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Abstract

Multivariate time series forecasting poses an ongoing chal-
lenge across various disciplines. Time series data often ex-
hibit diverse intra-series and inter-series correlations, con-
tributing to intricate and interwoven dependencies that have
been the focus of numerous studies. Nevertheless, a signif-
icant research gap remains in comprehending the varying
inter-series correlations across different time scales among
multiple time series, an area that has received limited atten-
tion in the literature. To bridge this gap, this paper introduces
MSGNet, an advanced deep learning model designed to cap-
ture the varying inter-series correlations across multiple time
scales using frequency domain analysis and adaptive graph
convolution. By leveraging frequency domain analysis, MS-
GNet effectively extracts salient periodic patterns and decom-
poses the time series into distinct time scales. The model in-
corporates a self-attention mechanism to capture intra-series
dependencies, while introducing an adaptive mixhop graph
convolution layer to autonomously learn diverse inter-series
correlations within each time scale. Extensive experiments
are conducted on several real-world datasets to showcase the
effectiveness of MSGNet. Furthermore, MSGNet possesses
the ability to automatically learn explainable multi-scale
inter-series correlations, exhibiting strong generalization ca-
pabilities even when applied to out-of-distribution samples.
Code is available at https://github.com/YoZhibo/MSGNet.

Introduction

Throughout centuries, the art of forecasting has been an
invaluable tool for scientists, policymakers, actuaries, and
salespeople. Its foundation lies in recognizing that hidden
outcomes, whether in the future or concealed, often re-
veal patterns from past observations. Forecasting involves
skillfully analyzing available data, unveiling interdepen-
dencies and temporal trends to navigate uncharted territo-
ries with confidence and envision yet-to-be-encountered in-
stances with clarity and foresight. In this context, time se-
ries forecasting emerges as a fundamental concept, enabling
the analysis and prediction of data points collected over
time, offering insights into variables like stock prices (Cao
2022), weather conditions (Bi et al. 2023), or customer be-
havior (Salinas et al. 2020).

*Corresponding author
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

11141

value

_________

Graph for scale,

| scale; time

observation@
B s

scale,

Graph for scale;
observation P 2

Figure 1: In the longer time scale, the green and red time
series are positively correlated, whereas in the shorter time
scale,, they exhibit a negative correlation. Consequently, we
observe two distinct graph structures in these two different
time scales.

Two interconnected realms within time series forecast-
ing come into play: intra-series correlation modeling, which
predicts future values based on patterns within a specific
time series, and inter-series correlation modeling, which
explores relationships and dependencies between multiple
time series. Recently, deep learning models have emerged
as a catalyst for breakthroughs in time series forecasting. On
one hand, Recurrent Neural Networks (RNNs) (Salinas et al.
2020), Temporal Convolution Networks (TCNs) (Yue et al.
2022), and Transformers (Zhou et al. 2021) have demon-
strated exceptional potential in capturing temporal dynamics
within individual series. Simultaneously, a novel perspective
arises when considering multivariate time series as graph
signals. In this view, the variables within a multivariate time
series can be interpreted as nodes within a graph, inter-
connected through hidden dependency relationships. Conse-
quently, Graph Neural Networks (GNNs) (Kipf and Welling
2017) offer a promising avenue for harnessing the intricate
interdependencies among multiple time series.

Within the domain of time series analysis, there is a sig-
nificant oversight concerning the varying inter-series cor-
relations across different time scales among multiple time
series, which the existing deep learning models fail to ac-
curately describe. For instance, in the realm of finance,
the correlations among various asset prices, encompassing
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stocks, bonds, and commodities, during periods of mar-
ket instability, asset correlations may increase due to a
flight-to-safety phenomenon. Conversely, during economic
growth, asset correlations might decrease as investors diver-
sify their portfolios to exploit various opportunities (Baele
et al. 2020). Similarly, in ecological systems, the dynamics
governing species populations and environmental variables
reveal intricate temporal correlations operating at multiple
time scales (Whittaker, Willis, and Field 2001). In Figure 1,
we provide an example where, in time scale;, we can ob-
serve a positive correlation between two time series, whereas
in the shorter scales, we might notice a negative correlation
between them. By employing the graph-based approach, we
obtain two distinct graph structures.

