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The digitization of traffic sensing infrastructure has significantly accumulated an
extensive real-time traffic data warehouse, which presents unprecedented challenges for
traffic analytics. The complexities associated with querying large-scale multi-table
databases require specialized programming expertise and labor-intensive development.
Additionally, traditional analysis methods have focused mainly on numerical data, often
neglecting the semantic aspects that could enhance interpretability and understanding.

Furthermore, real-time traffic data access is typically limited due to privacy concerns. To



bridge this gap, the integration of Large Language Models (LLMs) into the domain of
traffic management presents a transformative approach to addressing the complexities
and challenges inherent in modern transportation systems. This thesis proposes an
intelligent traffic analytics framework based on LLM for efficient customized
transportation surveillance and management empowered by a large real-time traffic
database. The innovative framework leverages contextual and generative intelligence of
language models to generate accurate SQL queries and natural-language data
interpretations by employing transportation-specialized prompts, Chain-of-Thought
prompting, few-shot learning, multi-agent collaboration strategy, and chat memory.
Experimental study demonstrates that the approach outperforms state-of-the-art baselines
such as GPT-4 and PaLLM 2 on a challenging traffic-analysis benchmark TransQuery. This
study would aid researchers and practitioners in real-time transportation surveillance and

management in a privacy-preserving, equitable, and customizable manner.



TABLE OF CONTENTS

LIS OF FIQUIES ...ttt sttt be e sre e b 1
LISt OF TADIES ...t 2
ACKNOWIEAGEMENTS......cuiiiiieieee ettt saeene e reenne e 3
Chapter 1: Introduction and MOtIVALION ..........c.cccueiieiieiieiece e 4
1.1 Background and Chall&NQeS..........ccviieiuiiiiiiicceece et 4
1.2 RESEAICN ODJECLIVE. ......eiuieiiiieieteee sttt ene s 8
1.3 SCOPE OF STUAY ..ottt ene s 9
Chapter 2: LIterature REVIEW ..........oiiiiiiiieieieie st 12
2.1 Traffic Management With LLIMS..........ccccoiieiiiiiiiccece e 12
2.2 Time Series Data Analysis With LLIMS ............cccoiiiiiiiiiic e 14
2.3 LLMs in Database SQL QUEIY ........cuciieieiieie ettt 15
2.4 Prompt ENQINEEIING. ......coiiuiiiieieieite sttt 16
2.5 Few-Shot and Zero-Shot Learning.........c.ccoveeeieieienenenescseseeeee e 16
Chapter 3: MethodOlOgy ......cccooviiiiiiiiiiiiiee s 18
3.1 Problem Statement ..........ccoviiiiiie e 18
3.2 SYSIEM DIBSION ..ottt et e e et e b e e e reenneas 22

3.2.1 TaSK MaNQQEMENT......cccuiiiiieiieeiie et e e e eneas 22



3.2.2 QUETY GENEIALION ...ttt 24

3.2.3 QUAILY CRECK ..ot s 24
3.2.4 QUETY EXECULION .....oveieeiie ettt sttt neenee e 25
3.2.5 Data INterpretation .........c.cccveiieieiieie e cee e 25
3.3 INpUt Prompt GENEratioN........cccuciueiieiieeie et sae e e 28
3.3.1 Chain-of-Thought ITEration...........ccccuriiieieieiese s 28
3.3.2 ROIE PrOMPLING .....cieiiieiieieieie e 32
3.3.3 CoNteXt PrOMPLING....c.ceiiieieiieieesiesie sttt 33
3.3.4 FEW-ShOt PrOMPLING.....ccviiieiieie ettt s 36
3.4 MUKI-AQENT STTALEOY ...c.veevveieeeie ettt st e ae e sraeneenee s 39
3.5 FEW-ShOt LEAINNING .....cciviiiiiiecie ettt sra e 42
3.6 Chat MBIMOIY ...ttt b e ene s 45
3.7 ChatBot Interaction Web INtErface ...........ccoveiiiiiiiiiieieee e 47
Chapter 4: EXPEIIMENT ......oiiiiiiieiesie e bbb 50
4.1 EXPerimental SEIUD ......ooiviiii et 50
4.2 Performance COMPAISON .......ccuiiiuiiiie e iie st e seeeite e siee et srae e e esreesaee s 52
4.3 RESUITS ANAIYSIS .....viiiiiiciii ittt sae e e e b e re e nnee s 57

