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Abstract

Networked time series are time series on a graph, one for each
node, with applications in traffic and weather monitoring.
Graph neural networks are natural candidates for networked
time series imputation and have recently outperformed ex-
isting alternatives such as recurrent and generative models
for time series imputation as they utilize a relational induc-
tive bias for imputation. However, existing GNN-based ap-
proaches fail to capture the higher-order topological structure
between sensors, which are shaped by recurring substruc-
tures in the graph, referred to as temporal motifs. In addi-
tion, it remains uncertain which motifs are the most pivotal
motifs guiding the imputation task in networked time series.
In this paper, we fill in this gap by proposing a graph neu-
ral network designed to leverage motif structures within the
network by employing weighted motif adjacency matrices to
capture higher-order neighborhood information. In particu-
lar, (1) we design a motif-wise multi-view attention module
that explicitly captures various higher-order structures along
with an attention mechanism that automatically assigns high
weights to informative ones in order to maximize the use
of higher-order information. (2) We introduce a gated fusion
module by merging gated recurrent networks and graph con-
volutional networks to capture the spatial and temporal de-
pendency in order to reflect the intricate impacts of temporal
and spatial influence. Experimental results demonstrate that
when compared to state-of-the-art models for time-series im-
putation tasks, our proposed model can reduce the error by
around 19%.

Introduction

Multivariate time series data are ubiquitous in real life, in-
cluding medical logs, meteorological records, and traffic
data (Che et al. 2018). In complex linked systems, miss-
ing values occur due to sensor failures, poor data collec-
tion processes, and human errors. Accordingly, missing val-
ues can cause major issues in time series analysis, and suit-
able values must be used to impute the missing values (Cini,
Marisca, and Alippi 2022). Recent breakthroughs in deep
learning have allowed new ways to deal with missing data,
including Recurrent Neural Networks (RNNs) (Che et al.
2018; Cao et al. 2018; Liu et al. 2019) and Generative
Adversarial Networks (GANSs) (Yoon, Jordon, and Schaar
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Figure 1: Demonstration using node classification task using
YELP dataset (Dou et al. 2020). (a) Using only a node’s di-
rect neighbors might lead to incorrect predictions. (b) Con-
sidering groups of three connected nodes (triangles) can im-
prove accuracy. (c) However, using less informative groups
like cycles might not help.

2018; Luo et al. 2018, 2019). These approaches have been
the workhorse of time series imputation. These approaches,
however, do not account for the higher-order topological
structures among sensors, which correspond to small, recur-
ring subgraphs.

Graph Neural Networks (GNNs) have recently gained
prominence as a powerful alternative, particularly with the
introduction of the concept of networked time series (Zhu
et al. 2021). This concept refers to a set of time series data
that are interconnected or interdependent through an under-
lying network structure which was introduced for the first
time in the context of time imputation by Cini, Marisca, and
Alippi (2022). GNNs are particularly suitable for this task
because they better capture the relational interdependence of
networked time series. While these GNN-based approaches
have shown promising results, they are still in their early
phases. Two significant issues remain open and need to be
addressed.

The first issue is about structural diversity. Current graph-
based imputation approaches either employ edge-defined
one-hop neighborhoods to propagate information (Lee et al.
2019; Cini, Marisca, and Alippi 2022) or depend on random
walks and their variants (Wang et al. 2023a). These meth-
ods are effective for capturing the lower-order graph struc-
ture, such as first-order and second-order neighbors, and for



identifying prominent nodes. However, they often fall short
in capturing the structural diversity of networks, particularly
in situations where higher-order topology structures, repre-
sented by small, recurring subgraphs, are crucial. As illus-
trated in Figure 1(a), the first-order neighbors of the tar-
get node mostly have different labels (negative neighbors).
However, when considering higher-order relations, the tar-
get node and its same-label (positive) neighbors form tri-
angle relations, as shown in Figure 1(b). These triangle re-
lations indicate a stronger bond and can help correctly in-
fer the target node’s label. Motifs, recurring small patterns
or subgraphs, are fundamental in graph theory and demon-
strate their ability to characterize the higher-order structure
of complex networks (Friggeri, Chelius, and Fleury 2011;
Wang et al. 2023b)(see Figure 2). Therefore, incorporat-
ing motifs is essential for capturing higher-order neighbor-
hood characteristics in graphs and improving tasks such as
networked time series imputation (Wang et al. 2023b; Lee
et al. 2019). Although motifs have been studied in contexts
like graph and node classification (Chen et al. 2023), to
our knowledge, no previous motif-based GNN method has
specifically targeted missing value imputation for networked
time series.

