PlanGPT: Enhancing Urban Planning with a Tailored Agent Framework

He Zhu?, Guanhua Chen?®; Wenjia Zhang'>*

!College of Architecture and Urban Planning, Tongji University
2Behavioral and Spatial AI Lab, Tongji University & Peking University
3Southern University of Science and Technology
zhuhe@stu.pku.edu.cn,wenjiazhang@tongji.edu.cn

Abstract

In the field of urban planning, general-purpose
large language models often struggle to meet
the specific needs of planners. Tasks like
generating urban planning texts, retrieving re-
lated information, and evaluating planning doc-
uments pose unique challenges. To enhance
the efficiency of urban professionals and over-
come these obstacles, we introduce PlanGPT,
the first specialized Al agent framework tai-
lored for urban and spatial planning. Devel-
oped through collaborative efforts with pro-
fessional urban planners, PlanGPT integrates
a customized local database retrieval system,
domain-specific knowledge activation capabil-
ities, and advanced tool orchestration mech-
anisms. Through its comprehensive agent
architecture, PlanGPT coordinates multiple
specialized components to deliver intelligent
assistance precisely tailored to the intrica-
cies of urban planning workflows. Empiri-
cal tests demonstrate that PlanGPT framework
has achieved advanced performance, provid-
ing comprehensive support that significantly
enhances professional planning efficiency.

1 Introduction

Due to the impressive reasoning, memory, and
comprehension abilities inherent in large lan-
guage models(OpenAl, 2022, 2023; Touvron
et al., 2023; Qwen et al., 2025; Anthropic, 2023;
DeepSeek-Al et al., 2025), substantial progress and
prospects have arisen in various domains. Partic-
ularly in fields like finance(Zhang et al., 2023b),
medicine(Wang et al., 2023; Xiong et al., 2023),
and law(Cui et al., 2023a), specialized Al systems
and agent frameworks tailored to specific verti-
cals have emerged, efficiently tackling challenges
commonly associated with general-purpose large
models, such as vague responses and hallucina-
tions caused by uniform training data distribution,
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Figure 1: Manual vs. PlanGPT-assisted planning doc-
ument review workflow, demonstrating improved effi-
ciency through automated issue detection and correction
suggestions.

thereby boosting staff productivity through intelli-
gent task coordination and domain-specific capa-
bilities.

In the field of urban planning, urban planners
spend significant time on document management,
review, and assessment tasks. These include evalu-
ating planning documents against standard frame-
works and assessing them across multiple dimen-
sions like legality, feasibility, and economic via-
bility. Leveraging the robust comprehension and
reasoning abilities of LLMs through intelligent
agent systems, we posit that the aforementioned
processes can be addressed through a comprehen-
sive Al framework that coordinates multiple spe-
cialized capabilities, as shown in Figure 1.

However, in practical operations, we have found
that developing such an agent system is not straight-
forward due to the inherent nature of the urban plan-
ning industry and the characteristics of urban plan-
ning texts: Government document style: Linked
to government affairs, urban planning documents
often employ fixed phrases and structures, creating
a challenge for Al systems to balance government
style with informative content. The low signal-to-
noise ratio (where useful information is obscured
by large amounts of standardized text and boiler-
plate language) in these documents complicates
information retrieval and processing. Moreover,
heightened attention to data security restricts sys-
tem design choices. Interdisciplinary knowledge:
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Urban and spatial planning texts integrate knowl-
edge from multiple disciplines such as environmen-
tal science, ecology, economics, and law. However,
current Al systems have not effectively coordinated
the activation and application of knowledge across
these specialized fields, making it difficult to pro-
vide comprehensive planning support. Timeliness
and content heterogeneity: Urban planning work-
flows require synchronization with government reg-
ulations and involve diverse content types including
descriptions, tabular data, and spatial information,
necessitating intelligent coordination of specialized
tools and real-time information access.

To address the distinctive challenges inherent in
urban planning workflows, we introduce PlanGPT,
the first specialized Al agent framework for urban
planning that coordinates multiple intelligent com-
ponents to address three fundamental challenges
in the domain. PlanGPT employs a comprehen-
sive agent architecture that orchestrates special-
ized capabilities: PlanRAG, a domain-aware re-
trieval system that overcomes distinctive terminol-
ogy and low signal-to-noise ratio in planning docu-
ments through specialized embeddings and hierar-
chical search strategies; PlanLLM, which activates
dormant urban planning knowledge through sys-
tematic probing and targeted instruction synthesis
rather than knowledge injection; and PlanAgent,
which integrates specialized tools for spatiotem-
poral analysis, web access, and urban simulations
to handle multimodal planning documents while
maintaining regulatory compliance. Through intel-
ligent intent recognition and multi-dimensional re-
sponse scoring, PlanGPT coordinates these compo-
nents to provide comprehensive assistance that ad-
dresses the unique challenges of governmental doc-
ument style, interdisciplinary knowledge require-
ments, and content heterogeneity. Experimental
evaluations demonstrate that PlanGPT framework
shows promising results compared to generic state-
of-the-art models across four essential planning
tasks, demonstrating its potential as a comprehen-
sive Al assistant framework for urban planning
professionals.

2 Related Works

Large Language Models and Domain Appli-
cations Large language models (LLMs) have
demonstrated versatility across general-purpose
and domain-specific applications. General-purpose
models (OpenAl, 2023, 2022; Touvron et al., 2023;

et al., 2023b; Anthropic, 2023; Mistral-Al, 2023;
DeepMind, 2023) showcase broad capabilities,
while Chinese language models (DeepSeek-Al
et al., 2025; Baichuan, 2023; Du et al., 2022; Qwen
et al., 2025; Wei et al., 2023; Cui et al., 2023b)
address specific language challenges. Vertical-
specific LLMs have emerged across various do-
mains, such as HuaTuo(Wang et al., 2023) and
DoctorGLM(Xiong et al., 2023) in medicine,
ChatLaw(Cui et al., 2023a) in legal, XuanYuan
2.0(Zhang et al., 2023b) in finance, and Math-
GPT(Tycho Young, 2023) for mathematics. In
urban planning and related fields, specialized mod-
els include TrafficGPT(Zhang et al., 2023a) for
urban traffic management, NASA’s Prithvi(et al.,
2023a) for climate and geography predictions,
TransGPT(Peng, 2023) for transportation applica-
tions, and EarthGPT(Zhang et al., 2024) for remote
sensing image interpretation. CityGPT(Feng et al.,
2024) and UrbanGPT(Li et al., 2024b) focus on spa-
tial reasoning and urban predictions respectively,
but neither fully addresses comprehensive urban
planning needs. Currently, no model specifically
addresses urban and spatial planning, which moti-
vates our introduction of PlanGPT.

