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Abstract. This paper introduces Regime-aware Constraint-Based and
Noise-Based causal discovery with Markov Blankets (RCBNB-MB), a
novel causal discovery algorithm for time series that relaxes the com-
mon assumption of a single, time-consistent causal structure. Time series
are typically observed at discrete time points and often exhibit regime
changes that challenge the assumption of a static causal structure, a
limitation in many real-world dynamic systems. To address this chal-
lenge, RCBNB-MB identifies latent causal regimes, defined as subsets
of time points within which a stable causal structure holds. The algo-
rithm follows an iterative strategy that segments the time series into
regimes and discovers the causal graph within each regime. By leverag-
ing the Markov blanket rather than direct parents, RCBNB-MB gains
robustness to errors in causal discovery and preserves predictive infor-
mation. We provide theoretical guarantees for RCBNB-MB’s ability to
recover both regime transitions and causal graphs under reasonable as-
sumptions. Furthermore, we validate its effectiveness through extensive
experiments on simulated datasets with known ground truth and real-
world IT monitoring data, where taking into account regime shifts is
critical. Empirical results show that RCBNB-MB systematically outper-
forms baseline approaches in accurately detecting regime changes and
their associated causal graphs, positioning it as a robust and versatile
framework for non-stationary time series analysis.

Keywords: causal discovery · regime shift · non-stationarity.

1 Introduction

Causal discovery for time series is a fundamental problem in many domains,
such as IT monitoring systems, climate science, economics, epidemiology, and
neuroscience. Understanding causal relationships over time enables better pre-
diction, diagnosis, and intervention in complex dynamic systems. However, most
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causal discovery methods assume stationarity, i.e., that causal dependencies re-
main constant. In practice, this assumption is often unrealistic: many systems
undergo regime shifts, where causal influences change due to unobserved factors.

To address this, we propose a method that automatically segments time
series into distinct regimes, within which stationarity holds. By jointly learning
the segmentation and the causal structure in each regime, our approach provides
a more flexible and robust framework for causal discovery in heterogeneous time
series. A key challenge in this setting is that regime assignment must be inferred
from data. Standard methods typically rely on the causal parent set (PA) to
group time points into regimes, but errors in causal graph estimation can lead
to incorrect assignments. To mitigate this, we instead use the Markov blanket [21]
(MB), a set comprising a variable’s parents, children, and spouses that renders
the variable independent of all others when conditioned upon. As a theoretically
optimal feature set for prediction and classification [33], the MB provides a more
stable and informative representation for regime assignment. This is particularly
relevant in applications where regime changes are implicit and unknown. For
instance, in IT monitoring data [4], system behavior differs between normal and
anomalous states, but the transition times are often unknown. Similar shifts can
arise from hidden external factors in neuroscience, epidemiology, and climate
science. Our method learns these regimes directly from data while recovering
their causal structures.

Our main contributions are:

– Identifying a key challenge in heterogeneous time series: when instantaneous
effects exist (e.g., due to low sampling rates), standard causal discovery
methods struggle to correctly assign timestamps to the right regime.

– Reframing the regime assignment problem as a prediction task, leveraging
the Markov blanket to improve robustness against errors in graph estimation.

– Introducing RCBNB-MB, a novel method that simultaneously identifies regimes
and reconstructs regime-specific causal graphs, including instantaneous con-
nections.

– Demonstrating the effectiveness of our approach in uncovering regime-dependent
causal structures through an empirical validation on synthetic and real-world
IT monitoring data.

The paper is organized as follows. Section 2 reviews existing causal discovery
methods for heterogeneous time series and their limitations. Section 3 introduces
our causal model. Section 4 presents our proposed method, RCBNB-MB. Sec-
tion 5 provides experimental results on synthetic and real-world data. Finally,
Section 6 concludes the paper.

2 Related work

Causal discovery for time series has been extensively reviewed, with a focus on
consistency over time [2,10]. In this paper, we focus on cases where consistency
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Table 1: Comparison of causal discovery methods for non-stationary time series.
PA and MB denote the parent set and Markov blanket, respectively.
Method Regimes Temporal Contemp. Fixed Prediction

Lags Effects Causal Order
CD-NOD [14] Segmentation ✓ ✓ × ×
J(oint)-PCMCI+ [11] Input ✓ ✓ × ×
LoSST [16] Mahalanobis distance × × × ×
SPACETIME [18] Learnt ✓ ✓ ✓ PA
SDCI [27] Learnt ✓ × × PA
RPCMCI [32] Learnt ✓ × × PA
CASTOR [25] Learnt ✓ ✓ × PA
RCBNB-MB Learnt ✓ ✓ × MB

is violated, i.e., when causal relationships evolve over time or across regimes. We
summarize the main characteristics in Table 1.

