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Abstract. With the rapid development of large-scale artificial intelligence
models, the construction of data centers has been gradually accelerating. Data centers
are equipped with numerous servers and network devices, and energy consumption
is expected to keep increasing in the future. To improve thermal management,
data center energy modeling has become a new challenge. Traditional numerical
simulations are time-consuming and poor transferable, while data-driven machine
learning models provide a feasible solution for data center modeling. Physics-
informed neural networks embed prior physical knowledge into the loss function
as soft constraints, guiding the modeling process to follow both data patterns and
physical laws. To decouple multi-physics field modeling in data centers, we propose
a dual-branch physics-informed neural network (Dual-PINN). Meanwhile, we
design an adaptive loss re-weighting mechanism on the loss function based on the
logistic function (Sigmoid) nonlinear transformation to balance the convergence
speed among different loss terms. In the experiments, to comprehensively evaluate
the proposed Dual-PINN, we choose the standard PINN, standard neural network,
and random forest for comparison. Finally, we used MAE, RMSE, and the number
of trainable parameters to measure model performance in terms of accuracy
and complexity. The results demonstrate that Dual-PINN achieves the highest
prediction accuracy with the fewest trainable parameters, compared with standard
PINN, Dual-PINN reduces the MAE and RMSE by 19.95% and 15.79% for
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temperature prediction, 34.01% and 31.86% for velocity prediction, respectively.
The Dual-PINN provides a novelty solution to physical fildes modeling to optimize
the operation of data center.
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prediction
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AHHOTanMsA. Ipi ayKpIMIBI KacaHIbl WHTEIJICKT MOJCNbACPIHIH KapKbIH/IBI
JaMyblHa OalIaHBICTBI JCPEKTEP OPTAIBIKTAPBIHBIH KYPBUIBICHI  OipTiHAC
xenenaeyne. Jepekrep OpTambIKTapbl KONTEreH CEepBEpIICPMEH JKOHE JKENITIK
KYPBUIFBUTAPMEH  KAOMBIKTAIFAH, COHJBIKTAH ONAPJBIH DHEPTUsl TYTHIHYBI
Oomamakra ofaH opi apTaabl Aenm KyTinemi. JKbUTynblk OacKapyasl KakcapTy
MAaKCaThIH/A JCPEKTEP OPTATBIKTAPBIHBIH JHEPTeTHKANBIK MOJCIIH Kypy »KaHa
©3CKTI MaceJie peTiHlle KapacThIpbUIyna. JocTypini caHIBIK Momebaey omicTepi
KOIl YaKbITThI Tayall eTeil »OHE OJapiAblH TachIMaljlaHy KaOileTi IIeKTeyli, al
JIepEKTepre HeTi3/eNreH MalTHHATIBIK OKBITY MOJIENbCP] ACPEKTEP OPTAIBIKTAPbIH
MOJIENIbJIEY ~ YIIH THIMII  [IemiM  yChiHaAbl. (DU3WKaNBIK  aKmaparieH
TOJNBIKTBIPBUIFAaH HEHPOHIIBIK JKEJIIEp anpHOPIBIK (U3UKAIBIK OUTIMAL IIBIFBIH
(YHKIMSICBIHA )KYMCAK IIIEKTEYIIep TYPiH/IE SHTi311T, MOJENb/IEY IPOIIECiH IePEKTEP
3aHJBUTBIKTAPbIHA Ja, (DU3MKAIBIK 3aHIapra Ja coiikec OarbITTaianl. Jlepektep
OPTaJBIKTAPBIHIAFEl KOTI(DU3UKATIBIK OpicTepi MOACIbACYII JACKOMIO3UIUSIIAY
YIIiH OYJ1 JKYMBICTA €Ki TapMaKThl (DM3MKAIBIK aKMapaTieH TOJIBIKTHIPUIFAH
Heriponapik xemi (Dual-PINN) ycbiabuiaasl. COHBIMEH KaTap, 9pTYpJli HIBIFBIH
MYIICNEPIHIH KHUHAKTATY JKbIJIAMJIBIFBIH TEHECTIPY MaKCAThIH/IA JIOTUCTHKAIBIK
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¢yukuusiHbH (Sigmoid) OeHChI3BIK TYpJICHAIPYiHE HETI3AENTeH IIBIFbIHIAPABI
OeriiMaenMeni KadWTa calMakKTay MEXaHH3Mi o3iplieHi. ODKCIepUMEHTTEPIe
yeoibuirad Dual-PINN mozenin sxaH-kakThl Oarajiay YIIiH CalbICTBIPY daicTepi
petiane craamaapttel PINN, craHgapTThl HEHPOHMBIK JKelli JKOHE Ke3IeHCOK
opman TaHnanabl. COHBIHAA, MOJENBIIH ONJIrT MEH KypAeNniniriH Oaramay
yuie MAE, RMSE xoHe OKBITBUIATBIH IapaMeTpliep CaHbl KOJJaHBUIIBL.
Hormxkenep Dual-PINN mozeniHiH eH a3 OKBITBUIATBIH TapaMeTpiep CaHbIMEH
€H JKOFapbl OOJpKay AQIAIriHe KOoJ JKeTKizeTiHiH kepceteni. Cranmaprtel PINN
MozernimMeH camibicTbipranaa, Dual-PINN temneparypansl 6omkayna MAE xone
RMSE xepcetkimrepin Tuiciame 19,95% sxone 15,79%-ra, an KbUIIaMIIBIKTHI
6omkayna Tuiciame 34,01% xone 31,86%-ra Tomenaereni. Dual-PINN nepexrep
OPTAIIBIKTAPBIHBIH JKYMBICBIH OHTAWJIAHABIPY YIIiH (U3HKANBIK —epicTepi
MOJISNTB/IEY/IIH JKaHa IIeNTIMiH YChIHA/IBI.

