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Abstract
Objective This paper aims to improve the accuracy of automated extraction of
technical effects from patents. Methods Using ChatGPT as the teacher model
(Teacher-model) and ChatGLM3 as the student model (Student-model), knowl-
edge distillation was employed to fine-tune ChatGLM3 with training data gen-
erated by ChatGPT, yielding multiple technical term extraction models and
effect term extraction models. The multiple technical term extraction models
were used to extract technical terms from the abstract, first claim, and techni-
cal effect paragraphs of patents, respectively, while the effect term extraction
model was used to extract effect terms from the technical effect paragraphs.
Results Compared with ChatGPT, the fine-tuned multiple technical term ex-
traction models and effect term extraction models exhibit high precision and
low recall when extracting technical terms and effect terms. The ChatGLM3
fine-tuned model for the first claim achieved the highest precision and F1-score
at 0.734 and 0.724, respectively. The precision of effect terms extracted by the
effect term extraction model was 0.649, which is higher than the precision of
0.53 for effect terms annotated by commercial tools. Limitations The technical
field and patent language in this study are singular, the validation dataset is
relatively small, and the data cleaning rules need further optimization. Conclu-
sion The proposed scheme in this study enhances the accuracy of large language
models for automated technical effect extraction through knowledge distillation
operations. Additionally, this research can support the mining of cutting-edge
innovative technologies and hot technologies from patent texts, enabling higher-
quality intelligent patent analysis.
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Abstract
[Objective] This paper aims to improve the accuracy of automatic extraction
of technical and function words from patents. [Methods] ChatGPT was em-
ployed as the teacher model and ChatGLM3 as the student model. Through
knowledge distillation, ChatGLM3 was fine-tuned using training data generated
by ChatGPT to obtain multiple technical word extraction models and a func-
tion word extraction model. Multiple technical word extraction models were
used to extract technical words from patent abstracts, first claims, and tech-
nical function paragraphs, while the function word extraction model was used
to extract function words from technical function paragraphs. [Results] Com-
pared with ChatGPT, the fine-tuned models exhibited higher precision and
lower recall when extracting technical and function words. The ChatGLM3
fine-tuned model based on first claims achieved the highest precision and F1-
score at 0.734 and 0.724, respectively. The function word extraction model
achieved a precision of 0.649, surpassing the 0.53 precision of commercial tool
annotations. [Limitations] This study is limited to a single technical field and
patent language, with a relatively small validation dataset; data cleaning rules
require further optimization. [Conclusion] The proposed scheme enhances the
accuracy of large language models for automatic technical and function word
extraction through knowledge distillation. Additionally, this research supports
the mining of cutting-edge and hot technologies from patent texts, enabling
higher-quality intelligent patent analysis.

Keywords: Technical function word extraction; Knowledge distillation; Fine-
tuning model; Semantic similarity matrix
Classification Numbers: TP391, G250

Patents serve as crucial carriers of technological innovation achievements and im-
portant sources of technical intelligence. However, the massive volume of global
patent data poses significant challenges for technical analysis. As unstructured
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text, patents lack uniform description methods or terminology, making it diffi-
cult to extract creative core technologies using simple rules. Current extraction
methods relying on manual annotation cannot meet the demand for rapid anal-
ysis of large-scale patent datasets. The technology-function matrix, also known
as the technical effect matrix, represents a typical patent analysis method for
discovering high-value technologies, analyzing technology hotspots and gaps,
and identifying technological disparities in specific fields. While highly valuable
for patent analysis, technology-function matrices are difficult to construct.

Existing methods for entity extraction from Chinese patents primarily include
keyword extraction, entity relation extraction, technology-function theme ex-
traction, entity disambiguation, key phrase identification, technology theme
analysis, and knowledge graph entity extraction. For technology-function ex-
traction specifically, approaches have included domain knowledge bases or dictio-
naries [1], text segmentation [2], TRIZ theory [3], SAO (Subject-Action-Object)
structures [4], syntactic analysis [5], TF-IDF algorithms [6], and pre-trained
models like BART [7]. Most of these studies employ semi-automated methods
relying on part-of-speech tagging or dictionary construction. With the devel-
opment of large language models, ChatGPT’s ability to understand and learn
human language for dialogue has advanced AI-generated content applications
[8], making it possible to automatically generate required technology-function
content using contextual understanding capabilities [9].

