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Abstract. Smart cities rely on sensor systems to collect data that sup-
port urban management. However, the high cost and frequent malfunc-
tions of traffic sensors in certain areas lead to sparse data, which lim-
its the performance of downstream tasks. This paper tackles these lim-
itations through inductive spatio-temporal extrapolation, which fore-
casts time-series data for locations without sensors by leveraging data
from surrounding sensor-equipped areas. We introduce a novel Spatio-
Temporal Prompt (STP) framework to address two primary challenges:
spatial uncertainty and temporal dynamic. Spatial uncertainty arises
from the inherent unpredictability of unseen locations during inference,
while temporal dynamic refers to the evolving and complex correla-
tions among nodes over time. Our STP leverages self-supervised training
with randomly selected prompt nodes to effectively handle spatial un-
certainty. Additionally, we employ a temporal prompt pool to capture
dynamic temporal relationships. Extensive experiments on three real-
world datasets demonstrate that STP significantly outperforms exist-
ing state-of-the-art models, showcasing its effectiveness in dealing with
sparse sensor data.
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1 Introduction

Smart cities are fundamentally built on the deployment of diverse sensors, which
empower city managers with deeper insights into urban dynamics, enhancing
decision-making, and improve both the efficiency of urban systems and resi-
dents’ quality of life [9,20,19]. For example, traffic data plays a very important
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role in vehicle navigation, route planning, and congestion management [10,13,12].
However, while the fine-grained data gathered by these sensors offers significant
advantages for downstream tasks, the high-cost deployment of numerous traf-
fic sensors is often impractical, and existing sensors also frequently experience
malfunctions. Consequently, many analytical tasks must contend with sparse
data, leading to suboptimal outcomes. This situation highlights the urgent need
for methods to approximate data for locations without sensors in sensor-sparse
areas.
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Fig. 1: An example of spatio-temporal extrapolation of traffic flow during peak
commute hours on weekdays.

In this study, we investigated the fundamental and widely applied problem,
namely inductive spatio-temporal traffic extrapolation, which forecasts time-
series traffic data for locations without sensors by leveraging information from
surrounding sensor-equipped areas. Specifically, we can only use the time-series
signals of seen nodes (locations equipped sensors) and their spatial relation-
ships, to determine the time-series signal for unseen nodes (locations un-
equipped sensors). To tackle inductive extrapolation, we must pay careful atten-
tion to the spatio-temporal correlations among sensors. Spatio-temporal graph
neural networks [22,23,18,16] have strong capabilities to capture spatio-temporal
correlations and are often regarded as state-of-the-art models for spatio-temporal
tasks, including inductive extrapolation.

Although these spatio-temporal extrapolation methods have achieved signifi-
cant success, they share a subtle yet crucial limitation that severely restricts their
performance. During training, a portion of the seen nodes is randomly masked
in each batch, and the model is tasked with inferring these masked nodes. As
training progresses, every node in the seen graph participates, which can lead
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to over-fitting to this seen spatial graph structure. This over-fitting reduces the
model’s ability to extrapolate to unseen nodes. During inference, the model must
extrapolate unseen nodes, whose spatial locations are entirely uncertain. We re-
fer to this challenge as spatial uncertainty for unseen nodes. However, due to
the limitations of the masking-based training approach, these models struggle to
effectively handle spatial uncertainty, thereby limiting their overall performance.
Especially in the field of traffic [14], the influence of the surrounding nodes on
the unseen nodes varies at different time points. For example, as shown in Fig.
1, during peak commute hours on weekdays, the traffic flow at node X may be
more similar to that at nodes B,C,D. However, on holidays, its traffic flow might
resemble that at Node A more closely. We refer to this intricate and dynamic
temporal correlation as temporal dynamic.

