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ONLINE VECTOR AUTOREGRESSIVE MODELS OVER EXPANDING GRAPHS

Bishwadeep Das and Elvin Isufi

ABSTRACT

Current spatiotemporal learning methods for complex data exploit
the graph structure as an inductive bias to restrict the function space
and improve data and computation efficiency. However, these meth-
ods work principally on graphs with a fixed size, whereas in several
applications there are expanding graphs where new nodes join the
network; e.g., new sensors joining a sensor network or new users
joining a recommender system. This paper focuses on the non-trivial
extension of spatiotemporal methods to this setting, where now it
is key to jointly capture both the topological and signal dynam-
ics. Specifically, it considers a graph vector autoregressive (GVAR)
model for multivariate time series. The GVAR is a multivariate lin-
ear model that leverages a bank of graph filters allowing scalability
and data efficiency. To account for the dynamic nature of the graphs,
the filters’s parameters are learned on-the-fly via adaptive gradient
descent with provable sub-linear regret. Numerical results on both
synthetic and real data corroborate the proposed method.

1. INTRODUCTION

Spatiotemporal signal modeling is useful for processing real world
time-varying signals like temperature or pressure over sensor net-
works but conventional methods have a high number of parameters
and fail to capture the network structure [1]. Alternatively, graph-
based spatiotemporal models jointly capture the graph and the tem-
poral dependencies in the data and utilize fewer parameters [2]. This
is achieved by using the graph as an inductive bias for the spatial
network structure, thereby reducing the function space and tackling
the curse of dimensionality.

Graph-based spatiotemporal models can be divided into three
categories: ARMA models: These methods model the signal evolu-
tion as a combination of filtered past temporal signals [2]. They con-
sider the graph topology at each time instant for a variety of applica-
tions [3–10]; State space models. These methods use a state transi-
tion and an obervation step to model spatiotemporal signals [11,12].
The graph is used to model the state update equation or to build ker-
nels as a generative model [13–16]. Graph Construction methods:
These methods construct a new graph to capture the spatiotempo-
ral dynamics. The works in [17–19] use product graphs to capture
this relationship while some works like [20] build domain-specific
graphs to represent the temporal dynamics.

All of the above approaches consier spatiotemporal models for
graphs with a fixed number of nodes. However, in practice we en-
counter situations where the topologies expand; e.g., new time se-
ries become available or a new sensor is added to a sensor net-
works [21–23]. Extending these methods to a growing graph setting
is non-trivial, incurring an ever-growing increase in complexity. For
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example, in the kernel-based methods [8, 9, 13–15], we need to re-
calculate the pair-wise node similarity kernels for each new node, or
for the whole graph, which requires an eigendecomposition of the
Laplacian. Another challenge is that the incoming nodes and their
data typically arise in an online manner, making it more challenging
to deploy the above batch-based approaches.

In this paper, we target the above challenge and provide a
graph-based model for online learning over continuously expanding
graphs. Our specific contribution is two-fold:

1. We propose expanding graph vector autoregressive (GEVAR)
model for time series over expanding graphs. Such models
capture multiresolution information at all nodes including the
incoming ones; is linear, localized, enjoys a distributed im-
plementation, and does not need a prior like kernels, while
being adaptive to the expanding topology.

2. We perform online forecasting on the expanding graph us-
ing the GEVAR filter bank. As an alternative to batch pro-
cessing, we update the filter bank online using tools from on-
line machine learning, which has already been used for graph
signal processing tasks in time invariant setting [9, 24, 25].
Specifically, we use adaptive online gradient descent, with a
provable sub-linear regret upper bound w.r.t the batch solu-
tion [26].

