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In real-world high-dimensional systems, both causal dependencies and temporal information of key
variables are essential for dissecting the underlying mechanisms governing system dynamics.
However, effective approaches to synthesize these two interconnected aspects for deeper insights
remain lacking. Here we show a neural network framework, the Causal-oriented Representation
Learning Predictor (CReP), which jointly conducts causal analysis and multistep forecasting from a
unified perspective. CReP implicitly learns latent causal representations from observed data while
simultaneously making multistep predictions, and explicitly interprets the representations to uncover
the causes and effects of target variable. The core idea of CReP is to decompose the original space
into three orthogonal latent factors, each capturing distinct causal representations: cause-related,
effect-related, and non-causal representations of the target variable. The reconstruction-based
dynamic causation, generalized through spatiotemporal information (STI) transformationmechanism,
provides a theoretical foundation for simultaneously modeling causal interactions via latent
representations and predicting future states using the effect representation. Evaluations on three
simulationmodels and two real-world datasets demonstrate CReP’s robust forecasting accuracy and
reliable causal insights. As a self-supervised-learning approach, CReP shows significant potential for
practical applications and provides a unified framework to reveal intrinsic mechanisms in dynamical
systems by integrating causal relationships and temporal information.

In a real-world high-dimensional dynamic system, some variables or
components are crucial for understanding the system’s behavior1,2. It is
essential not only to predict their future dynamics but also to uncover the
causal relationships of these variables within the system3. However, causal
interaction information and temporal information are not independent or
defined by a unidirectional dependency; rather, they are intricately inter-
connected elements that collectively contribute to adeeper understandingof
the underlying mechanisms governing system dynamics—an aspect that
has not been fully explored in most traditional research4–6. Temporal
information provides the foundational materials and basis for discovering
causal interactions7, while causal information can in turn facilitate the
reliable prediction of future temporal state8. Meanwhile, most real-world
systems are too complex to be accurately described by an explicit model.
Therefore, it is imperative to develop a data-driven method aimed at

conducting causal analysis and making future predictions simultaneously
from a holistic perspective, addressing a persistent challenge in the fields of
data science and deep learning.

Generally, time series forecasting can be broadly categorized into
statistical methods and machine learning approaches. Classical statis-
tical models (e.g., autoregressive integrated moving average (ARIMA)9,
vector autoregression (VAR)10) are effective but struggle with non-
linearity and become computationally inefficient for high-dimensional
ormultivariate data11. In contrast, machine learning techniques excel at
capturing complex patterns and managing multivariate inputs, with
representative models including recurrent neural networks (RNNs)12,
gated recurrent units (GRUs)13, long short-term memory networks
(LSTMs)14,15, long- and short-term time-series networks (LSTNets)16,
neural ordinary differential equations (NODEs)17, and transformer-
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based architectures (e.g., LogTrans18, Informer19, Reformer20, and
iTransformer21). These forecasting methods inherently involve repre-
sentation learning, as they rely on extracting high-level patterns and
representations from raw time series data for accurate prediction.
However, despite their predictive success, they often fail to fully exploit
causal relationships within high-dimensional systems, constraining
their generalization under distributional changes and diminishing their
ability to elucidate the underlying causal interactions.

To better explore the intrinsic mechanisms of complex system, many
studies focus on identifying causal relationships in dynamical systems.
Based on the type of measurement data, these methods can be primarily
categorized into statistical approaches for cross-sectional data and dyna-
mical methods for time-series data11. While statistical methods, such as the
potential outcome model (POM)22 and structural causal model (SCM)23–25,
are effective for time-independent or intervention-based data, they struggle
with time-series data, feedback loops, andMarkov equivalence issues11,26–29.
To address these challenges, dynamical methods such as Granger causality
(GC)30, transfer entropy (TE), and reconstruction-based technique31,
leverage time-series data to uncover causal relationships. However, GC is
limited by its linear model assumption, and although TE extends GC to
nonlinear dynamics, it still struggles with non-separability issues. In con-
trast, the reconstruction-based technique, derived from delay embedding
theorem32,33, has been used to develop the state space reconstruction and
widely applied in nonlinear time series causal analysis, including convergent
cross mapping (CCM)34, cross map evaluation (CME)35, and cross map
smoothness (CMS)36.However, thesemethods fail to effectively identify and
orthogonally separate the causes and effects for key variables in systems and
are often treated as an independent module from temporal information
prediction, which hinders a comprehensive understanding of the dynamics
of complex systems.

To fill the gaps, we introduce a self-supervised approach, i.e., causal-
oriented representation learning predictor (CReP), to make multistep-
ahead forecasting and conduct causal analysis for any target variable in a
high-dimensional system. This framework aims to implicitly learn latent
causal representations from observed data while making multistep pre-
dictions simultaneously, and explicitly interpret the representations for
uncovering the causes and effects for target variable. The core idea of
CReP is to decompose the original space into three latent orthogonal
factors with causal representations for the target variable: cause repre-
sentation, effect representation, and non-causal representation. Specifi-
cally, the effect representation is then used to reliably predict the future
states of the target variable, which is ensured by our reconstruction-based
dynamic causation extended through the spatiotemporal information
(STI) transformation8,26,37,38.

Our framework is characterized by three key features: 1) dynamic
causation detection with the STI transformation mechanism (Fig. 1a), 2)
causal-oriented representation learning for multistep predictions through
the CReP (Fig. 1b), and 3) causal analysis of the target variable via
αβ-LRP39,40 (Fig. 1c). To better puzzle everything together, the flowchart of
our framework can be found in Supplementary Fig. 1. Note that the learned
latent representations can be elucidated by utilizing the αβ-LRP inter-
pretation method, mapping them back to the original space variables to
uncover the causes and effects of the target variable. From a theoretical
explanatory perspective, the generalized dynamic causation grounded in
delay embedding theorem32,33,37 provides a theoretical foundation for
understanding causal interactions and time series forecasting, while deep
learning serves as the backbone for computationally implementing space
decomposition and future predictionswithin a nonlinear system.Unlike the
recently proposed spatiotemporal information conversion machine
(STICM)8, which relies on Granger causality (GC), CReP is grounded in
dynamic causation theory, inherently accommodating nonlinearity and
non-separability. This theoretical advantage enables CReP to effectively
handle a broader range of systems beyond those addressable by GC26,34.
Moreover, CReP simultaneously identifies both causes and effects of the

target variable within a single run, thus achieving higher computational
efficiency than STICM.

