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Abstract—To the benefit of both technologies, data centers and
smart grids are likely to become increasingly integrated in the
near future. The downside is that effectively managing those
systems will rapidly become burdensome if we neglect adequate
preparation. Digital twins that can potentially wrap the benefits
of advance analytics and visualizations to manage such complex
environments. Yet even today’s Al systems lack the proper causal
understanding of the data. Here we embark on a journey to
collect proper causal data for validating causal inference methods
based on three fundamentally different theoretical foundations:
causal calculus, information theory, and dynamical system theory.
Subsequently, we apply such methods to two target datasets
from a smart grid and a GPU data center. We finally analyze
the success and failures of applying these methodologies and
the indications they offer to create more insightful and energy-
efficient prediction strategies for digital twins in support of smart
grids and GPU data centers.

Index Terms—causality inference, transfer entropy, causal
calculus, convergent cross mapping, dynamical systems, digital
twins, smart grids.

I. INTRODUCTION
A. Digital Twins (DTs) for data centers

With a current global revenue of ~350 billion USD pro-
jected to almost double by 2029, the data centers marked is
the backbone of modern computing, providing the necessary
infrastructure for cloud services, artificial intelligence work-
loads, and high-performance computing applications [1].Data
centers vary by scale, ownership, and purpose, including en-
terprise (private IT infrastructure), co-location (shared leased
space), hyperscale (mostly cloud), and micro/edge (decen-
tralized for low-latency processing) [2].Each type presents
distinct operational challenges, often necessitating tailored
management strategies with the support of advanced analytics
for optimal performance and reliability.

On the other hand, the complexity of modern data centers
also brings challenges when handling their energy efficiency.
A visionary way to deal with these problems in the long
term is by the introduction of smart grids in the technol-
ogy landscape. Smart grids represent a qualitatively different
advance from the now legacy electrical grids. The basic
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premise is to establish bidirectional flows of both electricity
and information with “intelligent devices”, understood as those
that have the capabilities to operate and interact with similar
devices using any sort of network technology. This broad
definition accommodates many generic devices. Relevant to
our work are computational data centers, which have the
possibility to reduce their large energy footprints [3]], [4]
by participating in smart grid programs [5]]. In this sense,
bidirectional communication models between data centers and
smart grids have long been proposed to optimize the power
flow to the data centers [6]]. On the other hand, new evolutions
of this conceptual framework try to maximize data center
services to smart grids [7]]. The final goal is a fully dynamical
integration between these infrastructures [8]]. However, the
road to fulfill these aspirations is not without some mayor
challenges. For instance, traditional data centers are designed
by vendors and their operations within smart grid systems
are often inefficient. To mitigate these issues, an intermediate
layer of software-enhanced virtualized data centers has been
proposed in the past [9]]. Alternatively, the use of Digital Twing
technologies could also provide interesting solutions to these
problems [10]. Eventually, some of these incipient digital
twins should widen their scope to manage and control those
integrated smart-grid/data-center infrastructures.

B. Data Analytics in DTs

Advanced data analytics is needed when the variety, quan-
tity, and complexity of the data becomes a burden to hu-
man understanding. Such is precisely the case for data cen-
ters. Here, besides the complexity of the domain specific
pipelines running in production, modern data centers must
handle ever growing infrastructure management layers [11].
Therefore to be effective, future DTs aiming to go beyond
system monitoring will need to use a variety of data analytics
methods and techniques. Currently, most data centers use a
range of techniques that go from simple filtering, clustering
and summarization techniques to more advanced techniques
such as support vector machine (SVM) [12]], the use of



Al agents [13]], generative Al [14] or deep reinforcement
learning [15] to name a few. The covered applications of
advanced analytics go from the rather foundational problems
of energy savings [12]], [16] and server consolidation [17] to
more challenging cases that require adapting Al techniques
for space data centers [18]]. However, the application of data
analytics by itself does not guarantee understanding of the
systems replicated by DTs. More often than not, the task of
understanding is left to a human operator with the help of
targeted visualizations. In recent years, in a race to match
the increases in data quantity and complexity, ever larger
Al models have been implemented to improve data center
operations. While these models have improved accuracy, they
come with undesired collateral liabilities like higher power
consumption and diminished transparency and explainability.
To be fully trusted and sustainable in the long term, future
management strategies for data center management need to
deal with these issues. We claim that this can be at least
partially accomplished by introducing techniques to uncover
causal relationships in data centers at large.

C. Main ideas behind causality studies

Understanding causality has been an informal part of human
thinking since time immemorial. The notion that we can make
sense of our very existence by understanding which events can
be the cause of other events has long be part of religion, phi-
losophy and more recently natural sciences, specially physics
and mathematics. We will not concern ourselves with these
big questions in this work. Instead we will only use notions
of causality than can conceivably have practical implications
on the improvement of data-driven data analytics with minimal
or none human intervention. Specifically, we will explore three
types of methodologies that try to capture the concept of
causality in different ways.

e Causal calculus. A formal language and framework
deeply rooted on probability theory.

o Transfer entropy. A notion derived from information
theory

o Convergent Cross Mappings. A method based on dynam-
ical system theory.

In their respective sections we explain the theoretical basis
for these methods followed by their respective experimental
sections using different types of causality datasets.

II. DATA FOR CAUSALITY

Different data-driven approaches to determine causality re-
lationships are both, theoretically and pragmatically incom-
patible. Therefore here we also include validation data for
which we know the ground truth as a way to test the strengths
and weaknesses of the methodologies we are reporting. This
validation data comes in two flavors: experimental and math-
ematically generated data. Causal analysis in digital twins
relies on different types of data to establish cause-and-effect
relationships. The choice of data affects the accuracy and
applicability of causal models, making it essential to use the

right data sources for specific problems. In this study we will
work with GPU failure on data centers.

