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Abstract

Spatiotemporal graph neural networks (STGNNs) have shown promising results in many
domains, from forecasting to epidemiology. However, understanding the dynamics learned
by these models and explaining their behaviour is significantly more difficult than for models
that deal with static data. Inspired by Koopman theory, which allows a simple description
of intricate, nonlinear dynamical systems, we introduce new explainability approaches for
temporal graphs. Specifically, we present two methods to interpret the STGNN’s decision
process and identify the most relevant spatial and temporal patterns in the input for the
task at hand. The first relies on dynamic mode decomposition (DMD), a Koopman-inspired
dimensionality reduction method. The second relies on sparse identification of nonlinear
dynamics (SINDy), a popular method for discovering governing equations of dynamical
systems, which we use for the first time as a general tool for explainability. On semi-
synthetic dissemination datasets, our methods correctly identify interpretable features such
as the times at which infections occur and the infected nodes. We also validate the methods
qualitatively on a real-world human motion dataset, where the explanations highlight the
body parts most relevant for action recognition.

1 Introduction

Many complex phenomena can be described by the dynamics of items interacting with each other in space
and time, leading to complex spatiotemporal relationships that are naturally modelled by temporal graphs
(TGs) (Cini et al., 2023b). Examples are roads and junctions in traffic dynamics (Zhang et al., 2020),
arms and legs during human motions (Jain et al., 2016), infections during social contacts (Fritz et al.,
2022), social interactions during events (Deng et al., 2019), brain activity (Chen et al., 2025), atmospheric
events (Marisca et al., 2024), and many more. Graph neural networks (GNNs) have already proved effective
on static graphs (Wu et al., 2020; Khemani et al., 2024), but capturing both the spatial and temporal patterns
in TGs remains challenging. Recently, spatiotemporal graph neural networks (STGNNs) have emerged as
powerful tools to handle this type of data (Longa et al., 2023; Micheli & Tortorella, 2022; Cini et al., 2023a;
2024). Given their use in critical applications, model explainability for STGNNs has become a primary
concern (Hassija et al., 2024).

The field of explainability for static GNNs has been very prolific in recent years, offering many methods
that can be broadly categorised into factual and counterfactual approaches (Kakkad et al., 2023; Longa
et al., 2025). The former approach aims to find important substructures in the input graph, for example,
by employing perturbation methods such as GNNExplainer (Ying et al., 2019) or PGExplainer (Luo et al.,
2020; Guerra et al., 2023). These are further classified into post hoc methods, which are applied to a trained
GNN, and self-interpretable models (Spinelli et al., 2022; 2023; Azzolin et al., 2025b; 2026). Counterfactual
methods, instead of identifying the most important subgraph, aim at finding the minimal change in the
input graph that causes a change in the GNN’s prediction, e.g. CF-GNNExplainer (Lucic et al., 2022).
Explainability methods for GNNs can be further classified into local and global approaches: the former, such
as the aforementioned PGExplainer, provide an explanation for each input, while global explainers, such as
GLGExplainer (Azzolin et al., 2023) or GNNInterpreter (Wang & Shen, 2023), search for common patterns
that explain the general behaviour of the model.
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Despite preliminary work extending standard explainability techniques to STGNNs for some specific appli-
cations in the energy and medical fields (Verdone et al., 2024; Tang et al., 2023; Chen et al., 2025; Altieri
et al., 2023), the presence of both spatial and temporal components combined with the black-box nature of
neural networks still makes these models particularly difficult to interpret.

A promising direction to address these explainability challenges comes from the field of dynamical systems.
In particular, Koopman theory reformulates a complicated nonlinear dynamical system into a simpler linear
representation, at the cost of moving to a potentially infinite-dimensional state space. By transforming
the nonlinear dynamics into a linear framework, Koopman theory enables the use of robust, data-driven
techniques to approximate the system’s evolution directly from empirical measurements. This makes the
approach particularly useful in many real-world scenarios where the explicit equations of the dynamical
system are unknown, but abundant observation data is available. Since deep learning models can be seen as
dynamical systems (Han et al., 2024; Gravina et al., 2025), Koopman theory has recently been applied to
design interpretable deep learning architectures (Lusch et al., 2018; Mohr et al., 2021) or to perform post
hoc analyses (Naiman & Azencot, 2023). Particularly relevant to TGs is the work in (Melnyk et al., 2023;
2020), which is, however, limited to the analysis of metastable states of the human microbiome. In (Shi
et al., 2025), inspired by Koopman theory, a new feature propagation mechanism for GNNs is proposed, but
its effects on the model’s interpretability are not explored, nor is the method extended to STGNNSs.

We extend this line of work by studying how Koopman theory can help interpret a spatiotemporal model
trained on complex inputs such as TGs. Analysing the model’s embeddings with Koopman-inspired tech-
niques such as dynamic mode decomposition (DMD) allows us to recover both the temporal patterns and the
subgraphs that have the largest influence on the model’s decision-making process. As an additional contribu-
tion, we propose using sparse identification of nonlinear dynamics (SINDy) as an explainability method for
TGs for the first time. SINDy is a popular algorithm originally introduced to discover governing equations
for complex dynamics.

In our experiments, we demonstrate how the proposed methods correctly highlight important features of the
input TG. In particular, in dissemination processes, the explanations accurately locate the times at which
infections occur and the nodes involved. We further validate the methods qualitatively on a real-world
human motion dataset (Microsoft Research Cambridge-12 (MSRC-12)), where the explanations consistently
highlight the body parts most relevant for action recognition.

2 Background

2.1 Koopman operator theory

In (Koopman, 1931), Koopman proved how to translate a finite-dimensional nonlinear dynamical system
into an infinite-dimensional linear one. Consider a discrete’ dynamical system on a D-dimensional state
space M

xi1 = F(xy), (1)

with state £ € M and flow map F : M — M. Let ¢ : M — C be an observable in the Hilbert space L?,
i.e. ¢ is measurable and the Lebesgue integral of the square of the absolute value of ¢ is finite. Then define
the (discrete-time) Koopman operator x as

kp(xe) = e(F(x1)) = p(Tr41)- (2)

The Koopman operator acts on the infinite-dimensional space of observables but has the benefit of being
linear:

r(ap1(z) + bpa(x)) = a1 (F(z)) + bpa(F ()
= akpr(x) + brps(x).

