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Abstract—Time series forecasting is essential for our daily
activities and precise modeling of the complex correlations
and shared patterns among multiple times series is essential
for improving forecasting performance. Spatial-Temporal Graph
Neural Networks (STGNNs) are widely used in multivariate time
series forecasting tasks and have achieved promising performance
on multiple real-world datasets for their ability to model the
underlying complex spatial and temporal dependencies. However,
existing studies have mainly focused on datasets comprising only
a few hundred sensors due to the heavy computational cost and
memory cost of spatial-temporal GNNs. When applied to larger
datasets, these methods fail to capture the underlying complex
spatial and temporal dependencies and exhibit limited scalability
and performance. To this end, we present a Scalable Adaptive
Graph Diffusion Forecasting Network (SAGDFN) to capture
complex spatial-temporal correlation for large-scale multivariate
time series and thereby, leading to exceptional performance in
multivariate time series forecasting tasks. The proposed SAGDFN
is scalable to datasets of thousands of nodes without the need
of prior knowledge of spatial correlation. Extensive experiments
demonstrate that SAGDFN achieves comparable performance
with state-of-the-art baselines on one real-world dataset of
207 nodes and outperforms all state-of-the-art baselines by a
significant margin on three real-world datasets of 2000 nodes.

I. INTRODUCTION

Multivariate time series data records the quantities of inter-
est evolving over time and arises in many aspects of scientific
research and human activities such as meteorology, stock
market, traffic flow, energy consumption, etc., and thus the ac-
curate multivariate time series forecasting plays a central role
in decision-making, investment management, trip arrangement,
and production schedule.

There are two key factors in describing the dynamics of
multivariate time series, namely, temporal dependency and
spatial dependency (correlation). The temporal dependency
characterizes the dynamics of time series along the time
dimension and the spatial dependency specifies how differ-
ent series are correlated with each other along the instance
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(series) dimension. To develop an accurate multivariate time
series forecasting model, it is equally important to faithfully
model the dynamics of time series from both dimensions.
However, some methods, including the statistical models, such
as ARIMA, VAR [1], [2], machine learning models, such
as SVR, and Gaussian Process [3], [4], and the RNNs- and
Transformer-based forecasting methods [5]–[8], mainly focus
on developing models to describe temporal dynamics. The
proposals [9]–[12] apply GNNs with RNNs jointly to forecast
the traffic flow. However, they are only applicable to the
scenarios where the graph topology is available (e.g., road
network) or can be explicitly constructed (constructing the
graph according to spatial proximity), which brings two main
limitations. First, the graph topology is not always clearly
defined, e.g., the trend of stock price data; second, the graph
topology induced by the spatial proximity may not reflect
the true correlations, i.e., two nearby time series can be
uncorrelated and two distant ones are likely to exhibit similar
trend due to latent common causes [10], [13], [14].

To address these two limitations, the adaptive-weight-GNN
forecasting methods [10], [12]–[17] are proposed. The key idea
is to learn the adjacency matrix or weight matrix directly from
data and integrate it with the forecasting model, under the
guidance that an optimal adjacency matrix or weight matrix
should able to provide the true correlations and aid in the
forecasting. Specifically, the adaptive-weight-GNN methods
learn each node i an embedding ei and compute the pairwise
correlation Aij between node i and node j as Aij = f(ei, ej)
where f(·, ·) is a transformation function such as inner product
or feed-forward neural networks. Several studies [18]–[21]
leverage the attention mechanism to learn the underlying
spatial correlations. For instance, ASTGNN [19] proposes a
temporal-aware attention-based network to enhance forecast-
ing ability. Similarly, ST-WA [21] presents a spatio-temporal
aware network, utilizing a window attention technique to miti-
gate temporal complexity. The adaptive-weight-GNN methods
show great performance improvements over the prior GNN-



based methods with predefined graph structures. Despite their
performance superiority, the present methods still have two
main limitations.

First, they require computing and utilizing an N × N
weight matrix, which is quite expensive in terms of both
computation complexity and memory complexity, and thus fail
to scale to large datasets. Table I shows the complexity of
three representative adaptive-weight-GNN forecasting meth-
ods, with both their computational and memory costs growing
quadratically with the number of nodes or time series N . It
becomes prohibitively costly to apply them to relatively large
multivariate time series forecasting datasets, e.g., all of them
will run into out-of-memory errors on a 32GB memory GPU
when N grows out of 2000. Take GTS [12] as an example,
we show its memory consumption analysis in Example 1.

Example 1. First, such a typical multivariate time series
forecasting setup leads to the model’s hidden state variables of
size B×N×T×D, resulting in 64×2000×64×24×8Byte =
1.57GB GPU memory per variable. Second, the CUDA mem-
ory runs out quickly in order to store the node embeddings of
size N ×N × d (d is the embedding dimension). Last, given
the computation B · T ·D ·N = 64 · 24 · 64 ·N = 98, 304N ,
GPU memory consumption escalates by almost 100,000 times
proportional to the graph size. As the graph size grows to
2000 nodes, storing all intermediate states and the node
embeddings costs substantial GPU resources and underscores
the forecasting performance. [14], [22].

In practice, as we will show in Section V, a larger N
could potentially offer more structure information. However,
the existing approaches all fail to explore it due to their
exhausting memory usage. Several methods [23]–[27] such
as GraphSAINT [23], Cluster-GCN [24], and SHADOW [26]
have been developed to tackle the computational expense asso-
ciated with traditional Graph Neural Networks (GNNs). These
strategies implement various sampling, sub-graph partitioning
or coarsening, and graph clustering algorithms to mitigate
computational costs. For instance, the Nystrom method [27]
provides an effective spectral clustering solution by approx-
imating global eigenvectors using a locally sampled graph.
However, these approaches do not align smoothly with our
research context. This is due to their inherent reliance on a
precisely known adjacency matrix.

Second, such a manner fails to take spatial sparsity into
consideration and can bring noise to the graph convolution op-
eration. Intuitively, a node (time series) is often only correlated
with a small fraction of nodes in real-world scenarios, i.e., its
neighbor size should be small. However, the existing adaptive-
weight-GNN methods implicitly assume a dense connection
for the underlying graph, and Aij will be a trivial but nonzero
value even if the node i and j have no correlation. This may
not be a big deal for small graphs; but when N is large the
accumulated noise entries can be significant and impede the
eventual performance.

To address these two limitations, we propose a Scalable
Adaptive Graph Diffusion Forecasting Network. Our key idea

TABLE I
COMPLEXITY OF ADAPTIVE-WEIGHT-GNN FORECASTING METHODS (N ,

d, D, M ARE # OF NODES, NODE EMBEDDING DIMENSION, HIDDEN
DIMENSION, AND SIZE OF THE MOST SIGNIFICANT NODES,

RESPECTIVELY).

Model Computation Complexity Memory Complexity
AGCRN O(N2d+N2D) O(N2 +Nd)

GTS O(N2d2 +N2D) O(N2 +N2d)
STEP O(N2d2 +N2D) O(N2 +N2d)

SAGDFN O(NMd2 +NMD) O(NM +NMd)

is to take advantage of the spatial sparsity to simultaneously
reduce the complexity and the negative effect caused by the
noise entries. Specifically, we propose to select the most
significant M (M ≪ N ) nodes that are globally influential
to all N nodes in an end-to-end learning approach. This is
achieved by a simple but effective Significant Nodes Sampling
algorithm, and the output of the sampling algorithm is fed to
a well-developed Sparse Spatial Multi-Head Attention module
to refine and produce a slim adjacency matrix As with size
N × M , and the α-Entmax function is adopted to further
encourage sparsity. The slim matrix As is then used to perform
graph diffusion. Both the computational and memory cost are
reduced from N2 to MN as shown in Table I.

