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Abstract

Named Entity Recognition (NER) is a necessary task for automatic processing of construction
documents. In traditional methods, machine learning has been used, but they rely on large high-quality
datasets that are manually made and costly to obtain. Therefore, this paper proposes a method of NER
based on fine-tuning of Large Language Models (LLMs) for information extraction of construction
documents. Firstly, low-quality datasets are semi-automatically generated from national standards,
professional qualification textbooks, input method editor lexicons, including a generation-type dataset,
a tagging-type dataset, and a question-answering dataset. Then, the above datasets are used to fine-
tune an LLM for NER of structural elements to obtain optimal parametric conditions for fine-tuning.
Finally, the optimal conditions are used to fine-tune the LLM and the latter was evaluated manually
based on an established dataset and evaluation rules. The accuracy and completeness of the method
are significantly improved compared to the LLM before fine-tuning, proving that the method works well.
The research contributes to providing a more efficient method for automatic processing of construction
documents.
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1. Introduction

Construction documents, such as construction organization plans, construction logs and safety reports,
are important assets of construction enterprises for reuse in the projects of building construction. On the
one hand, construction enterprises need to manage hundreds and thousands of projects, and each
project has hundreds and thousands of construction documents. As the number of projects increases,
managing so much documents can become challenging. Especially, retrieving specific documents from
a vast collection can be very time-consuming and laborious. On the other hand, as projects are finished,
knowledge of construction accumulates at both project and enterprise levels. Currently, because there
is a lack of efficient methods for the retrieval of construction documents, it is difficult for the enterprises
to utilize knowledge from the past effectively by either directly referring to documents or using big data
technologies. To address the challenges, researchers have begun to apply Natural Language
Processing (NLP) to automate or semi-automate information extraction of construction documents.

As a fundamental task for NLP, Named Entity Recognition (NER) is used to automatically extract named
entities of specific categories from text, such as personal names, place names, proper nouns. Through
NER, computers can identify important information or research objects from sentences expressed in
natural language. Extracted named entities are normally critical not only for tasks such as text
classification, text filtering, and establishment of lexicons, but also for other complex analysis or
calculations. For example, Kim et.al [1] carried out NER about causes, losses and locations of accidents
from safety reports to estimate potential construction risks. Zheng et. al [2] conducted NER about the



constrained elements, content and preconditions in building fire protection standards for compliance
check automatically. Ko et. al [3] did NER about changes, objects and losses from construction changes
documents to infer potential construction changes in current project.

Existing commonly used NER methods are mainly based on statistics, logical rules, and machine
learning [4]. However, applying these methods to construction documents still relies on large amounts
of manual works including designing statistic features and logical patterns or rules, as well as manually
tagging datasets for machine learning. Among them, the most promising category of methods is that
based on machine learning, such as Bi-LSTM and CRF, but they are costly because they require high-
quality datasets. For example, to establish a high-quality dataset using BIO tags, manual or specifically
designed algorithm are required to accurately tag the Beginning (B), the Inside (I) words of named
entities and words Outside (O) of named entities in sentences. Different B and | tags are needed to
distinguish different types of named entities. If there comes a new type of named entity, new datasets
and retraining of models are needed. Additionally, because various departments are involved in
construction, the sources and types of named entities are complex, while open access datasets are rare
and difficult to reuse. For Chinese NER, datasets are even harder to find. This situation hinders the use
of NER method based on machine learning in the construction up to now.

LLMs has provided powerful new tools for NER and reduced the datasets requirements for training
models [5]. LLMs represent large deep learning language models that have undergone extensive pre-
training [6], typically with billions or even hundreds of billions of parameters. By full fine-tuning or
parameter efficient fine-tuning, LLMs can perform various NLP tasks such as NER, question- answering,
and text classification. Since 2023, generative LLMs, represented by GPT-4 (Generative Pre-training
Transformer-4), have shown impressive performance. Currently, commonly used LLMs are all
generative LLMs [7]. They are expected to generate answers corresponding to prompts, and can
perform NER simply by modifying the prompts without fine-tuning. If fine-tuned, they are expected to
achieve much better results in specialized domains. In addition, it has been indicated that LLMs fine-
tuning worked even using low-quality datasets, including datasets semi-automatically generated based
on logical rules [8], datasets automatically generated by other LLMs [9], and even datasets generated
by the same LLMs before fine-tuning [10, 11].