(3)

1The description can be extended to the continuous case (Mezié¢, 2021), but our application uses discrete time, so we will
focus on the discrete case only.
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2.1.1 Dynamic mode decomposition

In some rare cases, it is possible to find a finite-dimensional subspace of L2, so the Koopman operator,
restricted to that subspace, is both finite-dimensional and linear, allowing the well-studied descriptions of
linear systems (Mezi¢, 2021). In general, however, such an invariant subspace does not exist, so a finite-
dimensional approximation of x must be sought instead. This has motivated a growing body of data-driven
approaches, founded on Koopman theory, that have increased in popularity (Brunton et al., 2022). The
idea is to approximate s using trajectories (z;)_; collected from real dynamical systems, reinforced using a
library of nonlinear functions, and then use the approximation to simulate and analyse the system.

One of the first classes of algorithms introduced to approximate sk was dynamic mode decomposition
(DMD) (Schmid, 2010). It was introduced in fluid dynamics and transport processes to extract relevant
information directly from data, without necessarily knowing the governing equation of the dynamics. The
link to the Koopman operator was only clarified later (Kutz et al., 2016; Arbabi & Mezié¢, 2017).

Suppose we have a dynamical system described by (1), from which we collect measurements h; = ¢(x;) € RF
at regularly spaced times. We can then build two matrices of snapshots

H = (h17h2)--'ahT—1)7

H' = (ha,hs, ..., h7). @
Then the matrix C € R¥*F given by H' ~ CH, namely C = H'H'? approximates the Koopman
operator (Kutz et al., 2016). Since the matrix C can be large, the DMD algorithm first computes an singular
value decomposition (SVD) or principal component analysis (PCA) of the data matrix H, before producing
a rank-reduced matrix C (Kutz et al., 2016). States h; can be decomposed onto the basis of eigenvectors of
C, called DMD modes, and their projection s()(t) on the i-th mode contains useful information about the
dynamics.

The original DMD algorithm described above has been further developed to extend its use and applicability
to a wider range of contexts, beyond the fluid dynamics case, and to tackle some of its shortcomings. A
review of DMD variations can be found in (Schmid, 2022; Brunton et al., 2022). For implementations in
Python, we refer to (Demo et al., 2018; Ichinaga et al., 2024).

2.1.2 Sparse identification of nonlinear dynamics

In the context of discovering and approximating governing equations from data, another approach, alternative
to DMD, was introduced under the name sparse identification of nonlinear dynamics (SINDy) in (Brunton
et al., 2016). The idea is to approximate the dynamics in (1) with a library of pre-determined nonlinear
functions, only a few of which will be relevant (Brunton & Kutz, 2022).

Consider the matrices of snapshots of the system’s state x;, € RP,

X = (x1, T, .. .,:BT,l)T e RT-VxD
X' = (g, x3,...,27) € R(T-DxD
and a library of J candidate nonlinear functions,

O(X) = (I,X2,... sin(X),...) e RT-DxDxJ, (6)
where each function is applied to X element-wise. The dynamical system (1) can now be approximated with

X' = 0(X)¢, (7)

where £ € R7 is a sparse vector, obtained via sparse regression, that selects only a few of the most relevant
terms of the library ©.

2Where 1 is the Moore-Penrose pseudoinverse.
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If we write & = (&1,...,&7) T, then equation (7) becomes
J
Tip1,d = Z O(X)t,a.5E5 (8)
j=1

where each component §; expresses the importance of the j-th nonlinear function in © for the system’s
dynamics. Crucially, the sparsity of € and the linear nature of the equation make the identified model
directly interpretable: the non-zero coefficients reveal which interactions drive the dynamics, a property we
will exploit for explainability in the context of STGNNSs.

2.2 Spatiotemporal models

In the present work, we focus on TGs classification task: the whole input TG is processed by a STGNN
trained to predict its class y. This section first defines TGs, then describes in detail STGNNSs.

2.2.1 Temporal graph

Temporal graphs (T'Gs) model data whose spatial relations are represented by a graph, and the node labels
and topology are both time-dependent. For a formal treatment of TGs and recent reviews of methods and
tasks applied to TGs and time series with dependencies expressed as a graph, we refer to (Longa et al., 2023;
Cini et al., 2025; 2023b).

In this work, we rely on the following definition of TG.

Definition 2.1 (Discrete time TG). Given a set of N nodes V and a set of edges £, we define a temporal
graph as a sequence of graphs

g:= ((Vt,gt))tT:1 ) 9)

with V; C V and & C €. Each node v € V; is equipped with a feature vector ¥ € RP.

To simplify the notation, we will not consider features on edges, and the feature vector of the n-th node at
time ¢ will be represented by x;,. The adjacency matrix is

1 if (vp,vm) € &

. ) (10)
0 otherwise

(At)n,m = {

and it varies with time since edges are not guaranteed to exist at all times. We will denote by Ng the number
of TGs in a dataset.

2.2.2 Spatiotemporal graph neural network

To process TGs, we use a snapshot-based (Longa et al., 2023), time-and-space (Cini et al., 2025) STGNN,
i.e. a deep learning architecture where temporal and spatial processing cannot be factorised into two separate
steps.

As representative STGNNs, we consider three different models:
o a graph convolutional recurrent network (GCRN) (Seo et al., 2018),
« a diffusion convolutional recurrent neural network (DCRNN) (Li et al., 2018),

o and a graph WaveNet (GWN) (Wu et al., 2019).

GCRNs and DCRNNSs use a spatial encoder at each time step intertwined with a recurrent neural network
(RNN) such as a long short-term memory (LSTM), to process temporal dependencies. Let Ny (vy,,) represent
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the neighbourhood of the n-th node v,, at time ¢, £ the layer index, and Enc(-) a spatial encoder. The model
encodes an input x; , into an embedding h; , ¢ as follows:

Tin /=1
Ztn,e = Enc({uem,e}o,,eni(v,)s At);
time = U(WZiZmn,é + Whiht—l,me),
Sfine= U(WZfzt,n,e + thht—l,n,z)v (11)
rone = tanh(Wz, ¢+ W h_1 5.0,
Ot = (W2 o+ W hy_100),
Cimngtg = ftntOCi—1ne+Tne®Gint,
hine = 04ne©tanh(cy p r).
GCRNs use a graph convolution network (GCN) (Kipf & Welling, 2017) at each time step as the spatial

encoder Enc(-). DCRNNSs use a diffusion convolutional layer (DCL), which simulates, at each time step, a
diffusion process with learnable transition probabilities over the graph according to the adjacency matrix A;:

K-1 N
Ztn0 = DCL({@em e} er) = Z Z (PF)nmtt,m,e W, (12)
k=0 m=1

where P, = D, 1 A,, with D, the degree matrix, is the transition matrix of the diffusion process, and K is
the number of steps.

