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Abstract001

The Natural Language to Trajectory Visualiza-002
tion (NL2TrajVis) task aims to automatically003
translate Natural Language Queries (NLQs)004
into trajectory data visualizations, thereby en-005
abling natural language interaction within tra-006
jectory visualization systems. To overcome007
the limitations of existing benchmarks in cross-008
domain coverage and visual aesthetic modeling,009
we propose TrajVL 2.0, a novel benchmark010
dataset designed for NL2TrajVis. TrajVL 2.0011
covers five representative application domains,012
comprises 4,552 high-quality samples and ex-013
plicitly incorporates users’ visual aesthetic pref-014
erences. Building on this dataset, we further015
propose TrajVisAgent, a multi-agent collabo-016
rative framework tailored for NL2TrajVis. Tra-017
jVisAgent comprises a TVL Agent, a Code018
Agent, and a Visual Agent, which collabo-019
ratively handle TVL generation and aesthetic020
attribute extraction, executable code synthe-021
sis with self-repair mechanisms, and itera-022
tive optimization guided by visual feedback.023
This framework enables end-to-end automation,024
spanning from natural language understanding025
to trajectory visualization generation and vi-026
sualization quality refinement. We conduct a027
systematic evaluation against multiple existing028
methods on TrajVL 2.0. Experimental results029
demonstrate that TrajVisAgent consistently out-030
performs all baseline methods, achieving state-031
of-the-art performance. Ablation studies fur-032
ther validate the effectiveness of each individ-033
ual agent as well as their collaborative design.034

1 Introduction035

With the rapid growth of large-scale trajectory data,036

numerous trajectory datasets have been released037

(Zhu et al., 2024; Amiri et al., 2024; Yuan et al.,038

2010). Trajectory visualization plays a critical role039

in uncovering spatiotemporal patterns and deriving040

actionable insights from trajectory data, thereby041

supporting analysis, decision-making, and plan-042

ning. Although mature solutions based on program-043

Figure 1: The pipeline of TrajVisAgent for generating
trajectory visualizations from natural language queries.

ming frameworks (Zhu, 2013; Cheng et al., 2019; 044

Wang, 2019) and Graphical User Interface (GUI)- 045

based interactions (Scott and Janikas, 2009; Moy- 046

roud and Portet, 2018) are available, creating visu- 047

alizations that are both accurate and aligned with 048

users’ aesthetic intentions still demands substantial 049

programming expertise. This reliance creates a sig- 050

nificant usability barrier for domain experts who 051

lack a technical programming background. 052

To reduce the usability barrier of visualization 053

systems, the Natural Language to Visualization 054

(NL2VIS) task has attracted increasing research 055

attention in recent years (Luo et al., 2021b,a; Song 056

et al., 2023; Li et al., 2024; Zhang et al., 2024b; 057

Song et al., 2024; Zhang et al., 2025; Luong and 058

Nguyen, 2026). NL2VIS aims to automatically 059

translate Natural Language Queries (NLQs) into 060

structured visualization specifications or executable 061

code. Owing to their strong semantic understand- 062
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ing and code generation capabilities, Large Lan-063

guage Models (LLMs) have been widely adopted064

in NL2VIS, resulting in a series of LLM-based065

approaches (Maddigan and Susnjak, 2023; Chen066

et al., 2024; Dibia, 2023). However, most exist-067

ing methods lack explicit task planning and visual068

feedback mechanisms, which limits their effective-069

ness when handling complex visualization requests.070

To address these limitations, recent studies have071

explored multi-agent frameworks (Ouyang et al.,072

2025; Yang et al., 2024; Goswami et al., 2025), in073

which specialized agents collaboratively support074

planning and visual feedback. Despite the progress075

achieved by multi-agent approaches, prior work has076

primarily focused on scientific or generic tabular077

data, leaving trajectory visualization underexplored.078

In particular, challenges arising from map-based079

rendering operations and spatiotemporal trajectory080

querying remain largely unaddressed.081

Existing benchmark datasets (Luo et al., 2021a;082

Luo et al.; Lu et al., 2025; Rahman et al., 2025;083

Shuai et al., 2025) primarily focus on structured084

tabular data and conventional chart types and are085

not suitable for the Natural Language to Trajec-086

tory Visualization (NL2TrajVis) task. TrajVis (Bai087

et al., 2025) introduced the first benchmark dataset088

for natural language driven trajectory visualization089

by defining the Trajectory Visualization Language090

(TVL). However, this dataset relied on a single data091

source and did not fully account for users’ aesthetic092

intentions during the visualization process. More-093

over, for traditional chart types (e.g., bar and line094

charts), TrajVis primarily adopted template-based095

query generation, which limited the diversity of096

query logic and visual representations.097

To overcome these limitations, we introduce Tra-098

jVL 2.0, a novel NL2TrajVis benchmark that spans099

multiple application domains and explicitly incor-100

porates users’ visual aesthetic preferences. TrajVL101

2.0 covers five representative domains, including102

animal migration, disease transmission, logistics103

transportation, environmental monitoring, and hu-104

man travel, and contains 4,552 carefully curated105

samples. To ensure data accuracy and expres-106

sive consistency, we adopt the TVL as an inter-107

mediate representation, which supports data query-108

ing, spatiotemporal constraint modeling, and vi-109

sualization type specification. Rather than rely-110

ing on fixed templates, we propose a constraint-111

aware dynamic SQL generation framework that112

substantially enhances the structural and seman-113

tic diversity of query logic. Furthermore, we de-114

sign a scene-adaptive aesthetic attribute generator 115

to systematically encode users’ visual preferences 116

during dataset construction process. As the first 117

NL2TrajVis benchmark to jointly support multi- 118

domain coverage and aesthetic-aware visualization, 119

TrajVL 2.0 provides a solid foundation for evaluat- 120

ing and advancing future research in this area. 121

Building on this foundation, we propose Tra- 122

jVisAgent, a multi-agent collaborative framework 123

tailored for the NL2TrajVis task. TrajVisAgent 124

comprises three specialized agents. The TVL 125

Agent parses natural language queries into TVL 126

and generates aesthetic attribute specifications in 127

JSON format. The Code Agent translates the struc- 128

tured representations into executable visualization 129

code and enhances code robustness through sand- 130

boxed execution and an error-attribution–based 131

self-repair mechanism. The Visual Agent serves 132

as the system’s perception and feedback module, 133

leveraging Multimodal Large Language Models 134

(MLLM) to assess visualization quality and guide 135

iterative refinement. The overall workflow of Tra- 136

jVisAgent is illustrated in Figure 1. 137

We conducted a systematic evaluation of multi- 138

ple methods on the TrajVL 2.0 dataset. The results 139

demonstrate that TrajVisAgent significantly outper- 140

forms existing approaches, including LLM-based 141

methods (e.g., Chat2VIS, CoML4Vis) and multi- 142

agent frameworks (e.g., NVAgent). Specifically, 143

under the GPT-5-mini configuration, the TrajVis- 144

Agent achieved a 21.78 improvement in visualiza- 145

tion scores compared to Chat2VIS, the strongest 146

baseline among existing methods. Ablation studies 147

on individual agents further validate the effective- 148

ness of the proposed multi-agent design. Collec- 149

tively, these results demonstrate TrajVisAgent’s 150

ability to generate high-quality trajectory visual- 151

izations across multiple domains while effectively 152

respecting user visualization preferences. 153

In summary, our contributions are as follows: 154

• We construct TrajVL 2.0, a multi-domain tra- 155

jectory visualization benchmark that incorpo- 156

rates users’ visual aesthetic preferences, pro- 157

viding a high-quality evaluation resource for 158

the NL2TrajVis task. 159

• We propose TrajVisAgent, the first multi- 160

agent collaborative framework designed for 161

the NL2TrajVis tasks, achieving full-process 162

automation from semantic parsing to visual- 163

ization generation and optimization. 164
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• We conduct experiments on the TrajVL 2.0165