2. GRAPH VAR MODELS OVER EXPANDING GRAPHS

In this section, we first highlight the GVAR model on a graph of fixed
size and then describe its extension to an expanding graph setting.
GVAR model. Consider a graph G = {V, E} of N nodes with
shift operator S ∈ R

N×N and a time-varying signal xt ∈ R
N . A

Graph Vector Autoregressive (GVAR) model of order P [2] models
the signal at time t in terms of its previous P realizations as

xt = −
P∑

p=1

Hp(S)xt−p + εt (1)

where xt−p is the signal before p time instants and Hp(S) =∑K
k=0 hpkS

k is a graph convolutional filter of order K which filters
xt−p over the static topology represented by S [27]. The GVAR
model combines the output of P time independent graph filters
Hp(S), each acting on its corresponding past time signal xt−p to
model the signal at time t. The vector εt is the model random-
ness. In each time instant, GVAR leverages multi-hop information
up to K hops away. Due to the prior imposed by the graph struc-
ture, GVAR has (K + 1)P parameters and a complexity of order
O(PK|E|) [27].
GVAR on expanding graphs (GEVAR). The GVAR model pre-
sented above holds for a graph of fixed size. To extend it to an ex-
panding graph, we consider a starting graph G0 = (V0, E0) of N0

nodes, comprising a node set V0 = {v1, . . . , vN0} and an edge setIC
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Fig. 1. A GEVAR process with P = 4. (Left) At time t, v10 (orange) joins Gt−1 (green) to form Gt with zero-padded shift operator and
signal St and x̄t for p = 1; (center left) At time t − 1, v9 is the incoming node and v10 (grey) is considered as a ghost node, i.e., we use
it virtually for zero-padding and p = 2; (center right) v8 joins with v9, v10 as ghost nodes and p = 3; (right) v7 joins with v8,v9, v10 and
p = 4. The GVAR model predicts in this case xt = −(H1(St)x̄t +H2(St−1)x̄t−1 +H3(St−2)x̄t−2 +H4(St−3)x̄t−3) + εt

E0. Let A0 ∈ R
N0×N0 be its adjacency matrix with [A0]ij > 0 if

{vi, vj} ∈ E0 and {vN0+1, . . . , vNo+T } a sequence of T incom-
ing nodes over time t = 1, . . . , T . Node vN0+t arrives at time
t and connects to the already existing graph Gt−1 forming graph
Gt = {Vt, Et} with Nt = N0 + t nodes and the adjacency ma-
trix At ∈ R

Nt×Nt . The attachment of vt is characterized by the
vector at = [[at]1, . . . , [at]Nt−1 ]

�, where [at]i > 0 indicates an
undirected edge between vt and vi ∈ Vt−1. The adjacency matrix
At∈RNt×Nt reads relative to At−1 as

At =

[
At−1 at

a�t 0

]
. (2)

Let x0 ∈ R
N0 be the signal over G0 and xt ∈ R

Nt that over
Gt at time t. Extending the GVAR model to an expanding graph
requires handling an adjacency matrix and graph signal of increas-
ing dimensions. To account for this challenge, we define the time
varying zero-padded shift operator St−p+1 and signal x̄t−p+1 as

St−p+1 =

[
At−p+1 0(Nt−p+1),(p−1)

0(p−1),(Nt−p+1) 0(p−1),(p−1)

]
, x̄t−p+1 =

[
xt−p

0p

]
.

(3)

Given then St−p+1, the graph filter associated to the pth lag
reads as

Hp(St−p+1) =
K∑

k=0

hpkS
k
t−p+1 (4)

parameterized by the coefficients hp = [hp1, . . . , hp(K+1)]
� ∈

R
K+1. The scalar hpk is the weight given to the kth shift of the

pth lag shift operator. Substituting (3) in to (4), we see that there
is a coupling between the topology At−p+1 and the signal xt−p.
The subscript indices for the two differ by one. This is because the
incoming node first attaches to the existing graph, updating its topol-
ogy index and then filter acts on the existing graph signal over the
updated topology with a zero signal at the incoming node. Then, the
graph extended VAR (GEVAR) model at time t reads as

xt = −
P∑

p=1

Hp(St−p+1)x̄t−p+1 + εt. (5)

That is, the graph expanded VAR (GEVAR) model in (5) combines
signals up to P time lags away, each coupled with multi-hop inter-
actions over the topology of its supporting shift operator. Figure 1

showcases the GVAR model on an expanding graph with P = 4.
We rewrite the term Hp(St−p+1)x̄t−p+1 as