Therefore, this paper proposes a method of NER based on fine-tuning of LLMs for information extraction
of construction documents. Firstly, low-quality datasets are semi-automatically generated from national
standards, professional qualification textbooks and input method editor lexicons, including generation-
type datasets, tagging-type datasets, and question-answering datasets. Then, the above datasets are
mixed to fine-tune an LLM called ChatGLM3-6B to obtain optimal parametric conditions for fine-tuning.
Finally, the LLM that has been fine-tuned under the optimal conditions was evaluated manually based
on an established dataset and evaluation rules. The accuracy and completeness of the method are
significantly improved compared to the LLM before fine-tuning to validate the effectiveness of the
proposed method.

2. Related works
2.1. NER based on traditional machine learning models

NER based on traditional machine learning models can be mainly categorized into 3 types [12].

e Seguence tagging based NER. For example, the Bi-LSTM-CRF proposed by [13]. The input of this
model are natural language sentences, and the output is a sequence of tags for each word. For
instance, when using BIO tags with N types of named entities, the model predicts the probability of
each word being tagged as one of 2N + 1 possible tags (N types of B tags, N types of | tags, and
the O tag) and tag the word with the highest probability. For model training, high-quality datasets
with BIO tags are a must.

o Position extraction and text classification based two-stage NER. For example, the Biaffine-NER
proposed by [14]. This method enumerates possible positions of named entities in the sentences,
and then classify the words at these positions belongs to which type of named entities. This method



can handle nested named entities well but has high computational complexity, making it difficult to
manage long named entities.

e Generation based NER. For example, Yan et. al [15] used the generative model BART for NER.
The model takes natural language sentences as input and generates outputs composed of named
entities and separating tags. This method has similar dataset requirements to sequence tagging
based NER but does not require the model to output words outside named entities.

Currently, for construction documents, NER based on traditional machine learning models are generally
sequence tagging based. For instance, Moon et. al [16] used RNN to recognize named entities such as
bridge components and damage causes from inspection reports. Jeon et. al [17] employed BERT to
recognize 23 types of named entities in building MEP maintenance reports. Tang et. al [18] compared
models including CRF, Bi-LSTM, and Bi-LSTM+CRF to recognize named entities related to cost-
estimation from construction punch list.

2.2. NER based on LLMs

In such fields as biology, chemistry, medicine, and literature, researchers have already applied LLMs to
NER. According to the form of prompts, NER based on LLMs can be divided into tagging-type NER and
generation-type NER. Prompts of the former describe the definitions of the named entities, provide a
target sentence, and instruct an LLM to output the target sentence with separation tags or special
symbols added before and after the named entities. Prompts of the latter describe the definitions of the
named entities, provide a target sentence, and instruct the LLM to directly output the named entities.

Some researchers have not fine-tuned the LLMs. For example, Jung et. al [19] did prompt engineering
on ChatGPT-4 for NER of biochemical named entities, achieving a precision of 0.836 in tests on five
scientific papers. Yang et. al [20] compared the performance of ChatGPT with traditional machine
learning models like Bi-LSTM and LSTM+CRF in NER of diseases, finding that ChatGPT outperformed
traditional models on the CMeEE and cMedQANER datasets, with precision of 0.72 and 0.84. Tsitseklis
et. al [21] used ChatGPT for tagging-type NER of hamed entities related to biological museum exhibits,
achieving a precision of 0.92. Hu et. al [22] compared the performance among GPT-4, LLaMA, and
ChatGLM on generation-type NER for classical Chinese named entities, with GPT-4 showing the best,
achieving a F1 score (the harmonic mean of precision and recall) of 0.65.

