
 

Evolved differential model for sporadic graph
time-series prediction

Yucheng Xing*, Jacqueline Wu, Yingru Liu, Xuewen Yang, and Xin Wang

Abstract: Sensing signals  of  many real-world network systems,  such as  traffic  network or  microgrid,  could be sparse

and irregular in both spatial and temporal domains due to reasons such as cost reduction, noise corruption, or device

malfunction.  It  is  a  fundamental  but  challenging  problem  to  model  the  continuous  dynamics  of  a  system  from  the

sporadic observations on the network of nodes, which is generally represented as a graph. In this paper, we propose a

deep learning model  called Evolved Differential  Model  (EDM) to  model  the  continuous-time stochastic  process  from

partial  observations  on graph.  Our  model  incorporates  diffusion convolutional  network  to  parameterize  continuous-

time system dynamics by graph Ordinary Differential Equation (ODE) and graph Stochastic Differential Equation (SDE).

The graph ODE is applied to accurately capture the spatial-temporal relation and extract hidden features from the data.

The graph SDE can efficiently capture the underlying uncertainty of the network systems. With the recurrent ODE-SDE

scheme, EDM can serve as an accurate online predictive model that is effective for either monitoring or analyzing the

real-world  networked  objects.  Through  extensive  experiments  on  several  datasets,  we  demonstrate  that  EDM

outperforms existing methods in online prediction tasks.

Key  words:   graph sequence prediction; sporadic time series; continuous model; stochastic model; differential equation

1    Introduction

Although a practical system operates continuously, we
are only able to collect system states at certain discrete
points. Many systems are networked with a number of
components,  but  only  sporadic  observations  can  be
made  due  to  cost,  unreliable  communications,  and
device malfunction or failure.

Structure and topology of networked systems can be
represented as graphs. Some example network systems
are home networks, social networks, vehicle networks,
communication  networks,  and  power  grids. Figure  1
shows a microgrid network with sporadic observations.

If  we  represent  the  microgrid  network  as  a  graph,
nodes  are  grid  components  (e.g.,  photovoltaic  module
or  residential  load)  and  edges  indicate  the  cables
between  them.  Signals  on  each  node  are  bidirectional
current flows that represent the electricity consumption
or  supply.  We  can  also  establish  the  topological
relation of the current flows in the cables by switching
the  roles  of  nodes  and  edges  in  the  original  graph[1].
Current  signals  collected  in  either  case  could  be
sporadic.

In order to timely and effectively control the systems
for reliable and intelligent operations, it is important to
accurately  predict  the  system  states.  In  this  paper,  we
study  the  challenging  problem  of  modeling  the  graph
dynamics  in  the  scenario  where  the  signals  on  nodes
evolve  continuously,  and  the  observations  of  these
signals  are  sporadic  which  are  irregular  in  temporal
and/or spatial domains.

It  is  highly  non-trivial  to  learn  the  continuous-time
structured  dynamics  from  sporadic  observations  on  a
graph. The challenges mainly come from three sources.
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First, the signals from nodes are time varying, and it is
hard  to  model  the  spatial-temporal  interaction  across
the whole graph. Second, only partial dynamics can be
observed  from  sporadic  data,  which  makes  it  difficult
to model the underlying stochastic process. Last, as the
output  signals  of  network  systems  may  contain  both
process  uncertainty  (e.g.,  the  distributed  energy
resource control signal of a microgrid is influenced by
the uncertainty of its input) and measurement noise, the
distribution of data can be complicated and difficult to
estimate.

With  the  rapid  development  of  Graph  Neural
Network (GNN)[2–4],  there are considerable number of
studies  on  learning  the  dynamics  of  time  series  on
graph[5–7],  but  most  existing  efforts  merely  consider
discrete-time  dynamics  assuming  systems  are  fully
observed  with  complete  data  taken  periodically.
Although data missing is considered in Refs. [8, 9] for
graph  prediction,  the  scheme  still  considers  discrete
data  samples  and  cannot  depict  the  ground-true
dynamics  of  the  continuous-time  network  systems  in
real  world.  Recently,  several  ODE-based  models  are
proposed to learn the continuous dynamics of the graph
time series[10–12],  but  ODE is only applied to learn the
deterministic  dynamics.  With  the  process  uncertainty
of  the  system  neglected,  they  are  less  capable  of
capturing  the  complicated  distribution  of  observations