It is challenging to adapt the model to address spatial uncertainty and
capture temporal dynamic. Inspired by graph prompts [11,15,7] and temporal
prompts [21,1], we introduce a novel Spatio-Temporal Prompt (STP) for the
first time to address spatial uncertainty and temporal dynamic by inserting
prompt nodes with temporal-aware learnable embeddings [4,2,3].

To enhance the model’s ability to generalize to unseen nodes, we randomly in-
sert empty prompt nodes into the spatial graph during training and predict their
extrapolations using a Spatio-Temporal Graph Neural Network (STGNN) [8].
Since these prompt nodes lack ground truth labels, we employ a self-supervised
framework: predictions from seen nodes to prompt nodes are cyclically used
to reconstruct the original seen nodes, preventing overfitting and improving
adaptability to unseen graphs. Additionally, temporal dynamics are captured by
querying a prompt pool[21] with temporal representations of surrounding nodes,
retrieving top-K learnable vectors to represent prompt nodes. This ensures tem-
poral consistency, as similar temporal states retrieve analogous prompt vectors,
embedding dynamic correlations between node sequences into the model.

In summary, our main contributions are summarized as follows:

– We propose a Spatio-Temporal Prompt for the Inductive Traffic Extrapo-
lation task. To the best of our knowledge, this is the first work that brings
a spatio-temporal prompt to the spatio-temporal extrapolation.

– We have introduced a novel insight into existing spatio-temporal extrapola-
tion methods, discovering the spatial uncertainty and temporal dynamic in
this task, which were often overlooked by the previous methods. By address-
ing these issues, we have achieved significant performance improvements.

– We compared four different state-of-the-art models across three traffic datasets,
and the experimental results indicate that the STP-STGNN outperforms
state-of-the-art models, thereby validating the effectiveness of our approach.

2 Problem Formulation

Definition 1 (Spatial data). The spatial structure between the seen nodes is
intuitively represented as a graph Gs = (Vs, Es), where Vs is the set of seen nodes
and Eo is the set of edges between the seen nodes. Similarly, the spatial structure
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of the unseen nodes can be defined as Gu = (Vu, Eu), and the prompt graph is
denoted as Gp = (Vp, Ep). Additionally, the spatial structure graph encompassing
both the seen and unseen nodes is represented as Gsu = (Vsu, Esu), while the
graph comprising the seen and prompt nodes is denoted as Gsp = (Vsp, Esp).

Definition 2 (Temporal Data). xi,t ∈ RC represents C types of data recorded
at the time step t for the node i. Given the P time steps as window, Xi =
(xi,1, xi,2, · · · , xi,P )⊤ ∈ RP×C is a time series at the node i, while the temporal
data of all N nodes is donates as X = (X1,X2, · · · ,XN )

⊤ ∈ RN×P×C . Specifi-
cally, we represent the temporal data for the seen, unseen, and prompt nodes as
Xs Xu and Xp, respectively.

Definition 3 (Inductive extrapolation). The predicted extrapolations of Nu

unseen nodes are denoted as Ŷ =
(
Ŷ1, Ŷ2, · · · , ˆYNu

)⊤
∈ RNu×P×C . Inductive

extrapolation utilizes Gs and Xs to train the model. After training, the model
use Gsu, Xs to predict the extrapolations of unseen nodes.

3 Method

In this section, we will provide further details about the spatio-temporal Graph
Neural Network (STGNN) enhanced with Spatio-Temporal Prompt (STP).
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Fig. 2: Overview of STP. STP randomly inserts prompt nodes into the seen graph
and retrieves embeddings from neighboring nodes. It then selects the top-K tem-
poral embeddings from a pool to represent each prompt node’s temporal features.
In semi-supervised training, the seen nodes’ temporal embeddings predict the
prompt nodes’ extrapolated values, and the masked temporal values of the seen
nodes are inferred from these predictions and compared with the ground truth.
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3.1 Model Overview

In this section, we will provide an overview of STP, including the form of
prompts, the insertion of prompt nodes, querying the embeddings of prompt
nodes, and finally conducting unsupervised training. The framework diagram is
shown in Fig. 2.

