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A B S T R A C T

This paper proposes a novel NER framework, leveraging the advanced capabilities of Large Language Models
(LLMs), to address the limitations of manually defined taxonomy. Our framework integrates the expert
knowledge internalized in both academic materials and LLMs through retrieval-augmented generation (RAG)
to automatically customize taxonomies for specific manufacturing processes and adopts two distinct strategies
of using LLMs — In-Context Learning (ICL) and fine-tuning to complete manufacturing NER tasks with
minimal training data. We demonstrate the framework efficiency through its superior ability to define precise
taxonomies, identify and classify process-level entities related to the most popular additive manufacturing
process fused deposition modeling (FDM) as case study, achieving a high F1 score of 0.9192.
1. Introduction

In the context of Industry 4.0, knowledge management (KM) sys-
tems, which serve the entire life cycle of group and organizational
knowledge, from creation, storage, to transfer, and application, are rec-
ognized for their substantial contributions to various corporate facets,
encompassing digital transformation, innovation ecosystems, decision-
making, and production optimization [1]. With the ability to extract
knowledge (e.g. named entities) from unstructured texts based on a
predefined taxonomy, NER is one of the fundamental tasks for con-
structing a KM system [2]. NER models based on long short-term
memory (LSTM) [3] or fine-tuned language models [4] have been
used in extracting knowledge from manufacturing texts to mitigate
the burden of manual search and parsing. Unlike general NER models
focusing on extracting common terms, manufacturing NER is extended
to more technical entities such as materials and process parameters.
Despite these advancements, most works still follow the paradigm
of general NER without considering the correlation between entities
and specific manufacturing domains, resulting in a crucial drawback:
these approaches can hardly distinguish entities related to different
manufacturing processes or techniques. For example, within the knowl-
edge domain of additive manufacturing, the differentiation of materials
suitable for fused deposition modeling (FDM) and materials suitable for
powder bed fusion (PBF) is quite difficult for these models.

Recognizing entities specific to a manufacturing process enables
professionals to integrate process-level domain knowledge to address

∗ Corresponding author at: Department of Manufacturing Systems Engineering and Management, California State University, Northridge, USA.
E-mail address: bingbing.li@csun.edu (B. Li).

practical manufacturing issues, facilitates a swift onboarding process
for beginners, and guides the decision making. The domain-specific
entity list can serve as a checklist for manufacturing process design and
problem troubleshooting. However, it is challenging to autonomously
identify both the category of an entity and its related manufacturing
process simultaneously. This problem not only roots in the model
design, but also exacerbated by the lack of annotated process-level
manufacturing dataset and the requirement of comprehensive process
knowledge for taxonomy definition. Taxonomy is the foundation of
knowledge extraction tasks including NER [5], which specifies the
categories of entities that should be identified. Designing the taxonomy
for a particular manufacturing process requires a comprehensive un-
derstanding of the process, placing higher demands on the experience
and expert knowledge than classifying entities. In consequence, the
conventional taxonomy design methods highly rely on domain experts,
posing a significant barrier for novices, requiring considerable time,
and lacking scalability [6]. Additionally, the manufacturing text is
highly complex and unstructured, containing many entities of the same
class but belonging to different manufacturing domains. Even the same
entities can be related to different processes. When the training data is
scarce, it is extremely difficult for traditional models to accurately learn
the probability distribution for classifying the entities and finding the
entities relevant to a specific process.

The emergence of LLMs, such as Generative Pre-trained Trans-
former 4 (GPT-4), marks a significant milestone in artificial intelli-
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gence, bringing new opportunities to fill these gaps. LLMs internalize
plenty of manufacturing domain knowledge, enabling their application
in process-level manufacturing tasks. The retrieval-augmented gen-
eration (RAG) technique can further enhance their ability, mitigate
hallucination, and support them in more professional tasks which need
comprehensive domain knowledge [7]. LLMs showcase high generaliza-
tion abilities through In-Context Learning (ICL) and fine-tuning, which
promote their proficiency in not only semantic understanding and
eneration, but also various domain-specific tasks [8,9], with few-shot

demonstrations or limited domain-specific training data. Meanwhile,
the development of chain-of-thought (CoT) prompting enhance their
performances on complex tasks by promoting reasoning [10]. These
advantages enable LLMs to understand and extract information from
unstructured natural language texts [11]. For example, LLM-based ICL
as been used in general domain NER from individual sentences [12].