in real-world systems.
We propose a continuous-time graph-based recurrent

neural network, Evolved Differential Model (EDM), to
capture the underlying dynamics on the graph structure
from  sporadic  observations  of  node  signals.  EDM
parameterizes  the  stochastic  process  of  graph  time
series  by  Graph  Ordinary  Differential  Equation
(Graph-ODE)  and  Graph  Stochastic  Differential
Equation (Graph-SDE). Inside the ODE component, in
order to address the challenge of learning the complete
system  states  with  incomplete  data  samples,  we  first
propose a soft-masking scheme that can adapt to partial
observations  to  better  explore  the  spatial-temporal
relation in the graph for extracting disentangled hidden
features  of  partial  observations.  Furthermore,  we
incorporate  the  SDE  component  to  efficiently  capture
the  process  uncertainty  of  the  underlying  system
dynamics and conduct a more flexible parameterization
of the data distribution.

The contributions of this paper include:
(1) We propose a neural  ODE-SDE model based on

diffusion  graph  convolution  (GC)  to  accurately  model
the continuous-time process on a graph topology.

(2)  We  propose  a  soft-masking  structure  in  the
Graph-ODE that is adaptive to the partial observations
of  a  network  system  to  more  effectively  infer  the
missing data.

Extensive  experiments  on  networked  data
demonstrate  that  EDM  outperforms  peer  existing
methods in sequential  prediction with sporadic sample
data.

The  rest  of  this  paper  is  organized  as  follows.  The
problem formulation and related works are described in
Section  2.  The  detailed  architectures  of  our  model  are
proposed in Section 3. Extensive experiments are given
in Section 4 and conclusions are made in Section 5.

2    Background

2.1    Problem formulation

2.1.1    Notation

G = {V ,E , {Xtn ,Mtn , tn}Nn=0} V = {vi}|V |i=1

E = {(vi,v j)|vi,v j ∈ V}

We denote a  graph with time-varying signals  at  nodes
by ,  where  is  the
set  of  nodes  and  is  the  set  of
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Fig. 1    Example  of  current  flows  in  a  microgrid  network
(the curves are the underlying dynamics of the signals and +
denotes the discrete-time observations).
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Xtn ∈ R|V |×d

tn ∈ R+ d

Mtn = {0,1}|V |×d

O = {Xtn ⊙Mtn }Nn=0

Otn = Xtn ⊙Mtn

tn ⊙

edges  between  nodes.  The  cardinalities  and 
denote the number of elements in  and . We further
denote the (0, 1) adjacent matrix of a graph as . In a
given network , the dynamic states are described
by a sequence of  frames. A frame contains a multi-
variate signal  captured at the discrete time

, where  is the corresponding dimension of the
signal. Since sensing or transmission problems in real-
world  systems  often  cause  sample  missing,  in  each
frame,  a  mask  is  used  to  indicate  if
there  exists  a  signal  in  the  corresponding  dimension.
Therefore,  the  actual  observation  sequence

 fed  into  the  model  is  a  sporadic
time  series  with  irregular  data  in  both  temporal  and
spatial domains.  denotes the input data
at  time ,  where  represents  the  element-wise
multiplication between two matrices.
2.1.2    Objective

D = {G(k)}|D|k=1 G(k)

|D|

G

Given a collection of data , where  is a
data sequence introduced in Section 2.1.1 and  is the
total number of such sequences in the dataset, our goal
is to learn a continuous-time recurrent predictive model

 to maximize the masked log-likelihood:
 

Lll(G) = EG(k)∈D

N∑
n=1

Mtn ⊗ log PG(Xtn |Ot0:tn−1 ,A) (1)

⊗
PG(·)

where  is defined as the sum of element-wise product
of  two  matrices,  and  denotes  the  probability
density  of  each  element  in  the  feature  matrices.  We
want  to  emphasize  that  the  log-likelihood  is  only
evaluated  on  the  observed  training  data  indicated  by
the  binary  masks  instead  of  full  data.  Therefore,  the
objective  described  in  Eq.  (1)  can  be  regarded  as  an
unsupervised one.