In this study, CReP is designed as a refined approach to the long-
standing problem of comprehensively capturing system dynamics by
integrating causal information mining and temporal information
prediction through causal-oriented representation learning. To eval-
uate the performance of the CReP framework, it was applied on three
representative models, i.e., a 60-dimensional Lorenz 96 system41, a 120-
dimensional Kuramoto system42 and a 50-dimensional biological sys-
tem. Additionally, we tested the CReP on two real-world datasets:
predicting the daily number of cardiovascular inpatients in major
hospitals in Hong Kong43,44, and forecasting the spread of COVID-19 in
Japan45. The results demonstrate its effectiveness as a powerful tool for
analyzing real causal networks and making reliable predictions for key
variables based solely on observed data, indicating its potential for
practical applications across various fields.

Results
Dynamic causation based on delay embedding scheme
According to dynamical systems theory, a necessary condition for
two variables (e.g., a and b) to be causally linked is that they belong to
the same dynamic system, meaning that they share a common
attractor manifold46. Specifically, when the variable a acts as an
environmental driver of the variable b, the historical information
from a is contained within the time series of b, making it possible for
the temporal reconstruction of a using b. To illustrate, using the
delay embedding scheme, we transform the original state space to the
delay embedding space, represented as At ¼ ðat; atþ1; � � � ; atþL�1Þ0 2
RL and Bt ¼ ðbt; btþ1; � � � ; btþLÞ0 2 RLþ1, where L is the embedding
dimension and the symbol “0” is the transpose of a vector. Based on
the assumption of steady dynamics, At

� �0
; ðBtÞ0� �0

is an augmented
2Lþ 1 dimensional vector on an attractive manifold with box-
counting dimension d. Clearly, Bt contains both its own temporal
information and that of a, whereas At contains only its own dynamic
information. Therefore At can be predicted reliably using Bt , but not
vice versa47–50. Specifically, there exists an implicit function with the
approximation error ϵb;t :

At ¼ h Bt ; ϵb;t
� �

; ð1Þ

where h sufficiently exists when L > 2d, and h is the embedding map from
the delay manifold Mb ¼ fBtjt2Rg to Ma ¼ fAt jt2Rg according to
Takens’ embedding theorem and its stochastic version11,26,32,33,51,52.

More generally, the mapping h in the causal equation Eq. (1) can
be extended to map a non-delay manifold to a delay manifold. The
generalized embedding theorem37, which expands Takens’ embedding
theorem32, addresses more generic scenarios. According to the theory,
the delay embedding manifold of the response variable b can be
topologically conjugated to a non-delay embedding manifold53, which
is summarized as the spatiotemporal information (STI)
transformation8. Let Ct ¼ ðct1; ct2; � � � ; ctqÞ be the non-delay embedding
vector that is topologically conjugated to the delay embedding vector
Bt , where q > 2ed and ed is the box-counting dimension of Mb. When
variable a causes variable b, At can be reliably predicted using Bt and
we can also obtain the implicit function:

At ¼ eh Ct ; ϵc;t
� �

; ð2Þ

where ϵc;t is the approximation error, and eh maps from the non-delay
manifoldMc ¼ fCt jt2Rg to the delay manifoldMa ¼ fAt jt2Rg. There-
fore, we generalize dynamic causationwith the STI transformation, which is
illustrated in Fig. 1a. This equation is referred to as the generalized causal
equation in this study. Similarly, the delay embedding Bt can be used to
reliably predict a non-delay embeddingwhich is topologically conjugated to
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At under certain dimension conditions. More detailed descriptions are
provided in Supplementary Note 3.

Multistep forecasting framework with dynamic causation
For each observed state Xt ¼ ðxt1; xt2; � � � ; xtnÞ0 with n variables at time t
(t ¼ 1; 2; � � � ;m), the temporal information Yt ¼ ðyt ; ytþ1; � � � ; ytþL�1Þ0

canbe constructedusing thedelay embedding scheme for any target variable
y (e.g., yt ¼ xtk) (k ¼ 1; 2; . . . ; n), where the parameter L is the delay
embedding dimension satisfying L > 2d. Here, Xt is a known high-
dimensional vector comprising multiple observed variables at time point t,
while Yt is a temporal vector for the target variable y across multiple time
points t; t þ 1; � � � ; t þ L� 1. DenoteX ¼ ðX1;X2; � � � ;XmÞ as themarix
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of observed states across all time points, and Y ¼ ðY1;Y2; � � � ;YmÞ as the
matrix of delay embedding vectors across all time points as follows:

Y ¼ Y1;Y2; � � � ;Ym
� � ¼

y1

y2

..

.

yL

y2

y3

..

.

yLþ1

� � �
� � �
. .
.

� � �

ym

ymþ1

..

.

ymþL�1

0
BBBB@

1
CCCCA

L×m

: ð3Þ

Note that fy1; y2; � � � ; ymg located in the upper-left area is the known
information, while fymþ1; ymþ2; � � � ; ymþL�1g located in the lower-right
area is the unknown information that remains to be predicted.