dataset, demonstrating that TrajVisAgent sig-166

nificantly outperforms existing methods on167

trajectory visualization tasks and achieves168

state-of-the-art performance.169

2 Related Work170

2.1 Text to Visualization Dataset171

Existing NL2VIS benchmarks primarily focused on172

structured tabular data and conventional chart types.173

Notable examples include the nvBench series (Luo174

et al., 2021a; Luo et al.; Lu et al., 2025; Shuai et al.,175

2025; Song et al., 2026), which evaluated capabili-176

ties ranging from basic visual mapping to system177

robustness. Text2Vis (Rahman et al., 2025), Deep-178

VIS (Shuai et al., 2025), and SIGN2Vis (Wan et al.,179

2025) further investigated reasoning, interaction,180

and multimodal understanding. Benchmarks such181

as NLV-Utterance (Maddigan and Susnjak, 2023),182

Chinese NL2VIS (Ge et al., 2024), RAViG Bench183

(Element et al.), and NALSpatial (Liu et al., 2023)184

examined linguistic diversity and spatial seman-185

tics understanding. However, these benchmarks186

are limited in supporting domain-specific visualiza-187

tion requirements for trajectory data. For trajectory188

scenarios, TrajVis introduced the first benchmark189

dataset in the NL2TrajVis domain. However, it190

relied on a single data source and did not model191

higher-level user intentions, such as visual aesthetic192

preferences. To address these gaps, we construct a193

large-scale NL2TrajVis benchmark spanning multi-194

ple application domains and explicitly incorporat-195

ing visual aesthetic considerations.196

2.2 Text to Visualization Method197

Early NL2VIS studies generally treated the task as198

a sequence-to-sequence translation problem (Dibia199

and Demiralp, 2019; Luo et al., 2021a; Song et al.,200

2022; Wu et al., 2022; Song et al., 2024), relying201

heavily on large-scale annotated training datasets.202

With the emergence of LLMs, research attention203

has shifted toward LLM-based approaches (Xie204

et al., 2024; Wu et al., 2024; Ko et al., 2024;205

Shi et al., 2025). Chat2VIS (Maddigan and Sus-206

njak, 2023), CoML4Vis (Chen et al., 2024), and207

LIDA (Dibia, 2023) leveraged LLMs’ code gener-208

ation capabilities to produce visualizations, while209

Prompt4Vis (Li et al., 2024) and ChartGPT (Tian210

et al., 2024) further improved semantic parsing via211

context optimization and stepwise reasoning. De-212

spite these advances, LLM-based methods still lack213

explicit task planning and fail to effectively exploit 214

visual feedback for iterative refinement. 215

To address these limitations, several recent ap- 216

proaches (Yang et al., 2024; Goswami et al., 2025; 217

Chen et al., 2025; Zhang et al., 2024a) leveraged 218

multi-agent systems with visual feedback or multi- 219

path reasoning to enable iterative optimization 220

during visualization generation. These methods 221

mainly focused on scientific visualization scenar- 222

ios that required fine-grained control and did not 223

generalize to large-scale, cross-domain tasks. For 224

the broader NL2VIS task, NVAgent (Ouyang et al., 225

2025) employed task planning and multi-agent col- 226

laboration to support complex multi-table queries 227

and visualization generation. However, while ef- 228

fective for structured tabular data, NVAgent is 229

less suited to the challenges posed by natural lan- 230

guage–driven trajectory visualization. To bridge 231

this gap, we propose TrajVisAgent, a multi-agent 232

framework tailored for trajectory visualization, pro- 233

viding end-to-end automation from understanding 234

user intentions to visualization generation. 235

3 TrajVL 2.0 236

3.1 Data Preparation 237

In constructing TrajVL 2.0, we retain the Trajec- 238

tory Visualization Language (TVL) from TrajVL 239

(Bai et al., 2025) as the intermediate representa- 240

tion. We preserve a subset of human travel data 241

from TrajVL, including multi-trajectory queries, 242

and extend the dataset with additional visualiza- 243

tion types to increase diversity. To broaden do- 244

main coverage, we collect trajectory data from four 245

new domains via Kaggle 1: animal migration, lo- 246

gistics transportation, environmental monitoring, 247

and disease transmission. For animal migration 248

domain, trajectories for 27 species are manually cu- 249

rated from MoveBank (Kays et al., 2022). All data 250

are stored in Postgres database (Douglas and Dou- 251

glas, 2003), encompassing 69 tables and 2,420 geo- 252

graphic areas. Geographic boundaries are sourced 253

from OpenStreetMap (Bennett, 2010), and base 254

map rendering is provided by Baidu Maps 2. 255

3.2 TVL Generation 256

Given the structured design of TVL, we decom- 257

pose the generation process into two stages: the 258

data layer and the spatiotemporal constraint layer. 259

1https://www.kaggle.com/datasets
2https://lbsyun.baidu.com
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Figure 2: The construction process of the TrajVL 2.0 dataset. This process comprises five main steps: (a) Collecting
and storing trajectory data from multiple domains into database; (b) Generating TVL instances using a metadata-
driven, template-based SQL framework combined with spatiotemporal constraints; (c) Assigning adaptive aesthetic
parameters based on visualization types; (d) Generating natural language queries based on TVLs and aesthetic
parameters; (e) Validating generated queries through automated detection and manual review.