Some researchers fine-tuned the LLMs. For example, Zhao et. al [23] fine-tuned GPT-3 for generation-
type NER of organic chemical named entities, achieving a precision of 0.81. Keloth et. al [24] fine-tuned
LLaMA for tagging-type NER of diseases, biochemicals, and genes, finding that LLMs fine-tuned with 3
NER datasets performed better on recognizing all 3 types of named entities than LLMs fine-tuned with
a single dataset. Luo et. al [25] fine-tuned Qwen-7b using 140 medicine NLP datasets, enhancing its
performance across various NLP tasks, achieving a precision of 0.76 in generation-type NER.

It seems that in biology, chemistry and medicine, LLMs without fine-tuning can perform comparably to
traditional machine learning models. Moreover, LLMs that have been fine-tuned with high-quality
datasets exhibit stronger on NER in specialized domains, but the cost to establish is also big while some
of the datasets are available publicly. For example, for the medicine NER dataset CMeEE, 32 experts
participated in the tagging, 2.2 million words are tagged, and the dataset has been downloaded over
20,000 times [26].

In contrast, there is a lack of open access high-quality datasets about the building construction. In most
case, researchers started their research by creating their own high-quality datasets [1, 2, 3, 16, 17, 18].
Consequently, NER based on LLMs from other fields are not easily applicable to construction
documents. Additionally, when using low-quality datasets for fine-tuning, it remains to be found out which
prompt format is suitable.



3. Methodology
3.1. Establish low-quality datasets semi-automatically

This paper focuses on structural elements, because it frequently appears in construction documents
and are commonly concerned by researchers for code compliance check [2], cost estimation [18], etc.

This paper establishes 3 datasets: a generation-type dataset, a tagging-type dataset, and a question-
answering dataset. The generation-type and tagging-type dataset are NER datasets, used for fine-
tuning an LLM to enhance its NER capabilities. Examples of data included in these datasets are shown
in Figures 1 and 2. The question-answering dataset is used for the fine-tuning of the LLM jointly with the
NER datasets. An example of its data is shown in Figure 3. Generally, to fine-tune the LLM to perform
NER, NER datasets alone is sufficient, like research in [23, 24]. However, considering that using diverse
data from various sources for different tasks like NER, question-answering, text classification, and
relation extraction might better improve LLMs in specialized domains [25, 27], this paper also employs
a question-answering dataset jointly with the NER datasets to test if it can improve the LLM on NER.

Because LLMs can only produce low quality of NER datasets [28], this study employs a semi-automatic
method to establish the generation-type and tagging-type datasets to achieve better fine-tuning results.
Nonetheless, both generated datasets are still considered low-quality datasets because they are created
using computer systems.

The process of establishing the generation-type and tagging-type datasets involves the following 4
steps.

e Step 1 Collect raw corpus: 289 Chinese national standards related to structures, 4 professional
qualification textbooks, and 3 building construction lexicons from Chinese input method editors are
collected as the raw corpus.

e Step 2 Process raw corpus: Data cleaning was performed on the raw corpus, including text
deduplication, removal of special symbols, and elimination of tables. The standards and textbooks
were segmented into sentences, resulting in the establishment of standard corpus, textbook corpus,
and lexicon corpus.

¢ Step 3 Establish named entity set: Using a regex-based extraction algorithm, approximately 3,700
named entities were extracted from the lexicon corpus and the "Terms and Symbols" sections of
the standards corpus. After manual screening, 335 structural elements named entities were
retained, forming a named entity set.

e Step 4 Create datasets: A string matching algorithm was used to detect the presence of the named
entities included in the named entity set within the sentences of the standards corpus. If a named
entity was found, the sentence was used to create positive case data; otherwise, it was used to
create negative case data. These data were then automatically used to create the generation-type
and tagging-type datasets by using specific templates. Each dataset contained 6,729 positive cases
and 6,000 negative cases, with approximately 2.5 million words covering 303 named entities from
the named entity set. It deserves to explain that the initial amount of negative cases in the
standards corpus was about 1,000 times that of the positive cases. So, only a similar magnitude of
negative cases to positive cases are randomly sampled.

