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Abstract

Causal discovery under Granger causality framework has
yielded widespread concerns in time series analysis task.
Nevertheless, most previous methods are unaware of the
underlying causality disappearing problem, that is, certain
weak causalities are less focusable and may be lost during
the modeling process, thus leading to biased causal conclu-
sions. Therefore, we propose to introduce joint causal influ-
ences (i.e., causal influences from the union of multiple var-
iables) as additional causal indication information to help
identify weak causalities. Further, to break the limitation of
existing methods that implicitly and coarsely model joint
causal influences, we propose a novel hidden variable-
driven causal hypergraph neural network to meticulously
explore the locality and diversity of joint causal influences,
and realize its explicit and fine-grained modeling. Specifi-
cally, we introduce hidden variables to construct a causal
hypergraph for explicitly characterizing various fine-grained
joint causal influences. Then, we customize a dual causal in-
formation transfer mechanism (encompassing a multi-level
causal path and an information aggregation path) to realize
the free diffusion and meticulous aggregation of joint causal
influences and facilitate its adaptive learning. Finally, we
design a multi-view collaborative optimization constraint
toguarantee the characterization diversity of causal hyper-
graph and capture remarkable forecasting relationships (i.e.,
causalities). Experiments are conducted to demonstrate the
superiority of the proposed model.

Introduction

Causal discovery on time series aims to interpret the causal
structure from the observed data, which is help to gain in-
sight into the underlying mechanisms of certain systems
(Sugihara et al. 2012; Wang et al. 2020; Xu et al. 2019).
Among various causal discovery methods, Granger cau-
sality (Granger 1969) is a popular and widely accepted
paradigm (Appiah 2018; Charakopoulos et al. 2018; Chen
and Zhao 2022), which has a high interpretability because
it explains causalities as remarkable forecasting relation-
ships. At present, some studies (Schwab et al. 2019; Song
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et al. 2023; Cheng et al. 2023) have recognized the short-
coming of linear assumption in traditional Granger causali-
ty methods. Accordingly, they have introduced deep neural
networks to extend traditional Granger causality methods
into nonlinear scenarios to encourage promising results.

000

p=la )’>w Bzl Y=ia

Joint (A, B, C)
Sparse -

1
i
i
_ penalties ! . ’ }
Oo ’\ Y = x vV v r ™ \l‘—‘\oe\/
g FNEa - = 0)
1 N
OV @@ (©' .
(@ : (b)
Jaint (4, B, ) 2AB) A C)  &B.C)

==» Strong causality
\ Locality and
dwelslty

4 09,0 /O
9./ 00

0/

° -=-» Weak causality

—> Joint causal influence
@ Cause variable
@ Cause variable
(@ Cause variable

() Effect variable

———— (A B.C)
(©

Figure 1: An example of pair-wise causalities and joint
causal influences. (a) causality disappearing problem. (b)
joint causal influences from variables A, B, and C. (c) lo-
cality and diversity of joint causal influences.

In these studies, a popular paradigm is to regard the
weights of neural networks as causalities and design some
sparsity penalties to gradually shrink unimportant weights
(non-causalities) to zeros during training iterations, thereby
finding remarkable causalities. However, in real scenarios,
causalities between variables may be strong or weak.
When the sparsity penalty is too strong or the number of
training iterations is overmuch, the weights for certain
weak causalities (relatively small) may be reduced to zeros
along with non-causalities, thereby inducing the causality
disappearing problem, i.e., certain weak causalities are
harder to focus on and may even be omitted in the model-
ing process. For example, genes, nutrition, and sleep time
can all affect a person's height. Among them, genes may
have a greater impact on height, while the impacts of other
causes (i.e., nutrition and sleep time) are relatively weak,
less prominent, and easier to be overlooked.

A general example of causality disappearing problem is
shown in Figure 1(a), we assume that A, B, C are three
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cause variables of variable D and the corresponding causal
coefficients a, S, y (i.e., the strength of causality) satisfy f
>Ao and y >Aa (4 is a hyper-parameter to distinguish strong
or weak causalities). It indicates that the causality between
A and D is relatively weak (i.e., the causal influence of A
on D (red dashed line) is much lower than that of B and C
(black dashed lines)). In the modeling process, the causali-
ty between A and D may be difficult to discover or even be
missed under sparse penalty, ultimately leading to blocked
causal results. In particular, the strength of causality in this
study is a relative concept and thus we use the magnitude
of causal coefficient to measure the strength of causality.