2.2    Related works

2.2.1    Graph convolution
Graph  convolution  is  the  core  operation  of  Graph
Convolutional  Network  (GCN),  an  extension  of  the
conventional Convolutional Neural Network (CNN) for
structural  objects.  In  the  literature,  various  kinds
of  graph  convolutional  operators  have  been
proposed[4, 13, 14]. To explore the relation among multi-
hop  neighbors  in  a  graph,  diffusion  convolution  was

proposed in Ref. [14]:
 

(X⋆A)W,b =

K∑
k=0

(D−1A)kXWk +bk (2)

A D
A K

W = {Wk}
b = {bk}

where  is  the  adjacent  matrix  of  the  graph,  is  the
diagonal  degree  matrix  of ,  and  is  the  number  of
transitions  in  the  diffusion  process.  and

 are the trainable weight and bias parameters of
the diffusion convolutional layer, respectively.

A

We  construct  our  model  based  on  diffusion
convolution. Rather than only using a binary adjacency
matrix  to indicate if there exist edges between nodes,
we  are  interested  in  actively  learning  the  relation
among nodes for the more accurate modeling and thus
more accurate prediction of dynamic system states. Our
model,  however,  does  not  depend  on  the  choice  of
graph  convolutional  operators  and  can  be  straight-
forwardly  adapted  for  other  graph  convolution
methods.
2.2.2    Graph recurrent networks
To the best of our knowledge, most existing sequential
graph  models  are  proposed  for  discrete-time
data[6, 15–19], and assume that the data sequence is fully
observed.  Recurrent  models  have  also  been  applied  to
non-sequential  data  on  static  graphs,  for  applications
such  as  graph  generation[20–24] and  feature
learning[25–28].  DynGEM[29] and  dyngraph2vec[30] are
deep  learning  models  for  tracking  the  structure
evolution  of  the  graph  topology.  Our  study,  however,
focuses  mainly  on  modeling  the  stochastic  process  of
the signals  on the graph[31, 32],  especially  under  partial
observations.
2.2.3    Neural differential equations
Neural Ordinary Differential Equation (NeuralODE) is
first  proposed  in  Ref.  [33],  where  deep  learning
modules  are  incorporated  to  parameterize  nonlinear
ordinary differential equation (ODE). In order to better
model  the  continuous-time  process  of  the  vectorized
data  sequence,  the  structure  of  NeuralODE  is  further
extended  in  Refs.  [34, 35]  by  introducing  a  recurrent
component  that  efficiently  integrates  the  data
information  into  the  feature  trajectories.  There  are
some  ODE-based  studies[10–12, 36, 37] on  learning  the
continuous-time dynamics of node features on a graph.
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Assuming  that  the  underlying  dynamics  are
deterministic  and  neglecting  the  process  uncertainty
existing in many real-world systems, these models can
merely  parameterize  a  simplified  data  distribution  in
the  output,  not  to  say  that  they  can  capture  the
complicated  stochastic  process  of  the  systems  with
both process and measurement uncertainties.

To  better  model  the  randomness  of  data,  Neural
Stochastic  Differential  Equation  (NeuralSDE)  is
proposed to bridge the gap between nonlinear SDE and
deep  learning  models[38–43].  In  Refs.  [38–40],  neural
network components are introduced into SDE to define
more robust and accurate deep learning architectures to
solve  supervised  learning  problems  such  as  image
classification.  A  scalable  method  is  proposed  in  Ref.
[43]  to  compute  the  gradients  for  optimizing
NeuralSDE.  To  the  best  of  our  knowledge,  most
NeuralSDE  models[43–47] are  proposed  for  vector  or
matrix  data  but  not  for  representing  time  series  on
graphs. Our focus, however, is on accurately predicting
system states under dynamics and data missing through
sequential learning over graphs.

Compared to the literature work, we evolve a single
neural differential equation to a compound model with
the integration of NeuralODE and NeuralSDE into one
infrastructure,  which not  only  extends  over  a  graph to
capture the spatial  interaction of  data in multiple  hops
but  also  simultaneously  track  the  deterministic
dynamics  and  process  uncertainty  through  Diffusion
Convolutions (DCs). We further introduce an adaptive
soft-masking  scheme  to  work  with  the  ODE
components  for  a  more  accurate  modeling  in  the
presence of spatially irregular observations.