In establishing the question-answering dataset, this research utilized the question-answering dataset
mining feature based on ERNIE-3.0 provided by Baidu Qianfan Al Cloud Platform [29]. The standards
corpus and textbook corpus were input into ERNIE-3.0 in the form of segmented sentences to
automatically generate the question-answering dataset. It is noteworthy that the textbook corpus was
not used when creating the NER datasets because it was reserved for validation dataset. The reason
for choosing this platform is that Baidu, the platform provider, is a leading company with a self-developed
Chinese LLM. Using an excellent LLM with hundreds of billions of parameters like ERNIE-3.0 through
its platform is cost-effective and does not require additional hardware or software. A question-answering
dataset containing 63,597 data are generated. The generated questions by using an LLM might have



conceptual errors, and the answers might be inaccurate or incomplete, thus this dataset is also low-
quality.

Prompt
BN RIEREASWHEHEE. EAFEXENE, BEE RAXENERE] .

(Please extract the words about structural elements from the provided sentence. If such words do not in the y
sentence, answer [no such words].)

REB/BENEATFR: [MERREEAREN, REFSERESET L™, W: FAHSME, s RmEE.
AHBEA . FWAER, FEER, MARREFaENt. IANEEEREE, SEEEEREMHFFHN
WARRE, BHEF)ESESRNARAT L BENSHER] .

(The provided sentence is: [Prefabricated assembly structures refers to a structural system where some components
are manufactured in the factory. These components include prefabricated exterior walls, prefabricated interior
partition walls, semi-prefabricated balconies, semi-prefabricated floor slabs, semi-prefabricated beams,
prefabricated stairs, and other prefabricated elements. Once transported to the construction site, these
prefabricated components are assembled with the main vertical load-bearing components (such as prefabricated or
cast-in-place beams, columns, and shear walls) and integrated into a unified structural system through the
composite cast-in-place floor slab. ] )

Answer

| TEISME, FIRIGMREE, EREHAR, EEAR, BEEE, IURE, BhE, SARWRRIR
(Prefabricated exterior walls, prefabricated internal partition walls, semi-prefabricated floor slabs, semi-
prefabricated beams, prefabricated stairs, cast-in-place beams, shear walls, composite cast-in-place floor slab)

Fig. 1. Example of data included in generation-type dataset.

Prompt

WE THAAT PR ERTEASHMRENIEE. HEEENN<THE>, EEENREN<SR>#ETIHRC. &
RERRENT, WRBIRL., )
(Please find the words representing structural elements in the following sentence. Mark the sentence with <start>
before such word and <end> after such word. If such words do not exist, no marking is needed. )

RENATFOT: [=, EXFRITSHEEZRLEISNRERELBEFRTHETC30. F—RIEIHERA
HWRELE. WERELE] .

(The provided sentence is as follows: [Frame Column Design and Construction Requirements: 1. The concrete
strength grade of frame columns should not be lower than C30. The special grade frame column should use steel-
reinforced concrete columns, concrete-filled steel tube columns. | )

Answer

| <FHE>ESCHE<ER>BIT SMEER: 1<FB>-EXH<ER>NERLBEFRINETC30. KH—R<FFH
SEXH<HER>ERA<FE>ERRRIE <SR, <SFE-WERBLE<SER>.
(<Start> Frame Column <End> Design and Construction Requirements: 1. The concrete strength grade of<Start>
frame columns <End> should not be lower than C30. The special grade <Start> frame column <End> should use
<Start> steel-reinforced concrete columns <End>, <Start> concrete-filled steel tube columns<End>.)

