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Abstract

Traffic prediction is a cornerstone of modern intelligent trans-
portation systems and a critical task in spatio-temporal fore-
casting. Although advanced Spatio-temporal Graph Neural
Networks (STGNNs) and pre-trained models have achieved
significant progress in traffic prediction, two key challenges
remain: (i) limited contextual capacity when modeling com-
plex spatio-temporal dependencies, and (ii) low predictabil-
ity at fine-grained spatio-temporal points due to heteroge-
neous patterns. Inspired by Retrieval-Augmented Generation
(RAG), we propose RAST, a universal framework that inte-
grates retrieval-augmented mechanisms with spatio-temporal
modeling to address these challenges. Our framework con-
sists of three key designs: 1) Decoupled Encoder and Query
Generator to capture decoupled spatial and temporal fea-
tures and construct a fusion query via residual fusion; 2)
Spatio-temporal Retrieval Store and Retrievers to maintain
and retrieve vectorized fine-grained patterns; and 3) Uni-
versal Backbone Predictor that flexibly accommodates pre-
trained STGNNs or simple MLP predictors. Extensive ex-
periments on six real-world traffic networks, including large-
scale datasets, demonstrate that RAST achieves superior per-
formance while maintaining computational efficiency.

1 Introduction
Traffic prediction stands as a cornerstone of modern Intel-
ligent Transportation Systems (ITS), enabling critical ap-
plications including traffic management, route optimization,
and congestion mitigation (Chavhan and Venkataram 2020;
Zheng et al. 2014). The accurate forecasting of traffic condi-
tions directly impacts urban mobility, economic efficiency,
and environmental sustainability across metropolitan areas
worldwide. Spatio-temporal Forecasting (STF) provides the
methodological foundation for addressing these traffic pre-
diction challenges, as traffic data inherently exhibits com-
plex interdependencies across both spatial and temporal di-
mensions (Wang, Cao, and Philip 2020; Jin et al. 2023).

The evolution of STF methodologies has progressed from
traditional statistical approaches (Box et al. 2015; Lütkepohl
2005; Chandra and Al-Deek 2009) to sophisticated deep
learning architectures (Shi et al. 2015; Kipf and Welling
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Figure 1: Motivation of RAST. Inspired by retrieval-
augmented generation for large language models, we design
a specialized retrieval-augmented framework for STF tasks.

2016; Hochreiter and Schmidhuber 1997) as application sce-
narios have become increasingly complex. This progression
culminated in the development of Spatio-temporal Graph
Neural Networks (STGNNs) (Wu et al. 2020; Yu, Yin, and
Zhu 2017; Bai et al. 2020), which have achieved remark-
able success in modeling complex spatial-temporal depen-
dencies by representing traffic networks as graphs and lever-
aging graph convolution operations (Li et al. 2017; Wu et al.
2019). More recently, the emergence of Large Models (LMs)
and pre-trained models from Natural Language Processing
(NLP) (Devlin 2018; Jin et al. 2021) and Computer Vision
(CV) (Dosovitskiy 2020; He et al. 2022) has opened new
opportunities for enhancing spatio-temporal forecasting ca-
pabilities (Zhou et al. 2024; Jin et al. 2024b; Yan et al. 2024).

Despite these advances, current STF approaches face two
critical limitations: (i) Limited Contextual Capacity vs.
scale of ST data: Contemporary pre-trained STGNNs suf-
fer from constrained contextual embedding capacity when
handling complex spatio-temporal dependencies in large-
scale traffic networks (Jin et al. 2024a; Jiang 2023; Liu et al.
2023b). Drawing inspiration from retrieval-augmented gen-
eration (RAG) that has shown promise in addressing context
limitations in Large Language Models (LLMs) (Lewis et al.
2020), we investigate whether retrieval-augmented mecha-
nisms can compensate for the limited spatio-temporal learn-
ing capacity, as illustrated in Figure 1; (ii) Complex Ar-
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Figure 2: The spatial and temporal heterogeneity problem
(a and b). Our methods utilize a retrieval-augmented mecha-
nism with dual-dimension vector storage. By extracting low-
predictable data points and retrieving history patterns, we
improve model capability in those challenging cases.

chitecture vs. Low Predictability: Due to the inherent het-
erogeneity in spatio-temporal data (Jin et al. 2023), existing
STF approaches lack efficient mechanisms for fine-grained
pattern adjustment within limited embedding lengths (Jin
et al. 2023, 2024a; Jiang 2023). Current performance im-
provements of the STGNNs rely heavily on complex model
architectures (Shao et al. 2022c; Lan et al. 2022) to cap-
ture overall trends, yet low-predictability points in both tem-
poral and spatial dimensions remain difficult to capture.
Instead of further increasing model complexity by adding
more weighted parameters, we propose to capture complex
spatio-temporal dependencies through explicit memory stor-
age and retrieval mechanisms, as demonstrated in Figure 2.