Tyiiin ce3mep: ®usmkara HeTi3NENreH HEUPOHIBIK JKEIIIEp, JIepeKTep
OPTAJIBIFBI, KBUTYIBIK Oackapy; Oomxay
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AHHOTammsA: AxmyansHocme. BBICTpOe  pa3BUTHE KPYIMHOMACIITaOHBIX
MofieJiell  MCKYCCTBEHHOTO  WHTEJUICKTa  CONPOBOXKIAETCS  YCKOPEHHBIM
CTPOUTENILCTBOM W PaCIIMPEHHEM LEHTPOB OOpaOOTKM NaHHBIX. Takue LEHTPbI
OCHAIIEHBI OOJIBIIMM KOJIMYECTBOM CEPBEPOB M CETEBOTO OOOPYIOBAaHUS, YTO
MIPUBOJUT K POCTY SHEPronoTpeOIeHNs U TTOBBILIAET TPeOoBaHuUs K 3P HEKTUBHOCTH
TEIUIOBOTO YINpaBJCHUS. B 3TUX YCIOBUSX SHEPreTHUECKOEe M TEIUIOBOE
MOJICTIMPOBAaHUE LIEHTPOB OOpaOOTKM JAAHHBIX CTAHOBHUTCS aKTyaJbHON HaydHO-
NpUKIagHON 3ajgadeid. TpaaulIMOHHBIE YHCICHHBIE METOABI MOICIHUPOBAHHUS
TpeOyIOT 3HAYUTEIBHBIX BBIUMCIUTEIBHBIX PECYPCOB U 001aal0T OrpaHUYCHHON
MEPEHOCUMOCTBIO, TOTA KaK MOJENIM MAaIIMHHOTO OOy4YeHHsI MOTYT OOECHEeUHTh
Oonmee tHOKOoe W d3ddexruBHOE pemenne. [Jerv. Pa3paboraTh W OIEHUTH
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JIBYXBETBEBYIO (pr3muecku HHOOPMUPOBAaHHYIO HeWpoHHYO ceTh Dual-PINN mmst
MO/JICIIUPOBAHUS BO3YITHBIX IOTOKOB M TEIUIOBBIX YCIOBUH B IIEHTPax 00pabOTKH
JNaHHBIX. Memoovl. B wuccienoBaHuM mpeasiokeHa JABYXBeTBeBas (U3NUECKU
nHpopMupoBanHas HeWpoHHas ceTh Dual-PINN, mnpemnasnadeHHas s
JICKOMIIO3HIIUN MOJICITUPOBAHMS MYJIbTHU(DU3MUECKHUX TIOJCH B IEHTPax 00padoTKU
naHHbIX. Ou3ndyecku HHPOPMUPOBAHHBIE HEHPOHHBIE CETH BKIIOUAIOT allpHOPHBIC
(m3nyeckre 3HaHuS B (PyHKITHIO TOTEPH B BUIE MATKMX OTPaHUYEHHIT, 4TO ITO3BOJISIET
MOJIETI OJHOBPEMEHHO YYHTHIBaTh 3aKOHOMEPHOCTH HaHHBIX M (DU3HYECKHE
3aKOHBI. J[OMOMIHUTENBHO pa3paboTaH aJaNTUBHBIA MEXaHU3M IEPEB3BEILUBAHUS
MOTeph, OCHOBaHHBIN Ha HEIMHEHHOM MPeoOpa3oBaHUU JOTUCTHYECKON (YHKIIMN
Sigmoid, mns 6anaHCUPOBKM CKOPOCTH CXOIMMOCTH PA3IUYHBIX KOMIIOHEHTOB
¢yHkumu noteps. B akcniepuMenTanbHoi wactu Moaens Dual-PINN cpaBHuBanach
co crangaptHoi PINN, crangapTHOW HEMPOHHOM CEThIO M MOJAEIBIO CIIy4altHOrO
neca. I OLEHKH TOYHOCTH U CIOKHOCTH MOZEIH HCIONBb30BAIUCH METPUKH
MAE, RMSE u konuuecTtBo 00yuaeMbIX MapaMeTpoB. Pesynvmamsl u 6b1600bL.
[TomyueHHsle pesynbraTsl MOKasbBaroT, 4to Dual-PINN nocturaer nambonee
BBICOKOI TOUHOCTH MPOTHO3UPOBAHMS MIPH HAUMEHBIIEM KOJMUYECTBE 00yUaeMbIX
napametpoB. [lo cpaBnenuto co cranmaptHoir PINN mpennoxeHHass mMoaenb
camwkaeT MAE n RMSE nipu nporao3upoBannu Temneparypsi Ha 19,95% u 15,79%
COOTBETCTBEHHO, a IMpPH MPOTHO3MPOBAHUU CKOPOCTH BO3AYLIHOTO IOTOKA - Ha
34,01% u 31,86% cooTtBeTcTBeHHO. Pe3ynbrarsl moATBep K Aat0T 2(PPEKTUBHOCTH
JIBYXBETBEBOM apXMTEKTYphl W aJalTUBHOTO IE€PEB3BEIIMBAaHUSA TOTEPh NpHU
MOJICTIMPOBAHUM CBSI3aHHBIX (PU3MYECKMX MPOLECCOB B LEHTpax o00padoTKu
naHHbIX. [IpakTryeckas 3HaUMMOCTh UCCIIEIOBAHNS 3aKIIIOYAETCSA B BOZMOXHOCTH
npumenenus: Dual-PINN aist onTUMH3aluy TEIIIOBOTO YNIPABJICHHUS, TOBBIILICHHUS
9HEepro3(pHEeKTUBHOCTH M MOAJNEPKKU NPHUHATHS WHXEHEPHBIX PEILICHUH pu
AKCIUTyaTaI[uy [IEHTPOB 00pabOTKH JJaHHBIX.