A. Validation data - experimental

Experimental benchmarking data for causal studies is rela-
tively scarce. In this work we took data from various sources
to created our own testing data suite. Similarly to the mathe-
matically generated data, the suite is divided into causal pairs
and general causal structures. The causal pairs are a collection
of files with only two columns of numerical data standing for
variables x and y. These data comes with an associated file
reporting the ground truth for the causality relationship. For
instance, (1) z causes y, (x = ¥y), (2) y causes z, (v < y),
(3) « and y cause each other, (x < y) and (4) no causality,
x < y. To the best of our knowledge though, there is no
reliable experimental data for case (3) and most sources only
report cases (1) and (2). We finally used a curated selection
of 93 causal pairs originally published by Mooiji et al. [19].
Although the original work reported 37 datasets from various
domains (e.g., finance, biology, engineering), this collection
has been increased to more than 100 datasets and is currently
maintained online [20]].

B. Validation data - mathematically generated

This type of data is created using predefined equations and
simulation models that encode known causal relationships. It
is particularly useful for testing and validating causal inference
methods before applying them to real-world systems. For
example, in a digital twin, mathematical models can simulate
how CPU usage, cooling efficiency, and power consumption
interact over time, allowing researchers to study causal effects
without requiring real-world data collection.

Similarly to the experimental validation data, our math-
ematically generated data suite is also mainly divided into
causal pairs and general causal structures, but given the
flexibility and control of this alternative we also generated
smaller testing datasets to explore other aspects of causality
such as the strength of the causal effects. We describe all our
data generation strategies bellow.

Csuite. We started by including causal mathematically gen-
erated causal pairs as they were reported in the Csuite [21],
[22]. An example of a causal pair in the Csuite is depicted in
Figure |[1L A full theoretical description of this model can be
found under Example 1 in the original paper [21].

Xo~N(0,1)
Xl = 1/2X0 +\/§/2Z1
with Z;~N(0,1) and independent from X,

Fig. 1. Structural equations for a causal pair formed by a two node linear
gaussian system.

Additional causal pairs were extracted from complex causal
models in the Csuite. For instance from a model of a Simpson



paradox depicted in Figure X, we extracted four causal pairs:
(XQ,Xl), (X(),Xg), (Xl,XQ), and (XQ,Xg). Besides llSng
these causal pairs for initial benchmarking, we also used the
full causal model in other calculations.

Xo~N(0,1)
X, =s(1—X,) + /3/20 7

X, = tanh(2X,) + 3/, X, — 1+ tanh(Z,)

X, — 4 1
X3 = 5tanh +3+—=12;
5 V10
where Z3,Z5,Z3 are mutually independent
and independent from X,
and s(x) = lay(l + exp(x)) is the softplus function

Fig. 2. Extracting causal pairs from complex causal models. In this example
we show the structural equations from a case study of the Simpson paradox.
Four causal pairs (red squares) were extracted from this model.

Dynamical systems. A good source of mathematically gen-
erated causal data is dynamical system theory. Our first case
study in this area is the couple logistic map, which draws
inspiration mainly from population dynamics and represents a
discrete dynamical system defined by the following difference
equations:

X(t+1) = X([)lre = raX(t) = Boy Y (1))
Y(t+1)=Y(t)ry —ryY(t) — By X(t)]

The important thing to notice for our purposes is that the
variables X and Y are able to influence (i.e., ’cause”) each
other by the coupling terms 3, and 3, ... Following Sugihara
et al. [23]] we used Xo = 0.4 and Yy = 0.2 as initial conditions
,and r, = 3.8 and r, = 3.5 as general parameters. Tuning
the coupling terms we can generate relevant causal pairs in
the following manner: (1) x = y, (B, = 0.02, 8, = 0.1),
@) @<y, (Boy = 018, =0.02), 3) & & 1, (Buy = 0.1,
ﬂy,z =0.1),and 4) z <y (Bw,y =0, 6y,z =0).

We implemented a second strategy for data generation in
this area which involves using a chaotic signal coming from
one dynamical system to drive (i.e., “cause”) the behavior
of another dynamical system. Specifically, we followed the
approach from Quyen et al. [24] that involves using the Rossler
attractor [25]], [26] to modify the behavior of the Lorenz
attractor [27]. Our implementation followed the simplified
equations bellow:

X - Rossler attractor

t=—(y+2z) ey
y=z+ay 2
2=04z(x—7) 3)
Y - Lorenz attractor
=06(y—x) 4)
y=ex—y—axzt+Cy 5)

z=uxy—(z (6)

The relevant observation is that the factor forcing the normal
Lorenz system (in blue) to behave differently is the addition
of a factor C'y coming from the Rossler attractor. Cy is
correspondingly added to the second equation of the Lorenz
system. Here, the parameter C represents the strength of such
coupling and as such we use it to create data to test the
sensibility of causality methodologies to gradual changes of
C. The rest of the parameters for both Lorenz and Rossler
attractors were kept constant (« = 0.2, 8§ = 0.2, v = 5.7,
0 =10, e = 28, ( = 2.667). An example of this coupled
dynamics for C' = 9.1 is shown in Figure [3]

@ (b)
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Fig. 3. Evolution of free and coupled chaotic systems. Three systems are
shown: the Rossler attractor, the Lorenz attractor, and the evolution of the
Lorenz attractor under the influence of the Rossler attractor. (a) 3D view
of the phase-space time evolution of the dynamical systems under study (b)
Projection of the time evolution on the Y axis which is the initial contact
dimension of Rossler’s driving effect on the Lorenz system.

Please note that several possibilities for causal data gener-
ation are possible using this system . That is, independently
or as as a group, all the variables from the Rossler system
causally affect all the variables from the Lorenz system.
However, given that the direct coupling happens in the Y
dimensions (Eqn. (5) of the Lorenz system), the strongest
causal pairs should result from the projections on the axis
Y. For instance Rossler(Y) = Lorenz(Y), Figure Ekb).

In this section we also include other similar strategies for
data generation using simplified bio-geothermal models and
others. In Table [l we resumed the data sources used in this
paper and additional details are reported in the Appendix ??.

