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Abstract

Urban transportation systems require precise
modeling of dynamic spatiotemporal patterns
across diverse tasks, such as traffic forecasting,
electric vehicle (EV) charging demand predic-
tion, and taxi dispatch. Existing approaches
suffer from two key limitations: traditional
deep learning models are task-specific and lack
generalization capabilities, whereas Large Lan-
guage Models (LLMs) struggle with structured
spatiotemporal data and numerical reasoning.
To bridge this gap, we propose TransLLM, a
unified multi-task framework that synergizes
spatiotemporal encoding with LLM reasoning
through learnable prompt composition. To
enable LLMs to perceive complex graph de-
pendencies, we design a noise-augmented spa-
tiotemporal encoder that projects structured sig-
nals into the LLM’s embedding space. Further-
more, to overcome the rigidity of fixed prompt
templates in heterogeneous traffic scenarios,
we introduce an instance-level prompt rout-
ing mechanism trained via reinforcement learn-
ing. The framework operates by encoding spa-
tiotemporal patterns into contextual represen-
tations, dynamically composing personalized
prompts to guide LLM reasoning, and project-
ing the resulting representations through spe-
cialized output layers to generate task-specific
predictions. Experiments on seven datasets and
three tasks demonstrate that TransLLM outper-
forms many baselines, showing superior adapt-
ability in both supervised and zero-shot set-
tings with excellent generalization and robust-
ness. Our code and data are available at https:
//github.com/lengjiaming/TransLLM.

1 Introduction

Urban transportation systems are the lifelines of
modern cities, yet they are increasingly strained
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by growing travel demand, dynamic spatiotempo-
ral patterns, and the pressing need for efficient
resource management. Core tasks include traf-
fic flow forecasting for congestion mitigation (Li
et al., 2018), EV charging demand prediction for
infrastructure planning (Yi et al., 2022), and taxi
dispatch optimization for balancing supply and de-
mand across regions (Yao et al., 2018). Although
these tasks differ in objectives and outputs, they are
coupled by shared mobility patterns and spatiotem-
poral dependencies (Zhang et al., 2017). This cou-
pling motivates a unified framework that can han-
dle heterogeneous spatiotemporal inputs and reuse
shared knowledge across transportation domains.

Traditional urban transportation studies were pre-
dominantly approached through handcrafted heuris-
tics and classical statistical models (Chen et al.,
2011; Kumar, 2017; Smith et al., 2002). With
the advent of deep learning over the past decade,
spatiotemporal neural architectures—particularly
graph-based models—have emerged as the domi-
nant paradigm for urban mobility modeling (Guo
et al., 2019; Fang et al., 2021). For instance,
PDG2Seq (Fan et al., 2025) characterizes periodic
traffic dynamics via a dynamic graph-to-sequence
formulation, explicitly aligning temporal cycles
with multi-step forecasting. Despite their strong
performance within specific benchmarks, these
models are typically engineered for a single objec-
tive under a predefined input/target specification,
which limits knowledge transfer across heteroge-
neous transportation tasks and hinders the effective
utilization of auxiliary context (Yao et al., 2019).

Recently, large language models (LLMs) such
as GPT (OpenAl, 2025) and LLaMA (Team, 2024)
provide a complementary capability: they can
represent, integrate, and condition on heteroge-
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neous contextual information (e.g., temporal de-
scriptors, metadata, and domain text) through a uni-
fied natural-language interface. However, off-the-
shelf LLMs are not designed for continuous, struc-
tured spatiotemporal signals (Dziri et al., 2023).
Converting real-valued traffic variables into text
requires discretization/tokenization, creating a tok-
enization mismatch that reduces numerical fidelity
and weakens modeling of fine-grained spatiotem-
poral dependencies. Recent hybrid paradigms
have been proposed to bridge this mismatch. For
example, UrbanGPT (Li et al., 2024) augments
LLMs with a dedicated temporal encoder, while
LLMLight (Lai et al., 2025) relies on task-specific
prompt templates to steer decision-making. Never-
theless, existing designs are often constrained by
fixed, task-wise prompting schemes and primar-
ily target relatively simple prediction or classifi-
cation settings, leaving open the need for a uni-
fied framework that (i) aligns structured spatiotem-
poral representations with LLMs and (ii) enables
instance-adaptive prompting for diverse transporta-
tion tasks, including planning problems such as
taxi dispatch (Mao et al., 2025).

Despite recent progress, building a unified multi-
task traffic modeling framework remains challeng-
ing. First, multi-task transportation scenarios in-
volve heterogeneous and structured spatiotempo-
ral inputs (Wang et al., 2020) (e.g., traffic flow
and geographic adjacency), which are difficult to
express faithfully through a natural-language in-
terface. Moreover, real-world sensing signals are
frequently noisy and partially unreliable (e.g., de-
tection errors), which can corrupt learned depen-
dencies and degrade robustness, motivating noise-
robust spatiotemporal representation learning. Sec-
ond, even within a single task, input instances often
exhibit substantial intra-task variability in temporal
and spatial dynamics. As a result, fixed, task-wise
prompting strategies are too coarse-grained to ac-
commodate sample-level differences induced by
regions, time periods, or contextual shifts. Third, a
unified framework must support diverse task objec-
tives and output formats while mitigating negative
transfer and task interference, which complicates
both generalization and robustness.