Hallucination Mitigation Techniques Domain-
specific models require high levels of factual
accuracy and faithfulness. Several approaches
have proven effective in mitigating hallucinations.
Retrieval-augmented generation (RAG) combines
LLMs’ parametric knowledge with external infor-
mation sources (Huang et al., 2023a; Borgeaud
et al.,, 2022; Kim et al., 2023; Cheng et al.,
2024). Advanced frameworks like Self-RAG(Asai
et al., 2023) introduce specialized tokens to de-
termine document retrieval needs, RA-DIT(Lin
et al., 2023) enhances retriever relevance, and Hip-
poRAG(Gutiérrez et al., 2025a,b) combines LLMs,
knowledge graphs and PageRank for enhanced
knowledge retrieval. Instruction fine-tuning (Wei
et al., 2022; Longpre et al., 2023) significantly im-
proves model capabilities and reduces hallucina-
tions through methods by (Li et al., 2023b; Zheng
et al., 2024; Lou et al., 2023), with data quality
ensured via filtering techniques from (Liu et al.,
2024a; Li et al., 2023a; Du et al., 2023). Ap-
proaches like self-instruct(Wang et al., 2022), wiz-
ardlm(Xu et al., 2023), magpie(Xu et al., 2024)
increase training data quality to enhance robust-
ness. Agent-based systems can select appropriate
tools including web searches (webglm(Liu et al.,
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Figure 2: Overview of PlanGPT. The framework consists of three key components: PlanRAG for domain-
specific retrieval, PlanLLM for knowledge activation and instruction tuning, and PlanAgent for tool integration
like ( WebLLM, ToolLLM ) and regulatory compliance. These components work together to address the unique
challenges of urban planning texts while maintaining high accuracy and reliability.

2023), webgpt(Nakano et al., 2021)) or function
calls to improve output quality. Drawing on these
advances, we propose novel retrieval and instruc-
tion labeling methods specifically for urban plan-
ning domains, along with PlanAgent to effectively
address hallucination issues.

3 PlanGPT Framework

3.1 Overview of PlanGPT Framework

The PlanGPT framework is a comprehensive Al
agent system specifically designed for urban plan-
ning regulatory environment and professional work-
flows. As illustrated in Figure 2, the system pro-
cesses urban planning queries through PlanAgent,
which orchestrates four specialized components:
PlanRAG for domain-specific retrieval, WebLLM
for real-time web search, PlanLLM for knowledge
activation and generation, and ToolLLM for profes-
sional tool orchestration. While the core method-
ology is generalizable, the current implementation
focuses on Chinese planning practices, incorpo-
rating China-specific regulatory frameworks and
governmental document styles to support planners
across national to local levels.

We detail how this coordinated architecture ad-
dresses three critical challenges through special-
ized components: PlanAgent (Section 3.2) orches-
trates comprehensive task coordination and tool

integration (ToolLLM and WebLLM), PlanRAG
(Section 3.3) handles specialized terminology and
low signal-to-noise ratio through domain-aware re-
trieval, and PlanLLM (Section 3.4) enables knowl-
edge activation through targeted instruction syn-
thesis. These components ensure accuracy and
reliability in content adherence to governmental
standards, domain expertise across multiple disci-
plines, and timeliness in processing diverse plan-
ning documents.

3.2 Comprehensive Agent Architecture

Intelligent Query Processing and Routing
Upon receiving a planning query, PlanAgent ana-
lyzes query intent through specialized classifiers to
determine optimal routing: domain-specific knowl-
edge retrieval (PlanRAG), real-time regulatory in-
formation (WebLLM), knowledge-activated genera-
tion (PlanLLM), or specialized analysis tools (Tool-
LLM). The agent employs query rewriting tech-
niques to optimize each component’s input while
preserving domain-specific terminology and plan-
ning context.

Specialized Component Coordination We-
bLLM handles real-time information access
through goal-oriented web search specifically de-
signed for urban planning sources. It employs spe-
cialized crawlers targeting governmental websites,
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planning bureaus, and regulatory databases, main-
taining accuracy through domain-specific URL fil-
tering and content validation mechanisms. Tool-
LLM coordinates professional analysis tools in-
cluding spatiotemporal analysis systems (Liu and
Zhang, 2023; Zhang and Ning, 2023), urban simu-
lations (Zhang et al., 2020), and knowledge graph
construction. It handles function calling for spe-
cialized computations, maintains history memory
for context-aware analysis, and integrates heteroge-
neous data sources including geographical informa-
tion, demographic data, and regulatory constraints.

Response Integration and Optimization After
collecting responses from active components, Plan-
Agent applies scoring mechanisms evaluating do-
main relevance, factual accuracy, regulatory com-
pliance, and response completeness. The agent em-
ploys customized reward models trained on plan-
ning professional feedback to rank candidate re-
sponses. For complex queries requiring multiple
perspectives, summarization techniques synthesize
information from multiple sources, ensuring coher-
ent final outputs that maintain professional stan-
dards while addressing all query aspects (detailed
implementation in Appendix A.3).

3.3 Domain-Aware Retrieval Architecture

Urban planning documents exhibit low signal-to-
noise ratios and specialized terminology that chal-
lenge conventional retrieval systems. To enable
effective domain-specific retrieval, we introduce
Plan-Emb for specialized embeddings and Plan-
HS for hierarchical search.

Plan-Emb: Specialized Embedding Model We
introduce Plan-Emb, an embedding model spe-
cialized for urban planning knowledge that ad-
dresses two key challenges: specialized terminol-
ogy (where "regulations” typically means "zon-
ing regulations") and planner’s perspective (where
"land use" encompasses complex interactions be-
tween people, land, and ecosystems). To construct
training data, we first extract individual sentences
from our urban planning document corpus. For
each sentence, we use a language model to gener-
ate multiple semantically equivalent paraphrases as
positive examples, while randomly sampling other
sentences from the corpus as negative examples
(Examples are shown in Appendix B.5.1). Plan-
Emb employs a two-stage training process with
InfoNCE loss augmented by KL divergence regu-

larization to prevent catastrophic forgetting:

. +
esim(h?,h ) /T

N sim(h4,h%
SiLg st/

loss = —log - + ADgkr(P|Q)

Plan-HS: Hierarchical Search System To ad-
dress low signal-to-noise ratio challenges in plan-
ning documents, Plan-HS employs a hierarchi-
cal approach that combines keyword extraction
through a fine-tuned model (detailed in Ap-
pendix A.1.1) with semantic similarity scoring.
During preprocessing, documents are processed
into chunks with extracted keywords stored in hash-
maps. The search process recalls relevant docu-
ments using both keyword similarity and semantic
similarity, then applies exact matching and cross-
attention scores for result reranking to enhance
accuracy (More details in Appendix A.1 and Sec-
tion 4.4).