In the aforementioned examples, the limitation of existing
deep learning models becomes apparent, as they often fail
to capture the diverse interdependencies and time-varying
correlations between the variables in consideration. For in-
stance, when relying solely on one type of inter-series cor-
relation, such as utilizing GNNs with one fixed graph struc-
ture (Yu, Yin, and Zhu 2018; Li et al. 2018), these models
may suffer from diminished predictive accuracy and subop-
timal forecasting performance in scenarios characterized by
intricate and varying inter-series correlations. While some
methods consider using dynamic and time-varying graph
structures to model inter-series correlations (Zheng et al.
2020; Guo et al. 2021), they overlook the crucial fact that
these correlations may be intimately tied to time scales of
notable stability, exemplified by economic and environmen-
tal cycles.

Addressing the identified gaps and aiming to overcome
the limitations of prior models, we introduce MSGNet,
which is comprised of three essential components: the scale
learning and transforming layer, the multiple graph convo-
lution module, and the temporal multi-head attention mod-
ule. Recognizing the paramount importance of periodicity
in time series data and to capture dominant time scales ef-
fectively, we leverage the widely recognized Fast Fourier
transformation (FFT) method. By applying FFT to the origi-
nal time series data, we project it into spaces linked to the
most prominent time scales. This approach enables us to
aptly capture and represent various inter-series correlations
unfolding at distinct time scales. Moreover, we introduce a
multiple adaptive graph convolution module enriched with
a learnable adjacency matrix. For each time scale, a dedi-
cated adjacency matrix is dynamically learned. Our frame-
work further incorporates a multi-head self-attention mecha-
nism adept at capturing intra-series temporal patterns within
the data. Our contributions are summarized in three folds:

* We make a key observation that inter-series correlations
are intricately associated with different time scales. To
address this, we propose a novel structure named MS-
GNet that efficiently discovers and captures these multi-
scale inter-series correlations.

To tackle the challenge of capturing both intra-series and
inter-series correlations simultaneously, we introduce a
combination of multi-head attention and adaptive graph
convolution modules.
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* Through extensive experimentation on real-world
datasets, we provide empirical evidence that MSGNet
consistently outperforms existing deep learning models
in time series forecasting tasks. Moreover, MSGNet
exhibits better generalization capability.

Related Works
Time Series Forecasting

Time series forecasting has a long history, with classi-
cal methods like VAR (Kilian and Liitkepohl 2017) and
Prophet (Taylor and Letham 2018) assuming that intra-series
variations follow pre-defined patterns. However, real-world
time series often exhibit complex variations that go beyond
the scope of these pre-defined patterns, limiting the practical
applicability of classical methods. In response, recent years
have witnessed the emergence of various deep learning mod-
els, including MLPs (Oreshkin et al. 2020; Zeng et al. 2023),
TCNs (Yue et al. 2022), RNNs (Rangapuram et al. 2018;
Gasthaus et al. 2019; Salinas et al. 2020) and Transformer-
based models (Zhou et al. 2021; Wu et al. 2021; Zhou et al.
2022; Wen et al. 2022; Wang et al. 2023), designed for time
series analysis. Yet, an ongoing question persists regarding
the most suitable candidate for modeling intra-series corre-
lations, whether it be MLP or transformer-based architec-
tures (Nie et al. 2023; Das et al. 2023). Some approaches
have considered periodicities as crucial features in time se-
ries analysis. For instance, DEPTS (Fan et al. 2022) instanti-
ates periodic functions as a series of cosine functions, while
TimesNet (Wu et al. 2023a) performs periodic-dimensional
transformations of sequences. Notably, none of these meth-
ods, though, give consideration to the diverse inter-series
correlations present at different periodicity scales, which is
a central focus of this paper.