To align structured spatiotemporal signals with
LLMs, we propose TransLLM, a unified multi-
task framework that couples a noise-augmented
spatiotemporal dependency encoder with LLM-
based prompting. The encoder maps traffic ob-
servations into compact embeddings that are in-

jected into prompts as contextual tokens. To handle
instance-level variability, TransLLLM uses a learn-
able prompt-routing mechanism to select and com-
pose prompts per instance, avoiding fixed task-wise
templates. For heterogeneous task objectives and
output formats, we do not rely on the LLM to gen-
erate predictions directly; instead, task-specific out-
put heads project LLM-conditioned representations
to task outputs. Overall, TransLLM follows an ef-
fective pipeline: encoding spatiotemporal context,
routing instance-adaptive prompts, and decoding
via multi-task heads. Our key contributions are:

* We propose TransLLLM, a unified multi-task
framework that integrates spatiotemporal en-
coding with LLM-based prompting for trans-
portation forecasting and optimization.

* We develop a lightweight noise-augmented
spatiotemporal encoder with dilated temporal
convolutions and dual-adjacency graph atten-
tion for robust dependency modeling.

* We design a prompt-routing method trained
with reinforcement learning to adapt prompts
to sample characteristics.

* TransLLM provides a unified modeling ap-
proach across task types, from regression to
planning, and outperforms many baselines on
seven datasets over three tasks.

2 Related Work

GNN-based Spatiotemporal Prediction Models.
GNN-based spatiotemporal prediction networks
typically combine temporal and spatial modeling
components. Early works like STGCN (Yu et al.,
2018) and ASTGCN (Guo et al., 2019) use a
"sandwich" architecture to capture spatiotempo-
ral dependencies. More recent approaches, such
as SHARE (Zhang et al., 2020), incorporate dy-
namic node correlations via contextual graph con-
volutions, while DyHSL (Zhao et al., 2023) models
non-pairwise dependencies with hyperedges. On
the temporal side, PDG2seq (Fan et al., 2025) de-
composes time into daily and weekly components
using GRU, and STGODE (Fang et al., 2021) em-
ploys dilated convolutions for long-range tempo-
ral modeling. Despite these advancements, most
models are scenario-specific and heavily reliant
on labeled data, limiting their generalizability and
scalability.

LLM and LLM-based Models for Traffic Tasks.
Large language models have made significant
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progress in recent years. Foundational models
like GPT (OpenAl, 2025) and LLaMA (Team,
2024) provide a solid base for developing intelli-
gent agents. Initially designed for text understand-
ing and generation, LLMs have been applied to
specialized domains such as code generation (Roz-
iere et al., 2023), robotic control (Kim et al., 2024),
recommendation systems (Wang et al., 2025) and
biomedical information extraction (Wu et al., 2025).
In the transportation domain, LEAF (Zhao et al.,
2025) uses an LLLM to guide model selection, Ur-
banGPT (Li et al., 2024) enhances temporal model-
ing with a time-series encoder, and LLMLight (Lai
et al., 2025) applies imitation learning for traffic
signal selection. However, these approaches use
fixed templates and fail to adapt to instance-level
variations. They are also limited to simple regres-
sion or classification tasks, fail to generalize to
more sophisticated planning scenarios.

3 Preliminaries

We consider two types of urban mobility tasks: (1)
spatiotemporal forecasting, which includes both
traffic flow and charging demand prediction, and
(2) taxi dispatch optimization. For each task type,
we describe the construction of the spatial graph,
the representation of spatiotemporal data, and the
task formulation.

3.1 Spatiotemporal Forecasting

Spatial Structure. The spatial domain is repre-
sented as a graph G = (V, €, A), where each node
v; € V corresponds to an urban monitoring site.
Edges & capture spatial relationships through road
connectivity or geographical proximity, and the
adjacency matrix A € RY*Y encodes them.
Spatiotemporal Data. Historical observations are
encoded as a tensor X € REXNXF where K is the
number of historical time steps, N is the number
of nodes, and F' denotes the feature dimension,
such as traffic volume, charging demand, or other
auxiliary signals.

Task Definition. Given past observations and spa-
tial structure, the goal is to forecast future values
over the next T steps for all nodes. Formally:

XL X = F (X[““L”,A) o

where F denotes the spatiotemporal forecasting
model to be learned.

3.2 Taxi Dispatch Optimization

Spatial Structure. For the taxi dispatch optimiza-
tion task, the urban area is partitioned into grids
with a side length of 3 km, ensuring that vehicles
can reach neighboring grids within five minutes.
The grids are also represented as nodes in the graph
G = (V,&,.A). Edges £ connect spatially adjacent
grids, and the adjacency matrix A € RV*N cap-
tures the neighborhood relationships.
Spatiotemporal Data. At each decision step ¢, we
model three key variables for region v, and its eight
neighbors, forming a 3 x 3 neighborhood Ny (v.):
(1) the number of vacant taxis X!, € R, rep-
resenting the available vehicles in v, and its neigh-
bors ; (2) the predicted passenger demand Xf)m 4 €
R'*9 indicating expected ride requests; (3) the
predicted competing taxis Xf,c,c € RY™9, denot-
ing available competing vehicles. We use K-step
historical sequences ch_,f 1 and XK g
inputs to a spatiotemporal encoder, which gener-
ates future predictions for demand and competing
taxis.
Task Definition. We model vehicle dispatching as
a localized resource optimization task, where each
decision reallocates vacant taxis from the central
region v, to its 3 x 3 neighborhood Ny(v.). The
dispatching decision for region v, is defined as:
D = F (X4, 0, XU XU ) @
where D, € R'*? denotes the dispatching propor-
tions from v, to each region in Ny (v.).