The key to address the causality disappearing problem is
to capture relatively weak causalities. In this study, we at-
tempt to sense weak causalities from a new perspective, i.c.,
joint causal influences, which differ from common sepa-
rate causal influence (pair-wise or low-order causalities)
and are produced by the union of multiple variables (high-
order causalities) (Williams and Beer 2010; Chen et al.
2022). For example, as shown in Figure 1(b), variable A
can have a separate causal influence on D alone (A — D),
and it may also have joint causal influences on D through
uniting with B and C (Joint(A, B, C) — D). In other words,
complete causal influences between two variables can be
divided into two parts: separate causal influence and joint
causal influences (Van Leeuwen et al. 2021). Based on the
above cognition, a feasible idea to solve the causality dis-
appearing problem is to capture joint causal influences
(Joint(A, B, C) — D), thereby providing additional causal
indication information for pair-wise weak causalities (cau-
sality between A and D) and facilitating its identification.

However, accurately modeling joint causal influences
remains a challenging task, because there may be various
joint causal influences across all variables (diversity) and
each joint causal influence may be produced by only par-
tial variables (locality). For example, as shown in Figure
1(c), the joint causal influences Joint(A, B, C) is not direct-
ly equivalent to g;(A, B, C), but may be any combination
Ofgl(A7 B, C), A, B), g3(A7 0), and g4(B, C), where gi()
denotes various joint causal influence functions. Unfortu-
nately, in the latest studies, the modeling for joint causal
influences is still relatively elementary because its locality
and diversity has not yet been explored. Specifically, these
studies merely construct some stacked neural networks to
implicitly consider the single joint causal influence in
which all variables are involved (i.e., gi(A, B, C)), which
induces coarse-grained and biased modeling for joint caus-
al influences and is insufficient to provide dependable
causal indication information.

Therefore, we propose a novel hidden variable-driven
causal hypergraph neural network (CHGNN) to break the
limitation of implicit and coarse-grained modeling, and ex-
plicitly learn diverse fine-grained joint causal influences,
so as to deliver reliable causal indication information for
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identifying weak causalities. Specifically, we firstly gener-

ate a series of hidden variables to construct a causal hyper-

graph for explicitly characterizing various fine-grained
joint causal influences. Then, a dual causal information
transfer mechanism (DCM) is customized to realize the
free diffusion and meticulous aggregation of joint causal
influences and facilitate its adaptive learning, ultimately
generating a fine-grained causal graph. Finally, a multi-
view collaborative optimization constraint is designed to
ensure the diversity of causal hypergraph and mine re-
markable forecasting relationships (i.e., causalities).

The main contributions in this study are listed as follows:

* To the best of authors, it is the first time to summarize
the causality disappearing problem in causal discovery
task on time series, and we further propose to introduce
joint causal influences to solve this problem.

* Unlike most existing studies that implicitly and coarsely
consider joint causal influences, we propose a hidden
variable-driven causal hypergraph to explicitly model fi-
ne-grained joint causal influences, thus providing reliable
causal indication information to sense weak causalities.

* We design a multi-view collaborative optimization con-
straint, which enhances the characterization diversity of
joint causal influences, while facilitating the screening
and filtering of non-critical forecasting relationships, ul-
timately improving the accuracy and significance of cau-
salities identification.

Related Work

Causal Discovery on Time Series Lately, causal discov-
ery, identifying the causalities among variables, has be-
come a challenge in the time series analysis task. Among
various causal discovery methods (Runge et al. 2019;
Zheng et al. 2018; Iseki et al. 2019), Granger causality
methods have drawn momentum due to its high interpreta-
bility, which aims to uncover the remarkable forecasting
relationships and regards them as causalities. Traditional
Granger causality methods usually assume linear time se-
ries dynamics and construct the vector autoregressive
model (Tank et al. 2022). However, they have poor gener-
alization performance because they cannot deal with non-
linear scenarios. Thus, some studies introduce the deep
neural networks (Zhao 2022; Chai et al. 2022) into Granger
causality framework to help infer nonlinear causalities. For
example, Tank et al. (2022) leveraged a neural Granger
causality framework to mine the causality based on sparse
weight parameters in neural network layers (i.e., auto-
regressive multilayer perceptron (MLP) and long-short
term memory networks (LSTM)). Marcinkevic’s and Vogt
(2021) extended the self-explaining neural networks to ef-
fectively quantize the causal effects and used a time-
reversed method to eliminate some spurious causalities.
However, these studies mostly fail to notice the causality
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Figure 2: The proposed CHGNN. (a) The framework of CHGNN. (b) The generation process of fine-grained causal graph.

disappearing problem, which may lead to the omitting of
some disappearing causalities (i.e., weak causalities),
thereby resulting in the biased causal discovery results.

