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Abstract

Existing causal learning algorithms focus on micro-level
causal discovery, confronting significant challenges in iden-
tifying the influence of macro systems, composed of micro-
level variables, on other variables. This difficulty arises be-
cause the causal relationships in macro systems are often me-
diated through micro-level causal interactions, which can lead
to erroneous causal discovery or omission when dispersed.
To address this issue, we propose the Emergence-inspired
Multi-granularity Causal learning (EMCausal) method. In-
spired by the emerging phenomena of aggregating micro level
variables into macro level representations, EMCausal intro-
duces a progressive mapping encoder to simulate the process,
thus capturing the causal relationships driven by these macro
entities. Next, it introduces a causal consistency constraint to
collaboratively reconstruct micro variables using macro-level
representations, enabling the learning of a multi-granular
causal structure. Experimental results on both synthetic and
real datasets demonstrate that EMCausal can identify causal
graphs under the influence of causal emergence, outperform-
ing competitive baselines in term of accuracy and robustness.

Introduction

Causal discovery is integral to scientific research, as it fo-
cuses on uncovering the underlying mechanisms that drive
observed phenomena. In the complex systems, distinguish-
ing causal relationships from mere correlations is essen-
tial for the effective design of interventions, policy devel-
opment, and the formulation of predictive models that can
adapt to dynamic environments (Cui and Athey 2022; Cai
et al. 2024).

Early causal discovery algorithms primarily rely on con-
ditional independence tests (Spirtes et al. 2000; Colombo,
Maathuis et al. 2014), which require large sample sizes. Al-
ternatively, another line of works involve searching for the
causal graph with the highest score using various search
strategies (Chickering 2002b; Yang et al. 2023). Since
Zheng et al. (2018) proposed the continuous optimization
acyclicity constraint, researchers have further extended the
continuous optimization of causal learning, including non-
linear extensions (Zheng et al. 2020; Yu et al. 2019), op-
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timization techniques (Lee et al. 2020), and robustness en-
hancements (He et al. 2021). These studies aim to improve
the performance of causal learning algorithms when han-
dling complex datasets, and increase their robustness and
adaptability to noise. The exploration of multi-granularity
data (Liang et al. 2024b) has emerged as a current research
focus, presenting new challenges for application of causal
learning methods in complex systems.

While micro structures focus on the direct causality be-
tween micro variables, we define the macro structures as
the collective influence of certain micro variables impacting
other micro ones. At the micro-level, it is possible to cap-
ture more detailed and comprehensive information. How-
ever, when the number of micro-level variables is large and
the structure becomes overly complex, this complexity may
lead to inaccuracies or omissions in causal discovery. In
contrast, observing from a macro perspective allows cer-
tain causal relationships to manifest with stronger causal ef-
fects, thereby facilitating their identification. Contemporary
causal learning algorithms predominantly focus on micro-
level causal discovery, neglecting the potential insights that
can be gained from learning causal structures at the macro-
level.

Emergence phenomena manifesting as overall behaviors
that cannot be directly inferred from the behavior of individ-
ual parts, exhibiting entirely new properties not present in
the individuals (Tononi and Koch 2015; Epstein and Axtell
1996; Wei et al. 2022). It reveals that the collective influ-
ence of micro-level groups on other variables cannot simply
be decomposed into the individual effects of each variable
within the group. Inspired by the emergence phenomenon,
we developed a multi-granularity causal discovery approach,
EMCausal. Our method first aggregates micro-level vari-
ables into macro-level using a Progressive Mapping Encoder
(PME), motivated by the concept of supervenience (Horgan
1993), wherein the complete observation of the micro sys-
tem determines the state of the macro system then utilizes
both the micro variables and macro representations to recon-
struct the micro variables, simulating the process of causal
emergence to extract a multi-granularity causal structure.
Additionally, EMCausal imposes a micro-macro consis-
tency constraint to ensure coherence in the multi-granularity
causal structure. Upon completion of training, these multi-
granularity causal structures can be derived directly from



the model parameters. The code of EMCausal is shared at
http://www.sdu-idea.cn/codes.php?name=EMCausal.
Our main contributions can be outlined as follows:

(i) We propose EMCausal, a multi-granularity causal dis-
covery approach inspired by the emergence phenomenon.
It introduces a Progressive Mapping Encoder to aggregate
micro-level variables into macro-level representations and
reconstructs micro variables from these representations by
simulating causal emergence.

