
GAMS: Geospatial Knowledge Enhanced Agentic Framework for Urban
Human Mobility Behavior Simulation

Anonymous ACL submission

Abstract001

Recently, researchers have explored leveraging002
the commonsense knowledge and reasoning ca-003
pabilities of large language models to acceler-004
ate human mobility simulation. However, these005
methods suffer from several critical shortcom-006
ings, including inadequate modeling of urban007
spaces, poor integration with individual mobil-008
ity patterns, and weak alignment with collec-009
tive mobility distributions. To address these010
limitations, we propose Geospatial Knowledge011
Enhanced Agentic framework for Mobility012
Simulation (GAMS), an agentic framework013
that leverages the language based geospatial014
foundation model to simulate human mobil-015
ity in urban space. GAMS comprises three016
core modules: MobExtractor, which extracts017
template-based mobility profiles and synthe-018
sizes new ones during simulation; GeoGen-019
erator, which generate trajectory points con-020
sidering collective mobility knowledge and ur-021
ban geospatial knowledge; and TrajEnhancer,022
which captures individual mobility regulari-023
ties from real-world trajectories and refine024
to generate style-aligned synthetic trajecto-025
ries. Experiments on two real-world datasets026
show that GAMS achieves superior perfor-027
mance over various state-of-the-art methods,028
with more than a 17% improvement by cap-029
turing diverse mobility regularities. Our codes030
and datasets are open-sourced via https://031
anonymous.4open.science/r/CAMS-1992/.032

1 Introduction033

Human mobility simulation is a critical real-world034

task with widespread applications across many do-035

mains (Pappalardo et al., 2023), such as support-036

ing the implementation of the 15-minute city con-037

cept in urban development by modeling residents’038

daily activities (Zheng et al., 2023), optimizing039

transportation strategies through travel behavior040

simulation, and validating intervention policies in041

epidemic prevention and control. Given its sig-042

nificant value, the research community has stud-043

ied this problem extensively for many years, re- 044

sulting in a range of effective solutions. Early 045

efforts, such as mechanism-based models like 046

TimeGeo (Jiang et al., 2016), have gradually been 047

supplemented—and surpassed—by recent deep 048

learning approaches, such as MoveSim (Feng 049

et al., 2020), ActSTD (Yuan et al., 2022), and 050

DSTPP (Yuan et al., 2023) and on. Despite remark- 051

able progress, key challenges remain—particularly 052

concerning the spatial transferability of methods, 053

as well as the controllability and interpretability of 054

the generated mobility behaviors. 055

To address these challenges, recent research has 056

explored integrating LLMs into mobility simula- 057

tion, leveraging their role-playing (Gao et al., 2024; 058

Wang et al., 2024b; Gao et al., 2023; Piao et al., 059

2025), commonsense knowledge (OpenAI, 2022; 060

Touvron et al., 2023; Ding et al., 2024) and reason- 061

ing capabilities (Wei et al., 2022; Xu et al., 2025) 062

to achieve promising results. The most crucial and 063

challenging aspect of applying LLMs to mobility 064

simulation lies in effectively incorporating spatial 065

information. Existing work (Gurnee and Tegmark, 066

2024; Shao et al., 2024) has shown that simply 067

utilizing general-purpose LLMs is insufficient for 068

accurately understanding urban space. As a result, 069

studies such as CoPB (Shao et al., 2024) and LL- 070

Mob (Wang et al., 2024a) have proposed specific 071

mechanisms within their frameworks to mitigate 072

this limitation and harness the strengths of LLMs 073

for sequential modeling and reasoning. However, 074

these approaches typically combine spatial knowl- 075

edge and LLMs in a relatively independent manner, 076

fusing information in an ad hoc fashion. Moreover, 077

spatial knowledge is often simplified to facilitate 078

model comprehension, and the integration process 079

remains largely unidirectional, lacking feedback- 080

driven optimization or iterative reasoning updates. 081

Recently, geospatial LLMs such as 082

CityGPT (Feng et al., 2025b) and LAMP (Balsebre 083

et al., 2024) have emerged, directly enhancing 084
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general LLMs with urban spatial knowledge085

