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(I Motivation

O Growing complexity of cyber-physical-social systems

» Growing complexity and demand of transportation systems

v' Multi-modal, multi-stakeholders

. . o Franchised Bus (F. Bus)
v' Large-scale, high-dimensional s s s
Ferry
Tram

. MTR (Metro)
A 1 20km Light Rail (LR)

Multi-modal Transportation Systems in Hong Kong

v" Persistent challenges

» Al enabled intelligent transportation systems (ITS)
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human factors large-scale data interaction with infrastructures

Tong Nie, et al. Exploring LLMs in Transportation: A Survey and Case Study 5



(I Motivation

O Growing complexity of cyber-physical-social systems

LLMs for Transportation

C.Modeling B.Learning
ﬁ LM

A.Sensing

» Fundamental tasks in transportation systems:
v' Sensing;:
Acquisition of traffic data and the environmental

perception process.

Pattern recognition and predictive analytics.
v Modeling;:

Formulation and simulation of transportation systems.
v' Managing:

Optimization and control strategies for the operation of

transportation systems.
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(I Motivation

O Growing complexity of cyber-physical-social systems

» Emergence of multimodal mobility » Existing ITS solutions
v CAVs ¥ Human-robot interactions v' Static models and fragmented data pipelines
v Cloud computing v Shared mobility
v' Drone logistics v' Smart intersection control v Customlzablhty and interpretabﬂity constraints

v' Task-specific and expertized solutions

» More intelligent tools are needed
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(I Motivation

O Rapid evolution of powerful large language models

» Scaling LLMs to solve various real-world tasks

v' Large Language Models (LLMs):
Step-by-step reasoning, in-context
learning, instruction following and
human-like decision making.

v' From text generators to general-

purpose problem solver:

Programming, planning, generating,
Imaging, reasoning, ...

Can LLMs help to solve domain-

specific transportation problems? How?

Tong Nie, et al.
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Neural context mo
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pA) Conceptual Framework and Taxonomy

O The roles of LLMs in multimodal transportation systems
» Conceptual framework and taxonomy: LLM4TR

Sensing — processing information Learning — encoding knowledge
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pA) Conceptual Framework and Taxonomy

O The roles of LLMs in multimodal transportation systems

» Conceptual framework and taxonomy: LLM4TR
( Papers within the scope of LLM4TR J

J (%)

______ *_ o Direct output the final target ? ¢
:D. Decision facilitators : [ Others J
i Output spatiotemporal series ? l Used as encoder or decoder ?
(Spatial-temporal predictor) ( Others J [ Encoder } [ Decoder j
| | B. Knowledge encoder '« .
. — Formalized
v o -l knowledge ? Q _______ Y
l Output direct action ? l lEXPfffff me“Cffi ! C.Component generator
- — - Knowledge Knowledge === —.'— —————— |

[ Decision maker J ( Decisionguider ] | extractor repr.embedder LA.lnformatmn processor Before testing |  After testing
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pA) Conceptual Framework and Taxonomy

0 LLMs as Information Processors
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. Sensor | .. . . .
traffic information or task queries into
structured encodings.

Domain-speciﬁci J Uniﬁefj
& comext | Pﬁgie, (% processingt v Data analyzer
_ _Contextencoder _ _ ____ Dataanalyzer __ ____ Multimodalfuser_ _ !
* Generalized analyzer for multimodal
Definition: LLMs process and fuse heterogeneous traffic traffic data, such as reports, images,
data from multiple sources through contextual encoding, videos, and time series.

analytical reasoning, and multimodal integration.
v Multimodal fuser

Example: Using LLMs to analyze sensory traffic data
(Zhang et al., 2024d), accident reports (Mumtarin et al.,
2023) and convert user language queries to task-specific
commands (Liao et al., 2024).

 MLLMs can convert heterogeneous
types of data into aligned feature
vectors or unified processing.

Tong Nie, et al. Exploring LLMs in Transportation: A Survey and Case Study 11



pA) Conceptual Framework and Taxonomy

0 LLMs as Information Processors

v Context encoder v Data analyzer v' Multimodal fuser

_—

| e | .
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. ? ! et 1 try: * pToTmmsEEm T T ) evaluation Visualization ¥

geometry and the relative spawn ! Spawn 1"“{‘{"“5 Top ... 1 do FollowLaneBehavior(AdvSpeed) ——s| (ERESECRSNEOPSIEE | Data B R R . i
positions between the ego and the | Spawn Position: Top 1 ' interrupt when withinDistanceToAnyObjs ! Status Data ! Extraction pr s 10 , near-miss, ar ollis
adversarial agent. : | Geometry: Top ... : (self, AderealgngTh:eshold); Road Vehicle Detector — . Q}'

1| ] Geometry: Top 1 i take SetBrakeAction(t0) | | 4 . . >
Behavior: the adversarial car ! Behavior: To 1 ployment ptimization accident.
suddenly breaks when the ego {55 H | Behavior: l'np 1 1| TR | Road Network Structure Data ! - Respoend in the format of the following attributes

k P '|  lane = Uniform(*network.lanes) : $+4 $ {
approaches. .‘_}'._, i 1 . L & R oo 1 without any additional information:
- “Sudden brake when the ego is within ! = L \_ <scene context>, <object detail>, <justification>..
Geomelry: a straight road. : some dis tame‘fg 1|  ### SPAWN POSITIONS ### > & p i J s 3 /]
Spawn Position: the adversarial caris 1 : SpawnPt = OrientedPoint on lane.centerline (RisEcsatssssasassans, 1 Trajectory Basic I J
2 \ ! ST ' Extraction Operations -
in front of the ego. ! Traffic Simulation System s Traffic Distribution Data
(a) Instruct an LLM agent (b) Retrieval Process (c) Assemble Scenic Snippet T hormmmmmmmmmmmmeeeees eoe
cee cee

