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ABSTRACT
The digital twin, as a digital counterpart of a physical entity, has
shown great potential in data center prototyping and predictive
thermal management. In this regard, Computational Fluid Dynam-
ics/Heat Transfer (CFD/HT) models have been widely adopted.
However, the computing time of the CFD/HT simulation is pro-
hibitively long in practice. The Proper Orthogonal Decomposition
(POD) has been explored to approximate the CFD/HT simulation
by a linear combination of POD modes and coefficients. Existing ap-
proaches to calculating the POD coefficients use either the black-box
interpolation or the simplified physical model, leading to unsatis-
factory generalization ability. To advance existing approaches, this
paper proposes Reducio, a physics-guidedmodel reduction approach
based on the POD to predict the temperature field by following
two key phases of i) offline POD modes calculation and coefficients
interpolation and ii) online coefficients extrapolation supervised by
the principle of energy balance. To extrapolate the coefficients with
limited training data, we adopt the Gaussian Process (GP) model to
learn a nonlinear map between the boundary conditions and POD
coefficients. We conduct two case studies in two data centers with
different scales. Evaluation results in the edge data center show
that Reducio achieves sub-1°C mean absolute error (MAE) in tem-
perature field prediction compared with the CFD/HT simulation
result, outperforming the existing method based on the simplified
physical model by 1.5 °C. When evaluating in the industry-grade
hyper-scale data center with the sensor measurements, around 1°C
temperature prediction MAE is observed. Furthermore, Reducio
can predict the full-fledged temperature field in real-time, making it
a strong candidate for building data center predictive digital twins.
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1 INTRODUCTION
The scale of data centers has been growing continuously in recent
years to support the ever-increasing cloud service demand. Mean-
while, the worldwide growth of data centers also poses substantial
challenges in optimizing data center sustainability since data cen-
ters are energy-intensive enterprises. A latest survey showed that
data centers contribute 0.3% global carbon emissions and the esca-
lating trend will continue in the next decade [2]. Therefore, effective
data center management is highly desirable to ensure business con-
tinuity and boost sustainability. Current data centers are usually
equipped with the Data Center Infrastructure Management (DCIM)
system to monitor the system states and provide information for
the operators to identify potential risks such as unplanned server
shutdowns, local hot spots and etc. However, with the rapid growth
in data center scale and complexity, such reactive monitoring makes
it difficult for the operators to forecast potential failures. In this
regard, it is necessary to extend the DCIM with accurate and timely
predictive models.

We consider predictive digital twins as a solution for proactive
data center thermal management. A digital twin is the digital coun-
terpart of a physical entity, enabling multi-physics and multi-scale
simulation as well as the probabilistic modeling of the physics en-
tity [18]. The predictive digital twin of a data center is expected
to characterize the thermal and airflow distributions given cer-
tain boundary conditions. To fulfill the expectations, Computa-
tional Fluid Dynamic/Heat Transfer (CFD/HT) simulation is widely
adopted [14, 19]. It can derive the fine-grained temperature field
by solving the energy balance and Navier-Stokes equations. To
pursue high-fidelity simulation, effective CFD/HT model calibra-
tion is important. For example, as reported in [23], the calibrated
CFD/HT models can achieve sub-1°C temperature prediction er-
rors. Although the calibrated CFD/HT model can achieve accurate
prediction, the high computation overhead still limits its adoption
for timely temperature prediction. For instance, when the CFD/HT
simulation is conducted for hyper-scale data centers with fine mesh
granularity, the solving time may vary from hours to days. There-
fore, the CFD/HT simulation is usually implemented in prototyping
data center design.

To facilitate timely temperature prediction, alternative surro-
gate models with low computation overhead will be preferred. In
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Table 1: Summary of the existing works related to data center thermal modeling.

Data Center Thermal Models Accuracy Speed Temperature Field Size (m2)

Physics-guided

High Fidelity
Modeling

Turbulent CFD/HT
Model [23] MAE: sub-1 °C hours Yes >800

Simplified
Modeling

Potential Flow [10] MAE: 2.4 °C ~23 s Yes ~500
Heat Recirculation [7] MAE: ~2 °C real time No N/A
Fast Fluid Dynamics [8] NRMSE: 4% ~250 s Yes ~660

Data-driven

Proper Orthogonal
Decomposition

Flux Matching [16] MAE: 1.24 °C real time Yes ~20
Galerkin Projection [15] MAE: 1.36 °C ∼4 s Yes ~20
Spline Interpolation [17] MAE: sub-1 °C real time Yes ~100

Reducio MAE: sub-1 ° C real time Yes >800
Machine Learning

Approaches
Time Series Prediction [11] MAE: ~3 °C real time No 30

Gaussian Process [1] MAE: sub-1 °C real time No ~50

this regard, the data-driven approaches that leverage the power
of machine learning models become prevailing in recent years.
For example, some researchers adopted machine learning models
such as the Gaussian Process (GP) model and the Artificial Neural
Network (ANN) model to learn a regression function between the
boundary conditions and the temperature of a number of discrete
spatial points [1]. Such an approach is straightforward and achieves
satisfactory prediction accuracy. However, its flexibility and scal-
ability are poor because one should train a prediction model for
each spatial point of interest. To achieve full-fledged temperature
field prediction, the Proper Orthogonal Decomposition (POD) is a
good candidate technique. The idea of the POD is to express a tem-
perature field with the linear combination of the orthogonal basis
functions (i.e., POD modes) and the corresponding coefficients. The
POD coefficients are determined by specific boundary conditions.
To model the relationship, some researchers attempted to project
the POD modes into the governing equations via Galerkin Projec-
tion and solve the high-dimensional algebraic system directly [15].
However, such a method is computationally expensive with high
dimensional temperature field. To accelerate the POD coefficients
calculation, the simplified heat flux matching is proposed based on
the energy balance principal [16]. However, the oversimplified mod-
els may generate unsatisfactory performance, especially for areas
not covered by the heat flux matching process. Other researchers
proposed to build the interpolation functions between the boundary
conditions and the POD coefficients, and satisfactory prediction
accuracy is achieved. [17]. However, the black-box methods do not
consider the underlying physical process. In other word, the pre-
dicted temperature field might violate certain physical constraints
such as room-level energy balance as can be seen in §6. Therefore,
an approach that incorporates physical knowledge into the POD
coefficient interpolation process is still missing.