In addition, recent LLMs support handling lengthy context, facilitating
with the cross-sentence information extraction ability.

With the identified research gaps and the advantages of these
merging techniques, this paper introduces a novel domain-specific
anufacturing NER framework by leveraging the ability of LLMs to

xtract the process-level knowledge from natural language texts, assist-
ng the optimization of specified manufacturing process. We verify the

effectiveness of our framework on an NER task within the FDM domain.
Firstly, we build a corpus for FDM process from unstructured FDM-
elated texts. Then the FDM taxonomy is customized by GPT-4 through
AG and candidate integration based on the corpus, containing 18
lasses and corresponding subclasses. Among them, the most frequently
entioned entity classes of FDM are selected for recognition, includ-

ng printing equipment, material types, printing parameters, software
oncepts, quality metrics, common issues, post-processing techniques,
pplications, standards and regulations, and 3D design and modeling.
eanwhile, the input data are obtained by extracting texts from the

orpus and generating remaining texts by LLMs based on the taxonomy.
e also optimize the labeling method introduced by Yan et al. [13] to

abel the dataset and help LLMs execute the NER task. To recognize
nd classify entities semantically related to FDM with minimal training
ata, both the ICL approach and the fine tuning approach of LLMs are
dopted. We not only compare the performances of these two methods
nd the baseline model BERT-MRC [14], but also explore different
trategies to optimize the results and achieve the highest F1 value
f 0.9192. At last, we also provide an example of how to effectively
bsorb knowledge from the extracted entities. To the best of our
nowledge, this is the first framework that is able to recognize process-
evel manufacturing entities without manually defined taxonomy and
arge amount of training data.

The main contributions of this work can be summarized as follows:
1) Leverage both the internalized knowledge of LLMs and expert
nformation from academic materials through RAG to automatically
ustomize the taxonomy of a manufacturing process, which mitigates

the hallucination problem, reduces time and expert knowledge required
y NER task, and builds a knowledge structure to help beginners
nderstand the manufacturing process; (2) Develop two LLM-based
ER approaches based on ICL and fine-tuning respectively, which
oth can classify entities into predefined taxonomy and identify the
ntities related to the particular manufacturing process simultaneously,
ith scarce training data. This framework showcase remarkable perfor-
ance in process-level NER from unstructured text data.1

1 Data are available at https://github.com/classic-byte/Knowledge-
xtraction-for-AM-via-NER-with-LLMs
2 
2. Related work

KM encompasses the activities of discovering, collecting, and ex-
ploiting the shared knowledge within an organization to boost its
apacity for innovation, agility, and competitive advantage [15,16].

Deploying a KM system mitigates the poor generalization problem
of data-driven models in handling a new domain without sufficient
data [17]. 60 years ago, the development of KM started from the
systematization and storage of explicit knowledge [18]. Nowadays,
ompanies can create knowledge in production and absorb knowledge

from suppliers and customers, which is essential for production opti-
ization, customized design, and employee upskilling. The successful
anagement of these data can accelerate the digital and intelligent

ransformation of companies in industry 4.0 [1,19].
As an important technique of KM, NER aims to identify mentions

of different semantic classes in texts, such as location, organization,
person, etc. [20]. In order to recognize domain-specific entities, NER

odels for specified domains such as material science [21], chemical
eactions [22], biomedical [23], and manufacturing [3] have been
eveloped. For manufacturing domain, researchers firstly used a bidi-

rectional long-short term memory, plus a conditional random field
(BiLSTM + CRF) to extract manufacturing entities from abstracts [3].
Then, Attention-based language models like BERT became popular
in manufacturing NER, which improved the performances by fine-
tuning different BERT-based models [4], enabled the recognition of
Chinese fine-grained mechanical entities [24], and promoted knowl-
edge extraction for degradation analysis [25]. Though these models
work well in some widespread domains, they can hardly determine
the semantic relation between an entity and a specific manufacturing
process from the context. Their dependency on a vast amount of labeled
data for training and comprehensive domain knowledge for taxonomy
construction further limit their application in recognizing process-level
manufacturing entities.