Classically, methods for causal discovery in non-stationary time series as-
sume the availability of predefined regime or context information. [13] intro-
duced a causal discovery method for heterogeneous time series using nonlinear
state-space models with linear causal modeling. [14] developed the CD-NOD
framework, which models changes in causal mechanisms across regimes as be-
ing confounded by an unobserved pseudo-confounder. This confounding is ad-
dressed using a surrogate variable that captures these changes and reveals addi-
tional causal directions through the Independent Causal Mechanisms principle.
However, CD-NOD does not preserve temporal information, providing only a
summarized causal graph. CD-NOTS [31] assumes causal stationarity in the
conditional distribution, resulting in a common causal graph for the entire time
series. Extensions by [7] recover temporal relationships, while [34] reconstructs
the causal structure using copula entropy, assuming the surrogate variable in-
fluences other variables at specific lags—a strong assumption that may not hold
in many real-world scenarios. Similarly, J(oint)-PCMCI+ [11] incorporates both
observed and unobserved context variables, akin to surrogate variables, and pre-
serves temporal relationships across regimes. JIT-LiNGAM [8] learns local, linear
approximations for nonlinear, heterogeneous time series but does not account for
temporal lags.

More useful for real-world datasets is the ability to infer regimes and recover
causal structures without assuming predefined context variables. Some methods
operate directly on the time series. [16] introduced a real-time method for updat-
ing causal graphs by identifying change points using the Mahalanobis distance.
However, this approach assumes i.i.d. data, which is rarely true for time series.
[18] introduced a method to detect regimes, contexts, and causal structures in
multiple multivariate time series, but it assumes a fixed causal order and skeleton
across contexts—a strong assumption that may not hold if causal relationships
change direction between regimes. [9] addressed a special case of heterogeneity
in time series, assuming that different causal mechanisms occur sequentially and
periodically over time. This represents a strong assumption that may not hold in
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(b) Window causal graphs G1
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w (right) from two distinct regimes.

Fig. 1: Two graphic causal relation representations for time series with two dis-
tinct regimes: (a) full time causal graphs from two distinct regimes (b) window
causal graphs from two distinct regimes. The variable Ct is latent and has to be
inferred.

many real-world scenarios. Another viewpoint is to construct regimes to improve
forecasting. They are all (to our knowledge) based on forecasting with causal par-
ents. [27,6] introduced a strategy to identify both causal relationships and states
in state-dependent stationary time series. However, they do not account for in-
stantaneous connections between observed time series. Similarly, [32] proposed
RPCMCI, which detects regimes in heterogeneous time series and reconstructs
causal graphs for each regime. However, this method focuses solely on time-
lagged relationships, neglecting contemporaneous causal effects. [25] proposed
CASTOR, which learns a DAG for each regime while determining the number
of regimes and their sequential arrangement, based on an EM algorithm. If all
those methods discover a causal graph per regime under different assumptions,
they are discriminating regimes by using a forecasting model within the time
series based on the causal parents. Our method, on the contrary, relies on the
Markov blanket.

3 Causal modeling for heterogeneous time series

Consider a dynamic system represented by a multivariate time series of di-
mension d, observed over T, and denoted as {Xt}t∈T = {Xj

t }t∈T,j∈{1,...,d}.
These data exhibit complex causal dependencies, naturally modeled using a
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Directed Acyclic Graph (DAG), called the full-time causal graph, denoted as
Gf = (Vf ,Ef ). Here, Vf represents vertices corresponding to time-indexed vari-
ables, and Ef captures directed causal relationships. A key aspect of our frame-
work is the introduction of hidden context variables Ct, where Ct ∈ {1, . . . , r}
indicates the regime to which each time point t belongs. The number of distinct
regimes is denoted as r. We do not assume regimes are known a priori. Instead,
Ct acts as an unobserved confounder, directly influencing all observed variables
at time t and defining the regime-specific causal structure.

Assumption 1 (Semi-pseudo causal sufficiency). All hidden confounding be-
tween observed variables is captured by (Ct)t∈T.