GNN:s for Inter-series Correlation Learning

Recently, there has been a notable rise in the use of
GNNs (Defferrard, Bresson, and Vandergheynst 2016; Kipf
and Welling 2017; Abu-El-Haija et al. 2019) for learning
inter-series correlations. Initially introduced to address traf-
fic prediction (Li et al. 2018; Yu, Yin, and Zhu 2018; Cini
et al. 2023; Wu et al. 2023b) and skeleton-based action
recognition (Shi et al. 2019), GNNs have demonstrated sig-
nificant improvements over traditional methods in short-
term time series prediction. However, it is important to note
that most existing GNNs are designed for scenarios where a
pre-defined graph structure is available. For instance, in traf-
fic prediction, the distances between different sensors can
be utilized to define the graph structure. Nonetheless, when
dealing with general multivariate forecasting tasks, defin-
ing a general graph structure based on prior knowledge can
be challenging. Although some methods have explored the
use of learnable graph structures (Wu et al. 2019; Bai et al.
2020; Wu et al. 2020), they often consider a limited num-
ber of graph structures and do not connect the learned graph
structures with different time scales. Consequently, these ap-
proaches may not fully capture the intricate and evolving
inter-series correlations.
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Figure 2: MSGNet employs several ScaleGraph blocks, each encompassing three pivotal modules: an FFT module for multi-
scale data identification, an adaptive graph convolution module for inter-series correlation learning within a time scale, and a
multi-head attention module for intra-series correlation learning.

Problem Formulation

In the context of multivariate time series forecasting, con-
sider a scenario where the number of variables is denoted by
N. We are given input data X;_1.; € RNXL which rep-
resents a retrospective window of observations, comprising
X values at the 7th time point for each variable 7 in the
range from ¢ — L to ¢ — 1. Here, L represents the size of
the retrospective window, and ¢ denotes the initial position
of the forecast window. The objective of the time series fore-
casting task is to predict the future values of the IV variables
for a time span of T future time steps. The predicted val-
ues are represented by X, € RV*T, which includes X
values at each time point 7 from ¢ to ¢ + 7 — 1 for all the
variables.

We assume the ability to discern varying inter-series cor-
relations among N time series at different time scales,
which can be represented by graphs. For instance, given
a time scale s; < L, we can identify a graph structure
Gi = {V;, &} from the time series X,_,.,,. Here, V; de-
notes a set of nodes with |V;| = N, & C V; x V; repre-
sents the weighted edges, and p denotes an arbitrary time
point. Considering a collection of k time scales, denoted as
{s1,+-, Sk}, we can identify k adjacency matrices, repre-
sented as {A',--- A*}, where each A* € RNV*N_ These
adjacency matrices capture the varying inter-series correla-
tions at different time scales.

Methodology

As previously mentioned, our work aims to bridge the gaps
in existing time series forecasting models through the intro-
duction of MSGNet, a novel framework designed to capture
diverse inter-series correlations at different time scales. The
overall model architecture is illustrated in Figure 2. Com-
prising multiple ScaleGraph blocks, MSGNet’s essence lies
in its ability to seamlessly intertwine various components.
Each ScaleGraph block entails a four-step sequence: 1) Iden-
tifying the scales of input time series; 2) Unveiling scale-
linked inter-series correlations using adaptive graph convo-
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lution blocks; 3) Capturing intra-series correlations through
multi-head attention; and 4) Adaptively aggregating repre-
sentations from different scales using a SoftMax function.