The recent outbreak of LLMs shows remarkable few or zero shots
ability [26,27], becoming a promising solution to solve these problems.

ost applications are based on ICL, in which a model learns from
 few examples provided in the prompt or some data input during

inference, without additional training or updates to its parameters. ICL
emonstrations of high quality can prominently improve the perfor-
ance of a language model in unfamiliar tasks [28]. LLMs are proved

to be effective in general domain NER from individual sentences by
marking desired entities with special symbols in ICL demonstrations,
even when the training data is scarce [12,13]. Chen et al. models
an LLM as a meta-function to recognize entities from Wikidata [29].
Moreover, Cai et al. achieve multimodal NER for a text-image pair
with LLMs by ICL [30]. In addition, LLMs are applied in material
NER [31], biomedical NER [32], and clinical NER [33] with a few ICL
emonstrations. In contrast, fine-tuning LLMs for NER is less studied.
i et al. fine-tune Llama with discriminant labels, achieving in state-

of-the-art performance in general-domain NER tasks [34], while most
fine-tuning methods are used in the comparisons with ICL [31,32]. Fur-
hermore, by creating embeddings from domain-specific professional
exts and storing them in a vector database for RAG, the hallucination
f LLMs can be mitigated and their performances in domain-specific
asks requiring comprehensive knowledge can be improved [7]. The
oT prompt style which has improved the performance of other LLM-
ased knowledge extraction techniques, is also promising in NER [35].

Nevertheless, LLMs with ICL or fine-tuning are seldom adopted in the
manufacturing NER, though they are proven to be effective tools for
specific manufacturing processes [36–38].

To summarize, domain-specific NER, including manufacturing NER,
showcasing significant progress in categorizing domain-specific entities
into taxonomies, but they are not suitable for distinguishing manu-
facturing entities that are semantically related to different processes
ased on the context. The reason includes unsuitable model design,

the requirement of comprehensive process knowledge, and the lack

https://github.com/classic-byte/Knowledge-Extraction-for-AM-via-NER-with-LLMs
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Fig. 1. The LLM-based domain-specific NER framework.
of process-level manufacturing dataset. Consequently, the extracted
manufacturing entities cannot be used to guide specific production pro-
cesses. LLMs have optimized the NER performance in the data-limited
scenario already and shown their potentials in the domain-specific
manufacturing tasks, owing to their internalized process knowledge and
remarkable semantic understanding and generation abilities enhanced
by suitable techniques. Therefore, developing an LLM-based NER ap-
proach to identify process-level entities with minimal training data and
process knowledge is necessary and promising.

3. Methodology

3.1. Framework overview

The proposed framework is illustrated in Fig. 1, consisting of
four elements: process corpus construction, process-level taxonomy
customization, LLM-assisted dataset construction, and domain-specific
manufacturing NER. We introduce two approaches for domain-specific
NER in this paper: ICL-based method and fine tuning-based method.
The framework is demonstrated with the use case of NER in the domain
of FDM from a collection of published papers and books.

3.2. Corpus construction

Containing plenty of professional materials about various manu-
facturing processes, the academic databases such as SCOPUS, IEEE
Xplore and ScienceDirect were used as the sources of corpus data. We
searched and downloaded hundreds of papers and book chapters with
‘‘FDM’’, ‘‘fused deposition modeling’’, ‘‘material extrusion’’, ‘‘FFF’’, or
‘‘fused filament fabrication’’ in their metadata from these databases.
Only the main body of each material which contains the most complete
information was focused in our research, while the other parts such
as references, tables, and figure captions are deleted. The citation
numbers in the main body were also removed. The main body of each
paper was split into paragraphs to preserve cross-sentence knowledge
effectively while avoiding the poor performance of LLM in processing
overlong context. A filter was applied to eliminate paragraphs without
mention of ‘‘FDM’’ or the above synonyms of it. Finally, the filtered
paragraphs formed a corpus for the FDM process. Since multiple man-
ufacturing techniques could be mentioned in the same paragraph of
3 
professional materials, the corpus contained not only entities related to
FDM, but also entities of desired categories related to other processes
such as SLM, SLS, and general additive manufacturing, which had to
be differentiated in the domain-specific NER.

3.3. RAG-based process-level taxonomy customization

The taxonomy of entities should be determined at first to guide the
recognition, which is manually designed by domain experts in typical
domain-specific NER approaches. In contrast, we used the internalized
domain knowledge of LLMs and RAG technique to automatically gen-
erate the taxonomy of specified manufacturing processes, reducing cost
and the demand of comprehensive domain knowledge. The two steps
included are shown in Fig. 2.