ChatScene (Zhang et al., 2024b) TrafticGPT (Zhang et al., 2024d) SeeUnsafe (Zhang et al., 2025)

 Traffic simulation (modeling) « Traffic management (managing) ¢ Safety analytics (learning)
 Traffic scenario description * Heterogeneous traffic data 2 « Using MLLMs to automate
runnable code actionable insights video-based accident analysis
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pA) Conceptual Framework and Taxonomy

O LLMs as Knowledge Encoders

v" Knowledge extractor

Explicit knowledge extraction : Latent knowledge representation
nternet

1

1

1 1

I |
: ind e @ @ g (g, Numericvector : » Explicitly distill unstructured data into
: Unstructured or semi-structured data e RUTe b~ @‘? ] : formalized knowledge representations

| —O O O— representation Pf~q/ 1
\ o earnin an = " .
! " @ @ aming - & (0 la :% | such as text and knowledge graphs
: :
[ 1
I I
[ 1
I I

_ i i L
— Formalized — @ }%
knowledge | Human a3
3 E knowledge — “od Dt
noo .35. knowledge-based Structured graph
@@ prompting

_______________________________________________

v" Knowledge representation embedder
Definition: LLMs extract and formalize traffic domain

knowledge from unstructured data through explicit rule * LLMs encode transportation semantics

extraction and implicit semantic embedding. into dense latent spaces that capture
implicit relationships between entities.

Example: Building a knowledge base of traffic rules
(Wang et al., 2024e), formalizing scenarios as knowledge
graphs (Kuang et al.,, 2024) and generating computable
vectors for subsequent tasks (IHe et al., 2024).
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pA) Conceptual Framework and Taxonomy

O LLMs as Knowledge Encoders

v" Knowledge extractor

7:07 AM = Ve s
@ e o G GraphCode.txt Description
ITon =
In this image, we see a
[ o) traffic sign scene ona
| Help me analyse the current traffic scene, 1< ‘ K W highway.
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(Orey, the curren taffic sene exraction 4 [ {(Westher ) I (girection ) N Verdun can be reached by
visualisation structure is shown below. |y \ ic
(ard you can download the computer readable i {_Pesition ) A _distance ) 1 ’9, ;’:% s;;?g"; Z’,‘ 52”;:':9
 knowledge graph Graphcede txt) e = [ it
= = A_Ohter »(_ohrer \ direction for Metz-Est,
— - 7 *San-ebrvck, and ;
3 Strasbourg. The sigh
%5 ) s MetzCentre indicates that Verdun is
@ =B 300 m from this junction
£ > Nancy
This scene is likely in
France, as the place names
— {(veraun }{z00m) an the signs are typically
i - : French cities or regions.
[t > Reims The weather appears to be
- / partly cloudy, but there is
Al = i ample daylight.
¢ > walygator
[ < The traffic on the road is
o MetzEst moderate, with vehicles
=l Y s maintaining safe distances
A - from one another.
{ L+{" Stresbourg

[@’I Message Liton
Kuang et al. (2024)

* Scene understanding (sensing)
* Generating visual traffic knowledge

graphs from scene image using VLMs

Tong Nie, et al.

v" Knowledge representation embedder

Coordinate: (37.95375, -121.80542) Coordinate: (48.86183, 2.33829) Coordinate: (31.24164,121.50221)
Address: Address: Address: o
Empire Mine Road, Antioch, 91 Rue de Rivoli, 75001 Paris, France Lujiazui Ring Road, Lujiazui,

Contra Costa County, California, USA

.
Riode Janeiro

Coordinate: (-37.81087, 144.96658)

Pudong New Area, Shanghai, China

Coordinate: (-22.92429, -43.17693) Address:

Address: Lonsdale Street, Melbourne,

R. do Catete, 105-99 - Catete, VIC 3000, Australia

Rio de Janeiro - RJ, 22220-001, Brazil ®-

CesloeationPrompt © GrctEhelS Downstream asks

lder_mfy the geoloca(lo_n mforma('mn (urban Task-agnostic
environment) of the given coordinate . .
Coordinates: (37.95375, -121.80542): Embedding o Geo-spatial

Address:
Empire Mine Road, Antioch, Contra Costa => Time-serie
County, California, United States n Ime-series

LLM2Geovec (He & Nie et al., 2024)

 Traffic prediction (learning)
* Knowledge from the Internet -
location-specitic vectors

[J Spatio-temporal
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pA) Conceptual Framework and Taxonomy

O LLMs as Component Generators

e e — — — — — — — e e e e e = e e e e = = =y

Component Generator v Function designel‘

|
|
1 |
i Data synthesizer | . .
1 .ﬂgi‘:;;?nef% :r*************************1: Experiment .,‘; * Evaluation | ¢ De81gnlng Or reflnement Of COde- Or rule_
: :@ P @ - |/>_\ | &Expeﬁe"cec’—' wré&1f'temfetatim: based functions for traffic management
: * Algorithm| | gpseryed Generated | : 5 .
: @5 :E?;;:on L”qaitfl 7777777777 Di '?t,rftfqt,'(,)'l Memory Reﬂecuon: v W ld . i ¢
, -code |ng|| 3 @ 3 , orld simulator
1 /'E;cménence | @@ > > @! Feedback ‘ Refinement !
M p 'Real-world Simulated | I . . . .
| & demo Cscenario Env Eualuator& | * Simulating the environmental dynamics of
I unction designer orld simulator interpreter | real-wor nari neraliz 1m rs).
L__F___t___d _________ l_/V__lfi____l_t _________ terpreter | eal-world scenarios (generalized simulators

Definition: LLMs create functional algorithms, synthetic v' Data synthesizer
environments, and evaluation frameworks through

instruction-followed content generation. * Generative synthesis of system parameters

and data engineering.

