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Abstract001

Urban transportation systems require precise002
modeling of dynamic spatiotemporal patterns003
across diverse tasks, such as traffic forecasting,004
electric vehicle (EV) charging demand predic-005
tion, and taxi dispatch. Existing approaches006
suffer from two key limitations: traditional007
deep learning models are task-specific and lack008
generalization capabilities, whereas Large Lan-009
guage Models (LLMs) struggle with structured010
spatiotemporal data and numerical reasoning.011
To bridge this gap, we propose TransLLM, a012
unified multi-task framework that synergizes013
spatiotemporal encoding with LLM reasoning014
through learnable prompt composition. To015
enable LLMs to perceive complex graph de-016
pendencies, we design a noise-augmented spa-017
tiotemporal encoder that projects structured sig-018
nals into the LLM’s embedding space. Further-019
more, to overcome the rigidity of fixed prompt020
templates in heterogeneous traffic scenarios,021
we introduce an instance-level prompt rout-022
ing mechanism trained via reinforcement learn-023
ing. The framework operates by encoding spa-024
tiotemporal patterns into contextual represen-025
tations, dynamically composing personalized026
prompts to guide LLM reasoning, and project-027
ing the resulting representations through spe-028
cialized output layers to generate task-specific029
predictions. Experiments on seven datasets and030
three tasks demonstrate that TransLLM outper-031
forms many baselines, showing superior adapt-032
ability in both supervised and zero-shot settings033
with excellent generalization and robustness. 1034

1 Introduction035

Urban transportation systems are the lifelines of036

modern cities, yet they are increasingly strained037

by growing travel demand, dynamic spatiotempo-038

ral patterns, and the pressing need for efficient039

resource management. Core tasks include traf-040

fic flow forecasting for congestion mitigation (Li041

1The source code is available in the anonymous repository
at https://anonymous.4open.science/r/TransLLM.

et al., 2018), EV charging demand prediction for 042

infrastructure planning (Yi et al., 2022), and taxi 043

dispatch optimization for balancing supply and de- 044

mand across regions (Yao et al., 2018). Although 045

these tasks differ in objectives and outputs, they are 046

coupled by shared mobility patterns and spatiotem- 047

poral dependencies (Zhang et al., 2017). This cou- 048

pling motivates a unified framework that can han- 049

dle heterogeneous spatiotemporal inputs and reuse 050

shared knowledge across transportation domains. 051

Traditional urban transportation studies were pre- 052

dominantly approached through handcrafted heuris- 053

tics and classical statistical models (Chen et al., 054

2011; Kumar, 2017; Smith et al., 2002). With 055

the advent of deep learning over the past decade, 056

spatiotemporal neural architectures—particularly 057

graph-based models—have emerged as the domi- 058

nant paradigm for urban mobility modeling (Guo 059

et al., 2019; Fang et al., 2021). For instance, 060

PDG2Seq (Fan et al., 2025) characterizes periodic 061

traffic dynamics via a dynamic graph-to-sequence 062

formulation, explicitly aligning temporal cycles 063

with multi-step forecasting. Despite their strong 064

performance within specific benchmarks, these 065

models are typically engineered for a single objec- 066

tive under a predefined input/target specification, 067

which limits knowledge transfer across heteroge- 068

neous transportation tasks and hinders the effective 069

utilization of auxiliary context (Yao et al., 2019). 070

Recently, large language models (LLMs) such as 071

GPT (Achiam et al., 2023) and LLaMA (Grattafiori 072

et al., 2024) provide a complementary capability: 073

they can represent, integrate, and condition on het- 074

erogeneous contextual information (e.g., temporal 075

descriptors, metadata, and domain text) through 076

a unified natural-language interface. However, 077

off-the-shelf LLMs are not designed for continu- 078

ous, structured spatiotemporal signals (Dziri et al., 079

2023). Converting real-valued traffic variables 080

into text requires discretization/tokenization, cre- 081

ating a tokenization mismatch that reduces nu- 082
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merical fidelity and weakens modeling of fine-083