3.4 Knowledge Activation Through
Instruction Synthesis

Urban planning requires multi-disciplinary knowl-
edge that general models struggle to coordinate
effectively. To activate dormant domain knowl-
edge without extensive retraining, PlanL.LLM builds
upon previous work (Zhou et al., 2024)’s insight
that pre-trained models contain dormant knowl-
edge requiring activation rather than injection. Our
approach first identifies the urban planning knowl-
edge embedded in the base model, then synthesizes
high-quality SFT data to activate this knowledge
while minimizing distribution gaps.

In Stage (1): Knowledge Probing, we lever-
age a prompt-based method inspired by GLAN (Li
et al., 2024a) to systematically generate a com-
prehensive knowledge tree of urban planning con-
cepts using the instruction-tuned version of our
base model (detailed in Appendix 6). Our approach
employs a balanced exploration strategy combin-
ing breadth-first and depth-first searches, where
leaf nodes capture detailed, fine-grained knowledge
points. Through this structured process, we effec-
tively map out the urban planning knowledge that
already exists within the base model’s parameters.

For Stage (2): Data synthesis, we retrieve rel-
evant text segments from high-quality textbook
materials indexed in our PlanRAG system, us-
ing the knowledge points K = {ki, ka,...,kn}
identified in the probing stage. We employ a
prompt-based Doc2QA transformation function
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f i (ki, D;) — (gi,a;) that converts each knowl-
edge point k; and their associated D; documents
into instruction-response pairs to activate dormant
knowledge.

In Stage (3): Filtering and Rewriting, gen-
erated instruction-response pairs undergo multi-
dimensional filtering including deduplication, qual-
ity evaluation with a reward model (Liu et al.,
2024b), complexity assessment (Lu et al., 2023),
and diversity enhancement using k-center algo-
rithm (Sener and Savarese, 2017) to ensure high
quality. Inspired by (Yang et al., 2024), we employ
a fine-tuned model to rewrite responses while pre-
serving semantic meaning, minimizing the distri-
bution gap between synthetic data and the model’s
internal representations. This approach produces
training examples that better align with the model’s
learned distributions while maintaining the core
domain knowledge.

4 Experiment

In this section, we demonstrate the effectiveness of
our PlanGPT framework through comprehensive
offline and online experiments.

4.1 Experimental Setup

Implementation Details Our training data con-
sists of three main components: (1) knowledge
activation data as introduced in Section 3.4, syn-
thesized from study materials, Q&A threads, text-
books, and government documents (see appendix
C.2); (2) manually annotated task-specific training
data covering the four core tasks shown in Table 2;
and (3) general-domain instruction data curated
from datasets like ShareGPT and Alpaca-52k, to-
taling approximately 50k instruction pairs across
all three components. We selected GLM3-base! as
the base models. Implementation used the Trans-
formers framework with AdamW optimizer (Se-
5 initial learning rate), DeepSpeed ZeRO-3, and
FlashAttention-2.

Evaluation Framework We conduct comprehen-
sive evaluation through two complementary ap-
proaches: offline experiments using standardized
benchmarks for systematic assessment, and online
experiments for real-world applicability valida-
tion.

'We also evaluated Qwen2.5-7B as an alternative base
model to leverage recent LLM advances while addressing data
privacy concerns in urban planning.

(1) Offline Evaluation: We utilize Plan-
Bench (Deng et al., 2025), a comprehensive bench-
mark for evaluating urban planning capabilities in
large language models. PlanBench adopts Bloom’s
revised taxonomy covering five cognitive levels
(Remember, Understand, Apply, Analyze, Eval-
uate) across urban planning knowledge domains.
The benchmark integrates disciplinary knowledge
systems from leading institutions and professional
qualification examinations across multiple coun-
tries, providing systematic assessment through 4
major categories, 24 intermediate classes, and 81
subcategories with Content Validity Index confir-
mation.

(2) Online Evaluation: We assess practical ap-
plicability through two components: (1) Four core
urban planning tasks from professional workflows
including proposal generation (generating planning
proposals and documents), style transfer (adapt-
ing planning documents between different formats
and styles), information extraction (extracting key
planning metrics and requirements), and evaluation
(assessing planning documents and proposals) (see
Table 2 and detailed task descriptions in Appendix
B.2). (2) A two-part knowledge test combining
C-Eval(Huang et al., 2023b)’s 418-question urban
planning subset (v1) with our curated collection
of 3,500 questions from Chinese Registered Urban
Planner certification examinations (v2), represent-
ing both standardized assessment and real-world
professional requirements.

Baselines For offline evaluation, we compare
against advanced language models across three
categories: Chinese-English bilingual models (Yi-
6B, ChatGLM3, Qwen series (Qwen et al., 2025)),
English-focused models (LLlama3 series (Touvron
et al., 2023), Gemma variants (DeepMind, 2023)),
and chain-of-thought models (DeepSeek-R1 vari-
ants (DeepSeek-Al et al., 2025)) as benchmarked
in PlanBench. For online evaluation, we select
baseline models including ChatGLM3-6B (Du
et al., 2022), Yi-6B, Qwen-7B, GPT-3.5-Turbo,
Baichuan2-13B, and GPT4 (OpenAl, 2023), repre-
senting diverse architectures and capabilities. De-
tailed descriptions are provided in Appendix B.3.

4.2 Offline Results: PlanBench Evaluation

Table 1 presents comprehensive results on Plan-
Bench across cognitive abilities. Our PlanGPT
framework demonstrates competitive performance
among models of comparable scale. Notably,
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Cognitive Abilities

Models Overall
Remember?  Understandt Apply? Analyzet Evaluatef AVG?T
Chinese-English Bilingual Models
Yi-6B-Chat 93.8 48.1 75.3 85.6 26.2 65.8
ChatGLM3-6B 80.2 37.5 444 58.3 21.0 48.3
GLM-4-9B-Chat 91.4 72.8 84.0 79.9 38.3 73.3
Qwen2.5-0.5B-Instruct 654 21.0 25.9 69.4 14.8 39.3
Qwen2.5-3B-Instruct 98.8 66.7 92.6 64.0 29.6 70.3
Qwen2.5-7B-Instruct 98.8 70.4 81.5 65.9 30.9 69.5
English-focused Models
Meta-Llama-3-8B-Instruct 95.1 58.0 72.8 78.8 48.1 70.6
Llama-3.1-Tulu-3-8B 60.5 56.8 30.9 80.8 16.0 49.0
Gemma-7B-it 333 6.2 333 70.8 6.2 30.0
Gemma-2-2B-it 87.7 444 75.3 69.0 28.4 61.0
Gemma-2-9B-it 96.3 75.3 90.1 67.3 333 72.5
Chain-of-Thought Models
DeepSeek-R1-Distill-Qwen-7B 96.3 69.1 77.8 73.4 23.5 68.0
DeepSeek-R1-Distill-Llama-8B 93.8 64.2 75.3 78.8 28.4 68.1
Our Models
PlanGPT (Base: ChatGLM3-6B-Base) 88.9 52.4 68.5 72.1 35.2 63.4
PlanGPT (Base: Qwen2.5-7B) 96.2 74.8 85.3 82.7 42.6 76.3

Table 1: Comprehensive Model Performance Comparison across Cognitive Abilities

# .
TASK Train Dev  Test Metric
Generating 1,089 100 100 Score
Style Transfer 1,181 489 489 Score

1242 138 138 Acc
2345 100 100  Acc, F1

Information Extraction
Text Evaluation

Table 2: Statistics of downstream tasks dataset. “#”
indicates the number of samples. The more detailed
description of each task is in Appendix B.2.