To bridge the gap in applying RAG to STF and further
address the aforementioned challenges, we propose RAST
(Retrieval-Augmented Spatio-Temporal forecasting), a uni-
versal framework that integrates retrieval-augmented mech-
anisms with spatio-temporal modeling for traffic prediction
and pre-trained model enhancements. Specifically, ❶ our
approach maintains a vector-based dual-dimension spatio-
temporal retrieval store. During training, our method decou-
ples input data into spatial and temporal encodings used
to update the store while constructing the context-aware
queries through residual fusion. ❷ Specific retrievers then
search and project dual-dimension retrieval embeddings un-
der queries. ❸ Finally, we fuse decoupled retrieval embed-
dings with current queries through a cross-attention module
and obtain final predictions via the universal backbone pre-
dictor. Our key contributions are summarized as follows:

• A Universal Retrieval-Augmented Framework for
Spatio-temporal Forecasting: We introduce RAST, the
first retrieval-augmented framework specifically designed
for spatio-temporal forecasting while providing a univer-

sal framework for existing pre-trained STGNNs as an en-
hancement method without expanding the model capacity.

• A Spatio-temporal Retrieval Store and ST-Retriever
for Low-Predictability Patterns: We design a spatio-
temporal retrieval store that vectorizes dual-dimension
features and maintains them within memory banks, com-
bined with optimization techniques for efficient memory
and retrieval of complex spatio-temporal patterns.

• Comprehensive Empirical Validation: Extensive exper-
iments on six real-world datasets demonstrate that our
proposed method effectively captures complex spatio-
temporal patterns while maintaining high computational
efficiency, achieving up to 24.75% improvement in aver-
age MAE compared to the RPMixer on the SD dataset.

2 Related Work
Spatio-temporal Forecasting (STF) is a fundamental
task in numerous application domains such as traffic man-
agement, urban planning, and environmental monitoring (Lv
et al. 2014; Jin et al. 2023; Bi et al. 2023; Jiang et al.
2021; Zhou et al. 2025). Early deep learning methods com-
bined CNNs and RNNs (Shi et al. 2015; Hochreiter and
Schmidhuber 1997) but struggled with non-Euclidean traffic
networks. The emergence of Spatio-temporal Graph Neu-
ral Networks (STGNNs) addressed this limitation by inte-
grating Graph Neural Networks (GNNs) (Kipf and Welling
2016) with temporal models (Li et al. 2017; Zhang, Zheng,
and Qi 2017; Yu, Yin, and Zhu 2017; Bai et al. 2020; Guo
et al. 2019; Shao et al. 2022c; Liang et al. 2018; Wu et al.
2020, 2019; Zheng et al. 2020). Despite these advancements,
the performance improvements of STGNNs have begun to
plateau due to limited contextual capacity and reliance on
increasingly complex architectures (Wang et al. 2020; Jin
et al. 2024a). This stagnation has prompted research toward
integrating pre-trained models and Large Language Models
(LLMs) (Zhou et al. 2024; Liu et al. 2023a; Jin et al. 2024b;
Yuan et al. 2024; Shao et al. 2022b) to enhance predictive
capabilities. However, these methods still struggle to cap-
ture spatio-temporal heterogeneity in large-scale scenarios,
while universal solutions for contextual capacity limitations
in spatio-temporal modeling remain largely unexplored.

Retrieval-Augmented Generation (RAG) has emerged
as a transformative paradigm for enhancing large language
model performance, particularly in knowledge-intensive
tasks (Kandpal et al. 2023; Lewis et al. 2020; Gao et al.
2023). Traditional LLMs struggle with tasks requiring vast
amounts of factual knowledge or domain-specific exper-
tise due to finite parametric memory and limited con-
text (Roberts, Raffel, and Shazeer 2020; Petroni et al. 2019).
RAG addresses this limitation by integrating external re-
trieval mechanisms that enable models to dynamically ac-
cess relevant information from large knowledge bases dur-
ing inference (Zhu et al. 2024; Izacard and Grave 2021;
Borgeaud et al. 2022), improving open-domain question an-
swering, fact-checking, and few-shot learning tasks (Ram
et al. 2023; Shi et al. 2023). While the retrieval-augmented
mechanism has been extensively studied in natural language
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Figure 3: Overview of the RAST framework. RAST integrates retrieval mechanisms with spatio-temporal modeling to enhance
performance by maintaining and utilizing historical patterns. The proposed approach addresses the fundamental challenge of
capturing long-term dependencies and complex spatio-temporal correlations in time series data.

processing, its application to vast spatio-scenarios presents
significant opportunities, particularly given the similar chal-
lenges of constrained model capacity.