Fig. 2. Example of data included in tagging-type dataset.

Prompt
WTFRATREEED, BPEANRTESSBEEER?

f
(In design of the retaining structure in Up-Down Method underground construction what should be considered?)

Answer

| ERTRATRERELT, BERSANRTESSEIRSF. REAX, BIHEFEE. W,
(BASHEBEEMEAME) GB55003-2021 3 BF EHMITH EH A EMNMERER,
(During the Up-Down Method underground construction, the design of retaining structures should
consider factors such as construction sequence, excavation method, and construction progress.
Furthermore, the General Specification for Building and Municipal Foundation GB55003-2021
provides detailed regulations and requirements for the design and selection of retaining structures.)

Fig. 3. Example of data included in question-answering dataset.

3.2. LoRA fine-tuning on ChatGLM3-6B

ChatGLM3 [30] is an open-source pre-trained LLM released by Zhipu Al and the KEG lab at Tsinghua
University. ChatGLM3-6B, a version of ChatGLM3 with 6.2 billion parameters, is smaller in size, easier
to deploy, and ranks first among general open-source LLMs under 10 billion parameters in Chinese NLP
tasks according to C-Eval [31]. Therefore, this research chose ChatGLM3-6B as the base LLM.

Methods for fine-tuning of LLMs include normally full fine-tuning, prefix tuning, LORA, and adapters [32].
LoRA (Low-Rank Adaptation), proposed in 2021, is a parameter efficient fine-tuning method [33]. For
instance, when the full fine-tuning needs a parameters update matrix of size s x d, LORA approximates
this by training two smaller matrices of size s X r and r X d, in which r « min (s, d). This significantly



reduces the number of parameters fine-tuned. The LORA method enables individual researchers to fine-
tune LLMs without excessive computational resources, thus reducing time and computational costs.
This study chose LoRA because it is early-established and effective, with many open-source Chinese
LLMs like ChatGLM, Qwen, and LLaMA-Chinese natively supporting LORA fine-tuning.

In this research, the open-source code of ChatGLM3-6B was downloaded, deployed locally, and its pre-
trained weights were loaded. This required 14GB of disk and a RTX 4090D GPU with 24GB of VRAM
for LORA fine-tuning. The average fine-tuning time per data was between 1 to 2 seconds.

3.3. Fine-tuning experiments

This research conducted 3 groups of fine-tuning experiments to obtain optimal conditions for fine-tuning.

e Group 1: This group varied the ratio of data used for fine-tuning from the generation-type and
tagging-type datasets, aiming to compare which dataset composition is more beneficial for NER.
This group used 6000 positive cases for fine-tuning, with ratios of 0%, 20%, 40%, 50%, 60%, 80%,
and 100% from the tagging-type dataset, and the remainder from the generation-type dataset.

e Group 2: This group varied the ratio of positive and negative cases used for fine-tuning, aiming to
explore how to set the negative cases to reduce hallucinations and prevent the LLM from fabricating
hallucination when positive cases are much smaller than negative cases. The hallucination refers to
the LLMs generating seemingly reasonable but incorrect outputs. This group used the generation-
type dataset, with 6000 positive cases and 0, 500, 1000, ..., 3000 negative cases.

e Group 3: This group varied the ratio of data used for fine-tuning from the generation-type and
guestion-answering datasets, aiming to explore whether it is possible to use easily accessible
guestion-answering dataset to replace the more difficult-to-obtain NER dataset. This group used a
total of 6,000 data in which the data from the question-answering dataset varied from 0 to 5,000 in
increments of 1,000, and the remain are from the generation-type dataset.

After determining the optimal fine-tuning condition in each group, this research combined the conditions
to fine-tune ChatGLM3-6B and tested its capabilities on NER of structural elements in textbook corpus.