(il) EMCausal defines a micro-macro consistency con-
straint to ensure that the inferred causal structures at the
macro-level align with those at the micro-level, thereby pre-
serving the coherence of multi-granularity causal structure.
(iii)) Experimental results on synthetic multi-granularity
dataset and real datasets demonstrate that EMCausal out-
performs competitive baselines (Liang et al. 2024b; Yu et al.
2019; Ng et al. 2019; Chickering 2002b; Spirtes et al. 2000).

Related Work

Causal discovery infers causal structures from data, helping
to identify the causal direction between variables. Existing
causal discovery methods can be classified as constraint-
based (Colombo, Maathuis et al. 2014; Vandenbroucke,
Broadbent, and Pearce 2016; Peters et al. 2014; Spirtes,
Meek, and Richardson 2013; Zhang, Zhou, and Guan 2018)
and score-based (Chen et al. 2024; Ng et al. 2022; Shimizu
et al. 2006; Zhang et al. 2023; Liang et al. 2023; Chicker-
ing 2002a) algorithms. The former infer causal structures
by leveraging conditional independence information within
the data. Nevertheless, the computation of conditional inde-
pendence is highly demanding in terms of sample size and
is computationally expensive, limiting its applicability to
large-scale datasets. The latter category (Chickering 2002b;
Zheng et al. 2020; Yu et al. 2019; Lu and Gao 2023; Wang
et al. 2022; Liang et al. 2024a; Yang et al. 2024), on the
other hand, defines a scoring function to evaluate the suit-
ability of a given causal graph and employs search algo-
rithms to seek the graph with the highest score. However, ex-
isting algorithms often overlook the impact of diluted macro
causal effects at the micro-level on the discovery of causal
graphs. This oversight can lead to erroneous causal infer-
ence in complex systems. Our innovation lies in address-
ing this gap, enabling more accurate identification of causal
relationships across different granularity and improving the
robustness of causal discovery in intricate environments.
Integrating the study of emergence with causal analysis
making it possible to further dissect the relationship in com-
plex systems, helping to explain the overall system behav-
ior. Some studies consider the emergence phenomena with
stronger causal effects, but do not discuss how to uncover
these causal relationships (Klein et al. 2022; Breakspear
2017; Rubenstein et al. 2017). They utilized metrics like
Effective Information (EI) to design strategies for reducing
system uncertainty, and for exploring appropriate granular-
ity to observe the system. In contrast to the previous studies,
MgCSL (Liang et al. 2024b) reconstructs the micro variables
to learn appropriate representations of macro variables, us-
ing path-product to uncover the causal relations among mi-
cro and macro variables. Compared with the MgCSL path
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product calculation, EMCausal trains a PME with an at-
tention matrix to mask the macro-micro causal structure, en-
hancing the certainty of the identified macro-micro causal
relationship. In addition, EMCausal incorporates a micro-
macro consistency constraint to account for the interactions
between learned micro and macro structures and to avoid
structural conflict.

Background

This section introduces the fundamental concepts relevant to
this work.

Causal Graph: A causal graph is a DAG (Directed
Acyclic Graph) used to represent causal relationships be-
tween variables. In a causal graph G = (V, &) , the set V
represents variables, and the edge set £ represents causal
relationships between variables. If there is a directed edge
X — Y, it indicates that variables X is a direct cause of
variables Y.

Data Generation Process: The data generation process
involves generating observational data based on the struc-
ture and relationships in the causal graph. Suppose we have
a causal graph G with variables V = {V;, Vs, -+, V;} rep-
resenting variables. To avoid confusion between nodes and
variables, we will consistently use X;. The data generation
process can be expressed as:

Xi = fi(Pa(X;)) + e (1)
where Pa(X;) denotes the parent set of X; (i.e., the direct
causes), f; is a specific functional form, and e; is the noise
term. The noise affecting different variables is mutually in-
dependent.