4.4 ADIALION STUAY......oiiiieiiiiee et 66



Chapter 5: Conclusion and FUtUre WOrK ...

BIDHOGIAPNY ...

N 0] 01 0L OSSPSR



LIST OF FIGURES

Figure 1.1 Increasing Vehicle Miles of Travel in the Greater Seattle Area ..........cccevvuvennne 5
Figure 1.2 Vehicle detection using inductive 100PS .......ceevvviiiiiiiiiieiiiie e 6
Figure 3.1 Inductive loop detector locations shown as blue points ...........ccceevveeiiveeinnen. 19
Figure 3.2 System architecture design demonstrating traffic analysis pipeline................ 27

Figure 3.3 Chain-of-thought prompting with intermediate reasoning highlighted (Wei, et

ALy 2022) 1o 30
Figure 3.4 Chain of Thought prompting...........cccocvviiiiiiiiicii 32
Figure 3.5 Input prompt temMpPlate ..........occeeiiiiiiiiiieie e 38
Figure 3.6 TP-GPT multi-agent collaboration framework for traffic data analysis.......... 40
Figure 3.7 Few-shot learning exemplar inVentory ...........ccooveiiiiiiiiiciinicnic e 44

Figure 3.8 Reading and writing chat memory to integrate past knowledge to current answer
TEASOTIE ...ttt sttt b bt b bbbt b e b e e b e b e e R bbb e b e e s b e e bt e e r e 46
Figure 3.9 Online web application interface of TP-GPT ChatBot.............cccooviviiiiiiinnns 49
Figure 4.1 Statistical experimental results of TP-GPT and baselines on TransQuery
DENCRMATK ...t 54
Figure 4.2 Ablation study of TP-GPT on TransQuery by removing prompts, few-shot

learning, or MUIti-AZENt SLIALEZY ......cvvviiviiiiiiiiiiii e 66



LIST OF TABLES
Table 3.1 Network-wide traffic database introduction............cc.cccvvveririiniieiinic e 20
Table 4.1 Sample questions in TranSQUETY..........coriiiiiiiiieiiiie e 51

Table 4.2 Performance comparison of TP-GPT with baseline models on TransQuery traffic-
analysis benchmark ..o 53
Table 4.3 Exemplary answers generated by TP-GPT with ratings to the questions in
TransQuery benChmark ...........ccocviiiiiiiiiiee e 62

Table 5.1 Complete experimental results of TP-GPT on TransQuery benchmark ........... 77



ACKNOWLEDGEMENTS

I would like to express my great gratitude to my advisor, Professor Yinhai Wang, for
constant support of my study and research. His patient guidance, seamless motivation, and
profound expertise have inspired me to become a better person and researcher. I am also
thankful to the member of my thesis committee, Professor Edward McCormack, for
valuable insights and constructive feedback that have enriched my work.

Special thanks to my colleagues in the Smart Transportation Applications and
Research (STAR) Lab, especially Dr. Muhammad Monjurul Karim and Chenxi Liu, whose
insightful mentorship have made my work both productive and enjoyable. I am also
grateful for the joyful times spent with my lab mate and friend, Nutvara Jantarathaneewat,
whose companionship has made our collaborative efforts a delightful experience.

I wish to extend my heartful thanks to my family: my parents, my partner Candice Liu,
and my cat Newboy, for their love, patience, and encouragement, which have provided me

with the spiritual strength and solid foundation needed to complete this journey.