TABLE I
DATASETS USED IN THIS WORK.

Dataset Source Type References
Summit! Experimental ~ Mixed (28]
Smart Grid! Experimental ~ Mixed [29]
inHouse Experimental ~ Causal Pairs [19], [20]
Csuite Generated Mixed [21], [22]
Couple Logistic Maps  Generated Causal Pairs [23]
Driven attractors Generated Mixed [24]
BioGeoScience Generated DAG [30]
Health BMI Generated Mixed [31]

! Target dataset.



C. Target datasets

1) Failures in data centers: The most reliable form of data
for causality comes from real-world experiments, particularly
failure events of data centers in our experiments. We use
observational data which includes logs of errors and failures.
Controlled experiments, such as stress-testing infrastructure
under varying conditions, can further enhance causal discovery
by actively manipulating variables to observe their effects. Us-
ing experimental data, digital twins can refine their models and
improve predictive capabilities for proactive failure prevention.

To evaluate our approach, we utilized the Summit
dataset [28]], which contains node-level data on power, en-
ergy, job scheduling, and failures observed over three years,
covering 27,648 Tesla V100 GPUs. Specifically, from Summit
we curated an extract enriched with failure data, which is
quite sparse in the original data. The final data contains 127
entries of the following features: energy (E), maximal core
temperature (MCT), maximal memory temperature (MMT),
memory temperature (MT), core temperature (CT), power (P),
job length (JL), GPU usage (GU), failure (F), core temperature
fluctuation (CTF), memory temperature fluctuation (MTF).

2) Operational smart grid: The literature on smart grids
has matured over the last few years and currently there
is plenty of datasets dedicated to several aspects of smart
grids; from load forecasting, customer behavior or anomaly
detection (reviewed by Altamini et al. [32]]). Although we
are particularly interested in smart grids as long as they are
related to data centers and ideally we would like to study
synchronized recording from both types or operations, this
work represents our first step in this direction. Consequently
we choose a relatively simple public dataset containing only
centralized electric data with no direct connection to data
centers [29]. Specifically, the dataset contains 50k entries of
the following timestamped numerical features (abbreviation
in parenthesis): Voltage (V), current (A), power consumption
(Pc), reactive ower (rP), power factor (fP), solar power (sP),
wind power (WP), grid supply (gS), voltage fluctuation (Vf),
overload condition (Ov), transformer fault (Tf), temperature
(Tp), humidity (H), electricity price (Ep), predicted load (PI).

III. CAUSALITY INFERENCE

Causal inference is about figuring out the impact of a treat-
ment, policy, intervention, or any change on an outcome. There
are several ways to approach it, including causal calculus,
information theory, and dynamical system theory, each of-
fering different perspectives on cause-and-effect relationships.
These methods help uncover hidden dependencies and guide
decision-making in various fields.

A. Causal calculus

1) Theory: Causal calculus, also known as do-calculus,
Pearl’s Causal Calculus or Calculus of Actions is a formal
language introduced by Judea Pearl [33]]. This framework
makes extensive use of Bayesian networks, which are Directed
Acyclic Graphs (DAGs) whose nodes are represented by
random variables such as:

d

j=1

This formulation assumes that a variable or node is inde-
pendent of previous non-parents nodes given the parents, that
is p(zj]21, ..., 24) = p(x;|Tpa(s))- Therefore, this formulation
captures dependency between variables or nodes; if there is
no link (arrow) between nodes A and B, then they are prob-
abilistically independent (p(A, B) = p(A) x p(B)). Building
on top of these foundations, causal calculus provides a for-
mal framework for analyzing cause-and-effect relationships,
enabling reasoning about interventions and counterfactuals.

One of the core concepts in causal calculus is the do-
calculus, which allows for reasoning about interventions.
Unlike traditional statistical approaches that rely on correla-
tion, do-calculus enables the estimation of causal effects by
explicitly modeling how changes in one variable influence
another under intervention. This is crucial for decision-making
scenarios where we aim to predict the outcome of potential
actions.

Counterfactual reasoning is another essential component of
causal calculus. The counterfactual question—"What would
have happened if a different decision had been made?’—is
a fundamental problem in causality. This problem is funda-
mental because counterfactuals cannot be directly observed,
making it challenging to validate causal claims. Understanding
alternative outcomes is necessary for decision-making, policy
evaluation, and scientific discovery. Causal calculus addresses
this problem by providing a structured approach to infer
counterfactual outcomes based on available data and causal
models.

Another significant challenge in causal inference is de-
termining causation in purely observational data. Traditional
statistical methods often struggle to distinguish between cor-
relation and causation due to confounding factors. Causal
calculus provides mathematical tools to disentangle these
relationships by leveraging assumptions about the underlying
causal structure. This enables more reliable conclusions about
the true causal effects, even in the absence of experimental
data. We use this approach we performed causal graph non-
linear estimation using the python library Causality [34].

2) Experiments: In this section we present the results of us-
ing the causal calculus methodology on three causal datasets.
The first case presented in Figure |4 is the coupled Rossler-
Lorenz attractor [24]]. Specifically, Figure [] (a) represents the
minimal ground truth for the causality graph as we know
from equation [5] that the variable y from the Rossler attractor
(x2 in the graph) directly drives variable y from the Lorenz
attractor (y2 in the graph). We also know by construction
that the variables within any of the individual attractors are
causally related (the triangles in the figure). On the other hand,
Figure [] (b) shows the results of applying causal calculus
to this dataset. Remarkably, the calculations show a more
complex pattern of causal interactions; the variables from



the Rossler attractor (x1,x2,x3) now seem to have a stronger
driving (causal) influence over the Lorenz attractor that among
themselves. Other tests indicate that the origin of this effect is
the use of a relatively high value for the coupling constant C
when generating the causal dataset for the coupled attractors
(see equation [3).
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Fig. 4. Performance of causal calculus on the coupled Rossler-Lorenz

attractor [24]].(a) Ground truth - polynomial graph (p(x) = 25) (b) Generated
data -polynomial graph (p(x) = 2°). The estimated graph is not isomorphic
with the ground truth; their graph edit distance is 13.