Input Embedding and Residual Connection

We embed N variables at the same time step into a vector of
size dmodel: Xt— 1.t — Xemp, Where Xepyp € Rfmoce XL We
employ the uniform input representation proposed in (Zhou
et al. 2021) to generate the embedding. Specifically, X 1S
calculated using the following equation:
P
Xemp = aConv1D(X;_ 1) + PE + Z SE,,.
p=1
Here, we first normalize the input X;_r.; and obtain
Xt, L:t,» as the normalization strategy has been proven ef-
fective in improving stationarity (Liu et al. 2022). Then we
project Xt_ Lt Into a dodel-dimensional matrix using 1-D
convolutional filters (kernel width=3, stride=1). The param-
eter o serves as a balancing factor, adjusting the magnitude
between the scalar projection and the local/global embed-
dings. PE € R%*L represents the positional embedding
of input X, and SE,, € Rdmaa XL jg 3 Jearnable global time
stamp embedding with a limited vocabulary size (60 when
minutes as the finest granularity).

We implement MSGNet in a residual manner (He et al.
2016). At the very outset, we set X° = X, where Xemp
represents the raw inputs projected into deep features by
the embedding layer. In the [-th layer of MSGNet, the in-
put is X!=1 € R XL and the process can be formally
expressed as follows:

X! = ScaleGraphBlock (X'~') + X'~ )
Here, ScaleGraphBlock denotes the operations and compu-

tations that constitute the core functionality of the MSGNet
layer.

)

Scale Identification

Our objective is to enhance forecasting accuracy by lever-
aging inter-series correlations at different time scales. The
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choice of scale is a crucial aspect of our approach, and we
place particular importance on selecting periodicity as the
scale source. The rationale behind this choice lies in the in-
herent significance of periodicity in time series data. For in-
stance, in the daytime when solar panels are exposed to sun-
light, the time series of energy consumption and solar panel
output tend to exhibit a stronger correlation. This correlation
pattern would differ if we were to choose a different period-
icity, such as considering the correlation over the course of
a month or a day.

Inspired by TimesNet (Wu et al. 2023a), we employ the
Fast Fourier Transform (FFT) to detect the prominent peri-
odicity as the time scale:

F = Avg (Amp (FFT(Xemb)))

L
flv"' 7fk: argTOpk (F)asizi'
,retons 7

Here, FFT(+) and Amp(-) denote the FFT and the calculation
of amplitude values, respectively. The vector F € R rep-
resents the calculated amplitude of each frequency, which is
averaged across dmede; dimensions by the function Avg(-).

In this context, it is noteworthy that the temporally vary-
ing inputs may demonstrate distinct periodicities, thereby
allowing our model to detect evolving scales. We posit
that the correlations intrinsic to this time-evolving periodic
scale remain stable. This viewpoint leads us to observe dy-
namic attributes in the inter-series and intra-series correla-
tions learned by our model.

Based on the selected time scales {sq,...,s;}, we can
get several representations corresponding to different time
scales by reshaping the inputs into 3D tensors using the fol-
lowing equations:

X' = Reshape, ; (Padding(Xi,)), i€ {l,...,k}, ()

3

where Padding(-) is used to extend the time series by ze-
ros along the temporal dimension to make it compatible for
Reshape,.  (-). Note that X € RfmXs:XJi denotes the i-
th reshape’({ time series based on time scale ¢. We use Xj, to
denote the input matrix of the ScaleGraph block.

Multi-scale Adaptive Graph Convolution

We propose a novel multi-scale graph convolution approach
to capture specific and comprehensive inter-series depen-
dencies. To achieve this, we initiate the process by projecting
the tensor corresponding to the ¢-th scale back into a tensor
with N variables, where N represents the number of time
series. This projection is carried out through a linear trans-
formation, defined as follows:

H = WXL (3)

Here, H' € RN*sixfi and W' € RNV Xdmoaet g 3 |earnable
weight matrix, tailored to the i-th scale tensor. One may raise
concerns that inter-series correlation could be compromised
following the application of linear mapping and subsequent
linear mapping back. However, our comprehensive experi-
ments demonstrate a noteworthy outcome: the proposed ap-
proach adeptly preserves the inter-series correlation by the
graph convolution approach.
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The graph learning process in our approach involves gen-
erating two trainable parameters, E{ and E € RY*", Sub-
sequently, an adaptive adjacency matrix is obtained by mul-
tiplying these two parameter matrices, following the for-
mula: _ o

A’ = SoftMax(ReLu(E: (E3)T)). (6)

In this formulation, we utilize the SoftMax function to nor-
malize the weights between different nodes, ensuring a well-
balanced and meaningful representation of inter-series rela-
tionships.