CHAPTER 1: INTRODUCTION AND MOTIVATION

1.1 BACKGROUND AND CHALLENGES

A substantial magnitude of traffic intensity is being observed in modern mobility. As
reported by the Washington State Department of Transportation, the annual Vehicle Miles
of Travel (VMT) on the state highway of King County reached a total of 8,534 million in
the year 2022. A consistent increase trend of VMT is also observed in the Greater Seattle
Area after COVID-19 pandemic, shown in Figure 1.1. Meanwhile, with the rapid
digitization of sensing infrastructure, such as inductive loop detectors shown in Figure 1.2,
an immense volume of traffic data is being collected at an ever-increasing rate in the real-
time and historical data warehouse. This presents both opportunities and challenges. On
one hand, these unprecedented data resources hold the promise of propelling advancements
in traffic analysis, making it more accurate and reliable; On the other hand, the
unpredictable accumulation of data poses significant challenges for the development of
sophisticated traffic analysis techniques.

Firstly, real-time traffic sensing data is typically stored in large-scale, multi-table
databases. These databases are incredibly large and have complex relationships between
different data points. Querying these databases can be labor-intensive and time-consuming,
leading to significant latency. To properly manipulate databases even requires not only a

deep preliminary understanding of context but also specialized expertise in database



programming.
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Figure 1.1 Increasing Vehicle Miles of Travel in the Greater Seattle Area
(Image source: http://tps.uwstarlab.org/)

Secondly, traditional methods of traffic analysis have primarily focused on the
numerical aspects of the data, using statistical methods and machine learning techniques.
This overlooks the semantic and interpretability attributes of the data. As a result, the
exploration of traffic datasets has been limited to numerical imputations and prescriptive
visualization, neglecting their inherent natural-language significance.

Thirdly, access to real-time traffic data is typically restricted to authorized entities such
as government agencies and academic institutions, due to privacy concerns, making it
inaccessible for direct data handling by the general public. There is a pressing need for an
intermediate framework that processes and interprets data for practitioners in a privacy-

preserving manner, which has the potential to not only facilitate trip planning and policy-



making but also improve traffic analysis by making it more accessible, efficient, and

equitable.

Figure 1.2 Vehicle detection using inductive loops

(Image source: https://wsdot.wa.gov/)

In recent years Large Language Models (LLMs) have emerged as a groundbreaking
development in the field of artificial intelligence (Al), demonstrating unparalleled
capabilities in understanding, and interpreting real-world scenarios in human-like ways
(Chang, et al., 2023). These models, powered by advanced neural network architectures,
have found applications across a wide range of domains, from natural language processing
and machine translation to content generation and beyond. They offer unprecedented
capabilities in data interpretation and decision-making.

LLMs have proven their versatility in different fields, including education, healthcare,

software engineering (Fraiwan & Khasawneh, 2023), among many others. While still a



new area of exploration, LLMs show promise for analyzing traffic data. Their general
ability to adapt to different tasks makes them attractive for various intelligent transportation
applications, including traffic signal control (Lai, Xu, Zhang, Liu, & Xiong, 2023), and
accident risk assessment (Wang, et al., 2023). However, effectively using LLMs in these
specialized areas requires them to have a deep understanding of the specific domain (Ge,
et al., 2024). This necessitates the integration of domain-specific databases with LLMs to
foster data-driven reasoning capabilities. Recent research has explored leveraging LLMs
for database operations. Frameworks like LangChain facilitate efficient interaction with
LLMs (Topsakal & Akinci, 2023), while models like DB-GPT are fine-tuned with domain-
specific database knowledge (Zhou, Sun, & Li, DB-GPT: Large Language Model Meets
Database, 2024), enabling the translation of textual semantics into database queries (text-
to-SQL). These advancements offer exciting possibilities for advanced analysis of large-
scale traffic data. However, existing models primarily target at general-purpose database
tasks, neglecting the unique knowledge domain of traffic data coherent to transportation
analytics and management. This omission of traffic-specific background knowledge during
training may lead to diminished query result accuracy and limit their applicability in traffic
research.