3 Methodology
In this section, we present RAST, a Retrieval Augmented
Spatio-Temporal forecasting framework as illustrated in
Figure 3. Our approach consists of five core components
working synergistically: 1) Decoupled Encoder Layers that
convert raw inputs into vectorized embedding representa-
tions, 2) Query Generator that constructs fusion queries via
residual fusion, 3) Retrieval Store that maintains and fine-
grained historical patterns 4) ST-Retriever that retrieves em-
beddings based on queries and further fuses them with cross-
attention blocks, and 5) Backbone Predictor that accommo-
dates diverse pre-trained STGNNs or simple predictors (e.g.
MLP) for enhanced forecasting performance.

3.1 Problem Formulation

Let G = (V, E ,A) denote a spatio-temporal graph where
V = {v1, v2, . . . , vN} represents the set of N spatial nodes.
E represents the edges connecting spatially related nodes,
and A ∈ RN×N is the adjacency matrix encoding spatial
relationships. At each time step t, we observe a Din fea-
ture dimension matrix Xt ∈ RN×Din at time t. Given his-
torical observations X = {Xt−L+1, Xt−L+2, . . . , Xt} ∈
RL×N×Din over L time steps, the spatio-temporal fore-
casting task aims to predict future observations Y ∈
RH×N×Dout over the next H horizons. The external mem-
ory bank M is introduced and dynamically updated in our
approach. Formally, we seek to learn a mapping function

with the retrieval-augmented mechanism:
fθ : X× G ×M → Y (1)

where θ represents the learnable parameters of the model.

3.2 Data Encoding and Query Construction
Dual-dimension Feature Disentanglement. Following
recent advances in spatio-temporal modeling (Shao et al.
2022a), we employ decoupled encoder layers to separately
process temporal and spatial information. This encoding
module initially captures basic characteristics (e.g., cyclicity
for temporal, regionality for spatial) formulated as follows:

Etp = σ(Conv2D(X)) ∈ RB×N×Dtp (2)

Esp = σ(Wsp(X,G)) ∈ RB×N×Dsp (3)
where σ(·) denotes the reshape and normalization operation
for the corresponding dimension. Dtp, Dsp are temporal and
spatial feature dimension. The 2D convolutional kernel is
initialized using Kaiming normal initialization to ensure sta-
ble training dynamics, while the spatial transformation ma-
trix Wsp is initialized with Xavier uniform distribution.

Context-Aware Query Generation. To construct an in-
put that retrieves the most similar embedding, we designed a
specific query generator. Specifically, the temporal and spa-
tial embeddings are concatenated and projected to a fusion
representation E

(0)
f . Then we construct context-aware query

representations Qst through L encoder layers with residual
connections as follows:

E
(0)
f = LinearQ(Concat[Esp;Etp]), (4)

E
(l+1)
f = LayerNorm(E

(l)
f + FFN(E

(l)
f )), (5)

Qst = E
(L)
f ∈ RB×N×Dq (6)

39165



where FFN denotes a feed-forward network with ReLU ac-
tivation and dropout for regularization.

3.3 Spatio-temporal Retrieval Store
Pattern Indexing and Storage. Traditional spatio-
temporal models suffer from limited contextual capacity
when handling complex dependencies, while we introduce
a dual-dimension memory bank M = {Msp,Mtp} that
dynamically maintains vectorized historical patterns:

M(i)
sp = {v(i)

sp ,m
(i)
sp }

|Msp|
i=1 (7)

M(j)
tp = {v(j)

tp ,m
(j)
tp }|Mtp|

j=1 (8)

where v(i),v(j) represent chunked embedding vectors and
m(i),m(j) contain associated metadata including statistical
summaries and importance measures for sustainable storage.