The second issue concerns structural information fusion,
stemming from the complexity of networked time series
data. This data consists of numerous subgraphs, but only a
select subset is valuable for accurate imputation. The chal-
lenge lies in choosing the most informative subgraphs to
effectively characterize the structural information of nodes
and guide the imputation task. For example, consider the
target node and its neighboring nodes as shown in Figure 1.
Within this neighborhood, various motifs can be induced,
such as cycle-shaped and triangle-shaped motifs. Figure 1(b)
shows that triangle-shaped motifs are the most informative
substructure for the target node. Using less informative mo-
tifs, such as cycle motifs instead of triangle motifs, as de-
picted in Figure 1(c), may lead to an incorrect inference of
the target node’s class. Therefore, to enhance the accuracy of
networked time series imputation, it is crucial to identify and
select key subgraphs from the extensive pool available and
optimize the integration of their structural information. Ef-
fectively fusing the most informative structural information
remains a significant challenge in the context of networked
time series imputation.

Our approach. To address the aforementioned chal-
lenges, we propose a novel Motif-aware graph neural net-
work model (Motif-GNN) aimed at jointly modeling diverse
structural information, including both low-order and high-
order structural features. To effectively capture and utilize
network information, particularly higher-order complexities
in networked time series data, our approach incorporates a
temporal motif embedding module for deriving various net-
work motifs. These motifs are then integrated using a motif-
based multi-view attention module, leveraging their signif-
icance as fundamental components of complex networks.
To comprehensively model the combined effects of struc-
tural and temporal influences, we employ a gated fusion
layer. This layer integrates a gated recurrent design within
the Graph Convolutional Network (GCN), enabling the fu-
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sion of motif representations, feature matrices, original adja-
cency matrices, and temporal aspects of the time series data.
The contributions are summarized as follows:

* Novelty. We make the first attempt to utilize higher-order
structures within graphs, specifically temporal motifs, for
the task of networked time series imputation.

Methodology. In Motif-GNN, we introduce a novel ap-
proach to capture and utilize network information, fo-
cusing particularly on higher-order complexities within
complex networks. Our method incorporates a motif-
based multi-view attention module to integrate motifs,
which are fundamental building blocks of complex net-
works, into multi-view structural representation. This
module employs attention mechanisms to fuse the di-
verse perspectives offered by different motifs. Addition-
ally, we implement a gated fusion layer to model the de-
pendencies between the fused high-order structural in-
formation and temporal dynamics, thereby enhancing the
accuracy of imputation tasks.

Experiment. Empirical results show that Motif-GNN
outperforms baseline models by approximately 19% for
time series imputation across various real-world datasets.

Related Work

Time Series Imputation. Missing value imputation in
time series has a considerable body of literature, includ-
ing deletion-based approaches (McKnight et al. 2007;
Wothke 2000), traditional interpolation methods (e.g., mean
and median) (Acuna and Rodriguez 2004; Donders et al.
2006; Kantardzic 2011), and techniques such as neighbor-
based (Amiri and Jensen 2016; Sun et al. 2020), constraint-
based (Song and Chen 2011; Song, Chen, and Cheng 2013)
and regression-based methods (Cleveland and Loader 1996;
Box et al. 2015). Later works use RNNs to capture temporal
information. Early methods concatenated timestamps with
input data for imputation (Lipton, Kale, and Wetzel 2016;
Che et al. 2018; Cao et al. 2018; Liu et al. 2019). Models like
the Gated Recurrent Unit (GRU) have been used to extract
long-term information, as seen in the GRU-D model (Che
et al. 2018), which introduces a decay mechanism for in-
put variables to model missing patterns. BRITS (Cao et al.
2018), another RNN-based model, uses bidirectional mech-
anisms for multivariate time series imputation. In addi-
tion, there are several methods introduced as an adapta-
tion of GANs (Goodfellow et al. 2014; Luo et al. 2018) for
time series imputation. Other successful works are entirely
GAN architecture only (Yoon, Jordon, and Schaar 2018;
Miao et al. 2021). For example, GAIN (Yoon, Jordon, and
Schaar 2018) generalizes GANs (Goodfellow et al. 2014)
for missing data imputation. Other works utilize attention
mechanisms to leverage spatial-temporal information such
as SPIN (Marisca, Cini, and Alippi 2022), SaD (Ahmed and
Schmidt-Thieme 2024), and ReCTSi (Lai et al. 2024). Addi-
tionally, 2D vision backbones have been introduced for time
series imputation. As an example, the TimesNet model (Wu
et al. 2023) imputes missing values by transforming 1D time
series into 2D tensors. A key drawback of these methods is
that they either overlook the graph’s topological information



or depend exclusively on message passing through lower-
order structures like first-order and second-order neighbors.