grained spatiotemporal dependencies. Recent hy-084

brid paradigms have been proposed to bridge this085

mismatch. For example, UrbanGPT (Li et al.,086

2024) augments LLMs with a dedicated temporal087

encoder, while LLMLight (Lai et al., 2025) relies088

on task-specific prompt templates to steer decision-089

making. Nevertheless, existing designs are often090

constrained by fixed, task-wise prompting schemes091

and primarily target relatively simple prediction092

or classification settings, leaving open the need093

for a unified framework that (i) aligns structured094

spatiotemporal representations with LLMs and (ii)095

enables instance-adaptive prompting for diverse096

transportation tasks, including planning problems097

such as taxi dispatch (Mao et al., 2025).098

Despite recent progress, building a unified multi-099

task traffic modeling framework remains challeng-100

ing. First, multi-task transportation scenarios in-101

volve heterogeneous and structured spatiotempo-102

ral inputs (Wang et al., 2022) (e.g., traffic flow103

and geographic adjacency), which are difficult to104

express faithfully through a natural-language in-105

terface. Moreover, real-world sensing signals are106

frequently noisy and partially unreliable (e.g., de-107

tection errors), which can corrupt learned depen-108

dencies and degrade robustness, motivating noise-109

robust spatiotemporal representation learning. Sec-110

ond, even within a single task, input instances often111

exhibit substantial intra-task variability in temporal112

and spatial dynamics. As a result, fixed, task-wise113

prompting strategies are too coarse-grained to ac-114

commodate sample-level differences induced by115

regions, time periods, or contextual shifts. Third, a116

unified framework must support diverse task objec-117

tives and output formats while mitigating negative118

transfer and task interference, which complicates119

both generalization and robustness (Ruder, 2017).120

To align structured spatiotemporal signals with121

LLMs, we propose TransLLM, a unified multi-122

task framework that couples a noise-augmented123

spatiotemporal dependency encoder with LLM-124

based prompting. The encoder maps traffic ob-125

servations into compact embeddings that are in-126

jected into prompts as contextual tokens. To handle127

instance-level variability, TransLLM uses a learn-128

able prompt-routing mechanism to select and com-129

pose prompts per instance, avoiding fixed task-wise130

templates. For heterogeneous task objectives and131

output formats, we do not rely on the LLM to gen-132

erate predictions directly; instead, task-specific out-133

put heads project LLM-conditioned representations134

to task outputs. Overall, TransLLM follows an ef- 135

fective pipeline: encoding spatiotemporal context, 136

routing instance-adaptive prompts, and decoding 137

via multi-task heads. Our key contributions are: 138

• We propose TransLLM, a unified multi-task 139

framework that integrates spatiotemporal en- 140

coding with LLM-based prompting for trans- 141

portation forecasting and optimization. 142

• We develop a lightweight noise-augmented 143

spatiotemporal encoder with dilated temporal 144

convolutions and dual-adjacency graph atten- 145

tion for robust dependency modeling. 146

• We design a prompt-routing method trained 147

with reinforcement learning to adapt prompts 148

to sample characteristics. 149

• TransLLM provides a unified modeling ap- 150

proach across task types, from regression to 151

planning, and outperforms many baselines on 152

seven datasets over three tasks. 153

2 Related Work 154

Small-scale spatiotemporal prediction models. 155

Small-scale spatiotemporal prediction networks 156

typically combine temporal and spatial modeling 157

components. Early works like STGCN (Yu et al., 158

2018) and ASTGCN (Guo et al., 2019) use a "sand- 159

wich" architecture (TCN–GCN–TCN) to capture 160

spatiotemporal dependencies. More recent ap- 161

proaches, such as SHARE (Zhang et al., 2020), 162

incorporate dynamic node correlations via contex- 163

tual graph convolutions, while DyHSL (Zhao et al., 164

2023) models non-pairwise dependencies with hy- 165

peredges. On the temporal side, PDG2seq (Fan 166

et al., 2025) decomposes time into daily and weekly 167

components using GRU, and STGODE (Fang et al., 168

2021) employs dilated convolutions for long-range 169

temporal modeling. Despite these advancements, 170

most models are scenario-specific and heavily re- 171

liant on labeled data, limiting their generalizability 172

and scalability. 173

LLM and LLM-based models for traffic tasks. 174

Large language models have made significant 175

progress in recent years. Foundational models like 176

GPT and LLaMA provide a solid base for devel- 177

oping intelligent agents. Initially designed for text 178

understanding and generation, LLMs have been 179

applied to specialized domains such as code gener- 180

ation (Roziere et al., 2023), robotic control (Kim 181

et al., 2024), and biomedical information extrac- 182

tion (Luo et al., 2022). In traffic, LEAF (Zhao et al., 183
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Figure 1: The overall architecture of TransLLM.

2025) uses an LLM to guide model selection, Ur-184

banGPT (Li et al., 2024) enhances temporal model-185

ing with a time-series encoder, and LLMLight (Lai186

et al., 2025) applies imitation learning for traffic187

signal selection. However, these approaches use188

fixed templates and fail to adapt to instance-level189

variations. They are also limited to simple regres-190

sion or classification tasks, unable to generalize to191

more sophisticated planning scenarios.192

3 Preliminaries193

We consider two types of urban mobility tasks: (1)194

spatiotemporal forecasting, which includes both195

traffic flow and charging demand prediction, and196

(2) taxi dispatch optimization. For each task type,197

we describe the construction of the spatial graph,198

the representation of spatiotemporal data, and the199

task formulation.200

3.1 Spatiotemporal Forecasting201

Spatial Structure. The spatial domain is repre-202

sented as a graph G = (V, E ,A), where each node203

vi ∈ V corresponds to an urban monitoring site.204

Edges E capture spatial relationships through road205

connectivity or geographical proximity, and the206

adjacency matrix A ∈ RN×N encodes them.207

Spatiotemporal Data. Historical observations are208

encoded as a tensor X ∈ RK×N×F , where K is the209

number of historical time steps, N is the number210

of nodes, and F denotes the feature dimension,211

such as traffic volume, charging demand, or other212

auxiliary signals.213

Task Definition. Given past observations and spa-214

tial structure, the goal is to forecast future values215

over the next T steps for all nodes. Formally:216

[X̂t+1, . . . , X̂t+T ] = F
(
X[t−K+1:t],A

)
, (1)217

where F denotes the spatiotemporal forecasting218
model to be learned.219

3.2 Taxi Dispatch Optimization220

Spatial Structure. For the taxi dispatch optimiza-221

tion task, the urban area is partitioned into grids222

with a side length of 3 km, ensuring that vehicles 223

can reach neighboring grids within five minutes. 224

The grids are also represented as nodes in the graph 225

G = (V, E ,A). Edges E connect spatially adjacent 226

grids, and the adjacency matrix A ∈ RN×N cap- 227

tures the neighborhood relationships. 228

Spatiotemporal Data. At each decision step t, we 229

model three key variables for region vc and its eight 230

neighbors, forming a 3× 3 neighborhood N9(vc): 231

(1) the number of vacant taxis Xt
vc,v ∈ R1×9, 232

representing the available vehicles in vc and its 233

neighbors; (2) the predicted passenger demand 234

X
[t:t+1]
vc,d

∈ R1×9, indicating expected ride requests 235

during [t, t+ 1); (3) the predicted competing taxis 236

X
[t:t+1]
vc,c ∈ R1×9, denoting available competing 237

vehicles. We use K-step historical sequences 238

X
[t−K:t−1]
vc,d

and X
[t−K:t−1]
vc,c as inputs to a spatiotem- 239

poral encoder, which generates future predictions 240

for demand and competing taxis. 241

Task Definition. We model vehicle dispatching 242

as a localized resource optimization task, where 243

each decision reallocates vacant taxis from a central 244

region vc to its 3 × 3 neighborhood N9(vc). The 245

dispatching decision for region vc is defined as: 246

Dc = F
(
Xt0

v , X
[t0−K:t0−1]
d , X[t0−K:t0−1]