through post-training and achieving impressive086

results on geospatial tasks such as urban spatial087

knowledge question answering. In these works,088

they convert the urban spatial knowledge into089

the language format and train the general model090

to enhance the urban spatial knowledge. This091

progress offers a new perspective on incorporating092

spatial knowledge into LLMs and enables deeper093

collaboration between spatial knowledge and094

spatial reasoning in downstream task.095

In this paper, we introduce GAMS, an agentic096

framework that achieves more controllable, accu-097

rate, and generalizable human mobility simulation.098

The framework operates through three synergis-099

tic core components. First, MobExtractor ana-100

lyzes raw trajectory data to extract and summarize101

high-level mobility profiles for enabling the con-102

trollable generation of mobility. Next, GeoGen-103

erator leverages a geospatially-aware LLM with104

specific mechanisms to translate these abstract pat-105

terns into realistic location sequences with collec-106

tive distribution constrains. Finally, TrajEnhancer107

ensures the output’s fidelity, it employs direct pref-108

erence optimization to perform trajectory style109

alignment, conforming the generated paths to real-110

world data patterns and enforcing spatio-temporal111

consistency. A multi-dimensional feedback mech-112

anism unifies this three-stage pipeline, enabling113

GAMS to iteratively refine the generation process.114

This continuous improvement loop enhances both115

the realism and adaptability of the simulated hu-116

man mobility. Besides, built upon an enhanced117

geospatial-knowledge enhanced LLM, GAMS na-118

tively integrates urban spatial knowledge into the119

reasoning and generation process of LLMs.120

In summary, our contributions are:121

• To our knowledge, GAMS is the first to inte-122

grate an geospatial foundation model with rich123

geospatial knowledge and multi-dimensional124

feedback for controllable and generalized mo-125

bility simulation.126

• For controllable generation, we design a dual-127

phase architecture based MobExtractor, which128

condenses mobility patterns into compact lin-129

guistic representations, then synthesizes new130

user-specific patterns through profile-aware fea-131

ture fusion.132

• To generate mobility patterns that align with133

collective urban mobility regularities, we134

build a geospatial foundation model with fine-135

grained urban geographic knowledge fine- 136

tuning and tailored mechanism design. 137

• We introduce multi-dimensional feedback in 138

the framework to progressively align the gen- 139

erated trajectories with real-world trajectories, 140

ensuring that the simulated mobility better con- 141

forms to individual mobility regularity and 142

style. 143

• Experimental results on two real-world datasets 144

demonstrate that the proposed GAMS frame- 145

work significantly outperforms existing meth- 146

ods in human mobility simulation, achieving 147

more than a 17% improvement in a composite 148

metric capturing various mobility regularities. 149

2 Related Work 150

Mobility Simulation. Mobility simulation in- 151

cludes synthesizing data based on statistical laws, 152

generating simulated data in virtual space, and gen- 153

erating mobility data in real urban spaces. On the 154

basis of macroscopic statistical laws (Brockmann 155

et al., 2006; Roth et al., 2011; Liang et al., 2012), 156

researchers proposed a series of mobility simula- 157

tion models to depict individual behavior mecha- 158

nism (Pappalardo and Simini, 2018; Wang et al., 159

2019; Pappalardo and Simini, 2018; Jiang et al., 160

2016). While these mechanism models are con- 161

cise but fail to capture complex human mobility 162

patterns and model the impact of urban structure. 163

With the rapid development of deep learning, dif- 164

ferent model structures were designed to model 165

the complex dynamics of mobility behaviors (Feng 166

et al., 2020; Long et al., 2023; Liu et al., 2024). 167

However, these deep learning methods face chal- 168

lenges of data sparsity, poor transferability and low 169

explainability. 170

LLM for Geospatial Tasks. Since LLMs are 171

geospatially knowledgeable (OpenAI, 2022; Bhan- 172

dari et al., 2023; Touvron et al., 2023), researchers 173

pay attention to leverage LLM in geography and ur- 174

ban science field by solving domain-specific tasks 175

like geospatial understanding tasks (Brown et al., 176

2020; Mai et al., 2023; Roberts et al., 2023; Feng 177

et al., 2025b) and geospatial prediction tasks (Wang 178

et al., 2023; Beneduce et al., 2025; Feng et al., 179

2025a; Gong et al., 2024). LLMs can achieve good 180

results in global-scale or national-scale tasks with 181

simple prompt engineering (Manvi et al., 2024b,a) 182

or a trained linear layer (Gurnee and Tegmark, 183

2024). However, when breaks down to city scale, 184

well-designed agentic frameworks and fine-tuning 185
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Q: Act as a person in an urban neighborhood. Think about your daily routine. Then 
tell me your plan for {weekday}(from 0:00 to 24:00) .
<MOBILITY PATTERN>
<CANDIDATE_GEOSPATIAL_KNOWLEDGE>
A: [location1 from 0:00 to 8:00, location2 from 8:00 to 12:00,….. ]

location sequence

Q: Your task is to give intent prediction using mobility pattern. ......
<MOBILITY PATTERN>
A: [{intent: sleep, from:0:00, to:8:00}, {intent: work, from: 8:00, to:12:00}, {intent: 
eat, from: 12:00, to:14:30}, {intent: sports, from: 14:30, to:19:00} ]

acitivity sequence
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Figure 1: The framework of GAMS, with components arranged from left to right: MobExtractor, GeoGenerator,
and TrajEnhancer.

methods are required to enable LLMs to acquire186

urban structural knowledge (Feng et al., 2025b;187

Balsebre et al., 2024) and enhance task-specific188

performance via geospatial knowledge alignment.189

However, they are primarily designed for question-190

answering tasks and performs poorly on complex,191

structured tasks like trajectory generation, without192

an agentic framework that orchestrates multiple193

specialized modules to leverage their knowledge194

effectively for simulation.195

LLM for Mobility Simulation. With the suc-196

cessful application of LLM in geospatial tasks, re-197

searchers are exploring the potential of applying198

LLMs to human mobility simulation (Wang et al.,199

2024a; Shao et al., 2024; Wang et al., 2024a; Li200

et al., 2024; Jiang et al., 2024; Yan et al., 2024).201

They extract individual knowledge from the user202

profile and historical trajectories, then synthesize203

simulated data (Wang et al., 2024a), map simulated204

data to real urban spaces using mechanistic mod-205

els (Shao et al., 2024; Li et al., 2024), or generate206

real-world trajectories based on the given urban207

spatial information (Wang et al., 2024a). They per-208

form well in few-shot scenarios and exhibit good209

transferability. However, they insufficiently model210

real urban structures, and fail to capture collective211

mobility patterns.212

3 Methodology213

GAMS is an agentic framework for generat-214

ing trajectories in real urban spaces by incor-215

porating urban-knowledgeable LLM with multi-216

dimensional feedback. As shown in Figure 1, our 217

methodology is a three-stage pipeline that progres- 218

sively generates realistic human mobility behaviors. 219

Details of each components are introduced below. 220

3.1 MobExtractor: Semantic Mobility Pattern 221

Extraction for Controllable Simulation 222

As shown in the left part of Figure 1, to enable con- 223

trollable mobility simulation through user profiles, 224

we design MobExtractor with a "compress-then- 225

recover" architecture to extract semantic mobility 226

pattern descriptions. This structure facilitates di- 227

verse and flexible pattern extraction without relying 228

on manually designed prompts. Without the com- 229

pression stage, generating activity sequences from 230

raw user profiles would require extensive human 231

effort in crafting effective prompts, which is both 232

labor-intensive and difficult to scale. Instead, we 233

leverage an LLM to first compress raw trajecto- 234

ries into compact linguistic representations, and 235

then recover the trajectories by referencing these 236

compressed prompts. This reconstruction process 237

enables us to automatically derive high-quality ac- 238

tivity sequence generation templates. Based on nu- 239

merous user profiles paired with their correspond- 240

ing activity pattern templates, we can generate per- 241

sonalized activity sequences for new users by mea- 242

suring their similarity to existing templates. 243

Building on this framework, MobExtractor im- 244

plements a dual-phase pipeline: compression and 245

generation. In the compression phase, mobility 246

patterns from template users are distilled into com- 247
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pact linguistic representations that capture both248