To bridge this gap, we propose Reducio, a physics-guided ma-
chine learning approach for building accurate and timely data center
predictive digital twins. Our approach is developed based on the
POD, a well-established modal analysis method in fluid dynamics
[21] and the GP model [24], a powerful machine learning method
that can work with limited data and quantify prediction uncer-
tainty. Our approach consists of two stages: a) the offline POD
mode computation and GP predictor construction; b) the online
physics-guided temperature field prediction. In the offline phase,

the POD modes are first extracted from empirical CFD/HT simu-
lation results. For each CFD/HT simulation result, we project it
into every POD mode to obtain the corresponding POD coefficient.
Subsequently, the GP models are trained to map the boundary con-
ditions to the derived coefficients. The online stage is motivated
by the prediction-correction framework proposed recently in the
safe reinforcement learning community [13], where a differentiable
optimization layer is added to regulate the prediction result from
a neural network to satisfy certain constraints. In this paper, we
extend the idea to the POD coefficient calculation and formulate a
constrained optimization problem to rectify the POD coefficients
from the GP models. For a test case with new boundary conditions,
we first leverage the trained GPmodels to produce coarse estimation
of the POD coefficients. Subsequently, we rectify the coarse esti-
mation in their vicinity with the energy balance principal. Finally,
the temperature field is reconstructed with the linear combination
of the rectified POD coefficients and corresponding POD modes.
We evaluate the proposed method in an edge data center against
CFD/HT simulation results and in an industry-grade hyper-scale
data center against real temperature sensor measurement. In the
former case, the proposed method achieves sub-1°C mean absolute
error (MAE) and that in the latter case is around 1°C. Moreover, Re-
ducio achieves real-time prediction, making it suitable for proactive
data center thermal management.

We summarize our main contributions as follows.
• We propose Reducio, a physics-guided machine learning
approach for CFD/HT model reduction based on the POD
technique and the GP models to achieve fast and accurate
full-fledged temperature field prediction.

• In Reducio, a novel post-hoc rectification method is proposed
to inject energy balance principals into the POD coefficients
calculation to significantly boost temperature prediction ac-
curacy. In this regard, a convex optimization problem is
formulated and optimal solution can be found numerically.

• We evaluate Reducio in two data centers with different scales
extensively to show its superior prediction accuracy. When
evaluating in the edge data center, Reducio can achieve
around 0.5 °C MAE in the temperature field prediction, out-
performing the existing POD coefficients calculation method
by 1.5 °C. As for the hyper-scale data center case, about 1 °C
MAE is available against the sensor measurements.
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Table 2: Summary of notations.

Sym. Definition Sym. Definition

| | · | |2 ℓ2-norm Tsup vector of CRAC supply temperature
| | · | |𝐹 Frobenius norm Vsup vector of CRAC volumetric air flow rates
⟨·, · ⟩ inner product P vector of server power
𝑚 number of CRACs V vector of server inlet volumetric air flow rates
𝑛 number of servers b vector of boundary conditions
𝑁 number of training cases 𝛂 vector of per Watt server inlet volumetric air flow rate
𝑟 number of truncated POD modes b̃ vector of aggregated boundary conditions
𝐷 dimension of full-fledged temperature field â vector of coarse estimation of POD coefficients
Tobs temperature field observation dataset 𝝈 vector of standard deviation of POD coefficient prediction
a vector of POD coefficients atar

𝑘
vector of regression target for the 𝑘-th GP model

𝛟 vector of POD mode 𝐶𝑝 , 𝜌 specific heat and air density

2 RELATEDWORK
In this section, we review the relevant studies in data center ther-
mal modeling which are categorized into physics-driven and data-
driven methods, respectively. Table 1 summarizes the existing
works on data center thermal modeling.

2.1 Physics-Guided Thermal Modeling
Physics-guided thermal models are developed based on the first
principal laws that govern the thermodynamics. In the past decades,
the CFD/HT simulation is the representative tool to simulate the
thermodynamics within a data center [14, 19, 23]. It is advanta-
geous in deriving the full-fledged temperature field that allows the
operators to perform the what-if analysis. However, the simulation
of a CFD/HT model with fine-grained mesh cells can take several
hours, which is prohibitive for timely prediction.

Recently, some researchers have attempted to either develop
advanced numerical solvers or solve simplified physical models to
accelerate the CFD/HT simulation. For example, some researchers
utilized the potential flow method, which solves the simplified sys-
tem with less computational efforts [10]. Even though this kind
of method can achieve considerable acceleration compared with
the conventional CFD/HT simulation, the simplified approxima-
tion may compromise the accuracy. Instead of solving a simplified
system, Zuo et al. proposed the Fast Fluid Dynamics (FFD) for the
sake of fast and accurate simulation of data center thermodynamics
[8, 25]. The FFD method solves identical governing systems with
an advanced numerical algorithm, achieving 50x acceleration. Al-
though substantial acceleration is achieved with the FFD method,
the simulation time is still at the scale of hundreds of seconds
(around 250 seconds to simulate a 660 m2 data hall [8]). To further
accelerate the FFD simulation, an in situ adaptive tabulation (ISAT)
algorithm is combined with the FFD simulation model [22]. For
a test case, the ISAT algorithm will retrieve the simulation result
from the dataset containing the offline FFD simulation results if
the estimated prediction error is within a pre-defined tolerance
threshold and the FFD simulation will be conducted if no matching
result is found. Although further acceleration is achieved via the
ISAT algorithm, it still cannot satisfy the real-time prediction re-
quirement for an arbitrary testing case because the FFD simulation
should be conducted inevitably if no matching result can be found
in the oracle.