To enable fast similarity search, our retrieval store utilizes
the Facebook AI Similarity Search (FAISS) library (Douze
et al. 2024; Johnson, Douze, and Jégou 2019) for efficient
similarity-based indexing. Given history queries Qst and
current state e, we maintain and compute indices I for tem-
poral and spatial embeddings (more details in Appendix D):

Isp = σ(Index({v(e)sp } ∈ Msp|Qst)) (9)

Itp = σ(Index({v(e)tp } ∈ Mtp|Qst)) (10)

where v
(e)
s , v

(e)
t represent the sampled decoupled vectors

and σ(·) denotes the operation of discretization. The indices
support (i) periodic rebuild, (ii) LRU caching, and (iii) GPU
Acceleration, significantly improving retrieval efficiency.

Information-Theoretic ST-Retriever. To identify and se-
lect the most relevant historical patterns of vectors from
the retrieval store, we defined spatio-temporal retrievers to
search for the Top-k most relevant information based on the
similarity searching function Retriever(·). Given a context-
aware query Q ∈ RB×N×Dq and the computed indices I,
the retriever performs fine-grained pattern discovery utiliz-
ing L2 distance as follows:

D(Q,vi) = −||Q − vi||22 (11)

Retriever(Q, I, k) = argmax
k

{D(Q,vj)}|V|
j=1 (12)

where v represents chunked pattern vectors in the memory
bank M indexing byM(I) 7→ V.

Given dual-dimension feature Esp,Etp encoded before,
the set of indices I of lengths k, the ST-retrievers match the
fine-grained pattern sets in the retrieval store and calculate
the momentum of the memory banks as follows:

Es = Retriever(Esp, Is, k) = {(v(i)
s , ω(i)

s )}ki=1 (13)

Et = Retriever(Etp, It, k) = {(v(j)
t , ω

(j)
t )}kj=1 (14)

To enhance the quality of retrieved vectors vi ∈ {Es, Et},
we incorporate the similarity score si = D(Q,vi) and
momentum scores ωi that enable weighted pattern ag-
gregation. Given information entropy function H(v) =

−
∑D

d=1 pd log pd where pd = exp(vd)∑D
j=1 exp(vj)

measures the

information entropy, the momentum scores are updated with
the diversity-similarity coefficient λ and the temperature pa-
rameter τ for confidence calibration as follows:

ω′
i = ωi + softmax (si + λ · H(vi)/τ) (15)

Momentum-Based Memory Management. The retrieval
store is updated periodically during training with a defined
interval to balance between pattern freshness and compu-
tational overhead. To prevent unbounded memory growth
while preserving both recent and historically significant pat-
terns, we implement adaptive memory management:

M(e+1)
s = (1− ωs)M(e)

s + ωs · σ(Es) (16)

M(e+1)
t = (1− ωt)M(e)

t + ωt · σ(Et) (17)
where σ(·) denotes an insertion, and adaptive memory pa-
rameters α, β are determined by similarity scores s, ensuring
optimal balance between memory freshness and stability.

Cross-Attention Knowledge Fusion. Rather than simply
taking the retrieval vectors separated by temporal and spatial
dimensions, we employ multi-head attention mechanisms to
further fuse query embeddings with retrieved patterns:

Attn(Q,K,V) = softmax
(QK⊤

√
dk

)
V (18)

Rt = Attn(Qst, Et, Et), Rs = Attn(Qst, Es, Es) (19)
Rf = Attn(Qst,Rs,Rt), Hf = Concat[Qst;Rf ] (20)

where Rf ∈ RB×N×Dr denotes the fused retrieval with em-
bedding dimension Dr and Hf is the fusion embedding that
preserves the original query while combining with the most
relevant dual-dimension retrieved patterns.

3.4 Prediction and Optimization
Universal Backbone Predictor. For prediction genera-
tion, we utilized function B(X,Hf ,G) 7→ Y , leveraging
a universal backbone network B(·) for fine-tuning tasks or
training from scratch. We designed a universal interface that
allows frozen or learnable pre-trained STGNNs to use our
retrieval-augmented mechanisms, accommodating various
backbone configurations without modification to the core re-
trieval mechanism for improvements. And for the following
experiments, we default to applying the lightweight Multi-
layer Perceptron (MLP) as B in the fair perspective.