PlanGPT (Base: Qwen2.5-7B) achieves 76.3 over-
all score, showing balanced performance across all
cognitive levels with particular strength in Apply
(85.3) and Analyze (82.7) capabilities crucial for
urban planning tasks.

The results reveal important insights about
model capabilities in urban planning: (1) Cogni-
tive Balance: PlanGPT maintains consistent per-
formance across all levels, essential for comprehen-
sive planning support. (2) Domain Adaptation:
Compared to the base Qwen2.5-7B-instruct model
(69.5), our domain-specific fine-tuning yields sig-
nificant improvement (+6.8 points), demonstrating
the effectiveness of our knowledge activation ap-
proach. (3) Scale Efficiency: PlanGPT achieves
competitive results with smaller parameter counts,
highlighting the advantages of domain-specific op-
timization over general-purpose scaling.

4.3 Online Results: Professional Task
Evaluation

Professional Task in Urban Planning To vali-
date our framework’s effectiveness in addressing
the real-world challenges, we evaluated PlanGPT
against leading models across four core capabili-
ties identified through practitioner interviews. We
engaged four professional urban planning practi-
tioners for expert assessment, while also utilizing
PlanGPT itself as an auxiliary judge to assist in the
review process (PlanEval). The detailed evaluation
criteria and scoring rubrics are provided in Ap-
pendix B.2. Table 3 shows that PlanGPT achieves
competitive performance across all essential plan-
ning tasks. PlanGPT achieves the highest human
evaluation scores in text generation (86.67) and
style transfer (80.00), demonstrating strong per-
formance on governmental document styles. The
framework also shows advanced capabilities in in-
formation extraction (65.18% accuracy) and text
evaluation (41.00% accuracy, 35.28 F1). These
results indicate that our open-source framework ef-
fectively coordinates domain-specific capabilities
while achieving performance comparable to larger

*Yi-6B only completes 10.8% of our tests, with the major-
ity producing responses that do not meet our requirements.

3We utilized ChatGPT & GPT-4 for annotating the test
data, therefore we are not reporting this experiment.
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Models Text Generation Style Transfer Information Extraction — Text Evaluation
PlanEval Human PlanEval Human Acc Acc F1
ChatGLM (Du et al., 2022) 47.67 41.33 63.94 67.00 50.00 26.00 25.67
Yi-6B 16.00 9.00 15.41 12.00 -2 20.00 833
Baichuan2-13b-Chat(Baichuan, 2023) 62.67 34.00 43.90 39.33 50.32 33.00 17.42
ChatGPT (OpenAl, 2022) 74.67 58.0 66.12 70.67 3 31.00 21.30
ChatGLM-2-Shots (Du et al., 2022) 65.33 52.33 71.10 63.67 53.81 30.00 21.76
PlanGPT Framework 60.33 86.67 66.80 80.00 65.18 41.00 35.28
Table 3: Online Task1: Professional Urban Planning Task Performance Evaluation

Models vit v21  Avgt o Method score@1 score@5 AVG

GPT-4 632 553 59.3 0.875 ChatGLM3-6B - 48.8 (Direct Score)

ChatGPT 522 420 47.1 0.805 Raw Search 48.7 48.5 48.6

Raw Search + PlanEmb 49.7 48.8 49.3

ChatGLM3-6B  56.5 48.8 52.7 0.864

BlueLM-7B 73.0 272 501 0373 PlanRAG (all S 24 522

Yi-6B 73.1 312 522 0427 ) )

Baichuan-13b  50.5 24.7 37.6 0.489 Table 5: Ablation Studies for PlanRAG

PlanLLM 63.0 512 57.1 0.812

Table 4: Urban Planning Knowledge Assessment

proprietary models.

Professional Knowledge in Urban Planning
Following the methodology described in Sec-
tion 3.4, PlanGPT achieved advanced performance
among open-source models of comparable scale on
our specialized urban planning knowledge bench-
mark. As shown in Table 4, our approach yielded
approximately 5% accuracy improvement over the
base model, with performance metrics approach-
ing those of significantly larger proprietary models.
The § value of 0.812 indicates PlanGPT’s strong
knowledge alignment and reliability for govern-
mental planning applications. This demonstrates
the success of our Plan-Annotation framework and
capability-focused fine-tuning.

4.4 Component Analysis: Tool Integration
Effectiveness

To demonstrate the effectiveness of our frame-
work’s specialized components, we conducted ab-
lation studies focusing on PlanRAG’s retrieval ca-
pabilities and PlanAgent’s tool coordination mech-
anisms in online task scenarios. Table 5 reveals
two key findings: First, PlanRAG components
show clear effectiveness - Plan-Emb contributes
0.7% improvement through domain-specific seman-
tic understanding, while the full PlanRAG system
achieves 52.2% average performance, outperform-
ing raw search by 3.6%. Second, when comparing
direct model responses (ChatGLM3-6B: 48.8) with

tool-enhanced performance (PlanRAG: 52.2), our
results demonstrate that PlanAgent’s tool coordi-
nation provides substantial benefits over isolated
model usage. These results validate our frame-
work’s core design: specialized tools like PlanRAG
enhance retrieval effectiveness, while PlanAgent’s
coordination capabilities enable superior perfor-
mance compared to standalone model responses,
effectively addressing the complex requirements of
urban planning workflows.

5 Conclusion

We introduced PlanGPT, the first specialized Al
agent framework tailored for urban and spatial plan-
ning. Through its comprehensive agent architecture
integrating a customized local database retrieval
system, domain-specific knowledge activation ca-
pabilities, and advanced tool orchestration mecha-
nisms, we successfully addressed key challenges
faced by urban planners in tasks like generating
planning texts, retrieving related information, and
evaluating planning documents. Our empirical re-
sults demonstrate that PlanGPT achieves advanced
performance while providing comprehensive sup-
port that significantly enhances professional plan-
ning efficiency. Our system has already been
successfully deployed and used in several institu-
tions. In the future, we will continue to refine and
expand PlanGPT’s capabilities to further advance
intelligent assistance in urban planning workflows.
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Ethical Considerations

Deploying PlanGPT in urban planning necessitates
addressing several key ethical concerns:

Data Privacy Given the close ties between urban
planning and government operations, we prioritize
data security and privacy. Our system exclusively
utilizes publicly available government documents
and officially released planning materials. All train-
ing and operational data comes from authorized
sources including published urban plans, zoning
regulations, and publicly accessible government
databases. This ensures compliance with data pro-
tection regulations while maintaining transparency
in the planning process.