At the data layer, we propose a framework that in-260

tegrates metadata modeling with template-driven261

SQL generation. We first construct a structured262

metadata schema to characterize table fields and263

inter-table relationships. Based on this schema,264

we design three categories of query templates,265

namely easy, medium, and hard, which correspond266

to single-table queries, conditional queries, and267

multi-table joins with complex aggregations, re-268

spectively. Templates are instantiated via metadata-269

aware random sampling and validated semantically.270

To ensure syntactic correctness, semantic validity,271

and sample diversity, we enforce data-type compat-272

ibility and relational constraints, and incorporate273

deduplication and failure-retry mechanisms.274

Building on the generated queries, we further275

incorporate spatiotemporal constraints to construct276

complete TVLs. To ensure realistic visualization277

instructions, we adopt a data-driven sampling strat-278

egy. Specifically, we retrieve valid geographic ar-279

eas (Area) and their corresponding temporal ranges280

(ST, ET) from the database, randomly sample281

matched area–time pairs, and integrate them with282

the SQL queries to produce the final TVLs.283

3.3 Aesthetic Attribute Generation284

To better reflect real-world visualization scenarios285

with user preferences, we design a scene-adaptive286

aesthetic attribute generator to enhance the expres-287

siveness of each sample. In map-based visualiza-288

tions, the generator first retrieves unique trajectory289

identifier from the PostgreSQL database and dy-290

namically assigns color attributes to trajectory en-291

tities. It further adapts the base map style and ren-292

dering mode (point or line) according to data scale.293

For statistical chart visualizations, we construct 294

chart-specific aesthetic attribute pools that com- 295

prising both shared and chart-dependent attributes. 296

Guided by visual design best practices, the gen- 297

erator produces valid aesthetic configurations via 298

conditional random sampling. These attributes are 299

finally encapsulated with their corresponding TVL 300

in structured JSON format, enriching the dataset 301

with explicit aesthetic preference dimensions. 302

3.4 NLQ Generation 303

To construct high-quality samples, we synthesize 304

NLQs from structured representations. Starting 305

from TVL, we extract key semantic constraints, 306

including temporal ranges, geographic entities, 307

data filtering logic, and visualization aesthetic at- 308

tributes. To promote linguistic diversity, we de- 309

sign three query styles: imperative, interrogative, 310

and headline-style expressions. We adopt a gener- 311

ate–select strategy, producing multiple candidates 312

per style and selecting the optimal query based on 313

linguistic naturalness, syntactic fluency, and seman- 314

tic completeness. Query generation is performed 315

using GPT-5-mini with a temperature of 0.3 to bal- 316

ance reliability and diversity. The NLQ generation 317

process is detailed in appendix A.2 318

3.5 Data Check 319

To ensure semantic completeness and accuracy 320

of generated NLQs, we design a quality control 321

pipeline combining automated verification with 322

manual review. The automated validation using 323

GPT-5-mini evaluates two aspects. First, data con- 324

straint validation checks whether essential informa- 325

tion, such as visualization type, geographic area, 326
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time range, and filtering conditions, is fully and327

correctly expressed. Second, aesthetic attribute ver-328

ification assesses the completeness and correctness329

of aesthetic descriptions and the overall linguistic330

fluency. An NLQ is accepted only if it fully covers331

all non-empty core constraints without semantic332

errors or redundancy. Otherwise, a revised query is333

automatically generated. This automated verifica-334

tion is performed iteratively for three rounds.335

To further assess reliability, we manually review336

a randomly sampled 30% of the data, independently337

evaluated by two graduate students. Manual inspec-338

tion focuses on identifying missing critical infor-339

mation, semantic consistency with visualization340

metadata, and the presence of unnecessary tech-341

nical details. See appendix A.3 for the detailed342

process of data verification. The overall dataset343

construction pipeline is illustrated in Figure 2.344

3.6 TrajVL 2.0 Characteristics345

The dataset contains 4,552 samples spanning 5346

common visualization types. As summarized in347

Table 1, map-based visualizations constitute the348

largest portion, reflecting the characteristics of tra-349

jectory data, including 2,104 single-trajectory and350

670 multi-trajectory samples. To support gener-351

alization to standard analytical tasks, the dataset352

also includes a balanced set of statistical charts:353

826 line charts, 348 bar charts, 329 pie charts, and354

275 scatter plots. To assess performance under355

varying query complexities, the dataset covers both356

single-table and multi-table scenarios, with 3,018357

and 1,534 samples, respectively. Detailed statistics358

are reported in appendix B.1.359

4 TrajVisAgent360

To address the challenges in the NL2TrajVis task,361

we propose TrajVisAgent, as illustrated in Figure 3.362

TrajVisAgent is a multi-agent framework compris-363

ing three collaborative agents: the TVL Agent, the364

Code Agent, and the Visual Agent.365

4.1 TVL Agent366

The TVL Agent serves as the core component of367

TrajVisAgent, responsible for accurately translat-368

ing NLQs into TVL while extracting visualization369

aesthetic attributes. To improve accuracy and ro-370

bustness under complex queries, the agent inte-371

grates retrieval-augmented generation with hierar-372

chical task decomposition. The TVL Agent first373

constructs a schema description containing field-374

level examples derived from the target database,375

Vis TVL TVL+ Single Multi NLQ

Map 2,104 670 1,982 792 2,774
Bar 348 0 126 836 348
Line 826 0 395 431 826
Pie 329 0 228 101 329
Scatter 275 0 191 84 275

Total 3,882 670 3,018 1,534 4,552

Table 1: Statistics of the TrajVL 2.0 dataset. TVL+
denotes TVL supporting multi-trajectory queries, Single
represents single-table queries, and Multi represents
multi-table queries.

providing well-defined data boundaries for subse- 376

quent model generation processes. This ensures 377

the generated outputs are consistent with the target 378

database. To prevent LLMs from generating struc- 379

tural errors when processing complex logic, the 380

generation process is decoupled into two stages: 381

TVL Generation. The system employs a 382

sentence-transformers-based retriever to retrieve 383

examples from the knowledge base that are seman- 384

tically most similar to the current natural language 385

query, including the NLQ, corresponding TVL, 386

and aesthetic attributes. Unlike approaches that 387

directly concatenate retrieval results, we designed 388

a heuristic prompt construction strategy in which 389

retrieval examples are restructured according to a 390

“task–subtask” logic. In this way, the prompt not 391

only provides reference information but also guides 392

the model to strictly adhere the specified genera- 393

tion path. The specific steps include: (a) extract 394

visualization type and target area; (b) construct 395

SQL templates with explicit start and end time con- 396

straints (ST/ET); (c) populate data and synthesize 397

the complete TVL. This design ensures that the 398

generation process conforms to with TVL’s struc- 399

tural specifications, thereby preventing issues such 400

as misalignment between temporal conditions and 401

SQL filtering logic. 402

Aesthetic Attribute Generation. After the data 403

logic is established and the TVL is generated, the 404

system parses NLQs to extract visual presentation 405

parameters, which are then encapsulated into inde- 406

pendent JSON objects. The primary advantage of 407

this layered task design is that users’ visualization 408

preferences remain decoupled from the underly- 409

ing data logic, thereby enhancing the stability and 410

reliability of the generation process. 411

4.2 Code Agent 412

The Code Agent serves as a bridge between struc- 413

tured data and visualizations. Its primary func- 414
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Figure 3: The workflow of the TrajVisAgent framework. The framework consists of three stages, each handled
by a specialized agent: (a) TVL Agent, which maps natural language queries to TVL instances and generates
aesthetic attributes via retrieval-augmented generation and task decomposition; (b) Code Agent, which converts
TVL instances and aesthetic attributes into executable visualization code, performs script execution, and resolves
errors through iterative feedback; (c) Visual Agent, which assesses visual quality and data–visual consistency of
rendered outputs and provides structured feedback for refinement.