Example: Designing reward functions in reinforcement
learning (Yu et al,, 2024), synthesizing virtual driving
environments (Zhao et al, 2024), and providing * Bringing human-like reasoning to system
feedback for model refinement (Tian et al., 2024). evaluation and decision self-refinement.

v' Evaluator and interpreter
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pA) Conceptual Framework and Taxonomy

O LLMs as Component Generators

v" Function designer v" World simulator
R . . oo, o [FEE .
5 ;g,’:gg;:‘,';:; . ol S | Drive Dreamer-2 (Zhao

state reward | : Yu et al. (2024) Back Left Front Left Fro thht

i ',., Task i ________________ i == In-context E et al., 2024)

ox_. v me T s

g :nalySis_ : | h - fidelity driving simulation
i~

Reward

modeling ; agent in traffic COHtTOl

v' Data synthesizer v' Evaluator and interpreter
Real World % Artificial Data LLMscenariO (Chang i R;fgen;c)licy 1LLM-TSC (Pang et al.,
escriptive redictive et al- 2024 i ’O e 2024a
== = , 2024) 28 )
- Generating Nk Adjusting actions through
Py T => w (D parameters for Safety- : % Initial feedbacks to ahgn with
Prompt Risky Scenario SCCInul"ii)J[::(::crnto:';(‘Il“-mul New Scenarios Critlcal Scenarlos i o G/e’nelf::ou;k ACtloni real_world CODStraintS

Prescriptive Learning 1
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pA) Conceptual Framework and Taxonomy

O LLMs as Decision Facilitators

e ]

) Decision Facilitators

v Decision maker

Agent. @ Eci Task query Contextual Temporal dynamics

Task ; Human @v@ data L >> b

« Making direct decision or predicting
actions by task planning and in-context
learning abilities.

instruction | preference

I

I

I

I

I

P

R S S

I o~ O i

: @ @ (@ reason"jg . Fine-tuned predictor
: v 5

1 Chi - X :

: ) () | () - P

OO RO i N

I

I

I

Take actions Action candidate Spatial evolution v Decision guider
Decision maker Decision guider Spa ttal -temporal predictor
""""""""""""""""""""""""""  Guiding or optimizing the decisions
Definition: LLMs predict traffic dynamics, optimize by generating action candidates or
decisions, and simulate human-like reasoning, language instructions.

establishing new paradigms as generalized task solvers.
v’ Spatial-temporal predictor

Example: Making control and planning decisions for
autonomous driving (Sima et al., 2024), guiding safety-
critical actions (Wang et al, 2023a), and forecasting
traffic states (Ren et al., 2024).

 Forecasting spatial-temporal dynamics
of traffic systems at both macro and
micro scales.

Tong Nie, et al. Exploring LLMs in Transportation: A Survey and Case Study 17



pA) Conceptual Framework and Taxonomy

0 LLMs as Decision Facilitators

v Decision maker v' Decision guider v’ Spatial-temporal predictor

||||1

uman questions:
atis the cirrentachioniof the s, R —
vehicle hy does the vehicle K i .
behave in this way?” : Accident GPT i : Auto-driving
H ule ort time i
H ion :

Visual Encoder -

R ;rojeitor$ R Text Tokenizer m

bobllods ###j# =&

Large Language Model :::Z: ;: ¥ % 5

DriveGPT4 CFCFC%%}C% C%C\EC% Pz;s_zif;::::n

| Text De- Tokenlzer Acﬂdﬁmwn

WL @ vE
DriveGPT4 (Xu et al., 2024) AccidentGPT (Wang et al., 2023a) ST-LLM (Liu et al., 2024Db)

* Autonomous driving (managing) ¢ Accident prevention (managing)  Traffic prediction (learning)
* VLMs process videos and « Safety advisor to issue long- « As backbone forecasters for
textual, directly predicting low- range warnings and human- tratfic flow, with spatial-

level control signals. understandable guidance. temporal tokenization
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pA) Conceptual Framework and Taxonomy

O The roles of LLMs in multimodal transportation systems

» Research trend and future opportunities

Research Trend Heatmap Proportion of Roles in Different Tasks
Sensing Learning Modeling Managing Sensing Learning
|
Information
Information Processor
Processor
pd
o
3
2
Knowledge @ § Knowledge
Encoder -06 | Encoder
®
=
o Modeling Managing
Component ® L 0.4 <
Generator I ne Component
ke : 0.0% Generator
8 :
:% 51.6% 19.6%
Decision
Facilitator —
Decision

Facilitator
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Exploring the Roles of LLMs in Transportation
Systems: A Framework and Case Study

O Nie, T., He, J., Mei, Y., Qin, G,, Li, G., Sun, J., & Ma, W. (2025). Joint Estimation and Prediction of
City-wide Delivery Demand: A Large Language Model Empowered Graph-based Learning
Approach. Transportation Research Part E: Logistics and Transportation Review, 2025.