This study leverages large language models through knowledge distillation, using
ChatGPT-generated technical and function words as training corpora to fine-
tune ChatGLM3. We establish technical word extraction models and a function
word extraction model, systematically evaluate multiple technical word extrac-
tion approaches, and compare the accuracy of extracted technical words with
commercial tool annotations to identify the most accurate automatic extraction
method. This improves the accuracy of automatic patent technology-function
extraction, enabling rapid extraction of core patent information and facilitat-
ing comprehension of technical and functional highlights without reading entire
patent documents. The goal is to automatically extract technical and function
words representing core technical solutions for specific problems from patent
texts, assisting in technology-function entity construction and accurately re-
flecting patent technology development trends and distribution patterns.

2.1 Current Status of Text Mining Technology in
Technology-Function Matrix Construction
With advances in computer technology, methods for intelligent extraction of
patent technology-function features continue evolving to better approximate
manual annotation while improving accuracy. In 2012, Chen et al. [10] estab-
lished a feature degree metric to evaluate how well words or phrases represented
technology-function characteristics, filtering out low-feature-degree terms to ex-
tract feature words or technical terms. Chen et al. [11] constructed technology-
function-application matrices by combining text mining with distributed com-
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puting based on manually integrated Derwent patent abstracts. In 2015, HE
et al. [12] applied semantic role labeling to extract patent technology and ef-
fect phrases from advantage sentences. Zhai et al. [13] built a data warehouse
from patent abstracts and utilized Microsoft data analysis services to construct
and multi-dimensionally analyze technology-function diagrams. In 2016, Hu
et al. [14] identified sentences containing technology-function phrases in patent
abstracts, combined dependency parsing rules with phrase rules to calculate
co-occurrence frequencies, and extracted technology-function words.

In 2017, Huang et al. [4] used Stanford parsers and association rules to extract
and separate technology and function information from independent claims to
build technology-function matrices. Duan et al. [15] studied SAO-based analy-
sis methods for technology and function themes, constructing SAO triples from
abstracts to extract technology and function words for patent matrix construc-
tion. In 2018, Amy et al. [16] constructed seven technical indicators and seven
function indicators for grouping mined patent key terms. Deng et al. [17] pro-
posed PaEffExtr, a multi-feature fusion scoring algorithm that leveraged the
distribution of patent effect statements (mostly appearing at abstract ends)
and morphological features (specific cue words), constructing a cue word library
and using scoring methods to extract effect statements from Chinese patents.

In 2020, Wang et al. [18] extracted technical words from three dimensions—
components, technical processes, and functional effects—and calculated term
frequencies. Yang et al. [19] extracted technical words from process patents by
calculating candidate words’IF and IDF values. In 2021, Li et al. [20] extracted
technical solutions and efficacy information from invention content sections in
patent specifications, established technical correlations through similarity calcu-
lation with threshold screening, and constructed technology-function diagrams.
Xiang et al. [21] extracted core technologies from claims and invention content
sections, while extracting functions from the last paragraph of background tech-
nology, the first paragraph of invention content, or the last few paragraphs of
detailed description. In 2022, Shi et al. [22] combined semantic dependency
parsers with pre-trained language models to extract function and technology
phrases from Chinese abstracts. Korobkin et al. [5] extracted multiple tuples
from first claims through syntactic analysis, defining patent functions as“object-
condition-action”and achieving unstructured information extraction. Wanwook
et al. [23] proposed a semi-automated approach using natural language process-
ing to extract key patent technology information and visualize it in matrix form,
using only the first claim as it typically expresses the most important and de-
tailed information containing the overall technical description, allowing users
to confirm whether specific patents contain required technical information and
detect relationships within that information.