tion is to convert the TVL and JSON-formatted415

aesthetic attributes into executable Python scripts416

while ensuring stable and reliable execution. The417

Code Agent employs a rigorous error attribution418

and self-correction mechanism. Based on the visu-419

alization type specified in TVL, tasks are routed to420

different branches: (a) map branch, which gener-421

ates HTML visualization pages based on Baidu422

Maps; (b) chart branch, which generates static423

charts using Matplotlib. Aesthetic attributes are424

mapped to the corresponding standard parameters425

in the selected visualization library. The gener-426

ated code executes within a sandboxed environ-427

ment to ensure security and controllability. If exe-428

cution fails, for instance due to SQL syntax errors429

or empty data returns, the error messages are fed430

back to the TVL Agent for TVL correction. If the431

error stems from Python syntax or improper library432

usage, the Code Agent will automatically corrects433

the code internally. Upon receiving feedback from434

the Visual Agent, the Code Agent further refines435

the code to improve the quality of the final visual-436

ization. To prevent infinite loops, the number of437

debugging iterations is limited to a maximum of 3.438

4.3 Visual Agent439

While the Code Agent ensures syntactic correctness440

and stable execution, it cannot evaluate the visual441

quality or aesthetic effectiveness. To address this442

limitation, we introduce the Visual Agent, powered443

by MLLMs, serving as the perceptual feedback444

module of TrajVisAgent. After successful code ex- 445

ecution and rendering, the resulting visualization is 446

provided to the Visual Agent for qualitative assess- 447

ment. A set of visual assessment criteria is defined 448

to guide multidimensional evaluation, including 449

data–visual consistency, label clarity, and overall 450

aesthetic quality. Based on these criteria, the Vi- 451

sual Agent generates structured feedback, includ- 452

ing modification guidelines that align adjustments 453

with user intent, as well as fine-grained optimiza- 454

tion suggestions for visual parameters. This feed- 455

back is subsequently returned to the Code Agent 456

to initiate iterative refinement. By incorporating 457

visual feedback into the multi-agent collaboration, 458

TrajVisAgent enhances both the readability of vi- 459

sualizations and their alignment with user intent. 460

5 Experimental Setup 461

5.1 Dataset Splitting 462

To prevent data leakage, we adopt a signature-based 463

hierarchical partitioning strategy for TrajVL 2.0. 464

For each sample, a structured signature is derived 465

from the TVL, capturing the core query logic, in- 466

cluding table names, field attributes, aggregation 467

operators, and spatial constraints. Samples sharing 468

identical query logic are assigned to the same sub- 469

set, effectively preventing set leakage. Partitioning 470

is performed in a domain-aware manner: samples 471

are first grouped by application domain to ensure 472

balanced coverage, and unique signatures within 473

each domain are randomly shuffled and split into 474
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Model Method Vis.Acc
Data.Acc

TVL.Acc Pass Score Aest.Acc
Area Time SQL

LLaMA3.1-8B
CoML4Vis 36.68% - - - - 61.86% 12.53 -
Chat2VIS 20.41% - - - - 32.95% 17.98 -
NVAent 84.20% 51.84% 72.32% 1.17% 1.00% 91.58% 9.42 -
TrajVisAgent 98.10% 93.21% 90.15% 14.40% 13.99% 40.70% 22.86 23.15%

Qwen3-8B
CoML4Vis 35.63% - - - - 63.54% 22.85 -
Chat2VIS 31.66% - - - - 56.56% 22.64 -
NVAent 80.71% 28.04% 64.83% 1.92% 1.79% 87.87% 14.72 -
TrajVisAgent 97.27% 96.14% 89.39% 30.52% 28.47% 79.85% 43.81 49.36%

GPT-5-mini
CoML4Vis 37.92% - - - - 70.02% 30.66 -
Chat2VIS 44.05% - - - - 84.51% 37.58 -
NVAent 71.65% 27.38% 65.09% 1.49% 1.27% 69.05% 10.21 -
TrajVisAgent 99.40% 98.13% 88.64% 32.56% 32.16% 93.03% 59.36 54.96%

Table 2: Performance of various frameworks on the TrajVL 2.0 dataset when using different backbone models.

three subsets: Training Set (1,155 samples, used475

for constructing the knowledge base), Validation476

Set (1,129 samples), and Test Set (2,268 samples).477

5.2 Baselines478

As NL2TrajVis is a newly introduced task lacking479

dedicated benchmark frameworks, we select rep-480

resentative baselines from prior NL2VIS research481

that most closely align with the TrajVL 2.0 dataset482

and task configuration. To enable comprehensive483

comparison, we consider two categories of state-484

of-the-art methods: LLM-based frameworks and485

multi-agent collaboration frameworks. Specifically,486

we compare TrajVisAgent against: (a) Chat2VIS487

(Maddigan and Susnjak, 2023), which generates488

visualizations from natural language via prompt489

engineering; (b) CoML4Vis (Chen et al., 2024), a490

few-shot prompting approach that integrates multi-491

table information; and (c) NVAgent (Ouyang et al.,492

2025), a multi-agent framework supporting com-493

plex single- and multi-table queries through coop-494

erative reasoning. To ensure fair comparison, we495

employ three identical large language model imple-496

mentations across TrajVisAgent and all baselines:497

GPT-5-mini 3, Qwen3-8B (Yang et al., 2025), and498

LLaMA3.1-8B 4.499

5.3 Evaluation Metrics500

To comprehensively assess performance from data501

retrieval to visualization generation, we adopt a502

3https://platform.openai.com/docs/models/gpt-5-mini
4https://huggingface.co/meta-llama/Llama-3.1-8B

multidimensional evaluation framework encom- 503

passing intermediate representation accuracy, aes- 504

thetic alignment, code executability, and visual 505

quality. For evaluating TVL quality, we follow the 506

protocol used in TrajVL (Bai et al., 2025). Code 507

executability is measured using Pass Rate (Pass), 508

as introduced by NVAgent, which quantifies the 509

proportion of syntactically valid and successfully 510

executable code. Prior studies (e.g., MatplotAgent 511

(Yang et al., 2024)) have shown that MLLM–based 512

evaluations strongly correlate with human judg- 513

ments. Accordingly, we employ GLM-4.1V-9B- 514

Thinking (Hong et al., 2025) to assess visualiza- 515

tion quality, reporting a Visualization Score (Score) 516

ranging from 0 to 100. To evaluate alignment with 517

users’ aesthetic intentions, we introduce Aesthetic 518

Accuracy (Aest.Acc), defined as the average pro- 519

portion of predicted aesthetic attributes that exactly 520

match the ground truth. Detailed definitions of all 521

metrics are provided in the appendix B.3. 522

6 Results and Discussion 523

6.1 Performance Comparison 524

Table 2 presents a comprehensive comparison of 525

different methods on the NL2TrajVis task. Ap- 526

pendix B.4 provides detailed information on the 527

experimental parameter settings. Experimental 528

results indicate that, across all selected large 529

language model configurations (LLaMA3.1-8B, 530

Qwen3-8B, and GPT-5-mini), our proposed multi- 531

agent framework outperforms the baselines on all 532

core evaluation metrics. 533
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For Chat2VIS and CoML4Vis, which directly534

