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Abstract
In the digital governance era, government platforms need to respond to citi-
zens’government inquiries in a timely and effective manner. However, existing
government Q&A systems are primarily based on manual responses, with lim-
ited assistance from automated processing algorithms, making it difficult to
efficiently handle the massive volume of citizen government consultation de-
mands in the big data era. Therefore, government platforms in the digital
governance era need to establish more effective and intelligent Q&A systems
to respond to citizens’government consultations. Today, large language mod-
els (LLMs) are expected to assist government platforms in processing citizens’
government consultations in an automated and effective manner. LLMs can en-
hance the efficiency of interaction between government platforms and citizens,
providing natural language responses to various types of citizen consultations.
However, existing general LLMs have limited understanding of domain-specific
expressions in government affairs and cannot yet produce effective responses like
platform staff. This study constructs a specialized reference generation system
for government consultation responses (GovLLM) based on LLMs and a vec-
tor database of historical government consultation Q&A, utilizing multi-agent
technology. After inputting new citizen consultations, the system can generate
practical and effective example answers for platform staff to reference when han-
dling citizen consultations. The system demonstrates superior text generation
performance compared to baseline models, which is beneficial for improving the
efficiency and effectiveness of government platforms when responding to citizen
consultations.
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Abstract: In the digital governance era, government platforms must respond
to citizen inquiries in a timely and effective manner. However, existing govern-
ment Q&A systems rely primarily on manual responses with limited assistance
from automated processing algorithms, making it difficult to efficiently handle
the massive volume of citizen consultation demands in the big data era. There-
fore, government platforms need to establish more effective and intelligent Q&A
systems to address citizen inquiries. Large language models (LLMs) now offer
the potential to help government platforms process citizen consultations auto-
matically and effectively, improving interaction efficiency and providing natural
language responses to various types of inquiries. Nevertheless, existing general-
purpose LLMs have limited understanding of domain-specific expressions in gov-
ernment affairs and cannot yet generate effective responses like platform staff.
This study constructs a response reference generation system specifically for
government inquiries (GovLLM) based on LLMs, a historical vector database
of government consultation Q&A, and multi-agent technology. When new cit-
izen inquiries are input, the system generates practical and effective example
answers for platform staff to reference when handling consultations. The system
demonstrates better text generation performance than baseline models, enhanc-
ing both the efficiency and effectiveness of government platforms in responding
to citizen inquiries.
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1 Related Research
The digital transformation of government services is a critical component of
enhancing national governance capacity. Modern governance requires inter-
departmental service and information integration [1], placing data value at the
core of government service reform [2]. With the widespread adoption of digi-
tal government platforms, the volume of online citizen consultations has grown
rapidly, with increasingly diverse demand types, posing greater challenges to
government platform responsiveness [3]. In this context, government Q&A sys-
tems have emerged as effective tools for responding to citizen inquiries in the
digital government era, facilitating interaction and communication between gov-
ernment platforms and citizens [4]. Intelligent and efficient government Q&A
systems serve as the primary channel for meeting citizens’diverse consultation
needs and as an important avenue for municipal departments to understand
citizen demands. Therefore, constructing intelligent and efficient Q&A systems
holds significant value for both citizens and municipal departments [5].

China attaches great importance to e-government development and has pro-
posed the overarching goal of building a“responsive government”[6], requiring
government departments at all levels to actively respond to citizen demands and
provide substantive solutions. Advancing responsive government construction
is both a policy requirement and a crucial measure for improving governance
effectiveness.