The fine-tuning set the same hyperparameters, which have been validated to prevent overfitting and
catastrophic forgetting, and the fine-tuning loss function has stabilized. Specifically, the fine-tuning was
conducted with 2 epochs, a learning rate of 0.00005, a cosine learning rate decay strategy, and 8
gradient accumulation steps. For LORA method, the LORA rank was set to 8, the LORA alpha was set to
16 recommended in [33], and a dropout of 0.1. Furthermore, 10% of the data from the fine-tuning dataset
was reserved as the test set. Testing was conducted every 200 steps during fine-tuning, and the best-
performing LLM was retained. This facilitates comparison under different conditions.

3.4. Evaluation of controlled experiments

Due to the lack of high-quality data sets, this research evaluated the fine-tuning effect of the LLM by
manual scoring. Referring to a literature [34], the standard of manual scoring is designed, which includes
3 dimensions: completeness, accuracy and stability. The completeness refers to whether the LLM
answers the question comprehensively, which reflects the recall. The accuracy refers to whether the
LLM answers correctly, which reflects the precision. The stability refers to whether the answer of the
LLM can be understood or produces no harmful information, reflecting whether the LLM generates
hallucination or errors. Each dimension was assigned values of 0, 0.5, or 1, and specific scoring criteria
were designed as follows, considering the requirements of the NER task.

o Completeness: A score of 0 indicates that less than 20% of the named entities were recognized in
the positive cases, or that negative cases were mistakenly identified as positive. A score of 1
indicates that more than 80% of the named entities were recognized in the positive cases, or that
negative cases were correctly identified. Other cases receive a score of 0.5.



e Accuracy: A score of 0 indicates that none of the recognized named entities are correct. A score of
1 indicates that all recognized named entities are correct. Other cases receive a score of 0.5.

¢ Stability: A score of O indicates that the named entities recognized by the LLM are all hallucinations
that do not correspond to the prompts, or that loop words occur. A score of 1 indicates that all
named entities recognized can be found in the prompts. Other cases receive a score of 0.5.

The evaluation consists of 3 steps. First, the textbook corpus is used to generate a validation dataset of
generation-type. Totally, 35 positive cases are manually selected containing the most named entities
and the most total words of named entities, and 15 negative cases are randomly sampled. The prompts
were answered manually to create the validation dataset. Then, the fine-tuned LLM was used to answer
the prompts in the validation dataset. For the responses, the word selection strategy used in generating
text by the LLM followed the default setting of ChatGLM3-6B, where the threshold for the Top-p sampling
strategy was set to 0.7 and the coefficient for the temperature sampling strategy was set to 0.95. Finally,
manual comparisons were made between the human and LLM answers, and scores were assigned.

4. Evaluation

The results of Group 1 are shown in Tables 1 and 2. The comparison between Tables 1 and 2 reveal
that, under the premise of fine-tuning with positive case data, the performance of the LLM in
completeness and accuracy is generally higher in tagging-type NER compared to generation-type NER.
It is worth noting the data in the first row of Table 1, where the LLM tends to adopt a conservative
strategy, providing answers with just one short named entity, but with high accuracy. For instance,
regarding the named entities ‘sheet pile retaining wall’, ‘interlocking piles retaining wall’ and ‘gravity
retaining wall’ in a sentence, the LLM only tags ‘retaining wall’, leading to high accuracy but the lowest
completeness. This strategy also results in higher accuracy in the negative case data, as it can directly
answer sentences without any tag. As for the generation-type NER, the LLM failed to recognize negative
cases (0 completeness). For example, in the last row of Table 2, among the answers to the 15 negative
cases, 11 are with an incorrect named entity, such as "chimney" and "rolled material," and 4 are
hallucinations with a named entity that is correct but not mentioned in the provided sentence, such as
‘concrete component’ when neither ‘concrete’ and ‘component’ were not mentioned. This group
demonstrates that negative case data is indispensable.

Table 1. Results of Group 1 (fine-tuned LLM preforms tagging-type NER).