In Figure [5] we show the use of causal calculus on the Bio-
GeoScience generated dataset (see Appendix [A)). Specifically,
Figure [5] (a) shows the ground truth for this system built from
the generating equations and (b) shows the graph discovered
using causal calculus. While the calculations recovered some
of the direct causal links from the ground truth (e.g., C' = D),
the causality direction was reversed in some cases (e.g.,
C = B instead of B = (') missed completely in other cases
(e.g., A= B).
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Fig. 5. Performance of causal calculus on the BioGeoScience dataset [[30].(a)
Ground truth - polynomial graph (p(z) = x*) (b) Generated data -polynomial
graph (p(z) = x?). Despite the closeness of the genetated graph with its
ground truth, the methods misrepresents the directionality of several causal
relationships. The estimated graph is not isomorphic with the ground truth;
their edit distance is 3.

In Figure |§| we show the results of applying causal calculus
to the experimental fetal ECG dataset [35]]. This is a multichan-
nel ECG recording with one channel (D) coming directly from
the baby’s head at labor and the other channels (Abl,...Ab4)
are indirect measures taken from the abdomen of the mother.
An extra channel we certainly know is not functionally related
in any way to the measurements is channel £ (annotations).
Now even though we cannot make the claim that channel D
“causes” the others we can certainly assumed that they are
related to each other and that the strength of this relationship
is probably related to how far are the recording sensors from

each other which is an information not provided in the dataset,
therefore to the best of our knowledge, the ground truth for this
case should be the one represented in Figure [6] (a). The causal
calculus estimated inference, remarkably was able to exclude
channel E from the causal graph while unveiling most of the
other causal links between the ECG channels. Additionally,
there are preferential connections to channel D although the
directionality of these connections is unexpected (Abi = D).
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Fig. 6. Performance of causal calculus on the fetal ECG dataset [35].(a)
Ground truth - polynomial graph (p(z) = x%) (b) Generated data -polynomial
graph (p(z) = %). This method seems to recognize valid causal relationships
and correctly excludes E as a causal variable. However, the estimated graph
is not isomorphic with the ground truth; its edit distance from it is 12.

B. Information theory

1) Theory: Partially inspired by the work of Kolmogorovﬂ
Norbert Wiener proposed in 1956 his “Theory of predic-
tions” [37]. In a nutshell, the philosophy behind his approach
was that a causal factor has the effect of increasing the
predictability of an outcome variable under study. That is,
the statement ”X causes Y (X = Y) implies that we have
better chances of predicting the correct value of variable Y
by including the past and present values of X, than by using
the past values of Y alone. While Wiener moved ahead using
traditional mathematical tools, Schreiber derived a rigorous
solution using Information theory [38].

In a truly remarkable and influential paper, Claude Shan-
non almost single-handily invented Information theory in
1948 [39]. One of the immediate results from his theory
is the concept of mutual information (/xy) which was
eventually used to quantify causal relationships. However,
causality implies a preferred direction for cause and effect
and mutual information was promptly discarded because of it
symmetry (Ix y = Iy,x). On the other hand, the time-lagged
version of mutual information complies with the directionality
requirement; that is, Ix y(t) # Iy x(t) (see Appendix @)
However, Schreiber pointed out that it is possible to incor-
porate time dynamicity organically by considering transition
instead of static probabilities; in doing so he developed the
concept of transfer entropy. Assuming that two time series
variables X = z; and Y = y; can be approximated by
Markov processes, we can then write the backbone of Wiener’s
causality criteria as:

ISee Mandrekar [36] for more extensive mathematical background



p(yt+1|y?7$?b) = p(yt+1|y?)

Causality can then be measured as the difference between
the probability distributions on the right and left part of
the equation. A way to quantify this difference is using the
Kullback-Leibler divergence between probability distributions.
The final result is the transfer entropy (TE):

TExy =
PWes1lyr's xl"))
p(yt+1 \yt")

>

Yi+1,Y7 L1

P(Yer1,yr 2" )log (

Most of the time, Transfer energy is applied to pairs of
measurements (e.g., like time series). Yet, using TE in this
bivariate way can potentially underestimate causal effects con-
tributions from other sources. This is analogous to measuring
contributions from pairs of nodes in a network of graph; the
effects resulting from the interactions [40] of other nodes will
also be underestimated. To account for these affects in this
section we use a multivariate implementation of the transfer
entropy [41]], [42].

(a) (b)

o-®

Fig. 7. Transfer entropy. (a) Bivariate case. Aims to determine if there is a
causal link between selected nodes. (b) Multivariate case. Aims to find the
set of nodes Vx, = {Y1,Y2,Y3} that can be used to predict the next state
of node X with statistical significance. Repeat and optimized the procedure
for all the nodes X; in the network of potential causal variables

Give that an exhaustive multivariate transfer energy calcula-
tion soon becomes impractical due to combinatorial explosion,
optimization search strategies are needed. A detailed theoret-
ical description of the method used here was given by Lizier
and Rubinovis [40], while an example of its application on
physiological data can be found on Vicente et al. [43]].