Traditional Q&A systems have been constructed primarily through three ap-
proaches [7]. The first is information retrieval-based systems that search for
short text fragments within document collections to answer questions [8]. The
second is knowledge matching systems that map natural language questions to
queries on structured databases [8]. The third approach applies machine learn-
ing and deep learning methods to train models that learn mappings between
questions and answers [9]. While these three methods can achieve relatively
good results in general-purpose Q&A systems, they have limitations when ap-
plied to digital government platforms. First, these methods have relatively low
understanding of specialized and fixed expressions in the government service
domain. Second, their output responses often deviate from users’original in-
tentions. These shortcomings are particularly evident in digital government
platforms, where citizen inquiries are numerous and varied, especially given
significant policy differences between provinces and cities in China [10]. This re-
quires government platforms to have robust historical data retrieval capabilities
and to generate practical responses that account for regional diversity. Cur-
rent government Q&A systems struggle to meet these requirements, resulting
in most systems still relying primarily on manual responses [11], which cannot
satisfy citizens’growing demands for government consultations. Therefore, this
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study attempts to apply the latest large language models (LLMs) to address
these research gaps.

In recent years, LLMs have made significant advances, particularly in question-
answering tasks [12]. LLMs possess the ability to generate human-like and pro-
fessional text across different domains, fundamentally reshaping the AI land-
scape [13]. Existing research has successfully applied LLMs to solve domain-
specific problems in finance [14] and medicine [15]. However, their application
and research in the government domain remain relatively limited, indicating
significant research potential in this area. While LLMs show great promise for
government applications, several issues need resolution. First, LLMs occasion-
ally generate content that does not align with facts [16]. Second, their generated
text can be hollow and templated, lacking practical and useful information [17].
Unlike Q&A systems in other domains, government platform responses must
strictly conform to objective facts and effectively solve citizens’problems to
enhance trust and satisfaction in municipal departments [18]. Therefore, this
study seeks to establish an LLM-based government response reference genera-
tion system to fill this research gap.

The contributions of this study can be summarized as follows:

a) With the overarching goal of building a responsive government platform,
this study constructs a government reference response generation sys-
tem (GovLLM) based on LLMs and a historical government Q&A vector
database. Using multi-agent technology, the system achieves a 5-11% per-
formance improvement over baseline methods, filling the research gap of
LLMs in this domain and demonstrating LLMs’powerful capabilities in
understanding government text.

b) The generated response references provide practical and effective solutions
rather than hollow template answers. Additionally, the system incorpo-
rates modules including a historical vector database, agent design, location
filtering, question category classification, and ranking based on question
and response attributes, which improve response generation efficiency and
ensure that response content aligns with objective facts in the consulta-
tion’s region of origin, thereby reducing misinformation. This enhances
system usability and reliability, promoting citizen trust and satisfaction
with government platforms.

c) The system not only achieves significant improvements in efficiency and
text quality but also helps reduce manual labor costs. Traditional gov-
ernment consultation platforms rely on manual responses with high as-
sociated labor costs. The response references generated by this system
reduce the time and effort that government staff must invest in handling
consultations, facilitating efficient platform operation.
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2 Data Overview
The dataset used in this study comprises Q&A data from the People’s Daily
Online government message board in China. This dataset includes text data
of Q&A exchanges between citizens and the People’s Daily Online platform,
where citizens submit government consultation questions through the message
board and staff provide targeted responses on the government platform. The
dataset contains a total of 130,258 entries, covering government message board
Q&A data from all provinces across China for the full year of 2022. Addition-
ally, it includes field information such as question timestamp, question type
(urban construction, environmental protection, transportation, education, fi-
nance, employment, tourism, enterprise, agriculture, culture and entertainment,
healthcare, public security), province/city of the question, and user likes. This
field information reflects the diverse information about citizen questions and
facilitates subsequent targeted screening and retrieval of Q&A data for system
construction.

The selection of data from this year was primarily based on considerations of
data volume and balance across types. This year had the largest volume of
government questions in the past five years, providing sufficient sample data
for model training and testing. Furthermore, the distribution of government
question data across different types and time periods in this year showed high
equilibrium, helping to prevent the model from overfitting to specific question
types or time periods. Therefore, the system construction in this study is based
on training and testing with this dataset.