4 Methodology

In this section, we detail the components of
TransLLM, including the architecture of the spa-
tiotemporal encoder (ST-Encoder), the reinforce-
ment learning (RL)-based prompt personalization
process, the multi-task output layers, and the over-
all training mechanism. The overall architecture of
TransLLM is illustrated in Fig. 1.

4.1 Noise-Augmented Spatiotemporal
Dependency Modeling

To capture complex spatiotemporal dependencies,
we design a noise-augmented spatiotemporal en-
coder consisting of multiple spatiotemporal blocks.
Each block follows a “sandwich” structure, defined
as:

H = TCN (GAT (TCN(X) + ¢(V), A)), 3)
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Figure 1: The overall architecture of TransLLM.

where TCN denotes a dilated Temporal Convolu-
tional Network (Bai et al., 2018), GAT refers to a
Graph Attention Network (Velickovi¢ et al., 2017),
and ¢(+) encodes node-level meta attributes V. We
also include time-of-day and day-of-week encod-
ings to capture periodic temporal patterns, helping
the ST-Encoder model both spatial and temporal
dependencies. To enhance robustness, we incorpo-
rate contrastive learning by adding Gaussian noise
to the traffic flow features. Both the clean and
noisy inputs are processed through the same en-
coder, producing two distinct embeddings that are
compared using a contrastive loss, which maxi-
mizes their similarity. The ST-Encoder leverages
two adjacency matrices: a spatial adjacency ma-
trix Asp, based on road connectivity or proximity,
and a semantic matrix A, derived from Dynamic
Time Warping (Berndt and Clifford, 1994) to cap-
ture functional similarity. The encoder processes
these matrices to produce two representations, Hy,
and H,, € RTXNXD wwhich are concatenated to
form the final representation H¢ for downstream
tasks.

4.2 RL-based Prompt Personalization

To dynamically select the most suitable prompt for
each instance, we introduce a prompt routing mech-
anism built upon an Actor—Critic reinforcement
learning framework (Fan et al., 2019). We begin by
outlining the construction of diverse prompt pools,
followed by a description of how instance-specific
routing actions are generated. Additionally, we de-
tail the textual-spatiotemporal alignment strategy
and the routing update mechanism.

4.2.1 Diverse Prompt Pool Construction

The effectiveness of the Prompt Router relies on a
well-designed and diverse prompt candidate pool.
As shown in Fig. 2, we construct this pool by parti-
tioning the prompt into K distinct functional slots,
each containing NN, candidate sentences with vary-

Prompt Pool ST-Embedding
History Traffic Linear ¢
1. ...one hour ago... Projector
N¢. ...one hour ago , the same time yesterday and last R *
s
Time Context |
‘ i lVaIue
! (®

2. ...synthesize both rapid changes and gradual trends... ‘ D )

““ LLM @ Actor

Prompt Router
las,az, -v-v“k]lActicn

¥

N¢. ...adjusting for time-of-day effects like rush hours...

Spatio-temporal Encoding \ T
1. ...use <HIS_EMB> to capture overall dependencies \

ane ¢ Prompt Pool
2. ...early-stage <HIS_EMB> reveals initial dynamics...

slot 1: > <O <O O

&
=
q
2[52@0 00
e e =

Slot 3:
1. ... through overall trends, generate <PRE_EMB>... = A A A A

2. ..analyze fluctuations and produce < PRE_EMB>.. | ~  eseese

ia’ SIotk:OOOO

N,. ... <HIS_EMB> embed all 12 predicted intervals with
dedicated representations...

Figure 2: Instance-wise prompt generation.

ing focus and context. For illustration, in the con-
text of a spatiotemporal forecasting task, we define
the following diverse slots:

Historical spatiotemporal information: This slot
captures varying temporal influences by providing
historical traffic data at different granularities. For
instance, it could include "traffic data from one
hour ago" for short-term patterns or "data from
the same time on the previous day and week" to
account for daily and weekly trends.

Time Context: Given the strong periodicity in
traffic flow, such as daily peaks or holiday effects,
this slot defines the temporal context, including
the time of day, day of the week, and prediction
horizon. To enhance adaptability, we offer can-
didate sentences emphasizing different temporal
characteristics, like "uncovering periodic trends" or
"adjusting for rush hours," helping the model focus
on the most relevant temporal signals.
Spatiotemporal Encoding: To enable the lan-
guage model to interpret spatiotemporal features,
this slot uses placeholder tokens like (HIS_EMB),
which are replaced with embeddings from a spa-
tiotemporal encoder. Candidate sentences vary in
focus—some describe the full prediction dependen-
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cies, while others highlight the interpretability of
intermediate representations to clarify the model’s
decision-making process.

Reasoning & Output Format: This slot defines
how the LLM should generate predictions. All
candidate sentences guide the model to produce a
forecast embedding using the (PRE_EMB) place-
holder token, but they differ in their reasoning ap-
proach. Some instruct the model to reason through
temporal and spatial patterns step by step, improv-
ing interpretability, while others leverage domain
knowledge to guide the forecast heuristically.

4.2.2 Routing Action Generation

To select appropriate sentences for each slot, we
use the spatiotemporal representation Hy gener-
ated by the ST-Encoder as input. The actor and
critic networks are implemented as two separate
MLPs. For each slot k, the actor network maps the
spatiotemporal representation Hy to a probability
distribution 7y over the candidate sentence options,
while the critic network computes the expected re-
ward V}, to guide the actor’s training. The actor and
critic functions for slot k are defined as:

7 = Softmax(MLP(H¢)), Vi =MLP(H¢). (4)

An action ay, is sampled from the distribution 7,
and actions from all K slots are concatenated into
a composite vector a; = [a1, a2, ..., ax], which
determines how the final prompt is constructed.