To infer the causal graph, we assume consistency throughout time [2]
(also known as causal stationarity [28]) within each regime: causal relation-
ships remain invariant over time, allowing us to sidestep the intractable full
causal graph Gf and instead operate on window causal graphs Gk

w = (Vw,E
k
w) for

k ∈ {1, . . . , r}. While this assumption breaks down at regime boundaries (where
structural shifts occur) it provides a principled way to balance model complexity
and interpretability. These graphs capture causal dependencies within a finite
window of length τmax which corresponds to the maximum lag between direct
causes and effects. This leads to the following model.

Definition 1 (Regime-based multivariate time series). A multivariate
time series, {Xt}t∈T, is called a regime-based multivariate time series if it can
be partitioned into r > 1 disjoint regimes encoded by Ct ∈ {1, . . . , r} for t ∈ T,
with a specific window causal graph Gk

w in regime k s.t. ∀k1, k2 ∈ {1, . . . , r},
k1 ̸= k2 ⇒ Gk1

w ̸= Gk2
w .

The structural causal model (SCM) [20] for the jth variable in a heteroge-
neous multivariate time series is given by:

Xj
t =

r∑
k=1

1Ct=k × gj,Ct(Pa(Xj
t ;GCt

w ), ϵjt ) for t ∈ T. (1)

Here, 1Ct=k is an indicator function that equals 1 if and only if Ct = k. The
response function gj,Ct(·) is deterministic within each regime and depends only
on Ct. Pa(Xj

t ;GCt
w ) represents the causal parents of Xj

t in GCt
w , including lagged

and instantaneous variables. The noise terms (ϵjt )t∈T,1≤j≤d are assumed to be
independent. Note that we allow for instantaneous causal relations in the window
causal graph of each regime, which is often forgotten in the literature (except in
methods such as CASTOR [25]). A regime does not necessarily correspond to
a single contiguous time segment and can span multiple non-adjacent intervals.
Figure 1(a) provides an example of a full-time causal graph for a multivariate
time series with two distinct regimes, while Figure 1(b) depicts the corresponding
window causal graphs G1

w and G2
w.
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Dataset RCBNB-MB Result: two regimes

Step 1: causal discovery (CBNB)

1. Skeleton by (conditional)
independence tests
2. Causal order by a noise-based
method for instantaneous orientation

Repetitions until convergence:

Step 2: regime detection

For each t, 
1. Learn hj,k to forecast xt

j

2. Find k minimizing

Fig. 2: Illustration of our method. Left: an example of a dataset with 6 time
series, which violates the causal stationarity assumption. Middle: flowchart of our
iterative method through the two steps: causal discovery and regime detection.
Right: results of our method on this dataset: two regimes are considered, and we
display the two causal graphs and the regime assignment.

4 Causal discovery from heterogeneous time series

The goal of causal discovery from heterogeneous, observational multivariate time
series is twofold:

1. Reconstruct the causal graph (Gk
w) within each regime k,

2. Assign each timestamp to the correct regime.

We propose to address those two problems by an alternating approach, de-
noted as RCBNB-MB (Regime-aware Constraint-Based and Noise-Based causal
discovery with Markov Blankets), which alternates between two steps by first
constructing the window causal graph of each regime from given assignments of
time instants to regimes, and second by re-assigning time instants to regimes
according to the new window causal graphs. We detail these two steps below,
and the full procedure is illustrated in Figure 2. In the following, we assume that
the number of distinct regimes r is known.

4.1 Regime-Aware Window Causal Graph Discovery

RCBNB-MB begins by, given the regime index, discovering a causal graph, which
reduces to time-series causal discovery within each regime. While any causal
discovery algorithm could be integrated, we adopt CBNB [5], a hybrid method
that prunes edges with a constraint-based approach and orients them with a
noise-based one, thereby retaining the strengths of both families: the graph is
fully oriented and the orientation search is restricted to the discovered skeleton,
which improves its efficiency. More specifically, given the regime index for each
time point, CBNB recovers the window causal graph Gw in two steps:

1. a constraint-based step, which infers the skeleton of the window causal graph
using (conditional) independence tests and orients lagged edges using tem-
poral ordering,
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2. a noise-based step that orients the remaining instantaneous edges: within
each group of variables linked by undirected edges, a restricted noise-based
algorithm estimates a causal order among the instantaneous variables, in-
cluding the lagged variables as covariates in the regressions to control for
confounding.

