OR Morphogenesis OR

Ontogenesis OR
Organoid fabrication OR Differentiation OR Directed development OR
Transdifferentiation OR Spheroid Fabrication OR Scaffold Fabrication OR
Microphysiological system fabrication
) AND (Protocol OR blueprint OR process OR steps OR workflow)

To ensure consistency across data sources, the same logical query structure was
used for all repositories. The query combines domain-specific keywords related
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to biofabrication and tissue engineering with procedural terms that indicate the
presence of experimental protocols.

Although the exact syntax required small adjustments depending on the spe-
cific API or search interface, the logical structure of the query remained the same
for all sources. This approach ensured that the retrieved documents consistently
contained both domain-related terminology and references to experimental pro-
cedures across the different repositories.

Documents returned by these searches were downloaded using APIs when
available or through controlled web scraping procedures. Each retrieved doc-
ument was stored as a JavaScript Object Notation (JSON) file containing the
available metadata and textual content.

3.3 Raw Protocol Extraction
The downloaded documents contain heterogeneous information depending on the
source platform. To standardize the dataset, a preprocessing stage was imple-
mented to extract relevant protocol information.

During this stage, the following fields were extracted when available:

• Protocol identifier: an alphanumeric identifier assigned to each protocol
entry in the source repository. These identifiers are unique within each indi-
vidual repository, although different repositories may use different identifier
formats and rules. Therefore, the combination of the repository source and
the identifier is used to uniquely reference each collected protocol in the
dataset.

• Title: a short textual description summarizing the protocol objective or
experimental procedure.

• Description: an introductory section providing contextual information
about the protocol, including its purpose or experimental background.

• Protocol steps: the ordered list of experimental steps describing the pro-
cedure to be performed.

• Full text content: the complete textual content of the protocol document,
including descriptions, notes, and procedural instructions.

If a structured step list was available, it was used directly. Otherwise, the full
protocol text was used as the raw procedural description.

The result of this stage is a collection of normalized raw protocol entries.
Example of a raw protocol entry extracted from the dataset:
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....

....
"Documents": null,

"Steps": [
{

"Step Number": "1",
"Step Text": "Grind frozen plant material (100mg) in liquid

Nitrogen",
"Tables": []

},
{

"Step Number": "2",
"Step Text": "In a 2 ml tube, add 800 uL of 1,5x CTAB and 1

ul of Beta-mercaptoethanol to the ground leaf material
Incubate 1 hour at 60-65 degrees (C)",

"Tables": []
},
{

"Step Number": "3",
"Step Text": "Cool at Room Temp Add 1 volume of

Chloroform/Isoamylalkohol(24:1) mixture Mix on overhead
shaker for 10 minutes Centrifuge at 3000 rmp for 25
minutes",

"Tables": []
},
{

"Step Number": "4",
"Step Text": "Transfer supernatant to a new tube Use wide

pipette tips (cut point of tips if needed)",
"Tables": []

},
....
....

Figure 3.2 illustrates the complete data construction pipeline.
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Figure 3.2: Data construction pipeline used to collect and preprocess protocol
documents from multiple scientific repositories.

3.4 Construction of a Laboratory Action Library
A key component of the system is the creation of a library of laboratory actions
that represent common operations performed in biological protocols.

To construct this library, the extracted raw protocol data was analyzed using
the Gemini API. The raw protocol texts were provided to Gemini with prompts
designed to identify recurring laboratory actions appearing in experimental pro-
cedures.

Since the initial list contained redundant or overly specific actions, a second
filtering stage was performed. Gemini was again used to detect duplicated actions,
merge semantically equivalent actions, and remove actions that were too specific
to particular protocols. This library represents the standardized set of laboratory
actions used throughout the dataset.

The functions in the action library also provide a partial implementation of
how laboratory actions are normalized and represented. Each function defines a
standardized interface for a specific experimental action (e.g., incubation, mixing,
centrifugation) together with its possible parameters.

These implementations include conditional logic that converts heterogeneous
textual descriptions into consistent procedural statements. For example, numer-
ical values may be automatically converted into standardized units, optional pa-
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rameters may be included when available, and descriptive text is generated to
produce a uniform representation of the experimental step.

This standardization is important for the subsequent stages of the pipeline,
as it ensures that different protocol descriptions referring to the same laboratory
action are represented in a consistent format. As a result, the extracted steps
can be reliably used to construct the structured protocol dataset and to train the
language model.

Example entries from the action library:

....

....
def incubate(self,

duration: Union[str, int, float],
temperature: Optional[Union[str, int, float]] = None,
item: Optional[str] = None,
method: Optional[str] = None,
shaking_rpm: Optional[Union[int, str]] = None,
purpose: Optional[str] = None,
agitation: Optional[bool] = None, # Alias for shaking
comment: Optional[str] = None) -> None:

"""
Incubates samples or items under specified conditions. Can also

be used for thawing or baking.

Args:
duration: The duration of incubation (e.g., "30 minutes",

2.5, "overnight", "4 hours", "until thawed").
temperature: The temperature for incubation (e.g., "room

temperature", 37, "4degreeC", "150degreeC", "ambient",
"on ice").

item: The item being incubated (optional, e.g., "cells",
"slide", "mix", "brain tissue", "plasmid", "plate",
"agarose gel", "virus vial").

method: The incubation method (optional, e.g., "on
thermocycler", "in oven", "shaker", "hotplate", "thermal
cycling", "on rotator", "water bath").

shaking_rpm: Optional shaking speed in RPM if applicable.
Defaults to None.

purpose: The reason for incubation (e.g., "thawing",
"baking", "growth", "polymerization", "for lysis",
"enzymatic digestion"). Defaults to None.

agitation: Whether to agitate during incubation
(True/False). Overrides ‘shaking_rpm‘ if True and
‘shaking_rpm‘ is None. Defaults to None.
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comment: Additional comments or context. Defaults to None.
"""
duration_str = str(duration)
if isinstance(duration, (int, float)):

# Heuristic for duration unit based on magnitude.
if duration >= 10: # Assume minutes or hours if large, but

prioritize minutes for typical lab incubations
duration_str = "{duration}

minutes".format(duration=duration)
elif duration >= 1: # Assume minutes if moderate

duration_str = "{duration}
minutes".format(duration=duration)

else: # Assume seconds if small float
duration_str = "{duration:.0f}

seconds".format(duration=duration * 60)

temp_str = str(temperature)
if isinstance(temperature, (int, float)):

temp_str =
"{temperature}degreeC".format(temperature=temperature)

description_parts = ["Incubating"]
if item:

description_parts.append(item)
if purpose:

description_parts.append("for
{purpose}".format(purpose=purpose))

description_parts.append("for
{duration_str}".format(duration_str=duration_str))

if temperature is not None:
description_parts.append("at

{temp_str}".format(temp_str=temp_str))
if method:

description_parts.append("using
{method}".format(method=method))

if shaking_rpm is not None:
description_parts.append("with shaking at {shaking_rpm}

rpm".format(shaking_rpm=shaking_rpm))
elif agitation: # Fallback for boolean agitation

description_parts.append("with agitation")
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if comment:
description_parts.append("({comment})".format(comment=comment))

self._log_action(" ".join(description_parts).strip() + ".")
....
....