The third STGNN we consider, GWN, has a different structure. Each layer consists of a (gated) temporal
convolution layer (TCN) for the temporal part and a modified DCL for the spatial component:

Zim,e = tanh(Wi x u. , 0); © 0(Wa * U, 1 0)1,

N K N . _ (13)
hipne=DCL({Ztm,etme1) + Z Z Aq i ztm W,

k=0m=1
where * is the dilated causal convolution operation, with dilation d and temporal kernel K;; to the DCL

described in (12), the GWN model adds an extra diffusion term with a trainable time-independent adjacency
matrix A.

For node-level tasks, the embedding for the n-th node is given by h,, € RFZ, obtained by concatenating,
along the layer dimension, the embeddings at the last time step of the STGNN hyp,, , € RF.* On the other
hand, the output y of a graph-level task is given by processing with a multi-layer perceptron (MLP) the sum
of all node embeddings h = ZnN:1 h, € RFE

y = MLP(h) € RY, (14)
where C' is the dimension of the desired output, e.g. the number of classes.

For a classification task, the model is trained using a cross-entropy loss between the model’s output y and
the class label § € {1,...,C},
exp Yy

_— (15)
Z§=1 €XP Ye

gce(ya Q) = IOg

3 Methods

3.1 Research hypotheses

Providing an instance-based explanation usually involves computing weights that highlight the most relevant
parts of the input. In the case of TGs, that means finding a weight wy (¢) for time step ¢, and spatial weights

3 Another option is to simply take the last layer embedding h,, := hr 1 € RF,
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Figure 1: Overview of the proposed framework: the input TG (left) is processed via an STGNN, which
produces a trajectory of embeddings h;, (centre), whose dynamics is analysed via DMD and SINDy to
produce spatial and temporal explanations (right).

wg(n) for node n, or we(n, m) for edge (n,m). To properly measure the performance of our explainability
methods, we require ground truth for each of these quantities. We call m(t) the time ground truth, mg(n)
the spatial ground truth on nodes, and m.(n, m) the spatial ground truth on edges.

We propose two separate post hoc explainability methods, the first based on DMD and the second on SINDy,
that provide either temporal or spatial explanations for TGs, or both. We state below the hypotheses on
how DMD and SINDy can explain the STGNN model:

1. The input drives the dynamics of at least one DMD state component s(i)(t) of the TG’s embed-
ding, where s()(t) is the projection of the STGNN’s embedding h; onto the i-th DMD mode (see
Section 3.1.1). Hence, a sudden change in s(Y)(¢) at time ¢ indicates that the model’s internal state
reacted to a task-relevant event in the input at that moment. We can therefore use the derivative
ds™ (t)/dt to compute the time weight wy (t).

2. The projection sgf)(t) of a node embedding at each time step (in particular, the last one T) iden-
tifies whether that node is important for the output or not, and so it is a proxy for the spatial
explanation wg(n).

3. SINDy fits the dynamics of each node’s embedding as a sparse combination of library terms. By
construction, the mixed terms in the library correspond to interactions between neighbouring nodes,
i.e. edges of the input TG. A large regression weight &; for a term involving edge (n,m) therefore
indicates that this interaction strongly drives the embedding dynamics, and hence that the edge
is important for the model’s prediction. This allows us to use §; to compute the edge explana-
tion we(n, m).

3.1.1 Explainability using DMD

We apply DMD to analyse the trajectories of the STGNN’s states and understand how inputs are processed
by STGNN and affect their output. To reduce the computational complexity of the analysis, a common first
step (Naiman & Azencot, 2023) when working with these techniques consists in applying PCA or SVD to
reduce the dimensionality of the embeddings from F'L to f. An alternative approach is to use tensor-based
dynamic mode decomposition (TT-DMD) (Klus et al., 2018; Oseledets, 2011), described in more detail in
Appendix A.

Let h;’n € R/ and k), € R/ be the embeddings of the nodes and the whole TG, respectively, projected onto
the principal components. To apply DMD to the whole dataset, we use ridge regression to fit an operator
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C € R*f on the training split of the dataset of TGs embeddings:
hi., = Ch;. (16)

We can then diagonalise C, with eigenvalues \; € C and eigenvectors v; € Cf, and study the dynamics along
the eigenspaces (v;). We denote by sV () = v,” h} the projection onto the i-th DMD mode at time ¢ (ordered
according to the magnitude of the corresponding eigenvalue \;). The analysis of s (t) is then performed on
the validation set, which allows us to evaluate the generalisation capability of the explainability framework.

On the other hand, to apply DMD on the nodes we focus on a single TG G at a time, and consider its nodes’
embeddings h; ,, to fit a matrix Cg € Rf*S

h:&—i—l,n = Cgh’f‘,,n' (17)
As in the previous case, we diagonalise Cg and compute the projection on the DMD modes for nodes, sgf )(t).

Unlike before, however, we cannot split the nodes of the TG G into training and validation sets. Thus, we
fit and analyse Cg on all nodes.

When |\;| < 1, we expect both s((¢) and s,(f)(t) to decay to 0 and contribute little to the final state (see
hypotheses 1 and 2). Conversely, when |);| ~ 1, the corresponding component s(*)(¢) neither grows nor
decays, but persists throughout the sequence. In this regime, the component’s evolution is not dominated
by transient effects and instead tracks the non-trivial spatiotemporal structure of the input, making it a
meaningful proxy for the model’s decision process. For this reason, we select DMD modes with |\;| ~ 1 and
define the time weight

, (@)
(i) ds'™(t)
t) = 18
W)= | = (18)
and the node weight as the distance from the average,
. 1 .
wi (n) := |s(T) — WZ sW(T)] - (19)
m

Hypotheses 1 and 2 can be tested by comparing equations (18) and (19) with m4(¢) and ms(n), respectively.

The same approach allows us to define a combined explanation for the entire TG G, which jointly accounts
for spatial and temporal patterns. Indeed, we can extend the definition (19) by considering all time steps
and not just the last one. We therefore define

w(gi)(un) =

00 = 77 3 580

m

; (20)

such that wgl)(n) = w(gi)(T, n). We refer to Section 4.3 for a discussion on the results obtained with this

approach.