3 System Framework
The GovLLM system constructed in this study, shown in Figure 1 [Figure 1: see
original paper], consists of two main components. The first component is LLM
fine-tuning. The system uses Qwen-14B, developed by Alibaba Cloud, as the
base LLM, which demonstrates superior understanding of Chinese text. The
LLM is fine-tuned based on the training set to develop the ability to under-
stand government consultation contexts. When new government consultation
questions are input, the fine-tuned LLM accepts the new question and passes
it to the second component. The second component is retrieval enhancement
based on multi-agent systems. In addition to being used for LLM fine-tuning
in the first component, the training set is used in the second component to
construct a historical Q&A vector retrieval library generated by BERT. BERT
(Bidirectional Encoder Representations from Transformers) plays a core role in
constructing the historical Q&A vector retrieval library. Through its deep bidi-
rectional Transformer architecture, BERT can understand and generate high-
quality context-related vectors that precisely represent and match historical
Q&A data, thereby enabling efficient and accurate retrieval functionality. The
government consultation questions input in the first component are processed
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through extraction and screening by multiple agents (Summary Agent, Classifi-
cation Agent) to obtain historically similar questions from the same region that
are recent and have high like counts. Finally, a Government Response Agent
generates reference answers for new questions by combining the new question
with historical similar question responses, thereby serving rapid and effective
responses to government consultations.

3.1 LLM Fine-Tuning

Although the base LLM used in this study performs excellently in understand-
ing general Chinese text and has accumulated extensive corpus knowledge, there
remains significant room for improvement in specific domains and downstream
tasks. Particularly in the government consultation domain, LLMs require deeper
contextual understanding and domain-specific expression capabilities. To this
end, this study employs fine-tuning techniques to adjust the parameters of the
base LLM to adapt to the government consultation Q&A dataset. Fine-tuning
enables the base LLM to better understand knowledge in the government consul-
tation domain, thereby effectively meeting practical application requirements.

Given the enormous number of parameters in LLMs, full-parameter fine-tuning
would consume substantial computational resources across multiple batches.
Therefore, this study adopts an efficient parameter fine-tuning method—Low-
Rank Adaptation [27] (LoRA)—to adapt to government consultation tasks while
reducing resource consumption. The core of LoRA technology lies in freezing the
parameter weights of the pre-trained LLM and introducing two matrices, A and
B, to replace the parameters changed during fine-tuning. During fine-tuning,
only matrices A and B are updated rather than all model parameters. This
method simulates parameter changes through low-rank decomposition, achiev-
ing indirect training of LLMs with minimal parameter increments, thereby bet-
ter adapting to government consultation response tasks under existing resource
constraints. After LoRA fine-tuning, the base LLM is used for subsequent agent
construction and text generation tasks.

3.2 Multi-Agent Retrieval Enhancement

The second part of the GovLLM system primarily involves enhanced retrieval
of historically similar questions based on multi-agent systems. Compared to
direct retrieval enhancement, multi-agent-based enhanced retrieval can not only
extract main text information and reduce noise but also share key informa-
tion through collaborative operation, maximizing the retention of contextual
information in government consultation questions. This enables more accurate
retrieval of historical questions and makes LLM reasoning and generation more
effective.

3.2.1 Historical Q&A Vector Database Construction To make historical
government Q&A text data more easily retrievable and matchable, this study
transforms the historical government question texts in the training set into a
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text vector index library. Specifically, the BERT pre-trained model is applied
for semantic encoding of texts, storing each historical government consultation
question text in the form of sentence vectors. This vector index library can
be used for screening and querying, allowing the retrieval of specific sub-vector
libraries based on question categories and answer like counts, and enabling rapid
retrieval of historically similar questions by calculating similarity between new
question vectors and vectors stored in the vector database.

3.2.2 Agent Design The GovLLM agent system consists of three core agents,
each performing different tasks to improve the efficiency and accuracy of text
reasoning and retrieval. The functions of these three agents are defined through
the Role and Content parameters in each conversation with the base LLM.