Networked Time Series Imputation. The concept of
networked time series which refers to a set of time se-
ries data that are interconnected or interdependent through
an underlying network structure was introduced by Cini,
Marisca, and Alippi (2022) that presents GRIN, the first
graph-based architecture for networked time series impu-
tation, which rebuilds missing data in multivariate time se-
ries by learning spatio-temporal representations via message
passing. Another work by Chen, Wang, and Xu (2023) com-
bined pre-trained large language models with graph atten-
tion networks, leveraging their complementary strengths for
enhanced performance. Later, the PoGeVon model (Wang
et al. 2023a) utilized a variational autoencoder with an en-
coder that incorporates Random Walk with Restart (RWR)-
based node position embeddings to impute missing node
features and graph structures.

Network Motifs. Network motifs are recurring patterns
or subgraphs of connections that occur in complex networks
at a higher frequency than in randomized networks. These
motifs are considered the building blocks of complex net-
work structures (Milo et al. 2002; Lee et al. 2019; Ben-
son, Gleich, and Leskovec 2016). Standard GNNs are im-
plied to be unable to capture high-order structures since their
power is limited to that of the 1-dimensional Weisfeiler-
Leman graph isomorphism test (Morris et al. 2019; Lee et al.
2019). As a result, a line of study on GNN models aims
to enhance representation learning by the inclusion of mo-
tifs (Lee et al. 2019; Fu, Zhou, and He 2020; Chen and Ying
2024; Sun et al. 2024). Specifically, these models learn high-
order graph structure by using motif-based adjacency matri-
ces derived from distinct motifs (Yang et al. 2022; Wang
et al. 2022; Chen et al. 2023). These methods demonstrate
the advantages of incorporating motifs into graph represen-
tation learning on a variety of downstream tasks. To the best
of our knowledge, we are the first to incorporate motifs into
the time series imputation task and aim to use high-order
structure information in this task.

Preliminaries

First, we explain the problem of time series imputation, fol-
lowed by representing time series as a dynamic graph, and
then provide the background knowledge of the motif and
motif adjacency matrix.

Time Series Imputation

Time series imputation is the problem of imputing
the missing values in a partially observed multivari-
ate time series. Formally, let X (X4,...,X71) €

T
(R U {wanp) )
multivariate time series, where T' € N is the total number
of time steps, N € N is the total number of sensors or in-
stances, and D € N is the number of channels in each sen-
sor.Here, X; , 4 # NaN indicates an observed value; oth-
erwise, it is missing. Since models cannot directly work on
NaN values, we replace NaN in X with 0 and introduce a

represent the partially observed
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Figure 2: Motifs of different sizes

mask sequence M := (M;,...,My) € ({0, 1}NXD)T,
where M, ,, 4 = 1 indicates that X ,, 4 is observed; other-
wise, it iS missing.

Additionally, A := (A4,..., A7) € (RV*M)T repre-
sents the relationship between the sensors at all timestamps,
e.g., Ai m n is the distance between the sensor m and n with
m,n € {1,..., N} at timestamp ¢. Given X, M, A, the goal
is to find X := (Xl, cel XT) € (RNXD)T where th’d is
the imputed observation of X, ,, 4 when M, ,, 4 = 0 (when
My g = 1 we assume )A(m,,,d = Xy n,d)

Time Series as Dynamic Graph

A partially observed multivariate time series, as defined
above, can be conceptualized as a graph evolving over
time, G := (Gi,...,Gr). At each timestamp ¢, G;
(X, My, Ay, &) is an undirected graph of N many nodes
where: & C {1,...,N} x {1,...,N} is set of edges,
X; € RN*P js the node attribute matrix (partially ob-
served), M; € RV*P is the mask matrix corresponding
to Xy, and A; € RY*N s the weighted adjacency ma-
trix, with A; ,,, », indicating the distance between nodes m
and n at timestamp ¢. We assume an edge exists between
nodes m and n at timestamp ¢ if and only if A; ,, ,, # O1i.e.,
{m,n} €& <= Amn #0.