Observations from high-dimensional time series encompass rich
information content on causal interactions. Based on their causal relation-
ships with a selected target variable y, the information can be divided into
three mutually exclusive and collectively exhaustive categories: cause-
related information, effect-related information, and independent informa-
tion. Inspired by the temporal information of y, the CReP directly
decomposes the observed high-dimensional data Xt into three orthogonal
latent representations St, Zt, Vt via a nonlinear function H, capturing three
types of causal information for y, respectively, forming the following
equations:

H Xtð Þ ¼
St

Zt

Vt

0
B@

1
CA;

H�1
St

Zt

Vt

0
B@

1
CA ¼ Xt;

8>>>>>>>><
>>>>>>>>:

ð4Þ

where St¼ ðst1; st2; � � � ; stqÞ0, Zt¼ ðzt1; zt2; � � � ; ztqÞ0 and
Vt¼ ðvt1; vt2; � � � ; vtqÞ0. The mapping H�1 is the conjugate function for
reconstructing the original information. The decomposition and recon-
structionprocesses canbe realizedbyusing anautoencoder (AE).According
to the generalized causal equation (Eq. (2)), the effect representation Zt can
be utilized to effectively predict the temporal information of y, and the
cause representation St can be reconstructed from y based on dynamic
causation. Let S ¼ S1; S2; � � � ; Sm� �

, Z ¼ ðZ1;Z2; � � � ;ZmÞ and V ¼
ðV1;V2; � � � ;VmÞ denote the matrices of cause, effect, and non-causal
representations across all time points, respectively. Therefore, the original
spatiotemporal information X is transformed into three orthogonal causal
representations S;Z;V , effectively facilitating multistep predictions for the
target variable. Specifically, thenon-delay embeddingvectorZt ismapped to
the delay embedding vectorYt via a nonlinear function g, andYt ismapped
to the non-delay embedding vector St via a nonlinear function f , forming
the following causal equations with the approximation errors ϵz;t and ϵy;t :

g Zt; ϵz;t
� � ¼ Yt ;

f Yt; ϵy;tð Þ ¼ St ;

(
ð5Þ

where the first equation is to forecast the unknown values for y with
g : Rq!RL, and the second equation is to recover the cause representation

St with f : RL!Rq. The prediction and reconstruction process can be
effectively implemented using Temporal Convolutional Network (TCN)54,
which possesses multiple advantages including flexible receptive fields,
stable gradient propagation and temporal consistency8. Let Zwin ¼
ðZt�w;Zt�wþ1; � � � ;ZtÞ and Ywin ¼ ðYt�w;Yt�wþ1; � � � ;YtÞ with window
size wþ 1 denote the sliding window matrices from the whole spatio-
temporal matricesZ and Y , respectively. The causal equations based on the
CReP are as follows:

g Zwin; ϵ
z;t

� � ¼ Yt ;

f Ywin; ϵ
y;t

� � ¼ St ;

(
ð6Þ

where Yt represents the temporal information of the target variable at time
points t; t þ 1; � � � ; t þ L� 1, and St represents multi-dimensional cause
representation at time point t. The implementation details of CReP are
illustrated in Supplementary Fig. 2. Given that the number of historical time
points ism, we canpredict the values of the target variable for the nextL� 1
time steps, i.e., fymþ1; ymþ2; � � � ; ymþL�1g, and reconstruct the cause
representation S using the equation above. Clearly, properly determining
the functions g and f are crucial for interpreting the causal relationships of y
within the dynamic system and providing reliable multi-step forecasting of
the future values. The details of delay embedding theorem and STI
equations are provided in Supplementary Note 1 and Supplementary
Note 2, respectively.

Explicit causation revealing based on layer-wise relevance
propagation
As mentioned above, the original spatiotemporal information X ¼
ðX1;X2; � � � ;XmÞ is causally decomposed into three orthogonal latent
representations that suggest different causal interactions with the target
variable. However, these causal representations, e.g., S ¼ ðS1; S2; � � � ; SmÞ,
Z ¼ Z1;Z2; � � � ;Zm

� �
, are abstract and thus difficult to interpret in prac-

tical terms. To enhance the interpretability of these factors from a practical
perspective, we focus on explaining the learned function H that performs
the decomposition of the original space.

Layer-wise relevance propagation (LRP)39,40 is an effective method for
explaining deep neural networks and has demonstrated its efficiency and
accuracy for both classification and regression tasks55–57. Specifically, given a
trained neural network, such as a Multilayer Perceptron (MLP)58, the
observed n variables are processed through the network to produce a pre-
diction output f ðXÞ. LRP then redistributes the output back to the input
variables layer by layer and computes the relevance score Rð1Þk ðk ¼
1; 2; � � � ; nÞ to assess the importance of the k-th input variable in the net-
work’s first layer to the output. To better understand the causal repre-
sentations learned by CReP, the αβ-rule-based LRP method (αβ-LRP) is
applied to interpret the decomposition function H by calculating the rele-
vance scores of each input variable xk to S and Z (see Fig. 1c), denoted by
RSk;S and RSk;Z , respectively. These scores are obtained by aggregating the
relevance scores to the vector outputs St and Zt , represented by RSk;St and
RSk;Zt , over all time points.RSk;S quantifies the contribution of variable xk to
the cause representation, thus indirectly used to infer the cause strength on
y.RSk;Z measures the contribution of variable xk to the effect representation,
thus indirectly employed to infer the effect strength on y. A higher value of

Fig. 1 | Schematic illustration of the CReP framework. a In a dynamical system
where variable a causes variable b, the historical information of a is contained within
the time series of b. Dynamic causation, grounded in Takens’ embedding theorem
ensures reliable predictability from the delay embedding manifold Mb to Ma . By
incorporating the spatiotemporal information (STI) transformation, dynamic
causation is extended to enable mappings between delay and non-delay manifolds,
broadening the scope of causation analysis. b CReP is a self-supervised method to
makemultistep forecasting for a target variable y selected from the high-dimensional
observables fx1; x2; � � � ; xng. The original information Xt is transformed into tem-
poral information Yt by introducing three intermediary latent causal

representations St ;Zt ;Vt as bridges that capture the relationships with the target
variable. The effect representation Zt facilitates the future predictions
fymþ1; ymþ2; � � � ; ymþL�1g in Yt , while Yt helps the temporal reconstruction for
cause representation St based on generalized dynamic causation. c The latent
representations remain too abstract to understand although they are causally
informative. To make causal analysis for the target variable y from a practical per-
spective, αβ-LRP is employed in the CReP framework to calculate the relevance
scores of input variables fx1; x2; � � � ; xng to the representations, which undirectedly
quantify the causal strength of input variables to the target variable y.
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RSk;S indicates a stronger causal link from xk to y, while a higher value of
RSk;Z indicates a stronger causal link from y to xk. Consequently, the causal
strength networks of y can be inferred by interpreting the latent causal
factors S and Z from a practical perspective, which facilitates the identifi-
cation of the causes and effects of y. The detailed procedure for calculating
the relevance scores is provided in Methods, Supplementary Fig. 3 and
Supplementary Note 5.