KiroueBble cioBa: ¢usnuecku HHPOPMUPOBAHHBIE HEHPOHHBIE CETH,
Dual-PINN, PINN, mneatp o0pa®oTKu JaHHBIX, BO3AYIIHBIE MOTOKH, TEIJIOBOE
ynpasienue, nporuosuposanue, MAE, RMSE, Sigmoid

Introduction. With the development of artificial intelligence (AI) and big
data technologies, the requirements for data storage and computation have been
continuously increasing. To ensure the efficient and reliable utilization of data
resources, centralized data centers have become critical infrastructure in the digital
revolution. Data centers are equipped with a large number of servers and network
devices, which generate considerable heat during operation, imposing strict
requirements on the control of the building environment (Lu et al., 2026)the energy
consumption of Al tasks has experienced exponential growth, and how to schedule
arriving Al tasks in a low-carbon manner is worth investigating for data centers.
However, due to the computationally intensive and resource-demanding properties
of Al tasks, current deferral-based scheduling methods cannot efficiently fit a large
Al task (e.g., training a large language model. Therefore, to guarantee the reliable

436



ISSN 1991-346X 2.2026

operation of data centers, a significant amount of electricity is consumed by cooling
systems to maintain the data center temperature within an optimal range. Currently,
data centers worldwide consume approximately 460 TWh of electricity annually,
accounting for about 2% of global electricity consumption (Liu et al., 2026). Given
that emerging large Al models with billions of parameters require massive data
resources during training, the power consumption of data centers will continue to
rise in the future.