In total, the action library contains 213 functions covering common laboratory
procedures such as incubation, mixing, centrifugation, washing, and measurement.

3.5 Transformation of Protocols into a Struc-
tured Dataset

3.5.1 Structured Protocol Generation
Once the action library was created, the raw protocol dataset was processed again
using the Gemini API.

For each protocol entry, Gemini was prompted to transform the raw text into
a structured format consisting of:

• Protocol prompt: the textual instruction provided to the language model,
describing the objective of the protocol to be generated.

• Protocol title: a short phrase summarizing the purpose or name of the
experimental procedure.

• Protocol description: a brief explanatory text providing context about
the experimental goal, materials, or biological process involved.

• Structured procedural steps: an ordered sequence of experimental ac-
tions representing the protocol workflow, where each step is expressed using
standardized actions defined in the action library.

Each step in the resulting protocol consists of an action selected from the
predefined action library along with its associated parameters.

Example of a structured protocol representation:
{"question": "Please create a protocol in order to extract DNA from

ethanol-preserved zooplankton samples using phenol-chloroform
extraction.",

"answer": "
# Title: DNA Extraction from Ethanol Zooplankton Samples -

Phenol-Chloroform
\n# Description: This protocol outlines the steps for extracting

genomic DNA from zooplankton samples preserved in ethanol,
utilizing the phenol-chloroform method.
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\n#Steps:
\n#1 add_reagent(reagent_name=’lysozyme’, volume=’100 uL’, stock=’125

mg in 1000 ul 1 x TE’)
\n#2 add_reagent(reagent_name=’RNase A’, volume=’20 uL’, stock=’10

ug/ml’)
\n#3 incubate(temperature=’37degreeC’, time=’1h’, shaking=’true’)
\n#4 add_reagent(reagent_name=’Proteinase K’, volume=’100 uL’)
\n#5 add_reagent(reagent_name=’SDS’, volume=’100 uL’,

concentration=’20%’)
\n#6 incubate(temperature=’55degreeC’, time=’1-2h’, shaking=’true’)
\n#7 add_reagent(reagent_name=’sucrose lysis buffer (SLB)’,

volume=’1mL’)
\n#8 add_reagent(reagent_name=’Phenol:Chloroform:IAA (25:24:1)’,

volume=’3mL’, pH=’8.0’)
\n#9 mix_and_transfer_reagents(mix_method=’invert’,

inversion_count=’10s’)
\n#10 centrifuge(speed=’2500 g’, time=’6 min’)
\n#11 transfer_item(item_name=’aqueous layer’, destination=’new 15 ml

falcon tube’)
\n#12 add_reagent(reagent_name=’Chloroform:IAA (24:1)’, volume=’3mL’)
\n#13 mix_and_transfer_reagents(mix_method=’invert’,

inversion_count=’10s’)
\n#14 centrifuge(speed=’2500 g’, time=’6 min’)
\n#15 transfer_item(item_name=’aqueous layer’, destination=’Amicon

Ultra centrifuge tube’)
\n#16 add_reagent(reagent_name=’1 x TE buffer’, volume=’1-2mL’)
\n#17 centrifuge(speed=’3500 g’, time=’10-15 min’)
\n#18 add_reagent(reagent_name=’TE buffer’, volume=’2 mL’)
\n#19 centrifuge(speed=’3500 g’, time=’6 min’)
\n#20 remove_item(item_name=’filtrate’)
\n#21 add_reagent(reagent_name=’1xTE’, volume=’50 uL’)
\n#22 transfer_item(item_name=’sample in Amicon’, destination=’1.5 mL

Eppendorf tube’)
\n#23 aliquot_and_store(sample_volume=’50 uL’,

storage_temperature=’-20degreeC’, storage_type=’working stock’)
\n#24 store_item(storage_temperature=’-80degreeC’,

storage_type=’long-term stock’)
\n#25 input_analysis_details()
\n#26 aliquot_and_store(sample_volume=’25 uL’,

target_concentration=’2.5 ng/uL’, purpose=’PCR stock’)
\n#27 store_item(storage_temperature=’-20degreeC’, storage_type=’DNA

stock’)
\n#28 weigh_and_transfer_reagent(reagent_name=’Sucrose Lysis Buffer

(SLB)’, volume=’1800 uL’)
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\n#29 add_reagent(reagent_name=’homogenized zooplankton sample’,
volume=’100 uL’)

\n#30 add_powder_to_liquid(powder=’Stainless Steel UFO Beads’,
quantity=’3’, size=’3.5 mm’)

\n#31 add_powder_to_liquid(powder=’Stainless Steel Beads’,
quantity=’30’, size=’0.9 - 2.0 mm blend’)

\n#32 sonicate_cells(duration=’10 min’)
\n#33 aliquot_and_store(sample_volume=’50 uL’,

storage_temperature=’-20degreeC’, storage_type=’working stock’)
\n#34 store_item(storage_temperature=’-80degreeC’,

storage_type=’long-term stock’)
\n#35 input_analysis_details()
\n#36 aliquot_and_store(sample_volume=’25 uL’,

target_concentration=’2.5 ng/uL’, purpose=’PCR stock’)
\n#37 store_item(storage_temperature=’-20degreeC’, storage_type=’DNA

stock’)",
"source":

"/root/biofabrication-data-collector/protocols/protocol-io/protocols_versions_json/100959-v0.json"}
{"question": "Please create a protocol in order to synthesize mRNA and

purify it.",
"answer":
"# Title: mRNA Synthesis and Purification Protocol
\n# Description: This protocol outlines the steps for synthesizing mRNA

using the HiScribe T7 mRNA Kit with CleanCap Reagent AG, followed
by purification using the Monarch RNA Cleanup Kit.

\n# Steps:
\n#1 add_reagents_to_tubes(reagents=’Reaction Buffer, NTPs, CleanCap

Reagent AG, Template DNA’, volumes=’12 uL each’, conditions=’room
temperature, thaw, mix, microfuge’)

\n#2 incubate(temperature=’37 degreeC’, duration=’2 hours’)
\n#3 add_reagent(reagent=’DNase I’, volume=’2 uL’)
\n#4 incubate(temperature=’37 degreeC’, duration=’15 minutes’)
\n#5 dilute_solution(solution=’reaction mixture’,

diluent=’nuclease-free water’, final_volume=’50 uL’)
\n#6 add_reagents_to_tubes(reagents=’Cleanup Binding Buffer’,

volume=’100 uL’)
\n#7 add_reagent(reagent=’ethanol (>= 95%)’, volume=’150 uL’)
\n#8 centrifuge(duration=’1 minute’)
\n#9 wash_samples(wash_buffer=’Cleanup Wash Buffer’, volume=’500 uL’)
\n#10 centrifuge(duration=’1 minute’)
\n#11 wash_samples(wash_buffer=’Cleanup Wash Buffer’, volume=’500 uL’)
\n#12 centrifuge(duration=’1 minute’)
\n#13 elute(eluent=’nuclease-free water’, volume=’20 uL’)",
"source":
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"/root/biofabrication-data-collector/protocols/protocol-io/protocols_versions_json/100962-v0.json"}

The structured protocols were then stored in an JSON Lines (JSONL) dataset
where each line corresponds to a single protocol entry.