Example 2. In comparison to Example 1, the GPU consump-
tion in graph diffusion is reduced to B×M×T ×D, typically
amounting to less than 0.1GB per hidden state variable.
Additionally, the GPU consumption for node embeddings is
reduced from 64GB to 3.2GB, achieved by setting M to 100.

Our idea also mitigates the negative effects induced by
the noise entries. This is because only the most significant
nodes are considered and refined by the α-Entmax function.
Moreover, the Significant Nodes Sampling algorithm and
Sparse Spatial Multi-Head Attention module interact with the
subsequent forecasting module in a differentiable manner, and
thus all parameters can be learned end-to-end. In summary,
our contributions are as follows.

• We propose a scalable adaptive graph diffusion network
for the multivariate time series forecasting problem. It
is able to scale to large datasets and exploit the spatial
correlation in an efficient fashion.

• We introduce a Significant Neighbor Sampling algorithm
and a Sparse Spatial Multi-Head Attention module, by
which we can derive a slim dense adjacency matrix
that enables reducing the complexity from O(N2) to
O(MN), where M ≪ N , in addition to mitigating the
negative effect caused by noise entries.

• We conduct extensive experiments on four real-world
datasets to demonstrate that our proposed model not only
is able to attain state-of-the-art performance on normal
datasets but also surpasses other state-of-the-art models
on three large datasets. The majority of the state-of-the-
art models fail to handle these three large datasets.



II. RELATED WORK

A. Statistical Models and Machine Learning Methods

In earlier studies, multiple classical statistical models are
used to model the time series forecasting problems [1], [2]. For
example, ARIMA employs autoregression, differencing, and
moving averages techniques to model the linear relationships
of the time series. Vector autoregression (VAR) [2] models
multiple time series together in an autoregression approach
using maximum likelihood estimation. The classical machine
learning models such as Support Vector Regression (SVR) [3]
tries to find a hyperplane that maximizes the margin between
the historical inputs and the prediction values. However, these
classical methods fail to capture the non-linearity in time series
and lack complex pattern learning capacity, thus having limited
ability to model the complex correlations.

B. Classical Neural Network-based Methods

Neural network-based methods have been widely used to
address time series forecasting problems. Recurrent Neural
Networks (RNNs) are commonly used to model time series
data and Long Short-Term Memory (LSTM) and Gated Recur-
rent Units (GRUs) are two variants of the RNNs architecture.
Furthermore, some researchers divide the time series data
into multiple grids based on topological information and
use Convolutional Neural Networks (CNNs) to model the
spatial correlations [28], [29] and employs RNNs to model
the temporal correlations. For instance, ST-ResNet is proposed
by [30] to predict the citywide crowd flows. A deep multi-
view spatial-temporal network proposed by [31] integrates
CNNs and LSTM for taxi demand prediction. These methods
are able to capture the non-linearity in time series data and
demonstrate good forecasting performance. However, only
grid-based spatial correlations are considered in these methods.

Transformer-based models [7], [8], [32]–[35] have demon-
strated significant promise in long-sequence forecasting due
to their capacity to effectively capture extensive temporal
dependencies. For instance, Informer [7] employs the sparsity
of attention scores via KL divergence estimation, introduc-
ing the concept of Prob-Sparse self-attention. This approach
allows for the complexity of O(h(log h)), where h denotes
the sequence length. Triformer [32] model introduces a novel
approach of triangular, variable-specific patch attention, en-
hancing accuracy while maintaining a linear complexity of
O(h). However, these models concentrate on reducing the
complexity inherent in cross-time dependency modeling, they
may inadvertently neglect the vital spatial dependencies that
exist between time series. Such neglect can considerably
influence the effectiveness of forecasting in multivariate time
series.

C. Spatial-Temporal Graph Neural Networks

Spatial-Temporal Graph Neural Networks (STGNNs) have
been extensively utilized as a default framework to model the
correlations among the time series [9]–[12], [14]–[19], [36]–
[38]. In the STGNNs framework, GNNs are utilized to model

the intricate spatial relationships and to facilitate the message-
passing between time series. Graph Convolutional Networks
(GCNs) [39] are widely used GNNs methods to process spa-
tial dependency. Furthermore, different variants of Recurrent
Neural Networks (RNNs) and Temporal convolutional net-
works (TCNs) are frequently used by STGNNs-based methods
to model temporal dependency. STGNNs have demonstrated
state-of-the-art performance on numerous forecasting datasets,
by jointly modeling spatial and temporal correlation in an end-
to-end approach.

DCRNN [9] employs GRUs to model time dependencies,
and uses GNNs to model spatial correlations with a predefined
adjacency matrix obtained from topology information. T-GCN
[11] also approximates the adjacency matrix from topology
information and captures spatial correlation with the classical
GCNs. Since the adjacency matrix derived from the topology
information is static, the forecasting performance of these
models is prone to inaccuracies when there is imprecision in
the prior knowledge.

Many models [10], [12], [14]–[16] incorporate the adaptive
adjacency matrix into the STGNNs. AGCRN [10] learns a
set of node embeddings, which are numerical representations
of each node in a given graph. Specifically, the inner prod-
uct of these embeddings is computed to learn the adaptive
adjacency matrix utilized in GCNs. This adjacency matrix
updating process allows the GCNs to effectively capture
the underlying structure and relationships present in graph
data, ultimately enhancing forecasting performance. MTGNN
[14] is an innovative approach that incorporates GCNs into
the Mix-hop Propagation Layer alongside dilated temporal
convolution modules to model the temporal dependency. To
effectively capture the spatial dependency, MTGNN learns
both source and destination node embeddings, and replaces
the GCNs adjacency matrix with the inner product of the bi-
directional node embeddings. Although these models exploit
the potential spatial correlation, they fail to reveal the nonlinear
spatial correlation, and their ability to approximate spatial
correlation is limited in terms of expressiveness when the
graph becomes large.

Several methods employ a more explicit graph learning
approach by utilizing feed-forward neural networks to model
the pair-wise spatial correlation, as opposed to simply cal-
culating the inner product of node embeddings. Unlike the
aforementioned models such as AGCRN [10] and MTGNN
[14], GTS [12] and STEP [15] use the full training sequence
as initial node embeddings. Such node embeddings are con-
catenated node-to-node for computing pair-wise correlation
weights by a graph learning block. GTS [12] and STEP [15]
have achieved state-of-the-art performance on multiple widely
used multivariate time series forecasting datasets.

While these STGNNs methods have demonstrated signifi-
cant advancements in forecasting normal-scale datasets, their
ability to effectively leverage the underlying spatial-temporal
correlation and extend to larger datasets remains limited. To
tackle this challenge and improve the forecasting performance,
we propose the SAGDFN method, which allows us to cap-



ture the precise spatial dependency between nodes without
depending on the predefined adjacency matrix that can lead
to flawed results. We incorporate a Significant Neighbors
Sampling module to diminish computational overhead, thereby
enabling the method’s application to extensive datasets consist-
ing of thousands of nodes. Additionally, we introduce a Sparse
Spatial Multi-Head Attention module to accurately reduce
noise and utilize spatial correlation. Our proposed SAGDFN
achieved state-of-the-art performance on both normal and
larger real-world datasets.