To optimize the design and operation of data centers, effective measures are
necessary to be taken to reduce energy consumption while ensuring the reliable
performance of IT equipment. Accurate and efficient airflow and thermal modeling
techniques provide a fundamental basis for decision. Although experimental
proofs can provide accurate and detailed data for modeling, they are limited
by high material and labor costs Importantly, data centers host numerous cloud
service systems involving critical fields, making experimental investigations
highly impractical. Traditionally, data center modeling relies highly on physical
simulations, such as the simplified lumped-capacitance models (Rasku et al., 2024)
and computational fluid dynamics (CFD) simulations (Lin et al., 2023)”id”:”ITEM-
17,”issue”:”3”,”issued”: {“date-parts”:[[“20237]]}, ’page”:’571-590,”publishe
r”:”IEEE”,"title”:”Thermal modeling and thermal-aware energy saving methods
for cloud data centers: A review”,”type”: article-journal”,”volume™:”9’} , uris””:
“http://www.mendeley.com/documents/?uuid=164bd5c1-e06a-47fc-9147-6438al
40b5417]}],”mendeley”: {“formattedCitation”:”(Lin et al., 2023. The simplified
lumped-capacitance models are computationally fast and low-cost. However, with
the increasing requirements of automatic control and the spatial layout, the thermal
coupling has become more complex. Simplified lumped-capacitance models cannot
accurately describe the spatiotemporal variations of temperature and airflow.
While CFD simulations have long been the dominant method for thermal behavior
modeling in data centers. By setting the geometry and boundary conditions, CFD
discretizes the target domain into grids and computes the airflow and temperature
distribution. Nevertheless, the detailed parameter input and condition setup result
in a high knowledgeable barrier. Meanwhile, with the construction of large-scale
data centers and multi-timescale control strategies, CFD faces challenges in terms
of computational cost and generalization ability.

With the development of machine learning (ML) techniques, data-driven models
have emerged as an efficient alternative. By extracting the relationship between
input and output variables from massive observation data, parameterized ML models
are constructed to characterize the spatiotemporal variations of environmental
parameters in data centers. However, the performance of data-driven models relies
on the reliability and size of the training dataset, which limits their application
scenarios and compatibility. Physics-informed machine learning (PIML) embeds
prior knowledge or physical theorems into the ML model as soft constraints,
alleviating the heavy dependence of data-driven models on training data. As a
representative method of PIML, physics-informed neural networks (PINNs) (Lawal
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et al., 2022) take the residuals of physical constraints as a regularization loss term,
guiding neural networks to learn data patterns while complying with physical laws.

Data center modeling has been mainly focused on customized physical field
prediction for specific applications (LOI et al., 2026)Heating, Ventilation, and
Air Conditioning (HVAC, and accelerated computation using PINNs in physical
simulations (Deng et al., 2026)machine learning (ML. However, the inconsistency
in magnitude and significance between the data residual loss and the physical
constraint loss leads to convergence difficulties in ML models. Several studies
have proposed methods to address convergence issues, such as optimizing the loss
function (Wang et al., 2025)providing a powerful approach for solving forward
and inverse PDE problems. During training, physical loss calculation relies on
predefined spatiotemporal collocation points. However, when solving equations
with steep gradients or singularities, conventional fixed or randomly distributed
training points often fail to capture critical solution structures, reducing PINN’s
prediction accuracy. Inspired by firefly phototaxis, this paper proposes a bio-inspired
dynamic training point movement strategy named firefly adaptive collocation point
movement (FAM and adjusting the neural network architecture (Zheng et al.,
2026)we develop interface-gated physics-informed neural networks (IG-PINNS.
Nevertheless, PINNs for multi-physics field prediction in data centers still lack
sufficient attention.

In this paper, we propose a dual-branch PINN (Dual-PINN) for predicting the
temperature and velocity distribution in data centers. To decouple the physical fields,
we employ a dual-branch architecture. Meanwhile, to align the convergence pace of
losses between the two branches, we apply the logistic function for normalization
mapping. Finally, we conduct experiments to evaluation the performance of the
model. Our contributions are as follows:

0 Architecture design. We design a novel Dual-PINN to decouple temperature
and velocity into branches for prediction and alleviate convergence conflicts.