4.2.3 Textual-Spatiotemporal Alignment

To align spatiotemporal signals with natural
language input, we embed the encoded repre-
sentations directly into the LLM’s input space
via a token-based interface.  The token se-
quence (st_start), {st_patch)*T" (st_end) replaces
(HIS_EMB) and (PRE_EMB), where T is the
number of prediction steps and each (st_patch) cor-
responds to a future time step. The spatiotemporal
embeddings E € RT*2P are then projected to the
LLM’s hidden dimension df, via a linear layer, pro-
ducing E' € RT*% which are inserted into the
prompt by replacing the (st_patch) tokens.

4.2.4 Reinforcement-Guided Routing Update

To support diverse downstream tasks, the reward
signal R for training the prompt router is defined
as either the prediction loss or task-specific met-
rics such as taxi dispatch rewards, directly link-
ing prompt quality to task performance. For each
router, we apply a shared reward signal to evalu-
ate all slots, enabling each slot to independently

learn its optimal prompt routing policy through
dedicated actor-critic networks. The optimization
objectives for the actor and critic networks of slot
k are defined as follows:

£¥ = _logmy - (Rt - vk) . L® = (Rt - Vk)2. (5)

4.3 Multi-task Output Layers

To improve accuracy in handling continuous val-
ues and prevent precision loss from token-level
discretization, we avoid using the LLM to directly
generate outputs, opting instead for task-specific
output layers. These customized layers better align
with the objective formats and evaluation metrics
of different tasks, reducing interference from mis-
matched output spaces.

Spatiotemporal Forecasting: The predicted hid-
den state from the LLM, denoted as H¢’, and the
spatiotemporal encoder, denoted as Hg, are each
processed through separate MLPs. The resulting
embeddings are then concatenated, and a final lin-
ear layer is applied to produce the final prediction.
Taxi Dispatch Optimization: For the dispatching
task, the goal is to generate a probability distribu-
tion over the nine candidate regions in the 3 x 3
neighborhood surrounding the current location. To
achieve this, the hidden state from the (st_patch)
token is first passed through a linear layer. Then, a
softmax function is applied to normalize the output,
producing the dispatching probability distribution.
The resulting output represents the proportion of
vacant vehicles to be reallocated from the central
grid to its surrounding regions.

4.4 Training Mechanism

The entire training process is divided into three
stages. In stage 0, we train the encoder indepen-
dently to generate high-quality embeddings. Then,
we adopt a two-stage iterative training strategy: In
stage 1, we fine-tune the LLM using LoRA (Hu
et al., 2022) while keeping the Prompt Router
frozen; in stage 2, we train the Prompt Router while
freezing the LLM. In practice, a single alternation
is sufficient to achieve optimal performance.

4.5 Loss Function

During stage 0, the loss function is defined as the
weighted sum of the regression loss and the con-
trastive learning loss. In stages 1 and 2, we design
a composite loss function formulated as:

L=Lrrm~+ A - Ly, (6)
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where L1 denotes the standard cross-entropy
loss for LLM, L; represents the task loss, and A;
is a weighting coefficient. For the spatiotemporal
forecasting task, we use the L1 loss as the regres-
sion loss. For taxi dispatching task, we propose a
multi-objective reinforcement learning loss func-
tion:

Lo=Lof+ Mo Luw+ AH(P), Lyg=-) Ry,

. @)
Lo :Z’C(P)Q_C(P)g ; Rg=BMg—~Dy,

g=1

where L,y denotes the reinforcement learning loss
computed as the negative reward, £,, measures
the Wasserstein distance between predicted and
ground-truth distributions using cumulative distri-
bution functions C, and H(P) is an entropy regu-
larizer. The reward term R, balances service ef-
ficiency and dispatch cost, where M, represents
the matching rate in grid g and D, is a predefined
distance penalty. A, Ae, 3, and v control the con-
tribution of each component.

5 Experiment

In this section, we comprehensively validate the
effectiveness of TransLLM against three categories
of baselines. Furthermore, zero-shot experiments
are conducted to evaluate its generalizability across
unseen scenarios. Additionally, we perform abla-
tion studies and hyperparameter sensitivity analy-
ses to verify the contributions of core components.
Finally, we examine the behavior of the Prompt
Router, which underscores the efficacy of instance-
level prompting.

5.1 Experimental Setup

Datasets. To evaluate the effectiveness of
TransLLLM across diverse transportation tasks, we
conduct experiments on five public datasets cov-
ering traffic forecasting, charging demand predic-
tion, and taxi dispatching. Specifically, LargeST-
SD (Liu et al., 2023) and PEMSO08 are used for
traffic forecasting, ST-EVCDP (Qu et al., 2024)
and UrbanEV (Li et al., 2025) for charging de-
mand prediction, and Taxi-SH for taxi dispatching.
Among these, UrbanEV has a temporal resolution
of 1 hour, while the others have a resolution of 5
minutes. More details are provided in Appendix A.

Evaluation Metrics. For spatiotemporal fore-
casting tasks, we employ the Mean Absolute Error

(MAE) and the Root Mean Squared Error (RMSE)
to quantify prediction accuracy.

1

M=

=

MAE = —  — Uil
N 2 lyi — Uil
®
1 N
RMSE = > (yi — )
i=1

For taxi dispatching, we introduce two metrics:
Mean Matching Rate (MMR) for vehicle matching
and Mean Driving Distance (MDD) for dispatching
costs. The metrics are formulated as:

N 9 -
1 Z:lMi,g
MMR = == =
> (E5).