Figure 3.3 shows an example of the transformation from raw protocol text to
structured protocol representation.

Figure 3.3: Example of a protocol representation before and after the normal-
ization process. The left side shows the original raw protocol format containing
unstructured metadata and step descriptions, while the right side illustrates the
structured protocol representation generated through the NLP-based normaliza-
tion process and the action library.

3.5.2 Dataset Preparation
The resulting dataset was divided into three subsets used for model training and
evaluation:

• Training set (70%)

• Validation set (20%)

• Test set (10%)

Each dataset entry is constructed as an instruction-response pair. The in-
struction corresponds to the textual description of the protocol, which acts as the
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input prompt for the model. The response contains the structured procedural
representation of the protocol.

In this representation, laboratory steps are expressed using the standardized
functions defined in the action library. These functions serve as a gold standard
representation of laboratory actions, ensuring that each experimental step is de-
scribed using a consistent set of operations and parameters.

Each dataset entry is constructed as an instruction-response pair. The in-
struction corresponds to the textual description of the protocol, which acts as the
input prompt for the model, while the response contains the structured proce-
dural representation of the protocol. In this representation, laboratory steps are
expressed using the standardized functions defined in the action library. These
functions provide a consistent representation of laboratory actions and therefore
act as a reference structure for the correct procedural output. During training, the
model learns to map natural language protocol descriptions to their corresponding
sequence of standardized laboratory actions.

3.5.3 Tokenization and Context Length Analysis

Before training the language model, the dataset was tokenized to analyze the
length distribution of protocol entries.

Token statistics were computed for each protocol in the dataset to analyze the
distribution of sequence lengths and determine an appropriate maximum context
length for the language model during training. The distribution of token counts
was visualized using a histogram, which allowed analysis of the typical protocol
length within the dataset.

Figure 3.4 shows the token length distribution across the dataset.
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Figure 3.4: Token length distribution of protocols in the training dataset after
tokenization. The histogram illustrates the frequency of protocols across different
token length ranges. Most protocols are relatively short, resulting in a strong
concentration in the lower token ranges. The dashed vertical lines represent the
context length thresholds tested during model configuration (2048 and 4096 to-
kens). These thresholds indicate the maximum sequence lengths considered during
training and are shown as reference markers rather than observed data points.

The token length distribution analysis shows that most protocols are relatively
short. The dataset contains 84,873 samples with an average length of 379 tokens
and a median length of 248 tokens. Furthermore, 90% of protocols contain fewer
than 566 tokens and 95% contain fewer than 865 tokens. Only a small fraction of
samples exceed the tested context thresholds: 1.33% of protocols are longer than
2048 tokens and 0.50% exceed 4096 tokens.

These statistics confirm that a context length of 2048 tokens is sufficient to
capture the full content of the vast majority of protocols while keeping computa-
tional requirements manageable during training.

Based on this analysis, a context length of 2048 tokens was selected for model
training. This value covers the majority of protocol examples while maintaining
efficient training performance.
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3.6 Fine-Tuning of a Large Language Model
The final stage of the pipeline consists of fine-tuning a large language model on
the constructed dataset.

Figure 3.5 illustrates the fine-tuning workflow.

Figure 3.5: Overview of the model fine-tuning and evaluation pipeline. The pro-
cess begins with the structured protocol dataset, which is divided into training
and validation subsets used during the fine-tuning stage. The model is based
on LLaMA 3.1 8B Instruct, where the transformer blocks remain frozen and
parameter-efficient adaptation is performed using the QLoRA approach. During
training, low-rank adaptation matrices are introduced to update the model behav-
ior while keeping the original pretrained weights fixed. After the fine-tuning stage,
the resulting model is evaluated using the held-out test dataset. The generated
protocols are then compared with reference protocols using multiple evaluation
metrics to produce the final performance results.

Large language models have recently demonstrated strong performance in
tasks that require structured text generation and reasoning over procedural de-
scriptions. In particular, instruction-tuned models are well suited for tasks where
the input describes an objective and the output consists of a structured response.
Since the dataset constructed in this work follows an instruction-response format,
fine-tuning an instruction-following language model provides a natural framework
for learning structured protocol generation.
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The model used in this work is LLaMA 3.1 8B Instruct, a decoder-only
transformer-based language model developed by Meta [45]. The model contains
approximately eight billion parameters and is optimized for instruction-following
tasks through supervised fine-tuning. Compared to larger models, the 8B config-
uration provides a favorable balance between model capability and computational
requirements, which makes it suitable for experimentation and parameter-efficient
fine-tuning approaches.

3.6.1 Language Modeling Objective

The fine-tuning process follows the standard autoregressive language modeling
objective used for decoder-only transformer models. Given a sequence of tokens
x = (x1, x2, ..., xT ), the model estimates the probability of each token conditioned
on the tokens that precede it:

P (x) =
T∏︂

t=1
P (xt|x<t) (3.1)

where x<t denotes the sequence of tokens preceding position t. During training,
the model parameters are optimized by minimizing the negative log-likelihood loss:

L = −
T∑︂

t=1
log P (xt|x<t) (3.2)

This objective encourages the model to assign high probability to the correct
next token in the training sequence.

In the instruction fine-tuning setting used in this work, each example consists
of an instruction sequence I and a response sequence R. During training, the
model receives the instruction and the previous response tokens as context and
is trained to predict the next token of the ground-truth response. The objective
therefore becomes:

L = −
|R|∑︂
t=1

log P (rt|I, r<t) (3.3)

where rt denotes the the t-th token of the reference response. Minimizing this
loss encourages the model to assign high probability to the correct tokens of the
structured protocol given the input instruction.

This training strategy corresponds to the standard teacher-forcing paradigm
commonly used for training autoregressive language models [46].
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Figure 3.6: Autoregressive training process used during instruction fine-tuning.
The model receives the instruction and previous response tokens as context and
is trained to predict the next token of the reference response.

3.6.2 Parameter-Efficient Fine-Tuning with QLoRA
To efficiently fine-tune the model on the protocol dataset, the QLoRA [21]tech-
nique was used. QLoRA is a parameter-efficient fine-tuning method that combines
low-rank adaptation (LoRA) [30] with model quantization.

In LoRA, instead of updating the full pretrained weight matrix W ∈ Rd×k,
the weight update is approximated using two low-rank matrices:

∆W = BA (3.4)

where

B ∈ Rd×r, A ∈ Rr×k
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and r is the rank of the low-rank adaptation with r ≪ min(d, k).
The adapted weight matrix becomes:

W ′ = W + BA (3.5)

During training, only the matrices A and B are updated while the original
pretrained weights W remain frozen. This significantly reduces the number of
trainable parameters.

The low-rank matrices A and B are initialized at the beginning of training
rather than computed from a decomposition of W . Typically, A is initialized
with small random values while B is initialized to zero. This initialization ensures
that the initial weight update ∆W = BA is close to zero, so the model initially
behaves like the original pretrained model. During fine-tuning, the matrices A
and B are optimized through gradient descent while the pretrained weights W
remain frozen.

This approach significantly reduces the number of trainable parameters while
preserving most of the representational capacity of the original model.