2.2 Data-Driven Thermal Modeling
To achieve real-time simulation, a number of researchers have
developed data-driven approaches for data center temperature pre-
diction. The black-box data-driven thermal modeling is to learn a
function that maps the boundary conditions to the temperature at
certain discrete points. Recently, Athavale et al. proposed to use the
machine learning tools for direct temperature prediction [1]. They
found that sub-1 °C temperature prediction error can be achieved
with the GP regression model. However, they also found that the
prediction accuracy degraded drastically with fewer training data,
and thus its generalization is worrisome in practice. In contrast to
the pure data-driven methods, some researchers have attempted to
incorporate simplified physics models into the data-driven thermal
models to improve generalization and interpretability. For instance,
Li et al. proposed the Thermocast, a transient server temperature
predictor that incorporates sensor measurements and simplified
physics models, to predict the server temperature ahead of time
[11]. Different from the Thermocast which focuses on transient
thermal dynamic prediction, Gupta et al. proposed to leverage the
Heat Recirculation Matrix (HRM) to establish the linear function
between the steady-state server inlet temperature and server heat
loads [7]. However, both approaches cannot yield satisfactory pre-
diction accuracy.

Another thread in data-driven data center thermal modeling is
based on the POD and a full-fledged temperature field can be pre-
dicted with POD-based approaches [5, 15–17]. The basic idea of the
POD is to decompose a temperature field into a set of POD modes
and it can be represented by their linear combination. The POD
modes can first be extracted from empirical CFD/HT simulation
results by solving an eigenvalue problem and the function between
the coefficients in the linear combination and boundary conditions
are established subsequently to deal with new test cases. As for the
mapping function, some researchers establish an algebraic system
to derive the POD coefficients for a test case. The algebraic system
can be established either from the Galerkin Projection [5, 15] or
the heat flux matching process [16]. A high dimensional algebraic
system is built from Galerkin Projection and its solving time is
significantly longer than the simplified heat flux matching counter-
part. For the heat flux matching-based approach, a linear system
relating the POD coefficients and the boundary conditions is estab-
lished and the least square technique is utilized to derive the POD
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coefficients. Other researchers utilized the interpolation methods
to directly learn a function that maps boundary conditions into
POD coefficients without physics knowledge [17]. These methods
are reported to have satisfactory prediction accuracy. However,
the interpolation does not involve physics knowledge, rendering
it unreliable when dealing with varying boundary conditions and
complicated 3D geometry.

3 PRELIMINARY
In this section, we provide necessary preliminary knowledge. We
first introduce the POD method. The GP regression model is briefly
introduced in the following. The notations used in this paper are
listed in Table 2.

3.1 Proper Orthogonal Decomposition
The POD, also known as the Karhunen-Loeve decomposition [21],
is a powerful tool for designing surrogate models for complex multi-
scale turbulent convective systems [15]. The basic idea of POD is
to approximate the temperature field by the linear combination of
POD modes that capture the coherent structure in the temperature
field. It has been widely used for modal analysis in the fluid dynam-
ics community [21]. In this paper, we consider a finite dimension
steady-state temperature field as T(x) ∈ R𝐷 where x is the spatial
coordinate in the cartesian coordinate system and 𝐷 is the number
of grid cells in CFD/HT simulation. T(x) can be expanded with the
POD modes:

T(x) =
∑︁
𝑖

𝑎𝑖𝛟𝑖 (x), (1)

where 𝑎𝑖 is the POD coefficient for the 𝑖-th POD mode 𝛟𝑖 (x) ∈ R𝐷 .
To efficiently solve the PODmodes, we leverage theMethod of Snap-
shots proposed by Sirovich et al. [20]. Specifically, we can obtain
𝑁 temperature field Tobs

𝑖
(x), 𝑖 = 1, 2, ..., 𝑁 by running 𝑁 CFD/HT

simulation with different boundary conditions, which forms a train-
ing dataset Tobs = [Tobs

1 (x),Tobs
2 (x), ...,Tobs

𝑁
(x)] ∈ R𝐷×𝑁 where

each column is a simulated temperature field. Formally, the POD
generates a set of basis that forms a low-rank matrix 𝚽 ∈ R𝐷×𝑟 so
that the following objective function is minimized:

argmin
𝚽, s.t. rank(𝚽)=𝑟

| |Tobs − 𝚽𝚽
⊺Tobs | |𝐹 . (2)

where the 𝑖-th column of 𝚽 is the 𝑖-th POD mode 𝛟𝑖 and 𝑟 is the
rank of the truncation. This optimization problem can be solved
by implementing the Singular Value Decomposition (SVD) on the
training dataset Tobs. After we obtain the POD modes, the key
challenge is to determine the POD coefficients for a new case, which
will be addressed in §5.

3.2 Gaussian Process Regression
In this section, we briefly introduce the GPmodel and its application
in the regression problem. We refer interested readers to [24] for
more details.

Consider a noisy observation 𝑦 from an underlying function
𝑓 : R𝑛 → R through a Gaussian noise model 𝑦 = 𝑓 (x) + 𝑛 where
x ∈ R𝑛 is the feature vector and 𝑛 is the Gaussian noise with distri-
bution N(0, 𝜎2

𝑛). The statistical property of 𝑦 is fully specified by
its mean function 𝜇 (x;𝜃𝜇 ) = E

[
𝑓 (x);𝜃𝜇

]
and covariance function
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Figure 1: Illustration of an air-cooled raised-floor data center
with hot-aisle containment.

K(x𝑖 , x𝑗 ;𝜃K ) = E{[𝑓 (x𝑖 ) − 𝜇 (x𝑖 ;𝜃𝜇 )] · [𝑓 (x𝑗 ) − 𝜇 (x𝑗 ;𝜃𝜇 )];𝜃K }
where 𝜃𝜇 and 𝜃K are the hyperparameters of the GP model.

The application of GP in regression problem is straightforward.
Let X = [x1, x2, ..., x𝑁 ]𝑇 ∈ R𝑁×𝑝 be the feature vector set con-
taining 𝑁 samples where x𝑖 ∈ R𝑝 is the 𝑖-th feature vector and
Y = [𝑦1, 𝑦2, ..., 𝑦𝑁 ]𝑇 ∈ R𝑁 be the label set. Let D = (X,Y) be the
training dataset. It is important to note that the GP is a nonpara-
metric model which means that in the training phase, we only need
to store the training dataset D and estimate the hyperparameters
𝜃𝜇 and 𝜃K via Maximum Likelihood Estimation (MLE) [24]. In the
inference phase, let us consider a new test sample x∗ ∈ R𝑛 and
denote the output of the GP model as 𝑦∗ which follows a Gaussian
distribution N(𝑦∗, 𝜎2

∗ ) where the 𝑦∗ and the 𝜎2
∗ can be computed

in the following way:

𝑦∗ = 𝜇 (x∗;𝜃∗𝜇 ) + K∗K−1
[
Y − 𝜇 (X;𝜃∗𝜇 )

]
, (3)

𝜎2
∗ = K∗∗ − K∗K−1K𝑇

∗ , (4)

Here, K∗ = [K(x∗, x1;𝜃∗K ), ...,K(x∗, x𝑁 ;𝜃∗K )] ∈ R𝑁 and K ∈
R𝑁×𝑁 is the covariance matrix.