Hp(St−p+1)x̄t−p+1 = Sx̄,t−p+1hp (6)

where Sx̄,t−p+1 = [x̄t−p+1,St−p+1x̄t−p+1, . . . ,S
K
t−p+1x̄t−p+1],

has as kth column the zero-padded signal x̄t−p+1 shifted (k − 1)
times over St−p+1. Using (6) for all p, we rewrite (5) as

xt = −Σth+ εt with Σt = [Sx̄,t, . . . ,Sx̄,t−P+1] ∈ R
Nt×(K+1)P .

(7)

Remark 1. We consider the most challenging case where a new
node arrives at each time t, i.e., the dimension of the existing graph
signal increases along with t. However, a new node can also arrive
every h instants. Between t and t+h, the signal can evolve over the
fixed graph expanded up to that time instant..

3. ONLINE SPATIOTEMPORAL FORECASTING OVER

EXPANDING GRAPHS

A spatiotemporal forecasting task estimates xt+1 given previous ob-
servations {xt+1−p} over the expanding graph sequence {Gt+1−p}
with p = 1, . . . , P . Consider the training sequence T comprising
T incoming nodes {vN0+1, . . . , vN0+T } over graphs {G1, . . . ,GT }
with graph signals {x1, . . . ,xT }. We obtain the parameters of a
GEVAR model h over T by minimizing the loss

argmin
h∈R(K+1)P

T∑
t=P+1

1

2
||Σth− xt||22 + μ||h||22 (8)

where (||Σth−xt||22 measures the fitting error, ||h||22 imposes an l2
norm prior on h, and μ > 0. However, obtaining such a batch solu-
tion has a few drawbacks: i) it assumes the data is available all-at-
once; ii) incorporating each incoming node can be computationally
demanding as we need to solve (8) for each t; iii) the performance
on a test set will degrade if its data distribution differs from that in
the training set. As the incoming nodes typically arrive sequentially,
next we discuss how we estimate parameters ht in (7) online.
Online learning. Alternatively, we consider updating the GEVAR
parameters online, i.e., based off the loss incurred on the latest in-
coming node. This adapts to the data sequence and the updates are
also computationally tractable. Following the online machine learn-
ing principles [26], the following happens at time t: i) node vN0+t

Authorized licensed use limited to: TU Delft Library. Downloaded on August 22,2023 at 08:00:41 UTC from IEEE Xplore.  Restrictions apply. 



attaches to Gt−1 via at forming Gt; ii) we construct Σt [cf. (3),
(7)] and denote the current parameters by ht−1, i.e., the parameters
updated at the previous instant t − 1 considering only past infor-
mation. We then predict the signal as x̂t = Σtht−1; iii) the true
signal xt is revealed and we incur the loss which we use to update
the parameters. We consider the instantaneous loss

lt(h,xt) =
1

2
||Σth− xt||22 + μ||h||22 (9)

Then, we update the parameters via a projected Adaptive Online
Gradient Descent (AdOGD), where

ht = Π
H
(
ht−1 − ηt∇lt(ht−1,xt)

)
(10)

where ∇lt(ht−1,xt) denotes the gradient evaluated at ht−1, ηt the
learning rate at time t, and Π

H
(·) the Euclidean projection onto the set

H, respectively. The gradient is

∇lt(ht−1,xt) = (Σ�t Σt + μI)ht−1 −Σ�t xt. (11)

The adaptive nature of the online learning stems from the step-size

ηt =
C√∑t

τ=1 ||∇lτ (hτ−1)||22
(12)

where C > 0 is a scalar. The step-size reduces with time (ηt+1 ≤
ηt) for all t, i.e., the importance given to a node further in the future
is lower. If we have a scenario where the error grows element-wise
over time as a result of the growing dimension, the learning rate
in (12) can counter its effect, preventing the filter from blowing up
numerically. The loss function in (9) is both strongly convex and
differentiable in h for all t.