LLMs have marked their prominence by enabling a multitude of specific-role tasks
across diverse fields. Their general capabilities and adaptability are recognized by many
industries as research which is attracting more and more attention. Several recent studies

have shown that LLMs have great potential in education (Lo, 2023; Rahman & Watanobe,



2023), healthcare (Fraiwan & Khasawneh, 2023), software engineering (Jin, et al., 2023;
Ross, Martinez, Houde, Muller, & Weisz, 2023), among many others. In intelligent
transportation areas, under more segmented scenarios like autonomous driving (Yang, Jia,
Li, & Yan, 2023), signal control (Lai, Xu, Zhang, Liu, & Xiong, 2023), accident and risks
assessment (Zhang, et al., 2024; Wang, et al., 2023; de Zarza, de Curtd, Roig, & Calafate,
2023). Researchers in this field are promptly starting to require language models to equip
with expert-level knowledge due to the highly specialized nature of these domain tasks. In
order for LLMs to have specific reasoning and generation abilities, the corresponding
domain knowledge reserve is proved to be very important (Peng, et al., 2023; Ge, et al.,

2024).

1.2 RESEARCH OBJECTIVE

Handling real-time traffic data involves navigating large, complex databases, leading to
high latency and challenges in data integration due to intricate entity relationships. The
advent of LLMs presents an inspiring potential to revolutionize such traffic data
management by serving as the central intelligence of next-generation database systems. A
few studies have concentrated on harnessing LLMs for database operations. Among these,
some have developed integration frameworks, such as LangChain, for efficient interactions
with LLMs, while others have fine-tuned models with domain-specific database
knowledge, such as DB-GPT, aiming to translate text semantics into database queries (i.e.,

text-to-SQL). These techniques provide an exciting possibility for advanced large-scale



traffic data analysis, however, these models are aimed for general-purpose database tasks,
no research so far is focused on traffic database. The lack of embedding traffic background
knowledge in training these models may lead to low accuracy of query results and low
applicability to traffic-domain research.

Despite the proliferation of LLM applications across various domains, their potential
in traffic data analysis, especially within databases, remains an open research topic.
Furthermore, there is a pressing need for a user-friendly intelligent platform that can
effectively communicate and analyze real-time data. The study aims to delve into this gap
by proposing an intelligent transportation analytics system that applies pre-trained large
language models to complex traffic data analysis. It leverages their capability to generate
accurate SQL queries and natural language interpretations based on contextual awareness,
demonstrating the extensive pre-trained knowledge of LLMs and their proficiency in

adapting to the transportation domain.

1.3 SCOPE OF STUDY

This study focuses on the theory and application of the interaction between LLMs and
network-level traffic databases, by extracting many potential shortcomings and gaps in
cutting-edge research that need to be further explored, and proposing innovative solutions.
The contributions of this thesis are listed below:

1) An intelligent online chatbot, Traffic Performance GPT (TP-GPT), is proposed

for efficient personalized transportation analysis and management leveraging the
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support of big real-time traffic data. To the best of our knowledge, TP-GPT is the
first real-time traffic analysis chatbot empowered by LLMs to be proposed.

2) Leveraging contextual and generative intelligence of the Generative Pre-trained
Transformer (GPT), an innovative framework is constructed to serve as a
connection between public users and authorized data resources in a privacy-
preserving, equitable, customizable way.

3) The developed chatbot is able to generate reliable, responsive and accurate traffic
analysis and management responses to input questions, by integrating designed
prompts, few-shot learning module, multi-agent collaboration strategy and
conversation memory module. The proposed method outperforms existing
general-purpose LLMs regarding traffic-domain analysis performance on the
proposed benchmark TransQuery.