4 SYSTEM MODEL
In this section, we first present the system configuration. Subse-
quently, we introduce the multi-scale data center thermal modeling.

4.1 System Configuration
In this paper, we consider a data center with𝑚 Computer Room Air
Conditioning (CRAC) units and 𝑛 servers. The layout of a typical
air-cooled data center with hot aisle containment is illustrated in
Fig. 1. The 𝑖-th CRAC unit is specified by its air supply temperature
𝑇
sup
𝑖

(°C) and supply air volumetric flow rate 𝑉 sup
𝑖

(m3/s). The
configuration of a server includes its power consumption and inlet
air volumetric flow rate.

Inputs: The input to the predictive digital twin are a vector con-
taining all boundary conditions and 𝑟 POD modes. Specifically,
the boundary condition vector is b = (Tsup,Vsup, P,V) where
Tsup = [𝑇 sup

1 ,𝑇
sup
2 , ...,𝑇

sup
𝑚 ], Vsup = [𝑉 sup

1 ,𝑉
sup
2 , ...,𝑉

sup
𝑚 ], P =

[𝑃1, 𝑃2, ..., 𝑃𝑛], V = [𝑉1,𝑉2, ...,𝑉𝑛] are the vector of air supply tem-
peratures, the vector of supply air volumetric flow rates, the vector
of server heat loads, and the vector of server inlet air volumetric
flow rates, respectively.
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Outputs: The result is a full-fledged temperature field T̃(x) =∑𝑟
𝑖=1 𝑔𝑖 (b)𝛟𝑖 (x), where the function 𝑔𝑖 (b) maps the boundary con-

dition vector b into the coefficient for the 𝑖-th POD mode.

4.2 Multi-Scale Data Center Thermal Modeling
Data centers are representative multi-scale turbulent convective
system [15]. In other words, we need to consider the energy balance
from the local individual server to the global room space. In the
server level, let the inlet and outlet temperature of the 𝑖-th server
be 𝑇 in

𝑖
and 𝑇 out

𝑖
, the server level local energy balance is written as:

𝑃𝑖 = 𝐶𝑝𝜌𝑉𝑖 (𝑇 out
𝑖 −𝑇 in

𝑖 ), (5)

where𝑉𝑖 is the 𝑖-th server inlet air volumetric flow rate, 𝜌 is the air
density and 𝐶𝑝 is the specific heat. In this paper, we model 𝑉𝑖 as a
linear function of 𝑃𝑖 by:

𝑉𝑖 = 𝛼𝑖 · 𝑃𝑖 , (6)

where 𝛼𝑖 is the perWatt server inlet air volumetric flow rate (m3/(s·
W)) for the 𝑖-th server [12]. In general, 𝛼𝑖 cannot be obtained from
the server hardware specification and can only be estimated via
model calibration or on-site measurement [23]. In this paper, we
assume that all 𝛼𝑖 are known as a prior.

In the room level, we adopt a nodal model and view the entire
data hall as a node similar to the treatment in EnergyPlus [3]. The
room level energy balance is expressed as:

𝑚∑︁
𝑖=1

𝐶𝑝𝜌𝑉
sup
𝑖

(𝑇 ret
𝑖 −𝑇

sup
𝑖

) =
𝑛∑︁

𝑘=1
𝑃𝑖 , (7)

where 𝑇 ret
𝑖

is the return air temperature of the 𝑖-th CRAC unit.

5 THE REDUCIO APPROACH
In this section, we first provide an overview of the proposed Reducio
approach. Subsequently, we elaborate on our solution in detail.

5.1 Approach Overview
The workflow of Reducio is illustrated in Fig. 2 and it can be divided
into the offline phase and online phase. In the offline phase, we first
conduct multiple CFD/HT simulations under different boundary
conditions to obtain the observation dataset Tobs. This step is the
most time-consuming one in the entire workflow since multiple
CFD/HT simulations are implemented. After we obtain the observa-
tion dataset, the Method of Snapshot introduced in §3.1 is applied
to obtain the POD modes. Following that, we project each tempera-
ture field into the POD modes to derive their corresponding POD
coefficients, which will serve as the labels for the GP models. Subse-
quently, we construct GP models that learn the mapping between
the boundary condition and the derived POD coefficient. Since the
common GP model cannot make vector prediction, we ignore the
correlation between POD coefficients and train one GP model for
each POD coefficient 1.

In the online phase, the core challenge is to infer the POD coef-
ficient of each POD mode given new boundary conditions. In this
regard, we design a novel physics-guided two-step framework. To be
specific, we first leverage the offline trained GP models to provide
1Vector prediction with the GP model is also feasible, but we empirically found that
treating POD coefficients as independent random variables is sufficient.

a coarse estimation of each POD coefficient given the new bound-
ary conditions. After that, based on the POD coefficients from the
GP models, a physics-guided rectification is conducted within the
vicinity of the coarse estimations, which will be addressed in detail
in §5.3.2. Finally, the temperature field is predicted by the linear
combination of the POD modes and the rectified POD coefficients.