0 Loss function optimization. We reconstructed the loss function and adjusted
the weights of loss terms using the logistic function.

0 Application Expansion. We successfully use a novel Dual-PINN for the data
centers airflow velocity and thermal modeling.

Literary review.

Physics-informed neural networks.

The application of PINNSs in data centers focuses on the prediction and analysis
of physical fields. As a variant of PINNs, Physics-Consistent Neural Networks
(PCNNSs) are applied to building thermal modeling for the first time, regarding
physical information and data labels as distinct modules (Di Natale et al., 2022).
To improving the generalization of PCNNs, the adaptive physical consistency
neural network (APCNNs) framework replaces the traditional preset system with
the Softplus activation function, reducing the parameter trial-and-error cost for
temperature prediction (D. Chen et al., 2025). Furthermore, knowledge graphs are
combined with PINNs, raising the interpretability and response of PINNSs, to achieve
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accurate prediction of the airflow field in data centers (LOI et al., 2026). In terms
of optimization control, the combination of PINNs and model predictive control
(MPC) effectively improves the robustness and generalization ability of thermal
control (D. Chen et al., 2026). With the digital transformation of data centers,
the cost of data acquisition has decreased. A parameterized PINN framework is
developed, and the hybrid modeling combining physical constraints and labeled
data effectively improves the prediction accuracy (Hashemi et al., 2025).

Dual-branch neural networks.

Dual-branch neural network architectures are commonly applied to solve
strongly coupled problems in fields such as image recognition (Long et al., 2025)
and industrial control (Zhao and Li, 2024). Information transmission in a single
neural network suffers from mutual interference, whereas a dual-branch architecture
enables the decoupling of coupled variables. In the building energy sector, dual-
branch neural networks have been successfully applied to the energy consumption
prediction of building chilled water systems (Chen et al., 2025) and the anomaly
detection of building energy (Tian et al., 2026)equipment status, and human factors,
posing significant challenges to the effective identification of anomaly patterns
within these data. To address these challenges, a multi-task learning model based
on a dual-channel graph attention network (GAT, demonstrating their applicability
to complex building energy systems. Dual-branch neural networks for data center
modeling have mainly focused on attention mechanisms, for resource allocation
(Yu et al., 2026)scheduling, energy optimization, and sustainability. However,
existing models face challenges in long-term cyclic predictions due to nonlinear and
irregular fluctuations in resource data. To address this issue, we propose STL(C-TS
or anomaly detection (Sun et al., 2025)this paper introduces a bidirectional cross-
attention LSTM-Informer with uncertainty-aware multi-task learning framework
(BiCA-LI via attention adjustment. However, research that combines dual-branch
neural networks with physics-informed mechanisms remains blank.

Multiphysics modeling of data centers.

Building energy consumption is affected by multiple physical factors such as
building layout and airflow distribution. Although the ultimate goal is to reduce
energy consumption, multi-physics field analysis helps evaluate the reliability of
results and analyze the spatiotemporal distribution of energy consumption. The
research on multi-physics thermal management in data centers mainly focuses
on liquid-cooled data centers. The Transformer-GRU model combines the self-
attention mechanism with the gated recurrent unit (GRU) to achieve self-attention
focus on the time series of data center liquid cooling (Ma et al., 2025). Although
liquid cooling represents the future trend of data centers, the energy consumption
of traditional air-cooled data centers cannot be ignored. The concept of an energy
map is introduced to decouple the cooling process of data centers and analyze
thermal energy changes (Li et al., 2025). Reinforcement learning has been used
to comprehensively consider environmental parameters and operational data of
data centers, thereby optimizing energy-efficient control (Suresh et al., 2026)the
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framework learns cooperative control strategies that eliminate redundant cooling.
The agents’ learning is guided by a novel physics-informed reward function that
divides the server’s thermal headroom into distinct operational zones, adding
penalties to mitigate fan vibrations while dynamically balancing energy efficiency
and thermal safety. To validate generalization, the MADDPG algorithm is trained
in a simulation environment and subsequently deployed on experimental mock-up
servers. A total of five configurations and power maps are used for validation. Each
fan agent relies solely on local temperatures of its state space, while the centralized
critic receives the global state of the server during training to penalize redundant
cooling actions. The MADDPG controller reduced fan energy consumption
by an average of 31.4 % compared to a conventional fan-table controller, while
maintaining all component temperatures below their critical thresholds. The results
also revealed that performance is highly dependent on server layout, with energy
savings ranging from 43.8 % in centrally-located CPU configurations to 20.5 %
when CPUs are at the chassis extremes, highlighting the importance of hardware-
aware control policies.”,”author”:[{“dropping-particle”:””,”family”:”Suresh”,”gi
ven”:”Pratheek”,”’non-dropping-particle”:””,”parse-names”:false,’suffix’’:””’}, {““d-
ropping-particle”:”” ”famlly” ”Chang”,”given”:”Kai-Wei”,”non-dropping-
particle”:””,”parse-names”:false,”’suffix”:””’}, {“dropping-particle”:”” ”farmly” -