Motif and Motif-induced Adjacency Matrix

A network motif GM°T is a connected graph of M > 2 nodes
that represent recurring patterns or subgraphs within a net-
work. In Figure 2, we illustrate 2, 3, and 4-node motifs.

Following Chen et al. (2020), we construct a motif-
induced adjacency matrix. To do this, we first create a motif
instance set for a motif GM°T on a graph G which is the set
of all the edge subsets that can form a motif instance (we
ignore subscript t when the context is clear):

M := {& C £| GIE'] = GH°T} ()

where G[€'] is induced subgraph of G on edges £, and ~
indicates isomorphism.

Now, the motif-based adjacency matrix B € RV*N of
graph G for motif GM°" is given as:

B;; = Z I({i,j} € &)

£'eM

2

where I(-) is an indicator function, i.e., I (z) = 1 if the state-
ment z is true and 0 otherwise.

We assume a total of K many motifs hence we have an K
many adjacency matrices. B¥ is GM°"*-induced adjacency
matrix for graph G:

, BX) = mot-ind(G,G"o"" ..., gMoT )

(B',... 3)
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Figure 3: The architecture of Motif-GNN. The terms “motif-ind,” “motif-based,” “motif-wise attn,” and “impute” refer to the
Motif-induced adjacency matrix, Motif-based adjacency matrix, Motif-wise multi-view attention, and Imputation network,

respectively, as described in Sections 3.3, 3.4, 4.1, and 4.3.

Motif-based adjacency matrix

Different motifs create distinct local neighborhoods for
nodes in a network, as shown in Figure 2. The connections
within these neighborhoods, represented by weights in the
motif-induced adjacency matrix B, can vary because the
frequency of specific motifs differs between node pairs. To
generalize these connections, Lee et al. (2019) and Rossi,
Ahmed, and Koh (2018) proposed motif matrix functions to
create motif-based adjacency matrices, B € RN*N,

1. Motif Transition Matrix. In a random walk on the
graph with adjacency matrix B, the transition probabilities
are given by P;; fj, where B; = . ; Bij. Thus, the
random walk motif transition matrix is calculated as:

D 'B

BTRANS o

“
where D is the diagonal degree matrix of B.

2. Absolute Motif Laplacian.
matrix can be defined as follows:

B"*":=D+B

The absolute Laplacian

&)

3. Symmetric Normalized Motif Matrix with Row-wise
Max. A symmetric normalized matrix, similar to the nor-
malized Laplacian, is calculated as:

D Y*(B+ R)DY/?

BSYMM —

(6

where R is a diagonal matrix with R;; = max; B;;.
There are a total of 3K many motif-based adjacency ma-
trices:

B := motif-based(B) ™

Proposed Architecture

Our networked time series is represented as a dynamic
graph. GNNs are effective at learning embeddings from

11412

graph data, while RNN-based architectures such as GRUs
excel at capturing sequential information in time series. To
leverage both approaches, we propose a novel model with
two components, as illustrated in Figure 3. The first com-
ponent is a GNN that encodes the static graph at each time
point. The second component is a GRU that predicts the la-
tent representation of the feature matrix for the next time
step. Finally, a decoder is used to predict the missing fea-
tures in the feature matrix in an auto-regressive manner.

Temporal Motif Embedding

GNNs embed the input graph into latent representation by
passing information between neighbor nodes via connected
edges specified by adjacency matrices. Here, we have 3 dif-
ferent kinds of adjacency matrices: 1) The directly provided
adjacency matrix with the time series: A, 2) K many motif-
induced adjacency matrices: B',..., BX, and 3) Three
motif-based adjacency matrices for each motif-induced ad-
jacency matrix with a total of 3K: B',... B3 A sim-
ple approach could be to use separate GNNs on each adja-
cency matrix and then concatenate their output. However,
1 + K + 3K many graph neural networks would be com-
putationally expensive. Therefore, first we combine the ad-
jacency matrices derived from motifs to one motif-fused ad-
jacency matrix BUSE € RM>M Then, we concatenate the
GNN outputs for the original adjacency matrix A; and fused
matrix BfUSE at every timepoint ¢.