Summary Agent: The primary function of the Summary Agent is to extract
and summarize key information from citizen government consultation questions.
By analyzing consultation texts, this agent can identify and extract three core
elements: problem background, current situation, and core demands. Similar to
data cleaning staff in government platforms, it not only simplifies questions and
reduces information bias caused by different citizen expression styles but also
provides precise and simplified problem descriptions for subsequent processing
steps. The design purpose of the Summary Agent is to lay the foundation for
classification and response generation through accurate information extraction.

Classification Agent: The Classification Agent is responsible for categoriz-
ing summarized government consultation questions into predefined consulta-
tion categories. Through prompt engineering, this agent automatically assigns
questions to one of the following categories: urban construction, environmental
protection, transportation, education, finance, employment, tourism, enterprise,
agriculture, culture and entertainment, healthcare, public security, or livelihood.
The Classification Agent resembles staff responsible for question categorization
and distribution in government platforms. Its design purpose is to correctly
classify each input question and obtain a specific category database of historical
questions based on the question category, thereby enhancing retrieval targeting
and search efficiency.

Government Response Agent: The Government Response Agent is the key
component for generating targeted responses based on summarization and clas-
sification retrieval results. This agent assumes the role of government response
staff, comprehensively considering the core elements provided by the Summary
Agent and the classification results from the Classification Agent, while retriev-
ing historically similar and recent questions from the same region with high like
counts to generate targeted responses for new questions. The design purpose of
the Government Response Agent is to simulate the process of government staff
responding to citizen consultations, leveraging the base LLM’s text understand-
ing and reasoning capabilities to reduce manual intervention, improve response
speed, and enhance citizen satisfaction.
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The prompt templates for the three agents are shown in Table 1 . These three
agents operate collaboratively, establishing a complete information transmission
chain that collectively constitutes an efficient and intelligent government con-
sultation processing system aimed at improving response quality and efficiency
through automated and intelligent means.

3.2.3 Enhanced Retrieval Based on Vector Similarity and Question
Attributes Based on the constructed historical question vector index library
and three core agents, the GovLLM system efficiently and accurately retrieves
historically similar government consultation questions from the same region that
are recent, most similar, and have high answer like counts. Specifically:

First, the Summary Agent analyzes newly input government consultation ques-
tions, extracts key information, simplifies the text, and generates question vec-
tors. Simultaneously, the Classification Agent categorizes the input question,
obtains the question category, and further screens the same-category sub-library
from the historical question index library to narrow the retrieval scope and im-
prove efficiency. Based on this, the system employs a cosine similarity matching
algorithm for coarse screening of historical question vectors in the sub-library
to identify candidate questions with high similarity to the new question.

Next, the system performs fine screening and ranking of the coarse-screened
results based on the new question’s location and temporal information to en-
sure that selected questions are geographically and temporally close to the new
question and have high citizen satisfaction with responses. The screening crite-
ria for this step are: same province/city, same category, recent time, and high
like count, thereby obtaining the top-ranked refined results to retrieve the Top
K (customizable, default is 5) historically similar questions and their responses
after fine screening.

Finally, the Government Response Agent combines the extraction results from
the Summary Agent and the responses from the refined historical similar ques-
tions to generate reference responses for government staff to reference and mod-
ify during their replies. This process not only improves the automation level
of question processing but also ensures the effectiveness, relevance, and timeli-
ness of responses, thereby enhancing the quality and efficiency of government
consultation responses.

Through this system design, GovLLM can effectively utilize historical data to
provide intelligent processing solutions for government consultation questions,
achieving the research goal of building a responsive government.