Lua”,”given”:”’Kim  Boon”,”’non-dropping-particle”:””,”parse-names’":false,”’su
ffix”: ””} {“dropping-particle”:”” ”famlly” ”Wang”, ”glven”.”Chl Chuan”,”non-
dropping-particle”:””,”parse-names’:false,’suffix:””’} |, ”container-title”:” Applied
Energy”,”id”:”ITEM-17,”issued”: {“date-parts™:[[“2026™]]},”’page™:"127168”,”
title”:”Deep reinforcement learning for energy-efficient thermal management in
2U air-cooled server systems”,”type”:”article-journal”,”’volume™:”404”}, uris”:
[“http://www.mendeley.com/documents/?uuid=08e37a79-99db-4a6b-b4f1-a88a
0b4c91747]}],”mendeley”: {“formattedCitation”:”(Suresh et al., 2026. However,
existing data-driven modeling methods for data centers have not fully considered
the physical characteristics of thermal management.

Methods.

Preliminary.

The theoretical foundation of PINNs is the universal function approximation
theorem, which states that neural networks have the ability to approximate any
continuous function, providing a theoretical basis for solving partial differential
equations (PDEs) using neural networks (Hornik et al., 1990). Standard PINN
(SPINN) formulates a loss function that includes physical residuals, transforming
PDE solving into an optimization problem of neural network parameters.
Specifically, the approximate solution output by the neural networks for a physical
problem is computed based on the loss function:

99 99 99,9999 99

99,99

1
L, = E;[f(ukj — Fx] (1)
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where the physics loss £,. ensures physical consistency, the boundary loss £,
enforces the boundary conditions, and the data loss L., is used to fit the observed

data. Ny, Ny and N;.:o denote the numbers of sampling points for each term,
respectively; i, represents the observed data, and 1, represents the predicted

solution; F and & and denote the operator in interior and boundary domain. PINN
achieves a deep integration of physical laws and data-driven learning through
the cyclic process of neural network forward propagation, residual calculation
via automatic differentiation, loss function construction, and backpropagation
optimization.

Dual-branch physical information neural networks

As shown in Figure 1, we improve the SPINN architecture. Dual-PINN adopt
the same input as the SPINN and use a multi-layer perceptron (MLP) structure.

Coupling effect Temperature distribution Dual-PINN ’_> Temperature
OO MR- -

Figure 2 — Coupling mechanism of data center thermal management

Velocity

Data center thermal management involves multiple coupled factors, such as
computing load, operating behavior, and airflow distribution. In Figure 2, we use
a dual-branch PINN to decouple thermal management into airflow velocity and
temperature, which facilitates the analysis of the physical laws inside the data center.
To alleviate the convergence conflict between the two branches during training, the
branches share the input layer of the network and employ a shared hidden layer.
To avoid additional redundancy caused by the dual-branch structure, the number of
hidden neurons in each branch is set to half of that in the shared hidden layer.

Reconstruction of loss function.