CBNB’s advantages are threefold: it requires only adjacency faithfulness [26]
(not full faithfulness), recovers the true causal graph (not just its Markov class),
and outperforms pure constraint/noise-based methods in small-sample settings
[17,4]. CBNB’s assumptions are formalized below.

Assumption 2 (Adjacency Faithfulness). Let Gk
w = (Vw,Ek

w) be the causal
graph within any regime k. If two nodes X and Y in Vw are adjacent in Gk

w,
then they are dependent conditionally on any subset of Vw\{X,Y }.

Assumption 3 (Identifiable functional model). Given a heterogeneous multi-
variate time series satisfying the SCM in Equation (1), each function gj,k(·) in
regime k ∈ {1, . . . , r} for a component j ∈ {1, . . . , d} belongs to an identifiable
functional model class, as defined in [23].

By [5, Theorem 2], CBNB correctly recovers the causal graph Gk
w for each

regime k if regime indexes are correct, Assumptions 1, 2, Assumption 3, and
consistency throughout time hold, and conditional independence tests are per-
fect. While CBNB assumes consecutive time points, we extend its use to gapped
regimes (Section 5.2).

4.2 Assigning Time Points to Regimes Using Markov-Blanket-based
Prediction

Assuming the window causal graph for each regime is known, we assign each
time point to the regime that minimizes the prediction error for all variables in
Xt = {Xt−τmax , . . . ,Xt+τmax}. Predicting the value of a variable Xj

t given the
other variables, X−j

−t = Xt \Xj
t , traditionally involves minimizing the expected

squared error, and the set of potential covariates can be restricted to the Markov
blanket of Xj

t in the causal graph Gk
w, where k ∈ {1, . . . , r}, as established by

[33]: for a class of functions H,

argmin
hj,Ct∈H

E
[
(Xj

t − hj,Ct(X−j
−t ))

2
]
= argmin

hj,Ct∈H
E
[
(Xj

t − hj,Ct(MB(Xj
t ;GCt

w )))2
]
.

(2)
Since the Markov blanket is identical for all instances of Xj within a given
regime, we leverage this structure to approximate the optimal predictor hj,k

∗ ,
where 1 ≤ k ≤ r, using empirical risk minimization:

ĥj,k
T (MB(xj

t ;Gk
w)) = argmin

hj,Ct∈H

∑
t∈T

1Ct=k

(
xj
t − hj,Ct(MB(xj

t ;GCt
w ))

)2
. (3)

Using consistency results similar to the ones developed in [12] then leads to
the following theorem, the proof of which is given in Appendix A, which provides
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a theoretical criterion for deciding the regime for a given variable at a particular
time instant.

Theorem 1. Suppose that Ct = k, that the function hj,k
∗ (MB(xj

t ;Gk
w)) approx-

imates xj
t within a bounded error, i.e., ∃M > 0,∀xj

t , |x
j
t − hj,k

∗ (MB(xj
t ;Gk

w))| <
M , and that the estimate ĥj,k

T converges to the ”best” function hj,k
∗ in the follow-

ing sense:

lim
k(T)→+∞

∫
S

(
ĥj,k
T (S)− hj,k

∗ (S)
)2

dP (S) = 0, (4)

where S is any subset of X. Then, for any other regime ℓ ̸= k:

lim
k(T)→+∞

E
[
(Xj

t − ĥj,k
T (MB(Xj

t ;Gk
w)))

2
]
≤ lim

k(T)→+∞
E
[
(Xj

t − ĥj,ℓ
T (MB(Xj

t ;Gℓ
w)))

2
]
.

Note that Eq. 4 typically holds for universal approximators under conditions on
the class of functions considered [12].

Under the assumption of sufficient sample size in each regime and bounded
prediction error, Theorem 1 implies that time t should be assigned to regime k
if, for all ℓ ̸= k:

E
[
(Xj

t − ĥj,k
T (MB(Xj

t ;Gk
w)))

2
]
< E

[
(Xj

t − ĥj,ℓ
T (MB(Xj

t ;Gℓ
w)))

2
]
. (5)

Equality in Equation 5 can arise in three cases: (i) the Markov blankets
are identical, (ii) one Markov blanket is a strict superset of the other, or (iii)
alternative variable sets provide equivalent prediction accuracy. The following
assumption3 helps resolve such ambiguities:

Assumption 4. Given a multivariate heterogeneous time series {Xt}t∈T:

(i) For any two distinct regimes k1, k2 ∈ {1, . . . , r}, there exists a variable Xj
t

such that MB(Xj
t ;Gk1

w ) ̸= MB(Xj
t ;Gk2

w ).
(ii) For any regime k and variable Xj

t , if a set of variables S is not a superset of
the true Markov blanket, then the expectation in Theorem 1 using S differs
from the one using MB(Xj

t ;Gk
w).