) . " Average in positive case data Average in negative case data
Fine-tuning condition o .
completeness accuracy stability completeness accuracy  stability

6000 tagging-type&0 generation-type 0.386 0.971 1.000 0.933 0.867 0.000
4800 tagging-type&1200 generation-type 0.353 0.897 1.000 0.813 0.875 0.938
3600 tagging-type&2400 generation-type 0.300 0.700 1.000 0.438 0.531 0.875
3000 tagging-type&3000 generation-type 0.314 0.686 0.971 0.250 0.344 1.000
2400 tagging-type&3600 generation-type 0.257 0.514 0.986 0.281 0.344 0.800
1200 tagging-type&4800 generation-type 0.271 0.514 0.629 0.063 0.125 0.688

Table 2. Results of Group 1 (fine-tuned LLM preforms generation-type NER).

) . N Average in positive case data Average in negative case data
Fine-tuning condition
completeness  accuracy  stability completeness accuracy stability
4800 tagging-type&1200 generation-type 0.414 0.914 0.914 0.000 0.167 0.800
3600 tagging-type&2400 generation-type 0.414 0.929 0.986 0.000 0.333 0.600
3000 tagging-type&3000 generation-type 0.371 0.929 0.986 0.000 0.200 0.800
2400 tagging-type&3600 generation-type 0.400 0.943 0.971 0.000 0.267 0.667
1200 tagging-type&4800 generation-type 0.414 0.914 0.971 0.000 0.433 0.600
0 tagging-type&6000 generation-type 0.429 0.914 0.957 0.000 0.333 0.533

The results of Group 2 are shown in Figure 4. It shows that by using negative case data equivalent to
only 1/12 of the positive case data, the fine-tuned LLM start to recognize negative cases, thus avoiding



hallucinations. The accuracy and stability of the LLM in positive case data can be improved with negative
case data when negative cases do not exceed 1/3 that of positive ones. The best results are achieved
when it is 1/4. However, when it exceeds 1/3, the completeness reduced comparing to when no negative
case data is added. This is because the negative case data is also of low-quality, containing some
sentences that should have been considered positive cases because they contain named entities not in
established named entity set. With an increase in negative cases, the influence of its low-quality is
amplified, making the LLM more likely to misidentify positive cases as negative cases.

The results of Group 3 are shown in Figure 5. It shows that the use of question-answering dataset can
indeed improve the performance of the LLM on completeness. The best performance is achieved when
the amount of data from the question-answering dataset is equivalent to 1/2 of that from the generation-
type dataset. This implies that in cases when researchers severely lack NER datasets, using question-
answering datasets for fine-tuning can help the LLM learn named entities indirectly. However, the data
used for fine-tuning still needs to be primarily composed of NER datasets (no less than 1/2 of the total),
as otherwise, the LLM may tend to recognize the more common and simpler named entities in the
guestion-answering dataset, reducing the completeness.
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Fig. 4. Results of Group 2 (fine-tuned LLM preforms Fig. 5. Results of Group 3 (fine-tuned LLM preforms
generation-type NER). generation-type NER).

Based on the optimal conditions for fine-tuning from the above 3 groups of experiments, as a controlled
experiment, this research fine-tuned ChatGLM3-6B using 10,500 data, including 6,000 positive cases
and 1,500 cases from the generation-type dataset, and 3,000 data from the question-answering dataset.

The results show a significant improvement compared to the LLM before fine-tuning, as shown in Table
3. Examples of the answer from the LLM before and after fine-tuning are shown in Tables 4 and 5. It
shows that before fine-tuning, the LLM could hardly distinguish structural elements, building materials,
and element attributes, and it generated hallucinations in response to negative cases. After fine-tuning,
the completeness for positive cases improved by 40%, the accuracy nearly doubled, and the stability
remained consistent. For negative cases, completeness improved by 11%, accuracy improved by about
3 times, and completeness improved by 15%. It indicates that the proposed method significantly
improves the recognition accuracy and completeness compared to the LLM before fine-tuning.