Motif-wise Multi-view Attention. To achieve this, we
use separate attention mechanisms for the motif-based and
motif-induced matrices as follows:

BFUSE . Z Oszk—l— Z Bk:Bk

k=1:K k=1:3K

®)

where o, and 3y, are the attention coefficients calculated for
each motif-induced matrix B), and each motif-based matrix



B¥, respectively. This fusion mechanism ensures that the
most relevant neighborhood information from both types of
motif matrices is integrated into the final structural represen-
tation. The attention coefficients, o, and 3y, are calculated
using the following softmax function to create a probability
distribution over the motifs:

exp(fk)

exp(ex)
Yooy exp(fn)

—K

> m—1€xP(em) =1 €XP
where e and fj, are the intermediate attention scores com-
puted as follows:

Br =

(&%

&)

fr = w? tanh(B*w,) (10)

Here, w1, wo, w3, wy € RN are learnable weight vec-
tors.

Now, the GNN embedding at layer [ at timestep ¢ is given
as:

ZtGNN,l _ GNNi(At,BlfUSE’ ZfNN,l—l)
— QS(A;ZtGNN’l71W/£||B11:USEZtGNN7l71Wé)

1

where A} = D, 2 A,D
ric adjacency matrix at time step ¢, is the embed-
ding from the [ — 1-th layer, and Wl and W/ are the weight
matrices for the I-th layer, || denotes the concatenation op-
erator, and ¢ is an activation function. The input to the first
layer Z; N0 s the concatenation of original feature matrix
X, and mask M;. Note that, the parameters of GNN are
shared across all the timepoints. The final embedding, after
L many GNN layers, Z2™ is considered as ZEN,

er = w tanh(BFws,),

Y

_1 .
; * denotes the normalized symmet-
ZGNN -1

Gated Fusion Layer

While GNN can provide embedding for a static graph at each
timepoint, it cannot accommodate the information from the
previous timesteps. For this, we use a simple GRU modi-
fied to incorporate three things: X, embedding from GNN
Z{™N and previous GRU hidden state Z*y. Note that X,
consists of missing values. Similar to GNN we can concate-
nate M, with X, and pass it as an input to the GRU. How-
ever, owning to the ideas of kalman filtering, we impute the
missing values of X, calling X, using the past GRU hidden
state and the current GNN embedding.

Z%& .= GRU(X, Z;) with Z, = ZSY || Zze™

Imputation Network

For the imputation of X, we use, Z;, the concatenation of
GRU past hidden state and the latent embedding given by
the GNN. First, we use a simple feed-forward layer (FF) to

transform Z, from embedding space to X in input space:
X, = FF(Z,) (12)
Now, the final imputation of the missing values in the time
series is:
X, = Imputation Network(Z;, X, M)

= Mt ® Xt + (]. - Mt)Xt (13)

where © is element-wise multiplication and X, is the final
feature matrix with missing values filled in. Algorithm 1 pro-
vides the flow of the proposed model.
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Algorithm 1: The Framework of Motif-GNN.

Ensure: X,A,M,(QMOTI,..., , motif-ind, motif-
based, motif-fusion, Imputation Network, GNN, GRU

gMOTK)

1: fort =1:Tdo

2. By« motif-ind(A ¢, GMOTLEY

3: B, + motif-based(B;)

4 BI'YS* « motif-fusion(B;, By)

5: ZtGCN <— GNN(At,Xt,Mt,B:USE)
6:  Zy  ZFY|Z7™NN

7 X, Imputation Network(Z;, M)
8  Z% « GRU(X,, Z;)

9: end for .
10: X (X4,...,X7)

11: return X

Objective Function and Training

The proposed model is trained using a joint optimization
strategy that combines imputation and reconstruction losses
into a unified objective function (Du, C6té, and Liu 2023) as
follows:

—||M, o (X, — X +

1 ~
I m”“ - M) o (X, —Xm)

Here, ® denotes element-wise multiplication (Hadamard
product), ||-||1 represents the element-wise ¢1-norm, and M,
and (1 — M), indicate the number of missing and observed
entries, respectively. The parameter v € [0, 1] controls the
trade-off between imputation and reconstruction.

Experiments

In this section, we present our experiments to evaluate the
proposed model, Motif-GNN for networked time series im-
putation. The experiments seek to answer the following re-
search questions: (i) RQ1: How effective is Motif-GNN for
networked time series imputation compared to the state-of-
the-art imputation models? (ii) RQ2: How do different com-
ponents of our model contribute to its overall performance?

Datasets

We assess the utility of Motif-GNN using four real-world
datasets comprising one meteorological dataset and three
traffic datasets.