shared routines (e.g., commuting, dining) and indi-249

vidual deviations (e.g., irregular visit times, unique250

location preferences). These representations are251

derived through LLM-based semantic abstraction,252

allowing the model to identify generic mobility253

regularities from limited data—alleviating the re-254

liance on large-scale trajectory datasets. In the255

generation phase, for new users, we first retrieve256

semantically similar templates based on profile em-257

beddings, then synthesize personalized activity se-258

quences via profile-aware feature fusion and vari-259

ational encoding. This approach enables scalable260

and data-efficient pattern generation, leveraging261

LLMs’ world knowledge to generalize across users262

while preserving individual characteristics.263

Mobility pattern recovery. As shown in Fig-264

ure 1, in the mobility patterns reconstruction265

phase, the model learns high-level correlations be-266

tween user profiles, semantic trajectory descrip-267

tions, and raw mobility patterns through a dual-268

phase compression-reconstruction process. The269

model automatically distill observed patterns and270

correlations into interpretable natural language271

rules, including c1, c2 in compression stage and r1,272

r2 in reconstruction stage.273

• Compression. In compression stage, the model274

learns compression patterns that map raw tra-275

jectory data to user profile representations, i.e.,276

(1) how to derive users’ behavioral habits and277

motivations by analyzing statistical patterns in278

their historical trajectories, (2) how to iden-279

tify user’s mobility pattern from raw trajectory,280

habits, motivations and address information,281

(3) how to identify profile-influencing features282

from trajectory descriptions. The compression283

patterns obtained in this stage are denoted as c1284

and c2,285

• Reconstruction. During reconstruction, the286

model acquires reconstruction patterns that287

map user profiles back to raw trajectories, i.e.,288

(1) how to identify components most predictive289

of trajectory description from user profile based290

on key profile determinants identified in c2, (2)291

how to generate user’s raw trajectory from tra-292

jectory description and candidate POIs based293

on c1. With the above compression patterns c1294

and c2 as reference, reconstruction stage gener-295

ate r1 and r2, which are preserved to condition296

the trajectory generation process for new users.297

Mobility pattern generation. As shown in Fig-298

ure 1, in the generation phase, the model generates 299

mobility patterns for any users with only profile in- 300

formation. To enhance the model’s generalization 301

capability, we retrieve the top K most similar tem- 302

plate users (training users) for each new user (test 303

user) and then combine these template patterns to 304

generate mobility pattern in the forms of activity 305

sequence. We compare following two strategies for 306

retrieving similarity individuals. 307

• Language-based: Use LLM to select the top 308

K most similar users based on semantic user 309

profile characteristics, then directly output the 310

ID and similarity score of each selected user. 311

• Embedding-based: Find similar users based 312

on similarity scores of user profile embed- 313

dings(Yu et al., 2024). First, we construct a tem- 314

plate user profile embedding matrix Etemplate ∈ 315

Rm×d, using the profiles of m template users. 316

Then we encode user profile of new user into an 317

embedding e1×d, computing cosine similarities 318

simibetween e1×d and Etemplate. Finally, we re- 319

trieve the top K users T with highest similarity 320

scores. 321

After acquiring similar users, we sequentially 322

perform the following steps: (1) c2 Feature Fusion: 323

Use LLM to integrate key profile factors and high- 324

order mobility characteristics in c2 of the similar 325

template users. (2) Trajectory Description Genera- 326

tion: Using the fused features, generate trajectory 327

descriptions by referencing r1 and r2 in compres- 328

sion stage. (3) c1 Feature Fusion: Use LLM to 329

integrate both the unique movement patterns and 330

universal movement patterns in c1 of the similar 331

template users. 332

3.2 GeoGenerator: Integrating Geospatial 333

and Collective Mobility Knowledge 334

As previously discussed, existing methods struggle 335

to effectively leverage urban structural knowledge. 336

To address this challenge, following the recent prac- 337

tice from community (Balsebre et al., 2024; Feng 338

et al., 2025b), we train a urban-knowledgeable 339

LLM as the foundation for integrating geospatial 340

knowledge. 341

As shown in the middle of Figure 1, GeoGen- 342

erator features two key components: the Anchor 343

Location Extractor and the Urban Structure Map- 344

per. First, the Anchor Location Extractor gener- 345

ates critical anchor points based on user profiles, 346

collective mobility distributions, and urban geo- 347

graphic knowledge. These anchor points are then 348
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transformed into intent-composed trajectories by349

integrating mobility patterns extracted in the first350

stage. Subsequently, the Urban Structure Map-351

per, built upon an enhanced geospatial LLM, maps352

these intent-driven trajectories into realistic urban353

locations, aligning them with the underlying city354

structure. Detailed prompts of Geogenerator can355

refer to Appendix A.9.356

3.2.1 Anchor Location Extractor357

The locations of homes and workplaces serve as the358

most important anchor points in human mobility359

trajectories, significantly shaped by individual user360

profiles and regional characteristics. To effectively361

identify these critical anchor locations, we propose362

a two-step extraction method.363

Macro-to-micro cascaded generation. We pro-364

pose a macro-to-micro cascaded generation sys-365

tem with iterative reasoning-execution-reflection366

cycles(Yao et al., 2023; Du et al., 2024) to pro-367

gressively refine spatial distributions. First, we368

transfer coordinates of all homes and workplaces369

into a hierarchical address representation, namely370

administrative area → subdistrict → street → POI.371

For regions in each hierarchy, we calculate user372

profile distributions and generate descriptive sum-373

maries. Then, from coarse (administrative area) to374

fine (street) spatial scales, the model hierarchically375

generates home/workplace assignments by propa-376

gating upper hierarchy outputs as contextual con-377

straints for finer-grained reasoning. In reasoning378

stage, model consider descriptive summaries and379

geographical knowledge of child regions contained380

within each parent region’s extent (upper hierar-381

chy) and user profile characteristics. In execution382

stage, the model select a region that best matches383

user profile characteristics guided by the reason-384

ing stage. In reflection stage, the model performs385

periodic distribution-aware reflection. Finally, in386

POI spatial scale, the model directly generates the387

precise location of home/workplace.388

Reflection with collective distribution. We389

incorporate collective knowledge as feedback in390

reflection stage, progressively aligning generated391

results with distribution in real urban spaces. Upon392

completing execution stage of all users, we com-393

pute spatial distribution of generated locations.394

Then, in reflection stage, the model does compara-395

tive analysis against ground-truth distribution and396

adjusts generation strategies for subsequent itera-397

tions. Finally, in execution stage, model dynami-398

cally adjust individual output to minimize distribu-399

tional divergence. 400

3.2.2 Urban Structure Mapper 401

To generate the remaining location points in a mo- 402

bility trajectory beyond the two anchor locations 403

(home and workplace) from the previous stage, we 404

introduce an Urban Structure Mapper (referred to 405

as UrbanMapper). Given the anchor points and 406

activity sequences, this module flexibly integrates 407

urban spatial structure information to synthesize 408

the remaining trajectory points. 409

Enhancing Geospatial LLM To mitigate ge- 410

ographic hallucinations and improve spatial pre- 411

cision when generating specific location in real 412

urban space, we augmented the knowledge embed- 413

ded in LLM through fine-tuning with fine-grained 414

urban spatial data. At a finer granularity, we posit 415

that urban space is composed of three fundamen- 416

tal elements: points (POIs), lines (streets), and 417

polygons (AOIs)(Dempsey et al., 2010). Among 418

these, points (POIs) constitute the most basic build- 419

ing blocks, which also serve as the foundational 420

components of trajectories. Therefore, we con- 421

struct our training data based on POI-level granu- 422

larity. To simulate human cognitive and exploratory 423

processes in urban spaces, we generate naviga- 424

tion paths between population-weighted randomly 425

sampled origin-destination (OD) POIs, recording 426

all traversed POIs along the pathways, and subse- 427

quently identifying specified-category POIs within 428

defined radius around each recorded waypoint. The 429

radius is determined by the average jump distance 430

between consecutive trajectory points and is cor- 431

related with the user’s mobility pattern, while the 432

category is related to user’s intention at each time 433

point. We construct a fine-tuning dataset compris- 434

ing 10,000 question-answer pairs, encompassing 435

all POIs of specified categories within certain ra- 436

dius around every sampled POI. 437

To activate the geospatial knowledge embedded 438

in LLM, we enhance user profiles with address in- 439

formation to infer user approximate activity ranges 440

in real urban spaces. Furthermore, we represent the 441

geographic elements in datasets with semantically 442

rich addresses rather than coordinates or grid-ID. 443

We also investigate how different address represen- 444

tation formats impact the model’s comprehension 445

of geographical information: (1) Hierarchical ad- 446

dress representation: Use structured address hi- 447

erarchies (e.g., admin→subdistrict→street→POI) 448

to guide the model in recalling location names and 449

attributes within specific region, reducing hallu- 450
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cinations and generating more realistic, specific451

locations. (2) Human-intuitive geospatial repre-452

sentations: Leverage human-intuitive geospatial453

representations (e.g., 100 meters from the intersec-454

tion of Road B and Road C) to prompt the model455

to associate nearby locations and their attributes.456

3.3 TrajEnhancer: Enhancing Mobility457

Trajectory with Mobility Style Alignment458

After processing by MobExtractor and GeoGenera-459

tor, we obtain a preliminary location sequence that460

integrates user activity patterns and urban struc-461

tural knowledge. However, such sequences may462

still lack fine-grained spatiotemporal coherence and463

individualized movement styles observed in real-464

world mobility. To bridge this gap, we introduce465

TrajEnhancer, which refines the generated trajec-466

tories through implicit alignment with real human467

mobility patterns using the Direct Preference Opti-468

mization (DPO) framework. This module ensures469

that synthetic trajectories not only follow high-level470

intents but also exhibit realistic temporal dynamics471

and spatial regularities.472

As shown in the right part of Figure 1, TrajEn-473

hancer performs integrated reasoning by synthe-474

sizing urban geospatial knowledge (generated in475

Section 3.2) and mobility patterns (extracted in476

Section 3.1). It first constructs daily activity plans477

for target users based on their profiles and his-478

torical patterns, consisting of semantic intentions479

(e.g., “dining out”, “commuting”) and temporal480

constraints (e.g., duration). Then, it generates re-481

alistic movement trajectories by jointly reasoning482

over user profiles, activity plans, anchor points,483

and contextual urban knowledge—ensuring spatial484

plausibility and temporal consistency.485

To further enhance the spatiotemporal continu-486

ity and personalization of the generated trajecto-487

ries, we employ an iterated DPO training pipeline.488

The training data is constructed from pairs of489

model-generated trajectories (from current version490

GAMS) and corresponding real user trajectories.491

We adapt DPO to the mobility generation setting492

by treating real human trajectories as preferred re-493

sponses and synthetic ones as dispreferred. The494

loss implicitly learns a reward function that cap-495

tures spatiotemporal regularities and individual be-496

havioral patterns, guiding the model to generate497

more realistic and personalized trajectories with-498

out explicit reward modeling. The formula is as499

follows,500

L(θ) =− E(u,τw,τl)∼D[
log σ

(
β log

πθ(τw | u,Kgeo,Pmob)