Hypergraph Representation and Modeling Hypergraph
is a generalization of the naive graph and a generalized
structure for correlation modeling (Zhou et al. 2005; Feng
et al. 2019; Jiang et al. 2019). Compared to the naive graph
that only models low-order correlations between pairwise
nodes (Feng et al. 2020; Zhu and Zhao 2022), hypergraph
can model high-order correlations among a set of nodes
(i.e., more complex correlations that go beyond the pair-
wise category), thereby presenting better flexibility and ca-
pability in mining deep node interactions. In recent years,
hypergraphs have drawn increasing attention and been de-
veloped in a variety of fields. For example, Bai et al. (2021)
combined hypergraphs and the attention mechanism to
adaptively identify the importance of different nodes in the
same hyperedge. Gao et al. (2022) proposed a hypergraph
neural network and some hyperedge generation methods to
accurately model the correlations in multi-modal/multi-
type data. Inspired by these studies, we introduce directed
hypergraphs into time series causal discovery, which can
capture joint causal influences (high-order causalities)
while preserving the direction information of causalities.

Methodology

Overview of CHGNN

The framework of CHGNN is shown in Figure 2(a), which
consists of two modules: fine-grained joint causal influ-
ence characterization, deep spatiotemporal features model-
ing and causality extracting. In the first module, we con-
struct multiple hidden variables (capturing various joint
causal influences) for input variables, and map all variables

into high-dimensional spaces to generate their correspond-
ing embedding representations. Then, we use the embed-
ding representations of input variables and hidden varia-
bles to generate a causal hypergraph, which can explicitly
characterize various joint causal influences. Further, the di-
rected transformation is conducted on the causal hyper-
graph to gain a multi-level causal path (i.e., cause variables
— hidden variables — effect variables), which can ensure
the free diffusion of causal influences and guide its ulti-
mate transmission direction. In addition, an information
aggregation path (i.e., hidden variables — hidden variables)
is constructed to meticulously aggregate the causal infor-
mation generated by same cause variables in different joint
causal influences (different hidden variables), thus facili-
tating the significance of causalities learning. In the second
module, channel-wise convolutional neural network
(CCNN) and hypergraph convolution (HGC) are employed
to obtain the forecasting results of input variables, while
customizing a dual causal information transfer mechanism
(DCM) to realize the adaptive learning of joint causal in-
fluences and generate the fine-grained causal graph. Final-
ly, a multi-view collaborative optimization constraint is de-
signed to train all modules with an end-to-end manner.

Fine-grained Joint Causal Influence Characterization

High-dimensional Space Generation We first construct
M hidden variables hv;,(1<j<M) for N input variables

v,(1<i < N) to capture joint causal influences. Particularly,

to facilitate the calculation and subsequent causal hyper-
graph generation, we set M to x X N (u is an adjustable hy-
per-parameter). Then, to meticulously quantify the causali-
ties between input variables and hidden variables, we map
input variables and hidden variables into two different
high-dimensional spaces respectively and then generate the
corresponding embedding representations:

17169
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VE=Mp(v,, v,, ..., vy), HVE =Mp(hv,, hv,, ..., hv,)) (1)

where MP denotes the mapping operation, VE e RV

and HVE e R denote the initial embedding representa-

tions that can be adaptively learned during the training
process, ED denotes the embedding dimension.

Causal Hypergraph and Multi-level Causal Path To
explicitly capture various joint causal influences, the above
embedding representations are used to build the causal hy-
pergraph, in which input variables (corresponding to nodes
in the causal hypergraph) are regarded as possible cause
variables and hidden variables (corresponding to hy-
peredges in the causal hypergraph) are regarded as possible
joint causal influences, as shown in Equation (2).