After obtaining the adjacency matrix A’ for the i-th scale,
we utilize the Mixhop graph convolution method (Abu-El-
Haija et al. 2019) to capture the inter-series correlation, as
its proven capability to represent features that other models
may fail to capture (See Appendix). The graph convolution
is defined as follows:

where H!,, represents the output after fusion at scale i, o()
is the activation function, the hyper-parameter P is a set of
integer adjacency powers, (A?)/ denotes the learned adja-
cency matrix A* multiplied by itself j times, and || denotes
a column-level connection, linking intermediate variables
generated during each iteration. Then, we proceed to utilize
a multi-layer perceptron (MLP) to project H! , back into a

out
3D tensor X¢ € R%moser X s5i X fi

How = o( | (A H (7
JEP

Multi-head Attention and Scale Aggregation
In each time scale, we employ the Multi-head Attention
(MHA) to capture the intra-series correlations. Specifically,
for each time scale tensor X%, we apply self MHA on the
time scale dimension of the tensor:

Xl = MHA,(X?).

out

®)

Here, MHA(+) refers to the multi-head attention function
proposed in (Vaswani et al. 2017) in the scale dimension.
For implementation, it involves reshape the input tensor of
size B x dmodel X 8; X fi into a sz X dmodel X 8; ten-
sor, B is the batch size. Although some studies have raised
concerns about the effectiveness of MHA in capturing long-
term temporal correlations in time series (Zeng et al. 2023),
we have successfully addressed this limitation by employing
scale transformation to convert long time spans into periodic
lengths. Our results, as presented in the Appendix, show that
MSGNet maintains its performance consistently even as the
input time increases.

Finally, to proceed to the next layer, we need to inte-

grate k different scale tensors Xolut, =z )Eokut. We first re-

shape the tensor of each scale back to a 2-way matrix Xf,m €
Rémose XL Then, we aggregate the different scales based on
their amplitudes:

]

,ar =SoftMax(Fy, , - -

k
2 Z 5 i
Xout = aiXOm
=1

Qp, - - Fp),

)
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In this process, Fy,,--- ,F, are amplitudes corresponding
to each scale, calculated using the FFT. The SoftMax func-
tion is then applied to compute the amplitudes a1, - - - , ak.
This Mixture of Expert (MoE) (Jacobs et al. 1991) strategy
enables the model to emphasize information from different
scales based on their respective amplitudes, facilitating the
effective incorporation of multi-scale features into the next
layer (Appendix).

Output Layer

To perform forecasting, our model utilizes linear projections
in both the time dimension and the variable dimension to
transform Xgy € R%w*L into Xy.ppr € RVXT. This
transformation can be expressed as:

Xt:t+T = stoutwt +b. (1c

Here, Wy € RNXdmat W, € RLXT and b € RT ar
learnable parameters. The W¢ matrix performs the line:
projection along the variable dimension, and Wy does th
same along the time dimension. The resulting Xt:HT is th
forecasted data, where N represents the number of variable:
L denotes the input sequence length, and 7' signifies th
forecast horizon.

Experiments
Datasets

To evaluate the advanced capabilities of MSGNet in time
series forecasting, we conducted experiments on 8 datasets,
namely Flight, Weather, ETT (hl, h2, m1, m2) (Zhou et al.
2021), Exchange-Rate (Lai et al. 2018) and Electricity. With
the exception of the Flight dataset, all these datasets are
commonly used in existing literature. The Flight dataset’s
raw data is sourced from the OpenSky official website', and
it includes flight data related to the COVID-19 pandemic.
In Figure 1 and 2 of Appendix, we visualize the changes
in flight data during this period. Notably, the flights were
significantly affected by the pandemic, resulting in out-of-
distribution (OOD) samples for all deep learning models.
This provides us with an opportunity to assess the robust-
ness of the proposed model against OOD samples.