Hallucination Mitigation Given the real-world
impact of planning decisions, we implemented:
Source-traceable attribution through PlanRAG,
confidence scoring for uncertain outputs; and hu-
man validation for critical applications.

Bias Considerations We address potential biases
through systematic detection mechanisms during
training and evaluation, ensuring PlanGPT main-
tains neutrality across different planning philoso-
phies while accurately representing diverse com-
munity needs and regulatory requirements.

6 Limitations

Despite the promising results demonstrated by
PlanGPT, several limitations warrant acknowledg-
ment:

Model Selection Our implementation relies on
state-of-the-art models from 2024, which we be-
lieve possess sufficient capability to handle the
complex, interdisciplinary nature of urban plan-
ning texts. Nevertheless, the effectiveness of our
approach remains constrained by the capabilities
of these underlying models.

Evaluation Metrics While our evaluation frame-
work is comprehensive across various dimensions,
quantitatively measuring certain qualitative aspects
of urban planning work presents inherent chal-
lenges that may not be fully captured in our current
metrics.

Data Volume and Knowledge Activation Our
approach builds upon LIMA’s hypothesis that pre-
trained models contain dormant knowledge requir-
ing activation rather than injection. However, the
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substantial volume of fine-tuning data employed in
our work may challenge this fundamental assump-
tion, raising questions about whether high-volume
fine-tuning represents genuine knowledge activa-
tion or effectively constitutes knowledge injection.
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A More Details about Methodology

A.1 PlanHS

A.1.1 KeyModel Construction

KeyModel is a 0.5B lightweight model trained via
supervised fine-tuning (SFT) to extract 3-5 key-
words from text passages. We use tailored prompt
to guide ChatGLM3-6B in generating keyword an-
notations, followed by manual verification to create
high-quality training data. The SFT objective is:
Lspr = — Ziil log P(k;|x;0) where k; repre-
sents extracted keywords and z is the input pas-
sage. This design achieves an effective efficiency-
performance trade-off for keyword extraction.

A.1.2 RAG Algorithm Details

PlanHS (Plan Hierarchical Search) is our pro-
posed hierarchical search algorithm that combines
keyword-based and semantic-based retrieval meth-
ods.

The algorithm consists of two main components:
(1) A preprocessing stage that initializes special-
ized models and builds necessary data structures.
(2) A hierarchical search process that leverages
both keyword matching and semantic similarity to
retrieve relevant documents.

The algorithm first processes the query through
both keyword extraction and semantic embedding
paths. It then retrieves candidate documents using
both methods and combines the results. The final
ranking considers both keyword matching scores
and semantic relevance through cross-attention,
ensuring both lexical and semantic similarity are
taken into account.
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Algorithm 1 PlanHS: Hierarchical Search

1:

procedure PREPROCESS
Initialize KeyModel and PlanEmb models

Build vector database V' : D — R™ and keyword

mapper H : {d;} — {K;}

end procedure

procedure QUERYSEARCH(query)
Extract query embedding s € R and keywords K
Retrieve Top(z/2) chunks by sim(K, K;) — A
Retrieve Top(z/2) chunks by sim(s,v;) — B
Compute keyword score: score[d] = >, renx, 1
Re-rank by « - cross-att(g, d) 4+ 3 - score[d]
return ranked document list

: end procedure

A.2 PlanLLM

You are an expert urban planner. Based on the following
knowledge point, generate a detailed hierarchical
knowledge tree that expands this concept into its

component parts.

### Knowledge Point:
### Answer:

Table 6: Prompts for Knowledge Tree Generation

A.3 PlanAgent

In

the field of urban planning, professionals are

required to have a solid grasp of domain-specific
knowledge while also being proficient in utilizing
tools relevant to the field. Drawing inspiration from
previous work involving agents (Team, 2023b; Xie
et al., 2023; Team, 2023a; Hong et al., 2023; Naka-
jima; Significant Gravitas; Wu et al., 2023; Lun
et al., 2023), we have designed and developed an
agent that aligns closely with the tasks and require-
ments of urban planning. This agent, coined as
the "PlanAgent", is intricately tailored to suit the
intricacies of urban planning endeavors.

* Autonomous Todo List Generation: To as-
sist urban planning professionals in executing
complex tasks such as text review, audit, or
evaluation, PlanAgent autonomously gener-
ates and optimizes task lists based on inputs
from planners, subsequently executing them
in sequence.

* Orienteering Web Search: PlanAgent uti-
lizes Web LLM to access real-time planning
regulations and updates. Drawing inspiration
from WebGLM’s web crawling (Liu et al.,

2023), it employs vector queries and URL
crawlers to ensure precision. To further en-
hance search accuracy, we implemented ori-
enting URL crawlers specifically designed to
identify information sources related to urban
planning.

Professional Tool Invocation: PlanA-
gent proficiently utilizes specialized domain-
specific models to execute pivotal tasks in-
tegral to urban planning. These tasks in-
clude reverse geocoding, knowledge graph
construction, and image captioning. Further-
more, PlanAgent integrates advanced tools
developed by urban planning researchers for
tasks such as spatiotemporal analysis(Liu and
Zhang, 2023; Zhang and Ning, 2023), transit-
oriented development (TOD) settings(Shao
et al., 2020), neighborhood life-circle urban
planning(Zhang et al., 2022), integrated land
use and transport planning(Shao et al., 2023),
urban simulations(Zhang et al., 2020), digital-
twin city platforms, and other essential com-
ponents of smart city initiatives. This holistic
approach ensures a scholarly and comprehen-
sive engagement with the intricate challenges
inherent in urban planning endeavors.

Information Integration and Alignment:
PlanAgent autonomously consolidates out-
puts from diverse LLMs (e.g., Vector LLM
(PlanRAG), Local LLM (PlanLLM)) and spe-
cialized models through advanced techniques.
It can employ a customized reward model in
DPO (Rafailov et al., 2024) or RLHF (Chris-
tiano et al., 2017) to select the optimal answer,
while also utilizing a summarization model to
enhance findings from multiple sources.

The overarching architecture of PlanGPT is de-

picted as outlined above figure 2, encapsulating its
multifaceted capabilities.

B Experimental Setup

B.1 Training corpora

Our training data consists of three main compo-
nents that together form approximately 50k instruc-
tion pairs:

Knowledge Activation Data

We curated a spe-

cialized urban planning dataset from diverse
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sources, including study materials, highly-rated



Q&A threads from urban planning forums, high-
quality textbooks in related majors, and official
documents published by local governments in re-
cent years. Following meticulous selection using
Urban-planning-annotation, this component pro-
vides the foundation for domain-specific knowl-
edge as detailed in Section ??. Detailed statistics
are provided in Appendix C.2.