πref(τw | u,Kgeo,Pmob)

− β log
πθ(τl | u,Kgeo,Pmob)

πref(τl | u,Kgeo,Pmob)

)]
,

501

where u denotes the user profile, τw and τl are 502

the preferred (e.g., real) and less preferred (e.g., 503

synthetic) trajectories, respectively, D is the 504

mixed trajectory dataset, πθ is the trainable policy 505

model, πref is the fixed reference policy, Kgeo 506

and Pmob represent urban geospatial knowledge 507

and extracted mobility patterns, respectively, and 508

β is the temperature coefficient controlling the 509

regularization strength. 510

Based on the above formula, we implement a 511

closed-loop workflow: training → deployment → 512

testing → data collection → retraining, executed 513

over multiple cycles. Through this progressive, 514

multi-phase refinement, we continuously enrich 515

the model’s urban geographic understanding and 516

strengthen its ability to capture individual mobility 517

characteristics. Ultimately, this process enhances 518

framework’s spatiotemporal reasoning capabilities, 519

enabling more realistic and personalized human 520

mobility simulation. 521

4 Experiments 522

4.1 Experimental Setup 523

Datasets. We carry out experiment using two real- 524

world mobility datasets, ChinaMobile and Tencent. 525

The basic information of the datasets is shown in 526

Table 2. To test GAMS ’s performance on public 527

datasets, we employ open street map’s road net- 528

work data and AOI data along with global POI 529

data from Foursquare to jointly represent urban 530

spaces. This does not compromise the overall 531

experimental results. This confirms the transfer- 532

ability of GAMS across different datasets, and 533

can achieve reasonably good performance even on 534

smaller, lower-quality datasets. 535

Metrics. Following previous work (Feng et al., 536

2020; Shao et al., 2024), we evaluate the quality 537

of generated mobility data from three dimensions, 538

including statistical evaluation, aggregation eval- 539

uation and semantics evaluation. We also use To- 540

ponym Valid Ratio (TVR) to measure geographic 541

knowledge hallucination, and Composite Mean Re- 542

ciprocal Rank (CMRR) to measure overall perfor- 543

mance across all metrics. Detailed metrics are de- 544

scribed in appendix. 545

6



Table 1: Performance comparison of mobility simulation methods across datasets. Best and second-best results are
highlighted in bold and underline, respectively.

Dataset Model Generation Metrics CMRR↑
FVLoc↓ ActProb↓ Distance↓ Radius↓ SI↓ SD↓ DARD↓ STVD↓

Tencent

TimeGeo 0.3671 0.5915 0.3053 0.3267 0.2312 0.3414 0.6972 0.6899 0.1798
ActSTD 0.3518 0.6972 0.2815 0.1007 0.6880 0.0907 0.6946 0.6371 0.2574
DSTPP 0.3115 0.5236 0.1599 0.1589 0.6880 0.0308 0.6863 0.6742 0.4458
MoveSim 0.3650 0.2647 0.3876 0.3192 0.2309 0.1716 0.4946 0.5271 0.4354
CoPB 0.2744 0.3907 0.1997 0.2394 0.4131 0.1915 0.4089 0.5660 0.4146
LLMob 0.5044 0.3723 0.5266 0.1723 0.1618 0.0752 0.4400 0.6639 0.3420
GAMS 0.3213 0.2769 0.2596 0.0517 0.3362 0.0457 0.3832 0.6540 0.5208

ChinaMobile

TimeGeo 0.3825 0.6793 0.4009 0.5466 0.5139 0.3065 0.5762 0.6907 0.1940
ActSTD 0.4025 0.6900 0.4577 0.3400 0.5749 0.0452 0.6891 0.6947 0.2673
DSTPP 0.3895 0.6794 0.3991 0.2553 0.5320 0.0989 0.6774 0.6613 0.2229
MoveSim 0.3776 0.2413 0.5117 0.3810 0.3720 0.1063 0.5264 0.5775 0.3479
CoPB 0.2724 0.2097 0.2690 0.1948 0.4794 0.2282 0.4997 0.5817 0.4479
LLMob 0.5130 0.4198 0.5387 0.1690 0.1207 0.0839 0.3976 0.6585 0.4003
GAMS 0.2994 0.1244 0.1867 0.0507 0.2524 0.0473 0.3544 0.6776 0.7125

Table 2: Basic information of the trajectory datasets
Datasets Tencent ChinaMobile

Duration 2019.10.1 – 2019.12.31 2017.7.1 – 2017.8.31
City Beijing Beijing
#Users 100,000 1,246
#Trajectory Points 297,363,263 4,163,651

Methods. We evaluated our model in compari-546

son with several state-of-the-art approaches, catego-547

rized into the following three groups: mechanistic548

models (TimeGeo (Jiang et al., 2016)), deep learn-549

ing based methods (MoveSim (Feng et al., 2020),550

ActSTD (Yuan et al., 2022), DSTPP (Yuan et al.,551

2023)), LLM based methods (CoPB (Shao et al.,552

2024), LLMob (Wang et al., 2024a)).553

4.2 Main Results554

We want to validate the model’s ability to gener-555

ate geospatially accurate trajectories in real-world556

urban space without external geographic knowl-557

edge and with only limited user profile information.558

To ensure fair comparison, for LLM-based mod-559

els, we employ llama3.1-8b as LLM core, while560

removing all specific location names (except an-561

chor points) and manually extracted user-specific562

trajectory features from prompts; for deep-learning-563

based methods, we reduce the training-to-test ratio564

to 3:7 (which may slightly inflate their results be-565

cause it is not feasible to completely remove the566

dependency on geographic knowledge from their567

frameworks).568

The experiment results in Table 1 demonstrate569

that GAMS achieves better performance on 11 out570

of 18 metrics, with a particularly significant 41.81%571

improvement over the best baseline in key spatial572

metrics (Distance, Radius, SD), which can be at-573

tributed to its effective utilization of built-in urban 574

spatial knowledge. Notably, GAMS achieves the 575

highest CMRR-temporal (encompassing ActProb, 576

STVD, DARD) and CMRR-spatial (encompassing 577

SD, Distance, and Radius) on both datasets, outper- 578

forming all baselines. While some models excel 579

on individual metrics, GAMS demonstrates a su- 580

perior balance across all dimensions of mobility 581

realism. 582

4.3 Ablation Studies 583

Impact of collective knowledge and individual 584

knowledge. As we introduce in section 3.1 and sec- 585

tion 3.2, we integrate individual knowledge through 586

extracting mobility patterns in MobExtractor, while 587

incorporating collective knowledge via introducing 588

feedback in reflection stage of Anchor Location Ex- 589

tractor. By analysing experimental results in Table 590

8 and generation results in Figure 3, we find that 591

the original implementation significantly outper- 592

forms both the individual-knowledge-ablated (w/o 593

Individual) and collective-knowledge-ablated vari- 594

ants (w/o Collective), confirming that by integrat- 595

ing individual and collective knowledge, the model 596

can more accurately understand the relationship 597

between mobility patterns, specific user profiles 598

and real-world urban spatial patterns, consequently 599

generating trajectories that better align with user 600

profile and actual urban mobility distributions. 601

Impact of Trajectory Style Alignment. We evalu- 602

ate overall performance of trajectory enhancement 603

module in Table 8. As visually confirmed in Fig- 604

ure 2b, there is an overall reduction in JSDs across 605

successive DPO iterations, indicating that TrajEn- 606

hancer progressively enhances the spatiotemporal 607

continuity of generated trajectories to approximate 608

7



Table 3: Performance comparison of different LLMs within the GAMS framework. Best and second-best results are
highlighted in bold and underline, respectively.