Baselines

We have chosen six time series forecasting methods for com-
parison, encompassing models such as Informer (Zhou et al.
2021), and Autoformer (Wu et al. 2021), which are based
on transformer architectures. Furthermore, we included MT-
Gnn (Wu et al. 2020), which relies on graph convolution, as
well as DLinear and NLinear (Zeng et al. 2023), which are
linear models. Lastly, we considered TimesNet (Wu et al.
2023a), which is based on periodic decomposition and cur-
rently holds the state-of-the-art performance.

Experimental Setups

The experiment was conducted using an NVIDIA GeForce
RTX 3090 24GB GPU, with the Mean Squared Error (MSE)
used as the training loss function. The review window size

"https://opensky-network.org/
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of all models was set to L 96 (for fair comparison),
and the prediction lengths were T' = {96,192, 336, 720}.
It should be noted that our model can achieve better perfor-
mance with longer review windows (see Appendix). These
settings were applied to all models. The initial learning rate
was LR = 0.0001, batch size was Batch = 32, and the
number of epochs was Epochs = 10, and early termina-
tion was used where applicable. For more details on hyper-
parameter settings of our model, please refer to Appendix.
(0.7, 0.1, 0.2) or (0.6, 0.2, 0.2) of the data are used as train-
ing, validation, and test data, respectively. As for baselines,
relevant data from the papers (Wu et al. 2023a) or official
code (Wu et al. 2020) was utilized.

Ours TimesNet DLinear
20 20 20
10 \
0 0 %4 Vv 0
0 20 40 0 20 40 0 20 40
NLinear MTGnn Autoformer
20 20 20
10 10 A
A[‘ W I\/M/VJ\N 10 \ IW,\VA‘A\
0 0 o YW’ \Aa
0 20 40 0 20 40 0 20 40

Figure 3: Visualization of Flight prediction results: black
lines for true values, orange lines for predicted values, and
blue markings indicating significant deviations.

Results and Analysis

Table 1 summarizes the predictive performance of all meth-
ods on 8 datasets, showcasing MSGNet’s excellent results.
Specifically, regarding the average Mean Squared Error
(MSE) with different prediction lengths, it achieved the best
performance on 5 datasets and the second-best performance
on 2 datasets. In the case of the Flight dataset, MSGNet
outperformed TimesNet (current SOTA), reducing MSE and
MAE by 21.5% (from 0.265 to 0.208) and 13.7% (from
0.372 to 0.321) in average, respectively. Although Times-
Net uses multi-scale information, it adopts a pure computer
vision model to capture inter and intra-series correlations,
which is not very effective for time series data. Autoformer
demonstrated outstanding performance on the Flight dataset,
likely attributed to its established autocorrelation mecha-
nism. Nevertheless, even with GNN-based inter-series corre-
lation modeling, MTGnn remained significantly weaker than
our model due to a lack of attention to different scales. Fur-
thermore, we assessed the model’s generalization ability by
calculating its average rank across all datasets. Remarkably,
MSGNet outperforms other models on average ranking.
MSGNet’s excellence is evident in Figure 3, as it closely
mirrors the ground truth, while other models suffer pro-
nounced performance dips during specific time periods. The
depicted peaks and troughs in the figure align with crucial
flight data events, trends, or periodic dynamics. The inability
of other models to accurately follow these variations likely
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Models TimesNet