III. PRELIMINARY

We first give the definitions of multivariate time series
data and multivariate network in our proposed method, then
we formally present the multivariate time series forecasting
problem.

Definition 1. Multivariate Time Series. A multivariate time
series records the quantities of interest generated by N in-
stances over T time steps at a fixed interval (e.g., 5 minutes),
and each observation is a C dimension variable, where C is
referred to as the channel. The observations made by all N
instances at time step t are denoted by Xt ∈ RN×C .

Definition 2. Multivariate Network. A multivariate network
can be represented as a graph G = (V,E,A), where V
denotes the nodes of the graph with the size N (e.g., number of
time series) and E denotes the set of edges, and A ∈ RN×N

denotes the adjacency matrix. For instance, in a traffic speed
dataset, V constitutes the set of traffic sensors (each node
corresponds to a time series recorded by the sensor), and E
represents the set of dependencies between nodes.

Definition 3. Multivariate Time Series Forecasting. The mul-
tivariate time series forecasting problem attempts to predict
the future f steps of multivariate time series starting from time
step t, Xf = [Xt+1, Xt+2, . . . , Xt+f ] ∈ Rf×N×C , given the
past h steps historical observations, Xh = [Xt−h+1, Xt−h+2,
. . . , Xt] ∈ Rh×N×C , as well as the corresponding covariates
(e.g., time of the day, day of the week).

IV. SAGDFN FRAMEWORK
Our Scalable Adaptive Graph Diffusion Forecasting Net-

work (SAGDFN) aims to make the forecasting framework
suitable for larger graphs by reducing computational and mem-
ory complexity. Compared to other approaches, our SAGDFN
model possesses the capability to handle larger graphs, inte-
grating beneficial information to enhance the model’s forecast-
ing accuracy. This is accomplished by the selective sampling
of the most relevant neighbors, facilitating the creation of a
slim dense adjacency matrix in a data-driven manner. To our
knowledge, this represents the first investigation employing the
α − Entmax function to refine adaptive spatial correlations.
This novel application contributes significantly to improved
forecasting performance (as shown in Table VIII). As a result,
our approach achieves both efficient and effective performance
for multivariate time series forecasting. In this section, we in-
troduce the SAGDFN framework, and the detailed architecture

of our proposed framework is shown in Figure 1. Our proposed
SAGDFN is based on the classical encoder-decoder framework
[40] and we do not specify any prior knowledge about spatial
correlation. Consequently, our SAGDFN model exhibits broad
applicability to a wide spectrum of multivariate time series
forecasting challenges, affirming its generic utility in this
domain. The SAGDFN contains three main modules: a most
Significant Neighbors Sampling module to derive the node
index set I that contains the indices of the most informative
neighbors, a Sparse Spatial Multi-Head Attention module to
compute the slim dense adjacency matrix, and an Encoder-
Decoder-based Forecasting module to account for complex
spatial-temporal correlation. These three modules are trained
jointly in an end-to-end approach.

To reduce computational complexity and memory cost, we
first propose the most Significant Neighbors Sampling module
to filter and select the most important node indices from
the node embedding matrix, resulting in an index set I that
contains the nodes index to facilitate the message passing
function of Graph Neural Networks (GNNs) in the SAGDFN
framework. The learned index set I is then sent to the Sparse
Spatial Multi-Head Attention module as input, which retrieves
the embedding of the most significant neighbors EI based
on the index set I . The module then concatenates the node
embedding matrix E with the most significant neighbors em-
bedding EI and employs a multi-head attention mechanism to
compute the slim dense adjacency matrix As. The slim dense
adjacency matrix As is used by a fast graph convolution in the
Encoder-Decoder-based forecasting module to model spatial
correlation and temporal dependency. SAGDFN updates the
most significant node index set I , the slim dense adjacency
matrix As, and all the learnable parameters Θ, including the
node embedding matrix E, jointly in an end-to-end approach
using backpropagation based on the L1 loss.

SAGDFN addresses the high computational complexity and
memory cost issue of the STGNNs while ensuring high predic-
tion accuracy. SAGDFN learns to sample the most pertinent
neighbors and captures the pair-wise spatial correlations in
an end-to-end approach. Our method achieves state-of-the-art
performance on both normal and large multivariate time series
forecasting datasets.

A. Significant Neighbors Sampling

The present graph neural networks-based forecasting mod-
els [10], [12], [14], [41] learn a full adjacency matrix A
with size N × N adaptively. These models integrate the
learned adjacency matrix with the subsequent graph convo-
lution operation to offer structured spatial correlations that
are useful for forecasting. However, such a manner involves
quadratic computational complexity and becomes prohibitively
expensive as N grows over 2000, which is quite common
in practical applications. To address this, we propose a most
Significant Neighbors Sampling module, which is motivated
by the observation [13], [41]–[43] that not all nodes are
important to a given node and only a small subset of nodes
is significant to it, which we refer to as its most significant
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Fig. 1. The overall architecture of the proposed SAGDFN framework. The Significant Neighbors Sampling module (green) and the Sparse Spatial Multi-Head
Attention module (yellow) learn the slim adjacency matrix (pink) which will be employed in each OneStepFastGConv cell (orange).

neighbors. Our proposed module takes advantage of such an
observation and dynamically selects these significant neigh-
bors out of the N nodes. After that, the selected neighbors
are utilized to construct a slim adjacency matrix that achieves
a balance between fast computation and accurate forecasting
performance.

Algorithm 1: Significant Neighbors Sampling
Input: Node Embedding: E, Candidate Neighbors: C
Output: Significant Neighbor Index: I

1 d← 0M ;
2 for i← 1 to N do
3 for j ← 1 to M do
4 dj ← ∥Ei −ECij

∥2;

5 Sort Ci by d;

6 count ← Frequency of node ids in C1:N,1:K ;
7 VK ← Node ids with top-K count;
8 VM−K ← Random sampling M −K nodes from V \ VK ;
9 I ← VK ∪ VM−K ;

10 return I;

Bearing this idea in mind, one may attempt to select the
most significant neighbors that are specific to a particular node
i (i = 1 . . . N ). Since the most significant neighbors vary
across different nodes, this will result in a sparse adjacency
matrix A which may not be as computationally efficient
as the dense matrix for the present automatic differentiation
platforms (PyTorch, TensorFlow, etc.). In contrast, we propose
a more memory-efficient method to select the most significant
M ≪ N neighbors that are shared by all nodes and then
use these M nodes to construct an adjacency matrix As

with size N × M that will be used in the subsequent graph
convolution and forecasting process. To this end, we randomly
initialize a node embedding matrix E ∈ RN×d, whose i-th
row is denoted by Ei ∈ Rd. We also randomly construct a
candidate neighbors matrix C ∈ {1, . . . , N}N×M whose i-th
row indicates the most significant neighbor candidates of node

i, with the requirement that each node id can only appear once
in a row, ensuring that the amortized count of every distinct
node is around M in the candidate matrix, that is, every
distinct node being considered by the candidate neighbors
matrix. In other words, Ci is the neighbor candidate queue
of node i.