QLoRA [21] further improves memory efficiency by quantizing the base model
weights into 4-bit representations,following the configuration proposed in the orig-
inal QLoRA framework which employs NormalFloat4 (NF4) quantization, while
keeping the LoRA [21] adapter parameters in higher precision during training.
This allows large models such as LLaMA 3.1 8B to be fine-tuned on limited GPU
resources while maintaining competitive performance.

3.6.3 Training Configuration
The main training configuration used in this work includes:

Parameter Value
Model LLaMA 3.1 8B Instruct
Fine-tuning method QLoRA
Batch size 2
Maximum sequence length 2048 tokens
Training epochs 20
Optimizer AdamW optimizer

Table 3.1: Training configuration used for model fine-tuning.

Early stopping was applied during training to reduce the risk of overfitting.
The stopping criterion was based on the validation loss computed during periodic
evaluations on the validation dataset. Validation was performed every 500 train-
ing iterations, resulting in periodic validation evaluations throughout the training
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process. The patience parameter was set to five evaluations. Therefore, if the val-
idation loss did not decrease for five consecutive validation evaluations (i.e., 2500
training iterations), the training process was automatically terminated. In other
words, the training continued only while improvements in validation performance
were observed. The model parameters corresponding to the best validation loss
were retained as the final trained model.

The sequence length of 2048 tokens was selected based on the token length
analysis described in the previous section. Early stopping was applied to prevent
overfitting during training.

3.6.4 Training Metrics and Monitoring
During training, multiple metrics were monitored to evaluate model performance.
The primary training objective was the language modeling loss defined in Equa-
tion (3). In addition to the loss value, several auxiliary metrics were tracked
during training and evaluation.

Mean Token Accuracy

The mean token accuracy measures the proportion of tokens predicted correctly
by the model:

Accuracy = Number of correctly predicted tokens
Total number of tokens (3.6)

Prediction Entropy

Entropy measures the uncertainty of the probability distribution predicted by
the model over the vocabulary. For a probability distribution p(x) over possible
tokens, the entropy is defined as:

H(p) = −
V∑︂

i=1
p(xi) log p(xi) (3.7)

where V is the size of the vocabulary and p(xi) is the probability assigned by
the model to token xi.

Higher entropy indicates that the probability mass is distributed across many
possible tokens, reflecting greater uncertainty in the model predictions. Con-
versely, lower entropy indicates that the model assigns higher probability to a
small number of tokens, corresponding to more confident predictions.

During training, both training loss and validation loss were monitored in order
to track the learning dynamics of the model and detect potential overfitting.
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3.6.5 Evaluation Metrics
Evaluation metrics were computed after model training to assess the quality of the
generated outputs on the validation and test datasets. These metrics are distinct
from the training metrics described in the previous section, which were used to
monitor the optimization process during fine-tuning.

Since protocol generation involves both natural language generation and struc-
tured procedural correctness, multiple complementary metrics were used to eval-
uate lexical similarity, semantic similarity, structural correctness, and generation
diversity.

All metrics were computed by comparing the generated sequence G with the
corresponding reference sequence R.

N-gram Based Metrics

N-gram based metrics measure lexical similarity between generated and reference
sequences. An n-gram is a contiguous sequence of n tokens extracted from a text.
For example, in the sequence “cell culture medium”, the bigrams (2-grams) are
“cell culture” and “culture medium”. These metrics evaluate how many such token
sequences overlap between the generated output and the reference sequence.

BLEU

Bilingual Evaluation Understudy (BLEU) measures the precision of n-gram
overlaps between the generated sequence and the reference sequence:

BLEU = BP · exp
(︄

N∑︂
n=1

wn log pn

)︄
(3.8)

where:

• pn is the modified precision of n-grams of length n

• wn is the weight associated with each n-gram order

• BP is the brevity penalty used to penalize overly short generated sequences

• N is the maximum n-gram order considered

In this work, BLEU-4 was used, meaning that n-grams up to length n = 4
were considered.
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ROUGE-L

Recall-Oriented Understudy for Gisting Evaluation (ROUGE)-L evaluates sim-
ilarity based on the longest common subsequence (LCS) between the generated
sequence G and the reference sequence R.

RLCS = LCS(G, R)
|R|

(3.9)

PLCS = LCS(G, R)
|G|

(3.10)

F1 = (1 + β2)PLCSRLCS

RLCS + β2PLCS

(3.11)

where:

• LCS(G, R) is the length of the longest common subsequence between G and
R

• |G| is the length of the generated sequence

• |R| is the length of the reference sequence

Semantic Similarity Metrics

Lexical overlap metrics may fail to capture semantic similarity when the same
procedure is expressed using different wording. Therefore, semantic similarity
metrics were also used.

BERTScore

BERTScore evaluates similarity using contextual embeddings produced by a
pretrained transformer model.

Given token embeddings xi from the generated sequence and yj from the ref-
erence sequence, their similarity is computed using cosine similarity:

s(xi, yj) = xi · yj

∥xi∥∥yj∥
(3.12)

where:

• xi is the embedding vector of the i-th token in the generated sequence

• yj is the embedding vector of the j-th token in the reference sequence
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• ∥ · ∥ denotes the Euclidean norm

Precision, recall, and F1 are then computed using these similarity scores across
all tokens.

Protocol Structure Metrics

Since the goal of this work is to generate structured biofabrication protocols,
evaluation must also consider the correctness of the procedural structure.

Step-Level Metrics

Step-level metrics evaluate how well the generated protocol reproduces the
sequence of procedural steps in the reference protocol.

First, both generated and reference protocols are divided into steps using step
markers such as numbered lines, bullet points, or similar list-based formatting.
Each extracted step is treated as a textual unit representing one protocol action
or instruction.

To compare generated and reference steps, a fuzzy matching procedure is used
rather than exact string matching. The similarity between a generated step and
a reference step is computed using token-set similarity. Based on these pairwise
similarities, a greedy matching procedure is applied so that each generated step
can be matched to at most one reference step, and each reference step can be
matched to at most one generated step. A step pair is considered matched only
if its similarity score exceeds a predefined threshold.

After step matching, step-level precision, recall, and F1 are computed as:

Precisionstep = Nmatch

Npred

(3.13)

Recallstep = Nmatch

Nref

(3.14)

F1step = 2 · Precisionstep · Recallstep

Precisionstep + Recallstep

(3.15)

where:

• Nmatch is the number of matched step pairs

• Npred is the number of generated steps

• Nref is the number of reference steps
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In addition to these metrics, three auxiliary step-level indicators are also com-
puted:

• Step Match Average Similarity, which measures the average similarity
score of matched step pairs

• Step Count Ratio, which compares the number of generated steps with
the number of reference steps

• Step Order LCS, which measures how well the order of generated step
actions follows the reference order using the longest common subsequence

Action-Level Metrics

Action-level metrics evaluate whether the generated protocol contains the ex-
pected experimental action types.

After extracting protocol steps, the action associated with each step is identi-
fied using the first lexical item of the step text. This token is treated as a simplified
representation of the main action performed in that step. Examples include action
verbs or symbolic operation names such as incubate, mix, or centrifuge.

Let AG denote the set of action labels extracted from the generated protocol
and AR the set of action labels extracted from the reference protocol. Action-level
precision, recall, and F1 are then computed as:

Precisionaction = |AG ∩ AR|
|AG|

(3.16)

Recallaction = |AG ∩ AR|
|AR|

(3.17)

F1action = 2 · Precisionaction · Recallaction

Precisionaction + Recallaction

(3.18)

This metric measures whether the generated protocol recovers the main action
types present in the reference protocol, independently of exact wording or full
step-level correspondence.