The structure of the thesis is organized as follows: Chapter 1 introduces general
background of the study, defines research gap existed in the current work, and illustrates
the research objectives; Chapter 2 reviews and summarizes the state-of-the-art literatures
related to traffic data analytics, traffic management with LLMs, and database query using
LLMs; Chapter 3 describes the methodology by explaining details of the developed
transportation analytics framework based on LLM, including problem statement, system
design, input prompt generation, multi-agent strategy, few-shot prompting, chat memory,
and interface system development; Chapter 4 presents the experimental results to

demonstrate the effectiveness of the work by comparing its performance to baseline models
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on proposed traffic analytics benchmark TransQuery, which shows the proposed method
significantly outperforms other baselines; Finally, Chapter 5 concludes the conducted study

in the thesis and proposes envisions on the future work.
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CHAPTER 2: LITERATURE REVIEW

2.1 TRAFFIC MANAGEMENT WITH LLMS

Traffic management for traffic networks especially in urban area encounters complex
contexts and background knowledge. Previous research usually relied on traditional
hardware infrastructure, such as surveillance cameras and ground-based sensors, as well as
rule-based systems to monitor and adjust traffic flow. Researchers have employed both
micro and macro methods (Yang & Koutsopoulos, 1996; Kurzhanskiy & Varaiya, 2010;
Wang, Cai, Chen, Yang, & Chen, 2023; Mahmassani, 2001) based on theories and data
from traditional methods to simulate traffic flow, promoting the advancement of theoretical
research as well as management strategies.

Recent research addresses challenges of traffic more from data-driven perspectives
with the emerging techniques of mobility and traffic data collection and analysis. There has
been a shift towards leveraging machine learning and deep learning methods (Chen, et al.,
2024; Ma, Yu, Wang, & Wang, 2015) to provide new solutions to traffic control and
management. One example is traffic scenario at intersections. Authors in (Lai, Xu, Zhang,
Liu, & Xiong, 2023) introduced a framework that instructs fine-tuned LLMs to perform
traffic signal control tasks in real-world datasets. The problem is formulated as a Markov
Game in which the LLM-based agent learns a policy to enhance traffic efficiency at

intersections. The framework introduced in research (Wang, et al., 2024) integrated LLM
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with perception and decision tool sets while each tool is paired with its own prompt. In
addition to intersections, other scenarios have also been studied. Authors in (Villarreal,
Poudel, & Li, 2023) discussed the use of ChatGPT in Ring and Bottleneck scenarios to
improve the performance of robot vehicle (RV) for traffic flow control and optimization.

Other research expanded the scope of specific scenarios, such as (Da, et al., 2023;
Zhang, et al., 2024) combines LLMs to assist human users in traffic network analysis and
further decision-making. Users are able to interact with network-level data and complete
various tasks with signal or network volume data. A traffic prediction model proposed by
researchers in (Ren, et al., 2024) uses LoRA (Yu, et al., 2023) to fine-tune their model in
order to better tackle flow prediction tasks under full-sample and few-shot historical data
scenarios.

One other significant challenge in large-scale traffic network is model's capability to
understand phenomena and content in traffic and transportation. Authors in (Wang, Wei,
Hu, & Han, 2024) manually collected multi-modal traffic data sets, focusing on GPT's
understanding of traffic scenes, such as text and traffic signs alignment for model training.
Authors in (Tang, et al.,, 2024) focused on users' itinerary planning demands. They
proposed ItiNera to meet user demands for citywalk responsively and spatially coherently
through multiple modules such as POI Collection and retrieval. Among a variety of
integration of Large Language Models into traffic management, this paper showcases a
promising avenue for enhancing real-time traffic analysis and management in order to

benefit practitioner, traveler and researcher.
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2.2 TIME SERIES DATA ANALYSIS WITH LLMS

Extensive research has explored into time series data analysis and forecasting with LLMs.
By encoding the data in a specific way (Sun, Li, Li, & Hong, 2023), LLMs can show good
predictive performance. Hence, they are currently widely used to conduct research on time
series and spatial-temporal data (Liu, et al., 2024; Chen, Wang, & Xu, 2023; Yuan, Ding,
Feng, Jin, & Li, 2024), and their potential to analyze data of such modalities is being further
explored, including univariate time series forecasting, multivariate time-series data.