Retrieval-augmented candidate generation — We firstly created
embeddings for the corpus, stored them into a vector database, and
connected the database with the LLM to complement its internalized
domain knowledge. Then, the LLM was used to retrieve professional in-
formation from the corpus and integrate it with internalized knowledge
in generating response to every prompts. Since the corpus data were
extracted from academic sources, the hallucination problem of the LLM
in the specific domain was significantly mitigated, while the integrity
and depth of responses were improved, enabling the automatic genera-
tion of process-level taxonomies with proper prompts and reducing the
manual involvement.

The taxonomy candidate generation prompt is a clear task de-
scription with zero shot, indicating the domain X, the purpose of
the generated taxonomy P, and the maximum number of first-level
categories N. 𝑁 can avoid generating taxonomies that lacks hierarchy
and generality, in which any subtle differences may cause entities to
be categorized differently. The last sentence of the prompt encourages
the LLM to produce taxonomies with varying numbers of first-level
categories, enhancing the diversity of candidates in terms of scope and
structure. In this instance, the domain was FDM process, the taxonomy
was used for NER, and the maximum number of first-level classes was
set as 20 to balance the generality and accuracy of the taxonomy. Since
the responses content of the LLM varies in different attempts, this step
was repeated n times to generate multiple candidate taxonomies.

GPT integration — This step enhances the completeness and sta-
bility of the process-level taxonomy by utilizing the LLM to combine
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Fig. 2. The overall taxonomy customization process for the FDM domain.

the n generated taxonomies. The prompt is divided into three sections:
(1) a general description of the integration task, (2) the requirements
for the integrated taxonomy, and (3) the candidate taxonomies. The
integrated taxonomy is reorganized from the candidates, including
categories, subcategories, and examples of FDM entities. In multiple
tests, the content of the integrated taxonomies was stable, with only
slight fluctuations in the structure.

3.4. Dataset construction

In this framework, the samples of the fine-tuning approach and the
ICL approach share the same input and output data. The input should
be a short paragraph or a sentence, while the output should be a labeled
sequence which at least contains the information including entity type,
start position and end position of the entity. Task description is another
component of each fine-tuning sample, while in ICL, it is the beginning
of a whole prompt instead of a part of sample.

The texts from the corpus were taken as the major source of inputs.
For training set, we split these texts into smaller pieces ranging from
one to three sentences in length to improve the training efficiency and
the demonstration quality, since for each test data, the cosine similarity
between it and one of these pieces is usually higher than that between
it and the entire paragraph. The pieces without mention of ‘‘FDM’’ or its
synonyms, and the pieces with disorganized structure or grammatical
errors were abandoned to further increase the quality of input data.
Since the corpus we built for FDM process is small, we also used LLMs
to generate some input texts based on the taxonomy to enhance the
diversity of expression, which were only used as the input of training
data. LLMs were asked to generate ‘‘a short paragraph’’ mentioning
subcategories or examples as listed in the taxonomy, in the context
of ‘‘FDM’’, ‘‘conform to the fact’’, and less than three sentences. The
hallucination problem of LLMs is acceptable in generating these texts,
since we hope the LLMs learn how to classify entities and determine the
relation between process and entities by understanding the semantic
information contained in the context through ICL or fine-tuning rather
than just being accurately telling the classification of a specific noun
or phrase and its relationship with FDM. Besides, these texts were not
added into the test set, so the inaccurate information contained has no
influence on the NER results. We need to manually verify that the input
texts cover all types of entities need to be recognized and can be divided
into 3 types: (1) Positive input — text containing entities belonging
to varying desired categories and are relevant to FDM, (2) Negative
input — texts that mention FDM but do not contain entities of needed
categories, and (3) Mixed input — texts that mention FDM process and
contain entities of needed categories but some of these entities are not
explicitly relevant to the process. In comparison, obtaining the input
for test set is easier, as it directly use the entire paragraphs from the
remaining corpus.
4 
Fig. 3. An example of the CoT style prompt used in ICL-based NER.

For output, 2 graduate students with basic knowledge of FDM la-
beled the input data individually. They found the entities corresponding
to different predefined classes from the text data and determined from
the context whether an entity is semantically related to FDM. The well-
known BIO style annotation of traditional NER models contains the
label of each word from the input sentence. Since LLMs are genera-
tive models which are not specifically trained for NER, understanding
and following such output style is a great burden to ICL. Inspired
by Yan [13], we designed a novel output style in which the input
sentence is repeated while the start and end position of each entity
are marked with special symbols, to simplify the annotation task. The
symbols varied with different classes of entities for differentiation. After
labeling, we reviewed the annotation results together to deal with the
disagreement. The key points of revision process include: (1) Check the
classification accuracy and the relation between entities and FDM in the
context. (2) Ensure labeling the whole proper nouns and compound
nouns instead of a part of them. (3) Decide whether label a qualifier
or not based on its impact to the meaning of the whole phrase. (4)
Label the abbreviation and its full form as one entity if they occur
together. (5) Make sure there are no grammatical or spelling errors in
the texts. This form of output data is suitable for both ICL approach
and fine-tuning approach.