Methodology

The multi-granularity causal structures can be described
by Gy = (Vum,Ewn). Unlike the causal graph of the
micro-system, Vi; = {X1,---,Xq,Y1,---,Y,} incor-
porates variables of varying granularity, allowing Gy to
simultaneously reflect causal relationships at both micro
and macro levels. Given the observed variables X
(X1, Xo,--, Xy) with X € R" 4, our goal is to discover
the multi-granularity causal structure Gj;, which not only
clarifies the causal relationships within the original micro-
level system but also uncovers potential macro variables
composed of micro variables.

Model Structure Overview

To obtain reliable multi-granularity causal structures from
observational data X, we design the PME to aggregate mi-
cro variables toward macro variables and achieve the micro-
macro relationship discovery. Next, we perform cross-
layer collaborative causal learning to learn multi-granularity
causal structures by reconstructing micro variables. Our
framework is illustrated in Figure 1.

Progressive Mapping Encoder Emergence phenomena
manifesting as overall behaviors that cannot be directly in-
ferred from the behavior of individual parts, which should
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Figure 1: The conceptual framework of EMCausal. Given the micro-level input X, the PME is used to aggregate micro-level
variables into macro-level representations, and outputs the encoded results E. As M corresponds the relations from micro
variables to macro representations, EMCausal uses the Gumbel-Softmax operation gs(IM) to perform the Hadamard product
with E, and then sums the results to get the macro representation Y. Under the micro-macro consistency constraint #(C) = 0,
EMCausal reconstructs origin micro-level variables X based on X and Y with a MLP parameterized by W,,,, and W,
where W,,,, encodes the relationship between macro representations and micro variables, W ,,; encodes the relationship among
micro variables, and C = W,,,; + gs(M)TW,,,, stores the reachable edges in the causal graph.

not be overlooked, as it may lead to erroneous causal discov-
eries. To address this gap, we introduce abstract macro vari-
ables using PME to discover collectives influence of vari-
ables. Therefore, a robust macro-level representation is nec-
essary, which relies not only on the correspondence between
micro and macro variables but also on a thorough under-
standing of the macro variables generation process.

By employing the PME, We integrates an attention
mechanism to capture the relationship between micro vari-
ables and abstract macro variables and iteratively adjusts
the model parameters during training, ultimately deriving
a definitive cross-granularity variables relationship and a
model for generating macro-level representations.

The PME framework comprises a stacked encoder cou-
pled with a reweighting procedure which could be consider
as an attention mechanism. Unlike MgCSL (Liang et al.
2024b) that directly obtains the macro-level variables repre-
sentation via a reconstruction task, EMCausal solely uses
the encoder part to generate intermediate encoding states.

Suppose the number of micro variables and macro ones
are d and g, respectively. Given the input X, we first uti-
lize each micro-level variable to predict various macro-level
variable. E;, € R"*9 denotes the encoding result using the
i-th micro-level variable:

i Yenc

E; = MLP(X;; 6", )

is the parameter of the ¢-th encoder of the stacked

@

i
where 6°, .

encoder.

To learn the correspondence between micro-level vari-
ables and macro-level one while aggregating micro-level
variables, we then employ Gumbel-softmax(Jang, Gu, and
Poole 2017), a technique that draw samples from a cate-
gorical distribution, to reweight all predictions. Denote the
model internal parameters M € R%*4, then we can obtain
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the representation of macro variables Y € R™*1 as follows:

d
Y =3 gs(M,)oE; 3)

where o denotes the Hadamard product, M is the ¢-th row of
M, and gs(M;) refers to the outcome of Gumbel-Softmax.
This operation facilitates sampling while preserving differ-
entiability through the Softmax function, thereby enabling
the gradient-based optimization of discrete variables.