Study (Jin, et al., 2023) proposed a framework to embed temporal information within
LLM architectures, in which authors use a pre-trained LLM as a frozen component and
reprogram multivariate general time-series data as input. Their results showed that LLMs
have great potential to achieve leading performance even without fine-tuning. In (Rasul, et
al., 2023), a foundation model for univariate probabilistic time series forecasting was
established. Their model was claimed to having state-of-the-art performance across various
domain with finetuning. Research in (Zhou, Niu, wang, Sun, & Jin, 2023) proposed a
frozen pre-trained transformer (FPT) trained from NLP or CV modalities, to tackle
downstream tasks and time series analysis. Findings in (Cao, et al., 2023) utilized
decomposition of time series and prompt pool, along with multimodal input to leverage

contextual information of time series forecast.
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2.3 LLMS IN DATABASE SQL QUERY

LLMs exhibit remarkable capabilities in generating reliable and accurate SQL queries,
advancing database interaction efficiency. Their inherent contextual intelligence enables
them to understand data origins and relationships, thus enhancing the performance of data
queries and analyses. By leveraging LLMs, databases can be queried more effectively,
ensuring that target data is extracted with a high degree of precision. Query efficiency is
also able to be enhanced with deep comprehension of LLMs in algorithm knowledge such
as data structure, computation complexity, programming languages, and so on. This
prowess underscores the transformative potential of LLMs in streamlining database
management and analysis processes, setting a new benchmark for data-driven decision-
making.

A recent study introduces BIRD (Li, et al., 2023), a benchmark for large-scale database
text-to-SQL tasks highlighting challenges such as content quality, external knowledge
integration, and SQL efficiency. Many scholars use SQL agent to enhance database-related
tasks, such as (Hong, et al., 2024) employs a Data Expert LLM (DELLM) to provide
necessary knowledge for text-to-SQL models to generate accurate queries by incorporating
data expert knowledge. Authors in (Cali, et al., 2022) enhance text-to-SQL parsing in multi-
turn conversations by leveraging contextual information from the dialogue history.
Research (Li & Xie, 2024; Zhou, Li, & Liu, Llm as dba, 2023) share a common theme of

utilizing LLMs to enhance database-related tasks, with the former proposing an LLM-
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based database administrator that learns from text to diagnose and optimize databases, and
the latter using LLMs to automatically generate test cases for selecting the most accurate

SQL query from a set of candidates.

2.4 PROMPT ENGINEERING

Prompt engineering emerges as a pivotal technique for enhancing the performance of
LLMs in specific tasks. LLMs are considered having the capabilities to utilize and even
create their own tools targeting specific tasks (Cai, Wang, Ma, Chen, & Zhou, 2023).
Authors in (Zhang, Zhou, Wu, Xie, & He, 2024) established a model based on graph
transformer to perform data imputation to address missing data in traffic data management.
Users can pose queries without background knowledge while the model is able to capture
spatial-temporal correlation within the data. This study has shown great performance of

LLMs and application potential of prompt engineering in traffic management.