Prediction Generation. We employ a residual enhance-
ment pipeline preserving information flow while enabling
architectural flexibility, with layer normalization and feed-
forward operation after. The combined feature representa-
tion Z ∈ RB×N×(Dq+Dr) is processed through the back-
bone predictor to generate final predictions:
Z = B(Hf )||Conv(σ(Conv(Hf ·W1+ b1))W2+ b2) (21)

Ŷ = LayerNorm(Z) + FFN(Z) (22)

Loss Function. The model is trained using Mean Absolute
Error (MAE) loss with L2 regularization:

L =
1

M

∑
i∈M

||Ŷi − Yi||+ λ||θ||2 (23)

where λ is the regularization coefficient for model parameter
θ, and M denotes the collection of valid data points.
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Methods PEMS03 PEMS04 PEMS07 PEMS08
MAE RMSE MAPE(%) MAE RMSE MAPE(%) MAE RMSE MAPE(%) MAE RMSE MAPE(%)

ARIMA 35.31 47.59 33.78 33.73 48.80 24.18 38.17 59.27 19.46 31.09 44.32 22.73
VAR 23.65 38.26 24.51 23.75 36.66 18.09 75.63 115.24 32.22 23.46 36.33 15.42
SVR 21.97 35.29 21.51 28.70 44.56 19.20 32.49 50.22 14.26 23.25 36.16 14.64
LSTM 21.33 35.11 23.33 27.14 41.59 18.20 29.98 45.84 13.20 22.20 34.06 14.20
TCN 19.31 33.24 19.86 31.11 37.25 15.48 32.68 42.23 14.22 22.69 35.79 14.04
Transformer 17.50 30.24 16.80 23.83 37.19 15.57 26.80 42.95 12.11 18.52 28.68 13.66

DCRNN 18.18 30.31 18.91 24.70 38.12 17.12 25.30 38.58 11.66 17.86 27.83 11.45
STGCN 17.49 30.12 17.15 22.70 35.55 14.59 25.38 38.78 11.08 18.02 27.83 11.40
ASTGCN 17.69 29.66 19.40 22.93 35.22 16.56 28.05 42.57 13.92 18.61 28.16 13.08
GWNet 19.85 32.94 19.31 25.45 39.70 17.29 26.85 42.78 12.12 19.13 31.05 12.68
LSGCN 17.94 29.85 16.98 21.53 33.86 13.18 27.31 41.16 11.98 17.73 26.76 11.30
STSGCN 17.48 29.21 16.78 21.19 33.65 13.90 24.26 39.03 10.21 17.13 26.80 10.96
STFGNN 16.77 28.34 16.30 19.83 31.88 13.02 22.07 35.80 9.21 16.64 26.22 10.60
STGODE 16.50 27.84 16.69 20.84 32.82 13.77 22.99 37.54 10.14 16.81 25.97 10.62
DSTAGNN 15.57 27.21 14.68 19.30 31.46 12.70 21.42 34.51 9.01 15.67 24.77 9.94
EnhanceNet 16.05 28.33 15.83 20.44 32.37 13.58 21.87 35.57 9.13 16.33 25.46 10.39
AGCRN 16.06 28.49 15.85 19.83 32.26 12.97 21.29 35.12 8.97 15.95 25.22 10.09
Z-GCNETs 16.64 28.15 16.39 19.50 31.61 12.78 21.77 35.17 9.25 15.76 25.11 10.01
NHiTS 20.57 35.01 20.28 27.54 42.95 18.88 29.08 44.87 12.64 21.75 33.97 13.61
TimeMixer 20.95 32.64 27.71 27.37 40.60 27.26 30.52 44.86 19.45 21.90 33.61 17.56
TAMP 16.46 28.44 15.37 19.74 31.74 13.22 21.84 35.42 9.24 16.36 25.98 10.15
iTransformer 17.31 27.79 16.53 23.18 38.02 15.32 23.66 39.85 9.90 16.28 27.84 10.53
STKD 16.03 25.95 15.76 19.86 31.93 13.18 21.64 34.96 9.03 15.81 25.07 10.02
STDN 17.77 28.63 21.37 20.86 32.63 15.26 20.08 33.73 9.29 19.19 28.53 14.99
RAST (Ours) 15.20 25.81 16.12 18.39 29.93 12.43 19.52 32.73 8.23 14.16 23.33 9.27

Table 1: Performance comparison assessed by averaging over all 12 prediction steps with baseline models on the PEMS03, 04,
07, 08 datasets. Bold: best; Underline: second best.

4 Experiments
We conduct extensive experiments to evaluate the effective-
ness of RAST in multiple ways. These experiments are de-
signed to answer the following Research Questions (RQ):

• RQ1: How does RAST perform compared to state-of-
the-art spatio-temporal forecasting methods?

• RQ2: What is the individual contribution of each com-
ponent in the RAST framework?

• RQ3: How sensitive is RAST to key hyperparameters?
• RQ4: What is the computational efficiency of RAST

compared to baseline methods?