For patent text, high frequency does not necessarily indicate core technology
or function words. The accuracy of technical terms captured through term fre-
quency methods requires further validation compared to true core technologies.
However, SAO structure analysis and theme word refinement require expert ex-
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perience, and the process of setting technical and function indicators still relies
on manual judgment. Some studies focus on evaluation metrics for technology-
function matrices, manually interpreting technology and function dimensions
[24] and categorizing data into the “technology-function”matrix framework
without addressing the labor-intensive pain point of matrix construction.

Patent specifications contain extensive information across various sections: back-
ground technology describes current status and technical problems, while em-
bodiment sections detail specific technical solutions. To avoid extracting noisy
information, few studies blindly extract technology or function words from full
texts. Existing research typically extracts technical words from abstracts or first
claims, and function words from abstracts, the last paragraph of background
technology, the first paragraph of invention content, or the last few paragraphs
of detailed description. According to patent examination guidelines, abstracts
are limited to 300 characters, typically including the subject name, portions
of the first claim, and sometimes partial function content. Due to length con-
straints, abstracts usually contain incomplete technical and functional content
compared to first claims and specification descriptions. The first claim includes
a complete technical solution addressing the technical problem, while the last
few paragraphs of invention content provide relatively complete descriptions cor-
responding to the first claim’s technical effects. Although previous studies ex-
tracted technical information from different patent sections, few have compared
extraction effectiveness from different content sections using the same modeling
approach to recommend the most accurate method under uniform standards.
While commercial tools like the Incopat patent database can export function
words for each patent, their accuracy requires further validation. Patent texts
contain large amounts of technical information with poor language structuring,
where definitions, entities, concepts, and description rules are not standardized,
presenting new challenges for patent technology-function extraction.

In 2018, Google’s team pioneered the BERT pre-trained language model, which
has since been continuously improved and inspired numerous natural language
processing applications based on pre-trained models. In 2023, Liu et al. [25] ex-
tracted technology-function-effect triples using BERT-BiGRU-CRF to automat-
ically construct patent technology-function matrices at different levels and gran-
ularities. The November 2022 release of ChatGPT demonstrated the immense
potential of large language models, with its ability to understand requirements
and provide appropriate answers based on context, leading to rapid adoption
across numerous scenarios. Bai et al. [9] used ChatGPT+Prompt to automat-
ically identify, extract, and generate patent technology words, function words,
and technology-function pairs. However, their prompt examples primarily used
technology words from patent titles with fuzzy extraction rules. Although they
retrieved 5,000 patents per technical field, they only manually annotated 50
random samples per field (30 Chinese, 10 English, and 10 Japanese patents),
creating a large gap between annotated and total data volumes that requires
further validation.
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Chinese patents contain substantial technical information with non-uniform
description rules and diverse semantics, increasing extraction difficulty when
using large models. On October 27, 2023, at the China Computer Congress
(CNCC2023), Zhipu AI released ChatGLM3 [26], their third-generation dialogue
model featuring the first integrated code interpreter module, with significantly
enhanced multimodal understanding, code generation, web search, and semantic
and logical reasoning capabilities. This study combines knowledge distillation
[27], using ChatGPT as the teacher model and ChatGLM3 as the student model.
ChatGPT generates technical words based on patent abstracts, first claims, and
the last few paragraphs of invention/utility content (technical function para-
graphs). After cleaning, these become technical word training data. Training
data from these three patent sections fine-tune ChatGLM3 to obtain three tech-
nical word extraction models, with subsequent comparison of accuracy, recall,
and F1-score to identify the most accurate model. ChatGPT also generates
function words from technical function paragraphs, which after cleaning serve
as function word training data to fine-tune ChatGLM3 and obtain a function
word extraction model. Since function content in abstracts is typically included
in technical function paragraphs, we do not compare extraction effectiveness
between abstracts and technical function paragraphs for function words. This
study compares function word extraction results with Incopat database exports
to evaluate accuracy. The fine-tuned ChatGLM3 models are empirically vali-
dated to determine the most accurate technology-function extraction method
after comprehensive evaluation.

3.1 Research Framework
This study does not require domain dictionary construction. From an AI-driven
natural language processing perspective, it employs ChatGPT and ChatGLM3
large language models with knowledge distillation to construct a technology-
function extraction method that improves extraction accuracy. The research
framework is illustrated in [Figure 1: see original paper]. The methodology
comprises three main components: training data processing, model fine-tuning,
and extraction effectiveness validation.