CHG =tanh(VE x(HVE')") )

where tanh is the activation function, CHG € R de-

notes the causal hypergraph and its specific values can be
adaptively learned during training process:

CHG(v,, hv,)=
{7 €[-1, 0)U(0, 1], v, is a cause variable of hv,

0, v, is not a cause variable of /v,

3

where ‘CHG(V,-, hvj)‘ denotes the influence strength of i-th

input variable in the j-th joint causal influence.

Then, we generate a multi-level causal path based on the
obtained CHG. Specifically, directed transformation is
conducted on CHG to gain head incidence matrix
H,,, € R™ and tail incidence matrix H,, € R""  as

shown in Equations (4) and (5):

Hypg = CHG+ 1 ||... || 1§ “4)

wir =Dy Y (5)
where I, e RV¥(1<i<u) denotes the identity matrix.
Adding 1) ||...|| I e R" into H,,, is to consider self-

influence of input variables.

H,. and H,, together constitute the multi-level causal
path (i.e., cause variables — hidden variables — effect var-
iables). Specifically, H,,, represent the first-level causal
path (cause variables — hidden variables), it customizes a
hyperedge for each hidden variable to receive various
causal information from cause variables, thereby ensuring
the free diffusion of joint causal influences. H,,, represent

the second-level causal path (hidden variables — effect
variables), it customizes multiple hyperedges for each ef-
fect variable to output causal information from hidden var-
iables, thus guiding the final transmission direction of joint
causal influences.

Information Aggregation Path As shown in Figure 2(a),
we build an information aggregation path among hidden
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variables to comprehensively consider and integrate the
causal information generated by same cause variables in
different joint causal influences (i.e., different hidden vari-
ables), thereby improving the significance of causalities
learning. Specifically, the embedding representations of
hidden variables are used to calculate the correlations for
obtaining the information interaction matrix @, € R*™"

as shown in Equations (6) and (7):

w,, =ReLU(tanh(Ax HVE x(HVEY" ) +1,,  (6)

a)hv' = Sparse" (D,:v%a)th,:é ) (7
where A is a hyper-parameter to control the saturation rate
of tanh, I, eR" denotes the identity matrix, @, e R**
denotes the normalized information diffusion matrix,
D,, e R" denotes the degree matrix of @, .

hv

Sparsef(-)
can keep the k largest values of all row vectors in @, to
achieve the information aggregation among highly corre-
lated hidden variables, because the higher the correlations
among hidden variables, the more similar the joint causal
influences they characterize, and the more common cause
variables they capture.

Deep Spatiotemporal Features Modeling and Cau-
sality Extracting

Spatiotemporal Features Modeling In this section, we
model the deep spatiotemporal features of multivariate
time series to obtain the forecasting results, while captur-
ing remarkable forecasting relationships (i.e., causalities)
among all variables. As shown in Figure 2(a), the spatio-
temporal features modeling in CHGNN consists of two
parts: nonlinear temporal features extraction and hyper-
graph convolutions for deep causality mining.

(1) Nonlinear Temporal Features Extraction

Assume that X, ;.. , € R" denotes the original input
time series, where N and T are the number of input varia-
bles and time points, respectively. As shown in Figure 2(a),
we propose a channel-wise convolutional neural network
(CCNN) to regard each variable as an independent channel
and perform the nonlinear transformation on the corre-
sponding time series, thereby gaining temporal dependency
representation of each variable:

o,

q

Q
NXI—TH:[ qz:IXt—TJrl: t * (8)

c wa(r—lenﬂ) and 9q c R (1 <g< Q) de-

note all nonlinear temporal features and 1D convolution
kernels, respectively. Q is the number of convolution ker-
nels and /en is the length of convolution kernels.

where NX

t=T+1:t

(2) Hypergraph Convolutions Mining Deep Causalities

The nonlinear temporal features extracted by CCNN are
fed into multiple HGCs to mine the deep spatiotemporal
features to output the final forecasting results:
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RdiWHGCN(F“»,lsz,M,L—l

HGCN(F'™),1=L ©)
where HGC denotes the hypergraph convolution layer, L
denotes the number of HGCs. F' € R"“ denotes the ex-
tracted spatiotemporal features of /-th HGC, C, is the num-
ber of units in HGC. In particular, F’ =NX, ,,,, e R™" and
F* =%, eR" (the forecasting results of input variables).
Most importantly, HGC can mine remarkable forecast-
ing relationships (i.e., causalities) among variables by min-
imizing forecasting errors, and then generates the fine-
grained causal graph, which will be elaborated later.