Under Assumption 4, if multiple regimes yield the same prediction error, we
break ties by selecting the regime with the smallest Markov blanket containing
a variable satisfying (i). This leads to the final regime assignment criterion:
Criterion t2r (time to regime): Assign Ct to the regime that minimizes:

d∑
j=1

(xj
t − ĥj,k

T (MB(xj
t ; Ĝk

w)))
2. (6)

3 This assumption is reasonable as it simply states that different regimes likely lead
to different Markov blankets for at least some variables, and that if a set differs
from the true Markov blanket without being a superset of it, it will likely yield a
prediction different from the one of the true Markov blanket.
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If multiple regimes minimize this criterion, select the one with the smallest
Markov blanket over all variables satisfying Assumption 4(i).

The procedure we propose can be summarized as follows: for each regime k
and each dimension j, a predictor is learned using the Markov blanket of Xj

t .
Then, a sample {xj

t}j∈{1,...,d} is assigned to the regime whose predictors yield the
lowest overall prediction error. In the case of ties, the regime with the smallest
Markov blanket is selected.

4.3 RCBNB-MB: an algorithm for causal discovery from multiple
regimes

Finally, the overall problem can be framed as the following optimization task:
determine the assignment vector C = [Ct1 , . . . , Ct2 ]

T , where each coordinate
belongs to {1, . . . , r}, the regime-specific window causal graphs {Gk

w}1≤k≤r and
the functions H = {ĥj,k

T } for 1 ≤ j ≤ d and 1 ≤ k ≤ r that minimize:

Lemp(xt;C,H, {Gk
w}1≤k≤r) =

d∑
j=1

∑
t∈T

(
xj
t −

r∑
k=1

1Ct=kĥ
j,k
T (MB(xj

t ;Gk
w))

)2

.

(7)
To ensure meaningful regime assignments, we furthermore impose the follow-

ing constraints:

1. Each time point belongs to exactly one regime,
2. Each regime contains at least Nℓ observations over the entire time span, with

Nℓ ≥ (2τmax + 1)d, so as to be able to infer it using Markov blankets, and
at most Nc transitions to prevent overly fragmented assignments.

To solve the optimization problem in Equation (7) under those constraints,
RCBNB-MB proceeds as follows: first, it assigns time points randomly to regimes
with C[0], ensuring that each regime spans at least Nℓ timestamps. Then, it
alternates between the two steps:

Step 1 Given the current assignment C[ite], estimate the causal graph Gk
w for each

regime k using CBNB [5]. Then, for each variable Xj
t , determine its Markov

blanket MB(Xj
t ;Gk

w) and update the function set H[ite] by minimizing Equa-
tion (7).

Step 2 Keeping H[ite] fixed, update the assignment vector C[ite+1] using Criterion
t2r, subject to constraints. This is a standard optimization problem with
linear constraints that can be efficiently solved using existing solvers.

To avoid poor convergence, RCBNB-MB runs Ni random initializations and
selects the solution with the lowest empirical risk after No iterations.

Assignments near regime transitions may be less accurate due to limited past
data, but their impact is negligible when regime changes are sparse.

If regime assignments are correct, Step 1 recovers the true window causal
graphs (and Markov blankets) as k(T) → +∞ (Theorem 1, Assumption 4(ii)).
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Step 2 reduces the squared error in Lemp if observed values are close to their
expectations.

While there is no theoretical guarantee that RCBNB-MB consistently con-
verges to the ground truth, empirical results in Section 5 show that its outputs
are often close to the ground truth in the majority of cases. The pseudocode of
the algorithm is presented in Appendix B, with the corresponding code available
in the supplementary materials.

5 Experiments

We designed the following experiments to evaluate our method’s accuracy in
regime assignment and causal graph reconstruction.