For micro variable ¢, M; = [M; 1, M, 2, - - , M; 4] corre-
sponding to probability of the i-th micro variable generating
the j-th macro variable, ¢; is the gumbel noise for each vari-
able:

€j = —log(—log(M; ;)) 4)

Next, we calculate the Gumbel-Softmax probability p; ;
for corresponding the ¢-th micro variable with j-th macro
one:

exp ((log(M; ;) +¢€;)/7)
>_; exp ((log(M; ;) +€;)/T)

where 7 is the temperature parameter that controls the
smoothness of the Softmax function.

By continuously training the parameters of PML, we can
optimize them to approximate a binary matrix, facilitating
the establishment of a threshold to identify the correspon-
dence between micro-level and macro-level variables. With
PME, macro state representations can be derived from the
input and expressed mathematically as:

Dij = (5)

Y = PME(X) (6)
The following section will detail how PME is integrated into
subsequent processes and jointly trained within the recon-
struction task.



Cross-Layer Collaborative Causal Learning To jointly
learn micro and macro structures, we introduce a collabora-
tive learning strategy that enables the simultaneous identifi-
cation of causal relationships within both micro and macro
systems. To avoid structural conflict between micro and
macro structure , we develop a micro-macro consistency
constraint mechanism to prevent erroneous causal struc-
tures.

Suppose W,,,; € R¥*4 is the weight matrix connecting
micro variables, W,,, € R7*¢ connecting macro variables
to micro ones. Different from NOTEARS-MLP(Zheng et al.
2020) and its variants that only tune W ,,,; at the micro-level,
we use micro variables and macro representations to jointly
reconstruct the original variable as follows:

X = MLP(XW,,; ® PME(X)W .0: 01p)  (7)
where 0,,,;,, is the parameter of the reconstruction model, @

is the concatenation operator. Then we can define the opti-
mization target of reconstruction as:

Lo =T(X,X) 8)

where 7 (X, X) = ||X — X||2 is the square loss. We omit
the regularization term to simplify the presentation.

To avoid the representation of macro variables solely de-
pending on the model’s initial parameters, causing biased re-
sults, we generally adjust the parameters of W,,,; first, and
then learn the causal relationships at the macro-level after
the convergence of micro-level causal structure. In the first
optimization stage of EMCausal, our optimization objec-
tive is:

min L,
st. HWpi) =0 ©)
where H (W) is the acyclicity constraint,
HW) =tr(eV° W) —d=0 (10)
After learning the micro-level causal relations,

EMCausal moves to the second optimization stage to
learn causal relation at the macro-level. To ensure that the
causal relationships at the macro level are effectively guided
by those at the micro level during the optimizing process,
we impose a consistency constraint on macro-level causal
discovery to ensure the consistency between the micro-level
causal structures and the underlying macro-level causality
as follows:

C =Wy +gs(M)T W (1n

C € R%¥9 stores the reachable edges in the causal graph.
We can formulate the optimization objective for this stage
as follows:

min L.

sit. H(C)=tr(e€°C)—d=0
where the regularization term is also omitted to simplify the
presentation. During this phase, we freeze the parameters
of W,,,;, but optimize M (induced by PME) and W,,,, to
ensure that the causal relationships at the macro-level do not
contradict with those at the micro-level.

Algorithm 1 outlines the main procedure of EMCausal.
Lines 2-6 learns the micro-level causal relations between d
variables, while lines 7-11 optimizes the causal relations at
the macro-level.

(12)
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Algorithm 1: EMCausal: Emergence-inspired Multi-
granularity Causal Learning

Input: observed data X and threshold o
Output: Multi-granularity Causal Graph Gy
1: Initialize  the set of  model

{M, Wmm eenm Wmi7 omlp}
> Learning on the micro-level graph
while not arriving maximal iterations or triggering ter-
mination conditions do
Fix M, W .4, Ocnc, and calculate £ by Eq. (9)
Update W, 0,1, to minimize £ in Eq. (9)
end while
> Learning on the macro-level graph
while not arriving maximal iterations or triggering ter-
mination conditions do
Fix W,,,;, and calculate £ by Eq. (12)
Update Wq, Omip, Oenc, M to minimize £ in Eq.
12)
end while
Update C by Eq. (11)
Gum(i,j) =1(C;; > 6) &> prune too low-weight edges
return G,

parameters

11:
12:
13:
14:

Optimization
Both phases of our optimization (Eq. (9) and Eq. (12)) can
be made by an augmented Lagrangian method as follows:

min £ = J(X,X)+ g#(vv) FAH(W)  (13)
where 1 is the penalty coefficient and + is the Lagrange mul-
tiplier. The constrained problem in Eq. (13) can be converted
into a sequence of unconstrained subproblems, which can be
solved by gradient descent optimization strategy as follows:

0"V argmin{L = 7(X,X) + %Hz(W)

+YH(W)} (14)
W) 2 (WEHD) > 1 (W
D) ( ) > pH(WH) 15)
™), otherwise
AUy ) (W) (16)

where for the first stage 8 = {0,,1,, W}, as for the sec-
ond stage 8 = {M, Omips Benc, Wina }, and 0" is the itera-
tive optimized 0 in the x-th iteration. In this work, we apply
the L-BFGS-B algorithm (Zhu et al. 1997) to solve the op-
timization problem. Although EMCausal incorporates sev-
eral procedures, it introduces an acceptable computational
complexity. The computational complexity of an iteration
step of EMCausal is O(ndmq +nd(d + q)k + d*(d + q)),
where m and k are the dimensions of the hidden layer
of PME and restruction model, respectively. As the com-
putational complexity of one step of NOTEARS-MLP is
O(nd?k + d?k + d°), our method introduces extra com-
plexity by PME and macro variables number d, which are
indispensable. While the number of macro variables ¢ has
the same magnitude as micro ones d, EMCausal holds an
acceptable computational complexity.



Erdds-Rényi graph Scale-Free graph
d |method Precision(%)T Recall(%)1 F1(%)t SHD/ | Precision(%)1 Recall(%)7T F1(%)1 SHD/|
PC 50.89+6.61 36.04+9.54 41.914+8.47 26.77+4.47| 53.63+6.93 45.00£10.29 48.70+8.57 23.80+3.16
GES 45.06+5.81 38.70+7.37 41.38+6.11  31.40+4.55| 46.61+10.88 43.214+8.80 44.514+9.05 27.674+5.41
DAG-GNN | 61.4149.14 39.56+11.17 47.03£9.56 37.50+6.22| 92.924+7.39 6.46+1.84 12.01+£3.18 162.40+8.10
20 GAE 73.56+30.06 13.04+9.11 21.394+12.95 41.60+4.88| 80.33+17.06 24.64 + 15.73 34.47+19.27 34.67+7.23
GraN-DAG | 95.831+9.00 15.004+6.10 25.59+9.21  39.104+2.81| 91.3349.19  15.564+2.98 26.544+4.67 30.90+1.52
MgCSL 33.42+6.49 60.87+9.11 42.96+7.01 49.00+11.49| 28.40+7.68 52.504+18.35 36.25+9.78  45.60+8.39
EMCausal| 85.70+13.79 71.30+11.40 76.69+8.82 18.50+7.01| 78.4+13.77 71.10+12.22 73.46+8.21 17.7+£5.77
PC 44.55+£5.83 19.824+3.24 27.414+4.13 140.75£11.30| 43.30£7.16  19.59+3.31 26.964+4.50 138.36+7.05
GES 43.584+6.32 29.87+4.36 35.41+4.99 160.00+12.68| 45.89+10.32  36.94+6.75 40.88+8.14 109.70+14.80
DAG-GNN | 54.89+£10.46 19.83+£5.03 28.92+6.51 161.40+£16.06] 50.86+7.96 21.70+3.20 30.04+2.87 161.20+8.46
40 GAE 59.214£22.46  3.2442.56 5.92+4.32 170.80+7.52| 60.42+14.91 4.70+2.41 8.60+4.18 160.60+3.63
GraN-DAG | 92.924+7.39 6.46+1.84 12.01£3.18 162.40+8.10| 87.65+7.26 5.314+1.84  9.96+3.31 156.40+3.17
MgCSL 27.93+291 38.70+£4.98 32.2942.66 220.70+20.51| 41.16+£9.71  31.71+4.95 31.71£4.95 228.204+23.28
EMCausal| 66.11+15.77 63.91+6.38 63.67+7.11 97.80+29.69| 57.36+16.54 69.62+7.96 61.10+7.66 111.67+37.28

Table 1: Results on nonlinear models. The best result is highlighted in bold font. For the reported results, 1(]) means the
larger(smaller) the score, the better the model performance is.