c ; A
)
, (2) 247

where Dc ∈ R1×9 denotes the dispatching propor- 248

tions from vc each region in N9(vc). 249

4 Methodology 250

In this section, we detail the components of 251

TransLLM, including the architecture of the spa- 252

tiotemporal encoder (ST-Encoder), the reinforce- 253

ment learning(RL)-based prompt personalization 254

process, the multi-task output layers, and the over- 255

all training mechanism. The overall architecture of 256

TransLLM is illustrated in Fig. 1. 257

4.1 Noise-Augmented Spatiotemporal 258

Dependency Modeling 259

To capture complex spatiotemporal dependen- 260

cies, we design a noise-augmented spatiotempo- 261
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ral encoder consisting of multiple spatial-temporal262

blocks. Each block follows a “sandwich” structure,263

defined as:264

H = TCN (GAT (TCN(X) + ϕ(V),A)) , (3)265

where TCN denotes a dilated Temporal Convolu-266

tional Network (Bai et al., 2018), GAT refers to a267

Graph Attention Network (Veličković et al., 2017),268

and ϕ(·) encodes node-level meta attributes V. We269

also include time-of-day and day-of-week encod-270

ings to capture periodic temporal patterns, helping271

the ST-Block model both spatial and temporal de-272

pendencies. To enhance robustness, we incorporate273

contrastive learning by adding Gaussian noise to274

the traffic flow features. Both the clean and noisy275

inputs are processed through the same encoder, pro-276

ducing two distinct embeddings that are compared277

using a contrastive loss, which maximizes their278

similarity. The ST-Encoder leverages two adja-279

cency matrices: a spatial adjacency matrix Asp,280

based on road connectivity or proximity, and a se-281

mantic matrix Ase, derived from Dynamic Time282

Warping (Berndt and Clifford, 1994) to capture283

functional similarity. The encoder processes these284

matrices to produce two representations, Hsp and285

Hse ∈ RT×N×D, which are concatenated to form286

the final representation Hf for downstream tasks.287

4.2 RL-based Prompt Personalization288

To dynamically select the most suitable prompt for289

each instance, we introduce a prompt routing mech-290

anism built upon an Actor–Critic reinforcement291

learning framework (Fan et al., 2019). We begin by292

outlining the construction of diverse prompt pools,293

followed by a description of how instance-specific294

routing actions are generated. Additionally, we de-295

tail the textual-spatiotemporal alignment strategy296

and the routing update mechanism.297

4.2.1 Diverse Prompt Pool Construction298

The effectiveness of the Prompt Router relies on a299

well-designed and diverse prompt candidate pool.300

As shown in Fig. 2, We construct this pool by parti-301

tioning the prompt into Nc distinct functional slots,302

each containing multiple candidate sentences with303

varying focus and context. For illustration, in the304

context of a spatiotemporal forecasting task, we305

define the following diverse slots:306

Historical spatiotemporal information: This slot307

captures varying temporal influences by providing308

historical traffic data at different granularities. For309

instance, it could include "traffic data from one310

hour ago" for short-term patterns or "data from311

Prompt Pool

…
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Reasoning & Output Format
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···
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Figure 2: Instance-wise prompt generation.

the same time on the previous day and week" to 312

account for daily and weekly trends. 313

Time Context: Given the strong periodicity in 314

traffic flow, such as daily peaks or holiday effects, 315

this slot defines the temporal context, including 316

the time of day, day of the week, and prediction 317

horizon. To enhance adaptability, we offer can- 318

didate sentences emphasizing different temporal 319

characteristics, like "uncovering periodic trends" or 320

"adjusting for rush hours," helping the model focus 321

on the most relevant temporal signals. 322

Spatiotemporal Encoding: To enable the lan- 323

guage model to interpret spatiotemporal features, 324

this slot uses placeholder tokens like ⟨HIS_EMB⟩, 325

which are replaced with embeddings from a spa- 326

tiotemporal encoder. Candidate sentences vary in 327

focus—some describe the full prediction dependen- 328

cies, while others highlight the interpretability of 329

intermediate representations to clarify the model’s 330

decision-making process. 331

Reasoning & Output Format: This slot defines 332

how LLM should generate predictions. All candi- 333

date sentences guide the model to produce a fore- 334

cast embedding using the ⟨PRE_EMB⟩ placeholder 335

token, but they differ in their reasoning approach. 336

Some instruct the model to reason through temporal 337

and spatial patterns step by step, improving inter- 338

pretability, while others leverage domain knowl- 339

edge to guide the forecast heuristically. 340

4.2.2 Routing Action Generation 341

To select appropriate sentences for each slot, we 342

use the spatiotemporal representation Hf gener- 343

ated by the ST-Encoder as input. The actor and 344

critic networks are implemented as two separate 345

MLPs. For each slot k, the actor network maps the 346

spatiotemporal representation Hf to a probability 347
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distribution πk over the candidate sentence options,348

while the critic network computes the expected re-349

ward vk to guide the actor’s training. The actor and350

critic functions for slot k are defined as:351

πk = Softmax(MLP(Hf )), Vk = MLP(Hf ). (4)352

An action ak is sampled from the distribution πk,353

and actions from all K slots are concatenated into354

a composite vector at = [a1, a2, . . . , aK ], which355

determines how the final prompt is constructed.356

4.2.3 Textual-Spatiotemporal Alignment.357

To align spatiotemporal signals with natural358

language input, we embed the encoded repre-359

sentations directly into the LLM’s input space360

via a token-based interface. The token se-361

quence ⟨st_start⟩, ⟨st_patch⟩×T , ⟨st_end⟩ replaces362

⟨HIS_EMB⟩ and ⟨PRE_EMB⟩, where T is the363

number of prediction steps and each ⟨st_patch⟩ cor-364

responds to a future time step. The spatiotemporal365

embeddings E ∈ RT×2D are then projected to the366

LLM’s hidden dimension dL via a linear layer, pro-367

ducing E′ ∈ RT×dL , which are inserted into the368

prompt by replacing the ⟨st_patch⟩ tokens.369

4.2.4 Reinforcement-Guided Routing Update370

To support diverse downstream tasks, the reward371

signal R̂ for training the prompt router is defined372

as either the prediction loss or task-specific met-373

rics such as taxi dispatch rewards, directly link-374

ing prompt quality to task performance. For each375

router, we apply a shared reward signal to evalu-376

ate all slots, enabling each slot to independently377

learn its optimal prompt routing policy through378

dedicated actor-critic networks. The optimization379

objectives for the actor and critic networks of slot380

k are defined as follows:381

L(k)
a = − log πk ·

(
R̂t − Vk

)
, L(k)