Fine-grained Causal Graph Generation Each HGC in
CHGNN contains a dual causal information transfer mech-
anism (DCM), which consists of the multi-level causal
path and information aggregation path mentioned before.
DCM can guarantee the free diffusion and meticulous ag-
gregation of joint causal influences and achieve its adap-
tive learning, thereby gaining the generation of fine-
grained causal graph. As shown in Figure 2(b), taking the
I-th HGC as an example, DCM consists of three stages,
which is detailed as follows:

(1) Cause Variables — Hidden Variables
According to the spatiotemporal features of (/-1)-th
HGC F"' e R™ and various joint causal influences char-

acterized by the head incidence matrix H,,,,, hidden varia-
ble features I e R”*“ can be obtained:

-1 _ -l T -1~/
r - Dhead Hheua' F7O

(10)

D, = diag(csum(H,,,,)) (11)
where csum(-) can obtain the sum of each column, diag(-)
can transform a vector to diagonal matrix, ® ¢ R%¢ de-
notes the weight parameters of /-th HGC, C, the number of
units in HGC, D,,,, € R™* denotes the degree matrix of

H,, ., indicating that it uses the average aggregation for
hypergraph convolution.

(2) Hidden Variables — Hidden Variables
Based on the @, ', the information interaction among

highly correlated hidden variables can be realized. Specifi-
cally, it can enhance and aggregate the causal information
generated by same cause variables in different joint causal
influences to obtain refined hidden variable features

I, eR" asshown in Equation (12).

!

-1 _ I-1
Fagg =, T’

(12)

v

(3) Hidden Variables — Effect Variables
The refined hidden variable features can be transferred
to the corresponding effect variables using the tail inci-
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dence matrix H,,;, and the spatiotemporal features of /-th
HGC F'eR™ can be obtained:

F'= D H Ui (13)
D, = diag(rsum(H,,;)) (14)
where rsum(-) can obtain the sum of each row, D,, e R""

denotes the degree matrix of H, ;.
Finally, five components involved in DCM can be fused

to generate the fine-grained causal graph 4eRMV, as
shown in Equation (15).
A = Dt:ztl'lHtaila)l1v’D);elzldH;ad (15)

Multi-view Collaborative Optimization Constraint
In this section, we design a multi-view collaborative opti-

mization constraint £ to achieve the end-to-end train-

mcoc

ing of CHGNN, which contains three parts:

JS Divergence-guided Diversity Loss For each effect
variable, we select its corresponding all hyperedges (multi-
ple joint causal influences) and maximize the sum of the JS
divergence of pair-wise hyperedges, thereby ensuring the
characterization diversity of joint causal influences, as
shown in Equations (16) - (18).

' .. - exp(H,,., (i, )
H},, (i, j)=softmax(H,,, (i, j)) = Loteattt L

y 16

Soxpirt,, iy

JS@=3 3 Dy(Hj L at NI Hylav2xN)  (17)
1 1

Ly =S Us@) (18)

where softmax is the activation function. H,,,(, j) de-
notes the value in the i-th row (1 <7 < N) and j-th column
(I1<j<M) in H,,,, . JS(a) denotes the sum of JS diver-
gence for a-th effect variable (1<a < N). u is an adjusta-
ble hyper-parameter that satisfies u x N =M.

Collection Sparse Loss To ensure the significance of
causalities, we conduct a collection sparsity constraint on
the causal graph 4 e R¥*V. Specifically, each row in 4 is

regarded as a collection, using the L1 penalty within each
collection and L2 penalty between collections:

(19)

Forecasting Error Minimizing Loss To obtain better
forecasting relationships to represent causalities under the
Granger causality framework, we minimize the forecasting
errors of CHGNN, as shown in Equation (20).

i
N

N N )
£, = X(3|4G. )

2

X

X t+1

t+1

L, =

(20)