Parameter-Level Metrics

Parameter-level metrics evaluate whether the generated protocol contains the
experimental parameters present in the reference protocol.

Parameters are extracted from both generated and reference texts using regu-
lar expressions that detect numeric values followed by common laboratory units.
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The extraction process captures expressions representing quantities such as tem-
perature, time, volume, mass, and percentages. Examples include patterns such
as 37 °C, 10 min, or 500 µL.

Let PG denote the set of parameters extracted from the generated protocol
and PR the set extracted from the reference protocol. Parameter-level precision,
recall, and F1 are computed as:

Precisionparam = |PG ∩ PR|
|PG|

(3.19)

Recallparam = |PG ∩ PR|
|PR|

(3.20)

F1param = 2 · Precisionparam · Recallparam

Precisionparam + Recallparam

(3.21)

This metric evaluates whether the generated protocol preserves the key exper-
imental parameters required to reproduce the procedure.

Token-Level Similarity

Token F1 evaluates lexical overlap between the generated sequence and the
reference sequence at the token level.

Before computing the metric, both sequences are tokenized using a lightweight
rule-based tokenizer. The tokenizer converts the text to lowercase and separates
words and punctuation symbols using regular expressions. This approach provides
a simple and model-independent token representation.

Let TG denote the set of tokens in the generated sequence and TR the set
of tokens in the reference sequence. Token-level precision, recall, and F1 are
computed as:

Precisiontoken = |TG ∩ TR|
|TG|

(3.22)

Recalltoken = |TG ∩ TR|
|TR|

(3.23)

F1token = 2 · Precisiontoken · Recalltoken

Precisiontoken + Recalltoken

(3.24)

This metric provides a simple lexical similarity measure that is independent
of the model’s internal tokenization.
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Exact Match

Exact Match evaluates whether the generated sequence exactly matches the
reference sequence:

EM =

⎧⎨⎩1 if G = R

0 otherwise
(3.25)

Structural Validity

Structural Validity evaluates whether the generated output roughly follows the
expected structural format of the protocol representation.

In this work, structural validity is implemented as a lightweight heuristic check.
A generated protocol is considered structurally valid if:

• the output contains numbered protocol steps (e.g., #1, #2)

• parentheses used in action expressions are balanced

The metric is therefore defined as a binary indicator:

SV =

⎧⎨⎩1 if the output satisfies the structural checks
0 otherwise

(3.26)

Distinct-n

Distinct-n measures the proportion of unique n-grams in generated outputs:

Distinctn = |Unique n-grams in G|
|Total n-grams in G|

(3.27)

where | · | denotes the number of elements in the set. Distinct-n metrics are
computed at the sample level for each generated protocol and then averaged across
the evaluation dataset.

Length Ratio

Length Ratio compares the length of the generated sequence with the reference
sequence:

Length Ratio = |G|
|R|

(3.28)
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where |G| and |R| represent the token lengths of the generated and reference
sequences respectively.

Table 3.2: Summary of evaluation metrics used to assess the quality of generated
outputs.
Metric Purpose
BLEU-4 N-gram lexical similarity
ROUGE-L Longest common subsequence based similarity
BERTScore-F1 Semantic similarity
Step Recall Recall of action names extracted from numbered protocol steps
Exact Match (EM) Exact protocol match
Token F1 Token-level overlap similarity
Structural Validity Heuristic structural format check
Distinct-2 / Distinct-3 Output diversity
Length Ratio Output length comparison
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Chapter 4

RESULTS AND EVALUATION

This chapter presents the experimental results obtained from fine-tuning the lan-
guage model on the normalized biofabrication protocol dataset. The objective
of the evaluation is to determine whether domain-specific training improves the
ability of the model to generate structured and procedurally consistent laboratory
protocols.

The evaluation compares the original pretrained model with the fine-tuned
model across multiple quantitative metrics designed to capture both textual sim-
ilarity and procedural correctness. In addition, qualitative examples are analyzed
to illustrate the behavioral differences between the two models when generating
experimental protocols.

4.1 Training Dynamics

The training dynamics of the fine-tuning process are illustrated in Figure 4.1. The
figure reports the evolution of training and evaluation loss, training and evaluation
token accuracy, and selected optimization variables over the course of training.
The loss corresponds to the autoregressive language modeling objective defined in
Section 3, which minimizes the negative log-likelihood of the reference response
tokens conditioned on the input instruction and the previously generated tokens.
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Figure 4.1: Training dynamics observed during fine-tuning of the LLaMA 3.1 8B
model on the structured protocol dataset. The figure shows the evolution of loss,
token accuracy, learning rate, and gradient norm across training epochs.

Several observations can be drawn from Figure 4.1. First, both training and
evaluation loss decrease rapidly during the initial phase of training, indicating
that the model quickly adapts to the structured protocol format. After this initial
phase, the loss curves continue to decrease more gradually and eventually stabilize,
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suggesting convergence toward a consistent solution.
Second, the evaluation loss remains close to the training loss throughout the

training process and does not show a strong upward trend. This behavior suggests
that the model does not exhibit strong overfitting. In typical overfitting scenarios,
the training loss continues to decrease while the validation loss starts to increase,
indicating that the model is specializing excessively on the training data and
generalizing poorly to unseen samples. In this case, the similar trends observed
for training and evaluation loss suggest that the model maintains a reasonable
level of generalization during training. The best validation loss is reached near the
selected checkpoint, after which further improvements become marginal. During
training, an early stopping mechanism was used to monitor the validation loss and
automatically select the best-performing checkpoint. The checkpoint selected by
early stopping corresponds to the model with the lowest validation loss, which in
this experiment was obtained at training step 7500. This checkpoint was therefore
used as the final model for evaluation on the test set.

A similar trend is observed for token accuracy (see Section 3 for the definition
of this metric). Training token accuracy increases from approximately 0.62 at
the beginning of training to above 0.82, while evaluation token accuracy rises to
slightly above 0.80 and then stabilizes. The relatively small gap between training
and evaluation token accuracy suggests that the learned patterns are not limited
to the training data and generalize reasonably well to unseen validation examples.

The optimization curves also support the stability of the training process.
The learning rate follows the expected warm-up and decay schedule, while the
gradient norm decreases sharply during the early phase and then remains within
a relatively stable range. This suggests that the optimization process remains
well-behaved and does not suffer from severe instability during fine-tuning.

Although training was configured for up to 20 epochs, early stopping termi-
nated the training earlier when the validation loss stopped improving. Training
progress was monitored in terms of optimization steps, where each step corre-
sponds to one batch update of the model parameters. Given the size of the train-
ing dataset and the batch configuration, each epoch corresponds to approximately
2652 optimization steps. During training, model checkpoints were periodically
saved, and the checkpoint selected by early stopping was obtained at step 7500,
corresponding approximately to epoch 3. This checkpoint was therefore used as
the final model for evaluation on the test set.