The task description of each fine-tuning sample indicates the role
of LLMs, describes the general task, and defines the tokens used to
label different entities, while the task description of each ICL-based
NER prompt adds ‘‘Here are some examples:’’ at last to introduce the
examples.

Additionally, analysis is an optional part for the ICL training sam-
ple, which form a CoT from the input to the output, improving the
differentiation ability of entities not related to the specified domain.
The detailed architecture of data used in the ICL approach and the
fine-tuning approach will be introduced in 3.5 and 3.6 respectively.

3.5. ICL-based domain-specific NER

In the ICL-based approach, domain-specific entities of multiple cat-
egories can be identified based on the examples in the prompt, which
is extracted from the training set. As shown in Fig. 3, the prompt for
recognizing FDM process-level entities involves three parts:

Task Description — This part provides an overview of the domain-
specific NER task. In task description, we firstly named the LLM as
‘‘NERAF’’, which is the abbreviation of NER Assistant of FDM, and
defined its role as an expert in both FDM and NER. Then we introduced
the unique symbol pair assigned for each FDM-related entity class in
output. For example, we used ‘‘@@’’ and ‘‘˜˜’’ to label the printing
parameters of FDM and use ‘‘@@’’ and ‘‘++’’ to label the quality metrics
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Table 1
The hyperparameters of LLMs.

Model hyperparameter Value

max_token 4096
n 1
temperature 0.0
top_p 1

of FDM. Before introducing examples, the LLM is requested not to label
entities without an explicitly semantic relationship with FDM.

K-shot Demonstrations — This part aims to retrieve k samples from
raining set as demonstrations to regulate the format of output and
rovide the LLM with semantic clues and references for the NER task.
ased on whether the samples in the training set contain analyses or
ot, the demonstrations can be divided into CoT style demonstrations
nd Simple style demonstrations. Since the only difference between
hem is the analysis, we only introduce the CoT style here:

• Input — 1–3 sentences of text from the FDM corpus or generated
by LLMs.

• Output — The output copies the input text and the desired entities
related to FDM are surrounded by the tokens defined in the task
description.

• Analysis — During experiments, LLMs sometimes mislabeled en-
tities of the needed classes that are unrelated to FDM. Thus, we
added analysis to the training samples to guide the LLMs genera-
tion and decrease the task complexity, including one for positive
inputs: ‘‘The context explicitly mentions entities of desired classes
as related to FDM’’, one for negative inputs: ‘‘The context does not
mention entities of desired classes, so no label will be added’’, and
one for mixed inputs: ‘‘The context mentions FDM and entities
of desired classes, but some of them are not explicitly related
to FDM, so I won’t label them’’. The analysis were put between
each input and output to form a CoT prompt style, decomposing
the task into two steps: (1) analyze the classifications of entities
and identify their relationships with FDM. (2) output the entire
context and label the entities with defined symbol pairs.

For retrieving k-shot demonstrations, we propose two retrieval
trategies to obtain training samples for each test input. (1) Random

retrieval: We randomly selected k demonstrations from the training
set. (2) Context-level KNN retrieval: Providing demonstrations closer
to the input in the embedding space can improve the ICL performance.
Thus, we used a popular pretrained text similarity model SimCSE to
obtain context-level representations for each training sample and the
input paragraph. Then we calculated the cosine similarity to find k
demonstrations most close to the input.

Test Input — At the end of an ICL prompt, an entire input paragraph
from the test set is appended to indicate the text needs to be labeled.

Feeding the LLM with the prompt and setting the model hyperpa-
rameters as shown in Table 1, it is expected to generate the ‘‘Analysis’’
and ‘‘Output’’ for the test input based on the demonstrations provided.
The LLMs sometimes generated nonexistent line breaks within the out-
put paragraph compared to the original input, which were eliminated
to avoid the wrong calculation of entity positions. Finally, entities
surrounded by the defined symbols were extracted and recorded in
the corresponding classes with their start position and end position to
achieve process-level NER.