As shown in Algorithm 1, given the present node embedding
matrix E, we first rank the significance of the M candidate
neighbors of node i by measuring the similarity between node
i and the j-th candidate Cij in the representation space (lines
1-5 in Algorithm 1), i.e., the closer the candidate is in the
representation space, the more significant it is. Specifically,
we adopt the Euclidean distance to measure the similarity
between the time series pairs for its efficacy in the context
of normalized representation spaces [44], [45]. In this way,
we have put the most significant neighbors of all nodes into
the front of the candidate queues. To select the M most
significant neighbors that are globally influential and could
be shared by all nodes, we measure the significance of each
node by counting its frequency in the top-K position of
candidate neighbors matrix, i.e., C1:N,1:K (K < M ), and
only take the top-K significant nodes, namely, VK (lines 6-
7 in Algorithm 1). Note that, in each Significant Neighbors
Sampling iteration, we intentionally leave M −K empty slots
and fill them by randomly sampling from the set V \ VK , in
order to encourage exploration and enhance model robustness
(line 8 in Algorithm 1) so that eventually all node embed-
dings are updated and important variates are not inadvertently
omitted. Eventually, the selected top-M significant node index
set I is returned by the sampling algorithm. It will be used
to construct a slim dense adjacency matrix As with size
N × M , which significantly reduces both the computational
and memory complexity in comparison with the original
O(N2) implementation.



B. Sparse Spatial Multi-Head Attention
Given the returned most significant neighbors index I and

node embedding matrix E, we propose a Sparse Spatial
Multi-Head Attention module to derive the required slim
dense adjacency matrix As ∈ RN×M in this section. Our
Sparse Spatial Multi-Head Attention module boasts two crit-
ical characteristics. First, it operates independently of any
pre-existing spatial knowledge, ensuring that the model is
uninfluenced by potentially misleading spatial information.
This also renders our SAGDFN universally applicable to all
facets of multivariate time series forecasting. Secondly, we
have strategically engineered a sparse attention mechanism.
This design employs the α − Entmax function to learn and
refine spatial correlations, leading to a marked enhancement in
forecasting performance. Intuitively, the entry As−ij quantifies
the correlation strength between node i and the j-th most
significant neighbors, that is to say, how much information
should diffuse from the j-th most significant neighbors to
node i in the graph convolution operation. To capture such
correlation, it is natural to adopt the inner product operation,
i.e., let As−ij ∝ E⊤

i EIj . The inner product permits matrix
operation to exploit the computation parallelizability. However,
it fails to reveal the nonlinear correlation, which has to be
compensated by the subsequent nonlinear transformation and
more considerable depth (as adopted in Transformer [46]).
Hence, we propose to directly learn the nonlinear correlation
with the Feed Forward Network. For a given node i, its
multi-head attention scores regarding the M most significant
neighbors are computed as follows:

Ēi = ⊕ (repeat(Ei,M),EI) ∈ RM×2d (1)

Yp
i = FFNp(Ēi) ∈ RM×2 (2)

Zp
i = α-Entmax(Yp

i ) ∈ RM×2 (3)

Zi = ⊕(Z1
i ,Z

2
i , . . . ,Z

P
i ) ∈ RM×2P (4)

where ⊕ indicates the concatenation operation and p ranges
from 1 to the number of heads P .

The repeat() operator first constructs a matrix with size
M × d whose rows are all identical to Ei, and we then
concatenate it with the embeddings of the most significant
neighbors EI along the representation dimension to yield
Ēi. Ēi is then transformed nonlinearly by the Feed Forward
Network (FFN) to produce Yi, a two-column matrix, whose
first (resp. second) column represents the likely (resp. unlikely)
possibility of correlations between the node i and significant
neighbors. Inspired by the multi-head attention, we also yield
multiple Yp

i with P Feed Forward Networks to explore diverse
correlations in different semantic spaces. Next, rather than
employing the commonly used Softmax function, we propose
to leverage the α-Entmax to normalize Yp

i along the column
dimension to encourage sparsity (the benefits will be discussed
in detail later), and the normalized scores are denoted by
Zp

i which will be concatenated to yield the multiple-head
score matrix Zi ∈ RM×2P for the node i. In the end, we
stack all multi-head attention scores Zi to yield a tensor
Z ∈ RN×M×2P , which will be transformed by a linear

function parameterized by the matrix Wa ∈ R2P×1 to produce
the desired adjacency matrix As as follows.

Z = stack([Z1,Z2, . . . ,ZN ]) ∈ RN×M×2P (5)

As = ZWa ∈ RN×M (6)

Remark. In the multivariate time series forecasting prob-
lem, the spatial correlation derived from the Softmax function
[10], [14], [41] comprise a significant proportion of low-
weight entries. Consequently, directly performing the graph
convolution based on these low-weight entries may distract
the node of interest and weaken the impact of the graph
convolution, as the nodes connected to the target node via
such low-weight entries typically exhibit minimal or no trend
and seasonality similarity. To tackle this concern, we propose
to use the α-Entmax [47] with an adjustable hyperparame-
ter α to suppress the impact from distant high-dimensional
neighbors while accentuating the impact from proximate high-
dimensional counterparts. Compared to the Softmax function
which is typically employed to normalize the input vector and
derive the approximation probability, the α-Entmax function
offers enhanced control over the normalized attention scores Z
which serve as the spatial correlations. Its definition is given
as follows, where [x]+ := max{x, 0}:

α-Entmax(z) = [(α− 1)z− τ1]
1/α−1
+ (7)

where z ∈ Rd and τ : Rd → R can be derived by the function
below, for any z:∑

j

[(α− 1)zj − τ(z)]
1

α−1

+ = 1 (8)

The α-Entmax function is a generalization of the Softmax with
α = 1.0 and the Sparsemax [48] with α = 2.0, and thus it
offers more flexibility in comparison to these counterparts. The
suppression and promotion level degree varies across different
datasets, as different data domains contain their own inherent
properties. The value of hyper-parameter α, with a range of
[1.0, 2.5], can be tuned accordingly.

C. Encoder-Decoder-based Forecasting

Thus far, we have described how to adaptively derive the
desired slim graph adjacency matrix As that not only provides
rich spatial dependency relationships but also enables fast
graph convolution operation with a small memory footprint.
However, the dynamics of multivariate time series data is
jointly controlled by the spatial correlation and temporal
dependency, and thus it is equally important to model the
temporal dynamics for accurate forecasting. To this end, we
propose to integrate our fast graph convolution with a sequen-
tial model, more specifically, GRUs [5] to develop our entire
forecasting model under the Encoder-Decoder architecture.
First, we present how to perform fast graph convolution with
our derived slim adjacency matrix As to diffuse valuable infor-
mation across the spatial dimension to enhance the forecasting.
Then, we describe the method of integrating this fast graph



convolution operation with the GRU model to carry one-step
computation, dubbed as OneStepFastGConv (One Step Fast
Graph Convolution). In the end, we show how to make multi-
step forecasting to produce the predictions and calculate the
loss. The overall learning algorithm is shown in Algorithm 2,
in which all the learnable parameters are denoted by set Θ.