Dataset Base Model Generation Metrics CMRR↑
FVLoc↓ ActProb↓ Distance↓ Radius↓ SI↓ SD↓ DARD↓ STVD↓ TVR↑

Tencent

LLaMA3.1-8B 0.4315 0.4649 0.3109 0.0920 0.2751 0.0883 0.3810 0.6672 0.9570 0.1630
LLaMA3-70B 0.4342 0.3102 0.2985 0.0529 0.2053 0.0460 0.2896 0.6573 0.9560 0.4260
Qwen2-72B 0.4119 0.3421 0.4384 0.1028 0.2128 0.1072 0.3203 0.6601 0.8420 0.1829
Qwen3-235B 0.4089 0.2738 0.3582 0.1015 0.2899 0.1725 0.3569 0.6416 0.8247 0.2639
GPT-4o-mini 0.4119 0.2499 0.3753 0.1143 0.1874 0.1218 0.3046 0.6624 0.8672 0.3402
Gemma3-27B 0.3994 0.3903 0.4160 0.0695 0.1717 0.0506 0.3265 0.6570 0.8252 0.3583
Mistral-7Bv3 0.4089 0.3547 0.3064 0.0811 0.3101 0.0980 0.3574 0.6677 0.8854 0.2036
CityGPT 0.4342 0.3849 0.3108 0.1062 0.3076 0.0574 0.3166 0.6356 0.9196 0.2961
GAMS-LLM 0.3213 0.2769 0.2596 0.0517 0.3362 0.0457 0.3832 0.6540 1.0000 0.6111

ChinaMobile

LLaMA3.1-8B 0.3992 0.4434 0.4045 0.0640 0.2521 0.0731 0.3987 0.6788 0.9684 0.2088
LLaMA3-70B 0.4059 0.4120 0.3452 0.0638 0.2031 0.0517 0.3372 0.6792 0.9650 0.3125
Qwen2-72B 0.4027 0.4414 0.3770 0.0618 0.2164 0.0479 0.3525 0.6780 0.8535 0.2958
Qwen3-235B 0.3992 0.5140 0.4254 0.0937 0.2976 0.0949 0.3791 0.6586 0.8228 0.2118
GPT-4o-mini 0.4027 0.4493 0.4894 0.0714 0.2802 0.0630 0.3689 0.6644 0.7836 0.1736
Gemma3-27B 0.3994 0.3903 0.4160 0.0695 0.1717 0.0506 0.3265 0.6570 0.8252 0.5470
Mistral-7Bv3 0.4059 0.4344 0.3806 0.0913 0.2035 0.0822 0.3608 0.6821 0.9007 0.1859
CityGPT 0.3992 0.4816 0.3153 0.0879 0.2448 0.0832 0.3646 0.6686 0.8725 0.2512
GAMS-LLM 0.2994 0.1244 0.1867 0.0507 0.2524 0.0473 0.3544 0.6776 1.0000 0.6991
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Figure 2: Results of individual mobility regularity alignment results for TrajEnhancer across various metrics and
DPO iterations.
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Figure 3: Ablation study on model designs (generation
phase), where lower values indicate better performance.

real-world mobility patterns. Variations of each609

metric are visualized in Figure 2a.610

Performance comparison between the enhanced611

geospaital LLM. We test the performance of mul-612

tiple open-source and closed-source LLMs in ex-613

perimental scenarios. The results in Table 3 demon-614

strate that CityGPT, a representative geospatial615

knowledge enhanced LLM, can provide more au- 616

thentic and fine-grained urban geospatial knowl- 617

edge compared to other larger-parameter mod- 618

els. Additionally, GAMS-LLM which used as 619

the geospatial foundation model in our framework, 620

achieves the highest CMRR, indicating its superior 621

ability to capture the connections between user pro- 622

files, mobility patterns and geospatial knowledge. 623

5 Conclusion 624

In this paper, we propose GAMS, an agentic frame- 625

work for generating realistic human mobility behav- 626

ior trajectories. GAMS utilizes geospatial founda- 627

tion model’s inherent geospatial knowledge while 628

incorporating advanced commonsense reasoning 629

techniques to capture underlying movement pat- 630

terns. Extensive experiments on real-world trajec- 631

tory datasets demonstrate the framework’s capabil- 632

ity to directly generate realistic trajectories from 633

new user profiles. 634
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6 Limitations635

First, despite the use of a geospatial foundation636

model for knowledge enhancement, the inherent637

hallucination tendency of LLMs may introduce spu-638

rious geographic facts; we mitigate this by com-639

bining exact matching with semantic similarity to640

handle long-tail cases.641

Second, our evaluation relies on established real-642

world mobility datasets from prior literature, which643

inevitably constrain the scale and geographic diver-644

sity of simulated users.645

Third, the integration of a large language model646

as a geospatial reasoning component incurs sub-647

stantial computational overhead, as training re-648

quires approximately tens of hours on 4 A100649

GPUs, limiting accessibility.650
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A Appendices861

A.1 Ethical considerations862

We employ a LLM as an assistive tool to correct863

typographical errors and refine phrasing. All re-864

sulting modifications have been carefully reviewed865

and verified by the authors.866

A.2 Comparison of embedding-based vs.867

language-based in MobExtractor868

A comparison of the overall experimental results869

between the language-based and embedding-based870

methods is presented in Table 4. The results show871

that embedding-based method performed compara-872

bly to the language-based approach, demonstrating873

that embeddings effectively capture critical user874

profile details. Moreover, the embedding-based875

method is more cost-efficient and easier to gener-876

alize for large-scale experiments. Therefore, we877

employ the embedding-based method as our pri-878

mary approach in the experiments.879

A.3 Comparison of different methodologies in880

Urban Structure Mapper.881

By comparing results of geoknowledge enhanced882

LLM, GAMS with map tools (GAMS -Map) and883

GAMS with social networks (GAMS -Social) in884

Figure 4, we find that enhanced CityGPT based885

GAMS outperforms other methods with visibly886

lower JSDs. This suggests that implicitly incorpo-887

rating geographic knowledge in trajectory gener-888

ation tasks is reasonable, and enhanced CityGPT889

offers greater advantages over traditional GIS tools890

and social relationships.891

A.4 Detailed Metrics892

• Individual evaluation. We calculate893

Jensen–Shannon Divergence (JSDs) on the894

following metrics of per user: Distance, Radius,895

Step Interval (SI), Step Distance (SD) and896

Spatial-temporal Visits Distribution (STVD).897

• Collective evaluation. We evaluate the quality898

of all generated data from a collective perspec-899

tive, calculating JSDs on following metric of900
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Figure 4: Methodological comparisons in GeoGener-
ator, where lower values indicate better performance.
Here, ‘GAMS-Map’ refers to the CityGPT with map
tools, and ‘GAMS-Social’ refers to the CityGPT with
social graph integration.