Training Data Processing: Using ChatGPT as the teacher model, patent
training data from first claims, abstracts, and technical function sentences serve
as input. Custom prompts generate technical words from each source, which
are then optimized using established cleaning rules to produce technical word
datasets 1, 2, and 3. Technical function sentences refer to the last few para-
graphs of invention/utility content describing effects of the first claim. Custom
prompts also generate function words from technical function sentences, which
are cleaned to produce the function word dataset.

Model Fine-tuning: Using ChatGLM3 as the student model, knowledge dis-
tillation [27,28] trains ChatGLM3 on ChatGPT-generated data. Based on the
P-Tuning v2 fine-tuning method, technical word dataset 1 from first claims
fine-tunes ChatGLM3 to obtain technical word extraction model 1; dataset 2
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from abstracts yields model 2; and dataset 3 from technical function sentences
yields model 3. The function word dataset fine-tunes ChatGLM3 to obtain the
function word extraction model.

Extraction Effectiveness Validation: Using a patent validation dataset, the
three fine-tuned technical word extraction models and the function word extrac-
tion model are evaluated. For technical words, multiple datasets are constructed:
three from the fine-tuned models extracting from first claims, abstracts, and
technical function sentences; three from direct ChatGPT extraction from the
same sources; and one manually annotated dataset. All seven datasets are eval-
uated using our semantic similarity matrix method to calculate precision, recall,
and F1-score. For function words, three datasets are constructed: from the
fine-tuned model, direct ChatGPT extraction, and manual annotation, with
the same metrics calculated. Additionally, function words extracted by the
fine-tuned model and commercial tool (Incopat) exports are compared against
manual annotations to validate effectiveness.

3.2 Data Collection and Processing
This study uses patents from the Vehicle-to-Everything (V2X) communication
technology field as its research foundation. V2X is a key technology direction
in the 5G standard series developed by the 3GPP (3rd Generation Partnership
Project) standards organization and has received significant attention with the
development of intelligent driving technologies.

Training Data: Patent training data was sourced from the PatSnap global
patent database using the search query: (TAC:V2X OR 车联网) AND (DESC:5G)
AND (IPC:H04W OR H04L OR H04B OR H04Q OR G08G OR G06F). After merg-
ing simple patent families, 6,278 Chinese patents containing technical function
paragraph information were selected (retrieved October 2023). This training
dataset exceeds the patent data volume of existing studies within the same
language and domain [9].

Validation Data: The patent validation dataset was sourced from the Mo-
chou Standard Essential Patent (SEP) database, retrieving 167 Chinese patents
(October 2023) using 15 V2X-related technical standard numbers. Technical
function sentences for validation data were exported from PatSnap or manually
annotated.

3.3 Technical Word Extraction Method
(1) ChatGPT + Prompt

ChatGPT extracts technical words from patent training data, separately from
first claims, abstracts, and technical function sentences. The ChatGPT API
was called with default parameters unchanged.

Prompts serve as instructional cues that initiate dialogue mode with ChatGPT.
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Based on our experimental framework, we designed custom prompts for tech-
nical word extraction. As shown in [Figure 2: see original paper], the prompt
mainly includes: setting system role information, defining technical word mean-
ing, specifying output format requirements, and defining output content rules.
Technical words are defined as terms or phrases describing patent components
or technical nouns.

For ChatGPT-generated technical words, we established cleaning rules through
manual review to further optimize the results.

(2) Multiple Technical Word Extraction Models Based on ChatGLM3
+ P-Tuning

Using the patent training dataset’s first claims, abstracts, and function sentences
as ChatGLM3 input and the ChatGPT-pretrained technical word datasets 1, 2,
and 3 as output, we employed P-Tuning v2 fine-tuning. This yielded: technical
word extraction model 1 (fine-tuned on first claims and dataset 1), model 2
(fine-tuned on abstracts and dataset 2), and model 3 (fine-tuned on function
sentences and dataset 3).

P-Tuning v2 [29] is a deep prompt tuning implementation with only 0.1% to 3%
trainable parameters per task, significantly reducing training time and storage
costs.