Within information theory, information processing as ini-
tially envisioned by Turing [44]] should be able to be decom-
posed into information transfer (accounted for by the transfer
entropy just described), information modification (for which,
to the best of our knowledge we are yet to find a proper
formalization) and information storage, which we will cover
briefly now. Specifically, in this section we use the concept
of Active Information Storage (AIS) [45], [46]. The main
idea is finding a measures of how much the past of a time
series can be use to make predictions about the future and
here we distinguish two cases: (a) Making predictions at some
point in the future, which is capture by the concept of total

information storage and can me measure in practice by the
the excess entropy. We will not use this measure here but for
details please see Lizier et al. [45]. (b) Making predictions
about the next state of a variable or process, which is done by
determining the amount of past information that is currently
in use by such variable. This can be measured by the Active
Storage Information. Effectively, for a current proces process
in state ¢ with a memory of k steps or states in the past, we
measure AIS as the mutual information between those & states
and the future state ¢+ 1 and we repeat this for every state ¢ in
the time series. Formally, for the x; realizations of a variable
X, with finite memory k, the mutual information between the
past values in memory Xf__l = (Xt-1,...X¢—1-x) and the
next state X; is:

pt(xt)

2) Experiments: In Figure [§] we show the multivariate
transfer energy causal estimations (mTE) on the BioGeo-
Science dataset [30]. An important thing to notice is that
mTE brings time causality lags as a new type of information,
this feature is not provided my other methods like causal
calculus. Additionally, mTE correctly recognizes the presence
and directionality of some of the causal relationships in the
model (e.g., A = B and A = B) missed one true causal
relationship (B = D) and unveils a new, probably indirect
causal relationship with time lag 5 (A = D). This later link
is not part of the original ground truth, but it might as well
be included as it is reasonably to assume that such causal
relationship should exist although maybe with less strength
(as indicated by a higher time lag). In this figure we also
use the relative size of each node to map the values of their
Active Information Storage (AIS). The results indicate that the
main causal driver node in this model, node A, has the highest
AIS values. This indicates A contains within itself most of the
information to predict it future state. On the contrary, the main
causally driven variable in the model, node D has the lowest
AIS values. This indicates that most of the information needed
to predict the future states of D does not come from itself,
comes from other nodes.

The results in Figure [9] show the causality discovery process
using multivariate transfer entropy (mTE) on a fetal Elec-
troCardioGram (EGC) dataset [35]]. The experimental dataset
represents a multichannel ECG recording of woman in labor.
Five signals are taken from the abdomen and are labeled
Aby, ..., Abs and another signal comes directly from the baby’s
head which is labeled D. An additional signal E, contains
causally unrelated numerical annotations.

k—
Ax, = 1(X;5, X0) = <logpt(ztzt—1)>

C. Dynamical system theory

1) Theory: In this section we use causality inference meth-
ods based on dynamical system theory which in general
aims to describe the behavior complex systems by using
differential or difference equations. This area represents both
an interesting and challenging use case for causality analysis
for several reasons. First, it was a disturbing fact for both
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Fig. 8. Performance of Multivariate Transfer Energy (mTE) on the BioGeo-
Science dataset [30].The ground truth for this model is shown in the inset.
Although mTE recognizes valid causal relationships the graph polynomial
extracted from the estimated model (p(z) = x* — x2) is different from the
one extracted from the ground truth graph (p(z) = x*). The estimated graph
is also not isomorphic with the ground truth; its edit distance from it is 3.
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Fig. 9. Performance of Multivariate Transfer Energy (mTE) on the fetal
ECG [35].The ground truth for this model is shown in the inset. The method
recognizes valid causal relationships, particularly it leaves out the only node
that does not have causal relationships with the others. The graph polynomial
extracted from the estimated model (p(z) = 28 + 7x% — 1023 — 42?) is
different from the one extracted from the ground truth graph (p(x) = x?).
The estimated graph is also not isomorphic with the ground truth; its edit
distance from it is 7.
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physicist and mathematicians learning that the phase spaces
of even very simple nonlinear dynamical systems can settle
down on specific regions known as strange attractors, which
implies that the long-term evolution of the system is difficult
to predict. That is, two nearby points on the attractor can
soon diverge and be mapped to larger distances. Because
strange attractor are non-periodic; even when the evolution
of the system is restricted to a relatively small region, the
strange attractor’s trajectory never closes on itself. Prototyp-
ical examples are the Lorenz and Rdssler systems shown in
Figure [3] Although still potentially problematic, we can still
study the phase space of simple low-dimensional dynamic
systems like a pendulum with direct experiments. But most
dynamical systems of interest (e.g., weather, ecosystems) are
high-dimensional. Direct phase space experimentation in such
systems implies monitoring, perturbing or controlling a large
set of not clearly defined variables. So how could we proceed?
Here is where embedding theorems can help, we are specially
interest in Taken’s theorem [47]. In its original formulation and
later extensions and generalizations [48]]-[50], the theorem is

described in detail. However, to fully appreciate these sources,
prospective readers need a deep knowledge of differential
topology. Here we only highlight the theorem’s basic results
and practical implications for the study of dynamical systems
and causality inference.

(d) g

Fig. 10. Lorenz attractor with three shadow manifolds.(a) Lorenz attractor in
its original phase space, (b) Univariate transformation using time lags in the
y-coordinate (¥ = f(y(t),y(t —7),y(t —27))). Topologically equivalent to
the original phase space, validating Takens’ theorem. (c) Univariate transfor-
mation using time lags in the z-coordinate (& = f(z(t), z(t—7), 2(t—27))).
Not topologically equivalent to the original phase space, technically not a valid
embedding. (d) Multivariate transformation using time lags in the y- and z-
coordinates (® = f(y(t),y(t — 7),2(t))). Topologically equivalent to the
original phase space but built following generalized versions of the Takens’
theorem instead of the original one (images adapted from Deile and

Sigihara [50]).