all users: Frequently visited locations (FVLoc), 901

which is defined as the overall distributions of 902

top 40 most frequently visited locations across 903

all users. 904

• Semantics evaluation. To evaluate the plausi- 905

bility of generated mobility data, we map venue 906

categories to user intents and compute JSDs 907

on following category-related metrics at both 908

individual and collective levels: Daily Activ- 909

ity Routine Distribution (DARD) and Activity 910

Probability (ActProb). 911

• Hallucination evaluation. We define To- 912

ponym Valid Ratio (TVR), which is the ratio 913

of valid generated toponyms to total generated 914

toponyms, to assess the degree of hallucina- 915

tion in the model’s candidate geospatial knowl- 916

edge generation. A higher TVR signifies lower 917

hallucination frequency and better generation 918

quality. 919

• Comprehensive evaluation. To holistically as- 920

sess model performance, we propose the Com- 921

posite Mean Reciprocal Rank (CMRR) met- 922

ric, computed through a two-stage process: (1) 923

calculating the reciprocal rank of each metric 924

relative to all comparable models, then (2) com- 925

puting the arithmetic mean of these reciprocal 926

ranks across all metrics. A higher CMRR indi- 927

cates more consistently superior performance 928

across all evaluation dimensions. 929

A.5 Results on Mobility Recovery 930

To verify MobExtractor’s efficacy in high-level mo- 931

bility patterns extraction, we examine if template 932

users can reconstruct their mobility patterns using 933

extracted profile-specific semantic mobility pattern 934
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Table 4: Performance comparison of embedding-based vs. language-based similarity methods in MobExtractor for
trajectory generation. Best results for each metric are highlighted in bold.

Dataset Similarity Method Generation Metrics

FVLoc↓ Prob↓ Distance↓ Radius↓ SI↓ SD↓ DARD↓ STVD↓

Tencent Embedding-based 0.3148 0.3611 0.3687 0.1533 0.4566 0.0845 0.3931 0.6533
Language-based 0.3027 0.3474 0.3950 0.1674 0.4679 0.0650 0.3936 0.6583

ChinaMobile Embedding-based 0.3118 0.3872 0.2942 0.0691 0.5054 0.0619 0.3935 0.6400
Language-based 0.2992 0.4792 0.3701 0.0794 0.4766 0.0616 0.4156 0.6546

descriptions. We employ GeoGenerator to map mo-935

bility patterns to real trajectories in urban spaces.936

We compare the experimental results of our method937

with other trajectory generation methods. It should938

be noted that GAMS relies solely on user profiles939

as external input, whereas comparative methods ex-940

plicitly incorporate additional external information941

such as geographical data. The results of evaluating942

performance are detailed in Table 5. The results943

demonstrate that GAMS achieves superior perfor-944

mance on 7 of 16 metrics in both data sets, with945

particularly outstanding advantages in metrics eval-946

uating individual mobility capability (Radius) and947

behavioral habits (DARD). GAMS also exhibits948

commendable performance in terms of spatial con-949

tinuity within trajectories (Distance and SD). This950

superior performance of GAMS can be attributed951

to its comprehensive consideration of the alignment952

between urban geographical knowledge and user953

mobility patterns.954

A.6 Downstream Application:955

Epidemiological Simulation956

To evaluate the practical realism and utility of the957

trajectories generated by our framework, we deploy958

them in a representative downstream task: simula-959

tion of infectious disease transmission. Specifically,960

we feed the synthetic mobility data produced by961

GAMS and a baseline method (ActSTD) into an962

epidemic propagation model that tracks the daily963

counts of Susceptible (S), Infectious (I), and Re-964

covered (R) individuals. From multiple simulation965

runs, we compute the mean absolute percentage966

error (MAPE) across days to quantify fidelity rel-967

ative to real-world epidemic dynamics. As shown968

in Table 6, GAMS explicitly accounts for both969

individual behavioral patterns and collective social970

influences, generating a denser and more realistic971

contact network. This enables the simulated epi-972

demic curve to closely align with observed trans-973

mission patterns in real populations. In contrast,974

ActSTD largely neglects collective interaction ef-975

fects, resulting in an extremely sparse contact net- 976

work with isolated, linear transmission chains that 977

are prone to premature termination. Consequently, 978

its simulation outcomes exhibit excessive smooth- 979

ness: daily population states (S, I, R) change very 980

slowly and show high variance across runs, failing 981

to capture the stochastic yet structured nature of 982

real outbreaks. These results demonstrate that the 983

trajectories generated by GAMS not only achieve 984

higher statistical realism but also possess functional 985

validity in complex, real-world decision-support 986

scenarios such as public health modeling. 987

A.7 Data preprocessing 988

Trajectory data preprocessing Among the 989

100,000 users in the Tencent dataset, 44,313 users 990

have both complete user profiles and accurate coor- 991

dinates for their home and workplace. We conduct 992

Collective Knowledge Extractor experiment using 993

this subset of data. For each mobility dataset, we 994

select the top 150 users with the highest average 995

daily trajectory points for Geographic Knowledge 996

Extraction, among which we randomly assign 100 997

users for trajectory recovery and the remaining 50 998

users for trajectory generation. We utilize the top 999

1,500 users with relatively higher average daily tra- 1000

jectory points for Individual Knowledge Extractor. 1001

We aligned the private dataset with public 1002

datasets by replacing the private dataset’s urban 1003

elements (including AOIs, POIs and roads) with 1004

relevant elements in OSM and Foursquare. Notably, 1005

while the aligned mobility dataset becomes sparser, 1006

this does not compromise the overall experimental 1007

results. This confirms the transferability of GAMS 1008

accross different datasets, and can achieve reason- 1009

ably good performance even on smaller, lower- 1010

quality datasets. 1011

DPO training data construction We construct 1012

the training dataset using the corpus output by 1013

GAMS. We employ Qwen2-72B, a large language 1014

model primarily trained on Chinese corpora, to ex- 1015

tract mobility patterns while leveraging CityGPT 1016
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Table 5: Performance comparison of trajectory recovery methods across datasets.

Dataset Model Recovery Metrics CMRR↑
FVLoc↓ ActProb↓ Distance↓ Radius↓ SI↓ SD↓ DARD↓ STVD↓

Tencent

TimeGeo 0.3555 0.6673 0.1506 0.2749 0.2010 0.3362 0.6895 0.6921 0.1890
ActSTD 0.2007 0.6737 0.0841 0.0581 0.6880 0.0606 0.6910 0.6746 0.3494
DSTPP 0.1975 0.3582 0.1346 0.2611 0.3960 0.0775 0.4824 0.4233 0.2792
MoveSim 0.1966 0.1647 0.3176 0.3189 0.2009 0.1315 0.4456 0.4141 0.4045
CoPB 0.1981 0.3592 0.1322 0.2270 0.3858 0.1885 0.3930 0.5474 0.3000
LLMob 0.1213 0.0891 0.1822 0.1330 0.1618 0.0630 0.3961 0.5923 0.5563
GAMS 0.3421 0.2444 0.2087 0.0340 0.2945 0.0443 0.2681 0.6284 0.5146

ChinaMobile

TimeGeo 0.3766 0.6862 0.3779 0.2908 0.4517 0.3057 0.6874 0.6845 0.1619
ActSTD 0.2985 0.6862 0.4336 0.2816 0.5321 0.0324 0.6905 0.6907 0.2631
DSTPP 0.2136 0.3722 0.1570 0.2705 0.2941 0.1537 0.5692 0.4350 0.3708
MoveSim 0.1776 0.1496 0.3300 0.2619 0.4514 0.0950 0.4346 0.4617 0.4104
CoPB 0.2677 0.2287 0.1415 0.1948 0.4735 0.1945 0.4790 0.5474 0.2917
LLMob 0.1560 0.1590 0.1654 0.0763 0.1207 0.0718 0.3795 0.6560 0.5417
GAMS 0.3055 0.3664 0.1339 0.0717 0.3464 0.0484 0.3248 0.6601 0.5563

Table 6: Comparison of epidemic simulation outcomes
(averaged over multiple runs). Values denote the mean
percentage of individuals in each compartment: Suscep-
tible (S), Infectious (I), and Recovered (R).