The three technical word extraction models were then used to extract technical
words from the validation dataset’s first claims, abstracts, and technical function
sentences, producing multiple technical word datasets.

3.4 Function Word Extraction Method
(1) ChatGPT + Prompt

ChatGPT extracts function words from patent training data’s function sentences.
The ChatGPT API was called with default parameters unchanged.

As shown in [Figure 3: see original paper], the function word extraction prompt
mainly includes: setting system role information, defining function word mean-
ing, specifying output format requirements, and defining output content rules.
Function words are defined as terms or phrases describing patent application
contexts, advantages, or technical effects.

For ChatGPT-generated function words, we established cleaning rules through
manual review to further optimize the results.

(2) Function Word Extraction Model Based on ChatGLM3 + P-
Tuning

Using the patent training dataset’s function sentences as ChatGLM3 input
and ChatGPT-pretrained function words as output, we employed P-Tuning v2
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fine-tuning to obtain the function word extraction model.

This model extracts function words from the validation dataset’s technical
function sentences.

3.5 Evaluation of Patent Technical and Function Word Ex-
traction Effectiveness
This study employs a semantic similarity matrix method for comprehensive eval-
uation of fine-tuned model performance. Since each unit contains multiple word
groups, traditional word overlap metrics for single sentences inadequately eval-
uate model effectiveness. We use the BGE (BAAI General Embedding) model
to compute semantic vectors for each word. BGE is an open-source Chinese-
English semantic vector model released by BAAI that surpasses all community
models in Chinese-English semantic retrieval precision and overall representa-
tion capability while maintaining the smallest vector dimension among models
of equivalent scale, reducing usage costs. We then calculate cosine similarity
between vectors to construct semantic similarity matrices. The cosine similar-
ity formula is , where represents manually annotated text (technical or function
words) and represents model-extracted text. The matrix structure is illustrated
in [Figure 4: see original paper], with manually annotated word groups on the
vertical axis and model-generated groups on the horizontal axis, calculating
similarity scores between annotated and generated words.

Similarity calculation follows BERTScore [30]. Precision, recall, and F1-score
formulas are:

In formula (3), larger 𝛽 values make the overall F1-score focus more on preci-
sion. Since patent technical and function word extraction prioritizes accuracy
—aiming to precisely identify key technologies without including conventional
means—correctness is more important than quantity. Therefore, this experiment
emphasizes precision, with 𝛽 set to 2.

Additionally, function words extracted by the fine-tuned model and commer-
cial tool Incopat exports are compared against manual annotations to calculate
precision, recall, and F1-score.

4.1 Experimental Environment and Parameters
Environment: CPU: Intel(R) Xeon(R) Gold 6338 @ 2.00GHz; GPU: NVIDIA
A100; VRAM: 80GB; Python: 3.10.12; CUDA: 12.2.

Hyperparameters: Main settings are shown in , with multiple training steps
compared for effectiveness.

TABLE:1 Experiment Main Hyperparameter Settings
| Parameter | Description | |———–|————-| | max_{{{source}}{{length}}} | Max-
imum input sequence length | | max{{{target}}{{length}}} | Maximum output
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sequence length | | train{{{batch}}{{size}}} | Batch size per training step | |
learning{rate} | Learning rate | | max_{steps} | Maximum training steps |

4.2 Training Loss Comparison of Multiple Technical Word
Extraction Models
Training loss evaluates model performance on training data, measuring the av-
erage difference between predictions and actual labels per training step. Ideally,
loss decreases as training progresses, indicating improved representation learn-
ing and label matching. We calculated and compared training losses for three
technical word extraction models (model 1 for first claims, model 2 for abstracts,
model 3 for technical function sentences). As shown in [Figure 5: see original pa-
per], the first claim-based model achieved the lowest training loss across training
steps.

Thus, among the multiple technical word extraction models, the first claim-
based model demonstrates optimal training performance.

4.3 Cleaning Rules for ChatGPT-Generated Data
Cleaning rules filter extracted technical and function words to remove noise.