O He, J.*, Nie, T. ¥, & Ma, W. (2024). Geolocation representation from large language models are
generic enhancers for spatio-temporal learning, Accepted at the Thirty-Ninth AAAI Conference on
Artificial Intelligence (AAAI-25).



t# Case Study: LLM-based Geospatial Representation

O Unlocking the power of large language models in predictive learning

» LLMs as black-box agents (using API) > Intrinsic mechanisms of LLMs are unexplored

v' Trained on the whole Internet with human
languages = common sense and world knowledge

v Understand environments

O Perception

O Memorization v Rich information - LLM as a knowledge base

__Perception

v' Analyse unstructured data
O Text, Code

O Image, Video i

Storage
Memory ! Kno ldg
;
etrieve

v' Use external tools to take actions

~

O Simulator

Summary| | Recall Lm

g Decision Making
5 Planning
/ Reasoning

—— ?nherent knowledge
s 2 in LLMs
bo¥ -

O Optimizer
OO0 Web Search

O Programme

= Most literature: input-output
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t# Case Study: LLM-based Geospatial Representation

O Unlocking the power of large language models in predictive learning

» LLMs can represent space and time (understand the world)
v" Whether LLMs just learn an enormous collection of superficial statistics or an inherent model
of the data generating process -- a world model?

v LLMs learn linear representations of space and time across multiple scales

v" How can we extract such representations from LLMs and facilitate location-based modeling?

Death Date of Historical Figures
2000 1 -

1800

1600

K 1400 A1
True Continent %'}

Il North America 3

[ Africa )

"Il Europe

Il Asia

I Oceania

[ South America 2

1200

1000

8
o

Linear probe prediction (test)

Spearman r=0.921

8
=

600 800 1000 1200 1400 1600 1800 2000
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t# Case Study: LLM-based Geospatial Representation

O LLM2Geovec: converting world knowledge to computable vectors

> Eliciting geospatial knowledge from LLMs > Representation: object = numeric vector

. . : v Word2Vec:
v Location-based encoding enhances !
) , , ! Text Vector
spatiotemporal tasks, e.g., demand estimation | .« Unstructured e Structured
v Obtaining globally covered representations » _non-calculable » Calculable
| Word2vec
with readily accessible data is challenging ! 0
v LLMs have demonstrated extensive world E m
and human-related knowledge E [
v LLM2Vec:
l 4
. . n World LLM Vect
v' LLM-based geospatial representations as ! . ‘S R
! " HEEE
generalized location encodings ! : : :
: EEE

J
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t# Case Study: LLM-based Geospatial Representation

O LLM2Geovec: converting world knowledge to computable vectors

> Stage 1: generating geolocation prompts for coordinates from open map data

Tong Nie, et al.

Coordinate: (37.95375, -121.80542)
Address:

Empire Mine Road, Antioch,

Contra Costa County, California, USA

RiodeJaneiro

Shanghai

Coordinate: (31.24164,121.50221)
Address:

Lujiazui Ring Road, Lujiazui,
Pudong New Area, Shanghai, China

Coordinate: (48.86183, 2.33829)
Address:
91 Rue de Rivoli, 75001 Paris, France

Melbourne

Coordinate: (-22.92429, -43.17693)

Address:
R. do Catete, 105-99 - Catete,
Rio de Janeiro - R, 22220-001, Brazil

Geolocation Prompt

Identify the geolocation information (urban

environment) of the given coordinate

Coordinates: (37.95375, -121.80542):

Address:

Empire Mine Road, Antioch, Contra Costa
County, California, United States

Nearby Places:
5.7 km North: Antioch
5.8 km North-East: Newlove, .. j

Coordinate: (-37.81087, 144.96658)
Address:

Lonsdale Street, Melbourne,

VIC 3000, Australia

1

Enhancing
Downstream Tasks

retrame
Task-agnostic

Embeddmg  _Geo-spatial
: O _lime-series
(| Spatio-temporal
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t# Case Study: LLM-based Geospatial Representation

O LLM2Geovec: converting world knowledge to vectors

> Stage 2: generating embeddings for text descriptions from pre-trained LLMs (training-free)
» Stage 3: employing refined embeddings in various downstream tasks

a. Constructing geospatial prompt fromopen mapdata b. Encoding geolocation knowledge viaLLMs c. Integrating with expert
' 2 prediction architecture

Open Map Data .
Q Geospatial Prompt _ Embedding Vector
Identify the geospatial information (Urban @ LLM Process'"g B e
Environment) of the given coordinate
—(29.48968,106.46992). = Open-source Pretrained LLMs
Address: r )
__|, Jiugongmiao Street, Dadukou District, R B ) B Learnable
Chongging, China g' B Adapter
Nearby Places (POIs): ) F
. 0.9 km South-East: Dadukou District :’l> a — l_—lJ> o o
Query Coordinate«— 1.2 km South-East: Bagiao Town 8 \_ =

| Retrieved address 2.2 km East: Yuejin Street ol | D“L -
3.0 km North-West: Erlang Restaurant L o O Q ( STGNN Processer

"] Nearby POIs 3.4 km South:[Chunhui Road Street : deembeddi )
3.4 km North:/Shigiaopu Depot Pre-activated Node embedding

L. | Geographic distance—} 3-7 km North-East: Zaoqi Village Embedding Vec. ~

Srap 3.7 km North-West: Zhangjiawan District _, 1 : /LH STONN
- A - LLM-based Graph
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t# LLM-enhanced Delivery Demand Joint Prediction & Estimation