Algorithm 2: Overall Learning Algorithm
Input: Training Dataset: Xh, Xf

Output: Learned Parameters: Θ
1 Θ← Randomly initializing all parameters;
2 C← Randomly constructing candidates;
3 iter ← 0;
4 while training is true do
5 if iter < r then
6 I ← SignificantNeighborSampling(E,C);

7 As ← SparseSpatialMHAttention(E, I);
// Encoder: computing Ht0−1.

8 for t← t0 − h+ 1 to t0 − 1 do
9 Ht, X̂t+1 ← OneStepFastGConv(As,Xt,Ht−1);

// Decoder: computing X̂t0+1, . . . , X̂t0+f.
10 X̂t0 ← Xt0 ;
11 for t← t0 to t0 + f do
12 Ht, X̂t+1 ← OneStepFastGConv(As, X̂t,Ht−1);

13 L ← Compute loss with Equation-11;
14 Running backward computation to calculate ∂L/∂Θ;
15 Updating Θ with ∂L/∂Θ;
16 iter ← iter + 1;

17 return Θ;

We further conduct the information diffusion over the graph
with multiple steps with adjacency matrix As, and the corre-
sponding fast graph convolution is defined as follows:

W ⋆As X =

J−1∑
j=0

Wj(D+ IN×N )−1(AsXI +X)j (9)

where W = {Wj}Jj are the learnable parameters and D ∈
RN×N is the degree matrix derived from As, J is the number
of steps of graph diffusion. X denotes the observation at one
particular time step, and we omit the subscript t to keep the
notation uncluttered. Note that the boldface symbol IN×N

represents the N-dimension identity matrix whereas I denotes
the index set of the M most significant neighbors. Hence,
AsXI represents the incoming information aggregated from
the M most significant neighbors, we add AsXI with X to
preserve the information of each node itself, and the sum is
normalized by (D+IN×N )−1 before the linear transformation.

Our proposed approach is characterized by its generality
and compatibility with a diverse set of models, including
Recurrent Neural Networks (RNNs), Temporal Convolutional
Networks (TCNs), and attention mechanisms. In particular,
we seamlessly integrate our method into the classical Gated
Recurrent Unit (GRU) architecture by strategically replacing
the standard matrix multiplication with the graph convolution

operation as follows:

Rt = σ(Wr ⋆As ⊕(Xt,Ht−1) + br)

Zt = σ(Wz ⋆As ⊕(Xt,Ht−1) + bz)

H̃t = tanh(Wh⋆As
⊕ (Xt,Rt ⊙Ht−1) + bh))

Ht = Zt ⊙Ht−1 + (1− Zt)⊙ H̃t

X̂t = HtWx

(10)

where Xt and Ht represent the input and hidden state at time
step t, Rt and Zt denote the reset gate and update gate at time
step t, respectively. σ signifies the sigmoid activation function
and Wr, Wz , Wh are learnable model parameters. The
prediction X̂t at step t is obtained by a linear transformation
with parameter matrix Wx. We refer to the computation of
Equation 10 as OneStepFastGConv. To make the multiple-
step predictions, we run OneStepFastGConv h− 1 steps with
the historical observation sequence Xh as input to compute
its compressed representation Ht0−1, i.e., the Encoder as
shown in lines 8-9 in Algorithm 2; analogously, we run it f
steps to produce the prediction sequence X̂t0+1, . . . , X̂t0+f

by using the obtained sequence representation Ht0−1 and
the observation at t0 step Xt0 . Eventually, we calculate the
prediction loss by adopting the commonly used MAE (Mean
Absolute Error) as the metric, i.e.,

L(X, X̂;Θ) =
1

Nf

t0+f∑
t=t0

∥∥∥Xt − X̂t

∥∥∥
1

(11)

Lines 13-15 in Algorithm 2 show the optimization steps by
calculating the gradients of all parameters with respect to
the loss L. Note that the most significant neighbors and
adjacency matrix are derived in lines 5-7 in Algorithm 2 with
the given embedding matrix E. As E ∈ Θ its values will
be updated in each iteration, and thus the index set I and
adjacency matrix As will also be optimized dynamically so as
to better aid the forecasting. Once the updating process of the
embedding matrix E converges, to produce better forecasting
performance, we complete the significant neighbors sampling
process and stop introducing randomly sampled nodes to the
index set I . We use the hyper-parameter convergence iteration
number r to control this process.

V. EXPERIMENTS

In this section, we evaluate the effectiveness of our pro-
posed SAGDFN method with extensive experiments on four
real-world datasets. We first introduce detailed experimental
settings, including the datasets, the parameter settings, and the
selected baselines for comparison. Then we compare the per-
formance of the SAGDFN with other baselines. Furthermore,
we design comprehensive experiments to verify the superiority
of the Significant Neighbors Sampling module and the Sparse
Spatial Multi-Head Attention module. These two key compo-
nents effectively model the spatial correlations in a slim way
while reducing computational complexity. Finally, we conduct
thorough ablation studies to evaluate the impact of the essential
architectures, components, and training strategies. The source



code is available at https://github.com/JIANGYUE61610306/
SAGDFN.git.

TABLE II
STATISTICS OF OUR DATASETS

Data type Datasets # of sensors Time range

Traffic
speed

METR–LA 207 1 Mar - 30 June 2012
London2000 2000 1 Jan - 31 Mar 2020

NewYork2000 2000 1 Jan - 31 Mar 2020
Carpark

lots CARPARK1918 1918 1 May - 30 June 2021

A. Experimental Setup

Datasets. We perform experiments on four real-world mul-
tivariate time series datasets, and the statistics of the datasets
is presented in Table II. METR-LA is a commonly used
multivariate time series benchmark dataset that comprises
traffic speed recordings from 207 nodes with a time step of 5
minutes. Apart from that, to validate the strength of SAGDFN
in tackling large datasets, we introduce three real-world
datasets: CARPARK1918, London2000, and NewYork2000.
London2000 and NewYork2000 contain traffic speed hourly
recordings of 2000 road segments, while CARPARK1918
contains parking lot availability information of 1918 carparks
in Singapore with a time step of 5 minutes. Note that previous
work on multivariate time series prediction has not reported
evaluation on dataset of such scales. We believe the three
datasets provide a different perspective for evaluating new
approaches on the topic.

To ensure a fair comparison, we split the dataset following
the setting applied in previous studies. Specifically, we use
70% of the available data as the training set, 10% as the
validation set, and 20% as the testing set. For the traffic speed
datasets, namely METR-LA, London2000, and NewYork2000,
we utilize the features from the previous 12 time steps as
input to predict the traffic speed of the next 12 time steps.
As for the carpark availability dataset CARPARK1918, we
use the parking records of the previous 24 time steps (i.e., 2
hours) to predict the number of available parking lots in the
next 12 time steps (i.e., 1 hour). All models, including our
proposed SAGDFN method and other baselines, are evaluated
under these dataset settings.
Baselines. We perform a comprehensive evaluation on multi-
variate time series forecasting problem with 15 baselines in
total. We note that the baselines we select are all publicly
available, which enables us to verify the performance on
our three large-scale datasets based on their original im-
plementations. Specifically, the compared baselines include
both classical time series forecasting methods (ARIMA [1],
VAR [2], SVR [3] and LSTM [6]) and various recent state-of-
the-art STGNN methods (Employing predefined spatial corre-
lation: DCRNN [9], STGCN [17], STSGCN [49]; Employing
adaptive spatial correlation by inner product method: Graph
WaveNet [13], AGCRN [10], MTGNN [14], D2STGNN [16];
Employing adaptive spatial correlation by attention scores:
GMAN [50] ASTGCN [18]; Employing adaptive spatial
correlation by pair-wise information analysis: GTS [12],
STEP [15]).