We employ a hybrid modeling approach, where the model input is the coordinate
position, and the outputs are the predicted values of temperature and velocity. In
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the training phase, labeled data are used, and the residuals between the predicted
and observed values of temperature and velocity are adopted to compute the data
losses and . The physics-consistent loss uses the Pearson correlation coefficient to
measure the correlation between temperature and velocity. In the airflow thermal
management of data centers, to improve heat dissipation efficiency, positions with
higher flow velocity in the cold aisle usually correspond to lower temperatures.
Therefore, we use the Pearson correlation coefficient to quantify the negative
correlation between temperature and velocity, so as to characterize the underlying
physical information. We improve the loss function by introducing an adaptive loss
re-weighting mechanism. is transformed by the Sigmoid function and then multiplied
by to guide the gradient descent of temperature and velocity. Notably, the Sigmoid
function yields a positive output even when the input is zero, which prevents the
model from neglecting the velocity gradient. As an additional regularization term,
imposes a constraint on the loss function and guides the model to converge while
considering the physically consistent negative correlation between temperature and
velocity. Accordingly, our final loss function is given as follows:

N
1 -
L, = Ez[uk — U] (5)
k=1
1 J.'II
L = EZ [G: —u.] (6)
k=1
P > o Lrgkar
=
JEn e - e (2 is - s ™
w = sigmoid(L,) (8)
L, =wl +L, ©)
Experiments

Problem description.

In data center thermal management, the horizontal supply of cold air can force
the hot air to be exhausted laterally, thereby reducing the influence of vertical
buoyancy on the cooling performance. Thus, the airflow circulation can be described
by a two-dimensional model(Hashemi et al., 2025)requiring accurate airflow and
temperature predictions. This study pioneers the application of physics-informed
neural networks (PINNs, which is suitable for evaluating the performance of the
PINNs framework.

442



ISSN 1991-346X 2.2026

I 1260cm

weF|

M M M

H Rack E Air handling units

Figure 3 — Schematic of the air-cooled data center
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As shown in Figure 3, this study adopts the layout from case in the
literature(Hashemi et al., 2025)requiring accurate airflow and temperature
predictions. This study pioneers the application of physics-informed neural
networks (PINNs. The data center is equipped with two rows of 36 server racks
and six air handling units (AHUs). Air in the hot aisle enters the cold aisle through
the AHUs, and the air in the cold aisle passes through the racks into the hot aisle,
realizing air circulation. The entire data center is symmetrically distributed.

Cold Aisle

s /[ /
e e e

Figure 4 — Conditions for the Cold Aisle
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In this case, heat exchange mainly occurs in the cold aisle. Taking the cold aisle
as the research object, we impose the boundary conditions as shown in Figure 4.
As the cold aisle is symmetrically distributed, we present the boundary conditions
for the lower half. To meet practical requirements, the boundary conditions at both
ends are set to ambient temperature. The supply air temperature of the air handling
units in the middle region is lower than that on both sides. The boundary condition
for the air handling units is velocity inflow, while that for the server racks is mass
flow rate.
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Figure 5 — Temperature and velocity numerical simulation results

Notably, we modified the boundary conditions to be more realistic, as shown in
Figure 4, which differs from the original literature. All raw data were recalculated
using the scientific numerical simulation software COMSOL 6.3, which has been
widely adopted for thermal management simulations. The simulation results are
shown in Figure 5.

Dataset preparation.

The simulation dataset has 6049 data points, including 228 boundary points and
5821 internal points. Since the length of data center is 1260 cm and symmetric about
its central axis, we select the first 80% of the horizontal distance as the training set
(i.e., points with ) and the remaining 20% as the test set. The training set contains
4839 points, and the test set contains 1210 points.

Experimental settings.

We compare four models: the proposed Dual-PINN, the SPINN, standard
neural network (SNN), and random forest (RF). SPINN was used to evaluate the
effectiveness of the dual-branch architecture, and SNN was adopted to verify the
role of the adaptive physics-informed loss. RF, which is widely used in prediction
tasks, represents the baseline performance of traditional machine learning models.
The learning rate for all neural network models was set to 0.01, with 4 hidden
layers and 30 neurons per layer, except for the branch neurons of the Dual-PINN,
which were set to 15. For the RF model, the number of decision trees was set to
100 and the maximum depth to 10. Notably, SPINN adopts the traditional single
network structure with loss function as shown in Eq. (9). However, the SNN does
not employ any physical constraints with loss function as shown in Eq. (10).