Baselines Our framework, denoted RCBNB-MB, combines CBNB for causal dis-
covery with the Markov blanket (MB) for regime detection. To assess the impact
of these choices, we benchmark against alternative causal discovery methods, in-
cluding VarLiNGAM [15], Dynotears [19], PCMCI [30], and PCMCI+ [29], each
paired with either the Markov blanket (MB) or direct parents (PA) as the pre-
dictive variable set, following the naming convention R{method}-{variable set}.
Notably, RPCMCI-PA corresponds to the method in [32], while RPCMCI-MB is
its MB-based variant. We also include CASTOR [25], the random baseline Neg-
Control [24], CD-NOD [14], and J-PCMCI+ [11] for comparison, while SPACE-
TIME [18] is excluded due to its high computational cost. Since NegControl,
CD-NOD, and J-PCMCI+ cannot detect regimes within the time series, their
MER values are not reported. All methods were implemented based on publicly
available Python libraries, as described in Appendix E.

Evaluation metrics We evaluate two aspects of performance: (1) the accuracy of
regime assignment and (2) the quality of causal graph reconstruction.

Regime assignment accuracy is measured using the Mean Error Rate (MER),
which quantifies the proportion of incorrectly assigned timestamps, up to regime
label mismatch. Formally, given the one-hot encoded assignment matrices Cbina

(predicted) and C∗
bina (ground truth), MER is defined as MER = minπ |π(Cbina)−

C∗
bina|r×|T|/(2|T|), where | · |r×|T| denotes the element-wise L1 norm and π is a

permutation over rows.
Causal graph reconstruction is evaluated using two complementary metrics:

the oriented F1-score, which compares the estimated window causal graphs with
the ground-truth graphs within each regime (higher is better), and the nor-
malized Structural Hamming Distance (lower is better), defined as nSHD =
1
r

∑r
k=1 SHD(Ĝk

w,Gk
w)/|E

k
w|, where SHD(·, ·) counts missing, spurious, and re-

versed instantaneous edges, and |Ek
w| is the number of edges in the ground-truth

graph Gk
w, nSHD can thus exceed 1. We compare with a random graph to get a

negative control, as suggested in [24].
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5.1 Simulated data

Simulation setup We consider linear causal relationships among six variables over
a time series of length 600 (results for length 1,200 are provided in Appendix C.2,
and results for a scenario with 15 variables in Appendix C.5), with 2 and 3
regimes. Each regime consists of consecutive time points, evenly dividing the
time series (results for unequal regime sizes are provided in Appendix C.4). Time
points at regime boundaries are independent, with the first point of each regime
sampled from noise. For each time series length, we generate 50 datasets. We
set τmax = 1, allowing for contemporaneous dependencies. For each regime, the
window causal graph is generated from the Erdos-Renyi [22] model: each variable
has a self-causal link at lag 1, and all other edges appear with probability 0.3.
To enforce regime differences, we constrain the number of shared edges between
the causal graphs of two regimes to at most 7 and guarantee that at least one
variable has a different Markov blanket across regimes.

Within each regime, the data follow the structural causal model below:

Xj
t =

∑
Xi

t−τ∈Pa(Xj
t )

bi,j,τX
i
t−τ + ϵjt , (8)

where the coefficients are sampled as bi,j,τ ∼ U((−0.9,−0.5) ∪ (0.5, 0.9)) and
the noise term follows ϵjt ∼ U(−0.1, 0.1). To prevent extreme values, if any
observation within a regime exceeds 100, the dataset is regenerated.

Method configuration The regime assignment is initialized by randomly assigning
each timestep to a regime with a probability of 0.95, initially creating overlaps.
However, our constraints ensure that the final assignment is unique for each
timestep. We set the number of initialization points to Ni = 50, the maximum
optimization iterations to No = 20, the number of regimes to r = 2, and the
minimum regime size to Nℓ = 18 ((2τmax+1)d), ensuring estimator identifiability
(see Appendix C.1 for a parameter robustness analysis of RCBNB-MB). Each
regime allows up to Nc = 3 transitions. The function class H is chosen as linear.
τmin is set to 0 and τmax to 1. For CBNB, PCMCI+ is used in the constraint-based
part and VarLiNGAM in the noise-based part. The significance threshold α is
set to 0.1 for all (conditional) independence tests. VarLiNGAM and Dynotears
are run with their default parameters. For CASTOR, CD-NOD, and J-PCMCI+,
the default parameters for the linear setting are adopted. For NegControl, the
true number of nodes and edges for each dataset are provided as inputs.