4.1 Experimental Settings
Datasets and Baselines. We conducted comprehensive
experiments across six diverse traffic networks: 1) PEMS03,
PEMS04, PEMS07, PEMS08 (Song et al. 2020) datasets,
and 2) the large-scale dataset San Diego (SD), Greater Bay
Area (GBA) as introduced in LargeST (Liu et al. 2023b).
Detailed statistics of these datasets are given in Appendix
B. We compare our RAST with 21 classic or advanced
baselines, which are categorized into 3 groups: (i) Non-
spatial methods: ARIMA (Box et al. 2015)VAR (Lütkepohl
2005), SVR (Awad and Khanna 2015), LSTM (Hochre-
iter and Schmidhuber 1997), TCN (Lea et al. 2017),
Transformer (Vaswani et al. 2017), NHiTS (Challu et al.
2022), iTransformer (Liu et al. 2023c), TimeMixer (Wang
et al. 2024a); (ii) GNN-based Spatial-temporal Models
DCRNN (Li et al. 2017), STGCN (Yu, Yin, and Zhu 2017),

ASTGCN (Guo et al. 2019), GWNet (Wu et al. 2019), LS-
GCN (Huang et al. 2020), STSGCN (Song et al. 2020),
STFGNN (Li and Zhu 2021), STGODE (Fang et al. 2021),
DSTAGNN (Lan et al. 2022), AGCRN (Bai et al. 2020),
D2STGNN (Shao et al. 2022c), and (iii) Other Enhanced
Approaches: Z-GCNETs (Chen et al. 2021), TAMP (Chen
et al. 2022), STKD (Wang et al. 2024b), RPMixer (Yeh et al.
2024), STDN (Cao et al. 2025). More details of the baselines
are given in Appendix A.

Metrics and Settings. Performance is evaluated using
standard metrics, including MAE, RMSE, and MAPE. We
use 12 historical time steps to forecast the next 12 steps and
calculate the average across horizons 3, 6, and 12. For the
fairness of the experiment, we only utilized the simple MLP
trained from scratch as the backbone predictor in the follow-
ing experiments. All models are implemented in PyTorch
and trained on Nvidia RTX A6000 GPUs with consistent
hyperparameter tuning protocols to ensure fair comparison.
The models are trained using the Adam optimizer with a
learning rate of 0.002, a batch size of 32, and a maximum
of 300 epochs, applying an early stopping strategy. More
detailed experimental settings are provided in Appendix C.

4.2 Performance Evaluation (RQ1)
Table 1 presents a comprehensive comparison of vari-
ous approaches for traffic forecasting tasks across PEMS
datasets. While the results on PEMS03 show room for
improvement, RAST consistently outperforms state-of-the-
art baseline methods on the remaining datasets. On the
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Dataset Methods Horizon 3 Horizon 6 Horizon 12 Average

MAE RMSE MAPE (%) MAE RMSE MAPE (%) MAE RMSE MAPE (%) MAE RMSE MAPE (%)
SD

LSTM 19.03 30.53 11.81 25.84 40.87 16.44 37.63 59.07 25.45 26.44 41.73 17.20
DCRNN 17.14 27.47 11.12 20.99 33.29 13.95 26.99 42.86 18.67 21.03 33.37 14.13
STGCN 17.45 29.99 12.42 19.55 33.69 13.68 23.21 41.23 16.32 19.67 34.14 13.86

ASTGCN 19.56 31.33 12.18 24.13 37.95 15.38 30.96 49.17 21.98 23.70 37.63 15.65
STGODE 16.75 28.04 11.00 19.71 33.56 13.16 23.67 42.12 16.58 19.55 33.57 13.22

DSTAGNN 18.13 28.96 11.38 21.71 34.44 13.93 27.51 43.95 19.34 21.82 34.68 14.40
RPMixer 18.54 30.33 11.81 24.55 40.04 16.51 35.90 58.31 27.67 25.25 42.56 17.64

RAST (Ours) 15.84 26.41 10.15 18.55 31.56 12.13 22.18 39.43 15.38 18.39 31.96 12.19

G
B

A

LSTM 20.38 33.34 15.47 27.56 43.57 23.52 39.03 60.59 37.48 27.96 44.21 24.48
DCRNN 18.71 30.36 14.72 23.06 36.16 20.45 29.85 46.06 29.93 23.13 36.35 20.84
STGCN 21.05 34.51 16.42 23.63 38.92 18.35 26.87 44.45 21.92 23.42 38.57 18.46