Takens’ embedding theorem bridges the gap between theory
and experiments specially in high dimensional dynamical
system. For instance, if we want to study the population of
a rabbits (x), we might initially write a model like the classic
Lotka-Volterra , to account for the presence of their
natural predators in that ecosystem, for instance, foxes(y):

dx/dt = ax — Bay
dy/dt = —yy + oxy

But what if we want to consider all the possible factors that
might affect the population of rabbits? Then we are confronted
with a system that has many more variables, some that we
might be abe to measure (e.g., temperature) and other variables
that we cannot measure or that we are not sure if they have an
effect on the population of rabbits (z = f(y, 2, ...)). How can
we access the phase space of such a system? Takens’ theorem
provides a partial solution. It states that if a variable x has
enough information about its own system ® then it is possible
to create a new system @’ using time delay embedding of z,
such as ® and ®' are topologically equivalent (e.g., like a
doughnut and a mug). The general form of @’ is then:



¥'(z) = (a(2),a(f(z)), ... a7 (2)))

Where « is some generic observation function of x, and k is
the embedded dimension of the reconstructed attractor (which
is different from the actual dimension of the original and
maybe unknown dynamical system). In the related literature,
sometimes the attractor in the original dynamical system is
referred to as the manifold M and a reconstructed one using
Takens’ theorem is called a shadow manifold M’. We illustrate
these ideas in Figure [10| that shows the the original manifold
for the Lorenz system and the reconstruction of three shadow
manifolds. This result has remarkable practical applications.
Coming back to our example it implies that we might be able
study some features of a high-dimensional complex system
(e.g., an ecosystem) by measuring only a single relevant
variable (e.g., the number of rabbits).

Of greater interest for this work are the practical implica-
tions of these theoretical results for the study of causality.
Specifically, here we briefly describe the main ideas behind
Convergent Cross Mapping (CCM), a method of causal in-
ference inspired by the relationships between original and
shadow manifolds [23]]. The basic ideas are relatively simple.
First, two variables X and Y are causally related if they
belong to the same dynamical system, which means that they
share the same manifold M. Therefore, we can recover the
state of one variable, by looking at the past values of the
other (e.g., the current population of foxes can be recovered
from the past values of the Rabbit’s population). Additionally,
we should be able to quantify the extend to which X is
causing Y by measuring the reliability of predicting Y using
past values of X. CCM performs such measures on the
original and shadow manifolds. For instance, if X and Y share
manifold M and using Takens’ theorem we create shadow
manifolds Mx and My for X and Y respectively, then
a collection of nearby points in M x should mapped to a
similar collection of points on M and the same can be said
about variable Y. Therefore Mx and My are in a way
”connected” through M and indirectly, a collection of nearby
points in M x should mapped to a similarly collection of
collection of nearby points in My. This would not be true
if the variables X and Y are not causally related (i.e., don’t
belong to the same dynamical system with manifold M). One
last noticeable feature of CCM is its convergence property.
This means that the causal estimations improve with the length
of the time series X and Y'; the reason is that longer time
series will produce more dense attractors and therefore more
consistency when selecting a collection of nearby points in
the manifolds. The drawback is that the convergence property
increases the time to obtain accurate calculation. On the other
hand, convergence is a property that discriminates causation
from simple correlations. Additional details of the method can
be found in the supplementary material of the original paper
and a related implementation [23]], [53].

2) Experiments: In this section we present the experimental
results of applying Convergent Cross Mapping (CCM) to

several datasets. First, in Figure @ we show the results on
the coupled Rossler-Lorenz attractor [24]. (a) represents the
minimal ground truth for the causality graph as we know
from the equations of the coupled Rdssler- Lorenz system
(see section [[I-B). (b) shows the results of applying CCM
to this dataset. Overall the results for this dataset are similar
than those obtained with causal calculus (Figure[d). Justifiably,
CCM shows a more complex pattern of causal interactions
than the ground truth; the variables from the Rdossler attractor
(x1,x2,x3) now seem to have a stronger driving (causal)
influence over the Lorenz attractor that among themselves due
to the relatively high value for the coupling constant C' when
generating the causal dataset for the coupled attractors (see
equation [5).
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Fig. 11. Performance of Convergent Cross Mapping (CCM) on the coupled
Rossler-Lorenz attractor [24].(a) Ground truth (b) CCM estimation. Besides
finding all the causal relationships from the ground model, CCM also
unveils other indirect causal relationships in the coupled attractor. The graph
polynomial extracted from the estimated model and the ground truth are the
same (p(z) = 14), so the models share some core invariants. However, the
estimated graph is not isomorphic with the ground truth; their edit distance
from it is 13.

In Figure we show the use of CCM on the Bio-
GeoScience generated dataset (see Appendix [A). Figure 5]
(a) shows the ground truth for this system built from the
generating equations and (b) shows the graph discovered using
causal calculus. The results from CCM here are essentially
identical to those obtained with causal calculus
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Fig. 12. Performance of Convergent Cross Mapping (CCM) on the BioGeo-
Science dataset [30].(a) Ground truth (b) CCM estimation. CCM recognized
valid causal relationships; the graph polynomial extracted from the estimated
model and the ground truth are the same (p(z) = z*). Although close to be,
the estimated graph is not isomorphic with the ground truth; its edit distance
from it is 1.

In Figure [I3] we show the results of applying CCM to the
experimental fetal ECG dataset [35]]. This is a multichannel
ECG recording with one channel (D) coming directly from the
baby’s head at labor and the other channels (Abl, ... Ab4) are



indirect measures taken from the abdomen of the mother. An
extra channel we certainly know is not functionally related in
any way to the measurements is channel £ (annotations). The
results are similar to those using causal calculus [6| However,
those results, CCM failed to exclude channel E as causally
unrelated.
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Fig. 13. Performance of Convergent Cross Mapping (CCM) on the fetal
ECG [35]].(a) Ground truth bas build based on several observations. Node E
are non-causally related annotations. Node D is measured on the baby’s head
directly. The other measures are performed on the mother’s abdomen (b) CCM
estimation based on recorded data. Although CCM fails to exclude E from
the graph, it does seems to recognize valid causal relationships. The graph
polynomial extracted from the estimated model (p(x) = %) is different from
the one extracted from the ground truth graph (p(z) = x®). The estimated
graph is also not isomorphic with the ground truth; its edit distance from it
is 12.