Results The results are summarized in Table 2. First, we analyze the Mean Error
Rate (MER), which remains low for most methods. For instance, our method,
RCBNB-MB, achieves a MER of 1.27% in the 2 regimes scenario, meaning that,
on average, only about 8 out of 600 timestamps are misclassified. In the 3 regimes
scenario, this rate further decreases to 0.81%, demonstrating the method’s relia-
bility in correctly assigning timestamps to the appropriate regimes. In contrast,
some methods, such as CASTOR, exhibit significantly higher MER values, ex-
ceeding 20%, indicating difficulties in detecting regime changes.
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Table 2: Results on generated data. The Mean Error Rate (MER), the mean
F1-score, and the mean normalized Structural Hamming Distance (nSHD) across
two scenarios: 2 regimes and 3 regimes. The F1-score is evaluated under three
conditions: Total (all edges considered), Lagged (only lagged edges considered),
and Instant (only instantaneous edges considered). Reported values are means
over 50 repetitions, with time series of length 600.

2 regimes 3 regimes
MER Total Lagged Instant nSHD MER Total Lagged Instant nSHD

RCBNB-MB 1.27% 0.73 0.77 0.67 0.52 0.81% 0.66 0.71 0.58 0.55
RCBNB-PA 1.27% 0.69 0.73 0.62 0.54 2.93% 0.65 0.69 0.57 0.57
RPCMCI-MB 0.24% 0.57 0.65 × 1.03 0.39% 0.54 0.62 × 1.07
RPCMCI-PA [32] 1.26% 0.57 0.66 × 1.00 0.35% 0.55 0.63 × 1.04
RPCMCI+-MB 1.27% 0.64 0.70 0.46 0.60 2.95% 0.55 0.62 0.39 0.56
RPCMCI+-PA 10.23% 0.55 0.61 0.36 0.66 7.79% 0.46 0.52 0.28 0.73
RVarLiNGAM-MB 0.28% 0.43 0.56 0.09 0.93 0.37% 0.42 0.55 0.08 0.93
RVarLiNGAM-PA 0.48% 0.43 0.53 0.17 0.96 1.78% 0.41 0.51 0.16 0.96
RDynotears-MB 16.91% 0.19 0.23 0.07 1.01 16.25% 0.19 0.23 0.09 1.02
RDynotears-PA 15.58% 0.18 0.23 0.07 0.99 15.03% 0.21 0.25 0.11 1.02
NegControl [24] × 0.29 0.32 0.22 1.36 × 0.28 0.32 0.21 1.37
CD-NOD [14] × 0.34 0.40 0.22 0.87 × 0.31 0.35 0.21 0.86
J-PCMCI+ [11] × 0.41 0.48 0.19 1.13 × 0.37 0.44 0.15 1.27
CASTOR [25] 20.07% 0.12 0.15 0.05 0.99 14.17% 0.11 0.13 0.06 1.00

Regarding the F1-score, RCBNB-MB achieves the highest overall perfor-
mance, reaching 0.73 in the 2 regimes scenario and 0.66 in the 3 regimes scenario.
This confirms its effectiveness in recovering causal structures under different con-
ditions. The other variants of RCBNB also perform well, particularly RCBNB-
PA, which maintains competitive scores. PCMCI-based methods show moderate
performance, with RPCMCI-MB achieving scores around 0.64. The difference
between the two PCMCI-based methods is significantly smaller than the differ-
ence between the two PCMCI+-based methods. This can be attributed to the
fact that, when the inferred graph does not include instantaneous relations, the
estimated set of parents and the estimated Markov blanket are more similar to
each other than the corresponding true sets of parents and Markov blanket in
the ground-truth graph, which does contain instantaneous relations.

The nSHD results further confirm this trend. RCBNB-MB achieves the low-
est nSHD in both scenarios, with values of 0.52 and 0.55, closely followed by
RCBNB-PA. This indicates that both variants recover graph structures closest
to the ground truth. In contrast, most competing methods obtain nSHD values
close to or above 1, reflecting larger structural discrepancies.

VarLiNGAM-based methods exhibit performance comparable to J-PCMCI+,
while CD-NOD performs slightly better than the random baseline NegControl.
In contrast, CASTOR and RDynotears-based methods fall below random base-
line performance, highlighting their limitations in reconstructing causal graphs
accurately.

Additionally, methods using the Markov blanket outperform in general those
using only parents. This can be attributed to the fact that the Markov blanket
offers a more robust set of variables for prediction, as it includes not only parents
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but also children and spouses. This representation provides MB-based methods
with sufficient information to improve predictive accuracy and reduce sign errors,
thereby enhancing the reliability of the subsequent causal discovery step.