Performance of the framework on simulation models
To illustrate the application of the CReP framework, simulated time series
datasets were generated using the Lorenz 9641, Kuramotomodels42 and gene
regulatory network. Detailed results concerning the forecasting perfor-
mance and causal inference are demonstrated in Supplementary Fig. 4 and
Supplementary Fig. 5. The known data for each dataset is shown in Sup-
plementaryTable 1. The specific parameter settings ofCReP are provided in
Supplementary Table 2 and Supplementary Table 3. More experimental
runs of different target variables are provided in Supplementary Table 5. In
addition, we compared the results with other baseline methods (details
provided in Supplementary Note 8) as shown in Supplementary Table 4.

Lorenz96 model
The Lorenz 96 system, introduced by Edward Lorenz in 199641, is a sim-
plified mathematical model used to study atmospheric dynamics and
chaotic behavior in weather prediction. The system consists of a set of
ordinary differential equations for n variables that describe how a series of
variables evolve over time with the following equations:

dxi
dt ¼ xiþ1 � xi�2

� �
xi�1 � xi þ F; ð7Þ

where i ¼ 1; 2; � � � ; n and the parameter F is an external forcing term.Note
that the causal link from xj to xi exists if xj is one of the independent
variables of xi, which is a standard criterion to identify dynamical causality
in ordinary differential equations59–61.

We first apply the CReP to a Lorenz 96 system with n ¼ 60, taking a
time series of 50 steps (m ¼ 50) as known informationandperforming a15-
step ahead prediction (L� 1 ¼ 15) for a randomly selected target variable
y1. Note that the forecasted values for the target variable were obtained
through a single prediction run, demonstrating the method’s capability for
effective multi-step forecasting. As shown in Fig. 2a and Fig. 2b, the CReP
framework shows satisfactory performance in terms of the Pearson corre-
lation coefficient (PCC) and the root mean square error (RMSE) values.
Specifically, the RMSEs for the randomly selected samples were as low as
0.0141 and 0.0299. The average RMSE and PCC across all samples are
shown in Table 1. In addition, as presented in Fig. 2c and Fig. 2d, the
relevance scores of variables to causal representations were computed to
quantify the causal strength of variables on the target variable. The inferred
cause and effect strength networks constructed from the relevance scores,
shown in Fig. 2f and Fig. 2g, align well with the causal relationships derived
from the original equations (see Fig. 2e). For the target variable x2, the direct
causes in the system are determined as x60; x3; x1, while the direct effects in
the systemare determined as x4, x3 and x1 (Fig. 2e). Based on theCReP, x60,
x3 and x1 were identified as the variables most likely to cause the target
variable (Fig. 2f, inferred cause strength network with only the top six
variables), while x4, x3 and x1 were identified as being among those most
likely to be caused by the target variable (Fig. 2g, inferred effect strength
network with only the top six variables). The results validated the reliability
of the causal inference conducted in this study.

Power grid system
The Kuramoto system is a mathematical model used to study synchroni-
zation phenomena in systems of coupled oscillators. It was introduced by
Yoshiki Kuramoto in 197542. The model explores how a large number of
oscillators, each with its own natural frequency, can synchronize when
coupled together. We applied the CReP framework to a power grid system
modeled by Kuramoto equations involving 120 units, which can be

represented as follows:

dθi
dt ¼ ωi þ γ

PN
j¼1Aij sin θj � θi

� �
; ð8Þ

where θi and ωi are the phase and natural frequency of the i-th oscillator
respectively, γ is the coupling strength, while pairwise interactions are
encoded in the adjacency matrix A62.

For the 120-dimensional system (n ¼ 120), we used 30 known time
points (m ¼ 30) and predicted 9 future time points (L� 1 ¼ 9). The target
variable y1 was randomly selected from fθ1; θ2; � � � ; θ120g. The forecasting
performance for the target variable θ33 using the CReP framework is illu-
strated in Fig. 3a,b, and the average RMSE and PCC across all samples are
demonstrated in Table 1. Additionally, causal inference for θ33 was con-
ducted as shown in Fig. 3f,g, based on the computed relevance scores
depicted in Fig. 3c,d. A higher relevance score to the cause representation
indicates a stronger cause strength to the target variable, while a higher
relevance score to the effect representation reflects a stronger effect strength
to the target variable. For the true cause variables θ32 and θ86 (Fig. 3e), their
cause strengths were the strongest, while the true effect variables θ32 and θ30
(Fig. 3e) exhibited prominent effect strengths compared to other variables.
This fact demonstrates that causal analysis of the target variable can be
effectively performed using the causal strength networks through the
interpretation method αβ-LRP.

Gene regulatory network
The DREAM4 (Dialogue for Reverse Engineering Assessments and
Methods) dataset63–65 is a benchmark for evaluating algorithms in gene
regulatory network inference, featuring simulated gene expression time
series data generated from known biological networks. This dataset, pro-
duced using GeneNetWeaver (GNW)66, includes various challenges, each
characterized by distinct network structures, noise levels, and the number of
genes. Numerous researchers utilize DREAM4 to assess the performance of
causal inference methods and enhance the understanding of underlying
biological mechanisms. By integrating GNW’s capabilities, DREAM4 pro-
vides a robust framework for testing and refiningmethodologies in systems
biology.