9
( ﬁivg ' Ci,g) I
g=1

Here, ]\wa is the predicted matched vehicles in
region g for instance i; V; represents the empty
vehicles in the central region; p; 4 is the predicted
dispatch probability; and C; , denotes the prede-
fined distance cost.

=

i=1

N ©)
MDD — Z

=1

=

Baselines. We conducted a thorough compar-
ison with fifteen baseline models to ensure a
comprehensive evaluation of our proposed ap-
proach. These baselines can be broadly catego-
rized into three groups: (1) GNN-based Deep
Learning Models, such as STGCN (Yu et al,
2018), DGCRN (Li et al., 2023), ASTGCN (Guo
et al., 2019), D?STGNN (Shao et al., 2022),
GWNET (Wu et al., 2019), STGODE (Fang et al.,
2021) and PDG2seq (Fan et al., 2025); (2) Gener-
alist Large Language Models, including Deepseek-
v3 (DeepSeek-Al, 2024), GPT-5.2 (OpenAl, 2025)
and Gemini-3 (Google DeepMind, 2025); and
(3) Spatiotemporal Foundation Models, which in-
clude prompt-enhanced spatiotemporal universal
models like UrbanDiT (Yuan et al., 2024b), Fac-
toST (Zhong et al.), PromptST (Zhang et al., 2023)
and UniST (Yuan et al., 2024a), as well as graph-
enhanced LLMs such as ST-LLM+ (Liu et al.,
2025) and UrbanGPT (Li et al., 2024). For de-
tailed descriptions of these baselines, please see
Appendix B.

Implementation Details. In our experimental
setup, the key hyperparameters are configured as
follows. The ST-Encoder is built by stacking 2 ST-
Blocks, with a final output dimension D of 64. The
Prompt Router is configured with 4 slots and 4 sen-
tences. For prediction tasks, we predict 12 future

26033



| Traffic Forecasting

Charging Demand Prediction Taxi Dispatching

Models \ LargeST-SD PEMSO08 ST-EVCDP UrbanEV Taxi-SH
|MAE | RMSE | |MAE | RMSE | [MAE | RMSE | |MAE | RMSE | |MMR(%)1 MDD |
GNN-based Deep Learning Models
STGCN 1393  26.10 | 1030 14.77 2.11 3.64 3.02 5.30 19.10 5.80
DGCRN 1146 2463 | 1045 1447 1.71 4.46 3.04 5.47 18.89 3.60
ASTGCN 12.34  25.09 | 10.17 1448 1.85 3.45 332 5.81 19.91 3.96
DZSTGNN 11.72  25.18 8.89 12.72 1.39 2.56 2.65 4.59 18.66 3.50
GWNET 1343 2642 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 19.26 347
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 5228 | 2341 3026 2.13 4.73 4.60 9.02 16.10 4.09
GPT-5.2 31.12 4278 | 18.72  25.51 2.28 5.05 4.51 8.93 19.03 3.12
Gemini-3 1092 2297 | 11.25 16.02 222 4.28 5.38 10.51 17.64 3.27
Spatiotemporal Foundation Models
UrbanDiT 15.02 2827 | 1245 17.37 1.51 3.06 3.26 5.65 19.88 3.44
FactoST 14.66  28.12 | 10.17  15.06 1.31 2.60 2.29 3.98 20.52 3.46
PromptST 1342 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+ 1227 2524 9.53 13.35 1.74 3.33 3.00 4.84 19.25 3.51
UrbanGPT 11.28  23.17 | 1023  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.

time steps based on a 12-step historical sequence.
Both the history length K and prediction length T°
are set to 12. For the taxi dispatch task, we pre-
dict the dispatch probabilities over nine grids. The
model is trained with a learning rate of 1 x 1074,
and the composite loss function balances objectives
with weights A\; = 1.0, A, = 0.01, A = 0.008,
and reward coefficients 8 = 2.0 and v = 0.05. All
experiments are conducted over multiple indepen-
dent runs, and the mean performance is reported.

5.2 Overall Performance

Tab. 1 summarizes the overall results. Note that
UniST pretraining relies on masking the same fea-
ture, making it unsuitable for Taxi-SH with 3 input
features and 9 outputs features. According to the
table, we make the following observations: First,
TransLLM consistently outperforms all baselines
across the five datasets, demonstrating the effec-
tiveness of the framework. Moreover, the Llama3-
based variant performs better than the Vicuna-
based one, indicating the benefit of using a stronger
foundation model. Second, the performance gap
between model categories varies across datasets.
For example, the gain of TransLLM on ST-EVCDP
is smaller than that on traffic flow datasets like

PEMSO08. Our analysis indicates that ST-EVCDP
has weaker periodicity and higher volatility, as de-
tailed in Appendix C, making it more challenging
and narrowing the performance differences across
methods. Third, GNN-based models perform well
in supervised regression tasks but struggle with
taxi dispatching tasks due to the complex nature of
real-time decision-making. Additionally, Gemini-3
outperforms other generalist LLMs in traffic fore-
casting, likely due to its native multimodal architec-
ture and enhanced pre-training on spatiotemporal
data. GPT-5.2 achieves the lowest MDD but at the
cost of matching performance. It is important to
note that, in the taxi dispatching task, MMR is the
most critical metric, as it reflects the probability
of successful passenger—driver matching, whereas
MDD measures the dispatching cost. Proactive
dispatching inevitably incurs higher costs, while
conservative strategies tend to keep many vehicles
within their original grids, thereby reducing MMR.
We find that the relatively low MDD of GPT-5.2
stems from its limited ability to perceive and re-
spond to real-time demand and vehicle availability.
By focusing primarily on cost constraints, it adopts
a conservative dispatching policy. Although this
reduces travel distance, it comes at the expense
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| PEMSO03 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
UrbanDiT 48.58 64.28 26.76 32.14
FactoS 56.41 61.95 25.43 31.75
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.

of matching performance. In contrast, TransLLM
employs a more proactive dispatching strategy, im-
proving MMR by over 5% with only a marginal
increase of 0.1 km in travel distance.