Method S (%) I (%) R (%)

GAMS 13.23 40.17 30.32
ActSTD 51.71 53.65 52.76

for urban geographical knowledge. Our experimen-1017

tal setup involves 300 training users and 1200 test1018

users, with all textual outputs from GAMS being1019

collected for analysis. Using Qwen2.5-72B, we1020

evaluate the quality of mobility pattern extraction1021

from this corpus by assigning quality scores on a1022

0-10 scale, where we select textual outputs scoring1023

above 5 as negative samples while using the corre-1024

sponding individuals’ real trajectories as positive1025

samples for our training data construction.1026

A.8 Ablation studies1027

The hierarchical address representation is designed1028

to activate geographic knowledge in CityGPT by as-1029

sociating location names with their attributes across1030

defined regional hierarchies, resulting in generat-1031

ing more accurate locations with reduced hallu-1032

cinations. In comparison, the human-centric ad-1033

dress representation directly prompt the model to1034

recall neighborhood geographic information from1035

the training corpus. Results in Table 9 demonstrate1036

that the second one performs better, likely because1037

training corpus of CityGPT has been pre-aligned1038

with OSM data.1039

A.9 Examples1040

Here, we present the detailed prompt for the Geo-1041

generator module.1042
1043

###### Explore Geographical Knowledge 1044
1045

You are an urban resident planning your next 1046
point of interest (POI) to visit based on 1047
current <INTENT> and <LOCATION>. 1048

1049
<INTENT> 1050

1051
You are going to eat, so the next POI should 1052

belong to: 1053
{POI_categories}. 1054

1055
<LOCATION> 1056

1057
Your current location is {POI_name}, and the 1058

next POI should be within 3 km of your 1059
current location. 1060

Please list five POIs you are most likely to 1061
visit next. 1062

1063
###### Utilize Geographical Knowledge 1064

1065
Act as a person in an urban neighborhood. Think 1066

about your daily routine and generate a plan 1067
for a weekday (from 0:00 to 24:00), 1068
explaining it. Follow these principles: 1069

1070
1. **Retain key features**: 1071

Consider important features in <TRAJECTORY_ 1072
DESCRIPTION> and retain them in your plan. 1073
Refer to <IMPORTANT_FEATURES>. 1074

1075
2. **Supplement sparse data**: 1076

Use general knowledge (e.g., shortest-path 1077
algorithms) to enrich sparse information in 1078
<TRAJECTORY_DESCRIPTION>. Refer to <GENERAL_ 1079
INFORMATION>. 1080

1081
3. **Incorporate high-level patterns**: 1082

Reflect movement patterns, travel habits, and 1083
user motivations. Refer to <HIGH_LEVEL_ 1084
FEATURES>. 1085

1086
4. **Select POIs**: 1087

Choose one POI per time period from < 1088
CANDIDATE_POIS>. 1089

1090
<TRAJECTORY_DESCRIPTION> 1091

1092
{trajectory_description} 1093
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Table 7: Performance comparison of different LLMs in trajectory recovery within the GAMS framework.

Dataset Base Model Recovery

FVLoc↓ ActProb↓ Distance↓ Radius↓ SI↓ SD↓ DARD↓ STVD↓ TVR↑

Tencent

LLaMA3.1-8B 0.3468 0.2776 0.1913 0.0362 0.3070 0.0794 0.3300 0.6774 0.9697
LLaMA3-70B 0.4468 0.3180 0.1770 0.0529 0.1697 0.0383 0.2684 0.6310 0.9541
Qwen2-72B 0.4421 0.3567 0.2177 0.0785 0.1682 0.0881 0.2848 0.6091 0.8224
Qwen3-235B 0.4468 0.3152 0.1646 0.0687 0.2819 0.0895 0.3255 0.6178 0.9040
GPT-4o-mini 0.4468 0.3682 0.2737 0.1022 0.1650 0.1038 0.2628 0.6170 0.7844
Gemma3-27B 0.4468 0.3134 0.3243 0.0887 0.1637 0.0964 0.2789 0.5967 0.8477
Mistral7Bv3 0.4468 0.2799 0.2273 0.0639 0.2030 0.0865 0.2886 0.6265 0.9035
GAMS 0.3421 0.2444 0.2087 0.0340 0.2945 0.0443 0.2681 0.6284 1.0000

ChinaMobile

LLaMA3.1-8B 0.3176 0.3964 0.2930 0.0987 0.2400 0.0612 0.3760 0.6769 0.9815
LLaMA3-70B 0.4118 0.3826 0.2746 0.0753 0.1953 0.0501 0.3333 0.6615 0.9690
Qwen2-72B 0.4118 0.4025 0.3616 0.1050 0.2190 0.0864 0.3373 0.6535 0.8306
Qwen3-235B 0.4118 0.4242 0.2852 0.0770 0.3615 0.0564 0.4550 0.6595 0.9310
GPT-4o-mini 0.4118 0.4666 0.3737 0.1285 0.2175 0.0803 0.3276 0.6468 0.8561
Gemma3-27B 0.4118 0.4752 0.3390 0.0871 0.1684 0.0883 0.3346 0.6480 0.8436
Mistral7Bv3 0.4118 0.5327 0.2345 0.0876 0.2598 0.0665 0.3582 0.6488 0.9164
GAMS 0.3055 0.3664 0.1339 0.0717 0.3464 0.0484 0.3248 0.6601 1.0000

Table 8: Performance comparison of different methodology variants in UrbanMapper.

Dataset Variant Recovery Metrics

FVLoc↓ ActProb↓ Distance↓ Radius↓ SI↓ SD↓ DARD↓ STVD↓

Tencent

GAMS 0.3421 0.2444 0.2087 0.0340 0.2945 0.0443 0.2681 0.6284
GAMS w/o C 0.3761 0.2721 0.2285 0.0688 0.3431 0.0614 0.2814 0.6365
GAMS w/o I 0.3421 0.3721 0.1995 0.0267 0.2985 0.0229 0.3221 0.6219
GAMS w/o I&C 0.3421 0.3887 0.1563 0.0660 0.3342 0.0377 0.3166 0.6448
GAMS-M 0.3680 0.2458 0.1838 0.0266 0.3215 0.0334 0.3066 0.6250
GAMS-M w/o C 0.3421 0.3108 0.1828 0.0790 0.2963 0.0390 0.3271 0.6478
GAMS-M w/o I 0.3468 0.3248 0.1735 0.0469 0.2722 0.0330 0.3150 0.6265
GAMS-M w/o I&C 0.3568 0.3794 0.1746 0.0305 0.3147 0.0467 0.2937 0.6283
GAMS-S 0.3421 0.2136 0.1699 0.0195 0.3790 0.0378 0.3161 0.6301
GAMS-S w/o C 0.3421 0.3240 0.2058 0.0412 0.3001 0.0435 0.3178 0.6269
GAMS-S w/o I 0.3421 0.3504 0.1655 0.0596 0.2655 0.0513 0.3115 0.6259
GAMS-S w/o I&C 0.3468 0.3518 0.1783 0.0790 0.3202 0.0543 0.3151 0.6356