To validate the performance of CReP, we utilize the DREAM in silico
dataset with 50 nodes (n ¼ 50), which contains known gene interactions
and incorporates noise to reflect biological variability. We employed the
information from 40 known time points (m ¼ 40) to forecast the future
values of 8 time points (L� 1 ¼ 8). To better demonstrate the performance
of CReP, the target gene y1 was selected as G18, which exhibits complex
connections with other genes. The forecasting results for the target variable
using CReP are visualized in Fig. 4a,b, with average RMSE of 0.0984 and
PCC of 0.8894 shown in Table 1. Additionally, the true gene regulatory
network for the target variable G18 is depicted in Fig. 4e, suggesting that
G16, G22 and G23 are the primary causes of the dynamic change in G18,
while G19, G20 and G28 are the variables mainly affected by G18. Derived
from the relevance scores in Fig. 4c,d, the inferred causal strength networks
of top 8 variables for the target variable are illustrated in Fig. 4f,g, high-
lighting that G16 and G22 exhibit prominent cause strength on G18, while
G19 and G28 demonstrate significant effect strength on G18, which aligns
well with the gold standard in Fig. 4e.

The application of the framework on real-world datasets
To better illustrate the generalizability of the CReP framework, we applied it
to two real-world datasets of complex natural dynamic systems. The specific
descriptions of each dataset are presented in Supplementary Note 6.

Cardiovascular inpatients forecasting
The first real-world dataset comprises a series of records on cardi-
ovascular inpatients from major hospitals in Hong Kong, along with
data on air pollutants43,44. The pollutants include the daily con-
centrations of nitrogen dioxide (NO2), sulfur dioxide (SO2), ozone

https://doi.org/10.1038/s42005-025-02170-6 Article

Communications Physics |           (2025) 8:242 5

www.nature.com/commsphys


(O3), respirable suspended particulate (Rspar), mean daily tempera-
ture, relative humidity, and other factors. The data were obtained
from air monitoring stations in Hong Kong between the years 1994
and 199743,44. Based on prior research demonstrating the association
between air pollutants and cardiovascular admissions67, the CReP was
applied to predict daily cardiovascular disease admissions using the
air pollutants data. For the 14-dimensional system (n ¼ 14), the 70
determined-state time points were used (m ¼ 70), and the 25 future
values remained to be predicted (L� 1 ¼ 25). The forecasting per-
formance using the CReP is demonstrated in Fig. 5a,b. Table 1 shows
the average RMSE and PCC across all samples.

Considering the real-world causal implications, we focus on
inferring the cause strength for the target variable, i.e., cardiovascular
diseases, to identify the most significant factors causing the number
of cardiovascular inpatients. According to the inferred cause strength
network shown in Fig. 5f, respirable suspended particulates and air
pollutants (e.g., NO2 and SO2), were identified as primary con-
tributors to cardiovascular diseases. This conclusion aligns well with
the causal links in Fig. 5e supported by relevant literatures11,68–70 that
have studied the relationship between air pollutants and cardiovas-
cular inpatients. The results enable us to understand the causal
mechanisms behind the evolution process, thereby providing

Fig. 2 | The forecasting performance and causal analysis of the CReP on the
Lorenz 96 system. The time-series data were generated on the basis of the 60D
Lorenz 96 system (Eq. (7)). The target variable was randomly selected among
variables fx1; x2; � � � ; x60g. Taking a time series of 50 steps (m ¼ 50) as known
information, the CReP was applied to perform a 15-step-ahead prediction
(L� 1 ¼ 15) for the target variable. The prediction performance of CReP is shown
over two periods in (a) and (b). The root mean square errors (RMSEs) between the
CReP predictions and the original values are 0.0141 in (a) and 0.0299 in (b), while the

Pearson correlation coefficients (PCCs) are 0.9999 in (a) and 0.9995 in (b). By
interpreting the causal representations via αβ-LRP, the relevance scores for variables
fx1; x2; � � � ; x60g with regard to S and Z were calculated to quantify their causal
strength on y, and the top 10 variables are shown in (c) and (d). Based on the CReP,
the inferred causal strength networks (f) and (g) were constructed to show the
responsible causes and effects of the target variable, which align well with the gold
standard in (e).
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direction and guidance for implementing environmental protection
and management to reduce the number of cardiovascular inpatients.

Japan Covid-19 transmission forecasting
The worldwide emergence of the coronavirus disease 2019 (COVID-19)
pandemic has constituted a grave challenge to global public health. It is
crucial to forecast the dissemination of this infectious disease in order to aid
public health departments in their strategic planning endeavors. The second
dataset contains a series of number representingCOVID-19 daily new cases
of 47 districts (n ¼ 47) in Japan. The CReP in the study helps to predict the
dynamic trends of daily new cases, thereby supporting more informed
decision-making. Focusing on Tokyo with severe epidemic45,71, the CReP
provided a 14-step-ahead prediction (L� 1 ¼ 14) of COVID-19 case
numbers, based on 30 known time points (m ¼ 30), as shown in Fig. 5c,d.
The average forecasting performance in terms of RMSE and PCC across all
samples is illustrated in Table 1.

Additionally, we analyzed the dynamic causal relationships among all
districts by calculating relevance scores. The inferred cause and effect
strength networks (Fig. 4g,h) indicate that Kyoto, Chiba, and Kanagawa
were the primary cities influencing the dynamic changes in daily new cases
in Tokyo, while Kanagawa, Saitama and Chiba were the main cities
impacted by the spread of the disease in Tokyo. To better understand these
causal relationships, the geographic locations around Tokyo are depicted in
Fig. 5i. The proximity of Chiba and Kanagawa to Tokyo supports the
rationale that these cities significantly influenced Tokyo’s COVID-19 case
numbers. Although Kyoto is geographically farther from Tokyo, the fre-
quent population flow from it to Tokyo made it a significant factor in
affecting the infection rates in Tokyo. Similarly, Kanagawa, Saitama and
Chiba are geographically close to Tokyo, thus explaining their susceptibility
to the case dynamics originating in Tokyo. The results help to better
understand the disease transmission between regions and allows for timely
implementation of isolation, control, and other measures before the pan-
demic spreads across regions, thus effectively containing its expansion.