3.1.2 Explainability using SINDy

As a data-driven method for approximating governing equations, SINDy can also learn and store useful
information about the dynamics of hj ,,. In our case, the matrices defined in equations (5) become

H, = (hll,n7 h’/Q,nv SERE) /T—l,n) € RT?Lf (21)
H’;L = (hIQ,nv hé,n’ L) h/T,n) € RT?l’fa

where n = 1,...,N. The difficult and somewhat arbitrary part of SINDy is the choice of the library of
nonlinearities ©. In our case, though, we can take advantage of this flexibility to enforce a bias in the
reconstructed dynamics. Since the GCN and DCL components aggregate information from neighbouring
nodes, the next embedding of a node is by construction a nonlinear function of its own and its neighbours’
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current embeddings. We can therefore align the SINDy library with this known inductive bias, and restrict
the candidate terms to monomials involving the embeddings of neighbouring node pairs. Concretely, the
library for node n contains only those terms involving the node itself and its neighbours, namely

Q(Hn) = (Hz’HzaHnHmla“';HnHEn )
' (22)
cois HyHypy oo H H2 L),

ma?
where all operations are performed element-wise, and the node indices m; refer to nodes that are connected
to the n-th node at least once, i.e. all those m; for which there exists a time ¢ such that (A¢)y,m, = 1. While
we could consider higher-order terms, such as H2H2,, and nodes more than one hop away from n, for the
sake of simplicity, we consider monomials up to degree 3 and only one-hop neighbourhoods. We treat the
order of the monomials, dsinpy, as a hyperparameter.

After introducing an extra index for the node dimension, equation (8) becomes

J
tr1nd = Z O(Hp)t,d,j En.js (23)
j=1
where the index j = 1,...,J spans the monomials of O, each corresponding by construction to an edge of

the input TG, including self-loops. We can interpret &, ; as a weight that measures how strongly the j-th
term contributes to the dynamics of the n-th node embedding, h!,. This allows us to define a weight for each
edge (n,m) as

we(nvm) = Z Z |€’ﬂ',j

n’=1j~(n,m)

. (24)

In equation (24), the inner sum runs over all monomial weights &, ; that refer to the same edge (n, m), which
expresses how important the edge (n,m) is for the n'-th node. The inner sum is needed because different
monomials can refer to the same edge, e.g. the terms H,, H2, and H2H,, both relate to (n,m). The outer
sum runs over all nodes and therefore measures how important edge (n,m) is for the whole TG. The edge
weight we(n, m) can then be compared with the ground truth me(n, m) to test hypothesis 3.

4 Experiments
To ensure reproducibility, we make our code and experimental setup available in a public repository.*

4.1 Datasets

We test the hypotheses above on two types of datasets: the first one consists of semi-synthetic datasets
for binary classification tasks with explainability ground truth, while the second is a real-world action
classification dataset with no explainability ground truth.

In the first class of datasets, we have TGs whose time-varying topologies describe different types of social
interactions. The time-varying node labels z; , € {0,1} are produced via a dissemination process simulated
with the susceptible-infected model (Oettershagen et al., 2020). TGs of class 1 correspond to dissemination
processes. In TGs of class 0, instead, the infected nodes found via the same dissemination process are shuffled
randomly at each time step. In each dataset, the two classes are balanced.

While our methods are general and applied to both these semi-synthetic datasets and a real-world dataset (see
below), the availability of ground truth in the semi-synthetic datasets allows us to quantitatively measure
explainability performance. Specifically, the time ground truth my(¢) counts the infections occurring at
each time step ¢ between adjacent nodes. That is, a time step ¢ contributes to my(t) if 2t m = 0 and
Ti41,nTi+1,m = 1 for some adjacent nodes n, m. The spatial ground truth on nodes mg(n) indicates which
nodes have been infected: mg(n) = 1 if node n has been infected, mg(n) = 0 otherwise. The spatial ground

4@GitHub repository
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truth on edges me(n, m) is computed by finding the edges that transmit the infection: me(n, m) = 1 if there
has been an infection between nodes n and m, 0 otherwise.

As mentioned, we also test our approach on the real-world dataset MSRC-12 (Fothergill et al., 2012), consist-
ing of sequences of 12 human movements, where the node labels x; ,, € R? represent the 3D joint coordinates.
When training a STGNN on this dataset, each input is augmented by performing random rotations in 3D
space. Unlike the semi-synthetic datasets, in MSRC-12 the topology does not change over time, and there is
no explainability ground truth, so we provide only qualitative results for our explainability methods. More-
over, since the sequences have different lengths, each one needs to be padded along the time dimension before
forming batches.

See Appendix B for further details on each dataset.

4.2 Metrics

For those datasets that come with a ground truth, we can define metrics to assess quantitatively whether
the hypotheses formulated in Section 3.1 hold. To test hypothesis 1, we measure the agreement between the
time ground truth my(t) and the time weight wéz)(t). Projections on DMD modes can be quite noisy, while
the time ground truth my(¢) is very sharp, being 0 almost everywhere and positive only at a few sparse time
steps. This poses a significant challenge when comparing two time signals, common in fields such as anomaly
detection (Wagner et al., 2026; Kim et al., 2022). To overcome this, we consider a regularised version of the
time ground truth, obtained by convolving my (t) with a uniform filter to make it smoother before computing
the F1 metric, and we apply a threshold in different ways:

o F1 with thresholds. The F1 score between the time ground truth and the time steps ¢ such that
sz)(t) > §, with § being a threshold:

MAX § =¢" - maxy w,(f) (t), i.e. the threshold is a fraction of the maximum value of wéi) (t);

AVG § = py, + oy,, where p,,, and o, are the time average and standard deviation respectively;

MAD ¢ = wy + k - median(|w, — ws|), where k is a hyperparameter (we use k = 3), and w, =
median(wy).

o F1 with window average. As above, but in addition, we first take a running average of wﬁz)(t) to
reduce noise, with window size w.

For hypothesis 2, we compare ne (n) from equation (19) with the explanation ground truth mg(n). Since

identifying the explanation is a binary classification problem at the node level, we can measure the area under

the curve (AUC) score between wgl)(n) and mg(n), a metric often called plausibility in the literature (Longa

et al., 2025). We denote it AUCg. We refer to (Fontanesi et al., 2025) for a discussion on the challenges of

explaining GNNs even in the presence of a ground truth.

For hypothesis 3, we use weights we(n, m) from equation (24), and compare them with me(n,m) via an AUC
score, called AUCeqge.