Task-Specific Training Data For the develop-
ment of specific capabilities, we employ urban
planning data and manual annotation to generate
datasets for the four core downstream tasks, as
illustrated in Table 2. This component focuses
on practical urban planning workflows including
document generation, style transfer, information
extraction, and evaluation tasks.

General-Domain Instruction Data We incorpo-
rate curated general-domain fine-tuning datasets
like ShareGPT(Chiang et al., 2023) and Alpaca-
52k*(Taori et al., 2023) to maintain broad language
capabilities while enhancing urban planning abili-
ties.

Taking inspiration from LIMA, we demonstrate
that even a relatively small amount of fine-tuning
data can yield satisfactory results, albeit with some
instability.

B.2 Downstream Tasks

. The downstream tasks are described as follows:

Text Generation Large language models offer
significant advantages in generating urban plan-
ning documentation, including comprehensive land
use plans, development proposals, and zoning or-
dinances. By leveraging these models, urban plan-
ning professionals can streamline the process of
drafting complex documents, ensuring clarity, co-
herence, and adherence to legal and regulatory
frameworks. To evaluate the quality of the gen-
erated content, we created a grading system from
0 to 3, with four levels indicating quality from
poor to excellent. Four professional urban planners
provided subjective assessments, and their average
rating determined the final quality score (Human)
of each model, which was then converted to a 100-
point scale.

Text Style Transfer Urban planners commonly
employ text style transfer techniques in their work-
flow. Large language models can assist in trans-
forming brief or informal texts into the specific

*Chinese and English versions

style of urban planning communication, thereby
enhancing the efficiency of urban and rural work-
ers. The evaluation method is similarly to Text
Generation.

Text Information Extraction Large language
models can extract key information from various
textual sources, including urban planning reports,
public comments, and academic studies, to support
data-driven decision-making in urban and spatial
planning. We self-annotate the top 5 crucial key-
words for each test case and calculate accuracy
(Acc), which means whether our model can pre-
dict the same keywords as we expected within an
acceptable range of semantic variation.

Text Evaluation LLMs can aid urban planners
in evaluating urban planning proposals by assess-
ing the feasibility, sustainability, and community
impact of diverse projects, thereby offering objec-
tive evaluations and recommendations. Notably,
we simplify the evaluation process by assigning
style ratings from O to 3 to each paragraph, treat-
ing it as a classification task with accuracy (Acc)
and F1 scores. Additionally, we utilize the trained
model to automatically evaluate two tasks > and
report the scores(PlanEval).

B.3 Baselines

We select several baseline models for comparison:

* ChatGLM3-6B(Du et al., 2022): This is
the base model of the ChatGLM3-6B series,
known for its smooth dialogue and low de-
ployment threshold.

* Yi-6B: Yi-6B is part of the Yi series, trained
on a 3T multilingual corpus, showcasing
strong language understanding and reasoning
capabilities.

¢ Qwen-7B: Qwen-7B is a member of the Qwen
series, featuring strong base language models
pretrained on up to 2.4 trillion tokens of mul-
tilingual data with competitive performance.

* GPT-3.5-Turbo: An advanced version of
GPT-3, incorporating enhancements in model
size, training data, and performance across
various language tasks.

* Baichuan2-13B: The Baichuan?2 series intro-
duces large-scale open-source language mod-
els, with Baichuan2-13B trained on a high-

SText Generation, Text Style Transfer
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quality corpus containing 2.6 trillion tokens,
showcasing top performance.

* GPT4(OpenAl, 2023): The latest iteration of
the Generative Pre-trained Transformer devel-
oped by OpenAl, representing a significant
advancement in natural language processing
technology.

B.4 Urban and Rural Planner Test V2
Question Samples

Chinese version of the questions:
L Wi ARG A RAERIE__ -
(a) WAL ST ERIE S
(b) BT AL 2 RIS P & B
(c) T R IH AL 2 (AR R AN 277 R
TR 2 R
(d) H 2 IR AR St T & e PR AN EN
KB

Answer: ¢

2. RTILEE AN B, BT
BBRER A, IERRE_ -
(a) XZE X, BAWN 8RR
Yy, EE R 0 F R
(b) SLEE X4, ARZ 20 A
BT T RGHEVLER
(c) HENTERSH, AR E X E AT X
H, REOR T ECE AR K
(d) ZEXSERNH, IBESCHE B ATE I
TS SRR —

Answer: a

3. MR (T % A s 1) S A AR G 1 7 R
(517) ) . EEAHANNEERAG
w___-

(a) P RS AITIREA R~ BeRiAE

KA
(b) 5| SBERVEE S e fi /e 2@ A
b BRI [X

(c) FE—BHEA NI E A
() P R B
Answer: ¢

English version of the questions (Translated
from Chinese version):

1. Which of the following statements about ur-
ban development and social relations is incor-
rect?

(a) Cities are aggregates of social contradic-
tions

(b) Cities are places where social problems
concentrate

(c) The resolution of old social problems in
cities will not lead to new social prob-
lems

(d) The resolution of social problems is both
the goal and realistic driving force of ur-
ban development

Answer: ¢

. Regarding the characteristics of European ur-

ban construction during the Renaissance and
Absolute Monarchy periods, which statement
is correct?

(a) During the Renaissance, squares and
streets with classical style were the main
features of cities

(b) During the Renaissance, many medieval
newly-built cities underwent systematic
organic renewal

(c) During the Absolute Monarchy period,
London’s urban renovation had the great-
est influence on European capital con-
struction

(d) During the Absolute Monarchy period,
intersecting boulevards were one of the
typical features of urban construction

Answer: a

. According to the "Guidelines for Municipal

Territorial Space Master Planning (Trial)",
which of the following is NOT included in
residential land planning requirements?

(a) Optimize spatial structure and functional
layout, improve job-housing balance

(b) Guide priority placement of policy-
oriented housing in areas with conve-
nient transportation and employment

(c) Further increase per capita residential
land area

(d) Strictly control high-rise and high-
density residential buildings

Answer: ¢



Keyword, Explanation Rating
BRIR EVEZRENETS |0
A -
K BR[| THBTEA B EAERUK 0
il
H
ek | P R R, L]
bk Felk 9 2B
.

Table 7: urban-rural-STS-B-test Samples (Chinese)

Keyword| Explanation Rating
Coal Maintenance and balance | 0
of biodiversity.
Water Firefighters are putting | 0
Re- out a fire.
source
Devel-
opment
Industrial| A city with industrial | 1
City clusters, where industry
serves as the main eco-
nomic pillar.
Table 8: wurban-rural-STS-B-test Samples (English
Translation)
Keyword| Explanation Rating
TR Y EZHEEREFS | o
-
K BEIR | TEPIRA R IEAERUK 0
il
H
Pk | PR E T, LU 1
1 FElk O FEE R P
.