3.3 System Evaluation

This study employs BERTScore as the primary metric for evaluating the quality
of system-generated text. Compared to traditional evaluation metrics such as
BLEU and METEOR, BERTScore offers significant advantages. It can capture
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underlying word relationships and semantic information rather than simply lex-
ical arrangements, making BERTScore more effective for evaluating semantic
similarity between texts. BERTScore correlates better with human judgment,
with evaluation results closer to human intuitive perception of text similarity.
It is less susceptible to common word interference because it relies not merely
on n-gram matching mechanisms but considers the entire sentence’s contextual
information. Through these combined advantages, BERTScore leverages BERT
model’s pre-trained contextual embeddings and measures the matching degree
between words in generated and reference texts via cosine similarity [28].

The process first converts generated and reference texts into embedding rep-
resentations, then uses the BERT model to evaluate similarity scores between
these embeddings, thereby reflecting semantic similarity between the two text
segments. Specifically, RBERT (Recall BERT) measures the sum of maximum
similarity between reference and generated texts divided by the total number
of reference texts, representing recall. PBERT (Precision BERT) measures the
sum of maximum similarity between generated and reference texts divided by
the total number of generated texts, representing precision. FBERT (F1 BERT)
is the harmonic mean of precision and recall, providing a balanced similarity
evaluation metric. The relevant metrics are shown in formulas (1) to (3):

Where x represents the reference text for evaluating generated text quality, xi
represents the i-th reference text, y represents the system-generated text, and
yj represents the j-th system-generated text.

4 Experimental Results and Analysis
4.1 Test Data

This study selected the top 1,000 Q&A pairs ranked by answer like counts
from the total dataset as the test set, which was excluded from the training
set. Questions from the test set were used as input to obtain system-generated
texts, while answers from the test set served as reference texts for evaluating
system-generated text quality. This study measured and quantified the quality
of generated texts by calculating BERTScore between system-generated texts
and reference texts, thereby assessing the system’s ability to answer government
questions.

4.2 Baseline Reference Models

To evaluate GovLLM’s performance, this study selected several common base-
line models for comparison, including GPT-4o, Qwen-14B, Kimi, and ERNIE.
GPT-4o is the latest large language model developed by OpenAI. Kimi is the
latest multilingual dialogue system developed by Moonshot AI, while ERNIE
is the latest semantic understanding model launched by Baidu. These mod-
els collectively constitute the baseline models for this study, enabling accurate
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measurement of GovLLM’s performance.

4.3 Generated Text Quality Testing

Based on the aforementioned test dataset, this study conducted generated text
quality tests on GovLLM and other baseline models, with the primary metric
being the average BERTScore of these models based on the test set reference
texts. The test results include the models’overall performance on the full dataset
and their performance on specific categories of government questions, as shown
in Table 2 .

The results shown in Table 2 indicate that GovLLM outperforms the four base-
line models on the full dataset, with approximately 10% performance improve-
ment. This means GovLLM-generated texts are highly similar to high-like-count
response texts, demonstrating high text quality and application value. Addition-
ally, for specific question types, GovLLM maintains equivalent performance to
that on the full dataset, while some baseline models exhibit significant perfor-
mance fluctuations on specific type test sets. Benefiting from the Classification
Agent design in GovLLM, the system can targetedly retrieve historical questions
and responses of the same type as the test question from historical data and
generate type-specific responses accordingly. This design enables GovLLM to
maintain stable and excellent generated text quality across different types of
government questions.

4.4 Parameter Sensitivity Testing

Although GovLLM’s overall framework is fixed, it contains numerous adjustable
parameter settings. Different parameter configurations significantly affect Gov-
LLM’s efficiency and performance. Moreover, practical application scenarios
differ substantially from experimental scenarios, often lacking sufficient compu-
tational resources. Therefore, to test GovLLM’s sensitivity to these parameters
and identify the most suitable parameter adjustment scheme for practical appli-
cation scenarios, this study conducted controlled variable tests on Top K values
(number of historical similar responses input into the Government Response
Agent), fine-tuning data volume, and historical vector library data volume, us-
ing FBERT as the evaluation metric. The results are shown in the figures.