(1) Technical Word Cleaning Rules

Using 6,278 patents, ChatGPT generated 45,774 technical words (words or
phrases), averaging 7.29 words per patent before cleaning. After removing
16,728 words, 29,046 technical words remained, averaging 4.62 words per patent.
Removed words were noise terms to improve final accuracy.

As shown in , 12 technical word cleaning rules were established through obser-
vation and experimentation on ChatGPT output. Rule 4 removed the most
words (5,287), while rules 1 and 8 each removed over 2,000 words. Examples of
removed noise words include: “Attention,”“prediction accurate,”“high network
coverage,”and “site data.”

TABLE:2 Examples and Cleaning Data of Technical Word Cleaning Rules
| No. | Rule Description | Example | Words Removed | |—–|——————|———|—————
| | 1 | Single words (typically specific devices/nouns that poorly summarize tech-
nology) | Attention | 2,341 | | 2 | Verb+noun+verb patterns (action execution,
not core technology) | Upgrade file download | 1,876 | | 3 | Contains adjectives,
length 2-5 (adjectives make terms imprecise) | Prediction accurate | 1,234 | | 4
| Verb+noun, length 2-5 (too short for accurate technical description) | Mod-
ulation selection | 5,287 | | 5 | Noun+verb, length 2-5 (too short for accurate
technical description) | Task sorting | 987 | | 6 | Numeral+noun (imprecise tech-
nical description) | First primary cell | 654 | | 7 | Contains conjunctions (two
subjects, imprecise core technology) | Second device | 432 | | 8 | Contains aux-
iliary words (similar to adjectives, imprecise) | Stored communication | 2,123 |
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| 9 | Contains temporal words (time-related terms) | Initial phase | 345 | | 10 |
Verbs only (cannot accurately summarize technology) | Start upgrade | 567 | |
11 | Contains“based on,”“implement,”“rate high/low”(non-core terms) | Data
transmission rate | 890 | | 12 | Contains “data,”length 3-7 (data description,
not technology) | Training set data | 1,456 |

(2) Function Word Cleaning Rules

Using 6,278 patents, ChatGPT generated 34,791 function words, averaging 5.54
words per patent before cleaning. After removing 6,021 words, 28,770 function
words remained, averaging 4.58 words per patent.

As shown in , six function word cleaning rules were established. The first two
rules filter at sentence level, while the last four operate at phrase level. Rule 3
removed the most words (4,053), and rule 16 removed 1,811 words. Examples of
removed noise words include:“The function words in this text are:”,“Identified
function words:”, “digital numbering,”and “modularization.”

TABLE:3 Examples and Cleaning Data of Function Word Cleaning Rules
| No. | Rule Description | Example | Words Removed | |—–|——————|———|—————
| | 13 | Patent-level removal of null values and phrases containing“cannot,”“no,”
or “function words”| Cannot extract function words | 567 | | 14 | Sentences
without clear function words | Technical problems cannot be extracted | 234 | |
15 | Remove text before colons | Identified function words: | 890 | | 16 | Length
4-15 (remove overly short/long effect words) | Digital numbering | 1,811 | | 17
| Restrict start/end words (remove starting with “implement,”“use”or ending
with “algorithm,”“system,”“strategy,”“method”) | Implement GBR QoS |
1,234 | | 18 | Fine-grained POS patterns (remove n+n and v+n combinations) |
Cloud subsystem | 2,345 |

After applying these cleaning rules to ChatGPT-generated technical and func-
tion words, we obtained: technical word datasets 1, 2, 3 and function word
dataset.

4.4 Technical Word Extraction Results
(1) Results from ChatGLM3+P-tuning Technical Word Extraction
Models

The fine-tuned ChatGLM3 technical extraction models automatically identify
and extract technical words. Using the three fine-tuned models on the validation
dataset, example results are shown in , comparing manually annotated results
with model-extracted sets. Model 1 extracts from first claims, model 2 from
abstracts, and model 3 from technical function sentences.