convert NLQ into visualization code and bypass535

the construction of the visualization intermediate536

representation, we evaluate only visualization type537

recognition accuracy (Vis.Acc), code execution pass538

rate (Pass), and visualization score (Score). Exper-539

imental results indicate that our proposed multi-540

agent framework consistently outperforms both541

methods across all evaluated metrics and model542

configurations. Similarly, NVAgent, which gener-543

ates visual intermediate representations, exhibits544

significant maladaptation in trajectory visualiza-545

tion tasks. Its generated TVL accuracy peaked at546

only 1.79%. Notably, although NVAgent achieves a547

high code execution pass rate under the LLaMA3.1-548

8B configuration, this largely reflects its tendency549

to produce images containing incorrect informa-550

tion, rather than generating valid visualizations551

in the presence of logical errors or failed data552

queries. Consequently, NVAgent attains a visual-553

ization score of only 14.72, substantially lower than554

that of our proposed framework. In appendix B.5,555

we present case studies of the four frameworks.556

In a comparative analysis across different LLM557

configurations, our proposed framework achieved558

the best performance when using GPT-5-mini559

as the backbone model. Specifically, the TVL560

accuracy reaches 32.16%, the code execution561

pass rate reaches 93.03%, and the visualization562

quality score is 59.36. The configuration us-563

ing Qwen3-8B achieves the second-best perfor-564

mance, whereas LLaMA3.1-8B exhibits compar-565

atively weaker overall results. Although the pro-566

posed multi-agent framework demonstrates sub-567

stantial improvements over existing methods, the568

metrics TVL.Acc, Aest.Acc, and Score still reflect569

the intrinsic difficulty of the NL2TrajVis task. Ex-570

isting models retain considerable room for improve-571

ment in accurately capturing user intent, as the task572

involves complex trajectory data queries with both573

temporal and spatial constraints, in addition to mod-574

eling users’ visual aesthetic preferences.575

6.2 Ablation Study576

In this section, we perform ablation experiments to577

assess the effectiveness of individual agents within578

the TrajVisAgent framework and their respective579

contributions. Specifically, we first evaluated the580

full framework with all agents enabled. Subse-581

quently, we conducted comparative analyses of the582

following configurations by systematically remov-583

ing individual agents: (a) Without the TVL Agent584

Setting TVL.Acc Aest.Acc Pass Score

TrajVLAgent 32.16% 54.96% 93.03% 59.36
- w/o TVL Agent 10.87% 27.28% 79.63% 43.99
- w/o Code Agent 31.48% 54.93% 89.42% 54.80
- w/o Visual Agent 30.84% 54.11% 93.96% 58.41

Table 3: Ablation results for each agent within TrajVis-
Agent based on GPT-5-mini.

(w/o TVL Agent); (b) Without the Code Agent (w/o 585

Code Agent); (c) Without the Visual Agent (w/o Vi- 586

sual Agent). Since TrajVisAgent achieves optimal 587

performance under the GPT-5-mini configuration, 588

all ablation experiments are conducted using GPT- 589

5-mini to ensure fair and consistent comparisons. 590

The experimental results presented in Table 3 591

highlight the critical contributions of the three 592

agents within the proposed framework. In partic- 593

ular, the TVL Agent, responsible for determining 594

the data logic required for visualization, played a 595

pivotal role. Removal of the TVL Agent leads to 596

a substantial drop in performance across TVL.Acc, 597

Aest.Acc, and Score, underscoring its central role 598

in accurately parsing user query intent. Moreover, 599

experimental results indicate that Code Agent and 600

Visual Agent play essential roles in generating exe- 601

cutable code and enhancing visualization quality, 602

respectively. Ablation of either agent individually 603

results in corresponding declines in Pass and Score, 604

confirming their respective contributions to code 605

reliability and visual effectiveness. 606

7 Conclusion 607

We introduce TrajVL 2.0, the most comprehensive 608

benchmark to date for NL2TrajVis, and the first 609

to explicitly incorporate user visualization pref- 610

erences. The dataset covers multiple application 611

domains and integrates a dynamic SQL genera- 612

tion framework with a scene-adaptive aesthetic at- 613

tribute generator, jointly addressing complex query 614

logic and users’ aesthetic intent. Building on this 615

benchmark, we propose TrajVisAgent, a multi- 616

agent collaborative framework that forms a closed- 617

loop pipeline from TVL generation and aesthetic 618

extraction to visualization code synthesis, error 619

correction, and visual feedback–driven refinement. 620

Extensive experiments demonstrate that TrajVis- 621

Agent consistently outperforms existing methods 622

in TVL.Acc, Aest.Acc, and Score. Future work will 623

focus on improving trajectory query efficiency and 624

further strengthening perceptual understanding and 625

feedback in intelligent visualization agents. 626
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Limitations627

Although TrajVL 2.0 and the TrajVisAgent frame-628

work provide comprehensive benchmarks and629

methodological support for the NL2TrajVis task,630

certain limitations remain. In scenarios with large-631

scale trajectory data, multi-table join queries im-632

pose substantial data retrieval overhead. The cur-633

rent framework has not been systematically opti-634

mized for query efficiency on large-scale trajec-635

tory data, which partially constrains the overall636

speed of visualization generation. In future work,637

it will be essential to enhance query and retrieval638

algorithms to ensure efficient data access and vi-639

sualization generation when handling large-scale640

trajectory datasets.641
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A More Implementation Details882

A.1 Generating SQL from TVL883

The system performs SQL conversion by parsing884

the underlying logical structure encoded in TVL,885

thereby enabling trajectory data queries. During886

this process, spatiotemporal constraints specified887

in TVL are dynamically mapped to the WHERE888

clause of the generated SQL query. For example,889

when TVL specifies the Area as “Mamers”, the890

Start Time (ST) as “2015-04-14 09:35:36”, and891

the End Time (ET) as “2017-03-27 06:20:53”, the892

resulting SQL follows the basic structure shown893

below: “FROM animal.circus_aeruginosus c JOIN894

boundaries b ON b.name = ’Mamers’ WHERE895

ST_Within(ST_SetSRID(ST_MakePoint(c.longitude,896

c.latitude), 4326), b.geom) AND datetime BE-897

TWEEN 2015-04-14 09:35:36 AND 2017-03-27898

06:20:53”. Based on these parameters, the system899

dynamically generates the corresponding SQL900

query to retrieve trajectory data, as illustrated in901

Figure 4.902

Figure 4: The mechanism for generating a data query
language from TVL.

A.2 Prompt for NLQ Generation903

904
### Task Description:905
You are an intelligent assistant. You will906
create three natural language queries (command,907
question, and caption) based on a given TVL908

and aesthetic preferences. Each query must909
incorporate all information from the TVL and910
aesthetic preferences without introducing extra911
elements.912

913
### TVL:914
{tvl}915

916
### TVL Structure: 917
Visualize [visualize] Area [area] ST [start 918
time] ET [end time] SELECT [COLUMNS] FROM [ 919
TABLES] [JOIN] [WHERE] [GROUP BY] [ORDER BY] 920

921
### Aesthetic Preferences: 922
{aesthetic_str} 923

924
### Rules (Apply to ALL) 925
1. Content Rules: 926
- Must ensure that the three generated natural 927
language queries naturally include **the place 928
name: {area}**. 929
- The time range (ST to ET) must be accurate to 930
the **second**. 931
- **Attention**: Must ensure that all WHERE 932
constraints in TVL must be included in the 933
three generated natural language queries 934
naturally ({where_clause}). 935
- If time range (ST to ET) in the TVL is "null", 936
DO NOT describe time at all. 937
- DO NOT include database names (e.g., "animal. 938
bassaricyon_alleni" , just mention the species). 939