Standard explainability metrics for GNNs in the absence of ground truth do exist — e.g. faithfulness, fidelity,
and comprehensiveness (Agarwal et al., 2023; Fontanesi et al., 2024; Longa et al., 2025; Azzolin et al., 2025a)
—, but their extension to the TGs domain is not trivial and remains underexplored (see Dileo et al. (2025) for
an early attempt in the context of link prediction). Although we acknowledge that a systematic adaptation
of these metrics to temporal graphs is important, it lies beyond the scope of this work; therefore, we leave it
as a direction for future research. For this reason, the performance of the proposed methods on the MSRC-12
dataset is explored only qualitatively.

4.3 Results

Before testing the proposed explainability tools, we tune the STGNN hyperparameters to maximise classifi-
cation accuracy. The accuracies obtained with the best hyperparameters are reported in Table 1.
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Table 1: Accuracies of the best-performing STGNNs, averaged over 5 runs.

STGNN  Facebook  Infectious DBLP Highschool Tumblr MSRC-12

GCRN 095+0.02 0.97£0.03 0.991+0.008 0.87+0.11 0.96+0.01 0.87+0.23
DCRNN 0.95+0.01 0.93+£0.07 0.988+0.005 0.96=+0.06 0.85+0.09 0.963 £ 0.009
GWN 0.95+0.01 0.86+0.04 0.95+0.01 0.89+£0.04 0.96=+0.02 0.909+0.008

Table 2: Results of experiments to test hypothesis 1. The averages and standard deviations are computed
over 5 runs. Methods scoring the highest mean value are reported in bold.

Metrics Facebook Infectious DBLP Highschool Tumblr
; F1 0.334+0.03 0.43+0.14 0.59 +£0.13 0.33 +0.15 0.23 +0.03
§ Flnaif 0.004 £0.001 0.023 £0.008 0.0006 £ 0.0006 0.017 £ 0.008 0.010 4 0.002
Flsal 0.28 +0.06 0.19 £0.11 0.54 +0.22 0.21 +0.13 0.37 +£0.09
E F1 0.30 +0.06 0.54 £+ 0.03 0.47+0.16 0.41 +0.09 0.26 £ 0.06
g Flnaif 0.003+0.001 0.02+0.01 0.0006 £ 0.0006 0.02+0.01 0.010 4+ 0.002
A Flsal 0.45 4 0.02 0.07 £ 0.03 0.65 £+ 0.13 0.49+0.11 0.384+0.02
; F1 0.36 £0.02 0.33 +£0.04 0.51 + 0.05 0.3540.10 0.31 £0.02
% Flnaif 0.019+£0.005 0.29+0.06 0.0006 £ 0.0006 0 0.043 £+ 0.007

Flsal 0.59 4+ 0.02 0.27 £ 0.05 0.44 +0.03 0.19 £0.05 0.55 + 0.01

Since the F1 scores depend on the threshold § and the window size w, we perform a grid search on these
parameters too. We refer to Appendix C for details.

Time explanations To test hypothesis 1, we report in Table 2 the F1 scores comparing the time weights

wéi) with the time ground truth m.. We also report two baseline values. The first, Flnaif, is obtained from

a naif explainer that outputs w,(f)(t) =1 for all t. As expected, Flnaif is always very low, evidencing the
difficulty of comparing this type of signal (Wagner et al., 2026; Kim et al., 2022). The second baseline, F1sal,
is computed using a saliency map as explanation (more details are given in Appendix D) (Simonyan et al.,
2014). The F1 scores found with our methods are comparable to or better than those found with saliency.
In Figure 2, we report two examples of time explanations from the Facebook dataset: in the top panel, the

detection is obtained by thresholding wff) (t) directly, while in the bottom panel we first apply a window

average to w!” (t).

Results associated with the GWN highlight some limitations of our explainability method. As discussed in
Section 2.2.2, equation (13), a GWN uses a dilated causal convolution operation with dilation d and temporal
kernel K, which makes the time sequence of embeddings (htwn)f;“f shorter than the time sequence of inputs
(mt,n)?‘;l. The relationship between Ty, and T}y,

L—1
Towt = Tin — (K¢ — 1) Z gt mod2), (25)
=0

depending on the choice of hyperparameters, can significantly affect the length of the sequence of states
to which we apply our methods, especially if the dataset consists of short input sequences. In choosing
the hyperparameters, we traded off some accuracy to prevent T, from becoming too short, which in turn
negatively affects the effectiveness of the explanations. This is particularly apparent for the Infectious
dataset.

10



Under review as submission to TMLR

— my(2)

s(® (t)
¢  Detected

s (1)

Time ¢

— (t)
s (t)
% Detected ~
IR !

Time ¢

(b) Time explanation via window average. The F1 score is 0.81.

Figure 2: Examples of time explanations for the Facebook dataset and GCRN model. The red line represents
the smoothed ground truth me(t), the yellow line is the relevant component s(*)(t), the background colour

scale shows the explanation weight wéi)(t), the stars highlight those times ¢ where wéi)(t) > 4.
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Figure 3: Spatial explanations from the Facebook dataset. The colour scale on the nodes or edges represents

the explanation weights wgi)(n) (for nodes) and we(n, m) (for edges). The ground truth is reported in the

corner.

Spatial explanations To evaluate hypotheses 2 and 3, we report the AUC scores in Table 3. We also
report the AUC scores of the node explanations provided by the saliency map (see Appendix D for more
details). All proposed methods that provide spatial explanations perform consistently well, with some
differences across datasets. Even when compared with saliency, our methods almost always perform better

11
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Table 3: Results of experiments to test hypotheses 2 and 3. The averages and standard deviations are
computed over 5 runs.

Metrics Facebook Infectious DBLP Highschool Tumblr
AUCeqge 0.923£0.002 0.71£0.08 0.85£0.03 0.73£0.09 0.72£0.04

AUCg 0.849 £0.005 0.74+0.09 0.63£0.03 0.66£0.20 0.88+0.02
AUCsa 0.44+£0.02 0.50£0.25 0.81+£0.14 0.52+0.17 0.894+0.05

AUCeqge 0.84£0.01 0.66£0.05 0.83£0.02 0.67£0.10 0.81+£0.05

AUCq 0.859 £0.003 0.67+0.01 0.72+£0.04 0.62£0.20 0.80=+0.09
AUCsal 0.36 £0.02 0.67£0.37 0.16£0.09 0.43+0.11 0.8240.09

AUCedge 0.77£0.03  0.59£0.02 0.70£0.04 0.61£0.05 0.68=£0.04

AUCg 0.83+£0.02 0.69£0.05 0.82+£0.03 0.56=+0.11 0.73+0.04
AUCsal 0.15£0.07r  0.37£0.30 0.25+0.24 0.124+0.06 0.22+0.07

cwN | bcraN| GeRN |

than the baseline, demonstrating their effectiveness. In Figure 3, we report an example of an explanation on
both nodes and edges.