4.2 Quantitative Evaluation
The performance of the base pretrained model and the fine-tuned model was
evaluated using a combination of textual similarity metrics and protocol-specific
structural metrics. Since protocol generation is not purely a free-text generation
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task, the evaluation framework was designed to measure not only semantic simi-
larity to the reference protocol, but also procedural structure, action consistency,
parameter correctness, and output validity.

Table 4.1 summarizes the results across the complete set of evaluation met-
rics. Overall, the comparison shows that domain-specific fine-tuning substantially
improves the model’s ability to generate structured protocol outputs. The most
pronounced gains are observed in the metrics that directly capture procedural
structure, including Step Precision, Step Recall, Step F1, Action F1, and Struc-
tural Validity. For example, Structural Validity increases from 0.001308 in the
base model to 0.835132 after fine-tuning, while Action F1 improves from 0.010249
to 0.382898. Similarly, step-level metrics such as Step Precision and Step Recall
show large improvements, indicating that the fine-tuned model is significantly
more capable of generating identifiable experimental steps and actions.

Table 4.1: Comparison between the base model and the fine-tuned model across
evaluation metrics

Metric Base Model Fine-tuned Model
EM 0.000000 0.000000
Token F1 0.214229 0.339913
ROUGE-L F1 0.148915 0.302558
BLEU-4 0.040508 0.143108
BERTScore F1 0.804700 0.854300
Step Precision 0.001143 0.146588
Step Recall 0.002444 0.162672
Step F1 0.001400 0.135339
Step Match Avg. Sim. 0.019935 0.511471
Step Count Ratio 0.489299 0.590439
Step Order LCS 0.013518 0.313600
Action F1 0.010249 0.382898
Parameter F1 0.044346 0.053878
Structural Validity 0.001308 0.835132
Length Ratio 2.910485 4.214468
Distinct-2 0.607226 0.378683
Distinct-3 0.752518 0.458434

All metric values are reported with six decimal precision to preserve numerical
accuracy.

The evaluation results show that the improvements obtained through domain-
specific fine-tuning are particularly evident in the metrics that measure procedural
structure and action-level correctness. Metrics such as Step Precision, Step Recall,
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Step F1, Action F1, and Structural Validity specifically evaluate whether the
generated output follows the expected representation of laboratory protocols in
terms of identifiable steps, actions, and structural format.

Among these metrics, Structural Validity exhibits the most substantial im-
provement, increasing from 0.001308 in the base model to 0.835132 in the fine-
tuned model. This indicates that while the base model almost never produces out-
puts conforming to the required structured representation, the fine-tuned model
generates structurally valid protocols in the majority of cases.

Substantial improvements are also observed in action-level and step-level met-
rics. Action F1 increases from 0.010249 to 0.382898, while Step F1 increases
from 0.001400 to 0.135339. These changes indicate that the fine-tuned model is
considerably more capable of generating recognizable experimental actions and
organizing them into ordered procedural steps.

Taken together, these results suggest that the primary effect of fine-tuning
is not merely improved textual similarity, but a significantly enhanced ability
to reproduce the procedural structure required for machine-readable laboratory
protocols.

Figure 4.2 presents the evaluation metrics that most directly reflect the model’s
ability to reproduce the procedural structure of laboratory protocols.

Figure 4.2: Comparison between the base model and the fine-tuned model on
metrics that directly reflect procedural learning. These metrics evaluate the ability
of the model to generate valid structured outputs, reproduce protocol steps, and
preserve action-level procedural information.

These metrics are particularly important because they go beyond surface-level
textual similarity and evaluate whether the generated output follows the expected
procedural representation. In other words, they provide more direct evidence that
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the model has learned the structure of laboratory workflows rather than only their
general semantic content.

The results show substantial improvements across all direct procedural metrics
after fine-tuning. Step precision increases from approximately 0.001 to 0.147, step
recall rises from 0.002 to 0.163, and step F1 increases from approximately 0.001
to 0.135. Although the absolute values remain moderate, the magnitude of the
improvement is large and indicates that the fine-tuned model is significantly more
capable of generating identifiable procedural steps than the base model.

A similar pattern is observed for Action F1, which increases from 0.010 to
0.383. This suggests that fine-tuning substantially improves the model’s ability
to produce recognizable experimental actions, which is a core requirement for
structured protocol generation.

The most striking result is obtained for structural validity, which increases
from approximately 0.001 in the base model to 0.835 in the fine-tuned model.
This shows that the base model almost never produces outputs in the expected
structured format, whereas the fine-tuned model produces structurally valid pro-
tocols in the large majority of test examples.

Taken together, these results indicate that the main impact of fine-tuning is not
merely to improve wording, but to enable the model to internalize the procedural
form of the target protocol representation.

Figure 4.3 presents additional evaluation metrics that capture semantic simi-
larity, lexical overlap, output length, ordering behavior, and diversity.

Figure 4.3: Comparison between the base model and the fine-tuned model on met-
rics that provide complementary but less direct evidence of procedural generation
quality. These metrics include semantic similarity, lexical overlap, step alignment
properties, and output diversity.
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These metrics provide useful complementary information about the quality of
the generated text, but they should be interpreted more carefully because they do
not always correlate directly with procedural correctness. For example, lexical and
semantic similarity metrics evaluate how closely the generated protocol resembles
the reference text, but two protocols may express the same experimental procedure
using different wording. Similarly, diversity and length-related metrics capture
stylistic properties of the generated outputs rather than the correctness of the
experimental workflow itself. For this reason, these metrics should be interpreted
together with the procedural metrics discussed above.

Textual similarity metrics improve consistently after fine-tuning. BERTScore
F1 increases from 0.8047 to 0.8543, ROUGE-L F1 increases from 0.149 to 0.303,
and BLEU-4 increases from 0.041 to 0.143. These results indicate that the fine-
tuned model generates outputs that are both semantically and lexically more
aligned with the reference protocols.

Token F1 also increases from 0.214 to 0.340, showing improved overlap at the
token level. Similarly, step match average similarity increases strongly from 0.020
to 0.511, suggesting that even when the generated steps are not exact matches,
the fine-tuned model produces step content that is substantially closer to the
reference procedures.

The step count ratio also improves from 0.489 to 0.590. This indicates that
the fine-tuned model generates a number of steps that is closer to the reference
protocols, although some mismatch in protocol length and granularity still re-
mains. Step order LCS increases from 0.014 to 0.314, which further suggests
that fine-tuning improves the ordering consistency of the generated procedural
sequence.

Parameter F1 increases only modestly, from 0.044 to 0.054. This suggests that
parameter generation remains more challenging than action generation, possibly
because parameter expressions are more heterogeneous and may depend on fine-
grained contextual details such as concentrations, durations, temperatures, or
materials.

Some metrics, however, should not be interpreted in a purely monotonic way.
In particular, Distinct-2 decreases from 0.607 to 0.379 and Distinct-3 decreases
from 0.753 to 0.458. In open-ended creative text generation, such a decrease could
be interpreted negatively because it reflects lower lexical diversity. In the present
setting, however, lower diversity is not necessarily undesirable. Laboratory pro-
tocols are highly standardized procedural texts, and a good model is expected
to reuse recurring domain-specific action patterns and conventional formulations.
Therefore, the reduction in distinct n-gram ratios can also be interpreted as ev-
idence that the fine-tuned model generates more regularized and task-consistent
outputs.