2.5 FEW-SHOT AND ZERO-SHOT LEARNING

Few-shot and zero-shot learning in the context of traffic management enables LLMs to
adapt to new traffic patterns or incidents with limited data. For instance, after a new road
is constructed, a model trained with few-shot learning can quickly adjust to the flow of
traffic without requiring extensive historical data from that specific location. In study (Li,
et al., 2024), the proposed UrbanGPT model captures and understands complex spatial-

temporal dependencies when training samples were limited, showing good ability to
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complete zero-shot learning tasks. This indicates a good potential of fine-tuned language

model in analysis and prediction performance across different cities.
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CHAPTER 3: METHODOLOGY

3.1 PROBLEM STATEMENT

Unpredictable, fast-changing traffic patterns underlying the enormous numerical data pose
an ever-challenging task for efficient and effective traffic analysis and management. To
tackle this problem, we incorporate a large-scale network-wide mobility database hosted
by STAR Lab (Cui, et al., STAR Lab Traffic Performance Score Platform, 2020), which
integrates the real-time data resources of traffic counts (i.e., speed, volume, occupancy)
collected from more than 8,000 inductive loop detectors, as well as the route segment-wide
Traffic Performance Score (TPS) calculated using Equation (3.1 based on loop data (Cui,
et al., Traffic Performance Score for Measuring the Impact of COVID-19 on Urban
Mobility, 2020).

n Vi Nt I
=1 Qf - % 100% (3.1)
i=1Vr Q¢ L

TPSt=

where V! and Q} represent traffic speed and volume of road segment i at time t. L' is
road segment length covered by the i-th detector. Vy is free flow speed. Therefore, TPS
is a value ranging from 0% to 100% where 0% is the worst traffic condition and 100% is

the best.

These loop detectors are deployed on freeways, including I-5, 1-90, I-99, 1-167, 1-405,

and SR-520, in the Greater Seattle Area, WA, as shown in Figure 3.1. Data have been
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collected online in one-minute intervals from 2020 to the present, and it has accumulated
around 1.89 Terabytes (TB) in the data warehouse. There are a total of 6 tables in the

database, with the details shown in Table 3.1.

Figure 3.1 Inductive loop detector locations shown as blue points

This level of database has great potential for insightful network-wide analysis of real-
time traffic performance. However, vast volume of data poses great challenges for
practitioners' and researchers’ inspection and management of data. Firstly, exploring the
data warehouse necessitates participants' deep understanding of database setup details (i.e.,
tables, columns, data types, relations, and so on), as well as expertise in database
programming especially processing large-scale databases. Even though, manually
programming various queries and then executing commands for real-time information in
such a huge database is particularly time-consuming and labor-intensive, making it almost

a mission impossible. Second, interpreting from numeric data results to human-language
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traffic advisory or impactful analysis results needs in-depth professional transportation-
domain knowledge and a wide range of historical knowledge base support such as urban
planning, and social events. Third, the lack of direct access to the database for security and

privacy concerns limits the potential participants’ exploration, hindering flexible

investigation.
Table 3.1 Network-wide traffic database introduction
Table Name Columns Description
Loop detector details of unit name,
dbo.cabinets 17
coordinate, route, milepost, and direction.

District location of loop detectors sorted by

dbo.cabinfo 6
cabinet station ID.
One-minute traffic speed, volume, occupancy
dbo.MinuteDataNW 6 data in Washington Northwest sorted by loop
detector ID and timestamp.

Road segment definition with corresponding

dbo.Segments 6

location information.

Segment-based traffic performance data on

dbo.SegmentTrafficIndex

o0

general-purpose lanes and carpool lanes,

including speed, volume, and TPS.

dbo. Trafficlndex 9 Statistical traffic performance data for each
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defined road segment.

In this context, we propose an intelligent traffic performance chatbot TP-GPT for real-

time transportation surveillance and management in a privacy-preserving way. While,

technical problems need to be tackled for comprehensive development:

1)

2)

ChatGPT does not have preliminary contextual knowledge of the database setup,
structures and content. Even though ChatGPT has strong abilities in programming
and inference, direct deployment of the language model to database analysis
without prerequisites may result in hallucination that blind actions irrelevant to the
raised question would possibly be taken. Thus, the compilation of appropriate input
prompts is essential for employing ChatGPT.