Although the analysis is instance-based, we can leverage our methods to infer something more general about
the model’s behaviour. For example, we notice that the weight wl )(t n) effectively recognises whether the

n-th node is infected or not at time ¢. This means that the quantity > wg)(t n) is proportional to the
number of infected nodes at each time step t. In other words, it reveals a behaviour of the STGNN that
transcends the specific input, namely that it learns to count infected nodes. Even though this information
alone is not sufficient to tell the two classes apart, it is an implicit feature that emerges as the model learns to
solve the task at hand. Therefore, we argue that the proposed tools can also help interpret model behaviour,
not only the input data.

Combined spatiotemporal explanations We can combine the two approaches and use the spatiotem-

poral weight wg)(t, n) defined in (20), comparing it with a spatiotemporal ground truth mg (¢, n).

To assess the agreement with the ground truth qualitatively, we refer to Figure 4, which shows an example
of a spatiotemporal explanation for the GCRN model from the Facebook dataset. The colour scale in the
background represents wé)(t n), and the red boxes indicate the ground truth m;) (t,n).

To provide a more quantitative measure of the agreement between the spatiotemporal explanation wg )(t7 n)
and the mask mg;(t,n), one option is to use the Brier score, defined as

V| @t 2
|V| Z (“))) —mst(t,n)> . (26)

max wg ( N

We choose the Brier score to measure accuracy because it correctly accounts for imbalanced classes and it
also provides an easily interpretable outcome, where BS(t) = 0 is the best value and BS(¢) = 1 is the worst.
The Brier score is depicted at the bottom of Figure 4: the bumps in the plot correspond to the region with
more disagreement between the prediction and the ground truth. In particular, we notice that there is a
delay before the explanation registers the infection of a node, and two nodes are false positives, but the Brier
score is consistently close to 0.

Qualitative explanations For the MSRC-12 dataset, given the lack of a ground truth (see the discussion
in Section 4.2), we rely on a qualitative analysis of the explanations provided by our methods. In Figures 5
to 7, we plot 10 frames sampled from three sequences, representing the actions “change weapon”, “take
a bow” and “crouch”, respectively. The colour scale on the left represents the node weight wg(t,n) from
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Figure 4: Top: The colour scale represents the explanation wg ) (t,n) for each time step (x axis) and each
node (y axis). The red squares mark the entries for which mg(¢t,n) = 1. Middle: The panel shows the TG
G at three times, ¢t = 50, 80, 100. Nodes in the ground truth are highlighted in red. Bottom: The panel

shows the value of the Brier score BS(¢).
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equation (20), while the colour scale on the right represents the edge weight we(n, m) from equation (24),
whose value is constant in time. For these particular examples, we use GCRN as the model, TT-DMD to
compute wg(t,n), and SINDy with degree 3 to compute we(n, m). All the reported instances are correctly
classified by the model. Other examples from the remaining classes are reported in Appendix E.

Here are some qualitative comments on the figures:

e Class “change weapon”. In Figure 5, we see that the movement involves only the arms: one reaches
behind the back to pick up the weapon, and the other holds it. The node explanation shows that
the model focuses more on the arm on the right side of the figure, which is consistent with what we
see in other samples of the same class. One possible explanation is that the movement of a single
arm provides enough discriminative power, given that other classes, e.g. “protest the music”, also
involve arm movements only. The pelvis nodes are also important to the model because of their
rotational motion. The edge weights mainly highlight the arms as well.

e Class “take a bow”. In Figure 6, the explanation is less localised, with more importance given to
the upper body and the knees, both in terms of nodes and edges. This makes sense, since the
bowing movement involves almost all nodes: other classes involving the movement of most of the
body (e.g. “crouch” and “kick”) have more localised explanations (see Figures 7 and 16), so focusing
extendendly on more nodes holds enough discriminative power.

e Class “crouch”. In Figure 7, the model focuses on the lumbar region, the hips and the knees; the
arms seem to play a role too, because in other samples in this class the subjects bend their arms
and rest their hands on the knees, although that is not the case in this specific instance. The legs
have the highest scores in the edge explanation.

5 Conclusion

In this work, we introduced a Koopman-theoretic perspective on explainability for STGNNs. By treating
the internal embeddings of the model as observables of an underlying dynamical system, we showed that
data-driven tools from dynamical systems, namely DMD and SINDy, can reveal when relevant events occur,
which nodes are most responsible for the prediction, and which interactions are the most influential. The
experiments on semi-synthetic dissemination datasets, together with the qualitative analysis on MSRC-12,
indicate that this perspective is effective across different STGNN architectures and can recover meaningful
temporal, spatial, and edge-level explanations.

A key takeaway is that, although STGNNSs are nonlinear models operating on highly structured inputs, their
learned latent dynamics still contain enough regularity for Koopman-inspired analyses to be informative.
This suggests that explainability for temporal graph models can benefit from dynamical-systems tools, and
not only from perturbation-based or saliency-based approaches. More broadly, the proposed framework
offers a way to connect the internal representations of STGNNs with interpretable phenomena in the input
domain, which may be especially relevant in scientific applications where understanding the evolution of the
system is as important as obtaining an accurate prediction.

Several directions remain open. First, the field would benefit from more principled evaluation protocols
for explainability on TGs, especially in settings without explanation ground truth. Second, it would be
natural to extend this perspective beyond classification to tasks such as forecasting and link prediction,
and to study whether the same dynamical structures remain explanatory there. Third, understanding how
dynamical priors should be incorporated into model design and training remains an open question, since the
relationship between more structured latent dynamics and better explanations is not yet fully understood.
We hope that this work will encourage further interaction between Koopman theory, system identification,
and explainability for graph-based temporal learning.
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A Tensor-based dynamic mode decomposition

As mentioned in Section 2.1.1, the standard DMD algorithm relies on the vectorisation of the snapshots h;,
to build the matrices in (4), incurring the curse of dimensionality.

Instead of relying on dimensionality reduction techniques like PCA to mitigate this issue, an alternative is to
use a more efficient algebraic representation that leaves the original dimensions intact. One such method is
TT-DMD (Klus et al., 2018), which overcomes high computational costs by exploiting the tensor-train for-
mat (Oseledets, 2011) for the snapshot tensors (4). Importantly, TT-DMD does not perform dimensionality
reduction; rather, it factorises the data to make full-dimensional computations tractable.