3.2 Insert Prompt Nodes

In each training batch, the random insertion enables the model to adapt to
different spatial structures rather than simply converging to the seen graph.
Additionally, to increase the randomness of the connections for the inserted
nodes, we apply random pruning to the connections between the prompt nodes
and the seen nodes.

3.3 Query Prompt Embedding

Inspired by [21], we use temporal prompts to represent temporal dynamic. In-
tuitively, if the temporal representation embeddings of a prompt node’s neigh-
boring nodes are similar, then these neighboring nodes have similar temporal
relevance to the prompt node. Therefore, we retrieve the corresponding tempo-
ral prompts from the prompt pool based on the temporal representation embed-
dings of the prompt node’s neighboring nodes, and use them as the temporal
representation for the spatio-temporal prompt nodes. This approach ensures that
prompt nodes with similar neighboring nodes have similar temporal representa-
tions, signaling to the model the temporal correlation between them.

Temporal Prompt Pool. The temporal prompt pool consists of L key-value
pairs, where the key is a learnable vector used for similarity retrieval, and the
value is a learnable temporal prompt embedding designed to indicate temporal
correlations. The temporal prompt pool can flexibly update its parameters (both
keys and values) during the training process. The prompt pool is denoted as
(Keys,Vals), consisting of a set of learnable keys k and temporal prompts P .

(Keys,Vals) = {(ki,P i)}Li=1 , (1)

Query Temporal Prompt. After inserting the prompt nodes, we can ob-
tain all the first-order neighbor seen nodes of prompt node i. We apply a pooling
function (max pooling, average pooling, or max-average pooling) to the embed-
dings of the first-order neighbors of node i, thus obtaining the embeddings hi

for prompt node i as follows.

hi = Pooling(hneighbors_of_i) (2)

We use the embeddings hi of the prompt node i to retrieve the topK most
similar keys from the temporal prompt pool via Maximum Inner Product Search
(MIPS). The topK selected keys of prompt node i can be denoted as:
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Ktopk-i = argmin
{j}N

j=1

MIPS

K∑
j=1

(hi,kj) , (3)

To allow the learnable keys vector to update its parameters during training,
we define the Lkeys as:

Lkeys = β
∑
i

∑
Ktopk-i

MIPS (hi,kj) (4)

3.4 Semi-supervised Learning

To address spatial uncertainty, we aim for the model to accurately predict the
extrapolation values of the randomly inserted prompt nodes. However, these
random prompt nodes do not have ground truth. To resolve this issue, we adopt
a semi-supervised learning approach. Intuitively, if the model provides more
accurate predictions for the seen nodes, it will also exhibit a stronger capability
to capture the spatio-temporal relationships surrounding the randomly inserted
prompt nodes.

Specifically, as shown in Fig. 2, the model first temporal predicts the val-
ues for the prompt nodes, then masks the temporal values of the seen nodes.
Subsequently, the model uses the predicted prompt node values to infer the
temporal values of the seen nodes, and the loss function is computed based on
the difference between the predicted and ground truth values of the seen nodes.

The overall loss function can be defined in two parts: the MAE loss calculated
from the predicted values and the ground truth, and the optimization loss of the
learnable keys vectors. This can be expressed as:

L = LMAE + βLkeys (5)

4 Experiments

In this section, we present the experimental setting, the overall performance,
and an ablation study.

4.1 Experimental Settings

Datasets. We conduct experiments using three popular real-world traffic spatio-
temporal datasets. METR-LA consists of traffic speed data collected from 207
sensors across Los Angeles County over a four-month period (from March 1,
2012, to June 30, 2012). PEMS-BAY is a traffic dataset from 325 sensors in
the Bay Area, San Francisco, recorded every 5 minutes from January 1 to June
30, 2016. SEA-LOOP contains traffic data collected from 323 inductive loop
detectors on Seattle freeways.
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Baslines. We select the top 4 state-of-the-art and most popular neural net-
works baselines for comparison. IGNNK[17], INCREASE[24], LSJSTN[6] and
STGNP[5] are described in Section 4.2.