* Meteorological Dataset. The air quality dataset com-
prises observations from 36 monitoring sites (Yi et al.
2016), collected between May 1, 2014, and April 30,
2015, totaling 8,759 timestamps (Yi et al. 2016; Zheng
et al. 2015). The adjacency matrix was constructed us-
ing a thresholded Gaussian kernel, following the same
method of Cini, Marisca, and Alippi (2022) and Wang
et al. (2023a).



General Missing Spatio-temporal Block Missing Temporal Block Missing
Dataset Model
MAE MRE (%) MAE MRE (%) MAE MRE (%)
MI 59.81 +0.00 81.29 +0.00 61.45+0.00 83.41 +0.00 62.78 + 0.00 84.27 +0.00
MF (Luo et al. 2014) 38.56 £0.24 52.95 +£0.36 38.73£0.24 52.81+0.22 36.32 £0.25 4991 +£0.34
GRU-D (Che et al. 2018) 36.71 £0.32 47.12+£0.35 38.87 £0.27 49.16 +0.31 38.14 +£0.32 48.12+0.35
BRITS (Cao et al. 2018) 38.79 +£0.44 47.58 £0.32 38.58 £0.46 46.52 £0.26 35.56 £0.62 43.24+0.36
Air Quality  GRIN (Cini, Marisca, and Alippi 2022) 29.51+0.26 39.41+£0.32 33.14+£0.26 42.55+0.31 31.22+0.27 42.47 £ 0.36
SPIN (Marisca, Cini, and Alippi 2022) 27.32+0.29 32.08 £0.38 35.18 £0.23 39.55 £0.31 33.17+£0.24 37.45+0.32
TimesNet (Wu et al. 2023) 32.54 +0.31 37.15+£0.32 38.23+0.24 41.93 +0.37 34.28 +0.24 38.56 +0.33
PoGeVon (Wang et al. 2023a) 19.49+1.10 26.26 + 1.50 21.34 +0.89 27.36 £0.94 2242 +1.28 27.92 +1.36
Motif-GNN (ours) 15.43 £ 0.32 20.41 + 0.61 17.27 £0.23 22.16 + 0.24 16.98 + 0.31 22.41+0.52
MI 215.19+0.00  40.64 £0.00  219.85+0.00 44.09 +£0.00 22427 +0.00  44.65+0.00
MF (Luo et al. 2014) 7723 £0.27 14.51 £ 0.48 79.78 £ 0.24 17.12+0.36 77.87+0.25 15.12+0.45
GRU-D (Che et al. 2018) 46.52+0.28 9.78 £0.33 48.37 £0.44 10.05 £0.14 49.04 £0.26 10.12 £ 0.28
BRITS (Cao et al. 2018) 47.72£0.28 6.98 +0.36 49.77 £ 0.44 7.75+0.12 49.31+£0.29 7.21+£0.32
PeMS-LA GRIN (Cini, Marisca, and Alippi 2022) 46.52+£0.22 9.18+£0.32 48.77 £ 0.44 10.65 £0.32 48.34 £0.26 10.76 £ 0.32
SPIN (Marisca, Cini, and Alippi 2022) 26.75+0.15 5.24+0.28 32.86 £0.41 7.65+0.42 38.88+£0.24 6.76 + 0.35
TimesNet (Wu et al. 2023) 27.45 +£0.27 7.04 £0.34 34.19 £0.35 9.49 £0.32 39.62 £0.28 6.88 £0.34
PoGeVon (Wang et al. 2023a) 23.91+0.25 426 +£0.02 2691 +0.25 6.15+0.02 25.32+0.28 4.87 £0.04
Motif-GNN (ours) 18.21 £ 0.12 3.96 + 0.02 21.81 £ 0.01 4.11 + 0.02 20.67 £ 0.12 3.81 + 0.06
MI 192.05+0.00 47.41+0.00 195.75+0.00 49.98 + 0.00 196.05+0.00  49.78 +0.00
MF (Luo et al. 2014) 5725+ 1.15 14.11 £0.22 59.65 +1.22 16.21 £0.21 63.25+1.26 17.15+£0.27
GRU-D (Che et al. 2018) 36.56 + 1.21 9.02+0.14 39.24+1.24 10.78 +0.14 38.52+1.22 10.25+0.12
BRITS (Cao et al. 2018) 31.27+1.07 7.79+£0.10 34.47+£1.24 9.25+0.14 32.55+1.12 8.62£0.18
PeMS-BA GRIN (Cini, Marisca, and Alippi 2022) 30.34 + 1.07 6.92 +0.30 32.65+1.26 8.67+0.14 33.34 +1.07 7.92+0.70
SPIN (Marisca, Cini, and Alippi 2022) 26.75 £ 1.23 6.15+0.33 29.11+£1.24 6.91+0.19 28.87 £ 1.09 6.39 £ 0.69
TimesNet (Wu et al. 2023) 2585+ 1.15 6.46 +0.32 28.05+1.14 6.81+0.16 30.32+£0.94 6.26 +0.52
PoGeVon (Wang et al. 2023a) 22.19 £0.05 5.50+£0.01 22.19 £0.46 5.51+0.01 24.31 £0.06 6.23 £0.02
Motif-GNN (ours) 17.25 £ 0.16 4.21 +0.01 19.65 + 0.26 5.14 £ 0.01 19.04 +0.18 5.47 £ 0.02
MI 208.19£0.00  52.91+0.00 221.19 £0.00 55.36 £ 0.00 217.27+0.00  57.63 £0.00
MF (Luo et al. 2014) 45.46 £ 0.02 11.78 +0.01 48.72 +0.02 13.26 +0.01 45.46 +0.02 11.78 £ 0.01
GRU-D (Che et al. 2018) 42.32+0.22 9.88 +£0.01 46.65 +£0.02 12.18 £ 0.04 45.13+0.21 10.92 £ 0.08
BRITS (Cao et al. 2018) 35.32+0.22 7.91+0.01 39.12+£0.02 9.06 +0.01 36.86 £0.22 9.04 +0.02
PeMS-SD GRIN (Cini, Marisca, and Alippi 2022) 31.42+0.22 6.82 +0.01 3422 £0.02 7.29 £0.01 3421 +£0.25 9.63 £0.04
SPIN (Marisca, Cini, and Alippi 2022) 32.47+0.26 6.94+0.01 36.06 +0.03 7.42+0.01 36.12+0.25 9.72 +0.04
TimesNet (Wu et al. 2023) 33.48 £0.37 7.05 +0.02 37.83 £0.02 7.63 +£0.01 38.04 £0.26 9.87 £ 0.05
PoGeVon (Wang et al. 2023a) 18.99 +0.11 4.86 +0.01 2091 +0.14 5.91+0.01 20.73 £ 0.16 9.18 +0.04
Motif-GNN (ours) 15.87 £ 0.14 3.72+£0.01 17.54 £ 0.12 4.62 +0.04 16.92 + 0.14 6.97 £ 0.03
Overall Improvement 21.21% 18.26% 16.39% 21.49 % 19.53% 19.33%