Ablation study on loss function
To furtherdemonstrate the effectivenessofCReP framework,we conduct an
ablation studyby eliminatingdifferent loss terms fromour training loss. The
experiment results on the simulation datasets are presented in Table 2. The
“without LREC”, “without LFC” and “without LORTH” columns indicate
that the reconstruction loss, the future-consistency loss and the orthogonal
loss are eliminated from loss function during training CReP, respectively.
RemovingLREC prevents CReP from guaranteeing the recovery of original
high-dimensional information. Without LFC, the temporally self-
constrained conditions are not enforced, and the removal of LORTH
means that CReP is prone to extracting overlapping or insufficient causal
information from observed data.

In this ablation study, the model performance is evaluated from two
perspectives: time series forecasting and causal analysis. Forecasting

performance is assessed using the root mean square error (RMSE), while
causal performance requires further quantification of inferred causal
strengths to enable accuracy as a metric. For the inferred causal strengths
obtained through relevance scores, P-value hypothesis testing is applied to
determine an appropriate threshold, enabling the identification of causes
and effects associated with the target variable (Supplementary Fig. 6). This
identification allows for the construction of a directed causal graph centered
on the target variable, without distinctions in causal strength. By comparing
the inferred causal graph to the gold standard, metrics such as accuracy and
recall are computed to assess causal performance in the ablation study. The
overall process to evaluate the inferred causal results are summarized as
follows:
1. Determine an appropriate threshold using P-value hypothesis testing.
2. Identify the causes and effects related to the target variable.
3. Construct an inferred causal graph centered on the target variable.
4. Calculate accuracy and recall against the gold standard.

Through the evaluation process outlined above, a comparison is con-
ducted between the predictive performance and causal analysis capability of
themodel after removing eachcomponent of the loss function.Aspresented
in the Table 2, the model trained with the full loss achieves the best overall
performance, indicating that all the constrains in the CReP framework
contribute to producing accurate time-series forecasting and robust causal
analysis. Further details regarding the ablation study are provided in Sup-
plementary Note 7.

Discussion
Time series forecasting, which predicts future trends based on historical
data, can incorporate spatial information and causal interactions to
improve predictive accuracy in complex systems. In this work, we pro-
posed theCReP framework to learn causal representations fromobserved
data, thereby performing robustmulti-step-ahead predictions. The CReP
framework causally transforms high-dimensional information into
temporal information of the target variable by introducing three inter-
mediary latent representations—cause, effect, and non-causal—as
bridges that capture the causal relationships with the target variable.
Specifically, an autoencoder is utilized to decompose the spatiotemporal
informationX into the cause representation S, the effect representation Z
and the non-causal representationV byH, and then recover these causal
representations to the original information by H�1. According to
dynamic causation incorporating the STI transformation, the effect
representation Zt is mapped to the temporal vector Yt by g, thereby
forecasting multiple future values fymþ1; ymþ2; � � � ; ymþL�1g, and Yt is
employed to recover the cause representation St by f . The nonlinear
functionsH; g; f ;H�1 are fit simultaneously in a self-supervised manner.
In addition, the CReP framework implicitly uncovers underlying causal
interactions by learning these causal representations, facilitating robust
predictions based on causal equations.Moreover, explicit causal inference
is performed through the interpretation of learned causal representations
S and Z using αβ-LRP, which calculates the relevance scores of each
variable to the outputs S and Z. This facilitates the identification of causes
and effects of the target variable. Therefore, the CReP not only achieves
multi-step-ahead forecasting but also infers the causal network for the
target variable, offering a comprehensive understanding of the system’s
intrinsic dynamics. The applications of CReP to both simulation models
and real-world datasets demonstrate its effectiveness in forecasting and
causal analysis.

The CReP framework offers several advantages. Firstly, with a self-
supervised training scheme, the CReP integrates multi-step time-series
forecasting with implicit causal discovery by utilizing high-dimensional
but short-term time series data. Secondly, the use of αβ-LRP to interpret
the learned causal representations reliably reveals the causal relationships
within the dynamical system, which is depicted by causal strength net-
works. Third, built on a solid theoretical foundation of dynamic causation

Table1 | TheaverageRMSEsandPCCsofeachdataset across
all samples

Dataset RMSE PCC

Lorenz 96 0.1086 0.9908

Power grid 0.1127 0.9868

Gene regulatory network 0.0984 0.8894

COVID19 0.2916 0.7432

HK 0.2285 0.9695

Our method is evaluated on three simulated datasets (Lorenz 96, power grid system and gene
regulatory network) and two real-world datasets (COVID19 transmission and Hong Kong
cardiovascular dataset). The forecasting performance metrics include the root mean square error
(RMSE) and the Pearson correlation coefficient (PCC).
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and the STI transformation, the CReP presents an innovative approach
for exploring spatiotemporal information in high-dimensional time
series from a causal perspective, enhancing temporal prediction accuracy
and showing strong potential for practical applications. However, there
are still limitations in causal-oriented representation learning within
CReP, particularly in finding universally applicable explanatory methods
for data across all domains. In the future, we will focus on integrating
different causal learning methods to enhance applicability across diverse
domains. In addition, we will further explore causal detection methods
through active intervention rather thanmere passive observations, as they
offer more intuitive causal interpretations and identify causal directions
with high accuracy as well72.

Methods
Dynamic causation and generalized embedding theorem
According to the principle of dynamic causation, when the variable a acts as
a cause of the variable b within a dynamical system, the temporal infor-
mation of a can be reliably predicted using b, as shown inFig. 1a. Even in the
presence of noise, dynamic causation is still applicable according to the
stochastic version of Takens’ embedding theorem51,52 (see Supplementary
Note 1). However, the mapping h in Eq. (1) is constructed within delay
embedding spaces, which limits its broader applicability for detecting
causality. The generalized embedding theorem37 provides a robust theore-
tical foundation for extending the applicability of themapping h. According
to the theorem:

Fig. 3 | The forecasting performance and causal analysis of theCRePon the power
grid system. The time-series data were generated using the 120D Kuramoto model
(Eq. (8)). We randomly selected the target variable among variables
fθ1; θ2; � � � ; θ120g. By applying the CReP framework, we used 30 known time points
(m ¼ 30) and predicted 9 future time points (L� 1 ¼ 9) for the target variable. The
forecasting results of CReP on the system are demonstrated in (a) and (b).