5.3 Zero-shot Scenarios Performance

To evaluate TransLLM’s performance in a zero-
shot scenario, we train on PEMSO08 and evaluate
on PEMS03 and PEMSO04, which were not seen
during training. We observe that language-based
methods yield noticeably larger gains on PEMS03,
whereas on PEMS04 their performance becomes
comparable to other models. This may be due to the
difference in distribution similarity: PEMS04 re-
sembles the training dataset PEMS08 more closely,
with average traffic volumes of 226.13 and 230.68
and peak values of 896.0 and 1147.0 respectively.
In contrast, PEMSO03 has a lower mean flow of
149.52 but a much sharper peak at 1852.0, re-
flecting a stronger distribution shift. TransLLM
demonstrates strong zero-shot performance on the
PEMSO03 dataset, while it does not achieve the best
results on the PEMS04 dataset. One possible rea-
son is that the LLM backbone is fine-tuned with a
relatively limited amount of data—approximately
one-tenth of that used by other spatiotemporal foun-
dation models without LLM components. Such a
data constraint reduces the relative potential gains

[ w/o STE [ w/o PR&LLM [ w/o NC,PR&LLM [ETransLLM
[ Static Prompt 1 Random Routing [ Learnable Prompt
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Figure 3: Ablation study results on LargeST-SD and
ST-EVCDP datasets.

on datasets like PEMS04, which are more similar
to the fine-tuning dataset PEMSO0S.

5.4 Ablation Study

To investigate the impact of individual modules on
the overall performance, we evaluated TransLLM
variants by removing or replacing key components:
the ST-Encoder, LLM, and Prompt Router modules.
Fig. 3 presents the ablation results on the LargeST-
SD and ST-EVCDP datasets.

Effect of ST-Encoder. As shown in Fig. 3, remov-
ing the ST-Encoder (w/o STE) causes a significant
drop in performance, demonstrating that the ST-
Encoder effectively processes complex spatiotem-
poral patterns, providing the LLLM with reliable
non-textual spatiotemporal information.

Effect of the Large Language Model and noise
augmentation mechanism. Note that once the
LLM is ablated, the Prompt Router becomes non-
trainable. Therefore, the variant without both
the Prompt Router and the LLM (w/o PR&LLM)
retains only the ST-Encoder. Furthermore, the
w/0 NC,PR&LLM variant additionally removes
the noise augmentation and contrastive learning
modules, leading to a further performance decline.
These modifications result in a substantial drop in
performance, highlighting both the effectiveness
of the noise-enhanced contrastive learning design
and the importance of the LLM’s capacity in traffic-
related tasks.

Effect of Prompter Router. We tested three al-
ternatives for the Prompt Router module: static
prompts, random routing, and learnable prompts.
Static prompts use a fixed prompt for each instance,
random routing selects a prompt randomly from
the pool, and learnable prompts prepend a dif-
ferentiable embedding to the fixed prompt. All
three alternatives performed worse than the Prompt
Router, demonstrating that dynamic, instance-
specific prompts are crucial for unlocking the
LLM’s full potential.
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Figure 4: Effect of number of candidate sentences per
slot N, on LargeST-SD and ST-EVCDP datasets.
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Figure 5: Effect of number of (st_patch) tokens IV, on
LargeST-SD and UrbanEV datasets.

5.5 Parameter Sensitivity

To investigate how hyperparameters affect
TransLLM’s performance, we vary two key
settings: the number of candidate sentences
per slot N. and the number of spatiotemporal
feature tokens [V,,. As shown in Fig. 4, increasing
N, does not yield monotonic gains—excessive
candidates introduce redundancy, while too few
limit diversity, with the optimal configuration
being four candidates on LargeST-SD and two
on ST-EVCDP. Meanwhile, Fig. 5 shows that
performance generally improves as N, increases,
with the best results obtained when the token
count matches the prediction horizon. Shorter
token sequences fail to capture sufficient context
and degrade prediction accuracy. We present
the complete results of the parameter study in
Appendix D.

5.6 Prompt Routing Behavior Analysis

To further examine how the Prompt Router behaves
in practice, we visualize the selection frequency of
candidate sentences in each slot during inference
on the ST-EVCDP and PEMSO08 datasets, as shown
in Fig. 6. It is observed that within the same slot,
every candidate sentence is selected at least once,
indicating that the router does not rely on a fixed
template but adaptively selects prompts based on
input features. Meanwhile, the selection frequency
distribution is highly imbalanced: certain sentences
are chosen much more frequently, as they capture
the dominant spatiotemporal patterns of most loca-
tions, whereas others are selected less often. How-
ever, a lower selection frequency does not imply
inferior quality; instead, these sentences tend to
capture rare but critical anomalies, such as tempo-

Sentence 1 Sentence 2 Sentence 3 Sentence 4

Top 4
Top 3
Top 2

Top1l

Slotl  Slot2  Slot3  Slot4 Slot1  Slot2  Slot3  Slot4
(a) ST-EVCDP (b) PEMSO8

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

rary road blockages caused by traffic accidents.