940
941

2. Aesthetic Preferences Rules: 942
- MUST incorporate **all the map visualization 943
aesthetic preferences** naturally into each 944
query. 945
- If there are multiple tag colors, ALL colors 946
must be listed in sequence. 947
- Make it sound like a real user request, not a 948
technical specification. 949

950
3. Natural Language Rules: 951
- Sound fluent and natural, like real user 952
queries. 953
- Use natural, conversational language. 954
- Avoid overly technical or formal language. 955

956
### Step 1: Style-Specific Generation 957
For each of the three styles, generate **three 958
distinct variations** with clearly different 959
sentence openings and tone. 960

961
**1. Command-style (3 candidates):** 962
- Use strong, directive verbs (e.g., "Plot", " 963
Display", "Generate", "Create", "Render", "Show 964
", ...). 965
- Each variation must have a different phrasing 966
and sentence flow. 967

968
**2. Question-style (3 candidates):** 969
- Use natural question forms (e.g., "How can we 970
...", "What's the best way to...", "Can you 971
show...", ...). 972
- Ensure each question has a unique tone and 973
phrasing. 974

975
**3. Caption-style (3 candidates):** 976
- Use declarative/descriptive tone (e.g., " 977
Visualization of...", "Map view of...", "A time- 978
based plot of...", ...). 979
- Each variation must read like a caption or 980
figure title. 981

982
### Step 2: Internal Selection 983
After generating the 3 variations for each 984
style, **select the single most natural, fluent, 985
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and complete one** from each group as the986
final output.987

988
### Step 3: Output Format989
Return **exactly 3 final queries** (one per990
style) each already selected as the best from991
its internal group, one per line, in this992
format:993
1. [Command-style]994
2. [Question-style]995
3. [Caption-style]996

997
### Natural Language Queries (before generating,998
ensure that WHERE constraints are already999

included in each natural language query):10001001

A.3 Prompt for Data Check1002

1003
### Task Description:1004
You are a validation assistant. Your task is to1005
check whether this natural language query1006

accurately contains the core information1007
provided in a given TVL and its aesthetic1008
preferences.1009

1010
### Input Information1011
**TVL:**1012
{tvl}1013

1014
**Aesthetic Preferences:**1015
{aesthetic_str}1016

1017
**Core Information:**1018
1. Visualize: map1019
2. Area: {area}1020
3. Time Range: [{time_range['ST']}, {time_range1021
['ET']}]1022
4. {where_clause}1023
5. Aesthetic preferences: {aesthetic_str}1024

1025
**Natural Language Query:**1026
query_{query_index}: {nl_query}1027

1028
### Evaluation Rules1029
#### A query is **Valid** if:1030
1. It contains all **Core Information**:1031
- **map** (always required)1032
- **Area** (always required)1033
- **Time Range** (if present and not null)1034
- **WHERE constraints** (if present and not1035
null)1036
- **Aesthetic preferences** (always required)1037
2. It does **not** contain any **redundant1038
database or field names**.1039
3. All **Core Information** is accurate and1040
consistent.1041
4. Minor stylistic or wording differences are1042
acceptable if the meaning remains correct.1043

1044
#### A query is **Invalid** if:1045
- Any required element [map, Area, Time range (1046
ST to ET), WHERE constraints and Aesthetic1047
preferences (if applicable)] is missing.1048
- Any value among the required elements [map,1049
Area, Time range (ST to ET), WHERE constraints1050
and Aesthetic preferences (if applicable)] is1051
incorrect.1052

- It includes redundant or irrelevant database 1053
information. 1054
> Note: If a field (such as WHERE clause or 1055
Time Range) is **absent or null** in the TVL, ** 1056
do not penalize** the query for not mentioning 1057
it. 1058

1059
### Validation Task 1060

1061
For the query **query_{query_index}**: 1062

1063
1. Strictly follow the **Evaluation Rules** to 1064
determine its **Validity**: "Valid" or "Invalid 1065
". 1066
2. List any issues found: 1067
- **Missing Data:** Core Information not 1068
included. 1069
- **Incorrect Data:** Contains mismatched 1070
values. 1071
- **Redundant Data:** Contains prohibited 1072
database or field names. 1073
3. If the query is **Invalid**, provide a ** 1074
corrected version** that fixes only those 1075
issues. 1076
4. If the query is **Valid**, the ` 1077
corrected_query` field may be omitted. 1078

1079
### Output Format 1080
Return your validation results **only** in the 1081
following strict JSON structure: 1082
"`json 1083
{{ 1084
"validity": "Valid" or "Invalid", 1085
"issues": {{ 1086
"missing_data": ["list of missing items"], 1087
"redundant_data": ["list of redundant items 1088
"], 1089
"incorrect_data": ["list of incorrect items 1090
"] 1091

}}, 1092
"corrected_query": "If invalid, provide the 1093
corrected version of the query here. If valid, 1094
this field can be null or omitted." 1095

}} 1096
"` 1097

1098
### Provide your validation: 1099
(Please ensure that you have carefully reviewed 1100
and thoughtfully provided your verification 1101
results to ensure no omissions.) 11021103

B More Experimental Details 1104

B.1 Dataset Statistics 1105

This section details the key characteristics of the 1106

constructed dataset, including visualization types, 1107

spatio-temporal constraint complexity, and under- 1108

lying SQL structure. 1109

Distribution of Visualization Types. The 1110

dataset comprises 4,552 samples, covering six 1111

mainstream visualization formats. As shown in 1112

Figure 5a, given the domain characteristics of tra- 1113

jectory data, map-based visualizations account for 1114

the largest proportion, comprising 2,104 single- 1115
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(a) Visualization Chart Type
Distribution

(b) Granularity of Spatiotem-
poral Constraints

(c) SQL Structures

Figure 5: Key Statistics of TrajVL 2.0.