c =
(
R̂t − Vk

)2
. (5)382

4.3 Multi-task Output Layers383

To improve accuracy in handling continuous val-384

ues and prevent precision loss from token-level385

discretization, we avoid using the LLM to directly386

generate outputs, opting instead for task-specific387

output layers. These customized layers better align388

with the objective formats and evaluation metrics389

of different tasks, reducing interference from mis-390

matched output spaces.391

Spatiotemporal Forecasting: The predicted hid-392

den state from the LLM, denoted as Hf
′, and the393

spatiotemporal encoder, denoted as Hf , are each394

processed through separate MLPs. The resulting395

embeddings are then concatenated, and a final lin- 396

ear layer is applied to produce the final prediction. 397

Taxi Dispatch Optimization: For the dispatching 398

task, the goal is to generate a probability distri- 399

bution over the nine candidate regions in the 3×3 400

neighborhood surrounding the current location. To 401

achieve this, the hidden state from the ⟨st_patch⟩ 402

token is first passed through a linear layer. Then, a 403

softmax function is applied to normalize the output, 404

producing the dispatching probability distribution. 405

The resulting output represents the proportion of 406

vacant vehicles to be reallocated from the central 407

grid to its surrounding regions. 408

4.4 Training Mechanism 409

The entire training process is divided into three 410

stages. In stage 0, we train the encoder indepen- 411

dently to generate high-quality embeddings. Then, 412

we adopt a two-stage iterative training strategy: In 413

stage 1, we fine-tune the LLM using LoRA (Hu 414

et al., 2022) while keeping the Prompt Router 415

frozen; in stage 2, we train the Prompt Router while 416

freezing the LLM. In practice, a single alternation 417

is sufficient to achieve optimal performance. 418

4.5 Loss Function 419

During stage 0, the loss function is defined as the 420

weighted sum of the regression loss and the con- 421

trastive learning loss. In stages 1 and 2, we design 422

a composite loss function formulated as: 423

L = LLLM + λt · Lt, (6) 424

where LLLM denotes the standard cross-entropy 425

loss for LLM, Lt represents the task loss, and λt 426

is a weighting coefficient. For spatiotemporal fore- 427

casting task, we use the L1 loss as the regression 428

loss. For taxi dispatching task, we propose a multi- 429

objective reinforcement learning loss function: 430

Lt = Lrf + λw Lw + λe H(P̂ ), Lrf = −
9∑

g=1

Rg,

Lw =

9∑
g=1

∣∣∣C(P̂ )g − C(P )g

∣∣∣ , Rg = βMg − γDg,

(7) 431

where Lrf denotes the reinforcement learning loss 432

computed as the negative reward, Lw measures 433

the Wasserstein distance between predicted and 434

ground-truth distributions using cumulative distri- 435

bution functions C, and H(P̂ ) is an entropy regu- 436

larizer. The reward term Rg balances service ef- 437

ficiency and dispatch cost, where Mg represents 438

the matching rate in grid g and Dg is a predefined 439

distance penalty. λw, λe, β, and γ control the con- 440

tribution of each component. 441
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5 Experiment442