At time t, the complexity is dictated by the term Σ�t Σtht−1

comprising: the product zt = Σtht−1 of complexity O(Nt(K +
1)P ) and the product Σtzt of complexity O(Nt(K + 1)P ). This
gives a total complexity of O(Nt(K + 1)P ) at time t.
Regret analysis. The static regret of an online learner w.r.t. any
fixed filter bank h� ∈ H over a T -length sequence is

RT =

T∑
t=1

lt(ht−1,xt)−
T∑

t=1

lt(h
�,xt) (13)

For a given sequence {ht} predicted by the online learning algo-
rithm and a fixed h�, the static regret informs how much better (or
worse) the learner is w.r.t the cumulative loss. For a fixed sequence
{ht}, this is a function of h�, typically maximum when h� =

argmin
h�∈H

∑T
t=P+1 lt(h

�,xt), i.e., h� is the batch solution. Since the

sequence {h1, . . . ,hT } depends on the initialization and the online
learning algorithm, often an upper bound on RT (h

�) is useful, pro-
viding a worst case performance analysis [26]. To quantify the re-
gret of the algorithm, we need the following standard assumptions
for online learning [24]:

Assumption 1. For any t, the maximum eigenvalue of Σ�t Σt obeys

λmax(Σ
�
t Σt) < 1− μ, where 0 < μ < 1.

and μ scales the regularization term in the loss function in (9).

Assumption 2. The filter bank parameters ht lies in the bounded
convex setH = {ht : ||ht||2 ≤ H for all t}

Assumption 1 prevents the gradient from exploding, as can be
seen by recursively writing equation (11) in terms of the previous
filter updates. Since Σ�t Σt is positive semi-definite, 0 < (1 − μ)
and μ > 0 for convexity of the loss gives 0 < μ < 1. Assumptions
1 and 2 bound the gradient, i.e., ||∇(lt(ht−1,xt))|| ≤ L, where
L is a constant, making the loss Lipschitz. Assumption 2 further
guarantees the loss function to be strongly convex and Lipschitz by
considering a bounded domain. As a result, for parameters hi and
hj , ||hi − hj ||2 ≤ 2H . With this in place, the following holds true.

Proposition 1. Given a training set T of T nodes, a sequence of
online filters {ht} updated over a sequence of L Lipschitz func-
tions, the scalar C associated with the learning rate [cf.(12)], set
H with diameter 2H and Assumptions 1 and 2, the static regret for
the AdOGD [cf.(10)] for forecasting w.r.t any filterbank h� ∈ H is
upper bounded as

RT (h
�) ≤ (

2H2

C
+ C)L

√
T (14)

Proof. The proof follows a very similar approach to that shown in
Section 4.2.1 in [26].

From (14) lim
T→∞

RT (h�)
T

= 0, i.e., even in the worst case sce-

nario, the online learner approaches asympotically the average cu-
mulative loss w.r.t. any optimal h� over T . Note however that the
regret can be negative, i.e., the online method is better than h�.

4. NUMERICAL RESULTS

We evaluate the online methods via experiments on two real datasets
with a focus on answering the following research questions.

1. RQ1: How does the proposed online method compare to the
corresponding batch solution? The batch solution acts as a
baseline and has access to the whole sequence

BS = argmin
h�∈H

T∑
t=1

lt(h
�,xt) + γ||h�||22 (15)

2. RQ2: How does the proposed method compare to a time ag-
nostic online filter? This, is the proposed method itself for
p = 1, i..e, where we do not utilize only the latest observa-
tion x̄t over St. Answering this question we aim to show the
advantages of considering data from previous time lags.

3. RQ3: How does the spatiotemporal frequency response vary
over the different time lags? We want to interpret the on-
line learner form a spectral perspective and see which lags are
contributing more to the low or high frequency components
of the predictions.