ChinaMobile

GAMS 0.3055 0.3664 0.1339 0.0717 0.3464 0.0484 0.3248 0.6601
GAMS w/o C 0.3055 0.3784 0.2162 0.0975 0.3330 0.0592 0.3393 0.6753
GAMS w/o I 0.3118 0.3771 0.1956 0.0676 0.3207 0.0451 0.3693 0.6437
GAMS w/o I&C 0.3118 0.3742 0.2117 0.0654 0.3500 0.0490 0.3792 0.6501
GAMS-M 0.3055 0.3780 0.1468 0.0340 0.3106 0.0633 0.3526 0.6550
GAMS-M w/o C 0.3118 0.3971 0.1934 0.0704 0.3482 0.0532 0.3592 0.6594
GAMS-M w/o I 0.3055 0.4141 0.2122 0.0454 0.3198 0.0396 0.3574 0.6526
GAMS-M w/o I&C 0.3118 0.4100 0.1846 0.0874 0.3643 0.0796 0.3336 0.6546
GAMS-S 0.3055 0.3687 0.1669 0.0601 0.2896 0.0578 0.3409 0.6622
GAMS-S w/o C 0.3055 0.3869 0.1795 0.0775 0.2973 0.0567 0.3427 0.6643
GAMS-S w/o I 0.3118 0.4006 0.1713 0.0377 0.3081 0.0643 0.3717 0.6572
GAMS-S w/o I&C 0.3055 0.3926 0.2303 0.0871 0.3371 0.0708 0.3766 0.6524

Table 9: Performance comparison of human vs. hierarchical address types in recovery and generation tasks. Best
results for each metric are highlighted in bold.

Dataset Task Address Type Performance Metrics

Loc↓ Prob↓ Dist↓ Rad↓ SI↓ DailyLoc↓ SD↓ DARD↓ STVD↓

Tencent
Recovery Human 0.3421 0.3383 0.2728 0.1212 0.4479 0.1803 0.0578 0.3849 0.6391

Hierarchical 0.3420 0.3117 0.2852 0.1004 0.4639 0.1397 0.0779 0.4099 0.6336

Generation Human 0.3148 0.3611 0.3687 0.1533 0.4566 0.1687 0.0845 0.3931 0.6533
Hierarchical 0.3089 0.3840 0.4577 0.1283 0.4690 0.1975 0.1114 0.4092 0.6512

ChinaMobile
Recovery Human 0.3118 0.3872 0.2942 0.0691 0.3054 0.1217 0.0619 0.3935 0.6400

Hierarchical 0.3118 0.4648 0.2828 0.0986 0.4945 0.0379 0.0587 0.4143 0.6425

Generation Human 0.3059 0.3317 0.3807 0.0778 0.4624 0.0980 0.0767 0.3757 0.6591
Hierarchical 0.2992 0.3586 0.3251 0.0767 0.4789 0.1497 0.0909 0.3888 0.6614
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A.10 Visualization of Generated Trajectory1111

Data1112

To demonstrate that GAMS effectively captures1113

the relationships between user profiles, mobility1114

patterns, and trajectories in real urban spaces, we1115

visualized the anchor points and single-day trajec-1116

tory point distributions for different user profiles1117

generated by the model in Figure 6.1118

A.11 Generated mobility patterns of different1119

user profiles1120

We compared the distributions of anchor points and1121

trajectory points generated by the model for three1122

types of user profiles in Figure 6. The first row1123

in the left panel represents to the user profiles of1124

20-year-old, moderately-income male with a bach-1125

elor’s degree working as an IT engineer(Profile 0).1126

Generated work locations (Figure 5b)of this group1127

show a higher degree of clustering in city cen-1128

ters compared to their residential locations(Figure1129

5a), and the overall trajectory point distribution1130

is relatively dispersed(Figure 5c), suggesting that1131

they tend to reside in suburban areas to reduce1132

living costs, while working in IT-related compa-1133

nies concentrated in urban centers. The second1134

row corresponds to young females in Finance/Ac-1135

counting/Auditing/Tax/Cashier with a bachelor’s1136

degree and a moderate income(Profile 1). Gener-1137

ated workplaces and residences of Profile 1 clus-1138

ter around major corporate hubs, suggesting that1139

they often work in larger companies and rent apart-1140

ments nearby their workplaces. The third row rep-1141

resents middle-aged males in Network Sales/Oper-1142

ations/Services with a bachelor’s degree and a mod-1143

erate income(Profile 2).Compared to the previous1144

two user types, the trajectories generated for Pro-1145

file 2 appear more scattered and irregular, demon-1146

strating less regular mobility patterns, as they may1147

travel more frequently for business. 1148

A.12 Baselines 1149

• TimeGeo(Jiang et al., 2016): It uses statisti- 1150

cal methods to model temporal patterns while 1151

leveraging the r-EPR mechanism to model spa- 1152

tial patterns of user mobility data. 1153

• ActSTD(Yuan et al., 2022): It adopts a GAIL 1154

framework, combining continuous spatio- 1155

temporal dynamics modeling with generative 1156

adversarial training to generate mobility data. 1157

• DSTPP(Yuan et al., 2023): It employs a diffu- 1158

sion model to learn the joint spatio-temporal 1159

distribution, incorporating a co-attention mod- 1160

ule for modeling spatio-temporal point pro- 1161

cesses. 1162

• MoveSim(Feng et al., 2020): It adopts a 1163

generative-adversarial framework in which the 1164

generator utilizes a self-attention-based se- 1165

quence modeling network to capture temporal 1166

transitions and the discriminator distinguishes 1167

synthetic trajectories by incorporating key mo- 1168

bility patterns. 1169

• CoPB(Shao et al., 2024): It leverages LLM to 1170

infer mobility-related habits and motivations 1171

from user profiles, then apply mechanistic mod- 1172

els to map these patterns to real urban spaces. 1173

• LLMob(Wang et al., 2024a): It derives mobil- 1174

ity patterns from predefined trajectory features 1175

using LLM, then selects positive/negative train- 1176

ing samples from historical mobility data for 1177

adversarial learning. 1178
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(a) Home (b) Workplace (c) Trajectory

Figure 5: Comparison of daily movement pat-
terns

Figure 6: Comparison of Mobility patterns in real urban spaces of different user profiles.

16


	Introduction
	Related Work
	Methodology
	MobExtractor: Semantic Mobility Pattern Extraction for Controllable Simulation
	GeoGenerator: Integrating Geospatial and Collective Mobility Knowledge
	Anchor Location Extractor
	Urban Structure Mapper

	TrajEnhancer: Enhancing Mobility Trajectory with Mobility Style Alignment

	Experiments
	Experimental Setup
	Main Results
	Ablation Studies

	Conclusion
	Limitations
	Appendices
	Ethical considerations
	Comparison of embedding-based vs. language-based in MobExtractor
	Comparison of different methodologies in Urban Structure Mapper.
	Detailed Metrics
	Results on Mobility Recovery
	Downstream Application: Epidemiological Simulation
	Data preprocessing
	Ablation studies
	Examples
	Visualization of Generated Trajectory Data
	Generated mobility patterns of different user profiles
	Baselines