The variances of the F1-scores are reported in Appendix C.3. They are gen-
erally small, around 0.01, except for RCBNB-PA, where they range between 0.02
and 0.04, and RPCMCI+, which exhibits higher variance, reaching up to 0.09
for PA and 0.05 for MB. These results suggest that while most methods yield
stable performance, some, particularly RPCMCI+, show more variability across
repetitions.

5.2 Real data

Data description For the real-world experiment, we use eight time series from an
IT monitoring system provided by EasyVista4, sampled at one-minute intervals,
as introduced in [3]. These time series describe different system activities and
are detailed in Appendix D. According to a system expert [3], an anomaly occurs
between timesteps 46,683 and 46,783. To construct our dataset, we include an
additional 1,000 timesteps before and after this interval, resulting in a total of
2,100 timesteps for analysis.

In [3], only a summary representation of the window causal graph for the
normal regime was provided by the system expert. Therefore, to assess the per-
formance of our method in this scenario, we first convert the obtained window
causal graph into a summary graph [1] and then compute the F1-score. Fur-
thermore, since we have access only to the ground truth causal structure of the
normal regime, our evaluation is limited to the inferred causal graphs within the
regimes that overlap with the true normal regime.

Method configuration Based on the method’s performance in Section 5.1, RCBNB-
MB stands out, so we focus on this method here. Due to the increased number
of variables, we set the minimum regime size to Nℓ = 24 ((2τmax + 1)d) with
τmax = 1. Additionally, we set the number of initialization points to Ni = 200,
the number of regimes to r = 2 and 3, and allow up to Nc = 4 transitions per
regime. Other parameters remain the same as those in Section 5.1.

Results In this experiment, the final value of the objective function, correspond-
ing to Equation 7, is 3.56 when assuming two regimes and 3.02 when assuming
three regimes. Figure 3 illustrates the detected change points and the correspond-
ing regimes identified by RCBNB-MB when provided with prior knowledge of
either two or three regimes. According to the system expert, the ground truth
consists of only two regimes: normal and abnormal. The figure clearly demon-
strates that RCBNB-MB effectively detects the regimes in both cases. Even
when the number of regimes is set to three, the algorithm accurately identifies
the normal and abnormal regimes, with only minor deviations. Additionally, it
detects a third regime at the boundary between the two true regimes, suggesting
4 https://www.easyvista.com/fr/produit/supervision-it/

https://www.easyvista.com/fr/produit/supervision-it/
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Fig. 3: RCBNB-MB assignments assuming 3 regimes (top) and 2 regimes (bot-
tom). Blue denotes normal regime, while rose and green denote abnormal
regimes. The circle (◦) and cross (×) mark the expert identified anomaly start
and end at timestamps 46,683 and 46,783, respectively.

Table 3: Results on real data. The F1-score for each regime is computed for our
method RCBNB-MB, with 2 and 3 regimes.

loss F1-score in normal regimes
2 regimes 3.56 0.53
3 regimes 3.02 0.53

a possible transitional phase between them. Table 3 presents the F1-scores for
detecting a summary representation of the window causal graph in the normal
regime. Compared to previous studies, such as [4], where classical causal discov-
ery methods were used to infer the graph, our method demonstrates superior
performance.

6 Conclusion and Perspective

Understanding causal relationships in complex dynamic systems is important
across many fields. Growing data availability creates opportunities but also
challenges, particularly for heterogeneous time series with multiple regimes and
changing causal mechanisms. We propose a method that identifies these regimes
and recovers their causal structures by treating regime assignment as a predic-
tion task based on Markov blankets. The use of Markov blankets in this setting
is supported by both theoretical and experimental arguments. Lastly, we demon-
strated the effectiveness of our approach in uncovering regime-dependent causal
structures through an empirical validation on synthetic and real-world IT mon-
itoring data.

There are several interesting aspects to explore in future work. In our exper-
iments, we only considered linear relationships among variables and time series
containing two or three distinct regimes. More complex scenarios involving non-
linear relationships and more than three distinct regimes need to be tested.
Additionally, timestamps at the boundaries of two distinct regimes are difficult
to assign correctly due to the loss of information about the Markov blanket.
Further research is needed to improve the assignment of these boundary times-
tamps. Lastly, we would also like to explore its potential for root cause analysis
and anomaly detection.
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