In this section, we comprehensively validate the443

effectiveness of TransLLM against three categories444

of baselines. Further zero-shot experiments are445

conducted to evaluate its generalizability across446

unseen scenarios. Additionally, we perform abla-447

tion studies and hyperparameter sensitivity analy-448

ses to verify the contributions of core components.449

Finally, we examine the behavior of the prompt450

router, which underscores the efficacy of instance-451

level prompting.452

5.1 Experimental Setup453

Datasets. To comprehensively evaluate the effec-454

tiveness of TransLLM across diverse transporta-455

tion tasks, we conduct experiments on five public456

datasets covering traffic forecasting, charging de-457

mand prediction, and vehicle dispatching. Specifi-458

cally, LargeST-SD (Liu et al., 2023) and PEMS08459

are used for traffic forecasting, ST-EVCDP (Qu460

et al., 2024) and UrbanEV (Li et al., 2025) for461

charging demand prediction, and Taxi-SH for taxi462

dispatching. Among these, UrbanEV has a tempo-463

ral resolution of one hour, while the others have464

a resolution of five minutes. More details are pro-465

vided in the Appendix A.466

Evaluation Metrics. For spatiotemporal fore-467

casting tasks, we employ the Mean Absolute Error468

(MAE) and the Root Mean Squared Error (RMSE)469

to quantify prediction accuracy. For taxi dispatch-470

ing, we introduce two metrics: Mean Matching471

Rate (MMR) for vehicle matching and Mean Driv-472

ing Distance (MDD) for dispatching costs. The473

metrics are formulated as:474

MMR =
1

N

N∑
i=1

(∑9
g=1 M̂i,g

Vi

)
,

MDD =
1

N

N∑
i=1

(
9∑

g=1

p̂i,g · Ci,g

)
,

(8)475

Here, M̂i,g is the predicted matched vehicles in476

region g for instance i; Vi represents the empty477

vehicles in the central region; p̂i,g is the predicted478

dispatch probability; and Ci,g denotes the prede-479

fined distance cost.480

Baselines. We conducted a thorough compari-481

son with thirteen baseline models to ensure a com-482

prehensive evaluation of our proposed approach.483

These baselines can be broadly categorized into484

three groups: (1) GNN-based Deep Learning Mod-485

els, (2) Generalist Large Language Models, and (3)486

Spatiotemporal Foundation Models, which include 487

prompt-enhanced spatiotemporal universal models 488

and graph-enhanced LLMs. For detailed descrip- 489

tions of these baselines, please see Appendix B. 490

Implementation Details. In our experimental 491

setup, the key hyperparameters are configured as 492

follows. The ST-Encoder is built by stacking 2 ST- 493

Blocks, with a final output dimension D of 64. The 494

Prompt Router is configured with 4 slots and 4 sen- 495

tences. For prediction tasks, we predict the next 12 496

steps of data based on the previous 12 steps. Both 497

the history length K and prediction length T are 498

set to 12. For the taxi dispatch task, we predict the 499

dispatch probabilities over nine grids. The model 500

is trained with a learning rate of 1× 10−4, and the 501

composite loss function balances objectives with 502

weights λt = 1.0, λw = 0.01, λe = 0.008, and 503

reward coefficients β = 2.0 and γ = 0.05. All ex- 504

periments are conducted over multiple independent 505

runs, and the mean performance is reported. 506

5.2 Overall Performance 507

Tab. 1 summarizes the overall results. Note that 508

UniST pretraining relies on masking the same fea- 509

ture, making it unsuitable for Taxi-SH with 3 input 510

features and 9 outputs features. According to the 511

table, we make the following observations: First, 512

TransLLM consistently outperforms all baselines 513

across the five datasets, demonstrating the effec- 514

tiveness of the framework. Moreover, the Llama3- 515

based variant performs better than the Vicuna- 516

based one, indicating the benefit of using a stronger 517

foundation model. Second, the performance gap 518

between model categories varies across datasets. 519

For example, the gain of TransLLM on ST-EVCDP 520

is smaller than on traffic flow datasets like PEMS08. 521

Our analysis indicates that ST-EVCDP has weaker 522

periodicity and higher volatility, as detailed in Ap- 523

pendix D, making it more challenging and narrow- 524

ing the performance differences across methods. 525

Thirdly, GNN-based models perform well in su- 526

pervised regression tasks but struggle with taxi dis- 527

patching tasks due to the complex nature of real- 528

time decision-making. Additionally, Gemini-3 out- 529

performs other generalist LLMs in traffic forecast- 530

ing, likely due to its native multimodal architecture 531

and enhanced pre-training on spatiotemporal data. 532

GPT-5.2 achieves the lowest MDD while maintain- 533

ing a relatively high MMR. However, this isn’t 534

necessarily optimal. For both drivers and passen- 535

gers, MMR is the most critical metric. Compared 536
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Traffic Forecasting Charging Demand Prediction Taxi Dispatching

Models LargeST-SD PEMS08 ST-EVCDP UrbanEV Taxi-SH

MAE ↓ RMSE ↓ MAE ↓ RMSE ↓ MAE ↓ RMSE ↓ MAE ↓ RMSE ↓ MMR(%) ↑ MDD ↓

GNN-based Deep Learning Models

STGCN 13.93 26.10 10.30 14.77 2.11 3.64 3.02 5.30 19.10 5.80
DGCRN 11.46 24.63 10.45 14.47 1.71 4.46 3.04 5.47 18.89 3.60

ASTGCN 12.34 25.09 10.17 14.48 1.85 3.45 3.32 5.81 19.91 3.96
D2STGNN 11.72 25.18 8.89 12.72 1.39 2.56 2.65 4.59 18.66 3.50
GWNET 13.43 26.42 9.26 12.90 1.45 2.65 2.57 4.27 19.29 3.49
STGODE 11.83 24.63 9.18 13.16 1.50 2.73 2.66 4.53 19.26 3.47
PDG2seq 12.16 25.02 9.54 13.53 1.46 2.93 3.33 7.38 18.92 3.49

Generalist Large Language Models

Deepseek-v3 39.25 52.28 23.41 30.26 2.13 4.73 4.60 9.02 16.10 4.09
GPT-5.2 31.12 42.78 18.72 25.51 2.28 5.05 4.51 8.93 19.03 3.12
Gemini-3 10.92 22.97 11.25 16.02 2.22 4.28 5.38 10.51 17.64 3.27

Spatiotemporal Foundation Models

PromptST 13.42 26.52 9.08 12.55 1.63 3.31 2.74 4.65 18.66 3.52
UniST 12.64 25.28 9.52 12.86 2.58 3.95 3.37 5.36 - -

ST-LLM+ 12.27 25.24 9.53 13.35 1.74 3.33 3.00 4.84 19.25 3.51
Urbangpt 11.28 23.17 10.23 13.53 2.09 5.86 2.65 6.12 19.46 3.21

TransLLM(vicuna) 10.98 21.42 7.88 11.33 1.39 2.73 2.13 5.25 24.46 3.15
TransLLM(llama3) 9.41 16.78 7.26 10.68 1.26 2.16 1.78 3.87 24.78 3.25

Table 1: Performance comparison across baseline models. Bold: Best, underline: Second best, Double underline: Third best.

PEMS03 PEMS04

Models MAE ↓ RMSE ↓ MAE ↓ RMSE ↓

Small-scale GNN-based Deep Learning Models

STGCN 57.43 64.74 39.08 49.93
DGCRN 58.05 61.86 29.60 39.30

ASTGCN 80.23 88.66 45.02 54.65
D2STGNN 63.17 66.65 30.92 39.23
GWNET 55.51 59.21 27.06 33.46
STGODE 73.54 81.98 64.33 77.18
PDG2seq 88.07 101.10 55.88 69.15

Generalist LLMs

Deepseek-v3 25.15 38.28 37.79 55.83
GPT-5.2 25.49 38.25 36.58 53.86
Gemini-3 23.62 36.14 27.75 43.71

Spatiotemporal Foundation Models

PromptST 40.15 54.45 59.03 65.36
UniST 43.12 53.27 57.13 70.60

ST-LLM+ 50.31 54.58 30.55 37.48
Urbangpt 23.27 37.58 41.52 69.76

TransLLM 18.92 30.27 28.69 47.27

Table 2: Zero-shot performance on PEMS03 and PEMS04.

to GPT-5.2, TransLLM adopts a more proactive537

dispatching strategy, improving MMR by over 5%538

with only a 0.1 km increase in travel distance.539

5.3 Zero-shot Scenarios Performance540

To evaluate TransLLM’s performance in a zero-541

shot scenario, we train on PEMS08 and evalu-542

ate on PEMS03 and PEMS04, which were not543

R
M

SE

M
A

E

R
M

SE

LargeST-SD LargeST-SD ST-EVCDP ST-EVCDP

w/o STE TransLLM

M
A

E

w/o PR&LLM w/o NC,PR&LLM

Static Prompt Random Routing Learnable Prompt

Figure 3: Ablation study results on LargeST-SD and ST-
EVCDP datasets.