Additionally, (c) and (d) show the relevance scores of top 10 variables to the cause
representation S and the effect representation Z, respectively. As presented in the
inferred causal networks in (f) and (g), the responsible causes and effects for the
target variable are highlighted based on the calculated relevance scores in (c) and (d).
The true causal network for the target variable is shown in (e).
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If M is a compact manifold with box-counting dimension d, for a
diffeomorphism ϕ : M! M and L smooth observation functions
yk : M!R, then it is a generic property that the mapping described by

Φ ϕ; < yk >ð Þ ¼ y1 Xð Þ; y2 Xð Þ; � � � ; yL Xð Þ� �
; ð9Þ

is an embedding as long as L > 2d.
According to the theory, the delay embeddingmanifold of the response

variable b can be topologically conjugated to a non-delay embedding
manifold53, which is summarized as the spatiotemporal information (STI)

transformation8. Therefore, the mapping h in Eq. (1) can be extended to
map a non-delay manifold to a delay manifold and we can obtain the
generalized causal equation Eq. (2), which provides a promising perspective
for causal analysis andmultistep forecasting of high-dimensional but short-
term time series in CReP.

Unified causal and temporal modeling with CReP
We assume that the high-dimensional observations X are generated by
latent variables that support causal statements73,74. Specifically, given the
observed target variable y, wemake the following assumptions: a) the data is

Fig. 4 | The forecasting performance and causal analysis of the CReP on the gene
regulatory network. We utilized the DREAM in silico dataset with 50 nodes
(n ¼ 50) and applied a simple smoothing technique to reduce the noise in data. The
target variable was selected due to its complex connections. Using the CReP with
parameter m ¼ 40 (i.e., the length of the input series is 40), we performed 8-step-
ahead forecasting (L� 1 ¼ 8) for the target variable, as shown in (a) and (b).

Additionally, the relevance scores of each gene to the causal representations were
calculated and the top 10 variables are displayed in (c) and (d). The network in (e)
illustrates the true causal relations of the target variable within the dataset. The cause
strength network in (f) is constructed from the relevance scores in (c), while the effect
strength network in (g) is derived from the relevance scores in (d). Genes with higher
relevance scores indicate greater causal influence on the target variable.
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Fig. 5 | Performance of the CReP on the two real-world datasets. For two periods
(a) and (b), the CReP predicted the number of cardiovascular admissions using the
high-dimensional time series of air pollutant indices, with an input length ofm ¼ 70
and a forecasting horizon of L� 1 ¼ 25. Based on the time series of COVID-19 new
cases of 47 districts, the CReP predicted the number of future new cases for Tokyo
over two periods in (c) and (d), with 30 steps of known information (m ¼ 30) and

14 steps of future information (L� 1 ¼ 14). Additionally, the causes of cardiovas-
cular admissions inferred by CReP, shown in (f), closely align well with the true
drivers in (e). For COVID-19 transmission in Tokyo, the inferred causal strength
networks are demonstrated in (g) and (h), constructed from the relevance scores. As
illustrated in (i), the dominant causes and effects inferred by CReP are geo-
graphically near Tokyo, supporting the reliability of causal analysis using CReP.
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generated from three type of latent variables, corresponding to the cause
factors, effect factors and non-causal factors of y; b) these three types of
latent variables are mutually independent; and c) the latent variables are
unobserved75. Accordingly, CReP employs an autoencoder to decomposeX
into three mutually orthogonal causal representations implicitly based on
their causal relationshipwith y via thenonlinear functionH, and recover the
original information using the causal representations via the conjugate
mapping H�1 (Eq. (4)). Furthermore, cause factors and effect factors are
useful representations of the data for disentangling causal dependencies of y
in the latent space based on dynamic causation76.

Assuming g ¼ ðg1; g2; � � � ; gLÞ0 and f ¼ ðf 1; f 2; � � � ; f qÞ0, we can
establish the following causal equations for the target variable y according
their implicit causal information based on the TCN scheme:
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By leveraging dynamic causation with y, the CReP provides the multi-
step forecasting, i.e., fymþ1; ymþ2; � � � ; ymþL�1g, simultaneously uncovering
the causal interactions for y through analyzing and interpreting the causal
representations.

Optimization of CReP
Grounded in the causal equations above, the CReP effectively leverages the
observed spatiotemporal information via causal decomposition, thereby
improving the accuracy and robustness of multi-step forecasting. The

determinationofH; g; f ;H�1 relieson a self-supervised learning scheme. In
this study, each layer of the nonlinear mappings is followed by the Lea-
kyReLU activation function. The optimization of our network uses a
“consistently self-constraint scheme”8 which focuses on the preservation of
temporal consistency for the target variable. For thedelay embeddingmatrix
Y , there are m known historical values fy1; y2; � � � ; ymg and L� 1 to-be-
predicted future values fymþ1; ymþ2; � � � ; ymþL�1g. The estimated delay
embedding matrix Ŷ in each iteration is obtained through Eq. (10):

Ŷ ¼
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We require that the estimates ŷt
� �

j obtained from different sub-
mapping functions gjðj 2 f1; 2; � � � ; LgÞ at the same timepoint be consistent
for both historical and future information, forming m� 1 and L� 2 self-
constrained conditions, respectively. In total, these mþ L� 3 conditions
regulate the network training process by enforcing temporal sequence
consistency across samples.