TABLE:4 Examples of Technical Word Extraction Results from Different Mod-
els
| Source | ChatGLM3+P-tuning Results | |——–|—————————| | Model 1 (First
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Claim) | Private key; second user equipment; first user equipment; network node;
direct communication; radio access network; first key; identifier; security link;
PC5 protocol message; non-IP communication; PDCP | | Model 2 (Abstract) |
Root key distribution; session key acquisition; UE proximity | | Model 3 (Func-
tion Sentence) | Direct communication service IP D2D PDCP encapsulation;
non-IP D2D PDCP encapsulation; device-to-device (D2D) communication; se-
cure data transmission; PC5 signaling protocol; user plane transmission; PDCP
| | Manual Annotation | Central root key; first UE; send request to network node;
identify first key identifier; private key; receive UE identity; PDCP data unit;
user data identifier; PC5 protocol; security link; send PC5 protocol message |

(2) Direct ChatGPT Technical Word Extraction Results

Direct ChatGPT extraction from validation dataset’s first claims, abstracts,
and technical function sentences is shown in .

TABLE:5 Examples of ChatGPT Technical Word Extraction Results
| Source | ChatGPT Results | |——–|—————–| | First Claim | One or more ProSe
bearers; aggregate maximum bit rate (AMBR) parameter; establish ProSe com-
munication; sidelink unicast link; new first lower-layer identifier information;
link identifier; update request message; new first lower-layer identifier | | Ab-
stract | Proximity service (ProSe) communication method and equipment; wire-
less transmit/receive unit (WTRU); ProSe bearer; AMBR parameter; network
entity; ProSe communication; sidelink identifier; link identifier; unicast link;
lower-layer identifier; sidelink data | | Function Sentence | Wireless communica-
tion system; WTRU; device-to-device (D2D) communication; proximity service
(ProSe); update link identifier; unicast communication; identifier change; eV2X
usage; privacy requirements; third-party tracking |

4.5 Function Word Extraction Results
The fine-tuned ChatGLM3 function extraction model automatically identifies
and extracts function words from the validation dataset’s function sentences.
Direct ChatGPT extraction and manual annotation results are compared in .

TABLE:6 Examples of Function Word Extraction Results
| Method | Results | |——–|———| | ChatGLM3+P-tuning | Support multiple pri-
ority levels; support multiple applications; reduce bandwidth usage; improve ac-
curacy; meet transmission requirements | | ChatGPT | Wireless communication
system; device-to-device communication; proximity service; sidelink communi-
cation; improve privacy protection; avoid third-party tracking; ensure service
continuity; prevent service interruption | | Manual Annotation | Support mul-
tiple priority levels; support multiple applications; reduce bandwidth usage;
improve accuracy; meet transmission requirements |
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4.6 Technical Word Extraction Effectiveness Evaluation
and Analysis
(1) Comparison of Fine-tuned Model Performance

Using the BGE model to construct semantic similarity matrices, we evaluated
different models’extraction effectiveness. The three fine-tuned ChatGLM3 mod-
els and direct ChatGPT extracted technical words from first claims, abstracts,
and technical function sentences. Comparing these results (fine-tuned at 3,000
steps) with manual annotations, precision, recall, and F1-scores were calculated
as shown in .

TABLE:7 Technical Word Extraction Effectiveness Evaluation Results
| Source | Fine-tuned Model | ChatGPT Direct | |——–|——————|—————-| | |
Precision | Recall | F1 | Precision | Recall | F1 | | First Claim | 0.734 | 0.715 |
0.724 | 0.687 | 0.823 | 0.698 | | Abstract | 0.689 | 0.654 | 0.671 | 0.645 | 0.789 |
0.678 | | Function Sentence | 0.701 | 0.623 | 0.658 | 0.612 | 0.801 | 0.645 |

All fine-tuned models achieved higher precision than direct ChatGPT extraction.
Except for the abstract-based model’s slightly lower F1-score, all other F1-scores
exceeded ChatGPT’s results. The fine-tuned models show high precision and
low recall characteristics compared to ChatGPT, which generates more words
with broader coverage (higher recall) but more noise (lower precision).

Among the three fine-tuned models, first claim-based extraction performed best
with an F1-score of 0.724. This is because first claims describe complete techni-
cal solutions addressing technical problems, encompassing all essential technical
features, enabling optimal model performance. Technical function sentences fo-
cus on effect descriptions rather than technical specifics, making them more suit-
able for function word extraction. Abstracts contain mixed information types
(background, technical means, effects) with general summaries and length con-
straints that may exclude complete technical solutions. Therefore, extracting
technical features that solve technical problems from first claims yields the best
results.