5.2 Offline GP Model Training
In this paper, the GP regression model is leveraged to learn a non-
linear mapping between boundary conditions and each POD coeffi-
cient. The reasons for choosing GP models are three folds. Firstly,
according to the POD theory, each case in the training dataset can
be reconstructed with the extracted POD modes and the coefficient
for each POD mode is the inner product of the training case and
the POD modes. By using the GP model, we can guarantee that
if the testing input is identical to a training input, the prediction
will become the simple retrieval of the corresponding derived POD
coefficients and the prediction will be accurate because the GP
regression can be viewed as interpolation. Otherwise, the predicted
POD coefficients will be the weighted average of all POD coeffi-
cients in the training dataset and the training inputs which are close
to the testing input will have more impacts on the prediction result.
Such a similarity-guided weighted averaging can be viewed as a soft
look up table query and it can be connected to the surrogate model
based on the ISAT algorithm, where the hard look up table query is
implemented [22]. Secondly, GP models offer good generalization
ability in the small data regime. The CFD/HT simulation is very
time-consuming, and thus it is prohibitive to obtain a large vol-
ume of simulation results to train a sophisticated machine learning
model such as the deep neural network. Therefore, GP models are
preferable when dealing with simulation data. Thirdly, GP models
provide the uncertainty for the prediction. The uncertainty informa-
tion is helpful to define the feasible search region for the proposed
physics-guided rectification, which will be discussed in §5.3.2.

For 𝑟 POD modes used to predict the temperature field, we estab-
lish 𝑟 GP regression models, i.e., one for each POD mode, and the
input as well as the regression target for each model are specified
in the following. We adopt the aggregated boundary conditions
b̃ = [𝑇 sup

1 , ...,𝑇
sup
𝑚 ,𝑉

sup
1 , ...,𝑉

sup
𝑚 ,

∑
𝑖 𝑃𝑖 ,

∑
𝑖 𝑉𝑖 ] ∈ R2𝑚+2 as the in-

put to each GP model. The reasons for using the aggregated bound-
ary condition instead of the raw boundary conditions are two-fold.
Firstly, a data center may host hundreds even thousands of servers,
leading to the curse of dimensionality. Such a high dimensional
input space will impede the learning of the GP model given limited
CFD/HT simulation results, e.g., tens of samples in our cases. Sec-
ondly, the GP models are only used to generate a coarse estimation
of the POD coefficients, and therefore the aggregated boundary
condition is sufficient for this purpose. We project all temperature
fields in the training dataset to the corresponding POD mode to
obtain the regression target. Specifically, for the 𝑖-th GP model, to
obtain the regression target for the 𝑘-th case in the training dataset,
we compute the inner product of Tobs

𝑘
and the 𝛟𝑖 as the target:

𝑎tar
𝑘,𝑖

=< 𝛟𝑖 ,T
obs
𝑘

>, 𝑘 = 1, 2, ..., 𝑁 , (8)

As for the mean and kernel functions of the GPmodel, we use the
widely adopted constant mean function 𝜇 (b̃) = 0 and the squared
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CFD/HT  Model Training Samples

POD Modes GP Models

Testing Input

Coarse POD 
Cofficients 

Rectified POD 
Coefficients Temperature Field

Online StageOff line Stage

1. Simulating

2. Solving 3. Training

4. GP Inference

5. Physics-Guided 
Rectification

Training Inputs

6. Predicting

Figure 2: Workflow of Reducio. In the offline phase, POD modes are extracted from the observation dataset. GP models which
learn the mapping between the boundary conditions and the POD coefficients are trained subsequently. In the online phase,
we obtain the coarse estimation of each POD coefficient with the corresponding GP model and rectify the estimation by the
physics-guided rectification. Finally, the rectified POD coefficients are used for temperature field prediction.

exponential kernel K(b̃𝑖 , b̃𝑗 ) = 𝜎2 exp
(
− | |̃b𝑖−b̃𝑗 | |2

2𝑙2

)
where 𝜎 and 𝑙

are two hyperparameters and they can be optimized by GPy [6]. It
should also be noted that all GP models share the same form of the
mean and kernel function but with different hyperparameters.

5.3 Online POD Coefficient Estimation
In this section, we describe the online stage of Reducio, a physics-
guided two-step approach for estimating the POD coefficients given
𝑛𝑒𝑤 boundary conditions. We first introduce how to obtain a coarse
estimation of POD coefficients with the offline optimized GPmodels.
Following that, we will provide the formulation of the physics-
guided rectification.

5.3.1 Coarse Estimation with GP Models. Given a test case with ag-
gregated boundary condition vector b̃∗ and 𝑟 optimized GP models,
we produce 𝑟 coarse estimation of the coefficients for the corre-
sponding POD modes. Specifically, for the 𝑖-th POD coefficient, we
use the posterior mean defined in Eq. (3) as the coarse estimation.
By repeating this process for 𝑟 times, we can obtain the coarse
estimation of 𝑟 POD coefficients, denoted as â = [𝑎1, ..., 𝑎𝑟 ]. More
importantly, we can also obtain the prediction uncertainty from
Eq. (4), and the result forms a vector defined as 𝝈 = [𝜎1, 𝜎2, ..., 𝜎𝑟 ].
However, it should be noted that such a procedure does not guar-
antee that the predicted temperature field will respect the global
and local energy balance without imposing explicit constraints.
This motivates us to design the physics-guided local search based
on the coarse estimation â and the uncertainty vector 𝛔 produced
by the GP models so that local and global energy balance can be
incorporated in the POD coefficient calculation.

5.3.2 Rectification with Physics-Guided Local Search. In this sec-
tion, we formulate a constrained optimization problem so that the
multi-scale energy balance is incorporated in the inference process.
We first plug the POD expansion of a temperature field into the Eq.
(5) as:

𝑃𝑖 = 𝐶𝑝𝜌𝑉𝑖

{ 𝑟∑︁
𝑘=1

𝑎𝑘

[
𝜙𝑘 (xout𝑖 ) − 𝜙𝑘 (xin𝑖 )

] }
. (9)

By finding a proper set of POD coefficients in Eq.(9), the local energy
balance of the 𝑖-th server will be satisfied in the predicted temper-
ature field. Similarly, we can also incorporate the POD expansion

into the room level energy balance Eq. (7) as:

𝑚∑︁
𝑖=1

𝐶𝑝𝜌𝑉
sup
𝑖

{ 𝑟∑︁
𝑘=1

𝑎𝑘𝜙𝑘 (xret𝑖 ) −𝑇
sup
𝑖

}
=

𝑛∑︁
𝑘=1

𝑃𝑖 , (10)