O Application 1: Traffic demand estimation and prediction
> Joint estimation and prediction of delivery demand in new regions (w/o historical data)
» Transferring the model from an active city to new cities (zero-shot)

» Modeling as a graph-based learning problem: region-specific and region-wide patterns.

a. City-wide delivery demand joint estimation and prediction Demand joint estimation and prediction by neural predictors
RECEIVER . _
\ Ny N N, N /
‘\9 ACTIVATE REG[ONl _ > ® Demand p(iX?l ..... T}}nzlj iX?+T}TL=£ | ;{X?l ..... T}}nzlJ? {Uﬂ}nzl) Vt € [17 T ]7
yr "%\ S //; ‘.?'- pr Y 1 ' unobservga demand futuredemand  observed demand location
\s@.a’; o BadRE:
: W o = N, N N, N
g v ¥iie arg max Elpo (X7, . oy HVey AXTy M Xy My {on )
o RECEIVER History  Future o
Ay \ model-based transfer
N = . . 4
¢ . | \ .
‘J’- = NEW REGION i s ® Demand Training Graph Sample #1 Training Graph Sample #2 Training Graph Sample #T Testing Graph Sample
g _. - [_} ) J
@ ¢ 24 i
\' i " e S ] »_2 ? L_. 1 L_,
dy t@" & VAR ¢ &)
RHRRERE) ™ RS Training Data Flow i \T—»
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t# LLM-enhanced Delivery Demand Joint Prediction & Estimation

O Application 1: Traffic demand estimation and prediction

» Location-specific covariates - in-sample accuracy = » Integrating LLM2Geovec into spatiotemporal demand

> Cross-location covariates = out-of-sample predictor (graph neural networks)

transterability Individual patterns: LLM2Geovec as fixed region embeddings
» LLM2Geovec can facilitate the modeling process

LUJB‘ ($i+iz|X:—W:£: Uf.—Hf’:ﬂ-i-h: vi) = pi(mi—i—h|x<.l: Ui:ﬂ"rh ) Vh € [l H] Vi € {J-" s iiir}a

b. LLM-based geolocation knowledge extraction _ _ I_1
: i iption| H(+1) ) (480 0 O = 3.0 ij
{33 LLM Processing / QG_eDSpatI?]_DeSC_”ptw“ h, = 1[)( ) (ht ) AGGRjENk(i) {p( )([ht | vy |, by e )} )
\ =~ y ]dEI‘!ﬂf}'thE geospatlal‘mfonnanc.ln {Urban EZO

. |Open-source Pretrained LLMs ‘& v S eaae Bg e oo s

. \ 4 Address: 4

'EL = \ |:| ( i jiugongmiaoStrEEt,g:::gziunI;isct:ic;é

E \ — . Nearby Places: ] o

S - & T | Do s

W \ ~ 2.2 km East: Yuejin street ) . . .

8 s G | 0kmNorthwest: Erang et __ Collective patterns: functional graph construction with LLM2Geovec

Embed. @

c.LLM-enhanced spatiotemporal graph forecasting

Location Data Textual Data LLM Embedder Node-level Dynamics
=> => (e |, T .
% 'Llama
STGNN Processer ._,

D Node embedding U Y . — =5
Structural Data s ‘%} i tewes Xetr = F(Ge—wet, U—wir 1, JALm|0), Auiv ~ qo (A X _w) €
/ STGNN

o
e i 5i\.
m . ‘!. O LLM-based Graph )

po(@) 1 n|Grwit, Ur-wirrn) = p(Xeyn|Xat, U<y, V), Vh € [L, H], Vi€ {1,...,N},

NxN
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=
&
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3
=}
=l
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t# LLM-enhanced Delivery Demand Joint Prediction & Estimation

O Application 1: Traffic demand estimation and prediction

» Parameterization by graph neural networks Spatial-temporal message passing neural networks

» Collective-individual pattern treatment

considering transferability v’ Temporal message-passing layers (TEMPENC)

» End-to-end transferable predictor by Pt

WE
inductive learning o(Wilz;

W, X ¢
N2l Nl ] + B).

v’ Spatial message-passing layers

Inductive training scheme Message Updating: m] " = o(W¥ [hbt||h)|lei 7] + b)),

Edge Updating: o """ = o(W'mi ™" + b!),
Node Updating: h; ™ = o(W.hy* + MEAN ;e ps iy {ef 7" m] 7" })

Sampliﬂgf mi‘7W:t ~ P(mifw;t) = B(B)v Vie {17 ] ND}:
Masking: X;-wa = {mj_y, © X} w. )i,
Reconstructing: X, i = F(X;_w, {Ar i |0) = Ep[pe (et | X—w:)], Vh € 1, H]

v" Dense Feedforward Layer

Learning: 8* = arg Hlin Lrecon(Xs—w:ts Xs—wit) + Lpred (Xeotq- 11, Xestrrr)

Zz L - LBl 1 & i i
= arg mm Z N, ﬁl ﬁ Z Z é(mt+hv mt+h):
h=1i=1

T=t—W =1

reconstrucion loss predicion loss v MLP-based Multistep Output Layer

Estimating: Xy = F(Xiowre. (A [07), X = { Xy iy ULy Jil

J &, =MLP(h'™ Upyin,vp,), Vie {1,...,N}.