DLinear

NLinear MTGnn Autoformer Informer

Metric MSE MAE MSE

MAE

MSE MAE MSE MAE MSE MAE MSE MAE

96
192
336
720

0.237  0.350
0.224  0.337
0.289  0.394
0.310 0.408

0.221
0.220
0.229
0.263

Flight

0.337
0.336
0.342
0.366

0.270 0.379
0.272  0.380
0.280 0.385
0.316 0.409

0.196 0.316
0.272  0.379
0.260 0.369
0.390 0.449

0.204 0.319
0.200 0.314
0.201 0.318
0.345 0.426

0.333  0.405
0.358 0.421
0.398 0.446
0476 0.484

96
192
336
720

0.220
0.261
0.306
0.359

Weather

0.171 0.231
0.215 0.274
0.266 0.313
0.344 0.375

0.300
0.598
0.578
1.059

96
192
336
720

0.375
0.387
0.411
0.450

ETTml

0.381 0.415
0.442 0.451
0.475 0.475
0.531 0.507

0.672
0.795
1.212
1.166

96
192
336
720

0.267
0.309
0.351
0.403

ETTm2

0.240 0.343
0.398 0.454
0.568 0.555
1.072  0.767

0.365
0.533
1.363
3.379

96
192
336
720

0.402
0.429
0.469
0.500

ETThl

0.440 0.450
0.449 0.433
0.598 0.554
0.685 0.620

0.865
1.008
1.107
1.181

96
192
336
720

0.374
0.414
0.452
0.468

ETTh2

0.496 0.509
0.716 0.616
0.718 0.614
1.161 0.791

3.755
5.602
4.721
3.647

96
192
336
720

0.272
0.289
0.300
0.320

Electricity

0.211 0.305
0.225 0.319
0.247 0.340
0.287 0.373

0.274
0.296
0.300
0.373

96
192
336
720

0.234
0.344
0.448
0.746

Exchange

0.267 0.378
0.590 0.578
0.939 0.749
1.107 0.834

0.847
1.204
1.672
2.478

AvgRank | 1.813 | 2.750 |

2.813 | 5.313 | 4.750 | 7.000

Table 1: Forecast results with 96 review window and prediction length {96, 192,336, 720}. The best result is represented in

bold, followed by underline.

stems from architecture constraints, hindering their capac-
ity to grasp multi-scale patterns, sudden shifts, or intricate
inter-series and intra-series correlations.

Visualization of Learned Inter-series Correlation

Figure 4 illustrates three learned adjacency matrices for dis-
tinct time scales. In this instance, our model identifies three
significant scales, corresponding to 24, 6, and 4 hours, re-
spectively. As depicted in this showcase, our model learns
different adaptive adjacency matrices for various scales, ef-
fectively capturing the interactions between airports in the
flight data set. For instance, in the case of Airport 6, which
is positioned at a greater distance from Airports 0, 1, and 3,
it exerts a substantial influence on these three airports pri-
marily over an extended time scale (24 hours). However, the
impact diminishes notably as the adjacency matrix values
decrease during subsequent shorter periods (6 and 4 hours).
On the other hand, airports 0, 3, and 5, which are closer in
distance, exhibit stronger mutual influence at shorter time
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scales. These observations mirror real-life scenarios, indi-
cating that there might be stronger spatial correlations be-
tween flights at certain time scales, linked to their physical
proximity.

Dataset Flight Weather ETTm2
Metric MSE MAE MSE MAE MSE MAE
MSGNet | 0.195 0.311 0.218 0.255 0.245 0.304
w/o-AdapG | 0.302 0.401 0.232 0270 0.253 0.313
w/o0-MG 0.213 0.331 0.226 0.261 0.250 0.307
w/o-A 0.198 0314 0.224 0.259 0.247 0.306
w/0-Mix 0.202 0.318 0.224 0.260 0.247 0.304
TimesNet | 0.263 0.372 0.226 0.263 0.254 0.309

Table 2: Ablation analysis of Flight, Weather and ETTm2
datasets. Results represent the average error of prediction
length {96, 336}, with the best performance highlighted in
bold black.
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Models Ours TimesNet DLinear NLinear MTGnn Autoformer