Fig. 2. Diffusion threshold M for Sensor 883 of London2000 dataset.

Metrics. To evaluate the performance of different models, we
adopt three widely-used metrics for multivariate time series
forecasting, including Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and Mean Absolute Percentage
Error (MAPE). A lower score indicates a better performance.
Implementation. We evaluate all the models on a Linux
workstation with an Intel(R) Xeon(R) Gold 6248 CPU @
2.50GHz and a 32 GB Tesla V100 GPU. For all the baselines,
we use their original implementations with minimum modi-
fications required to run on our datasets. For our SAGDFN
model, we use Adam optimizer and the nodes dimension
d is set to 100. As demonstrated in Figure 2, features of
Sensor 813 merely change when increasing the number of
nearby nodes M from 10 to 20. In an attempt to ensure a
wider margin, we set the latent neighborhood size, M , to
100, based on empirical evidence that performance stabilizes
when increasing the size of M to approximately 5% of N ,
which rounds to 100. From all available candidates, we select
the top-K = 80 nodes and randomly sample an additional
(M −K) = 20 nodes. The encoder-decoder forecasting layer
is set to 1 and the depth of the Recurrent Graph Convolution
Cell J is set to 3. The hidden size of GRUs is set to 64 and the
default number of attention heads is 8. We discuss the number
of attention heads and the α value of the Entmax function
in the Parameter Sensitivity section in detail. To replicate
the performance of the baseline models, we adopt the same
hyper-parameter configurations recommended in their original
papers. We report the performance of all the models using
either a batch size of 64 or 32, depending on which one yields
better results. In the case that a model still encounters out-of-
memory (OOM) issue under a batch size of 32, we tag such
models with an OOM symbol in the performance from Table
V to Table VII.

B. Performance of SAGDFN

Table III shows the performance of all the models at
different forecasting horizons on METR-LA dataset. The best
result for each evaluation metric is highlighted in bold with
an underline. We can observe that the proposed SAGDFN
exhibits comparable performance with the current state-of-the-
art baselines. Specifically, our proposed SAGDFN achieves
the best performance on 6 out of 9 evaluation metrics on
the METR-LA dataset, which is higher than STEP [15]
and D2STGNN(c) [16]. Since the original implementation of



TABLE III
PERFORMANCE COMPARISON ON METR–LA DATASET.

METR–LA Horizon 3 Horizon 6 Horizon 12
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

ARIMA 3.99 8.21 9.6% 5.15 10.45 12.7% 6.9 13.23 17.4%
VAR 4.42 7.89 10.2% 5.41 9.13 12.7% 6.52 10.11 15.8%
SVR 3.99 8.45 9.3% 5.05 10.87 12.1% 6.72 13.76 16.7%

LSTM 3.44 6.30 9.6% 3.77 7.23 10.9% 4.37 8.69 13.2%
DCRNN 2.77 5.38 7.3% 3.15 6.45 8.8% 3.6 7.60 10.5%
STGCN 2.88 5.74 7.6% 3.47 7.24 9.6% 4.59 9.4 12.7%

GRAPH WaveNet 2.69 5.15 6.9% 3.07 6.22 8.4% 3.53 7.37 10.0%
GMAN 2.80 5.55 7.4% 3.12 6.49 8.7% 3.44 7.35 10.0%
AGCRN 2.87 5.58 7.7% 3.23 6.58 9.0% 3.62 7.51 10.4%
MTGNN 2.69 5.18 6.9% 3.05 6.17 8.2% 3.49 7.23 9.9%
ASTGCN 4.86 9.27 9.2% 5.43 10.61 10.1% 6.51 12.52 11.6%
STSGCN 3.31 7.62 8.1% 4.13 9.77 10.3% 5.06 11.66 12.9%

GTS 2.67 5.27 7.21% 3.04 6.25 8.4% 3.46 7.31 10.0%
STEP 2.61 4.98 6.5% 2.96 5.97 8.0% 3.37 6.99 9.6%

D2STGNN(c) 2.57 4.93 6.5% 2.94 5.97 7.9% 3.41 7.15 9.6%
SAGDFN 2.56 5.00 6.5% 2.94 6.05 7.9% 3.37 7.17 9.5%

TABLE IV
PERFORMANCE COMPARISON ON LONDON200 DATASET. (AGCRN, GTS AND D2STGNN ARE TRAINED ON DATA OF MAXIMUM PROCESSABLE GRAPH

SIZE AS LISTED)

London200 # nodes in training set Horizon 3 Horizon 6 Horizon 12
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

AGCRN 1750 6.27 8.58 26.2% 6.25 8.56 26.1% 6.27 8.59 26.1%
GTS 1000 2.16 3.23 11.8% 2.56 3.69 13.9% 2.05 3.03 10.7%

D2STGNN(c) 200 1.81 2.47 9.4% 2.17 2.93 11.0% 2.49 3.26 12.1%

SAGDFN

200 1.75 2.46 9.4% 1.97 2.78 10.7% 2.28 3.14 12.4%
1000 1.61 2.25 8.6% 1.82 2.55 10.0% 2.11 2.87 11.3%
1750 1.53 2.15 8.3% 1.71 2.39 9.2% 1.97 2.72 10.7%
5000 1.44 2.03 7.8% 1.64 2.29 8.8% 1.89 2.60 10.2%

TABLE V
PERFORMANCE COMPARISON ON CARPARK1918 DATASET. (RESULTS MARKED ′×′ FOR MODEL ENCOUNTERING THE OOM ISSUE)

CARPARK1918 Horizon 3 Horizon 6 Horizon 12
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

ARIMA 3.31 7.41 7.4% 5.59 10.03 12.1% 9.15 16.68 14.1%
VAR 5.45 10.81 13.5% 7.41 14.63 19.9% 10.65 20.17 27.3%
SVR 17.71 47.42 16.11% 19.35 47.93 20.2% 21.92 49.00 22.3%

LSTM 3.15 8.90 7.0% 5.48 12.29 11.7% 9.23 18.92 16.0%
DCRNN 2.59 7.69 7.0% 4.18 10.09 10.9% 6.31 14.19 14.0%
STGCN × × × × × × × × ×

GRAPH WaveNet 7.84 17.26 15.9% 8.67 19.04 16.8% 10.49 22.75 19.8%
GMAN × × × × × × × × ×
AGCRN × × × × × × × × ×
MTGNN 3.74 9.88 8.6% 4.97 12.33 12.2% 7.57 17.02 15.8%
ASTGCN × × × × × × × × ×
STSGCN × × × × × × × × ×

GTS × × × × × × × × ×
STEP × × × × × × × × ×

D2STGNN(c) × × × × × × × × ×
SAGDFN 2.26 7.74 6.0% 3.77 10.07 10.2% 5.36 13.17 12.7%

D2STGNN [16] integrates additional day-in-week information
in the estimation gate, we modify the implementation to
align it with other methods by removing this factor and
report the performance as D2STGNN(c). Based on the results
obtained from the METR-LA dataset, we can observe that:
1) Deep learning methods generally demonstrate superior
performance in comparison to non-deep learning methods,
and incorporating the graph structure into the deep learning
models can further enhance their performance. 2) Models that
learn the adjacency matrix demonstrate superior performance
over models that directly employ the predefined adjacency
matrix, irrespective of the approach used to utilize the learned
adjacency matrix. Our SAGDFN model is solely based on the
learned adjacency matrix, whereas models like GTS and STEP
utilize the learned adjacency as a regularization term in the loss

function, and D2STGNN employs both the learned adjacency
matrix and the predefined adjacency matrix in GNNs. All of
these models outperform DCRNN, which directly employs
the predefined adjacency matrix. 3) Models that exploit the
pairwise information among multivariate time series to derive
spatial correlation typically outperform models that model
the spatial correlation by taking the inner product of the
nodes embeddings. For instance, GTS, STEP, and SAGDFN
exhibit superior performance over models such as AGCRN
and MTGNN.