6 Conclusion

In this work, we present TransLLM, a unified
framework that integrates spatiotemporal modeling
with large language models for urban transporta-
tion tasks. The key contributions include a novel
design that connects noise-augmented spatiotem-
poral encoders with LLMs through structured em-
beddings, as well as a learnable prompt compo-
sition mechanism with instance-level routing for
dynamic personalization. Extensive experiments
across traffic forecasting, electric vehicle charging
demand prediction, and taxi dispatching tasks on
seven datasets demonstrate strong performance in
both supervised and zero-shot settings, highlight-
ing excellent generalization and cross-task adapt-
ability. Overall, TransLLM represents a promising
step toward building foundation models tailored for
intelligent transportation applications.
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Limitations

Due to computational resource constraints, we eval-
uate TransLLM on two base LLMs (Llama-8B and
Vicuna-7B). While these models provide a repre-
sentative testbed, we have not yet conducted a sys-
tematic study with larger-scale LLMs.

Ethical Considerations

This study is based entirely on open-access datasets
curated for research applications. It does not in-
volve human subject interaction, nor does it process
any personal or sensitive information. All data han-
dling respects their respective licenses and ACL
code of ethics.
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A Dataset Details

We train both TransLLM and the baseline models
on five datasets, covering three types of tasks: traf-
fic forecasting, charging demand prediction, and
vehicle dispatching. LargeST-SD is a subset of
the LargeST dataset (Liu et al., 2023), containing
traffic flow records from 716 loop detectors on high-
ways in San Diego County, spanning from January
1 to December 31, 2021. PemsO08 includes traffic
data from 170 sensors in California, collected be-
tween July 1 and August 31,2016. ST-EVCDP (Qu
et al., 2024) is a charging demand dataset collected
from 247 areas in Shenzhen between June 19 and
July 18, 2022, while UrbanEV (Li et al., 2025)
captures large-scale charging behavior across ur-
ban regions from September 1, 2022 to February
28, 2023. For the vehicle dispatching task, we use
the Taxi-SH dataset, which contains GPS trajec-
tories of taxis in Shanghai from April 13 to April
19, 2015. The city is divided into 3 km x 3 km
grids, and we aggregate the number of vacant taxis,
passenger demand, and competing vehicles at 5-
minute intervals. In addition, we evaluate the mod-
els under a zero-shot setting on two previously
unseen datasets, PEMS03 and PEMSO04, to assess
their generalization capabilities. Among these, Ur-
banEV has a temporal resolution of one hour, while
the others have a resolution of five minutes. All
datasets used are available under their respective
open-source licenses. We confirm that all artifacts
used in this work are for research purposes, consis-
tent with their intended use.

We perform temporal splits for each dataset. For
all small-scale baseline models, the first 30% of
each dataset is used for training. Due to the higher
computational cost of training TransLLM, we em-
ploy a reduced training subset. For instance, only
4 days of data from Large-SD and 24 days from
UrbanEV are used to train TransLLM. For eval-
uation, we extract a test set of N x 12 samples
from each dataset, where N is the number of nodes,
ensuring that all samples are drawn from unseen
time periods. To assess generalization under zero-
shot settings, we evaluate on two previously unseen
datasets, PEMS03 and PEMS04, by extracting 2
hours of data from 170 nodes in each. This node
count is aligned with PEMSO08 to ensure architec-
tural compatibility, as several baseline models hard-
code the number of nodes into their design, making
them unsuitable for varying node configurations.

B Baselines Details

We conducted a thorough comparison with ten base-
line models to ensure a comprehensive evaluation
of our proposed approach. These baselines can be
broadly categorized into three groups:

1. GNN-based Deep Learning Models. These
models are developed specifically for spatiotem-
poral forecasting and are trained in an end-to-end
manner on individual datasets. They typically rely
on carefully designed architectures that integrate
graph-based spatial encoders with temporal mod-
eling components. Representative examples in-
cludes:

* STGCN (Yu et al., 2018): It combines graph
and gated temporal convolutions to capture
spatial-temporal patterns in traffic data.

« DGCRN (Li et al., 2023): This framework
uses hyper-networks to generate dynamic
graphs at each time step and integrates them
with static topology to model time-varying
traffic correlations.

* ASTGCN (Guo et al., 2019): It employs spa-
tial and temporal attention mechanisms to fo-
cus on salient dependencies across time and
space.

* D2STGNN (Shao et al., 2022): This frame-
work decouples diffusion and inherent traffic
signals and learns dynamic graphs to represent
evolving traffic structures more accurately.

* GWNET (Wu et al., 2019): This model learns
an adaptive adjacency matrix and applies di-
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lated convolutions to uncover hidden spatial
relations and long-range temporal trends.

* STGODE (Fang et al., 2021): It leverages
neural ordinary differential equations and se-
mantic adjacency to jointly capture spatial-
temporal dynamics.

* PDG2Seq (Fan et al., 2025): This method
models periodic traffic patterns using a dy-
namic graph-to-sequence framework that
aligns temporal cycles with future trend pre-
diction.

2. Generalist Large Language Models (LLMs).
These models, including Deepseek-v3, GPT-5.2
and Gemini-3 are not specifically trained for spa-
tiotemporal or transportation tasks. We evalu-
ate them in a zero-shot setting without any task-
specific tuning.