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
Flight(7:1:2) | 0.208 0.321 0.265 0.372 0.233 0.345 0.285 0.388 0.280 0.378 0.238 0.344
Flight(4:4:2) | 0.252 0366 0.335 0.426 0.332 0.448 0.365 0447 0407 0.501 0307 0.424
Decrease(%) | 21.29 13.80 2647 1432 4229 29.87 28.19 15.17 4574 3252 29.17 23.09

Table 3: Generalization test under COVID-19 influence: mean error for all prediction lengths, black bold indicates best perfor-
mance. Decrease shows the percentage of performance reduction after partition modification.
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Figure 4: Learned adjacency matrices (24h, 6h, and 4h of the
first layer) and airport map for Flight dataset.

Ablation Analysis

We conducted ablation testing to verify the effectiveness of
the MSGNet design. We considered 5 ablation methods and
evaluated them on 3 datasets. The following will explain the
variants of its implementation:

1. w/o-AdapG: We removed the adaptive graph convolu-

tional layer (graph learning) from the model.

2. wlo-MG: We removed multi-scale graph convolution
and only used a shared graph convolution layer to learn

the overall inter-series dependencies.

w/o-A: We removed multi-head self-attention and elimi-
nated intra-series correlation learning.

. w/o-Mix: We replaced the mixed hop convolution
method with the traditional convolution method (Kipf
and Welling 2017).

Table 2 shows the results of the ablation study. Specif-
ically, we have summarized the following four improve-
ments:

1. Improvement of graph learning layer: After remov-
ing the graph structure, the performance of the model
showed a significant decrease. This indicates that learn-
ing the inter-series correlation between variables is cru-
cial in predicting multivariate time series.

Improvement of multi-scale graph learning: Based on
the results of the variant w/o-MG, it can be concluded
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that the multi-scale graph learning method significantly
contributes to improving model performance. This find-
ing suggests that there exist varying inter-series correla-
tions among different time series at different scales.

. Improvement of MHA layer: Examining the results
from w/o-A and TimesNet, it becomes apparent that
employing multi-head self-attention yields marginal en-
hancements in performance.

. Improvement of mix-hop convolution: The results of
variant w/o-Mix indicate that the mix-hop convolution
method is effective in improving the model’s perfor-
mance as w/o-Mix is slightly worse than MSGNet.

Generalization Capabilities

To verify the impact of the epidemic on flight predictions
and the performance of MSGNet in resisting external influ-
ences, we designed a new ablation test by modifying the par-
titioning of the Flight dataset to 4:4:2. This design preserved
the same test set while limiting the training set to data before
the outbreak of the epidemic, and using subsequent data as
validation and testing sets. The specific results are shown in
Table 3. By capturing multi-scale inter-series correlations,
MSGNet not only achieved the best performance under two
different data partitions but also exhibited the least perfor-
mance degradation and strongest resistance to external influ-
ences. The results demonstrate that MSGNet possesses a ro-
bust generalization capability to out-of-distribution (OOD)
samples. We hypothesize that this strength is attributed to
MSGNet’s ability to capture multiple inter-series correla-
tions, some of which continue to be effective even under
OOD samples of multivariate time series. This hypothesis
is further supported by the performance of TimesNet, which
exhibits a relatively small performance drop, ranking sec-
ond after our method. It is worth noting that TimesNet also
utilizes multi-scale information, similar to our approach.

Conclusion

In this paper, we introduced MSGNet, a novel framework
designed to address the limitations of existing deep learning
models in time series analysis. Our approach leverages peri-
odicity as the time scale source to capture diverse inter-series
correlations across different time scales. Through exten-
sive experiments on various real-world datasets, we demon-
strated that MSGNet outperforms existing models in fore-
casting accuracy and captures intricate interdependencies
among multiple time series. Our findings underscore the im-
portance of discerning the varying inter-series correlation of
different time scales in the analysis of time series data.
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