Experimental Results and Analysis

In this section, we conduct a series of experiments to study
the effectiveness of EMCausal. We first compare the per-
formance of various causal discovery algorithms using syn-
thetic datasets and give a detailed analysis of the strengths
and limitations of compared methods. We then investigate
the impact of hidden macro variables to assess the abil-
ity of EMCausal to identify elusive causal relationships in
the presence of emergent phenomena. Next, we analyze the
consistency of causal relationships among micro and macro
levels to further investigate the contribution factors within
EMCausal. Finally, we conduct experiments on real-world
datasets to testify EMCausal in practical applications.

We implement EMCausal using PyTorch 1.13 and con-
duct experiments on a server with the Intel(R) Xeon(R) Gold
6248R CPU, 512G memory, 8 NVIDIA GeForce RTX 3090
GPUs, and Ubuntu 22.04.

Performance Analysis

Experimental Setup We choose several representative
causal discovery algorithms as our baselines, including clas-
sical PC (Spirtes et al. 2000), which is based on conditional
independence tests, and score-based optimization methods
such as GES (Chickering 2002b), DAG-GNN (Yu et al.
2019), GAE (Ng et al. 2019), and MgCSL (Liang et al.
2024b). The parameter configurations of these methods are
summarized in Table 2.

To synthesize multi-granularity data, we set the number
of micro variables that constitute each macro variable to 4
and 8 with the total number of micro variables as 20 or 40.
The edge density is set to 2. We use randomly generated two
layer MLP, whose hidden size is set to 100, to model the
nonlinear relationships between variables. For each experi-
ment, we sample 1000 data samples from the data generation
process. To reduce randomness, we perform ten independent
experiments and report the mean and standard deviation. We
generate nonlinear multi-granularity causal graphs and cor-
responding data, and conduct experiments on this basis to
study the effectiveness of EMCausal. Since contemporary
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parameter value
PC significance level av 0.05
GES score function BIC
learning rate 0.003
VAE layers [1,64,1,64,1]
DAG-GNN | initial A 0
initial ¢ 1
learning rate 0.001
input units 1
hidden layers 1
GAE hidden units 4
A 0
initial o 0
initial p 1
learning rate 0.001
hidden layers 2
hidden units 10
GraN-DAG -pXS threshold 0.75
initial \ 0
initial g 0.001
initial p 0.001
tolerance of H 0.1
maximum of 10™°
MgCSL c )
SAE layers [d,0.75d,5,0.75d,d]
MLP layers [d+5,10,1]
€ 0.3
T 0.2
EMCausal FpNE Siructure [d.0.75d.5]
MLP layers [d+5,10,1]

Table 2: Parameter configuration of compared methods

algorithms (except MgCSL) are unable to directly uncover
multi-granular causal relations, we map the true and pre-
dicted results of each algorithm to the micro-level graph for
comparison.

We mainly use four metrics to quantify the performance,
namely Precision, Recall, F1 and Structural Hamming Dis-
tance (SHD). The larger the value of the first three metrics,
the better the performance is, the opposite applies for SHD.



EMCausal vs. Constraint-based methods: The results
in Table 1 clearly show that our EMCausal significantly
outperforms constraint-based algorithms across all metrics
on synthetic datasets, with the most pronounced advantage
observed in precision. This performance disparity is primar-
ily due to the limitations of conditional independence tests
in capturing nonlinear causal relationships, leading to a sub-
stantial number of missed causal directions. Furthermore, as
the number of variables increases, this difference becomes
even more evident for the reliability of conditional indepen-
dence tests heavily rely on the quantity of samples, more
variables need more samples.