2
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VAR-30 Joint-VAR-10 Joint-VAR-20 LORENZ-96 fMRI
Model AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC
LG 92.18 75.61 81.24 76.98 81.59 71.80 48.42 15.94 71.55 31.52
VGAM 77.63 47.06 76.95 56.80 60.11 35.65 89.87 44.18 53.73 12.10
cMLP 92.80 78.66 67.18 46.59 59.68 32.60 99.71 97.98 67.80 26.45
cLSTM 95.03 83.33 78.06 65.68 64.53 38.16 99.98 99.83 86.31 42.65
TCDF 79.86 44.75 85.66 80.12 69.44 41.59 95.73 76.55 91.34 52.45
eSRU 85.29 60.08 85.83 80.99 76.30 61.35 99.27 95.43 82.27 38.00
GVAR 84.28 59.22 86.69 83.66 82.82 69.99 99.68 98.10 89.74 56.96
CHGNN 96.03 88.91 93.10 90.14 86.94 80.81 99.80 98.72 92.54 82.41

Note: The experimental results are the mean values after 5 executions, respectively. The best values are marked in bold, and the sec-

ond-best values are marked with underline.

Table 2: Averaged AUROC and AUPRC on five synthetic datasets.

where x

t+1°
time point #+1, respectively. |+|, denotes the L2-norm.
Finally, the above three losses are integrated to gain the

%,., € R" denote real and predicted values at

ol

L

mcoc >

as shown in Equation (21).

‘Cmcoc = UI‘CF _'72‘CJS +'73‘CS

where 0<1,, n,, 1, <1 are the hyper-parameters.

@n

Experiments

Synthetic and Real Datasets

We conduct the experiment on six datasets, including three
benchmark synthetic datasets (VAR-30, Lorenz-96, fMRI),
two specific synthetic datasets (Joint-VAR-10 and Joint-
VAR-20) and one real dataset (real gas turbine fault data
(GTF)). Detailed information is provided in the Appendix.

Baseline Models and Evaluation Metrics

We compare the proposed CHGNN with seven baseline
models (list in Table 1) to demonstrate its effectiveness:

Only consider pairwise causalities
Lasso Granger (LG) (Arnold et al. 2007)
VARLINGAM (VGAM) (Hyvérinen et al. 2010)

Coarse-grained modeling for joint causal influences
TCDF (Nauta et al. 2019)
eSRU (Khanna and Tan 2020)
GVAR (Marcinkevic's and Vogt 2021)
cMLP (Tank et al. 2022)
cLSTM (Tank et al. 2022)

Table 1 Baseline models.

The detailed parameters of CHGNN can be referred to
the Appendix. In addition, since the real causal graph is
Boolean matrix, a threshold truncation operation is re-
quired on the causal graph (obtained by Equation (15)) to
make each element be either 0 or 1. To eliminate the influ-
ence of subjective assumptions in the performance evalua-
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tion, we choose two metrics that do not require a predeter-
mined threshold, i.e., area under the receiver operating
characteristic curve (AUROC) and precision-recall curve
(AUPRC). We only consider off-diagonal elements of
causal graph in the evaluation process.

Comparison with Baseline Models

Table 2 shows the causal discovery results on the five syn-
thetic datasets, some phenomenon can be summarized as
follows: the proposed CHGNN exhibits superior results
other baseline models. LG and VGAM show unsatisfactory
generalization ability, as they perform well in linear sce-
narios (i.e., VAR-30), mediocrely in mixed linear-
nonlinear scenarios (i.e., Joint-VAR-10 and Joint-VAR-20),
and poorly in nonlinear scenarios (i.e., Lorenz-96 and
fMRI). cMLP and cLSTM show great results in the high-
dimensional scenario (i.e., VAR-30), but have a significant
performance degradation in scenarios with causality disap-
pearing problem (i.e., Joint-VAR-10 and Joint-VAR-20),
because they mainly rely on sparsity constraints that may
lead to the omission of some weak causality. Comparative-
ly, TCDF, eSRU, and GVAR have better results due to
their specially designed neural network architecture.
Moreover, GVAR exhibit more competitive AUPRC
among them, because TCDF and eSRU is struggled to
shrink weight coefficients to exact zeros (Marcinkevic’s
and Vogt 2021), thus leading to more redundant causalities.
However, their models still have suboptimal performance
because they only implicitly and coarsely model joint
causal influences, which is not sufficient to help address
the causality disappearing problem. Apparently, our
CHGNN significantly outperform all baseline models, es-
pecially AUPRC, indicating that CHGNN tends to gain
more concise and accuracy causalities.