For each dataset, we use independent time chunks for pre-processing,
training, validation and testing. Since we have an incoming node at
each time instant, the number of samples in each set is limited by
the total number of nodes. To have more data samples, we construct
multiple datasets like T [cf. Section 3], each with the same V0 and
A0, but a different x0 and starting time, i.e., we create several repli-
cas of each incoming node but with different signals. We combine
the samples from all of these smaller datasets into a large dataset
for training, validation and testing. The attachment pattern of each
incoming node is fixed for each dataset, which makes the learning
more robust w.r.t. starting signals.

Unless otherwise mentioned, we consider each incoming node
forms three nearest neighbors based on the geographical positions of
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Table 1. NOAA
Filter Order Online(P=1) Online(P=2) Online(P=3) Batch(P=1) Batch(P=2) Batch(P=3)

K=1 0.5 0.28 0.17 0.97 0.97 1=
K=2 0.4 0.21 0.18 0.99 1.01 1.02
K=3 0.39 0.21 0.24 0.95 0.98 0.98

Table 2. SeaSurfaceTemp
Filter Order Online(P=1) Online(P=2) Online(P=3) Batch(P=1) Batch(P=2) Batch(P=3)

K=1 0.6 0.58 0.65 0.38 0.24 0.21
K=2 0.6 0.59 0.7 0.45 0.31 0.28
K=3 0.66 0.64 0.74 0.53 0.41 0.36

the incoming and existing nodes. We normalize each adjacency ma-
trix by its maximum absolute eigenvalue so its spectrum lies within
[−1, 1] as in [27] and each Σt by its maximum eigenvalue. For on-
line training, we consider random initializations and take H = 100.
We select the hyperparameters C and μ by validation from the in-
terval [10−3, 1]. The batch hyperparameter γ in (15) is similarly
obtained from [10−2, 100].
Data and experimental setup. We perform two types of temper-
ature forecasting: (i) hourly forecasting using the NOAA data-set
comprising hourly temperature recordings over 109 stations across
in the U.S [28]; (ii) monthly forecasting using sea surface temper-
ature measured at 100 measuring stations over the Pacific over a
1700 month period 1, following [29]. For the NOAA data, we use
the first 2000 temporal samples to normalize the data. For train-
ing, validation and testing, we use the time samples in the intervals
[2001, 6000], [6001, 7000], and [7001, 8000], respectively. We start
with N0 = 10 nodes. For the Pacific data, we normalize the data
using the first 200 time samples. For training, validation and testing,
we use the time samples in the intervals [201, 1300], [1301, 1500],
and [1501, 1700], respectively. We start with N0 = 20 nodes. We
train over different combinations of P and K and also obtain the
corresponding batch solution.
Results. Tables 1 and 2 show the root normalized mean square er-
ror (rNMSE) along with the standard deviation for the online and
corresponding batch method for different combinations of P and K.
The standard deviation in both cases is of order 10−2. Regarding
RQ1, the batch solution performs very poorly in the NOAA data,
highlighting a limitation of the batch solution when the test set has
a different distribution. However, the batch method performs much
better than the online method for sea temperature, suggesting a test
distribution more in line with the training, maybe due to the monthly
sampled data. For both the online and batch methods, an increase in
the filter order across all lags results in a lower rNMSE, suggesting a
simpler nature of the observed data. Regarding RQ2, for the NOAA
data, the online method performs much better with higher values of
P . For each P , the performance improves by considering higher K,
with the exception of (P = 3,K = 3), where we might be suffer-
ing from overparameterization. For the sea data, the online method
an increase in the number of lags improves the performance only
marginally, with the rNMSE increasing again for P = 3. To answer
RQ3, Figure 2 shows the polynomial frequency response of the fil-
ters for each p for K = 3 following [27]. The x-axis corresponds to
the analytical frequency over [−1, 1], where frequencies approach-
ing −1 and 1 are the high and low frequencies, respectively. [27].
For NOAA data, the response for lags p = 1 and p = 2 are sim-

1https://psl.noaa.gov/
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Fig. 2. Frequency response at each lag p = {1, 2, 3} obtained at the
end of the training sequence for (left) NOAA; (right) Sea Tempera-
ture Data. Each filter is of order three.

ilar, both having a predominantly low-pass response. For p = 3,
there is a slightly more high-pass nature, i.e., it extracts more high
frequency data from graph signals located 3 lags ago. Due to the
slowly varying nature of the hourly temperature data, we can expect
such a frequency response profile. For sea temperature, we see that
the response for p = 1 attenuates more frequencies around λ = 0.
For lags p = 2, 3 we see a comparatively flat frequency response,
with a more low frequency tolerance. This might suggest that for
higher lags, the filter is not contributing a lot and might be redun-
dant, as is seen in the rNMSE performance.