3    Evolved differential model

In  this  section,  we  propose  a  flexible  continuous-time
recurrent  neural  network,  Evolved  Differential  Model
(EDM),  which  is  capable  of  learning  the  continuous
graph  dynamics  from  spatial-temporal  irregular
observation sequence. In the remaining of this section,
we will  introduce  the  model  architecture  of  EDM and
the structure of each model component in detail.

3.1    Network architecture

As shown in Fig. 2, EDM consists of a hidden feature

t ∈ R+

Ht ∈ R|V |×dh t ∈ R+

Zt ∈ R|V |×dz t ∈ R+

trajectory  and  a  latent  state  trajectory.  The  hidden
feature is defined to integrate the topological relation in
the  graph  and  the  latent  state  is  introduced  to  capture
the  process  uncertainty.  To  build  a  continuous  time
model that predicts the graph signals at any time ,
the  hidden  feature  and  latent  state  trajectories  should
evolve  continuously  in  the  temporal  domain.  In  order
to efficiently extract the data information to embed into
the  hidden  feature  and  latent  state,  EDM  consists  of
two  major  components:  a  Graph-ODE  module  that
encodes  the  disentangled  factors  and  topological
relation  of  the  graph  data  into  the  hidden  features

 ( )  and  a  Graph-SDE  module  that
captures the system uncertainty and embeds it  into the
stochastic latent states  ( ).

Ht

On = Xn⊙Mn

The purpose of Graph-ODE module is to extract the
topological  relation  and  the  signal  property  from  the
observations  at  discrete  points,  and  embed  them  into
the hidden feature  at any time. Therefore, we design
the  ODE  module  with  two  functions,  the  nonlinear
mapping that directly integrates the information of data
into the hidden feature at the observation time and the
differential  equation  that  updates  the  values  of  hidden
feature  over  the  interval  between  observations.
Observations  may  be  irregular  in  the
spatial  domain  due  to  data  loss,  and  there  may  be
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Fig. 2    Model architectures of EDM.
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Ht

Ht, f

Ht,m ∈ (0,1)V×dh

missing values from a node in a time frame. For EDM
to  adapt  to  the  positions  of  missing  data  samples,  we
introduce  a  soft-masking  function  into  the  ODE
module.  The  hidden  feature  is  composed  of  two
factors,  the  feature  factor  that  extracts  the
topological  relation  of  the  network  and  data  property,
and the masking factor  that modulates
the values of the feature. It can be expressed as
 

Ht = Sigmoid(Ht,mWm+bm)⊙Ht, f (3)

Sigmoid(·)
⊙

{Wm,bm}

Ht, f

Ht,m

where  denotes  the  sigmoid  activation
function  and  denotes  the  element-wise
multiplication.  are  the  weight  and  bias
parameters  of  the  auxiliary  feed-forward  network,
respectively.  We  parameterize  the  dynamics  of 
and  during the interval using ODEs:
 

dHt,m

dt
= Fm(Ht,m,A),

dHt, f

dt
= F f (Ht, f ,A) (4)

 

Ht,m = Htn−1,m+
w t

tn−1
Fm(Hτ,m,A)dτ (5)

 

Ht, f = Htn−1, f +
w t

tn−1
F f (Hτ, f ,A)dτ (6)

Fm(Ht,m,A) F f (Ht, f ,A)where  and  are  the  first-order
derivatives  computed  by  graph  neural  networks.  In
implementation,  we  compute  the  integration  by  Euler
method:
 

Ht,m = Ht−∆t,m+Fm(Ht−∆t,m,A)∆t (7)
 

Ht, f = Ht−∆t, f +F f (Ht−∆t, f ,A)∆t (8)

∆t tnwhere  is the step size. At an observation time , we
embed the  information of  the  partial  observations  into
the hidden feature by nonlinear mappings:
 

Htn,m = Gm(Htn−∆t,m,Xn⊙Mn,A) (9)
 

Htn, f = G f (Htn−∆t, f ,Xn⊙Mn,A) (10)

The soft-mask is introduced into the ODE module to
modulate  the  extracted  features  with  respect  to  partial
observations  in  the  graph  to  increase  the  prediction
accuracy of system states.