The aforementioned deep learning methods have shown
excellent performance on the commonly used METR-LA
dataset. However, they encounter significant computational
challenges and memory issues from the GNNs when extending
to larger datasets such as CARPARK1918, London2000, and



TABLE VI
PERFORMANCE COMPARISON ON LONDON2000 DATASET. (RESULTS MARKED ′×′ FOR MODEL ENCOUNTERING THE OOM ISSUE)

London2000 Horizon 3 Horizon 6 Horizon 12
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

ARIMA 2.04 2.77 9.9% 2.30 3.14 11.1% 2.20 3.00 10.9%
VAR 2.09 2.84 10.8% 2.28 3.07 11.5% 2.56 3.43 12.3%
SVR 2.66 3.72 13.1% 3.16 4.42 15.2% 3.35 4.75 16.0%

LSTM 1.92 2.70 10.5% 2.21 3.06 12.1% 1.96 2.77 10.8%
DCRNN 1.88 2.65 10.1% 2.06 2.89 11.0% 1.98 2.78 10.5%
STGCN × × × × × × × × ×

GRAPH WaveNet 1.92 2.72 10.7% 2.17 3.05 12.1% 1.92 2.74 10.6%
GMAN × × × × × × × × ×
AGCRN × × × × × × × × ×
MTGNN 5.40 7.31 26.6% 5.39 7.31 26.4% 5.39 7.31 26.2%
ASTGCN × × × × × × × × ×
STSGCN × × × × × × × × ×

GTS × × × × × × × × ×
STEP × × × × × × × × ×

D2STGNN(c) × × × × × × × × ×
SAGDFN 1.44 2.05 7.7% 1.63 2.32 8.7% 1.87 2.66 10.0%

TABLE VII
PERFORMANCE COMPARISON ON NEWYORK2000 DATASET. (RESULTS MARKED ′×′ FOR MODEL ENCOUNTERING THE OOM ISSUE)

NewYork2000 Horizon 3 Horizon 6 Horizon 12
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

ARIMA 2.36 3.32 11.0% 2.70 3.75 12.7% 2.60 3.69 12.1%
VAR 2.24 3.12 10.4% 2.52 3.53 11.3% 2.75 3.80 12.5%
SVR 3.46 4.85 14.7% 4.18 5.88 17.2% 4.26 6.05 17.4%

LSTM 2.49 3.50 12.2% 2.87 3.93 13.8% 2.37 3.36 11.5%
DCRNN 2.41 3.41 11.6% 2.96 4.15 13.5% 2.99 4.01 13.5%
STGCN × × × × × × × × ×

GRAPH WaveNet 2.32 3.27 11.7% 2.60 3.65 13.3% 2.36 3.30 11.5%
GMAN × × × × × × × × ×
AGCRN × × × × × × × × ×
MTGNN 7.26 11.27 29.4% 7.259 11.28 29.1% 7.26 11.30 28.9%
ASTGCN × × × × × × × × ×
STSGCN × × × × × × × × ×

GTS × × × × × × × × ×
STEP × × × × × × × × ×

D2STGNN(c) × × × × × × × × ×
SAGDFN 1.81 2.52 8.9% 2.04 2.84 9.9% 2.41 3.39 11.1%

TABLE VIII
ABLATION STUDY ON CARPARK1918 DATASET.

CARPARK1918 Horizon 3 Horizon 6 Horizon 12
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

SAGDFN 2.26 7.74 6.0% 3.77 10.07 10.2% 5.36 13.17 12.7%
w/o Entmax 2.80 8.47 6.6% 4.37 11.14 11.1% 6.92 16.12 14.8%

w/o Attention 2.35 7.89 6.1% 4.00 10.42 10.5% 6.01 14.25 13.5%
w/o SNS 2.68 8.07 8.2% 4.23 10.11 12.0% 6.30 14.18 15.0%

w/o SNS & SSMA 2.76 8.53 6.5% 4.37 11.12 11.0% 6.98 16.10 14.9%

NewYork2000. Specifically, we first demonstrate that training
on large graphs could provide more information about the
underlying spatial correlation to further improve the final
forecasting performance. Under the same batch size of 64,
AGCRN, GTS and D2STGNN can only run on 1750, 1000,
and 200 nodes respectively, without out of memory issue. To
compare the forecasting performance, we split a London200
dataset, the subset of the London2000 dataset containing
only 200 sensors for evaluation. As shown in Table IV,
our SAGDFN outperforms the SOTA methods by a large
margin when incorporating a larger graph in the model training
stage and the forecasting performance of SAGDFN on the
specific London200 dataset increases with more time series
considered in the training process. Next, we present the metrics
of all the models at different forecasting horizons on the
three large-scale datasets in Table V, Table VI and Table
VII respectively. The results show that our SAGDFN model
consistently outperforms other baselines by a significant mar-

gin, whereas numerous recent state-of-the-art models are not
capable of performing forecasting tasks on three large-scale
datasets due to the previously mentioned out-of-memory issue.
For instance, GTS and STEP models, which rely on pairwise
information among different entities, incur extra computational
costs as compared to directly computing the inner product
of the nodes embeddings, thus facing the bottleneck when
extending to larger datasets. Although GRAPH WaveNet and
MTGNN do not encounter the out-of-memory issue, they
are unable to surpass other baselines due to the challenges
associated with approximating the spatial correlation using
the inner product of the node embeddings when dealing
with large graph structures. To facilitate a comprehensive
performance assessment of our SAGDFN model, we have ex-
panded our experimental purview to include non-GNN-based
MTS forecasting methodologies, specifically TimesNet [51],
FEDformer [34], and ETSformer [52]. These evaluations were
conducted on the METR-LA dataset and the CARPARK1918



dataset. Notably, while TimesNet, FEDformer, and ETSformer
exhibit commendable efficacy in long sequence forecasting
tasks, they inherently lack mechanisms to consider the intricate
spatial correlations between the time sequences. This omission
leads to their consistent underperformance in comparison to
our SAGDFN method, as presented in Table IX. In contrast,
our proposed SAGDFN effectively captures complex spatial-
temporal correlation and is scalable to large-scale datasets
with no need of a predefined graph adjacency matrix, offering
promising forecasting performance across all datasets.