Tong Nie, et al. Exploring LLMs in Transportation: A Survey and Case Study 28



£# LLM-enhanced Delivery Demand Joint Prediction & Estimation

O Application 1: Traffic demand estimation and prediction

» Accuracy: outperforms SOTA baselines in all scenarios by large margins
> Transferability: flexible to generalize to new cities in zero-shot ways

» Robustness: more robust performance in online scenarios

Demand Prediction Result of Region #0, Shanghai

Demand Prediction Result of Region #11,

| Shanehai | Hanezhon | Choneaine | Tilin | Yantai 100 I 100§
Models 5wl | . _Prred
. . . VIAE RMSE § o ge . e
— a. Single-city comparison - s+ | b. Predicting with sparse data
B X 2 40 a
DCRNN (Lietal., 2017) 565 11.86]7.33 1459|353 6.15 |2.05 337 321 6.17 2 2 O e = o B EAPTSIREN LA T N A AV B o
STGCN (Yu et al., 2017 5.07 11.62|6.38 14.26(299 6.00 |1.53 2.84 (280 5.79 0 J U \—J \—J \—J \‘—J el l“ oj | \ , i \ I \ ’,\ Jv“ !\‘
GWNET (Wu et al,, 2019b) 522 1167|799 1590|3.06 6.03 [1.64 3.06 |2.93 6.01 CE A esemany CF N ey
MTGNN (Wu et al., 2020) 5.09 1156|6.23 13.89(297 591 [152 284 (273 570 (a) Region #0, Shanghai (b) Region #11, Shanghai
IGNNK!\'\"UCfnl.EZ()Zlbl 522 1150|725 15.06]3.22 6.06 222 3.71 |297 593 Demand Prediction Result of Region #7, Demand Prediction Result of Region #25, Hangzhou
SATCN (Wu et al,, 2021¢) 475 9.38 |7.64 14.77[3.04 527 |1.58 2.84 |2.83 5.02 100 — Pred 100 — Pred
MPGRU (Gao and Ribeiro, 2022)( 6.30 13.43|7.95 16.03|391 7.60 | 194 3.61 |358 745 Tégo l i \ h N True ESO True
GRIN (Cini et al., 2021) 5.08 11.64|6.30 14.56|3.05 6.08 |1.54 290 [286 6.02 8 % | \ | L\; H 8
Z 40 > ¥ ) 'l 2 404 % H g
IMPEL (Ours) 3.76 7.93 [4.52 9.90 [247 492 [139 2.51 [223 4.18 8] | l\ ) J i \\ 'l “\ Fofal % 4 R PR ,\v
Improvement (%) 20.8 154 (274 28.7 |16.8 6.64 |8.55 11.6 |18.3 16.7 NI I W O S ’ ol Ly A M M l"'\ I\ |
0 25 50 - 7531 (110(;]) 125 150 175 0 25 50 - 7Eét (110(')’]) 125 150 175
ime Steps ime Steps
(c) Region #7, Hangzhou (d) Region #25, Hangzhou
Models |1MPEL (Ours)‘ MTGNN | IGNNK | STGCN | GRIN Different Numbers of New ROIs During Infe;r;ce(HZ) Different Numbers of New ROIs During Inbj:;e (SH)
— Shanghai
Source — Te E M VIAE RMSE J Hangzhou 7{ IMPEL =O— IGNNK
5. G Cross-city transferability — ——— 10 il
anghai - 3.75 7. L R +
Shanghai > Chongging |2.26 444 |262 489 |325 522|291 491 |251 4586 ¢ = d. Robustness with increasing # of ROlIs
Shanghai — Yantai 221 414 | 252 468 [3.47 566 (279 477 |2.56 4.87
Hangzhou +» Shanghai [2.90 6.20 |3.12 6.38 |3.04 6.26 |3.09 6.54 |3.11 6.53 5 o/
Hangzhou + Chongqing| 210 4.25 |2.21 4.37 [2.21 4.32 (217 4.37 |2.20 447 N
. 4 [®
Hangzhou + Yantai 213 4.08 |226 433|223 417 (221 4.28 (234 4.69 3 5 0 5 20 3 5 o " 0
# of New ROIs # of New ROIs
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t# Case Study: LLM-based Geospatial Representation

O Location-based spatiotemporal process in urban and earth systems

e

‘;d‘ Geographical Data

> From a big picture: urban systems : ,
g p y Spatio-temporal Modality Cross- domain Data

POI; GPS Polnt; Time serles; Trajectory... POI/AOI; Satellite Image; Street-view Image

v’ Spatial-temporal complex systems ik Q) ocf 42 2 g ?ﬁ;mmm

Trajectory; Road Network; Traffic Flow; Logistic

Visual Modality

v" Location-based process:

o = oéo ) )
: 18 b c Social Media Data
1 -t
= E =
* 8 ¢ N =] g Geo-textual Data; Geo-tagged Photo;
Satellite Image Street-view Image § a Geo-tagged Video
i 000
Textual Modality Demographic Data |
Social Media Text:
Use: Population; Crime Data; Land Use Data
Geo-information Text: l
d’Environment Data
Other Modalities
Meteorological Data; Greenery Data;
Air Qualitv Data
Multi-Modality Perspective
Spatio-Temporal Visual Textual Others

v' Call for generalizable, cost- W o 9 Qe
5 A

ol
Audio

effective’ and equitable methods Time Series POI,GPS Point Traj;c;fﬂrsoad satellite Image Sockﬂ Text
Qa® Q v ideo
S 2 O A
1 e -
for urban ComPUtlng Mobility Check—i!story : Street-view Image Geo-information Tfext Hyper-spectrum
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.8 LLM-enhanced spatiotemporal and geographic Prediction

O Application 2: Spatio-temporal learning on the earth

» Spatiotemporal learning, which consists of spatially-referenced time series, such as air

pollution monitoring, disease tracking, and cloud-demand forecasting

Wind Speed Air Quality 1 Air Quality 2

oo s

Our aim:

v To leverage LLMs to generate semantically rich

and globally covered geolocation representations

wo s B0 175w with readily accessible data.