ChatGPT has a reliable performance of executing sequential commands activated
by human's input. However, the lack of monitoring the response relevance and
query correctness regarding to the user's question may generate unexpected,
unreliable answers. It is necessary to incorporate an intelligent autonomous
streamline with self-management capability for quality control of answer
generation. Specifically, iterative communications between ChatGPT and the
database in the revision circulation is needed to keep modifying responses until
certain standard is reached. This process necessitates the participation of multiple

intelligent virtual agents of different roles, such as database query engineer, quality



22

manager, consultant and more.

3) The demonstration of a set of typically asked questions with their corresponding
answers are critical for ChatGPT to specify the work scope, furthermore, to improve
the effectiveness and efficiency of target response.

4) 1In order for users to be able to consecutively interact with the chatbot, a chatting
memory function is needed so that the chatbot has the historical memory to support

following generative process.

3.2 SYSTEM DESIGN

TP-GPT aims to answer users' questions by integrating GPT with real-time traffic SQL
database. However, directly applying generative model to the database has potential to
cause several concerns, such as a tendency for reasoning hallucination, decreased answer
accuracy, and unstable performance reliability. To overcome these obstacles, the proposed
framework incorporates multiple strategic functional modules, forming a pipeline to
process and interpret data, as shown in Figure 3.2. Specifically, once users' questions are
input into the ChatBot, five steps are executed. Each step acquires contextual and
generative intelligence by iteratively interacting with GPT using Chain-of-Thought (CoT)

prompting, to generate the final answer.

3.2.1 Task Management

Since the fixed sequence of implementation steps is not adaptive to resolving dynamic and
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diverse question inputs, it is essential that a customized execution plan is produced based
on the input for properly arranging the task accomplishment schedule. Meanwhile, each
execution step of the management plan is determined and adjusted flexibly by GPT's innate
decision-making capability. For example, if the question is relevant to searching for the
specific traffic data, in the execution plan, database schema will be queried to get landscape
of table structures, SQL query will be generated and executed in the database to extract
objective data, and a natural-language analysis report will be composed by interpreting
queried data; Otherwise, the regular chat function will be activated to interact with users
based on the general knowledge base. It is worth noting that to enhance the accuracy of the
system in retrieving data relevant to user inputs, the temperature setting of the ChatGPT
model is configured to zero. This setting ensures that the language model produces only
concrete, deterministic results based on the factual data it has accessed. By doing so, the
model eliminates the variability in responses that can be introduced by higher temperature
settings. This adjustment is critical in applications where precision and reliability are
prioritized.

This intelligent workflow control process is dependent on the semantic understanding
and strategic decision-making ability to deconstruct complicated tasks into simpler sub-
tasks and then assign them to diverse modules as described in the following sections. By
integrating task management function, the system is enabled to resolve sophisticated
problems with higher robustness and can effectively decrease the possibility of causing

errors when an excessive number of commands are input into the model without
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arrangement.

3.2.2 Query Generation

To accurately extract data from the database in response to user queries, the system
deconstructs each input question into key informational components and query sub-tasks.
As an example, for the question “How is traffic condition on I-5 during today s morning
peak hours”, the system will dissemble this question into three query sub-tasks: query
Traffic Performance Score to assess “traffic condition”, which represents a quantitative
measure of traffic flow and congestion levels; identify the corresponding route number to
“I-5”, ensuring the query targets the correct geographical route; retrieve the standard
definition used by the traffic system for the what time range constitutes “morning peak
hours”. Subsequently, these sub-tasks are allocated to execution modules and respective
commands are implemented to form a complete query sentence. Constraints on generating
queries, such as programming syntax, quantity of queried data, and database table structure

manipulation limits, are applied to the process.

3.2.3 Quality Check

An initial syntax check 