To further illustrate the superiority of CHGNN in solv-
ing causality disappearing problem, Figure 3 visualizes the
predicted and real causal graphs of CHGNN and some
baseline models. Causalities marked by red boxes represent
weak causalities. It can be observed that weak causalities
are indeed difficult to identify, while CHGNN presents
better sensing ability for them. This phenomenon demon-
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strates that capturing fine-grained joint causal influences is
necessary to identify weak causalities.

Real causal graph CHGNN
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Figure 3: Visualization of predicted and real causal graphs
on Joint-VAR-10, preserving 3 cause variables with largest
coefficients for each effect variable.

In addition, the detailed results on real dataset GTF can be
referred to the Appendix.

Specific Analysis

Ablation Study
We explore the importance of some components in
CHGNN, so the following four variants are constructed:
(1) w/o IAP: deleting information aggregation path.
(2) w/o JS: deleting JS divergence-guided diversity loss.
(3) w/o S: deleting collection sparse loss.
(4) w/o HGC: replacing all hypergraph convolutions

with common graph convolutions (Kipf and Welling 2017).

The corresponding results on two datasets are shown in
Figure 4. Some intuitive conclusion can be obtained: the
neglect of information aggregation path can degrade the
causal discovery results (compare CHGNN with w/o IAP);
the characterization diversity of joint causal influences is
essential for CHGNN (compare CHGNN with w/o JS); the
collection sparse loss can ensure the great performance of
CHGNN (compare CHGNN with w/o S); the hypergraph
convolutions in the causal hypergraph are more suitable for
modeling joint causal influences than common graph con-
volutions (compare CHGNN with w/o HGC).

CHGNN [CJAUROC [0 AUPRC CH(::)I(;IN

wlo S~ —w/oJS
(b) Joint-VAR-20

w/o SM/O JS
(a) VAR-30
Figure 4: Ablation results of CHGNN and its four variants.

17173

Visualization of Captured Joint Causal Influences

We visualize part hyperedges (corresponding to hidden
variables) in the causal hypergraph of CHGNN, as shown
in Figure 5. Taking Joint-VAR-10 for an example, in the
real causal network (Figure 7 (a)), vs, vs, and vy are the
cause variables for effect variable vy; the causality vo—v
(blue dashed line) is weak and the causalities vs—v, and
ve—Vy (red lines) are strong; v; and vy can generate a joint
causal influence to vy; v and vy can generate a joint causal
influence to v,. Figure 7 (b) shows joint causal influences
captured by two hidden variables pointing to v,. Hidden
variable hv, successfully captures the joint causal influence
from v¢ and vy and hidden variable /v, successfully capture
the joint causal influence from v; and vy. In summary, the
above results demonstrate the effectiveness of CHGNN to
capture fine-grained joint causal influences, thereby ena-
bling accuracy sensing for weak causalities.

Strong causality
Weak causality
Joint causal influence

Cause variable
Effect variable
Hidden variable

<

—-

Hidden variable(hv)

Cause Varlables(v)
(b)
Figure 5: Visualization of captured and real joint causal in-
fluences on Joint-VAR-10. (a) real causal influences. (b)
the captured joint causal influences, preserving 3 cause
variables with largest coefficients for each hidden variable.

Conclusion

In this study, we explicitly mine fine-grained joint causal
influences as additional causal indication information,
which can effectively address the overlooked causality dis-
appearing problem in the causal discovery task of time se-
ries. Specifically, the proposed CHGNN can sense the lo-
cality of joint causal influences through a customized caus-
al hypergraph and capture diverse joint causal influences
through the proposed multi-view collaborative optimiza-
tion constraint, ultimately facilitating its explicit and fine-
grained modeling. To validate the superiority of CHGNN,
we compare CHGNN with other models (i.e., seven base-
line models and some variants from CHGNN) on synthetic
and real datasets. It can be concluded that CHGNN pre-
sents better causal discovery performance and possesses
better sensing ability for weak causalities and imperative
components in CHGNN can mutually boost each other to
enhance the causal discovery ability of CHGNN. Further-
more, in real application scenarios, CHGNN also displays
the promising potential to identify complex causalities.
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