Through the auto perception procedure, CReP is optimized through
minimizing the following loss function, which comprises four weighted
components:

L ¼ λ1LDS þ λ2LFC þ λ3LREC þ λ4LORTH: ð13Þ

The determined-state loss LDS for the target variable y over time
points f1; 2; � � � ;mg is calculated using the root mean squared error
(RMSE), quantifying the estimation error of all historical values of y. The
second partLFC is the future consistency loss for y over time points fmþ
1;mþ 2; � � � ;mþ L� 1g to measure the deviation between multiple
estimates of y for the same future time point using RMSE. The third part
LREC is the reconstruction loss for latent cause representation S and the
original information X, designed to assess the degree of information
recovery. The last part LORTH in Eq. (13) is the orthogonal loss between
implicit causal representations for the efficient utilization of spatiotemporal
information. The detailed mathematical explanations of these loss terms,
along with the ablation study, are provided in Supplementary Note 7.

Multistep forecasting and causal analysis by CReP
The CReP framework is carried out to predict the future values
fymþ1; ymþ2; � � � ; ymþL�1g of the target variable y, which is selected from
fx1; x2; � � � ; xng, and explore the causal relationships for y. After training the
network by minimizing the loss function in a self-supervised manner, the
L� 1 future values ymþ1; ymþ2; � � � ; ymþL�1� �

canbedetermined from the
estimated delay embedding matrix Ŷ as follows:

ymþi ¼ mean ŷmþi
� � ¼ 1

L�i
PL

j¼iþ1
ŷmþi
� �

j; ð14Þ

where i ¼ 1; 2; � � � ; L� 1.
While generalized dynamic causation ensures that the learned repre-

sentations can effectivelymodel causal interactions, they remain too abstract to
interpret directly in a practical context. To uncover the causal links associated
with y—the causes and effects—αβ-LRP is employed to explain the transfor-
mationmechanismH fromX to S and Z. Specifically, for amulti-layer neural
network, let ci and cj represent neurons in adjacent layers l and l þ 1,
respectively, where i and j denote the indices of the neurons. A common
mapping fromone layer to thenext one canbe expressed in the following form:

cj ¼ σ
P
i:i2K

zij

� 	
; ð15Þ

Table 2 | The ablation study results ofCRePon three simulated
datasets

Dataset Lorenz 96 Power grid Gene regulatory
network

Original RMSE 0.1089 0.1127 0.0984

Accuracy 0.95 0.82 0.86

F1-score 0.67 0.15 0.36

Recall 1.0 1.0 0.67

Without
LORTH

RMSE 0.1352 0.1023 0.1029

Accuracy 0.92 0.80 0.82

F1-score 0.44 0.08 0.18

Recall 0.67 0.5 0.33

Without
LREC

RMSE 0.1270 0.1326 0.1018

Accuracy 0.93 0.82 0.80

F1-score 0.56 0.15 0.09

Recall 0.83 1.0 0.17

Without
LFC

RMSE 0.1142 0.1206 0.1169

Accuracy 0.93 0.82 0.78

F1-score 0.56 0.15 0.0

Recall 0.83 1.0 0.0

The performance of themodel trained with the full loss is compared with that of models trained with
each individual loss term removed. The root mean square error (RMSE) is used to evaluate
forecasting performance, while accuracy, F1-score, and recall assess the reliability of causal
identification.
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where zij ¼ wijci, σ is the activation function, andwij is the weight between
neurons ci and cj. The set K contains all neurons in the l-th layer. LRP
calculates the relevance scores of all neurons from theoutput f ðXÞ backward
to the input variables. Let RðlÞi and Rðlþ1Þj denote the relevance scores of
neurons ci and cj in layers l and l þ 1, respectively. The amount of relevance
scoreRðlþ1Þj that spread to neuron ci fromneuron cj is denoted asR

ðl;lþ1Þ
i j . By

posing the following constraint:

R lð Þ
i ¼

P
j: ci is input for neuron cj

R l;lþ1ð Þ
i j ; ð16Þ

the conservation property for the relevance scores would hold between
layers globally56:

Pn
k¼1

R 1ð Þ
k ¼ � � � ¼

Pnl
i¼1

R lð Þ
i ¼

Pnlþ1
j¼1

R lþ1ð Þ
j ¼ � � � ¼ f Xð Þ; ð17Þ

where n is the number of input variables, nl and nlþ1 are the number of
neurons in layer l and l þ 1, and the output value f ðXÞ is the relevance score
of the output neuron. The key process for LRP is to calculate the message
Rðl;lþ1Þi j , for which various rules have been proposed39,40. The adopted pro-
pagation method in this work is the αβ-rule39,40 defined as

R l;lþ1ð Þ
i j ¼ α

zþij
zþj
þ β

z�ij
z�j

� 	
R lþ1ð Þ
j ; ð18Þ

where zþij ¼ maxfzij; 0g, z�ij ¼ minfzij; 0g, zþj ¼
P

iz
þ
ij , and z�j ¼

P
iz
�
ij .

The parameters α and β need to satisfy the constraint α + β = 1. By
propagating relevance layer by layer, the relevance scores R 1ð Þ

k ðk ¼
1; 2; � � � ; nÞ are obtained to evaluate the contribution of each input variable
to the network’s output. Higher relevance scores indicate greater con-
tributions of the input variables to the output.

In CReP, the relevance scores of each input variable xk to causal
factors S and Z, denoted by RSk;S and RSk;Z , are calculated to reveal
the explicit causal relationships of the target variable. A compre-
hensive description of αβ-LRP in CReP can be found in Supple-
mentary Note 4. RSk;S quantifies the contribution of variable xk to the
cause representation, while RSk;Z measures the contribution of xk to
the effect representation. Based on the quantified contributions of all
input variables to the causal representations, the inferred causal
networks centered on the target variable can be constructed, where
the thickness of the edges represents the strength of causal interac-
tions. By employing the network interpretation method, the learned
implicit and abstract causal information is transformed into explicit
and interpretable causal relationships, thereby enhancing the
understanding of the internal mechanisms of the system.

Data availability
The data that support the findings of this study are available at https://
github.com/csh-scut/causal.

Code availability
All relevant code used in this study is available at https://github.com/csh-
scut/causal.
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