D. Calculations on the target datasets.

In this section we present results for the available target
datasets. Specifically, (1) a dataset containing operating data
from a smart grid [29]], and (2) the Summit dataset [28]], con-
taining operating GPU data from the Summit Supercomputer.
The target datasets were chosen due to their direct relation-
ships to data centers and also because of their challenging
characteristics. Specifically, our initial ideas were related to
the study of data center reliability as in the datasets there is
information about GPU failure. In Figure|16|we show causality
inference results on the Summit dataset using Causal Calculus
and Convergent Cross Mapping (CCM). Interestingly enough
both methods diverge in their results and seem to uncover
different perspectives on how to see these data. Causal calculus
(Figure [16] (a)) seems to indicate that the failures have a
causal influence on all the other features except power. On
the other hand, CCM (Figure (b)) seem to indicate that all
the features in the dataset have an impact on GPU usage.
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Fig. 14. Causality inference of the Summit target dataset. [28] using:(a)
Causal calculus, and (b) Convergent Cross Mapping (CCM).

In Figure [I3] we show causality inference results on the
Smart Grid dataset using Causal Calculus and Convergent

Cross Mapping (CCM). Also in this case the methods diverge
in their results pointing to different perspectives on how to see
these data. Causal calculus (Figure (a)) seems to correctly
indicate a causal relationship between the reactive power (1P)
and the current (A) and yet it seems to miss the causal rela-
tionship with the voltage (assuming that they are measurung
reactive power as rP =V x A x sin(¢), where ¢ is the phase
between V and A). Causal calculus also unveils related and
yet probably spurious links between reactive power (rP) and
power (P) and some intesting connection with the predictive
load (Pl) which, if true could be very useful predicting the
computing load with few features. On the other hand, CCM
(Figure (b)) seem to indicate that that the most features
causally contribute to few variables in the dataset such as
current (A), wind power (wP) and solar power (sP). Although
interesting and potentially useful to create energy efficient
prediction models for these variables one wonders if a higher
threshold for causality detection could make these results
clearer by eliminated potentially spurious causal relationships.
It is also worth noting that although the CCM results are shown
in a graph, the calculations were made between each pair of
values independently. To the best of our knowledge, there is no
multivariate versions of CCM or even other similar methods
based on dynamical systems, which should introduce errors
when estimating these network-like causal relationships.
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Fig. 15. Causality inference of the smart grid target dataset. [29] using:(a)
Causal calculus, and (b) Convergent Cross Mapping (CCM).

Finally, we would like to point out that the correlation
heatmaps of the features in both, the Summit and the smart
grid datasets fail to offer any hints regarding our causality
results. This intuitively confirms that correlation does not
indicate causation, or in this case, that lack of correlation does
not preclude causation. Unfortunately, multivariate transfer
entropy (mTE) did not produced significant results for any of
these datasets. This could mean that the causal relationships
are spurious, but it can also be affected by the length and
quality of the data. For instance, we only have 127 time series
entries for every feature, which is not ideal. This is also known
to affect CCMas we already mentions that this method (and
other similar ones based on dynamical system theory) are
affected by the length of the data. For instance, with longer
time series, we should have better odds of convergence and
therefore more reliable CCM results.

Finally, in table [lI] we resumed the success (W) or failure
() of using the causal inference methods to generate causal
graphs or DAGs for selected datasets. By failure here we



Fig. 16. Correlation Heatmaps for the target datasets.(a) Summit [28] (b)
Smart Grid [29]

mean that, even though the implementation of the method ran
without error, it was not able to produce results of significant
value. That was the case of multivariate transfer entropy (mTE)
on both target datasets, but more surprisingly, for a generated
dataset (Driven attractors). Although in the case of the Summit
dataset we could assume that the cause of the failure was
insufficient data length (only 127 records) for the generated
dataset we haven’t been able to find a reasonable explanation.

TABLE 11
CAUSAL GRAPH ESTIMATION ON SELECTED DATASETS. !
Causal Calee mTE CCM
Fetal ECG [ ] [ ] [ ]
BioGeoScience | | | |
Driven Attractors H O | |
Smart Grid | O | |
Summit | O | |

! Other results are shown in the Appendix.

IV. DISCUSSION

On the practical use within DTs A robust Digital Twin
augmented with a causal analyzer can not only simulate and
monitor data center operations but also uncover the underlying
causes of failures and optimize for performance. By integrating
causal metrics like the Average Treatment Effect (ATE), our
Digital Twin offers actionable insights to enhance failure
prediction models and optimize data center reliability. For
instance, if we know that fluctuations in CPU temperature
may have a greater effect on failures than simply keeping the
temperature below a certain threshold, this insight can guide
proactive strategies to prevent future failures.

There are many opportunities in using causal analysis as
the engine of a digital twin for data center maintenance and
optimization. Key applications include root cause analysis
to identify the true sources of failures, workload scheduling
optimization to improve performance and energy efficiency,
and preventing performance degradation by pinpointing the
causes of temperature fluctuations. Additionally, anomaly de-
tection can be refined using causal inference to reduce false
positives and missed failures, while energy efficiency and
power optimization benefit from identifying the true drivers

_of power surges. Finally, digital twin-based what-if analysis

allows operators to simulate interventions before implementa-

- tion, minimizing risks and ensuring effective decision-making.

On the methods
In this work, we explore methods that are mostly related

« to causality inference regarded as a data driven approach to

estimate the presence and strength of causal links between

" variables. A related and yet conceptually different approach
. uncovered here is the area of equation discovery, technically

known as symbolic regression (see Radwan et al. [54]).
Although, as we reported, we can get a glimpse of these ideas
by reporting the invariant polynomials for the estimated DAGs;
symbolic repression will bring insights and understanding to
new qualitative levels.

Regarding dynamical system theory, in this work we lim-
ited ourselves to work with the original Convergent Cross
Mapping (CCM) method [23]]. However, other extensions for
this method has been proposed that deal with spatiotemporal
data [55]] and/or correct some of problems in the original
method. We are currently testing some of these methods,
specially CCM implemented with pairwise asymmetric infer-
ence (PAI) [53]], [56] and Tangent Space Causal Inference
(TSCI) [57], [58]. These variants will be included in future
versions of this work.