A similar caution applies to the length-based metrics. The length ratio of the
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fine-tuned model is higher than that of the base model. This does not automati-
cally mean that the model is worse; rather, it suggests that the fine-tuned model
tends to produce more complete and explicitly structured outputs. In procedural
generation tasks, longer outputs may in fact reflect the inclusion of steps, ac-
tions, and parameters that are absent in shorter but less informative generations.
For this reason, length-related metrics should always be interpreted together with
structural validity and action-level performance rather than in isolation.

4.3 Qualitative Analysis
In addition to quantitative evaluation, qualitative analysis helps illustrate the
behavioral differences between the base model and the fine-tuned model when
responding to the same instruction.

Table 4.2 shows a shortened example for the prompt asking the model to gener-
ate a protocol for preparing alginate-based biomaterials for regenerative medicine
applications.

Both the base model and the fine-tuned model were evaluated using exactly
the same input prompt. Importantly, the prompt does not explicitly specify the
structured function-based representation used in the reference protocols. Instead,
the prompt simply requests the generation of a protocol for the given experimental
task.

The qualitative example highlights a clear difference in generation behav-
ior between the two models. The base pretrained model produces a plausible
laboratory-style description written in natural language, but it does not follow
the structured protocol representation expected by the dataset. As a result, the
generated output lacks the explicit action-based structure used to represent ex-
perimental procedures.

In contrast, the fine-tuned model generates outputs that closely resemble the
target protocol format. The generated steps follow the expected structured repre-
sentation and include explicit procedural actions and parameters. Although the
generated protocol is not an exact match to the reference protocol, it is structurally
valid and substantially closer to the intended machine-readable representation.

This example illustrates the main effect of domain-specific fine-tuning: the
model learns not only to generate plausible procedural text, but also to reproduce
the structured representation required for computational protocol processing.
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Table 4.2: Qualitative comparison between the base model, the fine-tuned model,
and the reference protocol for an alginate-based biomaterial preparation task.
Only representative excerpts are shown for readability.

Instruction
Please create a protocol to prepare alginate-based biomaterials for regenera-
tive medicine applications.
Reference Protocol (excerpt)
# Title: Alginate-Based Biomaterial Preparation for
Regenerative Medicine
#1 prepare_standard_solution(solution_name=’alginate solution’,
concentration=’1% w/v’)
#2 dissolve_substance(substance=’calcium chloride’,
solvent=’water’, concentration=’2% w/v’)
#3 mix_components(component_1=’alginate solution’,
component_2=’calcium chloride’, ratio=’1:1’)
#4 incubate(duration=’30 minutes’, temperature=’room
temperature’)

Base Model Output (excerpt)
Protocol: Preparation of Alginate-Based Biomaterials for
Regenerative Medicine Applications
1. Preparation of Alginate Solution: Weigh 1 g of sodium
alginate and dissolve it in 100 mL of distilled water.
2. Preparation of Calcium Chloride Solution: Weigh 1 g of
calcium chloride and dissolve it in 100 mL of distilled water.
3. Formation of Alginate Hydrogel: Mix the alginate solution
with the calcium chloride solution in a 1:1 ratio.

Fine-Tuned Model Output (excerpt)
# Title: Preparation of Alginate-Based Biomaterials
#1 prepare_standard_solution(solution_name="alginate solution",
concentration="1% w/v", solvent="water")
#2 prepare_standard_solution(solution_name="calcium chloride
solution", concentration="100 mM", solvent="water")
#3 mix_components(component_1="alginate solution",
component_2="calcium chloride solution", ratio="1:1")
#4 incubate(time="30 minutes", temperature="room temperature")

47



Chapter 5

DISCUSSION

5.1 Interpretation of Results

An important observation from the evaluation results is the difference between im-
provements in traditional textual similarity metrics and improvements in protocol-
specific procedural metrics. While metrics such as BLEU, ROUGE-L, Token F1,
and BERTScore measure lexical and semantic similarity between generated and
reference protocols, they do not directly capture whether the generated output
follows the procedural structure of laboratory workflows. These observations are
consistent with recent studies indicating that large language models show promis-
ing capabilities in biological reasoning and experimental knowledge synthesis, al-
though significant challenges remain for complex procedural tasks [13,14].

In contrast, protocol-specific metrics such as Step Precision, Step Recall, Ac-
tion F1, and Structural Validity evaluate whether the generated protocols repro-
duce identifiable experimental steps, actions, and structured procedural represen-
tations. The experimental results show that improvements in these procedural
metrics are substantially larger than those observed in purely textual similarity
metrics.

This difference suggests that domain-specific fine-tuning primarily improves
the model’s ability to reproduce the structured procedural form of laboratory
protocols rather than simply increasing textual similarity. Such behavior is par-
ticularly important for applications involving machine-readable protocols, where
structural correctness and reproducibility are often more critical than superficial
textual similarity.

The strongest result supporting this interpretation is the improvement in struc-
tural validity...
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5.2 Impact of Dataset Normalization
An important component of the proposed framework is the normalization pipeline
used to convert heterogeneous protocol descriptions into a unified structured rep-
resentation.

Experimental protocols collected from different repositories often exhibit sig-
nificant variability in writing style, formatting conventions, and level of detail.
Such variability introduces noise into training data and makes it more difficult for
language models to learn consistent procedural patterns.

The normalization pipeline developed in this work addresses this challenge by
transforming raw protocol descriptions into a standardized representation that
explicitly encodes experimental steps, actions, and parameters. By reducing lin-
guistic variability and enforcing structural consistency, the normalization process
allows the model to focus on procedural relationships rather than textual incon-
sistencies.

The improvements observed in structural evaluation metrics suggest that this
normalization step plays an important role in enabling the model to learn more
reliable representations of experimental workflows. In particular, the large im-
provement in structural validity indicates that the model successfully learns the
expected protocol schema when trained on normalized structured data.

5.3 Effectiveness of Structured Protocol Repre-
sentations

Another key aspect of the proposed approach is the use of structured protocol
representations for both training and evaluation.

Traditional protocol descriptions are typically written as free-form natural
language instructions. While such descriptions are convenient for human readers,
they often contain implicit assumptions, missing parameters, or ambiguous step
boundaries that complicate computational processing.

By converting protocols into structured representations that explicitly encode
experimental actions and parameters, it becomes possible to represent laboratory
workflows in a machine-interpretable form. This structured representation serves
as an intermediate format between natural language descriptions and computa-
tional systems that may analyze or execute experimental procedures.

The experimental results suggest that large language models can successfully
learn such representations when trained on sufficiently consistent datasets. In par-
ticular, the improvements observed in step-level and action-level metrics indicate
that the model learns to reproduce the sequential organization of experimental
procedures.
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This observation supports the idea that structured representations can facili-
tate the application of language models to scientific workflows where procedural
correctness and reproducibility are critical.

5.4 Limitations of the Proposed Approach
Despite the promising results obtained in this work, several limitations should be
acknowledged.

First, the dataset used for training and evaluation consists of protocols col-
lected from publicly available online repositories. While these sources provide
valuable information about experimental workflows, they may vary in quality,
completeness, and level of detail. Some protocols may omit parameters or rely on
implicit domain knowledge, which can introduce noise into the training data.