Table 1: Performance comparison w.r.t. MAE and MRE (%) scores on different datasets for imputation task.

e Traffic Datasets. The traffic datasets used in this pa-
per are PeMS-LA, PeMS-BA, and PeMS-SD, collected
from January 1 to March 30, 2022, from highways in Los
Angeles County, the Bay Area, and San Diego, respec-
tively (Chen et al. 2001). For all traffic datasets, the ad-
jacency matrix was calculated using pairwise distances
derived from latitude and longitude values as in (Cini,
Marisca, and Alippi 2022; Wang et al. 2023a).

Experimental Setup

Following previous research (Yi et al. 2016; Cini, Marisca,
and Alippi 2022), we consider two missing data scenarios:
missing completely at random (MCAR), also known as gen-
eral or point missing (Heitjan and Basu 1996), and block-
missing, which includes time-structured (temporal) and
space-structured (spatial) missing data. Under the MCAR
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scenario, datasets are split into 70% for training, 10% for
validation, and 20% for testing. In the block-missing sce-
nario, we simulate overlapping time- and space-structured
(spatio-temporal) missingness by randomly dropping 5% of
the data per sensor and simulating failures with a 0.15%
probability, varying the duration from 1 to 4 hours for traffic
data and 2 to 6 days for air quality data, following the evalua-
tion protocol in (Cini, Marisca, and Alippi 2022). Addition-
ally, to ensure consistency with baseline models, we con-
sider time-structured missingness in the air quality dataset
by partitioning the 1-year data into two parts, using the
months of March, June, September, and December as the
test set and the rest for training (Yi et al. 2016; Cini, Marisca,
and Alippi 2022; Wang et al. 2023a). For traffic datasets, we
used the first half of February and the last half of March for
testing and the rest for training. Evaluation is conducted us-
ing Mean Absolute Error (MAE) and Mean Relative Error