ASTGCN 21.46 33.86 17.24 26.96 41.38 24.22 34.29 52.44 32.53 26.47 40.99 23.65
DSTAGN 19.73 31.39 15.42 24.21 37.70 20.99 30.12 46.40 28.16 23.82 37.29 20.16
RPMixer 20.31 33.34 15.64 26.95 44.02 22.75 39.66 66.44 37.35 27.77 47.72 23.87

RAST (Ours) 17.71 29.29 13.72 20.86 34.26 16.63 24.97 41.33 21.25 20.64 34.47 16.63

Table 2: Large-scale traffic forecasting performance comparison of our RAST and baselines on the SD and GBA datasets. Our
RAST achieves the best performance across all prediction horizons and metrics. Bold: best; Underline: second best.

PEMS07 dataset, RAST achieves a MAE of 19.52, surpass-
ing DSTAGNN by 8.87%. On the PEMS08 dataset, RAST
reduces RMSE by 1.65 compared to competitive STKD,
while on the PEMS04, it outperforms all baselines with an
MAE of 18.39 and RMSE of 29.93.

Table 2 extends our evaluation to larger datasets, while the
performance on the horizon 3, horizon 6, horizon 12, and the
average of the whole 12 horizons are reported. Our method
maintains its advantage on larger traffic networks, achieving
the best results at each horizon. On the SD dataset, RAST
achieves an average MAE of 18.39, RMSE of 31.96, and
MAPE of 12.19%, representing improvements compared to
the second-best method STGODE. For the long-term pre-
diction (Horizon 12), our method achieves the best MAE
of 22.18 and RMSE of 39.43, highlighting its robustness in
modeling complex long-range dependencies. On even larger
traffic datasets GBA, RAST still surpasses baselines across
all metrics and horizons, outperforming strong baselines like
DSTAGNN and RPMixer. These results demonstrate the
scalability of RAST to model complex spatio-temporal de-
pendencies in large-scale traffic networks.

4.3 Ablation Study (RQ2)

Methods MAE RMSE MAPE (%)

RAST (Full) 19.52 32.73 8.23
w/o Fusion Query 24.53↓25.6% 37.76↓15.4% 11.76↓42.9%
w/o ST-Retriever 21.71↓11.2% 34.58↓5.7% 10.04↓22.0%
w/o Spatial Encoder 22.88↓17.2% 35.93↓9.8% 10.10↓22.7%
w/o Temporal Encoder 23.66↓21.2% 36.90↓12.7% 10.87↓32.1%
only Query Embed. 23.59↓20.9% 36.81↓12.5% 10.79↓31.1%
only Retrieval Embed. 19.38↑−0.7% 30.88↑−5.7% 13.32↓61.8%
w/o MLP Predictor 21.67↓11.0% 34.60↓5.7% 9.52↓15.7%

Table 3: Ablation study results for different components on
the PEMS07 dataset. We compare the full RAST with 7 vari-
ants. ↓ Deg% denotes the degradation percentage.

We conducted comprehensive ablation studies to evalu-
ate the contribution of each component within our RAST,

with results presented in Table 3. The results demonstrate the
significance of each component, with performance degrada-
tions across different metrics when components are removed
or modified. The query generator emerges as the most crit-
ical component, with its removal causing the most substan-
tial performance degradation of 25.6% in MAE, 15.4% in
RMSE, and 42.9% in MAPE. This dramatic decline vali-
dates our design of context-aware query generation as fun-
damental to the framework’s effectiveness. Both spatial and
temporal encoders prove indispensable, with their removal
resulting in 17.2% and 21.2% MAE degradation respec-
tively, confirming that dual-stream encoding effectively cap-
tures essential spatio-temporal dependencies.

Notably, the variant using only retrieval embeddings
achieves superior MAE (19.38) and RMSE (30.88) com-
pared to the full model while showing significant MAPE
degradation (61.8%). This suggests that while retrieval
alone captures overall magnitude, it may miss crucial dis-
tributional details, highlighting the importance of cross-
attention-based fusion for balanced performance. The com-
plete removal of the ST-retriever causes moderate degrada-
tion (11.2% of MAE, and 22.0% of MAPE), while the MLP
predictor contributes significantly with 11.0% MAE degra-
dation when removed. These findings collectively validate
that each component contributes uniquely to capturing com-
plex spatio-temporal dependencies.