Table 3. Results from LLM before and after fine-tuning.

_ ) B Average in positive case data Average in negative case data
Fine-tuning condition . -
completeness accuracy  stability completeness accuracy stability
After 0.514 0.943 0.971 0.800 0.833 1.000

Before 0.368 0.309 0.971 0.067 0.200 0.867




Table 4. Example of positive case from LLM before and after fine-tuning (translated from Chinese).

Please extract the words related to structural elements from provided sentence. If there is no such word,
please answer [There is no such word.]. The provided sentence is: [Figure 13.4.20 Connection between
Reinforced Secondary Beam and Main Beam (2) Reinforced Angle Steel Beam Support Flat Steel Belt
Figure 13.4.21 Connection between Reinforced Frame Beam and Frame Column (1) Section Four
Reinforcement of Cast-in-Place Beams (2) Connection with Transmission Flat Steel Belt or Steel Bar: At the

Prompt frame node, a transmission flat steel belt or steel bar can be used to bypass the outer side of the column,
and welded at the top of the reinforced beam with the reinforced flat steel belt; welded at the bottom of the
reinforced beam with the reinforced angle steel, the cross-sectional area of the transmission flat steel or steel
bar should not be less than the cross-sectional area of the flat steel belt or angle steel on the reinforced
beam, and the influence of its bending angle on the tension should be considered. The bending slope should
not exceed 1:3.]

Answer from  The structural elements are: reinforced secondary beam, main beam, reinforced angle steel beam support,
LLM before transmission flat steel belt, steel bar, frame node, reinforced frame beam, frame column, cast-in-place beam,
fine-tuning transmission flat steel belt or steel bar, reinforced flat steel belt, angle steel, bending angle, bending slope.

Answer from  Frame beam, secondary beam, main beam, angle steel beam, cast-in-place beam, frame column.
LLM after
fine-tuning

Result The correct answer: secondary beam, main beam, frame beam, frame column, cast-in-place beam.

explanation It shows that before fine-tuning, the accuracy was low. After fine-tuning, the accuracy improved significantly.

Table 5. Example of negative case from LLM before and after fine-tuning (translated from Chinese).

Prompt Answer the structural elements in provided sentence. If there is no such word, please answer [There is no
such word.]. The provided sentence is: [(2) Public buildings mainly refer to buildings for various public
activities, including office buildings, cultural and educational buildings, scientific research buildings, medical
buildings, commercial buildings, etc.].

Answer from  Public building structural elements include:
:‘}rl;z';/-lts(;:r?;e Pillar: A structural element that supports the building, usually used for bearing weight.
Wall: The enclosing structure of a building, including load-bearing walls and non-load-bearing walls.
Floor Slab: A structural element that connects the upper levels of a building to support the weight above.
Beam: A structural element that connects the upper levels of a building to support the weight above.
Roof Truss: A structural element that connects the upper levels of a building to support the weight of the roof.

Answer from  There is no such word.
LLM after
fine-tuning

Result The correct answer: there is no such word.

explanation It shows that before fine-tuning, the LLM generated hallucinations and fabricated named entities that did not

exist in the sentence. After fine-tuning, the negative cases were correctly identified.

5. Conclusions

To overcome the problem of high-quality dataset requirements for traditional NER methods on
construction documents, this research proposes an NER method for construction documents based on
fine-tuning of LLMs, in which only low-quality datasets are required. Evaluation of fine-tuning
experimental results have demonstrated the effectiveness of the method, with the NER completeness
improved by 40% and accuracy increased approximately 2 times compared to that before fine-tuning.

It is expected that by using techniques such as few-shot learning and Retrieval-Augmented Generation
(RAG), NER could be more accurate. As future research steps, we will combine these techniques to
make it easier to perform NER in specialized domains with limited datasets based on LLMs. Additionally,
we will validate the transferability of this NER method and explore whether the excellent general
capabilities of LLMs can help to recognize other types of named entities not tagged in the dataset.
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