5. CONCLUSION

We propose graph vector autoregressive models for spatiotemporal
learning over expanding graphs, i.e., at each time instant, we have a
node attaching. We first propose the GEVAR model to accomodate
for such signal variations and focus on spatiotemporal forecasting of
graph signals on the expanding graphs. Due to the sequential nature
of the node addition, we then consider an adaptive projected online
gradient descent with provable sub-linear regret bound to update the
parameters. Results on two real world data-sets shows that the on-
line method would perform better when the test data has a different
distribution to the training data; otherwise batch solutions would per-
form better. The frequency response learnt by the filter banks online
can also throw some light on how the model learns from past time
samples. Future work would focus more on understanding the dy-
namics in the joint frequency response. The spectrum of the growing
graph also changes over time and its interaction with the evolving
frequency response should be investigated.
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[3] E. T. Güneyi, A. Canbolat, and E. Vural, “Learning parametric
time-vertex graph processes from incomplete realizations,” in
2021 IEEE 31st International Workshop on Machine Learning
for Signal Processing (MLSP). IEEE, 2021, pp. 1–6.

[4] T. Variddhisai and D. Mandic, “Methods of adaptive signal pro-
cessing on graphs using vertex-time autoregressive models,”
arXiv preprint arXiv:2003.05729, 2020.

[5] A. Natali, E. Isufi, and G. Leus, “Forecasting multi-
dimensional processes over graphs,” in ICASSP 2020-2020
IEEE International Conference on Acoustics, Speech and Sig-
nal Processing (ICASSP). IEEE, 2020, pp. 5575–5579.

[6] R. Nassif, C. Richard, J. Chen, and A. H. Sayed, “Distributed
diffusion adaptation over graph signals,” in 2018 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Processing
(ICASSP). IEEE, 2018, pp. 4129–4133.

[7] B. Zaman, L. M. L. Ramos, D. Romero, and B. Beferull-
Lozano, “Online topology identification from vector autore-
gressive time series,” IEEE Transactions on Signal Processing,
vol. 69, pp. 210–225, 2020.

[8] Y. Shen, G. B. Giannakis, and B. Baingana, “Nonlinear struc-
tural vector autoregressive models with application to directed
brain networks,” IEEE Transactions on Signal Processing,
vol. 67, no. 20, pp. 5325–5339, 2019.

[9] V. R. Elias, V. C. Gogineni, W. A. Martins, and S. Werner,
“Adaptive graph filters in reproducing kernel hilbert spaces:
Design and performance analysis,” IEEE Transactions on Sig-
nal and Information Processing over Networks, vol. 7, pp. 62–
74, 2020.

[10] R. Money, J. Krishnan, and B. Beferull-Lozano, “Online non-
linear topology identification from graph-connected time se-
ries,” in 2021 IEEE Data Science and Learning Workshop
(DSLW). IEEE, 2021, pp. 1–6.

[11] O. Teke and P. P. Vaidyanathan, “Joint vertex-time filtering on
graphs with random node-asynchronous updates,” IEEE Ac-
cess, vol. 9, pp. 122 801–122 818, 2021.

[12] M. Coutino, E. Isufi, T. Maehara, and G. Leus, “State-space
network topology identification from partial observations,”
IEEE Transactions on Signal and Information Processing over
Networks, vol. 6, pp. 211–225, 2020.