4.4 Parameter Sensitivity Analysis (RQ3)
In our parameter sensitivity analysis, we focus on 4 hyperpa-
rameters: 1) the interval of retrieval, 2) the feature dimension
of query embedding, 3) the dimension of retrieval embed-
ding, and 4) the number of fusion layers. The retrieval in-
terval demonstrates optimal performance at 10 epochs, with
infrequent updates (20, 50) causing degradation due to noise
introduction and pattern staleness, respectively. Query em-
bedding dimension significantly impacts effectiveness, with
performance improving dramatically from 32 to 128 dimen-
sions, confirming the importance of sufficient representa-
tional capacity for encoding spatio-temporal patterns.
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Figure 4: Hyperparameter sensitivity analysis for RAST on the PEMS04 dataset. We chose 4 crucial hyperparameters and
measured results by MAE and MAPE(%). Vertical dashed lines indicate optimal values for each parameter.

Dataset GBA SD
Methods Mem Train Val Mem Train Val

AGCRN 16.39 619.16 67.63 5.37 120.14 12.39
D2STGNN 45.10 5392.56 830.39 38.36 1014.89 210.81
DCRNN 19.51 2654.61 350.11 9.14 333.83 57.22
DGCRN 38.71 2834.88 809.12 17.10 364.40 89.02
GWNet 11.24 1307.66 275.75 6.18 593.45 84.78
STGCN 3.40 852.57 151.46 2.16 302.95 66.50
RAST (Ours) 3.71 154.08 43.52 3.22 45.53 10.15

Table 4: Memory and efficiency comparisons on large-scale
datasets. Mem: CUDA memory (GB) used, Train: training
time (seconds per epoch), Val: inference time (in seconds).

The retrieval dimension demonstrates an optimal balance
point at 256, while the retrieval interval is set to 10, with
performance degrading at both smaller and larger values.
The dimension of query embeddings significantly impacts
model effectiveness, with prediction errors dramatically de-
creasing as resolution increases from 32 to 128, confirming
the importance of the encoding processing of the raw data.
The number of encoder layers shows substantial influence,
with optimal performance at 3 layers (MAE: 19.19), while
additional layers provide minimal improvement, suggesting
that moderate network depth sufficiently extracts meaning-
ful patterns without excessive computational costs.

These results indicate that our framework’s performance
gains benefit from both effective encoding of original data
and appropriate dimensionality of retrieval results, while re-
quiring only moderate update frequency for the Retrieval
Store without excessive computational overhead.

4.5 Efficiency Analysis (RQ4)
RAST demonstrates exceptional computational efficiency,
as shown in Table 4. We selected several models that demon-
strated superior performance in previous experiments and
evaluated them using maximum possible batch sizes (32
for SD and 16 for GBA) on a single GPU, recording three
critical metrics: memory usage, training time per epoch,
and inference time. This unified protocol ensures that any
efficiency gains stem from algorithmic design rather than

hardware advantages. While graph/attention-based models
face a quadratic growing computational cost w.r.t. the num-
ber of nodes, RAST achieves the fastest training and infer-
ence speeds across both GBA and SD datasets, with training
times of 154.08 and 45.53 seconds per epoch respectively,
and inference times of 43.52 and 10.15 seconds. Though
STGCN exhibits lower memory consumption, it requires
significantly more time for both training and inference, high-
lighting that our model achieves better overall efficiency.
Complex models like D2STGNN face severe scalability
challenges on large datasets, while RAST maintains con-
sistent performance scaling through the retrieval-augmented
mechanism to capture low-predictability patterns under lim-
ited contextual capacity constraints, instead of relying on
complex architectures. Through the sustainable storage and
maintenance of the retrieval store, RAST maintains high per-
formance while keeping the computational cost similar to
STGCN, which verifies the effectiveness of our method un-
der limited contextual capacity.

5 Conclusion

In this paper, we introduce RAST, a universal spatio-
temporal forecasting framework that integrates retrieval-
augmented mechanisms to tackle fine-grained spatio-
temporal dependencies under limited context capacity. Com-
prehensive experiments across six real-world traffic datasets,
including predictive benchmarks, ablation analyses, hy-
perparameter studies, and efficiency evaluations. The re-
sults demonstrate that RAST delivers state-of-the-art perfor-
mance while retaining favorable computational efficiency.
These findings highlight the promise of retrieval-augmented
designs as a lightweight yet powerful complement to con-
ventional spatio-temporal architectures, especially in large-
scale and heterogeneous urban scenarios. In the future, we
will continue to (i) extend RAST to broader domains such
as climate modeling and electricity demand forecasting, and
(ii) further optimize inference efficiency and online adapt-
ability when interfacing with diverse pre-trained spatio-
temporal graph neural networks.
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