3. Spatiotemporal Foundation Models. This
category leverages large-scale heterogeneous spa-
tiotemporal data and pre-training to enable broad
generalization across diverse scenarios. We also
include LLLM-based architectures that incorporate
structured spatiotemporal priors.

e UrbanDiT (Yuan et al., 2024b): It scales
diffusion transformers to urban computing
by unifying heterogeneous data into se-
quential formats and employing an adap-
tive prompt framework to support multi-task
spatio-temporal learning.

* FactoST (Zhong et al.): It introduces a factor-
ized foundation model that decouples univer-
sal temporal pretraining from spatio-temporal
adaptation via a two-stage training strategy.

* PromptST (Zhang et al., 2023): It introduces
a spatiotemporal transformer model for pre-
diction by utilizing parameter-sharing training
and spatiotemporal prompt tokens.

e UniST (Yuan et al., 2024a): It proposes a
universal solution for urban spatiotemporal
prediction by integrating four masking strate-
gies for pre-training and prompt learning to
handle diverse scenarios.

e ST-LLM+ (Liu et al., 2025): It enhances traf-
fic prediction with graph-based attention to
capture spatiotemporal dependencies, using
partially frozen graph attention and a LoRA-
augmented training strategy for fine-tuning.

¢ UrbanGPT (Li et al., 2024): It enhances
LLMs for urban forecasting by incorporating
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Figure 7: Periodicity Score Distribution of Charging
and Traffic Datasets

a temporal encoder that explicitly models pe-
riodic patterns and time dependencies in struc-
tured urban data.

C Comparison of PEMS08 and
ST-EVCDP Dataset Characteristics

PEMSO08 represents a typical road traffic flow
dataset, whereas ST-EVCDP represents a charging
demand dataset. These two types of spatiotemporal
data exhibit distinct characteristics. Charging de-
mand shows weaker periodicity and greater volatil-
ity than traffic flow data. We conduct a Fourier-
based periodicity analysis by computing the ratio
of the dominant FFT peak to the average signal am-
plitude (i.e. FFT Peak/Mean) for each node. As
shown in Fig. 7, the periodicity scores for Shen-
zhen’s 247 charging nodes are significantly lower
and more dispersed than those of PeMS08’s 170
traffic sensors. This indicates that while traffic ex-
hibits strong and regular daily or weekly cycles,
charging behavior is influenced by more irregular
human and behavioral factors.

D Additional Parameter Sensitivity
Analysis

To further validate the robustness of TransLLM,
we conduct supplementary parameter sensitivity
analyses on three additional datasets: PEMSOS,
UrbanEV (or ST-EVCDP), and Taxi-SH. As illus-
trated in Fig. 8, the performance across all three
datasets exhibits a consistent U-shaped trend with
respect to the number of candidate sentences per
slot N.. Specifically, the model achieves its optimal
performance at N, = 4 for all datasets. Regard-
ing the number of (st_patch) tokens N, shown in
Fig. 9, we observe a steady improvement in pre-
diction accuracy for PEMS08 and ST-EVCDP as
N, increases. And the model achieves its optimal
performance when the number of tokens matches
the prediction horizon, indicating that a perfectly
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Figure 8: Effect of number of candidate sentences per slot N, on PEMS08, UrbanEV and Taxi-SH datasets.
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Figure 9: Effect of number of (st_patch) tokens N,

aligned token-to-step granularity is crucial for cap-
turing temporal dependencies. Similarly, for the
taxi dispatch task, a larger IV, contributes to a
higher MMR; although this comes at the cost of a
slight increase in MMD, it is considered an accept-
able trade-off to prioritize dispatching efficiency.

E Training Costs and Real-Time
Deployment Efficiency

We present the training and inference costs of
TransLLM. Using the ST-EVCDP dataset as an
example, which consists of 278k training sam-
ples, training takes approximately 24 hours on an
NVIDIA A100 GPU with 32 GB of memory. The
average inference time per sample is 1,170 ms,
compared to 913 ms for UrbanGPT. The additional
latency in TransLLM is due to the use of a Graph
Attention Network for modeling spatial relation-
ships, while UrbanGPT lacks this spatial modeling
component. Each TransLLLM request involves ap-
proximately 339 input tokens and 47 output tokens,
making it suitable for real-time city-scale applica-
tions. The RL routing computation adds 36.77 ms
per sample, with the overall inference time still
remaining within practical limits for large-scale,
real-time deployment.

F Case Study

In this section, we assess the effectiveness of dif-
ferent large models on a representative traffic flow
forecasting instance. The detailed input informa-
tion and the corresponding model responses are
summarized in Table 3. Notably, the ’personalized
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2300 | 3.220*

5 22005 : 5 . 5
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3 6 9
ST-EVCDP

on PEMS08, ST-EVCDP and Taxi-SH datasets.

prompt’ is dynamically generated by our Prompt
Router for this specific instance. Notably, gener-
alist LLMs like Deepseek-v3 and GPT-5.2, while
capable of parsing the instructions, demonstrate sig-
nificant limitations. Deepseek-v3 failed to capture
the correct temporal patterns, producing a forecast
that deviates substantially from the ground truth.
GPT-5.2 adopts a more conservative approach, pro-
ducing an overly smooth forecast that misses the
inherent volatility. Although UrbanGPT success-
fully captures the inherent volatility and the overall
downward trend, its predictive accuracy is notably
lower than that of TransLLM.

26041



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 S-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, let§ break down the problem step-by-step...Based on the above, the predicted traffic
flow for the next 12 steps (in S-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 spa-
tiotemporal 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 spa-
tiotemporal 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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