Observations  of  many  real-world  networks  are
influenced  by  the  process  uncertainty  inside  the
systems. For instance, the uncertainty in the Distributed
Energy  Resource  (DER)  control  signal  of  a  microgrid
will cause large oscillation in current flows. We utilize

Zta latent state , a random matrix, to embed the process
uncertainty  of  the  underlying  dynamics  of  each  node.
In  order  to  capture  the  complicated  stochastic  process
of  the  network  systems,  we  parameterize  the  latent
state by a nonlinear SDE:
 

dZt = µ(Zt,H⩽t)dt+σ(H⩽t)dBt (11)
 

Zt = Zt0 +
w t

t0
µ(Zτ,H⩽τ)dτ+

w t

t0
σ(H⩽τ)dBτ (12)

µ σ

Bt

µ

Zt H⩽t σ

σ

where  and  are  the  drift  and  diffusion  functions,
respectively,  and  denotes  the  standard  Brownian
motion.  We  define  as  the  function  of  current  latent
state  and historical ODE features .  only takes
historical ODE features as the input, as including latent
state  into  will  bring  additional  noise  term  into  the
gradient  computation[45] and  may  be  harmful  to  the
training process.

ZtWe  compute  the  value  of  using  the  Euler–
Maruyama method:
 

Zt = Zt−∆t +µ(Zt−∆t,H⩽t)∆t+
√
∆tσ(H⩽t)εt (13)

∆t εt ∼N (0,1)where  is  the  step  size,  is  the  standard
Gaussian noise.

Ht

Zt

After computing the hidden feature  and the latent
state ,  the  predictive  states  are  the  integration  of  a
trajectory  to  capture  the  data  evolution  and  a  residual
term:
 

X̂t = X̂0
t (Ht)+ X̂(res)

t (Ht,Zt) (14)

X̂0
t Ht

X̂(res)
t

where  is  the  function  of  to  predict  the  smooth
trend  of  the  signal  and  further  incorporates  the
latent state to estimate the residual dynamic variations.

3.2    Component description

The architecture of  EDM can be constructed by graph
neural  networks  to  effectively  learn  the  complicated
topological  relation  of  nodes,  extract  disentangled
factors  from  observations  and  track  the  temporal
evolution  of  the  dynamics  from  the  irregular
observation sequence. In our implementation, we build
our  model  on  diffusion  convolution  to  capture  the
topological  correlation  of  node  states  over  multiple
hops,  however  our  model  does  not  depend  on  the
choice  of  graph  convolutional  operators  and  can  be
straightly  adapted  to  use  other  graph  convolution
methods.  The  detailed  designs  of  each  component  of
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EDM are given as follows.
3.2.1    Graph-ODE modules

{Fm,F f }
{Gm,G f }

The Graph-ODE component  consists  of  two parts:  the
derivative functions  in Eqs. (7) and (8) and the
mapping  functions  in  Eqs.  (9)  and  (10).  Our
mapping  module  is  realized  through  a  Diffusion
Convolution Gated Recurrent Unit (DCGRU)[14]:
 

R = Sigmoid(([Htn,∗,Xn⊙Mn]⋆A)WR,bR ) (15)
 

U = Sigmoid(([Htn,∗,Xn⊙Mn]⋆A)WU ,bU ) (16)
 

C = tanh(([R⊙Htn,∗,Xn⊙Mn]⋆A)WC ,bC ) (17)
 

Htn,∗ = U ⊙Htn,∗+ (1−U)⊙C (18)

⋆where  is the diffusion operator given in Eq. (2). Our
derivative  function  is  realized  through  a  multi-layer
Diffusion  Convolutional  Network  (DCN)  with
diffusion convolution and ReLU activation function:
 

h1 = ReLU((Ht−∆t,∗⋆A)Wh1 ,bh1
) (19)

 

hl = ReLU((hl−1⋆A)Wh1 ,bh1
), 1 < l < L (20)

 

F∗ = (hL⋆A)WhL ,bhL
(21)

Lwhere  is the number of diffusion convolution layers.
With  the  multi-hop  property  of  diffusion  convolution,
the Graph-ODE component of our model is capable of
exploring  both  the  topological  relation  and  the
continuous-time  dynamics  in  irregular  graph  time
series.
3.2.2    SDE modules

∆t

µ σ

The  SDE  component  synthesizes  a  latent  state
trajectory from the ODE features to capture the process
uncertainty.  The  ODE  features  are  already  computed
by the Euler method with a fixed step-size , and have
embedded  the  spatial  relation  of  the  graph  structure.
Therefore,  we  simply  introduce  a  conventional  Gated
Recurrent Unit (GRU) to integrate the historical part of
the ODE feature trajectory. The drift  and diffusion 
functions  in  Eq.  (13)  are  defined  as  feed-forward
networks on the GRU features.
3.2.3    Output modules

{Ht} {Zt}

X̂0
t (Ht) X̂(res)

t (Ht,Zt)

With the ODE features  and SDE latent states ,
the output layers of EDM are simply two linear layers
that compute  and  in Eq. (14).