Figure 2 [Figure 2: see original paper] shows that under full fine-tuning, increas-
ing the Top K value significantly improves FBERT when K is small, thereby
enhancing generated text quality. However, when K exceeds 5, FBERT shows
a slight downward trend. This effect is more pronounced when using the full
historical vector dataset. A possible explanation is that when fewer similar re-
sponses are provided to the Government Response Agent, these responses are
highly relevant to the new question and of good quality, allowing the Agent
to quickly learn patterns from similar responses and generate high-quality an-
swers. However, when K exceeds a certain threshold, the relevance and quality
of similar responses decrease, causing the Agent to learn noise information from
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low-quality responses, thereby reducing answer quality. Therefore, in practical
applications, the optimal K threshold should be determined through sensitivity
testing. For the GovLLM system, K can be set to 5.

Figure 3 [Figure 3: see original paper] explores the impact of historical vec-
tor library data usage on generated text quality under full fine-tuning. The
experiment found a non-linear relationship between vector database usage and
FBERT. When vector database usage is small, FBERT increases significantly
with usage, but after exceeding a certain threshold, the growth rate slows and
eventually stabilizes. Additionally, K value selection also affects FBERT, with
K=5 better utilizing the historical vector database than K=3 to improve text
generation quality. In practical applications, although using the full historical
vector database can fully utilize data, it also increases retrieval time and reduces
efficiency. For the GovLLM system, under full fine-tuning and Top K=5 con-
ditions, selecting 70% vector data usage can achieve over 90% of the FBERT
value while reducing retrieval time, meeting application scenarios with limited
computational resources but certain text quality requirements.

Figure 4 [Figure 4: see original paper] analyzes the impact of fine-tuning data
volume on generated text quality. Fine-tuning data volume shows a positive cor-
relation with FBERT, but the improvement effect is limited with slow growth.
In contrast, higher historical vector database usage can significantly improve
FBERT. In practical applications, LLM fine-tuning helps the model quickly
understand the context and expression patterns of the government domain, im-
proving text quality. However, the marginal benefit of large-scale fine-tuning
data training is low, requiring reasonable allocation of fine-tuning data and vec-
tor library data proportions based on computational resources and efficiency
needs to maximize system performance.

4.5 Ablation Experiments

To examine the performance contribution and effectiveness of the fine-tuning
module, vector database module, agent module, and retrieval-ranking module
based on question attributes in the overall GovLLM system, this study removed
some modules from GovLLM to form five new models and conducted generated
text quality tests on the full test set. The results are shown in Table 3 . In
Table 3, -RFT (remove finetune) refers to removing the fine-tuning module, -
RVD (remove vector database) refers to removing the vector database, -RA
(remove agent) refers to removing all agent modules (replaced with direct Q&A
prompts), and -RR (remove ranking) refers to removing the ranking module
based on question and response attributes (only recalling historically similar
responses based on similarity matching).

Table 3 shows the ablation experiment results, which test and record the metrics
and their changes after progressively adding new modules to the base model.
The results indicate that although fine-tuning training enables LLMs to un-
derstand corpus in the government domain, its improvement effect on gener-
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ated text quality is relatively limited. The introduction of the historical vector
database module significantly improves the model’s F1 BERT value, as the
historical vector database explicitly guides and supervises LLM text generation
through prompt engineering, with more significant improvement effects than
fine-tuning training. The agent module and the retrieval-ranking module based
on question-response attributes contribute to LLM performance improvement
by extracting key information, determining question types, narrowing retrieval
scope, and integrating high-quality responses from historically similar questions.
The attribute retrieval-ranking module ensures regional applicability and effec-
tiveness of response content by screening out similar high-quality responses from
the same category and region, excluding irrelevant data. In summary, GovLLM’
s four modules each have distinct functions and utilities, providing different de-
grees of performance improvement to the base model, enhancing generated text
quality, improving retrieval and generation efficiency, and strengthening the
effectiveness and practicality of text content in the government domain.