Based on Eq. (9) and Eq. (10), the rectification aims to search for a
POD coefficient vector a in the vicinity of the coarse estimation â
so that the global energy balance will be satisfied while the local
energy balance is satisfied as much as possible. The reason why
we cannot make all local energy balance hold is that the number
of servers hosted in a data center will exceed the number of POD
modes by a large margin, i.e., 𝑛 >> 𝑟 in practice. Therefore it is
unlikely to find a set of POD coefficients that satisfy all local energy
balance simultaneously. Meanwhile, it should be noted that there
exists only one global energy balance to be satisfied and thus we can
enforce its satisfaction. Guided by these modeling principles, we can
formulate the physics-guided local search problem as a Quadratic
Constrained Quadratic Programming (QCQP) in the following:

min
a

∥a − â∥2

s.t.
𝑛∑︁
𝑖=1

{ 𝑃𝑖

𝐶𝑝𝜌𝑉𝑖
− a⊺

[
Φ(xout𝑖 ) − Φ(xin𝑖 )

] }2
≤ 𝜖,

𝑚∑︁
𝑖=1

𝐶𝑝𝜌𝑉
sup
𝑖

[
a⊺Φ(xret𝑖 ) −𝑇

sup
𝑖

]
=

𝑛∑︁
𝑘=1

𝑃𝑖 ,

𝑎𝑖 − 𝛽𝜎𝑖 ≤ 𝑎𝑖 ≤ 𝑎𝑖 + 𝛽𝜎𝑖 , 𝑖 = 1, 2, ..., 𝑟 .

(11)

Here, Φ(xout
𝑖

) = [𝜙1 (xout𝑖
), ..., 𝜙𝑟 (xout𝑖

)] ∈ R𝑟 contains the values
of 𝑟 POD modes at the 𝑖-th server outlet. 𝚽(xin

𝑖
) and 𝚽(xret

𝑖
) are

defined similarly. It should also be noted that the local search is
also bounded by the uncertainty of each POD coefficient, which is
produced by the GP models. If the uncertainty is large, we should
count more on the multi-scale energy balance to obtain a reasonable
estimation of the POD coefficients and vice versa. Therefore, the
GP model offers unique advantages over other machine learning
methods in the physics-guided rectification. As for the determining
of 𝜖 in the first constraint of optimization problem (11), we plug in
the coarse estimation result â into the LHS of the first constraint,
i.e., 𝜖 =

∑𝑛
𝑖=1

{
𝑃𝑖

𝐶𝑝𝜌𝑉𝑖
− â⊺

[
𝚽(xout

𝑖
) − 𝚽(xin

𝑖
)
] }2

. By imposing such
a constraint, we aim to make the rectified POD coefficients produce
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Figure 3: Layout of the studied edge data center. There exists
one CRAC unit and two racks which host 70 homogeneous
servers in the data hall. Sensors are placed at server inlets
and outlets, as well as CRAC unit return.

smaller local energy balance violation than that incurred by the
coarse estimation from the GP models.

We solve the QCQP by problem reformulation. Specifically, we
introduce an auxiliary variable 𝑡 so that the problem can be refor-
mulated as:

min
a,𝑡

𝑡

s.t.
𝑛∑︁
𝑖=1

{ 𝑃𝑖

𝐶𝑝𝜌𝑉𝑖
− a⊺

[
𝚽(xout𝑖 ) − 𝚽(xin𝑖 )

] }2
≤ 𝜖

𝑚∑︁
𝑖=1

𝐶𝑝𝜌𝑉
sup
𝑖

[
a⊺𝚽(xret𝑖 ) −𝑇

sup
𝑖

]
=

𝑛∑︁
𝑘=1

𝑃𝑖 ,

| |a − â| |2 ≤ 𝑡,

𝑎𝑖 − 𝛽𝜎𝑖 ≤ 𝑎𝑖 ≤ 𝑎𝑖 + 𝛽𝜎𝑖 , 𝑖 = 1, 2, ..., 𝑟 .

(12)

We can identify that the optimization problem Eq. (12) is a Second
Order Cone Programming (SOCP) which can be solved efficiently by
CVXPY [4]. As for the 𝛽 in the last constraint of the optimization
problem Eq. (12), we start with 𝛽 = 1, and if the optimization
problem is infeasible, we multiply it by a constant until a feasible
solution is found2.

6 EVALUATION
6.1 Evaluation Methodology
In this section, we first present the metric used in this paper for
performance evaluation. Subsequently, we introduce the evaluated
baseline approaches. Evaluation results on two data centers are
discussed in the following.

6.1.1 Evaluation Metric. We evaluate different approaches from
these two perspectives: a) temperature prediction error and, b)
computation overhead. In terms of the temperature prediction error,
we use the temperature field generated by the CFD/HT model as
the ground truth unless particularly specified. We use the MAE
metric to evaluate temperature prediction error, which is defined as
MAE = 1

𝑁

∑𝑁
𝑖=1 |𝑇 (x𝑖 )−𝑇 (x𝑖 ) |where𝑁 is the number of evaluation

2We empirically found that for most cases, we can obtain a feasible solution within 10
trails with the multiplication factor 2.

Figure 4: Layout of the studied hyper-scale data center. It
hosts near 2000 servers and 26 temperature sensors are in-
stalled at the hot and cold aisles to record the temperature.

point, x𝑖 is the spatial coordinate of the 𝑖-th evaluation point, and
𝑇 (x𝑖 ) and𝑇 (x𝑖 ) are the predicted temperature and the ground truth
temperature, respectively. As for the computation overhead, we
evaluate the computing time of different models running with the
same hardware configuration and computation resource.

6.1.2 Baseline Approaches. In this section, we introduce the base-
line approaches that are compared against Reducio.

• POD-FluxMatching (POD-FM) [16]. This method utilizes
the local energy balance and global energy balance to jointly
form a linear system and calculate the POD coefficients by
solving the linear system with the least square technique.
This approach finds the minimizer of the summation of Eq.
(9) and Eq. (10).

• GP [1]. In contrast to the POD-based approaches, this ap-
proach cannot obtain the full-scale temperature field. For a
fair comparison, we also use the aggregated boundary con-
dition defined in §5.2 to obtain the GP predictors for the
temperature of the interested spatial locations. We train one
GP model for predicting the temperature of an interested
spatial location.