4    Experiments

We  conduct  extensive  experiments  to  evaluate  the
performance of several popular sporadic time series on
graph.

4.1    Experiment setting

4.1.1    Datasets
We  first  describe  the  benchmarks  and  the
corresponding data pre-processing as follows:

5

28 21

2

50

∆t =

100

Microgrid-nodes: We  generate  microgrid  data  for
IEEE 33-bus system using RTDS[48], a hardware-based
tool to create the real-time power system data. RTDS is
widely used by power industries and the data produced
serve  as  the  world’s  benchmark.  The  dynamics  of
microgrid  networks  are  studied  with  electricity
source  nodes  and  load  nodes  under  different
network  structures.  The  signals  from  each  microgrid
node  form  a -dimensional  vector  which  records  the
information  of  bidirectional  current  flows  in  the  DQ
domain  going  through  the  corresponding  microgrid
component. We take  trajectories from each network
structure, with data observations made at the interval of

3  ms.  For  these  trajectories,  we  divide  each  of
them  into  segments  with  frames  for  training  and
testing.  The  data  collected  from  each  node  is  further
normalized by the global mean and standard deviation
of the data in the temporal domain of that node.

Microgrid-edges: Bidirectional  current  flows  in  the
cables  between  nodes  form  the  multivariate  signals  at
the edges of microgrid networks. To predict the signals
on  edges,  we  construct  line  graphs  of  microgrid
networks  by  switching  the  roles  of  nodes  and  edges.
Specifically,  we  consider  two  edges  are  connected  if
they have the same node as one of their ends. The pre-
processing  of  the  current  flow signal  is  similar  to  that
of Microgrid-Nodes.

207 5

36

METR-LA[14]: The  traffic  dataset  METR-LA
records  the  speeds  of  vehicles  on  the  highway  of  Los
Angeles  County,  CA,  USA.  The  data  are  collected  by

 sensors every  minutes. We split the data samples
into segments, each with  frames and also normalize
the  samples  with  the  global  mean  and  standard
derivation  of  corresponding  sensors  in  the  temporal
domain.
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(ps, pt) (ps = 0.8, pt = 0.5) (ps = 0.6, pt = 0.4)

To synthesize  the  scenario  of  sporadic  observations,
we randomly select a ratio  of the data frames in the
temporal dimension as observed data. For each selected
frame,  we  also  assume  only  of  the  signal  from  a
specific  node  is  observed.  Overall,  we  have  only

 data  samples,  which  are  sparse  and  also
irregular  in  both  spatial  and  temporal  dimensions  due
to  the  random  selection.  In  our  experiments,  we  train
deep learning models in two different configurations of

: (i) ; (ii) .
4.1.2    Baselines
We compare the performance of our models with both
discrete-time  and  continuous-time  methods.  The
discrete-time baselines are configured as follows:

2

STGCN[17]: This  discrete-time  model  consists  of
several  concatenated  Spatio-Temporal  Convolutional
(ST-Conv) blocks, where a graph convolutional layer is
introduced  to  explore  the  graph  relation  and  two
temporal  convolutional  layers  are  defined  to  explore
the temporal dependency. A residual connection is also
included  to  better  train  the  convolutional  network.  In
our experiments, STGCN has  ST-Conv blocks.

GCGRU[6, 15]: It  is  a  variant  of  conventional  GRU,
where the linear operation in the conventional GRU is
replaced  by  graph  convolution.  We  use  the  graph
convolutional operation in Ref. [4], which explores the
1-hop relation in a graph. We construct a baseline with
single GCGRU layer and a linear output layer.

DCGRU[14]: Similar  to  GCGRU,  it  is  a  variant  of
GRU  but  with  the  linear  operation  replaced  by  the
diffusion  convolution  in  Eq.  (2).  The  model
construction of DCGRU is identical to that of GCGRU.