trajectory samples and 670 multi-trajectory sam-1116

ples. Additionally, to ensure the system’s general-1117

ization capabilities for common analytical tasks,1118

the dataset incorporates a balanced mix of line1119

charts (826 samples) and bar charts (348 samples),1120

pie charts (329 samples), and scatter plots (2751121

samples).1122

Spatio-temporal constraint granularity. A1123

core contribution of this dataset is the systematic1124

introduction of spatio-temporal constraints. Fig-1125

ure 5b illustrates the distribution of constraint di-1126

mensions: 2,110 samples feature complete spatio-1127

temporal constraints (covering Area, ST, and1128

ET), requiring models to accurately extract spatio-1129

temporal information; 1,191 samples contain only1130

spatial constraints (Area); and 1,251 samples lack1131

spatio-temporal constraints, serving as supplemen-1132

tary data for basic semantic query scenarios.1133

Data Query Structure. To investigate the1134

model’s performance across varying levels of logi-1135

cal complexity, Figure 5c illustrates the distribution1136

of SQL structures in single-table queries (3,018 in-1137

stances) and multi-table queries (1,534 instances).1138

The data encompasses diverse combinations of1139

WHERE filtering, GROUP BY aggregation, and1140

ORDER BY sorting.1141

B.2 Baselines 1142

• LLaMA3.1-8B: A autoregressive large lan- 1143

guage model released by Meta with approx- 1144

imately 8 billion parameters. It employs an 1145

optimized Transformer architecture and is pre- 1146

trained on over 15 trillion tokens from pub- 1147

licly available sources, supporting multilin- 1148

gual text generation and reasoning. The model 1149

extends the context window to 128K tokens, 1150

enabling it to handle tasks such as long-form 1151

text comprehension, multi-turn conversations, 1152

and complex logical reasoning. 1153

• Qwen3-8B: An open-source variant of the 1154

latest generation large language model in the 1155

Tongyi Qwen series, featuring approximately 1156

8.2 billion parameters and pre-trained using an 1157

autoregressive Transformer architecture. The 1158

model was trained on large-scale, multilingual 1159

corpora and supports seamless switching be- 1160

tween “thinking” and “non-thinking” modes, 1161

achieving a balance between complex logi- 1162

cal reasoning, code generation, and conversa- 1163

tional tasks. 1164

• GPT-5-mini: A proprietary large language 1165

model provided by OpenAI, designed to strike 1166

a good balance between reasoning capabil- 1167

ities, generation quality, and computational 1168

efficiency. Compared to larger models, GPT- 1169

5-mini significantly reduces inference over- 1170

head while maintaining high generation qual- 1171

ity, making it suitable as an experimental base- 1172

line model requiring efficient reasoning and 1173

consistent output. 1174

• CoML4Vis: A prompt-optimized NL2V 1175

framework proposed in the VisEval bench- 1176

mark, designed to evaluate and enhance large 1177

language models’ ability to generate visual- 1178

ization code. This framework takes natural 1179

language queries and tabular data as input to 1180

directly generate executable Python visualiza- 1181

tion code, serving as one of the core imple- 1182

mentation solutions in VisEval for systemati- 1183

cally evaluating LLMs’ visualization capabili- 1184

ties. 1185

• Chat2VIS: An end-to-end NL2VIS system 1186

based on pre-trained large language models, 1187

designed to directly convert free-form natural 1188

language queries into executable Python visu- 1189

alization code. Through carefully engineered 1190
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prompts that combine user queries with struc-1191

tured metadata from datasets, this method1192

guides the language model to autonomously1193

complete visualization type selection, data1194

field mapping, and chart generation.1195

• NVAgent: A multi-agent collaborative1196

NL2VIS framework designed to address com-1197

plex visualization demands in both single-1198

table and multi-table scenarios. By intro-1199

ducing three distinct language model agents1200

(Processor, Compiler, and Validator) with spe-1201

cialized functions, and integrating the inter-1202

mediate representation Visualization Query1203

Language (VQL), this method progressively1204

transforms complex natural language queries1205

into structured visualization specifications1206

and generates executable code. Leverag-1207

ing staged reasoning and iterative validation1208

mechanisms, NVAgent demonstrates high1209

accuracy and robustness in multi-table join1210

queries and complex logic modeling.1211

B.3 Evaluation Metrics1212

The evaluation metrics are formally defined as fol-1213

lows:1214

• Vis_Type Accuracy (Vis.Acc): This metric1215

evaluates the accuracy of visual components1216

generated by the model within TVL, measur-1217

ing the model’s ability to identify visualiza-1218

tion types. Its calculation formula is as fol-1219

lows:1220

Accvis =
Numvis

Num
(1)1221

Where Numvis represents the count of exact1222

match visualization type, Num represents the1223

total number of test set.1224

• Area Accuracy (Area.Acc): This metric eval-1225

uates the accuracy of the Area component1226

within TVLs generated by the model to re-1227

veal its performance in identifying geographic1228

area names. Its calculation formula is:1229

Accarea =
Numarea

Num
(2)1230

Where Numarea represents the count of exact1231

matching Area components, Num represents1232

the total number of test set.1233

• Time Accuracy (Time.Acc): This metric 1234

evaluates the accuracy of the temporal com- 1235

ponent in the TVL generated by the model, 1236

revealing its performance in identifying tem- 1237

poral information. Its calculation formula is 1238

as follows: 1239

Acctime =
Numtime

Num
(3) 1240

Where Numtime represents the count of exact 1241

matching Time components, Num represents 1242

the total number of test set. 1243

• SQL Accuracy (SQL.Acc): This metric eval- 1244

uates the accuracy of the model in generating 1245

critical SQL by parsing and comparing SQL 1246

query structures within TVL. Specifically, it 1247

eliminates interference through normalization 1248

and recursively compares SQL structures via 1249

parse trees. Its calculation formula is as fol- 1250

lows: 1251

Accsql =
Numsql

Num
(4) 1252

Where Numsql represents the count of exact 1253

matching SQL queries, Num represents the 1254

total number of test set. 1255

• TVL Accuracy (TVL.Acc): This metric eval- 1256

uates the accuracy of a model in generating 1257

complete TVL. Based on the structure of TVL, 1258

a model is considered to correctly generate 1259

TVL when it can accurately produce the Vis, 1260

Area, ST, ET, and SQL. The calculation for- 1261

mula is as follows: 1262

Acctvl =
Numtvl

Num
(5) 1263

Where Numtvl represents the count of exact 1264

match TVLs, Num represents the total num- 1265

ber of test set. 1266

• Pass Rate (Pass): This metric evaluates the 1267

code generation pass rate of the model, mea- 1268

suring the proportion of executable code gen- 1269

erated by the model relative to the total data. 1270

Its calculation formula is as follows: 1271

Accpass =
Numpass

Num
(6) 1272
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Where Numpass represents the total amount1273