3.6. Fine-tuning based domain-specific NER

Compared to ICL, fine-tuning enables the development of a cus-
tomized NER model for a manufacturing domain like FDM. The fine-
tuned models can recognize both the category of an entity and its
related manufacturing process from the test input without any demon-
stration, reducing the time and token consumption when the number
of paragraphs to be processed is large.
5 
Table 2
The hyperparameters of fine-tuning.

Fine-tuning hyperparameter Value

model gpt-3.5-turbo-0125
num_epochs 4
batch_size 1
learning_rate_multiplier 2

Fig. 4. The comparison between candidate taxonomy and integrated taxonomy.

The format of training data followed the specification of LLM used.
or example, each training data for fine-tuning an OpenAI’s conversa-
ional chat completion model should be a message containing a system
rompt, a user prompt, and an assistant prompt, sharing the same
ontents with the task description, input, and output of ICL approach,
espectively. Only the last sentence of ICL task description — ‘‘Here
re some examples’’ was removed in the system prompt of fine-tuning.
hese data were uploaded to the API for training preparation.

In this case, we fine-tuned GPT-3.5-turbo as an example since more
dvanced models were not accessible for fine-tuning. The hyperpa-

rameters of fine-tuning mainly include number of epochs, batch size,
and learning rate multiplier, as shown in Table 2. To avoid overfitting
problem, we used smaller dataset and fewer training epochs in the
beginning stage and increased these numbers gradually while observing
the training performance. The deployment method of the fine-tuning
model was the same with the original LLM, sharing the model hyperpa-
rameters illustrated in Table 1. The prompt containing task description
and the test input was fed into the fine-tuned GPT-3.5 to classify entities
related to FDM into the taxonomy without any demonstration.

4. Results and evaluation

4.1. Taxonomy customization

We used GPT-4 to generate 10 candidate FDM taxonomies through
RAG to mitigate hallucination, and integrated them to improve the
stability. The temperature of GPT-4 was kept at 0.0 during the entire
process. As shown in Table 3, the integrated taxonomy contains 18
categories with subcategories and examples of each.

To evaluate the effectiveness of integration, we asked 2 FDM experts
to rank the candidates and the integrated taxonomy in accuracy, rele-
vance, completeness, clarity, and non-redundancy. For comparison, the
rankings were converted into scores, with the first place corresponding
to 10 and the eleventh corresponding to 0, and the scores of each
metric given by two experts were averaged. The evaluation results
are illustrated in Fig. 4, including the highest score achieved in each
metric among all the candidate taxonomies, the performance of the
est candidate which obtained the highest total points in 5 metrics,

and the scores achieved by the integrated taxonomy. The ranking
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Table 3
The integrated taxonomy of FDM.

No Categories Subcategories and examples

1 Printing Equipment Printer: brands, models and types; Components: extruder, print bed, nozzle, cooling system
2 Material Types Thermoplastic: PLA, ABS, PETG, TPU; Composites
3 Printing Parameters Layer Height and resolution, print speed, extrusion and bed temperature, infill pattern
4 Software Concepts Software: CAD, slicing, G-code generation and simulation; File formats: STL, OBJ
5 Product Metrics Surface finish; Dimensional accuracy; Mechanical properties: strength
6 Common Issues Warping, stringing, layer misalignment
7 Post-processing Techniques Sanding, painting, gluing, assembly, chemical treatments
8 Applications Prototyping; Education; Artistic creation; Industry: automotive, aerospace, medical
9 Standards and Regulations Safety and quality standards: ISO, ASTM; Testing standards; Environmental regulations
10 3D Design and Modeling Geometry terms; Design principles
11 Maintenance and Troubleshooting Calibration, bed Leveling, nozzle cleaning
12 Technical Specifications Printer Dimensions; Filament specifications
13 Environment and Sustainability Recyclability, energy consumption, biodegradability, emission
14 Safety and Health Health hazards: fumes, UV exposure; Safety equipment: fume extractors
15 Community and Education Forums, communities, user groups, educational resources, tutorials
16 Costs and Pricing Costs: printer, material; Expenses: operating, maintenance
17 Market and Industry Manufacturers; Distributors; Consumers
18 Innovation and Trends Emerging technologies; New materials; Market Trends; Research Topics
results showcase the integrated FDM taxonomy has better performance
than all the candidates in each metric except non-redundancy, and
its overall performance far surpasses the best candidate taxonomy. To
demonstrate the effectiveness of our domain-specific NER approaches,
we selected the first 10 classes of integrated taxonomy for recognition,
from FDM equipment to 3D design and modeling, since they were more
widely discussed in the FDM academic materials while the other classes
were not frequently mentioned.