Lo=L+EL, (10)

RMSE and MAE are used as evaluation metrics to quantify the prediction
performance in Eq. (11) and Eq. (12). Furthermore, to comprehensively evaluate
the parameter characteristics of each model, we statistically analyzed the number
of trainable parameters for different neural network models.
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Results. As shown in Figure 6, Dual-PINN and PINN converge faster than SNN,
indicating that the embedding of physical information is effective. Meanwhile, Dual-
PINN converges slower than SPINN in the early stage, which is attributed to the need
for coordinating the convergence pace of the two branches. Although no significant
difference in loss variation is observed between SPINN and Dual-PINN, Dual-PINN
achieves better prediction performance and exhibits stronger generalization ability,
as shown in Table 1. The final results demonstrate that Dual-PINN achieves the best
performance in both temperature and velocity prediction with the fewest trainable
parameters. Compared with SPINN, Dual-PINN reduces the MAE and RMSE by
19.95% and 15.79% for temperature prediction, and by 34.01% and 31.86% for
velocity prediction, respectively, demonstrating the significant effectiveness of the
dual-branch structure. The improvement of performance is even more pronounced
compared with SNN, which showing a MAE decrease in temperature by 24.51%
and in velocity by 25.89%. The prediction performance of RF is between that of
SNN and SPINN. In particular, although the architecture of Dual-PINN is more
complex, we reduce the number of neurons in each branch. As a result, the number
of trainable parameters in Dual-PINN is reduced by 16.32% compared with other
neural network models with the same number of hidden layers.

loss

—— Dual-PINN
SPINN
—— SNN

Loss

E

O Epoch

Figure 6 — Loss with epochs of different neural networks
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Table 1 — Evaluation metrices of different models. Here ‘—’ denotes that the trainable parameters

cannot be counted as the same as neural networks models.

Models MAE RMSE Trainable
Temperature Velocity Temperature Velocity parameters
Dual-PINN 3.6793 0.9455 4.5589 1.1703 2462
SPINN 4.5962 1.4326 5.4140 1.7175 2942
SNN 4.8742 1.3050 6.1515 1.5737 2942
RF 4.6052 1.2675 5.1360 1.4995 -

Figure 7 shows the prediction error distributions of different models. It can
be observed that all models reasonably capture the characteristics of temperature
distribution and airflow velocity. In the temperature prediction error distribution,
SNN yields the largest error, with the boundary error reaching 14.4. Random Forest
exhibits the most uniform error distribution. Dual-PINN and SPINN achieve a
good balance between error distribution and error range. In particular, as shown
in Figure 7(a), Dual-PINN provides superior prediction performance at the airflow
intersection in the middle of the aisle compared with other models. For airflow
velocity prediction, SPINN has the largest error, while Dual-PINN performs the
best. Meanwhile, from the error distribution, Dual-PINN has the smallest high-
error region. Furthermore, the velocity error distribution is consistent with the
temperature error distribution for all models except Dual-PINN. Benefiting from
its dual-branch structure, Dual-PINN avoids introducing erroneous guidance from
temperature prediction into velocity prediction, demonstrating the effectiveness of
the proposed decoupling strategy.
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Figure 7 — Temperature and velocity errors distribution of different models

Discussion. PINNs provide a novel solution for data center modelling. The
performance of data-driven PINNs models can be significantly enhanced. Under the
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guidance of physical information, the modelling error of data centers is reduced, and
the error distribution becomes more uniform, which provides valuable references
for thermal management of data center. In addition, architecture optimization of
PINNs should be emphasized in multi-physics modelling of data centers. Multi-
branch architectures can better decouple physical quantities and improve modelling
performance. However, PINNs still face challenges. For instance, in temperature
prediction, the maximum error of Dual-PINN is not the smallest, even though its
error distribution is more uniform. In the future, how to optimize the convergence
performance of branch-structured PINNs and further improve prediction accuracy
deserves more attention. Furthermore, we plan to further optimize architecture of
Dual-PINN to balance the number of branches and multi-physics field prediction.
Meanwhile, transient modeling of data centers in three-dimensional scenarios will
also be considered to meet the requirements of complex energy operation control.

Conclusion. This paper presents a Dual-PINN for modeling temperature
and airflow velocity in data center. We adopt a hybrid modeling approach and
embed the Pearson correlation coefficient between predicted temperature and
airflow velocity into the loss function as a soft physical constraint. Meanwhile,
an adaptive loss reweighting mechanism is designed, in which the temperature
residual is nonlinearly transformed via the Sigmoid function and then multiplied
by the velocity residual. In the experiments, we compare the proposed method with
SPINN, SNN, and RF. The results demonstrate that Dual-PINN achieves the best
prediction performance. This study explores the application of Dual-PINN in data
centers, providing a reference for the use of PINNs in modeling within the data
center energy domain.
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