«7F t. ?' 3 o o o
cﬂ) T v' To offer a simple yet effective paradigm for

enhancing spatio-temporal learning using LLMs,

resulting in direct performance improvements.

50 100 150
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.8 LLM-enhanced spatiotemporal and geographic Prediction

O Application 2: Spatio-temporal learning on the earth

Tasks Source Scale Attribute Tr;am.mg/
esting
. . . Annual Air Temperature Chelsa Global Climate | 80k/20k
> Geo graphlc predlctlon: Annual Precipitation Chelsa  Global Climate | 80k/20k
Monthly Climate Moisture Chelsa Global Climate | 40k/20k
Population Density WorldPop Global Society | 80k/20k
. o . Nighttime Light Intensity EOG Global Society | 80k/20k
v Given gl‘Ollnd observations (e-g-, crime rate, Human Modification Terresrial SEDAC Global Society | 80k/20k
Global Gridded Relative Deprivation SEDAC Global Society | 80k/20k

Ratio of Built-up Area to Non-built Up Area| SEDAC Global Society | 80k/20k

imncome level, temperature) of partial locations Child Dependency Ratio SEDAC Global Society | 80k/20k

Subnational Human Development SEDAC Global Society | 80k/20k
\/ . . . Infant Mortality Rates SEDAC Global Society | 80k/20k
Trained to predict values of unlabeled locations Asset Index DHS  Global Society | 20k/5k
Sanitation Index DHS  Global Society | 20k/5k
Women BMI DHS  Global Society | 40k/10k
Poverty Rate DHS Country Society | 5k/1k
Population Density FaceBook Country Society | 5k/1k
L]
» How to Enhance : Women BMI DHS  Country Society | SK/1k
Population Density NYC City  Society | 1k/424
v' LLM2Geovec acts as input features of locations Education Level NYC  Ciy Society | 1k
Income Level NYC City  Society | 1k/424
Crime Rate NYC City  Society | 1k/424
. . [ ] .
\/ USlng Slmple llneal' mOdEI (I‘ldge I'egI'eSSOI') Tasks | LLMGeovee (LLaMa 3 8B) | LLMGeovec (Mistral § x 7B) | Bert-whitening (Bert base) | GTE-large |  GTEqwen27B
| MAE RMSE R* | MAE RMSE R* | MAE RMSE R’ | MAE RMSE R’ | MAE RMSE R’
\/ . . o o o Annual Air Temperature 990 1432 095 | 1105 1603 094 | 2403 3273 076 | 2223 3015 080] 1405 1999 091
Integratlng LLMzGeoveC Wlth EXIStlng a]_‘ChlteCtureS Annual Precipitation 201660 302176 0.86 | 217682 324512 0.83 | 371773 520382 056 |3519.57 5012.55 061260486 3931.23 0.76
Monthly Climate Moisture 130214 202121 055 | 134582 2097.32 052 [ 164456 271544 019 |1619.65 2610.16 025 | 139410 2288.89 0.43
Population Density 695.10 1020.11 085 | 759.81 111538 082 | 134298 218567 0.30 |1266.82 1986.15 042 | 896.52 1417.02 0.70
Nighttime Light Intensity 355 458 097 | 379 489 096 | 855 1137 081 | 763 999 085 477 615 094
Human Modification Terrestrial 007 009 078 | 007 009 075 | 002 015 039 | 001 014 047 008 011 068
Global Gridded Relative Deprivation 656 898 085 | 670 915 084 | 1043 1360 065 | 98 1295 068| 813 1086 078
Ratio of Built-up Area to Non-built Up Area | 8.44 1107 0.78 8.72 11.41 0.77 13.04 16.40  0.52 1251 1581 056 1048 1341  0.68
Child Dependency Ratio 584 829 086 | 588 834 088 | 950 1312 064 | 901 1247 068| 7.7 1009 079
Subnational Human Development 579 8.20 0.89 5.82 8.22 0.89 9.81 1330 0.70 9.15 1236 075] 7.10 995 0.83
Infant Mortality Rates 398 606 093 | 402 614 093 | 742 1076 077 | 724 1020 080| 497 750 089
Asset Index 002 003 093 | 002 003 092 | 006 008 053 | 005 007 062 004 006 078
Sanitation Index 009 002 095 | 000 013 093 | 023 030 067 | 020 026 075 015 020 085
Women BMI 076 101 095 | 083 112 094 182 238 077 | 155 204 083| LI16 157 090
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.8 LLM-enhanced spatiotemporal and geographic Prediction

O Application 2: Spatio-temporal learning on the earth

» Graph-based Time Series Forecasting;: R SN sy
v" Given historical time-series data and the graph relational S A I
Past observations Predictions

bias of locations I AP VAR ™

E ."/j‘b\\c&,f//&\'\,f”;"f\“‘f‘»f A" h o~

v’ Predict long-term or short-term future dynamics of sensors v.\,\/\ X, A
N .\:/.’\‘./_. B

Image source: Cini et al. 2023, by authors

» How to Enhance :