Table 9: urban-rural-STS-B-test Samples (Chinese)

Keyword| Explanation Rating

Coal Maintenance and balance | 0
of biodiversity.

Water Firefighters are putting | O

Re- out a fire.

source

Devel-

opment

Industrial| A city with industrial | 1

City clusters, where industry
serves as the main eco-
nomic pillar.

Table 10: urban-rural-STS-B-test Samples (English
Translation)

B.5 urban-rural-STS-B-test Samples

B.5.1 Training Dataset and Test Dataset
Examples

C Case Study

In this section, we will discuss relevant tasks in the
domain of real-world urban planning and provide
potential solutions.

C.1 TASK: Review

Review is the primary task of urban planning in-
stitute staff, as extensively discussed in Section 1,
which consumes a significant amount of time. By
utilizing PlanRAG to identify reference standard
to document queries and then conducting reviews
using PlanAgent, we believe that LLMs can de-
tect inconsistencies, inaccuracies, or discrepancies
within the text, ensuring the integrity and quality
of urban planning proposals.

However, in practical work, we have found that
despite sophisticated prompting, large models often
fail to align with human consciousness, exhibiting
extremes by either detecting minor errors that could
be overlooked or excessively relaxing standards,
resulting in lower recall rates.

Our solution involves employing GPT-4 to ran-
domly introduce partial errors into urban planning
text, along with indicating their locations. Our staff
then identify error reasons, categorized into three
types: 1. factual errors 2. spelling/grammar errors
3. stylistic errors (including harmful language). Ini-
tially, we refine the cognitive capabilities of large-
scale models to discern the mere presence of errors.
Subsequently, we instruct them to identify and flag
errors.
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Figure 3: Assessment Task process

C.2 TASK: Evaluation

In the urban planning domain, text evaluation is a
complex task, including verifying the framework
of the text, reviewing the details and style of the
text (as in the aforementioned review steps), and
scoring the overall nature of the document. The
overall nature of the document includes novelty,
feasibility, and utility.

1. Novelty: Assessing the differences and con-
nections with historical urban planning.

2. Feasibility: Urban planning needs to consider
comprehensive conditions such as local eco-
nomic level, geographical conditions, and in-
terpersonal relationships.

3. Utility: Whether the urban planning can solve
practical problems.

In actual operations, our solutions are as follows:
Novelty: We will use PlanRAG to quickly retrieve
and match historical urban planning. Feasibil-
ity: PlanAgent integrates network search tools
and multimodal capabilities to solve. Utility: To
evaluate the efficacy of the proposed plan, we will
develop a simulation environment where multiple
PlanAgents will engage in role-playing activities.
Through simulated interactions and scenario analy-
ses, the plan’s effectiveness will be assessed across
diverse contexts.
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Model

Output Answer

PlanGPT

KIEHT X AL RN R RV X K2 By, BRI RE X . KRIEHTX
REINESKRRNEF X, TNEFRYIEREE T AREHHX 2 —,
FWEGEINL EREFNERESS AINE - CRBSHTIX E 4258 2 AR
(2021-2035%F) ) & KMEHT X AR E £ =8 & B i G RS E, 2
WA RS . BT A B - INLE L= A Z RIS R - A
TR e B B2, RN E - 2518 S AR~ RIEHT X A 2%
M p5 AR, E2EBAMEH X SRELE - S EE - "SR
FRREEFE - MRS X B R S5 4« BRURSENR - 7=k FEa - JAHE
BE AR HTE SRELE S TR TS AAER S, &R BT 48 R HT X [E £ 25 18]
F& -~ BRI R - BERENS, 2RHISTIETHL - FHEIL -
FEEERLR ~ FH B TR R BB o AHLRI SR XL R AN RS E A, DA
KI5 80, DURTREASE AR S N RS, DUE -2 E A R - 5
TR M2 A1 SR NGRS A R N B, S BE MR X E + 23 BT & (R4
B, REEEEEREREE - BEU6EE . BELEAR . AESSET A SR
HH [ A HR 25 A R

ChatGLM

KX AL TR, 2ESHBRAEFIRX L —, BEEIREEE
ARFEEX Z — . XEAFEYID LRFNERESS AW E, 2
YIS SR ORI 5 & AR R B B 2R A « MR X2 [ 2 A R s
AT & R E BTG, RISt R 2 BRI A ST & 1
M¥a. HERMGMLSE, A RKBBARNEREL, FENBRTES
ARG SR - SRR E ZRESRIT X, R T REREFEE
PIFONGE R - tboh, KRESH LA £ 8 000 LR TE, iR AT -
ISKAIE - RITEWE, REIID RS EZNER - T RIPRIR R
R XA AR, FINTHEURFRECT — RS, G55 N8R 2E
H . RIPIFEEAES ARG . WEhiB AT A R AT T S . ]
i, XEWEN T —MEK A ERRITX, AR 5 E KA
bt - KISEERR BIRRITXSE, X BAAESIHREET T AR
I .

Standard Answer

R AL TERIIRE e X, A TR, YR M —1
DhEELX « XA EERESER, WERFEYIN = bl AREER
Xz —, PRETHEYIE BE, e TERIESMAIE - KB
WX ORI S SRAES R 5 Z R R A R EEHEY, FREEER
AR BORTE XA E 5K 450K Lt 4 LR L SE R BB 2t - LK)
WfE S BARET S PRI U ERr Bt 2 £ EME, 2EEf)Er —+
KNG, SRR R RN BL, S A R, RS HMAS R R
f- MRS REA R, BFESLOMEaLRE, UARIFL,
PENS BORAAIE A o BERTRERI T WS HT X 1 F120355F Fp I & R 2
AIAGES ISR, B NRYIFTIE " NS B IRFIE LA i e o ] Sy 4R (e
NEEE . MRIRHIE SR T BT B ERER, 2 AIE L
23 (A LA 2R LRI B 25 RS (A S AR R A e R AR
NREEREAAI R, DR TR X A Z IR R S - R TE
SHRIASTRERE T IR &, MR TSR SRS ), e B
FrEEZR, sakEhRLRE, RN -FEESRIPMEFAE, BEFRR
KIS BTSSR RISk A R B -

Table 11: Planning text generation comparison, Chinese version
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Model