EMCausal vs. Score-based methods: Compared to other
score-based methods, such as GraN-DAG and DAG-GNN,
EMCausal exhibits significant differences in both F1 score
and SHD. While GraN-DAG and DAG-GNN gain a higher
precision, their recall rates are notably lower. This discrep-
ancy arises primarily because these score-based methods
only report predicted edges with higher confidence, thereby
reducing the number of predictions and having lower re-
call. As the causal effects from macro structures become
dispersed across micro variables, the causal influence on
each individual micro variable weakens, making it diffi-
cult for these score-based methods to capture a compre-
hensive causal structure, which in turn lowers their recall
rates. Furthermore, the hidden noise of macro variables leads
DAG-GNN to focus more on recovering causal relationships
among micro-level variables decomposed within the same
macro-level variables, rather than reflecting the causal ef-
fects driven by macro variables.

Our EMCausal is explicitly designed to encourage the
discovery of causal relationships at the macro-level. Al-
though this design may result in a slight decrease in preci-
sion, it significantly enhances recall. The observed increase
in F1 score and the reduction in SHD further validate its
effectiveness, showing its superior capability in capturing
macro structures within complex systems, thereby revealing
multi-granularity causal relationships.

EMCausal vs. MgCSL: Both EMCausal and MgCSL
are multi-granularity causal discovery algorithms, warrant-
ing a comprehensive comparative analysis. Although both
methods involve the process of identifying macro variables
and joint causal discovery, they differ in identifying macro
variables and the subsequent causal relationship discovery.
Therefore, we standardize the comparison by evaluating Pre-
cision, Recall, SHD, and the Number of Non-Zero elements
(NNZ) related to macro-level causal relationships within the
multi-granular graph. This allows us to assess the perfor-
mance difference in uncovering macro-level causal struc-
tures.

As shown in Figure 2, our EMCausal significantly out-
performs MgCSL in macro-level causal discovery across
all metrics. This indicates that EMCausal is more accu-
rate and reliable in identifying macro-level causal structures.
The Number of Non-Zero elements (NNZ) reflects the num-
ber of edges in the predicted causal graph. While deliver-
ing superior performance, EMCausal consistently exhibits
higher NNZ values compared to MgCSL, suggesting that
EMCausal can find out more true causal edges and more

19203

o
©
5

o

Recall

Precision

I
had 4
}

o

30 40 1
Number of variables

20 30 40
Number of variables

—&@— MgCSL
—&— EMCausal

|

SHD

o
Number of variables

20 30 40 20 30

Number of variables

Figure 2: Precision, Recall, SHD, and NNZ of MgCSL and
EMCausal on synthetic datasets with g=4 macro variables
and d € {10, 20, 30,40} micro-variables.

accurately identify causal relationships among micro and
macro variables. In contrast, MgCSL misses many causal
edges, thus has lower precision and recall values. This is be-
cause EMCausal defines a consistency constraint between
macro-level and micro-level causal structures. Particularly,
it ensures that the learning process of the macro-level causal
graph is informed by the micro-level graph. This alignment
guarantees the correctness of micro-level causal discovery
and its effective guidance in constructing macro-level causal
relationships, which MgCSL disregards this consistency and
merely takes both macro and micro variables as a whole to
learn the causal structure.

Impact of Macro-Level Variables

We further investigate the impact of hidden macro-level vari-
ables on various causal learning algorithms using synthetic
multi-granular data. By fixing the number of micro variables
to 20 and setting the edge density to 2, each macro variable
is composed of 2 micro variables. We gradually increase the
number of macro variables, and record the changes in Preci-
sion, Recall, F1 and SHD across different methods.

The results presented in Figure 3 demonstrate that the
performance of nearly all algorithms declines as the num-
ber of macro variables decreases. This decline occurs be-
cause, in our experiments, a reduction in macro variables
leads to an increase in causal relationships mediated by those
macro variables. This observation aligns with our previous
analysis. However, since EMCausal simulates the process
of macro variables generation to consider the emergence-
inspired causality, it generally manages a better robustness
to this change.