One observation that comes from our own experiments
here and seems to be confirmed by our admittedly informal
literature search, is the scarcity of proper multivariate methods
and/or implementations for causal discovery. By proper here
we mean mathematically derived multivariate versions of the
method in full consistency with the original theories in which
said methods were initially introduced. This has clearly an
impact when creating DAGs or causal graphs as the effects
of non-immediate causal links can be ignored resulting in
the visualization of spurious causal links and probably the
dismissal of relevant ones. In the case of CCM, the authors
did suggested ways to deal with confounders variables. Yet, an
integrally derived multivariate implementation was not offered
then and, to the best of our knowledge, has not been offered
by other researchers in this area ever since.

Data-driven approach underpinned by machine learning
based techniques such as Bayesian networks, neural networks
can significantly enhance causal inference. These methods
enable the automation of causal relationships discovery [59],
facilitate the determination of the structure of DAGs and
support counterfactual predictions, which are crucial for deter-
mining causal effects. We intend to explore and expand upon
these in our future works.

V. CONCLUSIONS

Future data centers are bound to be tightly integrated with
smart grids for their mutual benefit. Managing such large
infrastructures will require a combination of both: advance
analytics and visualizations. Digital twins strikes like a perfect
vehicle for delivering such services. However, even the most
advanced analytics and Al methods today fall short in provid-
ing real causal understanding of the data which degrades our



trust in their decision making capabilities. This work marks
our first step in evaluating and eventually providing causal
inference capabilities to digital twins. Specifically here we: (1)
Curated and tested datasets for causality inference, which is an
important requirement given the scarcity of those datasets. (2)
Using both generated and experimental datasets with known
ground truth, we Validated three types of causality inference
methods respectively based on causal calculus, information
theory and dynamical system theory, and (3) We applied the
lessons learned during method validation to two target datasets
containing information about GPU data centers and smart
grids. Causal insights were clearly beyond standard analytics
showing interesting causal relationships even in the absence
of data correlations. The gathered causal insights suggest new
ways to performs ever more meaningful and energy-efficient
predictions supportixng future digital twin solutions.
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APPENDIX A
SUPPLEMENTARY MATERIALS

A. Data Generation

BioGeoScience model. One of the strategies for causal data
generation used in this work implements BioGeoscience model
that studies the causal effect of air temperature on ecosystem
respiration. The system of equations for this model is:

Ay = [280sin(tm/365)2 + 50|sin(tm/365)|n;|
B; = 0.8B;_1 +0.024; + 5nP

Cy = 0.2C;_1 + 0.0024,B; + 3n¢

Dy = 0.3D;_1 + 0.9C;0.8%12(B:=15) 4 oD

Where: A; is the shortwave radiation, B, is the air temper-
ature. C} is the gross primary production, D; is the ecosystem
respiration, and 7; are noise terms. The ground truths for
this model are experimentally well known. A snapshot of the
data can be seen in Figure ST} Additional domain knowledge
implications of the model can be found in the reference work
by Runge et al. [30]

Health-BMI dataset. Of the handful of available libraries to
generate causal Directed Acyclic Graphs (DAGs) we choose
simDAG [31] due to its ability to generate arbitrarily complex
causal models with bespoke statistical properties. In this work
we used the intuitive Health-BMI causal model they report
in their documentation. The DAG and structural generating
equations for this model Figure [S2]

In this model, o, 3, 7, and § are adjustable parameters
and n is a noise factor. Datasets to explore the strength
of causal effects can therefore be produced by fine-running
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Fig. S1. Time series causal data generated using the BioGeoScience model.

bmi = a, + p; X sex +y, X age +1
p(death) = a, +y, X age + & X bmi

with p(x) = m

Fig. S2. Health-BMI DAG with its generating structural equations.

the variables and/or parameters of this model. For instance,
generating different data files using fixed settings for all the
parameters except for § that can be allowed to take equally
spaced values in the interval [0, 1], can shed light on the causal
effect bmi = death.

B. Essential quantities from information theory.

Entropy. Expected value of the amount of information
needed to predict the next state x,, 1 of a process:

Hx = (—10gy p(Znt1))n

Joint entropy. For variables X and Y, is the uncertainty of
their joint distributions:

Hyy = (logo p(Tn; yn))n
Conditional entropy. The conditional entropy for a variable

X given Y is the average amount of uncertainty that remains
of the state x,, once we know the state y,,:

Hyy = (logy p(Tn|Yn))n

Mutual information. The mutual information for variables
X and Y is the average reduction in the uncertainty of the state



xz, once we know the state y,, or vice versa (this measure is
symmetric respect to X and Y)).

Ixy = Hx — Hxy = (logy p(@n|yn)/p(2n))n

Iy x = Hy — Hy|x = (1082 p(yn|xn)/P(yn))n

Ixy =Iyx
Timed-lagged mutual information. With a small change in
the definition of mutual information we can also measure
this quantity for a state lagged a time step tf. Unlike mutual
information, lagged mutual information is not symmetric and
therefore can (in theory) be considered as a measure for
causality. Furthermore, by incorporating time (), this metric

implicitly accounts for some dynamicity:

Ixy(t) = Hx(t) — Hxy (t) = (logy p(Tntt|yn)/P(Tn+1))n
IY,X(t) = Hy(t) - HY\X@) = (logy P(Yn+1|2n)/P(Yn+1))n
Ixy(t) # Iyx(t)

C. Extra figures
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Fig. S3. Performance of causal calculus on the Simpson paradox model from
from the Csuite [21]], [22].(a) Ground truth, (b) Generated data. Both results
show the same polynomial graphs (p = x*), accounting for the preservation
of some core graph invariants. However, the two graphs are not isomorphic.
Their graph edit distance is 3.
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Fig. S4. Performance of causal calculus on the mixed confounding model
from from the Csuite [21], [22]].(a) Ground truth, (b) Generated data. Both
results show the same polynomial graphs (p(z) = z'2), accounting for the
preservation of some core graph invariants. However, the two graphs are not
isomorphic. Their graph edit distance is 37.
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