Second, the evaluation framework relies primarily on automatic metrics that
measure textual similarity and structural consistency. Although these metrics pro-
vide useful indicators of model performance, they cannot fully capture whether
generated protocols are experimentally valid or practically executable in labora-
tory environments.

Third, although fine-tuning substantially improves the structural consistency
of generated outputs, the model may still occasionally generate incomplete steps,
redundant actions, or minor deviations from the expected protocol format. This
limitation reflects the inherent difficulty of modeling complex procedural knowl-
edge using language models.

Finally, the experiments conducted in this work rely on a single model architec-
ture and a specific fine-tuning configuration. While parameter-efficient fine-tuning
enables training large models with limited computational resources, it may restrict
exploration of alternative model architectures or training strategies.

5.5 Implications for Biofabrication and Scien-
tific Automation

The results of this work suggest that combining structured protocol datasets with
large language models may provide a promising foundation for future tools sup-
porting experimental research.

In domains such as biofabrication, experimental procedures are often complex
and involve multiple steps, materials, and environmental conditions. Automated
or assisted protocol generation systems could help researchers document experi-
ments more consistently, explore alternative experimental workflows, and improve
the reproducibility of laboratory procedures.
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More broadly, structured representations of laboratory protocols could con-
tribute to the development of digital laboratory infrastructures in which exper-
imental workflows are stored, analyzed, and potentially executed in automated
environments.

While the present work focuses primarily on protocol representation and gen-
eration, it highlights the potential role of language models as components of future
intelligent laboratory systems capable of supporting experimental design, docu-
mentation, and analysis.
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Chapter 6

CONCLUSION

This thesis investigated the problem of representing and generating biofabrication
protocols using large language models and structured procedural representations.
The motivation for this work arises from challenges in reproducibility, protocol
standardization, and the increasing need for computational tools capable of sup-
porting experimental research workflows.

Experimental protocols are often written in natural language and exhibit sub-
stantial variability in formatting, terminology, and level of detail. Such hetero-
geneity makes it difficult for computational systems to interpret procedural in-
formation or automatically process experimental workflows. In this work, we
addressed this challenge by combining dataset normalization techniques with
domain-adapted large language models in order to generate structured and machine-
readable protocol representations.

6.1 Summary of Contributions
The first contribution of this thesis is the construction of a dataset of biofabri-
cation protocols collected from multiple online repositories and scientific sources.
The collected protocols were retrieved using automated queries and processed
using a data collection pipeline designed to gather heterogeneous protocol de-
scriptions from different repositories.

The second contribution is the design and implementation of a normalization
pipeline that converts raw protocol descriptions into a unified structured represen-
tation. This pipeline extracts procedural information such as experimental steps,
actions, and parameters, enabling the transformation of heterogeneous textual
descriptions into a consistent format suitable for machine learning.

The third contribution is the application of large language models to the task
of structured protocol generation. Using the normalized dataset, a transformer-
based language model was fine-tuned using parameter-efficient techniques in order
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to adapt the model to the biofabrication domain.
A further contribution of this work is the development of an evaluation frame-

work that combines traditional natural language generation metrics with protocol-
specific structural metrics. This framework enables a more comprehensive assess-
ment of generated protocols by measuring both textual similarity and procedural
correctness.

6.2 Key Findings
The experimental evaluation confirms that domain-specific fine-tuning substan-
tially improves the generation of structured laboratory protocols. Compared to
the base pretrained model, the fine-tuned model produces outputs that are sig-
nificantly more consistent with the expected structured representation of experi-
mental workflows.

In particular, the structural validity of generated protocols increases dramat-
ically after fine-tuning, rising from 0.001308 in the base model to 0.835132 in
the fine-tuned model. This result indicates that while the base model rarely pro-
duces outputs conforming to the structured protocol representation, the fine-tuned
model generates structurally valid protocols in the large majority of cases.

Large improvements are also observed in step-level and action-level metrics.
For example, Action F1 increases from 0.010249 to 0.382898, Step Precision from
0.001143 to 0.146588, and Step Recall from 0.002444 to 0.162672. These results
suggest that the model learns to reproduce key procedural elements such as ex-
perimental actions, ordered steps, and associated parameters.

Textual similarity metrics also improve after fine-tuning, indicating that the
generated protocols become both semantically and lexically closer to the refer-
ence procedures. However, the improvements observed in procedural metrics are
substantially larger, suggesting that the main effect of fine-tuning is the acquisi-
tion of structured procedural representations rather than only improved textual
similarity.

Overall, the results highlight the importance of combining domain-specific
datasets with structured representations when applying language models to pro-
cedural scientific text generation.

6.3 Limitations
Despite the promising results obtained in this work, several limitations remain.

First, the dataset used in this study is limited to protocols collected from pub-
licly available repositories. Although these sources provide valuable information
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about experimental workflows, they may contain inconsistencies, missing param-
eters, or varying levels of detail.

Second, the evaluation framework relies primarily on automatic evaluation
metrics. While these metrics provide useful indicators of model performance,
they cannot fully determine whether generated protocols are experimentally valid
or practically executable in real laboratory environments.

Third, although the fine-tuned model produces structurally valid outputs in
many cases, it may still generate incomplete steps, redundant instructions, or
minor deviations from the expected protocol schema.

Finally, the experiments conducted in this work focus on a single model archi-
tecture and fine-tuning configuration. Exploring alternative architectures, model
sizes, or training strategies could potentially lead to further improvements.

6.4 Future Work

Several directions for future research emerge from this work.
First, the dataset could be expanded to include protocols from additional

experimental domains such as molecular biology, tissue engineering, and synthetic
biology. A larger and more diverse dataset would enable more robust training and
evaluation of language models for procedural text generation.

Second, future work could investigate the integration of multimodal informa-
tion such as experimental images, diagrams, or laboratory metadata. Such infor-
mation could provide additional contextual signals that may improve the quality
of generated protocols.

Third, structured protocol representations could potentially be integrated with
laboratory automation systems or robotic platforms. This integration could en-
able partially automated execution of experimental workflows. Recent research
directions also explore the integration of language models with automated scien-
tific workflows and robotic laboratory platforms [37,39].

Another promising direction is the development of validation mechanisms for
generated protocols. Combining language models with rule-based verification sys-
tems or domain knowledge constraints could help detect inconsistencies or unsafe
experimental instructions before protocols are used in laboratory settings.

Finally, future research could explore more advanced language model archi-
tectures capable of explicitly modeling procedural dependencies between experi-
mental steps.
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6.5 Concluding Remarks
In conclusion, this thesis demonstrates that combining structured protocol rep-
resentations with domain-adapted large language models provides a promising
approach for improving the representation and generation of experimental work-
flows.

By transforming heterogeneous protocol descriptions into structured datasets
and adapting language models to this domain, it becomes possible to generate
outputs that more closely resemble machine-readable laboratory protocols. Such
approaches may contribute to improving reproducibility, accessibility, and au-
tomation in experimental science.

As language models continue to evolve, their integration with structured sci-
entific data may play an important role in the development of future intelligent
laboratory systems capable of supporting experimental design, documentation,
and analysis.

The results of this thesis suggest that the main benefit of domain adaptation
is not only improved textual generation, but the ability to reproduce structured
procedural representations required for computational protocol processing.
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