of executable code, Num represents the total1274

number of test set.1275

• Aesthetic Accuracy (Aest.Acc): This metric1276

evaluates the model’s ability to recognize aes-1277

thetic attributes by calculating the proportion1278

of predicted aesthetic attributes that perfectly1279

match the ground truth (i.e., the percentage1280

of total matches relative to the original total1281

attributes) and taking the average. Its calcula-1282

tion formula is as follows:1283

Accaes =
1

N

N∑
i=1

Num(i)match

Num(i)attr
(7)1284

Where N denotes the total number of sam-1285

ples in the test set, Num(i)match represents1286

the number of aesthetic attributes whose pre-1287

dictions exactly match the ground truth for1288

the i-th sample, and Num(i)attr represents1289

the total number of ground-truth aesthetic at-1290

tributes for the i-th sample.1291

• Visualization Score (Score): This metric1292

evaluates the visual quality generated by the1293

model by assigning a score (0–100) to each vi-1294

sualization and ultimately taking the average.1295

When the model fails to successfully output1296

a visualization, the score is 0. Its calculation1297

formula is as follows:1298

Scorevis =
1

N

N∑
i=1

si (8)1299

Where N denotes the total number of samples1300

in the test set, and si ∈ [0, 100] represents the1301

visualization quality score of the i-th sample.1302

If the model fails to generate a valid visualiza-1303

tion for the i-th sample, then si = 0.1304

B.4 Implementation Details1305

In our experiments, we evaluate three large lan-1306

guage models, including two open-source models,1307

LLaMA3.1-8B and Qwen3-8B, as well as one pro-1308

prietary model, GPT-5-mini. To ensure a fair com-1309

parison across different methods, the number of1310

retrieved examples is fixed to 1-shot for all models.1311

During the generation phase, we set the temper-1312

ature of all language models to 0 to ensure the1313

stability of the reasoning process and the gener-1314

ated results, and we limit the maximum generation1315

length to 2048 tokens. During the visualization 1316

evaluation phase, we employ the multimodal large 1317

language model GLM-4.1V-9B-Thinking to assess 1318

the quality of generated visualizations and provide 1319

modification suggestions. Given that this stage in- 1320

volves understanding visual results and generating 1321

improvement directions, we set the model tempera- 1322

ture to 0.5 to avoid overly conservative evaluation 1323

outputs, thereby obtaining more comprehensive 1324

and informative feedback. 1325

B.5 Case Study 1326

Figure 6 illustrates an example of a natural lan- 1327

guage query and its corresponding TVL and aes- 1328

thetic attribute representation. The python code for 1329

visualization and the final visualization are shown 1330

in Figure 10 and Figure 7, respectively. We also 1331

presented examples of representative basic chart 1332

visualizations (Figure 8, Figure 11 and Figure 9). 1333

Additionally, we present the visual output results 1334

for natural language query from user, generated by 1335

our proposed TrajVisAgent framework and three 1336

baseline frameworks (Figure 12). The results indi- 1337

cate that since NVAgent was unable to successfully 1338

extract the visual intermediate representation, the 1339

visualization for map types ultimately only pro- 1340

duced error messages. The trajectory shapes visual- 1341

ized by Chat2VIS and CoML4Vis frameworks are 1342

correct, but they can only be displayed on charts, 1343

not on maps. These cases highlight the applicability 1344

and stable performance of our proposed framework 1345

on the NL2TrajVis task. 1346

Figure 6: An Example of natural language query for
map-type visualization and its corresponding TVL and
aesthetic attribute representations.

16



Figure 7: An example of generated map using TrajVis-
Agent.

Figure 8: An Example of natural language query for
chart-type visualization and its corresponding TVL and
aesthetic attribute representations.

B.6 Prompt Template for TVL Agent1347

1348
Given some [Examples], a [Database schema] and1349
a [Question], generate valid TVL (Trajectory1350
Visualization Language) sentences and the1351
Aesthetic Preference JSON.1352

1353
====================1354
## TASK OVERVIEW1355
Given:1356
- Examples1357
- Database Schema1358
- Question1359

1360
Your task:1361
1. Generate the final TVL sentences.1362
2. Generate the Aesthetic Preference JSON.1363

1364
====================1365
## Background1366
### The Structure of TVL:1367
Visualize [Visualization Type] Area [Geographic1368
Area] ST [Start Time] ET [End Time] SELECT [1369

COLUMNS] FROM [TABLES] [JOIN] [WHERE] [GROUP BY1370
] [ORDER BY] [LIMIT]1371

1372
### Key Elements:1373
1. Visualization Type:1374
Choose exactly one from: map, bar, pie, line,1375
scatter.1376
2. Geographic Area:1377
Extract geographic or regional information if1378
mentioned.1379
3. Time Range:1380
Extract start time (ST) and end time (ET).1381

Figure 9: An example of generated line chart using
TrajVisAgent.

Time format must be: YYYY-MM-DD HH:MM:SS. 1382
4. SQL Clauses: 1383
Use only necessary SQL clauses: 1384
SELECT, FROM, JOIN, WHERE, GROUP BY, ORDER BY, 1385
LIMIT. 1386

1387
==================== 1388
## Special Rules 1389
A. For bar, line, pie, scatter: 1390
- SELECT exactly two columns: X-axis and Y-axis. 1391
Y-axis should usually be an aggregated value. 1392

1393
B. Aggregation: 1394
- Use COUNT for counting records. 1395
- Use SUM only for numeric columns. 1396
- Use EXTRACT to derive month or other units 1397
from datetime. 1398

1399
C. Constraints: 1400
- Enclose string literals in single quotes. 1401
- SELECT must contain at least two columns. 1402
- Use only table and column names from the 1403
given schema. 1404
- If a column may contain NULL/None, filter 1405
using: 1406
WHERE <column> IS NOT NULL, or use JOIN if 1407
required. 1408
- GROUP BY must appear before ORDER BY. 1409

1410
==================== 1411
## Examples 1412
### PHASE 1 TVL Generation 1413

1414
{examples_prompt} 1415

1416
### PHASE 2 Aesthetic Preference (JSON) 1417

1418
{examples_aesthetic} 1419

1420
==================== 1421
## Database Schema: 1422
{db_schema} 1423

1424
==================== 1425
## Question: 1426
{query} 1427

1428
==================== 1429
## Output Format 1430
Final TVL: 1431

1432

17



Aesthetic Preference (JSON):1433
{{1434
"key": "value"1435

}}14361437

B.7 Prompt Template for Code Agent1438

1439
====================1440
## Task:1441
You are an expert specializing in data1442
visualization and Python. Your task is to fix a1443
segment of Python code that is causing errors.1444
Please systematically approach this task,1445

thinking through each step step by step.1446
1447

====================1448
## Query:1449
{query}1450

1451
====================1452
## Database Schema:1453
{db_info}1454

1455
====================1456
## Current Python Code:1457
{code}1458

1459
====================1460
## Error:1461
{error}1462

1463
====================1464
Now, please analyze and refine the Python code.1465
Provide:1466

1467
### Explanation1468

1469
### Corrected Python Code1470
```python1471

1472
```1473

1474
Remember:1475
- The code must be executable in a Python1476
environment.1477
- Ensure the visualization matches the1478
requirements of the original query.14791480

B.8 Prompt Template for Visual Agent1481

1482
===================1483
## Role1484
You are a seasoned data visualization and1485
Python development expert. Given a **User Query1486
**, **Current Code**, and the current **chart1487
image**, determine whether the chart faithfully1488
reflects the user's query. Focus solely on the1489
visual aesthetic requirements, there is no1490

need to focus on the data.1491
1492

===================1493
## Task1494
Your task is to provide guidance ensuring the1495
chart strictly meets the query requirements.1496
Deliver detailed steps for modifying the Python1497
code to enhance the chart.1498

1499

==================== 1500
## Analytical Framework 1501
1. **Intent Extraction:** Analyze the user 1502
query to identify key constraints: chart type, 1503
labels, titles, colors, and any other visual 1504
elements. 1505

1506
2. **Visual Audit:** Compare these constraints 1507
against the provided chart, documenting 1508
discrepancies between the user's aesthetic 1509
requirements and the current chart image. 1510

1511
3. **Solution:** Based on identified 1512
discrepancies, provide detailed step-by-step 1513
instructions guiding how to modify Python code 1514
to meet user query requirements. 1515

1516
4. **Optimization Recommendations:** Propose 1517
enhancements to improve visualization clarity, 1518
readability, and aesthetics while ensuring the 1519
primary goal remains fulfilling the user's 1520
specified needs. 1521

1522
=================== 1523
## User Query: 1524
{query} 1525

1526
=================== 1527
## Current Code: 1528
{code} 1529

1530
=================== 1531
## Output Format 1532
(Do not display the thought process, output 1533
only the final answer.) 1534

1535
1. Code Revision Guidelines: 1536

1537
2. Optimization Suggestions: 15381539
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Figure 10: An example of a python code module generated by TrajVisAgent.
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Figure 11: An example of a python code module generated by TrajVisAgent.
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Figure 12: Examples of visualization generated using different frameworks for natural language query.
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