Output Answer

PlanGPT

Dapeng New District is located in the Dapeng Peninsula in the eastern coastal area of
Shenzhen and is a functional area under Shenzhen’s jurisdiction. Dapeng New District is
Shenzhen’s most concentrated area of ecological resources, and also one of the earliest
areas of ancient human activity in Shenzhen, possessing valuable ecological and cultural
heritage from Shenzhen’s history. "The Dapeng New District Territorial Space Master
Plan (2021-2035)" is the blueprint and strategic deployment for the future territorial space
development of Dapeng New District. It is an important measure to implement the new
development concept, integrate into the new development pattern, optimize the territorial
space development and protection pattern, and enhance the city’s quality competitiveness.
It provides leadership and coordination for Shenzhen’s territorial space master plan and
Dapeng New District’s own plans, and is a legal means to achieve high-quality develop-
ment, high-quality life, and high-efficiency governance in Dapeng New District. The plan
is a comprehensive evaluation and overall deployment of the region’s natural geographical
conditions, resource endowments, industrial foundation, governance capabilities, and
governance needs. It is the general guideline for the development, protection, utilization,
and restoration of Dapeng New District’s territorial space over the next decade, and is the
basis for preparing various special plans, detailed plans, village plans, and related special
plans. This plan is based on regional development and strategic positioning, guided by
national strategy, with resource and environmental carrying capacity as the bottom line,
and territorial space development and protection baseline, resource-constrained spatial
demand, and strategic layout as overall considerations. It coordinates the construction of
the new district’s territorial space development and protection pattern, providing spatial
guarantee for Shenzhen to build a high-quality Chinese model that is globally livable and
suitable for work, mountains and sea, modern industry, and ecological beauty.

ChatGLM

Dapeng New District is located in Shenzhen and is one of the most concentrated areas
of ecological resources, as well as one of the earliest areas of ancient human activity
in Shenzhen. It possesses valuable ecological and cultural heritage from Shenzhen’s
history and is an important experimental field for Shenzhen’s pursuit of coordinated
protection and development. Dapeng New District is an important experimental zone
for national ecological civilization construction and circular economy development, and
is also a window and platform for Shenzhen to build a global ecological city. It has a
beautiful natural environment, with a 13-kilometer coastline, rich coastal ecosystem, and
marine resources. This area is also an important ecological protection zone in Shenzhen,
protecting numerous marine organisms and habitats. In addition, Dapeng New District has
rich historical and cultural heritage, such as Dapeng Fortress, Shatoujiao Fort, Dongmen
Ancient City, etc., which are important representatives of Shenzhen’s history and culture.
To protect and develop the ecological resources of Dapeng New District, the Shenzhen
municipal government has taken a series of measures, including strengthening coastline
management, protecting marine ecosystems, promoting marine economic development,
and promoting low-carbon lifestyles. At the same time, a number of national parks
and nature reserves have been established here, such as Dapeng Peninsula National
Geopark and Dapeng Bay National Nature Reserve, effectively protecting and managing
the ecological environment.

Table 12:

Planning text generation comparison (Part I), English version(Translated by Chinese version)
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Model

Output Answer

Standard Answer

Dapeng New District is located in the eastern coastal area of Shenzhen, situated
on the Dapeng Peninsula, and is a functional area under Shenzhen’s jurisdiction.
The area has rich ecological resources and is one of the important areas of ancient
human activity in Shenzhen’s history, preserving Shenzhen’s historical heritage
and integrating valuable ecological and cultural wealth. Dapeng New District has
become an important experimental field for Shenzhen’s pursuit of coordinated
ecological protection and development, and is also a national ecological civilization
demonstration zone and a national "Green Mountains and Clear Waters are Gold
and Silver Mountains" practical innovation base. The guiding ideology of the plan
is based on Xi Jinping Thought on Socialism with Chinese Characteristics for a
New Era, fully implementing the spirit of the 20th Party Congress, standing on
the new stage of development, implementing the new development concept, and
serving and integrating into the new development pattern. The plan emphasizes
high-quality development, adheres to ecological priority and green development,
is people-centered, and promotes harmony between humans and nature. It compre-
hensively plans the spatial strategic blueprint for Dapeng New District’s medium
and long-term development toward 2035, aiming to provide strong support for
Shenzhen to create a "model of beautiful China where humans and nature coexist
harmoniously." The formulation of this plan considers relevant requirements at
national and local levels, fully implements the territorial space planning system
and the relevant content of Shenzhen’s territorial space master plan. It will guide
and constrain the preparation of detailed plans at lower levels to ensure effective
transmission between city and district level plans. While following the carrying
capacity of resources and environment, the plan emphasizes tapping resource
potential, comprehensively managing and controlling all elements, strengthen-
ing land-sea coordinated development, while balancing ecological protection and
economic development, aiming to explore the realization of Dapeng’s green devel-
opment path where humans and nature coexist harmoniously.

Table 13: Planning text generation comparison (Part IT), English version(Translated by Chinese version)
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Data Category

Data Description

Data Volume

Remarks

Provincial Land

Overall layout and guidance for

Includes 29

Shanghai and Beijing have

Spatial Planning | a specific province, including | provincial land | the latest urban master
strategies for the allocation, uti- | spatial planning | plans
lization, and management of vari- | texts
ous resources such as land, water,
minerals, and forests.
Municipal Land | Comprehensive planning for spe- | Includes 337 | Hong Kong has plans such
Spatial Planning | cific cities or municipal admin- | municipal-level | as Hong Kong 2030+ and
istrative regions, providing de- | documents Northern Metropolis Area

tailed guidance on the location,
area, and use of various types of
land.

Plan

National Land

Comprehensive planning at the

2820 planning-

Macau has the Macau

Spatial Master | national level, based on the coun- | related case | 2040 Urban Master Plan
Plan try’s development strategy and | studies
goals, coordinating and manag-
ing the national land spatial free-
dom.
Spatial Planning | Includes research reports, pol- | Over 3000 plan- | Open source on the in-
Manuals icy recommendations, and plan- | ning texts at var- | ternet and compiled by
ning proposals related to overall | ious administra- | various planning organi-
land spatial layout, regional co- | tive levels, case | zations. Planning Cloud
ordinated development, provid- | studies, and re- | website.
ing decision-making basis for rel- | lated Q&A
evant departments.
Authoritative Approximately 200 textbooks | Total of 1GB of | Source: Baidu Wenku,
Textbooks in | covering urban planning, remote | text data in PDF | GitHub, Teaching Syl-
the Field of | sensing control, regional manage- | version labus
Planning ment, and traffic engineering for
undergraduate and graduate stu-
dents. These textbooks encom-
pass the complete education of
urban and rural planning at the
postgraduate level.
Some District | Land spatial planning for district | Supplementary | Source: Spatial Planning
and County- | and county-level administrative | documents for | Manuals website
level Land | areas, involving resource alloca- | county-level

Spatial Master
Plans

tion, infrastructure planning, and
past versions of planning docu-
ments drafted by relevant gov-
ernment departments at various
levels, providing guidance and
strategies for local development.

planning texts

Past Provincial,
County, and
City Land Spa-
tial  Planning
Texts (2000,
2010)

Including land spatial planning
texts for provinces, counties, and
cities in the years 2000 and 2010.

Total of 30GB
of historical
planning  text
data

Source: Compiled from
Zhihu, including munici-
pal, county, and village-
level literature
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