4.2. NER results

We labeled 300 input texts for training set, with 235 texts from the
corpus and 65 generated by GPT-4. Meanwhile, the task description was
added in each training sample of fine-tuning, while the analysis was
inserted between corresponding input and output of each ICL sample.
For the test input, 100 entire paragraphs were randomly selected from
the rest part of the corpus.

The ICL approach was deployed with Llama-2, GPT-3.5, GPT-4,
and Claude-3-opus, respectively. The hyperparameters of Llama-2 were
different from other models, with temperature of 0.01, top_k of 0. From
the entire test set, Claude-3-opus + ICL found 1264 FDM-related entities
of predefined 10 classes. Fig. 5 illustrates an output of Claude-3-opus +
ICL (context-level KNN, k=20, simple style), in which only the entities
related to FDM are labeled with symbols corresponding to their classes,
while the entities related to other processes such as SLA and SLM are
not labeled, though these entities belong to the classes defined in the
taxonomy. The performances of GPT-4 + ICL and the fine-tuned model
in this example text were the same, demonstrating the effectiveness
of our framework in process-level NER. Recognition of these process-
specific entities is key knowledge for getting started with the FDM
technique.

The comparison between the performances of fine-tuned model, ICL
approach (context-level KNN, k=20, simple style), and baseline model
BERT-MRC is shown in Fig. 6. Even the amount of training data was
very limited, the advanced LLMs such as GPT series, Claude-3, and
fine-tuned model based on GPT-3.5 were still impressive. Among them,
GPT-4 + ICL, Claude-3-opus + ICL, and fine-tuned GPT-3.5 outper-
formed the baseline model BERT-MRC, illustrating the effectiveness of
LLM-based NER approaches in data-limited scenarios. According to the
previous research, the performance of the baseline model would in-
crease with more training data provided. Claude-3-opus + ICL achieved
the best result with F1 value of 0.915, owing to its remarkable recall
rate of 0.918, which is 0.185 above the second place, GPT-4. These
results was reasonable as Claude-3-opus and GPT-4 were advanced in
most generation tasks. The fine-tuned model significantly outperformed
its original model GPT-3.5 + ICL with the F1 value of 0.782 vs 0.350,
which was also close to the ICL approach with more advanced original
6 
Fig. 5. An example of process-level manufacturing NER by our framework.

Fig. 6. F1 score comparison between ICL approaches, fine-tuned model and BERT-MRC.

model GPT-4, with only 0.03 lower in F1 value, revealing fine-tuning
approach is another promising way for domain-specific NER, and may
have better performance than the ICL approach with the same orig-
inal model. The limited demonstrations in ICL prompt and the full
utilization of all the training data in fine-tuning could explain this
phenomenon.

Fig. 7 illustrates the enhancement in NER performance as the k
value increases in the ICL approach and compares the performances
of Claude-3-opus + ICL (simple style) with different retrieval modules,
demonstrating that the context-level KNN retrieval is always better
than the random retrieval. When k = 2, the KNN retrieval module
outperformed the random retrieval module by about 0.0783 in F1
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Fig. 7. The comparison on retrieval modules with Claude-3-opus + ICL approach
simple style).

Table 4
The comparison on different prompt styles with Claude-3-opus + ICL approach (context-
level KNN, K=20).

Prompt Style Precision Recall F1

Simple Style 0.9119 0.9177 0.9148
CoT Style 0.9206 0.9177 0.9192

value, which grew to 0.1763 when k = 20. It suggested using demon-
strations closer to the input in the embedding space notably improved
the performance of LLM + ICL approach. We also tested the k = 0
scenario which involves directly using Claude-3-opus without ICL for
process-level NER. However, the performance was quite poor since the
LLM could not understand the annotation style described in the task
escription without any demonstration, leading to several issues. For
xample, most input texts were not correctly reproduced in the outputs,
any symbol pairs were added to the same side of their corresponding

ntities, and the entities in the middle of the input text were often
issed in recognition. Thus, calculating the F1 value for k = 0 scenario
as impossible.