The continuous-time baselines include:
GCDE-GRU[11]: It  is  a  GNN  variant  of  ODE-

RNN[34],  with  a  GCN  to  learn  the  derivative  of  ODE
and  a  GRU  to  integrate  the  information  of
observations.

GRU-ODE+: GRU-ODE[35] is an ODE-based model
whose structure is similar to ODE-RNN except that the
derivative of the ODE is given by a differential variant
of  GRU.  The  original  GRU-ODE  is  proposed  for
vector  data,  while  we  construct  a  GNN  variant  by
replacing  its  linear  operation  with  graph  convolution.
The configuration of GRU-ODE is identical to GCDE-

+

GRU. To differentiate it  from the original GRU-ODE,
we call it GRU-ODE .

+

We  consider  two  types  of  graph  operations  in
GCDE-GRU  and  GRU-ODE :  one  is  the  first-order
GC  in  Ref.  [4],  and  the  other  is  the  Diffusion
Convolution  (DC)  in  Ref.  [14].  We set  the  number  of
hops in diffusion convolution to 3.

In our model, the configurations of ODE components
are  identical  to  those  in  GCDE-GRU  (DC).  To
demonstrate  the  effect  of  SDE  component,  we  also
implement  a  simplified  model  EDM  (ODE)  that  does
not have the SDE part.
4.1.3    Training setting

25

0.8/0.1/0.1

0.001

0.0001

For  each  trajectory  in  the  datasets,  we  synthesize 
sporadic observation sequences. After that, all data are
split  into  training/validation/test  sets  with  ratio

.  All  models  are  trained  by  the  Adaptive
Moment  Estimation  (ADAM)  optimizer[49] with  the
learning  rate  and  further  fine-tuned  with  the
learning rate .
4.1.4    Metrics for evaluation

↓
↓

↓

We evaluate  the  following metrics  for  the  comparison
between  our  model  and  the  baselines:  (i)  Mean
Absolute  Error  (MAE, );  (ii)  Rooted  Mean  Square
Error  (RMSE, );  (iii)  Mean  Arctangent  Absolute
Percentage  Error  (MAAPE, ).  All  these  metrics  are
evaluated  between  the  predicted  trajectories  and  the
ground-true ones.

4.2    Quantitative evaluation

The  performance  of  prediction  in  the  testing  sets  is
shown in Tables  1 and 2.  STGCN fails  to  capture  the
dynamics from the partially observed data and has the
worst  performance  in  all  cases.  For  a  specific  graph
recurrent model, DC outperforms the first-order GC in
most  of  the  cases,  especially  when  the  missing  rate  is
high,  because  DC  effectively  captures  the  multi-hop
relation  in  the  graph  while  GC  only  considers  the
correlation  from  the  closest  neighbors  of  the  nodes.
Our  model  is  built  upon  GCDE-GRU (DC).  To  better
demonstrate  the  effectiveness  of  our  proposed
components:  soft-masking  function  and  ODE-SDE
structure, we prepare the corresponding two versions of
our  model:  EDM  (ODE)  adds  soft-masking  based  on
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GCDE-GRU  (DC)  while  EDM  (full)  includes  SDE
module  in  further.  With  the  adaptivity  of  the  soft-
masking  structure,  EDM  (ODE)  outperforms  all  the
baselines,  since  it  allows  our  model  to  learn  how  to
integrate  information  from  partial  observation  during
training and adapt the aggregation weights according to
the data missing states at inference phase. Furthermore,
EDM  (full)  with  both  ODE  and  SDE  components
achieves the best prediction accuracy in all the dataset,
as  the  SDE component  efficiently  embeds  the  process
uncertainty.

5    Conclusion

We propose a  continuous-time stochastic  graph model
called  EDM  to  model  the  dynamics  of  real-world
network  systems from sporadic  observations.  Through
extensive experiments,  we demonstrate that the hybrid

ODE-SDE  scheme  of  EDM  can  efficiently  and
accurately  model  the  stochastic  process  of  the
underlying  mechanism  from  the  sparse  and  irregular
data  of  a  networked  system  such  as  microgrid  and
traffic  network.  In  our  future  works,  we  are  going  to
extend  our  model  for  large-scale  networks  with
hierarchical structures.
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