seen during training. We observe that language- 544

based methods yield noticeably larger gains on 545

the PEMS03 dataset, whereas on PEMS04 their 546

performance becomes comparable to other mod- 547

els. This may be due to the difference in distri- 548

bution similarity: PEMS04 resembles the training 549

dataset PEMS08 more closely, with average traf- 550

fic volumes of 226.13 and 230.68 and peak val- 551

ues of 896.0 and 1147.0 respectively. In contrast, 552

PEMS03 has a lower mean flow of 149.52 but a 553

much sharper peak at 1852.0, reflecting a stronger 554

distribution shift. Because the language model 555

is trained with relatively limited data, its ability 556

to generalize under this distribution shift is con- 557

strained, reducing potential gains on PEMS04. De- 558

spite this challenge, TransLLM still demonstrates 559

competitive performance across all methods. 560

5.4 Ablation Study 561

To investigate the impact of individual modules on 562

the overall performance, we evaluated TransLLM 563
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Figure 4: Effect of number of candidate sentences per slot
Nc on LargeST-SD and ST-EVCDP datasets.
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Figure 5: Effect of number of ⟨st_patch⟩ tokens Np on
LargeST-SD and UrbanEV datasets.

variants by removing or replacing key components:564

the ST-Encoder, LLM, and Prompt Router module.565

Fig. 3 presents the ablation results on the LargeST-566

SD and ST-EVCDP datasets.567

Effect of ST-encoder. As shown in Fig. 3, remov-568

ing the ST-Encoder (w/o STE) causes a significant569

drop in performance, demonstrating that the ST-570

Encoder effectively processes complex spatiotem-571

poral patterns, providing the LLM with reliable572

non-textual spatiotemporal information.573

Effect of Large language model. Note that once574

the LLM is ablated, the Prompt Router becomes575

non-trainable. Therefore, the variant without both576

the Prompt Router and the LLM (w/o PR&LLM)577

retains only the ST-Encoder. Further, the variant578

w/o NC,PR&LLM, additionally removes the noise579

augmentation and contrastive learning modules.580

These modifications lead to a substantial drop in581

performance, highlighting the importance of the582

LLM’s capacity in handling traffic-related tasks.583

Effect of Prompter Router. We tested three al-584

ternatives for the Prompt Router module: static585

prompts, random routing, and learnable prompts.586

Static prompts use a fixed prompt for each in-587

stance, random routing selects a prompt randomly588

from the pool, and learnable prompts concate-589

nate a differentiable embedding before the fixed590

prompt. All three alternatives performed worse591

than the Prompt Router, demonstrating that dy-592

namic, instance-specific prompts are crucial for593

unlocking the LLM’s full potential.594

5.5 Parameter Sensitivity595

To investigate how hyperparameters affect596

TransLLM’s performance, we vary two key597

settings: the number of candidate sentences598

per slot Nc and the number of spatiotemporal599

Slot 2

Top 2

Top 3

Top 4

Top 1

Slot 1 Slot 3 Slot 4

(a) ST-EVCDP
Slot 2Slot 1 Slot 3 Slot 4

(b) PEMS08

Sentence 1 Sentence 2 Sentence 3 Sentence  4

Figure 6: Sentence selection frequency per slot. The size of
the circles represents the selection frequency of each sentence.

feature tokens Np. As shown in Fig. 4, increasing 600

Nc does not yield monotonic gains—excessive 601

candidates introduce redundancy, while too few 602

limit diversity, with the optimal configuration 603

being four candidates on LargeST-SD and two 604

on ST-EVCDP. Meanwhile, Fig. 5 shows that 605

performance generally improves as Np increases, 606

with the best results obtained when the token count 607

matches the prediction horizon. Shorter token 608

sequences fail to capture sufficient context and 609

degrade prediction accuracy. 610

5.6 Prompt Routing Behavior Analysis 611

To further examine how the Prompt Router behaves 612

in practice, we visualize the selection frequency of 613

candidate sentences in each slot during inference 614

on the ST-EVCDP and PEMS08 datasets, as shown 615

in Fig. 6. The distribution is clearly non-uniform, 616

indicating that the router does not rely on a single 617

fixed template but instead selects different prompts 618

based on input characteristics. The variation across 619

slots and datasets reflects differences in spatiotem- 620

poral patterns and suggests that the router adapts its 621

choices according to instance-level context rather 622

than following a fixed rule. 623

6 Conclusion 624

In this work, we present TransLLM, a unified 625

framework that integrates spatiotemporal modeling 626

with large language models for urban transportation 627

tasks. Key contributions include a novel design that 628

connects noise-augmented spatiotemporal encoders 629

with LLMs through structured embeddings, and 630

a learnable prompt composition mechanism with 631

instance-level routing for dynamic personalization. 632

Extensive experiments across seven datasets show 633

strong performance in both supervised and zero- 634

shot settings, demonstrating excellent generaliza- 635

tion and cross-task adaptability. 636
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7 Limitations637

Due to computational resource constraints, we eval-638

uate TransLLM on two base LLMs (Llama-8B and639

Vicuna-7B). While these models provide a repre-640

sentative testbed, we have not yet conducted a sys-641

tematic study with larger-scale LLMs.642

8 Ethical Considerations643

This study is based entirely on open-access datasets644

curated for research applications. It does not in-645

volve human subject interaction, nor does it process646

any personal or sensitive information. All data han-647

dling respects their respective licenses and ACL648

code of ethics.649
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A Dataset Details855