[13] Q. Lu, V. N. Ioannidis, G. B. Giannakis, and M. Coutino,
“Learning graph processes with multiple dynamical models,”
in 2019 53rd Asilomar Conference on Signals, Systems, and
Computers. IEEE, 2019, pp. 1783–1787.

[14] Q. Lu, V. N. Ioannidis, and G. B. Giannakis, “Graph-adaptive
semi-supervised tracking of dynamic processes over switch-
ing network modes,” IEEE Transactions on Signal Processing,
vol. 68, pp. 2586–2597, 2020.

[15] Q. Lu and G. B. Giannakis, “Probabilistic reconstruction of
spatio-temporal processes over multi-relational graphs,” IEEE
Transactions on Signal and Information Processing over Net-
works, vol. 7, 2021.

[16] V. N. Ioannidis, D. Romero, and G. B. Giannakis, “Inference of
spatio-temporal functions over graphs via multikernel kriged
kalman filtering,” IEEE Transactions on Signal Processing,
vol. 66, no. 12, pp. 3228–3239, 2018.

[17] D. Romero, V. N. Ioannidis, and G. B. Giannakis, “Kernel-
based reconstruction of space-time functions on dynamic
graphs,” IEEE Journal of Selected Topics in Signal Process-
ing, vol. 11, no. 6, pp. 856–869, 2017.

[18] F. Grassi, A. Loukas, N. Perraudin, and B. Ricaud, “A time-
vertex signal processing framework: Scalable processing and
meaningful representations for time-series on graphs,” IEEE
Transactions on Signal Processing, vol. 66, no. 3, pp. 817–829,
2017.

[19] M. Sabbaqi and E. Isufi, “Graph-time convolutional neural net-
works: Architecture and theoretical analysis,” arXiv preprint
arXiv:2206.15174, 2022.

[20] Y. Hu and F. Xiao, “An efficient forecasting method for time
series based on visibility graph and multi-subgraph similarity,”
Chaos, Solitons & Fractals, vol. 160, p. 112243, 2022.

[21] P. Erdos, “On the evolution of random graphs,” Bulletin of the
Institute of International Statistics, vol. 38, pp. 343–347, 1961.
[Online]. Available: https://ci.nii.ac.jp/naid/10025454140/

[22] A.-L. Barabási and R. Albert, “Emergence of Scaling in Ran-
dom Networks,” Science, vol. 286, no. 5439, Oct. 1999, pub-
lisher: American Association for the Advancement of Science.

[23] A.-L. Barabási et al., Network science. Cambridge university
press, 2016.

[24] Y. Shen, G. Leus, and G. B. Giannakis, “Online Graph-
Adaptive Learning With Scalability and Privacy,” IEEE Trans-
actions on Signal Processing, vol. 67, no. 9, pp. 2471–2483,
May 2019.

[25] B. Das and E. Isufi, “Online filtering over expanding graphs,”
in IEEE Asilomar Conference on Signals, Systems and Com-
putations, Pacific Grove, USA, 2022.

[26] F. Orabona, “A modern introduction to online learning,” arXiv
preprint arXiv:1912.13213, 2019.

[27] A. Sandryhaila and J. M. F. Moura, “Discrete Signal Pro-
cessing on Graphs,” IEEE Transactions on Signal Processing,
vol. 61, no. 7, pp. 1644–1656, Apr. 2013.

[28] A. Arguez, I. Durre, S. Applequist, R. S. Vose, M. F. Squires,
X. Yin, R. R. Heim Jr, and T. W. Owen, “Noaa’s 1981–2010
us climate normals: an overview,” Bulletin of the American
Meteorological Society, vol. 93, no. 11, pp. 1687–1697, 2012.

[29] J. H. Giraldo, A. Mahmood, B. Garcia-Garcia, D. Thanou, and
T. Bouwmans, “Reconstruction of time-varying graph signals
via sobolev smoothness,” IEEE Transactions on Signal and
Information Processing over Networks, vol. 8, pp. 201–214,
2022.

Authorized licensed use limited to: TU Delft Library. Downloaded on August 22,2023 at 08:00:41 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages false
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages false
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