• POD-GP. This method is a simplified version of Reducio
which omits the POD coefficients rectification and utilizes
the coarse estimation results from the offline optimized GP
models directly to predict the temperature field. The predic-
tion process can be viewed as a black-box POD coefficient
interpolation.

6.2 Evaluation on Edge Data Center
The data center considered in the first case study is an edge data
center and its layout is illustrated in Fig. 3. There exists one CRAC
unit and two rows of racks that host 70 homogeneous servers. The
data center is equipped with hot aisle containment to prevent hot
air recirculation. We place a pair of sensors near the inlet and outlet
of each server in the CFD/HT model to measure their tempera-
tures, respectively. We also place one sensor near the CRAC unit
return aisle to measure the return temperature. In this case study,
we compare the estimated temperature field against the CFD/HT
simulation results. Specifically, the geometry of the data hall is

7



BuildSys ’22, November 9–10, 2022, Boston, MA, USA Z. Cao, et al.

Figure 5: Convergence of the proposed method in terms of
different number of PODmodes. TheMAEof the temperature
field prediction converges with 5 POD modes.

meshed by OpenFOAM [9]. With the fine-grained mesh files, we
call the OpenFOAM solver to derive the temperature field of the
modeled space.

With the CFD model, we conduct simulations with different
boundary conditions to construct the synthetic training and test
dataset. Specifically, we vary the supply air temperature, supply air
volumetric flow rate, and the heat load of each server. For the train-
ing dataset, the supply air temperature is chosen from {17, 21, 25}.
To reduce the design space, we assume that the heat load of each
server is identical and the heat load of each server comes from the
set {500, 1000}. The per Watt server inlet air volumetric flow rate in
Eq. (6) is specified as 10−4. To mimic the real-world scenarios, the
server inlet air volumetric flow rate is added with Gaussian noise
of zero mean. The standard deviation of the Gaussian noise is the
server inlet air volumetric flow rate multiplies by 0.05 to ensure an
identical signal-to-noise ratio for all cases. With the total server
flow rate calculated as𝑉 =

∑
𝑖 𝑉𝑖 , we sample 5 supply air volumetric

flow rates uniformly between 1.4𝑉 and 1.8𝑉 to guarantee that the
supply air volumetric flow rate is larger than the total server inlet
air volumetric flow rate. The boundary conditions for all cases are
the Cartesian product of the four sets, which generates 30 synthetic
training samples in total. As for the test dataset, the supply air
temperature comes from the set {17, 18, 19, 20, 21, 22, 23, 24, 25} and
the server heat load is from the set {200, 500, 800}. The sampling
method for the supply air volumetric flow rate is identical to that
applied in generating training cases. With these settings, we gener-
ate 81 synthetic test samples in total. As for the number of PODs
used in the online prediction, we show the full-scale temperature
prediction MAE versus the number of used POD modes in Fig. 5.
The error bar stands for the standard deviation. It is seen that MAE
converges with the first five POD modes. Therefore, we leverage
them for online temperature prediction.

6.2.1 Temperature Prediction Accuracy Evaluation. In this section,
we compare the temperature prediction error of the proposed
method and the baseline methods. For all POD-based methods,
the number of POD modes used in the temperature prediction is

Figure 6: Comparison of temperature prediction accuracy
of Reducio and other baseline methods. We evaluate the
MAE for the temperature prediction result at the server inlet
points, server outlet points and the whole temperature field.

Table 3: Comparison of the room and server-level energy
balance violation with and without rectification.

POD-GP (w/o.) Reducio (w/.)
Room Level 5.570 (±0.104) 2.758e-12 (±2.158e-11)
Server Level 0.615 (±0.104) 0.564 (±0.106)

derived from the empirical results which give the lowest prediction
error. As for the GP method, we report the temperature prediction
error at the local points of interest, i.e., server inlet/outlet and the
CRAC unit return point. The evaluation result is presented in Fig.
6 and several conclusions can be drawn.

Firstly, we can see that the POD-GP and Reducio outperform
the POD-FM significantly, showing the limitation of the simplified
physical model in POD coefficient calculation. Specifically, the POD-
FM approach simply builds a linear system between the boundary
conditions and POD coefficients and find the least square solution
for the linear system. Even though the least square solution can be
derived using the simplified physical model, it might not be optimal
in terms of temperature field prediction because the satisfaction
of the server level and room level energy balance is the necessary
but insufficient condition for temperature prediction. Instead of
relying on server and room level energy balance to calculate the
POD coefficients, both the POD-GP and the Reducio take advantage
of the fact that similar boundary conditions will produce similar
temperature field and similar POD coefficients. By weighted aver-
aging the derived POD coefficients in the training dataset, more
reliable POD coefficient prediction is expected.

Furthermore, the comparison between the POD-GP and Reducio
illustrates the benefits of the rectification. As shown in Fig. 6, Re-
ducio outperforms the POD-GP for the CRAC unit return tempera-
ture prediction. It is due to the reduced room-level energy balance vi-
olation, making the predicted temperature at the CRAC return side
respect the physical truth. To validate this claim, we evaluate the
room-level and server-level energy balance violation of the POD-GP
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Figure 7: Comparison of temperature prediction accuracy of
Reducio and other baselines for the hyper-scale data center.

and Reducio. The room-level energy balance violation is measured
by

��� ∑𝑛
𝑖=1

𝑃𝑖
𝜌𝐶𝑝

−∑𝑚
𝑖=1𝑉

sup
𝑖

[
𝑇
sup
𝑖

−𝑇
sup
𝑖

] ���. The server-level energy
balance violation is measured by

√︃∑𝑁
𝑖=1 {

𝑃𝑖
𝜌𝐶𝑝

− [𝑇 out
𝑖

−𝑇 in
𝑖
]}2.

The evaluation results are shown in Table. 3. We can clearly see
that the room-level energy balance violation of the predicted tem-
perature field with the POD-GP is significantly larger. By introduc-
ing the post-rectification process, the room-level energy balance
violation can be close to zero because we explicitly formulate it
as an equality constraint in the optimization problem of Eq. (12).
We would like to highlight that the CRAC unit return tempera-
ture is the linkage between cooling energy consumption and the
data hall thermodynamics if we want to implement the thermal-
energy co-simulation.3 To be specific, upon receiving the CRAC
return temperature, the energy model can simulate the cooling
energy consumption of the associated chiller plant. If the CRAC
unit return temperature prediction is erroneous, it will compromise
the accuracy of the energy model. Thus, Reducio is more suitable
in the co-simulation scenario than the POD-GP. Meanwhile, the
server-level energy balance violation is also slightly reduced via the
rectification, which also explains the improvement for the server
inlet/outlet temperature prediction by Reducio.