Compared to conventional algorithms, our EMCausal
can effectively resist with the impact caused by macro vari-
ables, maintain a relatively stable performance. This fact
proves its advantages when dealing with complex macro
systems.
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Figure 3: The performance of causal learning algorithms on synthetic multi-granularity data with the number of macro variables

from 2 to 8.

Consistency of Causal Relationships

To verify that the macro variables identified by EMCausal
encapsulate the common information of their correspond-
ing micro variables, we conducted experiments on synthetic
data. These experiments compared the consistency of causal
relationships between micro and macro variables, aiming to
demonstrate the coherence and effectiveness of the macro-
level representations generated by EMCausal.

According to our criterion, if all micro variables associ-
ated with a macro variable point to another variable, the
macro variable should exhibit such a causal relationship
also. Based on this principle, we calculate the Precision and
Recall and F1 score of the generated graphs, report the re-
sults in Table 3. The performance of both EMCausal and
MgCSL shows some decline as the number of variables in-
creases. However, EMCausal is generally much less af-
fected, demonstrating its superior ability to maintain the
consistency of causal structures and ground truths at both
the micro and macro levels.

d | Method |Precision (%) Recall (%) F1 (%)
10 MgCSL | 72.144+25.58 27.44+16.54 38.15+18.49
EMCausal | 86.96+16.01 76.41+13.54 79.84+10.28
20 MgCSL | 45.71£1548 14.13+9.08 21.12+11.98
EMCausal| 86.81+10.78 71.65+11.28 77.70+8.47
30 MgCSL | 50.89+13.12 15.44+7.73 22.9449.51
EMCausal | 71.86+13.14 71.89+7.09 70.93+6.47
40 MgCSL | 54.81+17.34 9.32+5.43 15.5448.50
EMCausal | 73.37+14.04 53.53+11.07 60.18+6.44

Table 3: EMCausal vs. MgCSL on causal consistency.

Result on the Sachs Dataset

To further validate the applicability of EMCausal in real-
world scenarios, we conducted experiments on the Sachs
dataset (Sachs et al. 2005). The Sachs dataset, comprising
853 samples, records the expression levels of 11 proteins
and phosphorylated proteins measured from human T cells
in the immune system. The results of our experiments are
presented in Table 4.
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Method Precision(%)1 Recall(%)T F1(%)1 SHDJ
PC 42.86 3529 38.71 11
GES 42.86 3529 38.71 11
DAG-GNN 40.00 35.29 37.50 16
GAE 50.00 5.88 10.53 16
GraN-DAG 66.67 11.76 ~ 20.00 15
MgCSL 42.86 17.65 36.50 18
EMCausal 46.67 41.18 43.75 11

Table 4: Results on Sachs dataset. The best and the second
results are highlighted in bold font and underline.

Our EMCausal achieves the highest recall and F1 score.
Although GraN-DAG gives a superior precision, its overly
conservative predictions resulted in a low recall value, lead-
ing to suboptimal SHD and F1 scores. In contrast, while
PC and GES also achieve low SHD values similar to ours,
their F1 scores do not demonstrate the same level of supe-
riority. The results on the Sachs dataset further underscore
EMCausal’s broad potential for real-world applications,
highlighting its effectiveness in uncovering complex causal
structures.

Conclusion

Inspired by the emergence, we propose a novel multi-
granularity causal discovery algorithm, EMCausal. This
approach integrates the discovery of micro-macro relation-
ships with the aggregation of micro variables into macro-
level representations. By reconstructing micro variables
from these macro-level representations, EMCausal effec-
tively learns multi-granularity causal structures. Experimen-
tal results demonstrate that EMCausal not only more ac-
curately uncovers the underlying causal mechanisms within
complex systems but also provides deeper insights into
the behavior of these systems. This capability positions
EMCausal as a powerful tool for analyzing intricate causal
relationships, offering significant improvements over exist-
ing methods in both accuracy and interpretability.
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