Models Air Quality PeMS-LA PeMS-BA PeMS-SD
MAE MRE(%) MAE MRE(%) MAE MRE(%) MAE MRE(%)
Motif-GNN 1543+£032 2041+046 1821%0.12 3.96+0.02 17.25+0.16 4.21+£0.01 1587+0.14 3.72+0.01
Motif-GNN w/o motif-ind 1749£0.32  2356+0.38 2224+025 476+x0.02 21.14+0.05 4.91£0.04 18.18 £0.11 4.24 +£0.05
Motif-GNN w/o motif-based 18.16+£0.38  2435+0.34 2391+025 426+£0.02 22.19+0.05 5.50+0.01 17.63 £0.12  4.06 +£0.06
Motif-GNN w/o multi-view attn 1921 £0.26  25.67 £0.51 21.87+029  4.09£0.02 22.04+0.05 4.96£0.08 18.45+0.12  4.39+0.04

Table 2: Analysis of Motif-GNN Model Components

(MRE) as metrics (Yi et al. 2016).

Baselines

* Mean Imputation (MI) replaces missing values with the
corresponding global mean.

Matrix Factorization (MF) (Luo et al. 2014) decom-
poses the data matrix into two low-rank matrices and fills
in missing values by completing the matrices.

GRU-D (Che et al. 2018) adopts a GRU with two differ-
ent decay mechanisms to generate missing values.
BRITS (Cao et al. 2018) uses bidirectional RNNs for im-
putation in both forward and backward directions.
GRIN (Cini, Marisca, and Alippi 2022) generalizes
GNNs for multivariate time series imputation through
message passing.

SPIN (Marisca, Cini, and Alippi 2022) adopts graph at-
tention networks, leveraging hierarchical attention mech-
anism for time series imputation.

TimesNet (Wu et al. 2023) employs an inception block to
capture both intraperiod and interperiod variations within
the 2D space.

PoGEVoN (Wang et al. 2023a) uses variational autoen-
coder and node positional encodings for imputation.

Time Series Imputation Task

The goal of this experiment is to evaluate whether the Motif-
GNN model can improve imputation performance compared
to state-of-the-art methods. The results, as shown in Ta-
ble 1, demonstrate that Motif-GNN consistently surpasses
all baseline models in predicting missing values for time
series within networked datasets. Specifically, Motif-GNN
achieves over an 19% improvement across all datasets com-
pared to the best performing baselines under various miss-
ing data scenarios. For example, in the air quality dataset,
Motif-GNN reduces MAE by approximately 21% and MRE
by around 20% compared to the previous best model,
PoGeVon. Overall, Motif-GNN demonstrates improvements
of 16-21% in MAE and 18-19% in MRE across the four
datasets. While GRIN and PoGeVon also leverage graph
topological information, they are less effective than Motif-
GNN. The superior performance of Motif-GNN stems from
its capability to capture recurring patterns and detailed struc-
tural information, underscoring the method’s effectiveness.

Ablation Study

We conducted an in-depth investigation of the components
in Motif-GNN under the MCAR scenario. The variants of
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our method include Motif-GNN without the motif-induced
matrices, where these matrices are fused using only the first
term in Equation 8 (Motif-GNNy/o motif.ind)- Another vari-
ant is Motif-GNN without motif-based adjacency matrices,
where these matrices are fused using only the second term in
Equation 8 (Motif-GNNy,/o motif-based)- The last variant tests
the importance of selecting key subgraphs from the exten-
sive pool available. This variant includes all motif matri-
ces, but instead of using the module motif-wise multi-view
attention, it uses a simple aggregation method (i.e., mean)
(Motif-GNNy/o multi-view attn)- The results, shown in Table 2,
demonstrate that all three components contribute to perfor-
mance improvement. In particular, the proposed Motif-GNN
model is enhanced by the inclusion of different types of
motif-induced and motif-based adjacency matrices.

Conclusion

In this paper, we introduce Motif-GNN, a novel time se-
ries imputation model that extends existing GNN-based ap-
proaches by learning higher-order network embeddings. The
proposed model employs a motif-wise multi-view attention
mechanism, which assigns high weights to informative mo-
tifs to maximize the use of higher-order structural informa-
tion for guiding the imputation task. Experimental results on
four real-world datasets demonstrate that Motif-GNN con-
sistently outperforms state-of-the-art time series imputation
methods, providing an efficient solution for imputing time-
series data under various imputation scenarios.
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