Thirdly, Reducio outperforms the GP baseline in terms of accu-
racy and flexibility. The GP approach performs significantly worse
than Reducio for the CRAC unit return temperature prediction be-
cause the room energy balance is not considered explicitly in the
GP approach. Furthermore, we cannot obtain the temperature field
with the GP approach and 141 (70 for server inlets, 70 for server
outlets and one for CRAC unit return point) GP models should be
established in the case study. On the other hand, establishing 5 GP
models is sufficient for Reducio to predict the temperature field
with satisfactory accuracy.

6.3 Evaluation on Hyper-Scale Data Center
In this section, we evaluate the proposed method on a hyper-scale
industry-grade data center which hosts thousands of servers and

3See the engineering reference of EnergyPlus for more details on how the CRAC unit
return temperature can be used to link air dynamics model and the energy model for
the thermal-energy co-simulation. (link: https://bit.ly/3C5i2tP, access date: 2022-9-25)

Table 4: Computing time comparison between CFD/HT sim-
ulation and data-driven surrogate models.

Approach Computing Time (s)

Edge Data Center

Reducio 0.08(±0.06)
POD-GP 0.08 (±0.06)
POD-FM 0.01 (±0.0004)

GP 0.07 (±0.01)
CFD/HT 283.15 (±10.12)

Hyper-scale
Data Center

Reducio 0.33 (±0.01)
POD-GP 0.23 (±0.0005)
POD-FM 0.23 (±0.0008)

GP 0.01 (±0.0004)
CFD/HT 25232.12 (±32.12)

tens of CRACs and sensors 4, as shown in Fig. 4. We use the method
in [23] to calibrate the CFD/HT model automatically to obtain the
per Watt server inlet air volumetric flow rate in Eq. (6) based on
historical sensor measurements. The training samples consist of 10
cases generated by running the CFD/HT with historically collected
boundary conditions. We also add Gaussian noise in the server inlet
air volumetric flow rate similar to that in the previous case study.
The test samples consist of another 10 cases generated by running
the CFD/HT simulation with calibrated boundary conditions.

6.3.1 Temperature Prediction Accuracy Comparison. The temper-
ature prediction accuracy evaluation result is illustrated in Fig. 7
and several conclusions can be drawn accordingly. Firstly, the POD-
FM method does not achieve satisfactory temperature prediction
accuracy. The reason is that the target data center has complicated
3D geometry, which will result in irregular airflow patterns and
the heat flux matching model is oversimplified for dealing with
such a scenario. We also find that Reducio has lower temperature
prediction error compared with the POD-GP method. We believe
such an improvement comes from the physics-guided rectification
which injects the server and room level energy balance to the POD
coefficient interpolation process. Furthermore, even though the
direct GP model can also achieve similar prediction accuracy for
sensor temperature measurement prediction compared with our
approach, it scalability limits its practical implementation in moni-
toring the server temperature due to the large volume of servers
hosted in the data hall. On the contrary, Reducio can still achieve
around 1.0 °C MAE when compared against sensor measurements
and around 1.2 °C in temperature field prediction in such a complex
scenario with only ten training cases, showing its great potential
in predictive data center thermal management.

6.4 Computing Time Comparison
We illustrate the computing time of different models for the two
data centers in Table 4. Firstly, it is seen that all surrogate mod-
els achieve significant acceleration compared with the CFD/HT
simulation, which facilitate timely thermodynamic simulation in
practice. Secondly, by comparing the computing time of the POD-
based method and the GP approach, we can see that the GP method
is more advantageous in the hyper-scale data center case because
4the detailed information are omitted due to commercial interest.
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we do not intend to obtain all server inlet/outlet temperatures in
this case, which significantly reduces its workload. However, due to
the huge mesh size of the hyper-scale data center, the POD-based
method takes longer time in reconstructing the whole temperature
field. It should also be pointed out that all POD-based methods can
still accomplish computation within one second, and they can also
be viewed as real-time predictive models. Lastly, Reducio has the
largest computational overhead among these approaches since the
physics-guided rectification involves iterative numerical optimiza-
tion. Therefore, Reducio trades reasonable computational overhead
with significant prediction accuracy improvement.

7 CONCLUSION AND DISCUSSION
In this paper, we propose Reducio, a physics-guided machine learn-
ing approach for CFD/HT model reduction to facilitate the devel-
opment of timely and accurate predictive data center digital twins.
Our approach is based on the POD technique and thus it can predict
the whole temperature field instead of the temperature in discrete
spatial locations. By adopting the GP model, a nonlinear mapping
between boundary conditions and POD coefficients is established,
offering more powerful prediction capability than previous works
based on simplified physical models. Moreover, multi-scale energy
balance is introduced to perform rectification on the coarse predic-
tion from the GP models so that the predicted temperature field
will respect the energy balance in a best effort manner. We conduct
two case studies to evaluate the feasibility and scalability of our ap-
proach, one in an edge data center and another in a hyper-scale data
center. Sub-1°C MAE is observed in the edge data center evaluation,
outperforming the previous method based on simplified physical
model by 1.5 °C. Moreover, around 1°C MAE is also observed in
the more challenging hyper-scale data center case Furthermore, Re-
ducio can predict the temperature field in real-time, achieving tens
of thousands of acceleration compared with the CFD/HT simulation.
We believe that the Reducio, can greatly facilitate learning-based
control of the data center cooling system, where the intelligent
agent should interact with the simulator for sufficient times to per-
form optimal control. The high accuracy of the Reducio can reduce
the risk of online deployment of the learning-based controller when
it is trained with the Reducio. Furthermore, the real-time prediction
will accelerate the learning process significantly, making it possible
for learning-based optimal control. In the future, we will attempt
to design the safe and energy-efficient control policy to improve
data center energy efficiency and sustainability with the Reducio.
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