DK . . M
v' LLM2Geovec acts as additional covariates of locations, Short-term forecasting results
Models | SD | GLA | GBA | IMP
d h h. . 1 . 1 -b dd. b f d 1 | MAE RMSE | MAE RMSE | MAE RMSE | (%)
concatenated on the historical signal embedding betore models HA 078 13 [958 %5 %6 BE | -
DCRNN 2523 39.17 [ 2273 3565 [ 2235 3526 | g0
+LLMGeovec | 1870 3136 | 2143 3476 | 21.69 34.37 | ©°%
£ . 1 STGCN 2010 3460 2248 3855 | 2314 3790 | o,
Long-term orecastlng results +LLMGeovec | 19.83 3321 | 22.03 3745 | 2243 3651 | > 7
| iTransformer ~ w/LLMGeovec |  TSMixer w/ LLMGeovec | RMLP w/LLMGeovec |  Informer w/ LLMGeovec | IMP ASTGCN 25.13 39.88 | 2844  44.13 | 26.15 4025 7.98%
Models +LLMGeovec | 23.89 38.08 | 23.74 38.27 | 23.24 37.78
Metic | MSE _MAE _MSE MAE | MSE MAE MSE MAE | MSE_MAE MSE MAE | MSE_MAE MSE MAE | %
A AGCRN 1845 3440 | 20.61 3623 [20.55 3391 | (oo
Global Wind | 4.582 1.51 3979 1380 | 4261 1424 4132 1407 | 4905 1498 4.180 1414 | 4905 1576 4.844 1.566 | 13.30% +LLMGeovec | 1821 33.82 | 19.88 35.96 | 19.77 34.12 0
Global Temp | 13.079 2653 11945 2.601 | 12.035 2480 11441 2.398 | 13.447 2558 12.525 2.480 | 18370 3.209 18639 3.234 | 5.19% GWNET 1938 31.88 ’ 2123 3368 ‘20.84 34.58 ’ 300
. 0
SolarEnergy | 0.233 0262 0206 0265 | 0.255 0294 0219 0289 | 0261 0313 0235 0286 | 0264 0308 0263 0313 | 11.59% ECNVGEnTee)| 18.05  30.06 | 20.29 32.62 | 20.66 33.58
) MTGNN 2360 36.83 | 2347 37.68 | 2373 36.01
Démand SH | 0331 0298 0322 0297 | 0355 0332 0336 0305 | 0.345 0326 0318 0.286 | 0.896 0.618 0779 0666 | 247% N Ceovec | Sabo J083 ’21'76 e ‘22.55 B ’ 8.09%
AirQuality | 1922 0631 1856 0.619 | 2.068 0.665 1989 0.650 | 1.857 0627 1820 0.613 | 3.584 0.864 2858 0771 | 3.46% VP 781 B9 (110 8576 | D15 6 | o
Traffic-SD | 0.136 0225 0.106 0201 | 0.116 0212 0105 0.197 | 0.205 0296 0.168 0264 | 0.199 0298 0.152 0.254 | 22.01% +LLMGeovec | 19.00  3.03 | 21.07 3456 | 2142 3492 | *°°%
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=3 Summary and Takeaways

Harnessing LLM-based Geospatial
Representations for Spatiotemporal Learning

» LLMs are surprisingly geospatially aware;
» LLM2Geovec offers linear, interpretable representations of Earth data;

» Integrating these vectors into existing models —whether GNNs or MLPs—is
computationally efficient and boosts performance;

» LLM2Geovec brings little additional computational time and memory
overhead, making advanced tools accessible even with limited data.
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ITSC 2025 Invited Session Calls for Papers

{2{‘:“5[: 20(3,‘ GFOATaR,,

H@)3 recemscauos ) etz remorto @ IEEE CODE:p25rt

@ i ¥
75, Coast, PSS -
G , P

<T Noverrbe

. Topics of interest (not limited to):
Wi / p
elcome to Submtt your p ap er: * LLM-enhanced sensing: Integrating LLMs or VLMs for multimodal traffic data

Submission Deadline: May 1st, 2025 acquisition, fusion, translation, and analysis.

4 H . . . . . Knowledge-driven learning: Prompt engineering, domain-specific LLM fine-
I nvlted S€SS10n. Innovatlve Appllcatlons tuning, few-shot learning, RAG, and knowledge representation in predictive learning

Of L arge Lan gu a ge Models 1n Multimo d al tasks such as traffic prediction, travel forecasting, and behavior modeling.
Tran sp ortation Syst ems * Generative modeling in ITS: Use LLMs to generate synthetic traffic scenarios,

assist in the development of digital twins and simulation systems, design heuristic
algorithms and functions, and provide feedback and evaluation.

* Intelligent decision making: LLM-based traffic control, network optimization,
mixed traffic flows, intelligent vehicles, human-in-the-loop interfaces, agent
frameworks for complex tasks, and collaborative multi-agent coordination.

. i « LLMs in transport operation and management: Applying LLMs in real-time
' traffic management, safety analytics, public transit, shared mobility, multimodal
integration, Mobility as a Service (MaaS) platform.

IEEE ITSC 2025 1 T “w.. * Innovative case studies: Presentation of pioneering deployment where LLMs
The IEEE International Conferenceon ™ have been successfully integrated into real-world multimodal transportation systems.

Intelligent Transportation Systems (ITSC) ~ « Ethical and operational considerations: Discussions on the challenges and

EXPERIENCE . .. . . . . . .1e .
GOLDCOAST November 18 — 21, 2025 — Gold Coast, Australia implications of deploying LLMs, including data privacy, interpretability, bias

mitigation, scalability, and computational efficiency.
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