We also explored the influence of different prompt styles on the per-
formance. As shown in Table 4, with KNN retrieval configuration and
 = 20, the Claude-3-opus + ICL approach with CoT prompt increases

the precision by 0.0087 than the simple prompt. This performance
indicated the effectiveness of the analysis component in mitigating
wrong labeling by assisting reasoning of LLMs.
7 
4.3. NER approaches comparison and selection

Based on our experiment, the ICL approach and the fine-tuning
approach are both suitable for process-level NER, but they perform
ifferently under various configurations. Firstly, the ICL approach is
ore suit to small-scale since it does not require training a new model,
hile fine-tuning approach is more suitable for batch processing since

ts prompt requires no demonstration, reducing time and token con-
umption. Meanwhile, the number of demonstrations used in the ICL
pproach is limited by the LLM’s character limit, which is usually less
han 10,000. In contrast, the fine-tuned model leverage a larger amount
f training data, often leading to better performance when ample data
re available for training.

4.4. Knowledge absorption

These performances demonstrated the effectiveness of our frame-
work in recognizing domain-specific manufacturing entities, which
contain plenty of knowledge about the specific manufacturing process.
For example, as illustrated in Table 5, we rank FDM-related entities of
each class by the number of times they were mentioned in the test set,
evealing important information provided by the texts, including the
ajor printing materials, the key printing parameters, the most com-
on issues, etc. According to the texts, the most used FDM materials
ere thermoplastics, the major applications of FDM were involved in
rototyping and biomedical field, while poor surface quality and warp-
ng were the most mentioned issues which should be concerned. By
eeping the corpus up to date, this information can promote upskilling
f FDM engineer, assist in parsing additive manufacturing report, and
erve as a checklist for FDM process design and troubleshooting.

Besides FDM, this NER framework can be adopted in other manu-
acturing processes by building corpus of other domains and adjusting
he taxonomy generation prompt, providing essential knowledge to

improve the production process and employee ability.

5. Discussion and conclusion

This work achieves the recognition of process-level manufacturing
entities with minimal training data by an LLM-based domain-specific
NER framework, enabling manufacturing knowledge extraction from
natural language texts. By leveraging the internalized manufacturing
knowledge of LLM and the expert domain knowledge in academic mate-
rials through RAG, our work begins with the automated customization
of process-level taxonomy instead of designing taxonomy by expert. We
introduce two NER approaches based on ICL and fine-tuning, respec-
tively. Both of them can accurately recognize the entities related to a
specific manufacturing domain and divide them into categories defined
by the taxonomy with very scarce training data. Since the training set
is extremely small, their performances maybe further increased with

more samples added. We also compare their advantages and limitations
Table 5
The most frequently mentioned FDM-related entities of each class recognized by Claude-3-opus + ICL approach (context-level KNN, K=20, CoT
style).

Material type Application Product metric Printing parameter Post-processing technique

PLA prototype mechanical properties layer thickness painting
ABS biomedicine tensile strength temperature coating
Polymer scaffold surface roughness raster angle heating
PC tissue engineering surface finish layer height vapor deposition
thermalplastics biomedical application build time nozzle diameter chemical treatment

Printing equipment Common issue Software concept Design aStandard

FDM machine poor surface quality STL file shape ISO 178
nozzle warping .gcode size ASTM D638
printer defects CAD geometry ASTM D2344M
liquefier head weak interlayer bonding SML internal structure ASTM F2792
hot-end printing lines Slic3r support ISO/ASTM 52901:2017

a All the entities of the standard class only occurs once in the NER result of test set.
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to provide suggestions for method selection in different scenarios. At
last, we give an example of leveraging the NER framework to acquire
process-level manufacturing knowledge from natural language corpus.
Some key knowledge of a certain manufacturing process is implied in
the extracted entities, which is important for forming an overview of a
pecific manufacturing technique and assisting manufacturing process

design and optimization.
For the future work, the application of RAG in corpus construction

s worth exploring. A possible direction is building a vector database of
he whole papers and books and using LLMs to generate texts based
n the vector database through RAG. These texts may have higher
uality than the paragraphs directly extracted from academic materials.
oreover, this LLM-based NER framework is a cornerstone of process-

evel manufacturing knowledge graph construction. After linking the
xtracted entities by their relationships, the knowledge graph can
erve as a process-level manufacturing knowledge base for employee
pskilling, decision making, and process optimization. By applying
LMs in both process-level NER and relation extraction, it is possible to
evelop an end-to-end process-specific manufacturing knowledge graph
onstruction framework.
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