Evaluation. We evaluate the model performance using three widely-used met-
rics, Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE)
and Root Mean Square Error (RSME). Additionally, our dataset processing fol-
lows the procedure in GRIN, where the data is split into training, validation, and
test sets with a ratio of 7:1:2. Additionally, we set the learning rate to 0.0002.
Following popular experimental setups, we set the missing rate to 50%.

4.2 Overall Performance

Model
METR-LA207 PEMS BAY325 SEA_LOOP323

MAE MAPE RSME MAE MAPE RSME MAE MAPE RSME

IGNNK 6.966 0.208 10.405 5.602 0.144 9.705 4.542 0.150 7.244

INCREASE 6.243 0.184 9.831 3.841 0.088 6.606 5.973 0.210 9.585

LSJSTN 7.151 0.201 10.624 3.890 0.089 6.737 4.691 0.129 7.185

STGNP 7.591 0.188 13.146 3.812 0.091 6.932 4.738 0.157 7.530

STP 6.126 0.179 9.923 3.676 0.085 6.556 4.230 0.123 6.934

Improv. +1.9% +2.7% −1.0% +3.6% +3.4% +0.8% +6.9% +2.3% +3.5%

Table 1: Performance comparison of our STP on the three traffic datasets. The
numbers following the dataset represent the total number of nodes in the dataset.
Values in bold denote the best results. Values under lined denote the state-of-
the-ar results. The improvement represents the enhancement of STP compared
to the current best model.

Overall performance comparison. As shown in Table 1, our proposed STP
model consistently outperforms all other models across three of the most popular
traffic datasets. IGNNK, the first to apply graph spatio-temporal neural networks
for inductive extrapolation tasks, offers robustness and stable performance due
to its simple design. However, a notable performance gap exists between IGNNK
and STP in most cases. INCREASE leverages a multi-relational attention repre-
sentation learning mechanism, but the lack of point of interest (POI) attribute
information in our datasets limits its performance. LSJSTN’s complex design
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reduces its robustness, resulting in significant performance fluctuations across
different datasets. STGNP, the latest extrapolation algorithm based on neural
processes, is both simple and interpretable; however, its limited neural network
fitting capability causes it to underperform relative to STP. STP achieves the
highest MAE improvement on the SEA-LOOP dataset, with an improvement of
+6.9%, and the smallest on the METR-LA207 dataset, with an improvement of
1.9%. The extensive performance improvements of STP can be largely attributed
to its improved capacity to manage spatial uncertainty and temporal dynamic,
which aligns closely with the requirements of inductive extrapolation tasks.

4.3 Ablation Study.

To validate the effectiveness of the spatio-temporal prompt, we perform an abla-
tion study on the STP model. As shown in Table 2, the spatio-temporal prompt
plays a decisive role in enhancing the model’s performance. These results are
sufficient to demonstrate the effectiveness of our approach.

Ablation Experiment MAE MAPE RMSE

STGNN with STP 16.502 0.394 31.002
STGNN without STP 17.391 0.454 31.610

Table 2: Ablation Study Results

5 Conclusion

This paper addresses the challenge of inductive spatio-temporal extrapolation in
smart cities. We introduce a novel Spatio-Temporal Prompt (STP) to handle two
key challenges: spatial uncertainty and temporal dynamic. The STP approach
uses self-supervised training with random prompt nodes and a temporal prompt
pool, significantly improving the model’s ability to predict values for unseen
nodes and adapt to dynamic temporal correlations. Experimental results across
multiple datasets demonstrate that STP outperforms existing state-of-the-art
models.
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