C. Computation Cost

To assess computational expense, we contrast the param-
eter count and training duration of the SAGDFN model
against several others: DCRNN, AGCRN, MTGNN, GTS,
and D2STGNN. These comparisons are performed on the
CARPARK1918 dataset, with details documented in Table X.
Due to GPU memory constraints, all models but the MTGNN
operate with a reduced batch size. Due to high computational
costs, all baseline models have slower training speeds, and
barring DCRNN, require an elevated quantity of parameters to
grasp spatial correlations. Both AGCRN and MTGNN models
have the ability to generate predictions spanning multiple
steps ahead in a single run, resulting in less time required
for inference. Compared to baseline models, our SAGDFN
model demonstrates significant performance enhancements (as
shown in Tables III to VII), while demanding the lowest
computational costs for both training and inference.

D. Ablation Study

In this subsection, we conduct an ablation study on the
CARPARK1918 dataset by removing different components in
our proposed SAGDFN to demonstrate their contributions to
the model performance. To facilitate a systematic evaluation,
we name five variants of our SAGDFN model as follows:

• w/o Entmax: we replace the α-Entmax function in
SAGDFN model with a standard Softmax function in the
Sparse Spatial Multi-Head Attention module.

• w/o Pair-Wise Attention: we remove the pair-wise multi-
heads attention mechanism in SAGDFN model. We derive
the slim adjacency matrix, As using the inner product
of the node embedding, E and the transpose of the
neighborhood latent embeddings, denoted as ET

I .
• w/o SNS: we remove the Significant Neighbors Sampling

module in SAGDFN model. Instead of sampling from
the Significant Neighbors Sampling module, we randomly
generate the significant node index set, I.

• w/o SNS & SSMA: we remove the Significant Neighbors
Sampling module and the Sparse Spatial Multi-Head
Attention module in the SAGDFN model. We model
the adjacency matrix based on the topological structure
similar to [9]. We retain the top-100 closer neighbors for
each node in the derived adjacency matrix and set other
entries to zero.

To ensure a rigorous and fair evaluation of the SAGDFN,
we conduct the experiments for the model variants using the

same settings as the original SAGDFN model. The results in
Table VIII show that SAGDFN consistently outperforms all
variants, which validates the effectiveness of our proposed
components. We have several observations as follows: 1)
employing the Significant Neighbors Sampling module and
the Sparse Spatial Multi-Head Attention module is effective;
2) the α-Entmax function plays a pivotal role in mitigating
the influence of noise nodes by actively suppressing their
information propagation process and thereby enhancing our
model’s learning process; 3) the pair-wise spatial information
modeling is a better approach compared to the inner product
similarity, as SAGDFN outperforms SAGDFN w/o Pair-Wise
Attention, which further bolster forecasting performance. Last,
the special OneStepFastGConv function enables the informa-
tion flow over the sampled graph in an end-to-end manner,
ensuring robustness in our predictions. Overall, the results
demonstrate the superiority of our proposed SAGDFN model
design.

E. Parameter Sensitivity

We further investigate the effects of the aforementioned
hyper-parameters, namely the α value of the α-Entmax func-
tion, the number of heads in the Sparse Spatial Multi-Head
Attention module, and the size of the significant index set, M .
We conduct experiments by varying these parameters while
keeping all other factors untouched. The experimental results
on the METR-LA dataset and the CARPARK1918 dataset are
depicted in Figure 3. From the METR-LA dataset result, we
can observe that the performance of the model improves as
the number of heads used increases, albeit at the expense of
higher computational costs. The model equipped with eight
attention heads achieves the best performance. Moreover, our
analysis reveals that a greater α value effectively filters out
noise features with low spatial correlation, thus subsequently
enhancing the model performance. Nonetheless, employing
an excessively elevated α value risks missing nodes that
contain valuable information. This would consequently lead
to a performance drop in the model. As demonstrated in
Figure 3(a), the optimal α value is determined to be 2.0.
To study the impact of the hyper-parameter M , we conduct
experiments on the CARPARK1918 dataset. As shown in
Figure 3(c), increasing the size of the significant neighbors
improves the model’s performance in the early stages. How-
ever, performance becomes stable once a sufficient number
of significant neighbors are taken. Further increasing the
significant neighbor size merely wastes memory consumption
without any performance improvement.

F. Efficiency & Visualization

To gain a deeper insight into SAGDFN’s performance, we
perform visualizations on METR-LA and CARPARK1918
datasets to compare the prediction results of our SAGDFN
model with the corresponding ground truth values. As shown
in Figure 4, our SAGDFN model could effectively capture
both the trend and seasonality in datasets of different scales.



TABLE IX
PERFORMANCE COMPARISON WITH NON-GNN-BASED METHODS

METR-LA Horizon 3 Horizon 6 Horizon 12
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

TimesNet 4.27 9.89 9.8% 5.40 12.34 12.0% 7.17 15.35 15.6%
FEDformer 5.02 10.12 11.2% 6.04 12.27 13.0% 7.94 15.29 16.7%
ETSformer 5.72 10.21 11.4% 6.75 13.1 13.0% 8.59 14.62 16.0%
SAGDFN 2.56 5.00 6.5% 2.94 6.05 7.9% 3.37 7.17 9.5%

CARPARK1918 Horizon 3 Horizon 6 Horizon 12
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

TimesNet 4.55 11.47 11.3% 5.41 13.42 12.7% 7.36 17.53 15.5%
FEDformer 6.52 13.05 17.7% 6.84 14.11 17.9% 9.02 18.53 21.2%
ETSformer 9.55 17.20 29.2% 10.80 19.61 33.4% 12.99 23.55 38.5%
SAGDFN 2.26 7.74 6.0% 3.77 10.07 10.2% 5.36 13.17 12.7%

TABLE X
THE COMPUTATION COST ON THE CARPARK1918 DATASET

Model # Parameters Training Time Inference Time
(s/epoch) (s)

DCRNN 372353 3522.53 236.42
AGCRN 15345380 1256.17 57.46
MTGNN 17947612 684.53 34.17

GTS 19771091 2327.62 123.37
D2STGNN 426182 2864.03 133.84
SAGDFN 142377 341.27 18.93

Fig. 3. Hyper-parameter study.

For instance, our SAGDFN model is able to capture both short-
term traffic peaks/dips and long-term daily periodical patterns.
This demonstrates that our model has good robustness and
versatility over datasets of different scales. When compared to
the ground truths, the prediction results exhibit similar trends
and seasonality while maintaining a smooth time series. This
indicates that our SAGDFN model is capable of resisting real-
world noise rather than achieving higher scores by overfitting
to such noise. These results demonstrate the robustness and ef-
fectiveness of the SAGDFN model in handling both commonly
used normal-scale and extremely large real-world datasets.

VI. CONCLUSION

In this paper, we introduce a novel method named Scalable
Adaptive Graph Diffusion Forecasting Network (SAGDFN)

Fig. 4. Visualizations on the METR-LA & CARPARK1918 datasets.

to effectively capture the intricate spatial-temporal correlation
underlying the large time series datasets and deliver state-
of-the-art performance on multivariate time series forecasting
tasks. In particular, SAGDFN utilizes the Significant Neigh-
bors Sampling module to learn a set of most significant
nodes with abundant information, and the Sparse Spatial
Multi-Head Attention module to effectively capture the slim
spatial correlations among the time series. Furthermore, the
Encoder-Decoder-based Forecasting framework is employed
to jointly model the multivariate time series and produce
accurate predictions. Extensive experiments on four real-world
datasets demonstrate that our SAGDFN model consistently
outperforms all baselines on both normal and large datasets,
thus showcasing its superiority in handling multivariate time
series forecasting tasks.
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