4.6 Results Analysis and Discussion

Table 4 shows the generated response texts from GovLLM and other baseline
models for the same input question. The results demonstrate that baseline
models do not capture the important location information of Guangzhou, so
although their responses appear to answer the question, their content cannot
directly serve Guangzhou citizens, reducing the practicality and effectiveness
of their responses. This represents an area where current government Q&A
systems need improvement. GovLLM, benefiting from the collaborative action
of the historical vector database and agent system modules, generates response
texts that not only align with the actual situation in Guangzhou but also provide
feasible solutions, significantly improving response effectiveness and practical-
ity. Citizens can solve their government problems following its content, and
government platforms can edit and modify the generated reference responses
to form final replies, improving the efficiency of government platform question
responses.

Based on the experiments and results, this study yields several meaningful find-
ings discussed from both algorithmic and organizational management perspec-
tives.

From an algorithmic perspective, this study provides a practical and scalable so-
lution for LLM applications in the government domain. First, the module design
(vector database, agents, etc.) fully leverages LLMs’pattern recognition and
text generation capabilities, making generated content more controllable and ef-
fective for targeted adjustment and modification by relevant personnel, enabling
cross-domain applications. Second, parameter sensitivity testing quantifies the
impact of different parameter selections on final system performance, helping
relevant personnel select appropriate parameters based on test results and ac-
tual computational resources for application in real scenarios. Finally, ablation
experiments quantify the improvement effects of different modules, helping rele-
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vant personnel prioritize optimization of specific modules with limited resources
to maximize system performance. In summary, this study not only provides a
system framework applicable to government question responses but also offers
relevant experimental results to facilitate its practical deployment.

From an organizational management perspective, this study provides an effec-
tive tool system for achieving the goal of building a “responsive government.”
First, the proposed GovLLM system helps improve government platforms’big
data processing capabilities, particularly regarding the efficiency of responding
to large volumes of government questions. Staff no longer need to spend time
and effort on tedious search and retrieval work but only need to verify and mod-
ify generated reference responses, improving response efficiency and reducing un-
necessary resource investment. Second, based on the agent system and retrieval-
ranking modules, GovLLM can integrate government question-answering tasks
from all provinces and municipalities within a single system, which helps elimi-
nate information gaps in government services between provinces and municipal-
ities and build a“one-stop”government service platform, providing an example
solution for building a nationwide responsive government. For citizens, they no
longer need to cumbersomely query different provincial and municipal govern-
ment Q&A platforms but can achieve government Q&A for different regions
through a single platform. For governments, managing and maintaining a uni-
fied government platform is more efficient, and policy information gaps between
provinces and municipalities are significantly reduced. Finally, this study also
promotes the process of building “responsive governments”across government
platforms. The system not only helps government platforms respond to large
volumes of government questions in a timely and efficient manner but also im-
proves the effectiveness and practicality of responses, fully considering actual
regional differences across China, with response content being more specific and
aligned with local actual conditions for citizens. This is consistent with the core
concept of building a “responsive government”in China.

5 Conclusion
This study successfully constructed the GovLLM system, an LLM-based govern-
ment reference response generation system that improves model performance
by 5-11% compared to baseline models, effectively expanding LLM application
capabilities in the government domain. The GovLLM system integrates multi-
ple modules including a historical vector database, agent system, and retrieval-
ranking, improving response efficiency and text quality while ensuring content
aligns with regional actual conditions, mitigating LLM text generation halluci-
nations, and enhancing system usability. Additionally, the system helps reduce
the labor costs of pure manual responses and improves the operational efficiency
of government platforms. Overall, the GovLLM system provides a practical and
effective technical solution for building a “responsive government,”advancing
the intelligent process of responsive government platforms.
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