We train both TransLLM and the baseline models856

on five datasets, covering three types of tasks: traf-857

fic forecasting, charging demand prediction, and858

vehicle dispatching. LargeST-SD is a subset of859

the LargeST dataset (Liu et al., 2023), containing860

traffic flow records from 716 loop detectors on high-861

ways in San Diego County, spanning from January862

1 to December 31, 2021. Pems08 includes traffic863

data from 170 sensors in California, collected be-864

tween July 1 and August 31, 2016. ST-EVCDP (Qu865

et al., 2024) is a charging demand dataset collected866

from 247 areas in Shenzhen between June 19 and867

July 18, 2022, while UrbanEV (Li et al., 2025)868

captures large-scale charging behavior across ur-869

ban regions from September 1, 2022 to February870

28, 2023. For the vehicle dispatching task, we use871

the Taxi-SH dataset, which contains GPS trajec-872

tories of taxis in Shanghai from April 13 to April873

19, 2015. The city is divided into 3 km × 3 km874

grids, and we aggregate the number of vacant taxis,875

passenger demand, and competing vehicles at 5-876

minute intervals. In addition, we evaluate the mod-877

els under a zero-shot setting on two previously878

unseen datasets, PEMS03 and PEMS04, to assess879

their generalization capabilities. Among these, Ur-880

banEV has a temporal resolution of one hour, while881

the others have a resolution of five minutes. All882

datasets used are available under their respective883

open-source licenses. We confirm that all artifacts884

used in this work are for research purposes, consis-885

tent with their intended use.886

We perform temporal splits for each dataset. For887

all small-scale baseline models, the first 30% of888

each dataset is used for training. Due to the higher889

computational cost of training TransLLM, we em-890

ploy a reduced training subset. For instance, only891

4 days of data from Large-SD and 24 days from892

UrbanEV are used to train TransLLM. For eval-893

uation, we extract a test set of N × 12 samples894

from each dataset, where N is the number of nodes,895

ensuring that all samples are drawn from unseen896

time periods. To assess generalization under zero-897

shot settings, we evaluate on two previously unseen898

datasets, PEMS03 and PEMS04, by extracting 2899

hours of data from 170 nodes in each. This node900

count is aligned with PEMS08 to ensure architec-901

tural compatibility, as several baseline models hard-902

code the number of nodes into their design, making903

them unsuitable for varying node configurations.904

B Baselines Details 905

We conducted a thorough comparison with ten base- 906

line models to ensure a comprehensive evaluation 907

of our proposed approach. These baselines can be 908

broadly categorized into three groups: 909

1. Small-scale GNN-based Deep Learning Mod- 910

els. These models are developed specifically for 911

spatiotemporal forecasting and are trained in an 912

end-to-end manner on individual datasets. They 913

typically rely on carefully designed architectures 914

that integrate graph-based spatial encoders with 915

temporal modeling components. Representative 916

examples includes: 917

• STGCN (Yu et al., 2018): It combines graph 918

and gated temporal convolutions to capture 919

spatial-temporal patterns in traffic data. 920

• DGCRN (Li et al., 2023): This framework 921

uses hyper-networks to generate dynamic 922

graphs at each time step and integrates them 923

with static topology to model time-varying 924

traffic correlations. 925

• ASTGCN (Guo et al., 2019): It employs spa- 926

tial and temporal attention mechanisms to fo- 927

cus on salient dependencies across time and 928

space. 929

• D2STGNN (Shao et al., 2022): This frame- 930

work decouples diffusion and inherent traffic 931

signals and learns dynamic graphs to represent 932

evolving traffic structures more accurately. 933

• GWNET (Wu et al., 2019): This model learns 934

an adaptive adjacency matrix and applies di- 935

lated convolutions to uncover hidden spatial 936

relations and long-range temporal trends. 937

• STGODE (Fang et al., 2021): It leverages 938

neural ordinary differential equations and se- 939

mantic adjacency to jointly capture spatial- 940

temporal dynamics. 941

• PDG2Seq (Fan et al., 2025): This method 942

models periodic traffic patterns using a dy- 943

namic graph-to-sequence framework that 944

aligns temporal cycles with future trend pre- 945

diction. 946

2. Generalist Large Language Models (LLMs). 947

These models, including Deepseek-v3, GPT-5.2 948

and Gemini-3 are not specifically trained for spa- 949

tiotemporal or transportation tasks. We evalu- 950

ate them in a zero-shot setting without any task- 951

specific tuning. 952

11



0 200 400 600 800 1000 1200
Periodicity Score (FFT Peak / Mean)

0

5

10

15

20

25
No

de
 C

ou
nt

Shenzhen (247 nodes)
PeMS08 (170 nodes)