In the tensor-train representation, a tensor X of order d is decomposed into a tensor product of d tensors of
order at most 3, called cores:

T0 Td
_ (1) (2) (d-1) (d)
X = Z o Z Xko,:,k1 ® Xkl,:,kg Q- ® Xkd—thkdfl ® Xkd—l»id»kd’ (27)
ko=1 kq=1
or, focusing on the entries,
NS @ 2) (d-1) (@)
Xilv“'?” = Z Z Xko,il,kl 'Xkl,i27k2 ..... Xk?d—Qaid—hkd—l ’ Xkd—l,id,k?d' (28)

ko=1 kq=1

The advantage of this representation is twofold: on one hand, it is possible to rewrite the DMD algorithm so
that it takes advantage of the tensor-train format. On the other hand, each dimension of the original tensor
is stored on a different core and therefore retains its meaning, unlike the standard vectorisation approach,
which mixes dimensions.

This approach is related to the tensor PCA introduced in (Bianchi et al., 2021) in the context of reservoir
computing, where dimensionality reduction is applied to the feature mode of the reservoir states tensor while
preserving the temporal structure.

In our setting, we transform the STGNN’s embeddings h; € RV*¥ into the tensor-train format, and then
we apply TT-DMD.

B Description of datasets

The semi-synthetic datasets employed in the experiments consist of TGs whose time-varying topologies
describe different types of social interactions. The Facebook dataset is based on the activity of the New
Orleans Facebook community over three months (Viswanath et al., 2009). The Infectious dataset is based
on face-to-face contacts between visitors of the SocioPattern project (Isella et al., 2011). The DBLP dataset
is based on co-author graphs from the DBLP database, with publication year used as the timestamp. The
Highschool dataset is based on a contact network from the SocioPattern project, describing interactions
between high school students over seven days. The Tumblr dataset is based on a graph of quoting interactions
between Tumblr users (Leskovec et al., 2009).

Table 4: Description of datasets.

Dataset Ng T [V I€]
Facebook 995 106 71-100 176-362
Infectious 200 50 50 218-1010

DBLP 755 48 50-60 96-380
Highschool 180 205 26-60  302-1178
Tumblr 373 91 25-99 96-380

MSRC-12 6243 14-493 20 58

DN DN | Q
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The original MSRC-12 dataset consists of 594 sequences in which 30 people perform 12 actions, captured
at a 30 Hz sampling rate. Since in each sequence the action is performed multiple times, we preprocess the
dataset so that each input sequence corresponds to a single action.

Table 4 reports the details of each dataset, such as the number of TGs Ng, the range of the length of the
temporal sequences T', the minimum and maximum number of nodes |V| and edges |€], and the number of
classes C.

C Hyperparameters and implementation details

The presented methods depend on several hyperparameters. Some of these are used to define the architecture
and the training of the STGNN, others are involved in the explainability methods. Table 5 shows all possible
values, and Tables 6 to 8 report the optimal hyperparameter configurations used for each dataset. In order
to find the best values, we perform a grid search. For those parameters related to the model’s architecture
and training, we select the values that yield the highest performance in terms of classification accuracy.
For the parameters related to the explainability methods, we use the F1 score defined in Section 4.2 as the
validation metric.

D Saliency baselines

To strengthen the empirical comparison, we compare our results with explanations produced by a saliency
map (Simonyan et al., 2014). We use a standard saliency map to find the nodes and times of the input TG
that are most relevant to the model. The saliency map provides a saliency attribute

S(n,t) := |th’ny| , (29)

where y is the output of the model (14), and @, is the input label of the n-th node. Notice that we only
consider node labels, so we don’t compute a saliency attribute for the input’s edges. We can define a temporal
explanation as wy(t) = Y S(n,t) and, as done before, we can measure the F1 score by highlighting those
time steps t such that wy(t) > §, where we use median absolute distance (MAD) as threshold. The use of
MAD is necessary due to the shape of wy(t), which shows some peaks much more prominent than others,
and the other methods would hinder weaker, but relevant, peaks.

The spatial explanation is defined as
ws(n) = max [S(n,t)]. (30)

The measured values of the F1 scores and AUC are reported in Tables 2 and 3, referred to as Flsal and
AUCq,1, and they offer a baseline for the metrics F1 and AUCg respectively.

E Further examples from MSRC-12

We report in this section, in Figures 8 to 16, one example of an explanation on MSRC-12 for each class not
discussed in Section 4.3. Here are some comments:

e Most of the classes in the dataset involve movements of the upper body, especially the arms
(e.g. “raise volume of music”, “put on goggles”, “wind up the music”, etc.). For this reason, the
explanations are similar, but some details serve as telltale signs of how the model can differentiate
between them. For example, in Figure 8, more weight is given to the hands than in Figures 10
and 11.

e It is interesting to compare the classes “navigate to next menu” in Figure 9 and “throw an object”
in Figure 13. Both primarily involve the movement of one arm, but in both cases, surprisingly, the
model focuses mainly on the arm that remains still: in the first case, the hand nodes; in the latter,
the whole arm and the pelvis.
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Figure 8: One example from the MSRC-12 dataset, corresponding to the class “raise volume of music”.
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Figure 9: One example from the MSRC-12 dataset, corresponding to the class “navigate to next menu”.
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Figure 10: One example from the MSRC-12 dataset, corresponding to the class “put on goggles”.
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Figure 11: One example from the MSRC-12 dataset, corresponding to the class “wind up the music”.
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o The “kick” class in Figure 16 has a more distinct motion, making the explanation also more under-
standable: it highlights the spine and the leg involved in the kicking motion.
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Figure 12: One example from the MSRC-12 dataset, corresponding to the class “shoot a pistol”.
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Figure 13: One example from the MSRC-12 dataset, corresponding to the class “throw an object”.
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Figure 14: One example from the MSRC-12 dataset, corresponding to the class “protest the music”.
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Figure 16: One example from the MSRC-12 dataset, corresponding to the class “kick”.
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F Regularised STGNN with linear dynamics

In general, the sequence of states h, ., does not evolve according to the linear dynamics of (2). To investigate

this, we introduce an internal state )
ht-i—r,n = KThtma (31)

where K € RF*F is a trainable parameter that acts as Koopman operator on izt,n. Moreover, to train K,
we add the following terms to the loss:
« a binary cross-entropy term fy. between the Koopman-reconstructed output j = MLP(h) and the
class label ;

e an observable loss £s, defined as a mean-squared reconstruction loss betw~een the TG embedding
at time ¢, hy, and the corresponding Koopman-reconstructed embedding h;, together with an /¢y

penalty on K: 3 B
Lobs(hi, hy) = MSE(hy, hy) + l2(K), (32)

where /5 is a weight decay regularisation term.