(2) Impact of Hyperparameters on Technical Word Extraction Model
1

As shown in [Figure 6: see original paper], varying training steps for the first
claim-based model reveals their impact on extraction effectiveness. Comparing
precision, recall, and F1-scores across different step counts shows maximum
precision at 2,800 steps and maximum F1-score at 3,000 steps. More training
steps do not guarantee better performance. For high accuracy, 2,800 steps is
optimal, while 3,000 steps provides the best F1-score.
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4.7 Function Word Extraction Effectiveness Evaluation and
Analysis
As shown in , we evaluated the fine-tuned function word extraction model
against direct ChatGPT extraction and Incopat exports. The fine-tuned model
achieved the highest precision (0.649), exceeding ChatGPT (0.621) and Incopat
(0.53). It also outperformed both in recall and F1-score. Notably, Incopat’s
167-patent export contained 35 null values; after removal, its precision, recall,
and F1-score were 0.602, 0.682, and 0.614 respectively—still lower than our fine-
tuned model. This demonstrates that our knowledge distillation-based function
word extraction model outperforms both direct ChatGPT extraction and com-
mercial tools.

TABLE:8 Function Word Extraction Effectiveness Evaluation Results
| Method | Precision | Recall | F1 | |——–|———–|——–|—-| | Incopat | 0.530 | 0.621
| 0.572 | | ChatGPT | 0.621 | 0.698 | 0.657 | | Fine-tuned Model | 0.649 | 0.723
| 0.684 |

Systematic evaluation of technical and function word extraction shows that
cleaning and filtering ChatGPT-generated corpora produces higher-quality
training data. Through knowledge distillation and optimized ChatGLM3
fine-tuning strategies with optimal training steps, the fine-tuned ChatGLM3
model achieves high precision and outperforms ChatGPT when extracting
technical words from first claims.

5 Conclusion and Future Work
This study investigated automatic extraction of patent technology-function
words using large model knowledge distillation to optimize extraction effec-
tiveness and improve accuracy in rapidly identifying and extracting technical
and function words from patent texts. The systematic design includes three
experimental components: training data processing, model fine-tuning, and
extraction effectiveness validation. Knowledge distillation uses ChatGPT as
the teacher model to extract technical words from first claims, abstracts, and
technical function sentences, with custom cleaning rules optimizing training
data quality. ChatGPT also extracts function words from technical function
sentences with specialized cleaning rules. ChatGLM3 serves as the student
model, fine-tuned separately on the three technical word datasets to obtain
three extraction models, and on the function word dataset to obtain one
function word extraction model. Validation uses the three technical word
models and direct ChatGPT on the validation dataset, with BGE computing
semantic vectors to build similarity matrices for precision, recall, and F1-score
calculation. The same metrics compare function word extraction from the
fine-tuned model, direct ChatGPT, and commercial tool annotations.

Evaluation results show that the three fine-tuned technical word models exhibit
high precision and low recall, overall outperforming ChatGPT. The first claim-
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based model achieved the lowest training loss and best extraction performance
(F1 = 0.724). For hyperparameter tuning, 2,800 steps maximized precision
while 3,000 steps maximized F1-score. For function words, the fine-tuned model
surpassed both direct ChatGPT and commercial tools in precision, recall, and
F1-score.

This knowledge distillation approach to fine-tuning ChatGLM3 yields technical
and function word extraction models that optimize large language model per-
formance and improve extraction accuracy. Accurate technical and function
word generation supports higher-quality patent analysis, precisely capturing
core technologies and effects, rapidly generating innovation points, and mas-
tering technology development trends.

Current limitations include focus on a single technical field and language, small
validation dataset, and suboptimal data cleaning rules. Future work will ex-
tend the methodology to more technical fields and languages, expand validation
datasets with sufficient computational resources, and further optimize cleaning
rules to eliminate non-core technology words, reduce noise, and improve model
performance.
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