Figure 7: Periodicity Score Distribution of Charging and
Traffic Datasets

3. Spatiotemporal Foundation Models. This953

category leverages large-scale heterogeneous spa-954

tiotemporal data and pre-training to enable broad955

generalization across diverse scenarios, exem-956

plified by PromptST (Zhang et al., 2023) and957

UniST (Yuan et al., 2024). We also include LLM-958

based architectures that incorporate structured spa-959

tiotemporal priors, such as ST-LLM+ (Liu et al.,960

2025) and UrbanGPT (Li et al., 2024).961

• PromptST (Zhang et al., 2023): It introduces962

a spatiotemporal transformer model for pre-963

diction by utilizing parameter-sharing training964

and spatiotemporal prompt tokens.965

• UniST (Yuan et al., 2024): It proposes a uni-966

versal solution for urban spatiotemporal pre-967

diction by integrating four masking strategies968

for pre-training and prompt learning to handle969

diverse scenarios.970

• ST-LLM+ (Liu et al., 2025): It enhances traf-971

fic prediction with graph-based attention to972

capture spatiotemporal dependencies, using973

partially frozen graph attention and a LoRA-974

augmented training strategy for fine-tuning.975

• UrbanGPT (Li et al., 2024): It enhances976

LLMs for urban forecasting by incorporating977

a temporal encoder that explicitly models pe-978

riodic patterns and time dependencies in struc-979

tured urban data.980

C Comparison of PEMS08 and981

ST-EVCDP Dataset Characteristics982

PEMS08 represents a typical road traffic flow983

dataset, whereas ST-EVCDP represents a charging984

demand dataset. These two types of spatiotemporal985

data exhibit distinct characteristics. Charging de-986

mand shows weaker periodicity and greater volatil-987

ity than traffic flow data. We conduct a Fourier-988

based periodicity analysis by computing the ratio989

of the dominant FFT peak to the average signal am- 990

plitude (i.e. FFT Peak/Mean) for each node. As 991

shown in Fig. 7, the periodicity scores for Shen- 992

zhen’s 247 charging nodes are significantly lower 993

and more dispersed than those of PeMS08’s 170 994

traffic sensors. This indicates that while traffic ex- 995

hibits strong and regular daily or weekly cycles, 996

charging behavior is influenced by more irregular 997

human and behavioral factors. 998

D Additional Parameter Sensitivity 999

Analysis 1000

To further validate the robustness of TransLLM, 1001

we conduct supplementary parameter sensitivity 1002

analyses on three additional datasets: PEMS08, 1003

UrbanEV (or ST-EVCDP), and Taxi-SH. As illus- 1004

trated in Fig. 8, the performance across all three 1005

datasets exhibits a consistent U-shaped trend with 1006

respect to the number of candidate sentences per 1007

slot Nc. Specifically, the model achieves its optimal 1008

performance at Nc = 4 for all datasets. Regard- 1009

ing the number of ⟨st_patch⟩ tokens Np shown in 1010

Fig. 9, we observe a steady improvement in pre- 1011

diction accuracy for PEMS08 and ST-EVCDP as 1012

Np increases. And the model achieves its optimal 1013

performance when the number of tokens matches 1014

the prediction horizon, indicating that a perfectly 1015

aligned token-to-step granularity is crucial for cap- 1016

turing temporal dependencies. Similarly, for the 1017

taxi dispatch task, a larger Np contributes to a 1018

higher MMR; although this comes at the cost of a 1019

slight increase in MMD, it is considered an accept- 1020

able trade-off to prioritize dispatching efficiency. 1021

E Training Costs and Real-Time 1022

Deployment Efficiency 1023

We present the training and inference costs of 1024

TransLLM. Using the ST-EVCDP dataset as an 1025

example, which consists of 278k training sam- 1026

ples, training takes approximately 24 hours on an 1027

NVIDIA A100 GPU with 32 GB of memory. The 1028

average inference time per sample is 1,170 ms, 1029

compared to 913 ms for UrbanGPT. The additional 1030

latency in TransLLM is due to the use of a Graph 1031

Attention Network for modeling spatial relation- 1032

ships, while UrbanGPT lacks this spatial modeling 1033

component. Each TransLLM request involves ap- 1034

proximately 339 input tokens and 47 output tokens, 1035

making it suitable for real-time city-scale applica- 1036

tions. The RL routing computation adds 36.77 ms 1037

per sample, with the overall inference time still 1038
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Figure 9: Effect of number of ⟨st_patch⟩ tokens Np on PEMS08, ST-EVCDP and Taxi-SH datasets.

remaining within practical limits for large-scale,1039

real-time deployment.1040

F Case Study1041

In this section, we assess the effectiveness of dif-1042

ferent large models on a representative traffic flow1043

forecasting instance. The detailed input informa-1044

tion and the corresponding model responses are1045

summarized in Table 3. Notably, the ’personalized1046

prompt’ is dynamically generated by our Prompt1047

Router for this specific instance. Notably, gener-1048

alist LLMs like Deepseek-v3 and GPT-5.2, while1049

capable of parsing the instructions, demonstrate sig-1050

nificant limitations. Deepseek-v3 failed to capture1051

the correct temporal patterns, producing a forecast1052

that deviates substantially from the ground truth.1053

GPT-5.2 adopts a more conservative approach, pro-1054

ducing an overly smooth forecast that misses the1055

inherent volatility. Although UrbanGPT success-1056

fully captures the inherent volatility and the overall1057

downward trend, its predictive accuracy is notably1058

lower than that of TransLLM.1059
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Table 3: Response Comparison of Different Models on a Specific Traffic Flow Forecasting Instance

Input Prompt Given the historical data for traffic flow over 12 time steps at a highway traffic monitoring point,
the recorded traffic flow values are [62 67 60 83 81 55 50 56 52 64 41 37]. The recording time of the historical
data is ’November 25, 2021, 23:00, Thursday to November 25, 2021, 23:55, Thursday, with data points recorded
at 5-minute intervals’. To capture spatial and temporal dependencies, a spatiotemporal convolution model is
utilized to encode the historical traffic data as embeddings <ST_EMB>. Now we want to predict the traffic flow
for the next 12 time steps during the time period of ’November 26, 2021, 00:00, Friday to November 26, 2021,
00:55, Friday, with data points recorded at 5-minute intervals’. Please analyze the traffic patterns in this region,
taking into account the provided historical data, time encoding, and spatiotemporal embeddings, and generate
the predictive tokens for regression in the form "<ST_PRE>".

Personalized Prompt ’Using traffic flow recorded one hour ago [62, 67, 60, 83, 81, 55, 50, 56, 52, 64, 41,
37], we examine recent short-term variations to identify immediate trends. With this historical context in mind,
the model will generate a 12-step forecast beginning at November 26, 2021, 00:00, Friday to November 26,
2021, 00:55, Friday, incorporating 5-minute resolution to synthesize both rapid changes and gradual trends. In
order to better understand the early dynamics of traffic flow, we incorporate 12 spatiotemporal embeddings that
correspond to future time intervals: <ST_EMB>. Please reason step-by-step through both temporal patterns and
spatial influences. After that, generate the predicted traffic volume for the next 12 time intervals using the token
<ST_PRE>.

Ground Truth Based on the given historical traffic flow data, time encoding, and spatiotemporal embeddings,
the predictive tokens for the traffic flow in this region are:[45, 43, 41, 44, 36, 28, 29, 33, 28, 27, 35, 33].

Deepseek-v3 Responds: To analyze the traffic patterns and generate predictive tokens for the next 12 time steps,
letś break down the problem step-by-step...Based on the above, the predicted traffic flow for the next 12 steps (in
5-minute intervals) is:[58, 62, 59, 78, 79, 54, 49, 54, 50, 62, 40, 36]...

GPT-5.2 Responds: Step 1. Analyze the historical traffic flow...Step 2. Incorporate temporal features... Predict
next 12 time steps: [59, 61, 59, 60, 63, 66, 70, 75, 68, 62, 57, 54]...

UrbanGPT Responds: Based on the given historical traffic flow data, time encoding, and spatiotemporal
embeddings, the predictive tokens for the traffic flow in this region are: [52, 50, 49, 47, 47, 44, 44, 41, 41, 38, 38,
37].

TransLLM Responds: Based on the given historical traffic flow data, time encoding, and spatiotemporal
embeddings, the predictive tokens for the traffic flow in this region are [49, 47, 38, 42, 33, 32, 33, 29, 29, 28, 29,
31].
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