These two terms represent regularisation losses that push the model to represent an observable ¢ that satisfies
the Koopman operator definition (2), as proposed by (Li et al., 2017) and (Lusch et al., 2018) in a deep
learning setting.

We note that the sole purpose of K and the internal state itt,n is to encourage the state h; , to follow fztyn,
whose dynamics is, by construction, linear. They are not used to produce the output y, nor are they involved
in explaining the model.

The complete loss then becomes
£ = Llee + alrec + Blobs, (33)

where a and § are hyperparameters.
The proposed model is depicted in Figure 17.
We aim to test whether the proposed regularisation in (33), which pushes the model dynamics

ht+1 = STGNN(hf, T, At) (34)
to exhibit an approximately linear behaviour, improves the performance of the proposed explainability
methods. To do so, we perform an ablation study on the parameters o and f.

In Figures 18 to 21, we present results obtained by training a GCRN model on four datasets®, varying the
values of o and 8 among 0, 0.1, 0.5, 1, and 5, over five different seeds. Overall, the regularisation terms have
little and inconsistent effects:

5The Highschool dataset is omitted from this ablation solely because training a model on it requires substantially more time.

25



Under review as submission to TMLR

Input TG STGNN Output

Koopman

hy
hy,

= Kh,
h

= Kh, y

mt4,‘n ) At4

hy /
! B ——

Figure 17: The left-hand side, in green, depicts an example of a TG, with node features x; and adjacency
matrix A;. In blue, the STGNN processes the input and provides an embedding h; for each time step.
The inner yellow box represents the mechanism that encourages the embeddings dynamics h; to be linear:
the loss £ops in (32) pushes h;11 to be a linear transformation of h; (for illustration, the figure shows a
2-dimensional rotation). In red, an MLP produces the final output.
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Accuracy In Figure 18, there are some noticeable positive effects on the Infectious and Facebook datasets,
while in the other cases, the variations are small or don’t follow a clear pattern.

F1 In Figure 19, unlike accuracy, a pattern is visible for DBLP and Tumblr, albeit still with small variations.

AUCg; In Figure 20, there are some small improvements in DBLP and Tumblr, while the effect of the
regularisation is null or detrimental in Facebook and Infectious.

AUCcq4ge In Figure 21, as for F1 and AUCg, there are some small improvements in DBLP and Tumblr,
but zero to negative effects for Facebook and Infectious.

These results provide two interesting insights. On the one hand, they indicate that the explainability gains
reported in the main text do not depend on explicitly enforcing linear latent dynamics during training: the
proposed post hoc analysis can already extract meaningful structure from standard STGNNs. On the other
hand, they suggest that the relationship between more structured latent dynamics and better explanations
is more subtle than can be captured by a simple auxiliary loss. In this sense, this ablation helps delimit the
contribution of the paper and motivates future work on more targeted ways of introducing dynamical priors
into temporal graph models. For this reason, we keep the simpler formulation in the main text and report
this variant here as an exploratory extension.
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Figure 18: Effect of o and /8 on accuracy.
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Figure 21: Effect of o and  on AUCeqge.
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Table 5: Candidate values for hyperparameters.

Parameter Candidates
RNN type LSTM, GRU
Activation identity, linear, ReLU, leaky ReLU, tanh
5 F 16, 32, 64
; L 1,...,10
v K (DCRNN, GWN) 2,3,4,5
5'] K. (GWN) 2,3,4,5
Dilation d (GWN) 1,2,4
MLP layers 1,...,5
Dim. red. PCA, SVD, TT-DMD
o f 10, 16, 32, 64
2 F1 type threshold (THR), window (WIN)
—: Threshold type MAX, AVG or MAD
ﬁ%“ w 2,...,6
dsiNDy 2,3
Mode 1 0,1
Table 6: Selected hyperparameters for GCRN.
Parameter  Facebook Infectious DBLP Highschool ~Tumblr MSRC-12
% RNN type LSTM LSTM LSTM LSTM LSTM LSTM
A Activation linear linear ReLLU ReLLU linear identity
= F 64 64 64 32 64 32
@) L 2 2 4 3 3 3
£ MLP layers 1 1 3 4 1 1
Dim. red. PCA TT-DMD TT-DMD  TT-DMD PCA TT-DMD
. f 10 10 10 10 10 10
£ Fltype THR THR THR THR WIN —
= Thr. type AVG AVG MAD MAD AVG —
2 w 5 5 5 5 5 5
= dsinDy 2 3 2 3 3 3
Mode ¢ 0 0 0 0 0 0
Table 7: Selected hyperparameters for DCRNN.
Parameter  Facebook Infectious DBLP Highschool =~ Tumblr MSRC-12
. RNN type LSTM LSTM LSTM LSTM LSTM LSTM
i Activation ReLU tanh ReLU linear linear  leaky ReLU
'z F 32 32 64 16 32 64
CZD K 2 2 2 2 5 5
& L 1 1 1 1 1 2
9 MLP layers 1 3 2 2 3 1
Dim. red. PCA  TT-DMD TT-DMD TT-DMD PCA  TT-DMD
X f 10 10 10 10 10 10
Z  Fltype THR THR THR THR WIN —
. Thr. type AVG AVG MAD MAD AVG —
2 w 5 5 5 5 5 5
- dsiNDy 2 3 3 3 3 3
Mode i 0 0 0 0 0 0
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Table 8: Selected hyperparameters for GWN.

Parameter Facebook Infectious DBLP Highschool Tumblr MSRC-12
Activation  leaky ReL.U linear leaky ReLLU linear leaky ReLLU ReLLU
5 F 16 32 64 64 64 32
& L 8 5 4 4 5 5
= K 3 4 4 2 4 3
@) K 5 3 2 5 5 5
g d 2 4 1 4 4 4
MLP layers 3 3 3 3 2 1
Dim. red. PCA PCA PCA TT-DMD PCA TT-DMD
. f 10 10 10 10 10 10
§ F1 type WIN THR THR WIN WIN —
_ Thr. type AVG MAD MAD AVG AVG —
& w 5 5 5 5 5 5
= dsiNDy 3 3 3 3 3 3
Mode 4 0 0 0 0 0 0
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