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Abstract
The rapidly rising computing workloads in data centers (DCs) have necessitated new approaches
to ensure effective performance and resilience that minimize the associated cooling energy. The
literature on thermally-aware workload management provides strategies to reduce this energy cost,
while typically ignoring the reduction in cooling capacity due to thermodynamic irreversibility
and computing performance per unit energy consumption. Hence, we provide an approach that
considers coefficient of performance COP., exergy efficiency 7ex, and a new metric, computing
performance ratio CPR. In contrast to existing methods that consider one-dimensional workload
distributions, the temperature predictions from a physics-based zonal model are used to optimize
cooling for two-dimensional workload distributions in a multi-rack DC. The investigation reveals
physics associated with two-dimensional workload management for multi-rack DCs, provides a
framework for trade-offs between COPc, 7ex, and CPR, explains the influence of IT load factor LF
on different objectives, and describes how parameters obtained from single- and multi-objective
problems can vary. Our findings show that COPc, and #7ex can be improved by up to 20% and 8%
by regulating the chilled water temperature and airflow setpoints while increasing the LF degrades
the CPR by 7.5%. These results enable an extended approach for heterogeneous LF management

in large-scale DCs.
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1. Introduction

Data centers (DCs) and high-performance computing (HPC) clusters nowadays routinely process
workloads associated with analytics and machine learning applications. For actionable use, high-
performance computing infrastructure with low latencies is necessary. Since heat dissipation from
DCs and HPC clusters has increased significantly with the use of multi-core processors and three-
dimensional chip stacking, thermal and workload management requires adequate cooling at low
cost. There are several thermal and workload management strategies to address operational
expenditure [1, 2], chip thermal reliability [3], computing performance [4], latency [5], cooling

architecture [6, 7], and waste heat harnessing [8-10].

Thermally-aware workload management and cooling is an integrated approach that
considers interrelated issues, such as DC operational cost, chip thermal reliability, computing
performance, and cooling architecture. The thermal reliability of computing chips is degraded
because of (1) transient temperature fluctuations that diminish their lifetimes and (2) steady-state
operating temperatures that rise above the critical allowable chip temperature and induce thermal
shutdown. These thermal issues can be addressed by utilizing chip temperature-aware and cold
aisle temperature-aware workload management approaches [11]. Other workload scheduling
approaches address thermal guidelines and operational expenditure by minimizing heat
recirculation across the cold and hot air streams in a DC [12], diminishing hot spots among
neighboring servers [13], and lowering temperature nonuniformities in server exhausts [14, 15]

(see Table 1).

Although it is possible to ensure thermal reliability while minimizing DC operational
expenditure, existing temperature-based methodologies do not address the reduction in cooling

capacity due to thermodynamic irreversibilities that result from uneven workload distributions and
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cooling parameters. This deficiency can be addressed by approaches for exergy-based cooling
management that minimize heat recirculation and bypass [16, 17], identify component level
inefficiencies [6, 18], and optimize cooling parameters [19, 20]. However, there are few similar

applications for workload management.

Recent investigations demonstrate the benefits of an exergy-based approach to select
cooling architecture [6] and manage workload in air-cooled DCs [21]. The former advocates for
the benefits of a modular DC cooling architecture over legacy raised-floor DCs, showing a 23%
increase in the effective cooling capacity. The latter optimizes energy and exergy efficiency jointly
for a single-rack modular air-cooled DC equipped with a rack-mountable cooling unit while
simultaneously performing one-dimensional workload management and regulating cooling
parameter setpoints. A comprehensive review of the state of the art in the thermal-aware workload
management literature is presented in Table 1. Some important aspects highlighted in this table
are number and type of objectives considered in the workload management framework, choice of
the thermal model, type of the DC cooling architecture investigated, and whether the approach is

multi-objective in nature to examine trade-offs between metrics.

Scaling up from a single-rack DC to a multi-rack system alters the airflow and thermal
dynamics significantly. Because there are shared hot and cold airspaces in a multi-rack
infrastructure, one-dimensional workload distributions obtained for a single-rack system cannot
be scaled up for multi-rack DCs [21, 22]. Thus, workload distributions that vary in two dimensions
must be obtained. Previous investigations have also not considered computing performance, i.e.,
Floating Point Operations Per Second (FLOPs) per Watt of power consumption [23, 24],
simultaneously with energy and exergy efficiency. If an air-cooled DC is managed solely based

on energy and exergy efficiencies, the computing performance is considerably degraded as



electronic chips become overheated. The actual FLOPs per Watt 7, , is determined by performing
LINPACK benchmark tests on a processor of interest [23]. Further, this quantity can be normalized
using the maximum achievable FLOPs per Watt . ;, which helps to define the dimensionless
metric computing performance ratio CPR. The value of . 4 is regulated by changing the (1) CPU
frequency through over- or under- clocking, (2) voltage, and (3) temperature [25, 26]. Although
simultaneous optimization of these parameters results in a global optimal value of CPR, we only

focus on thermal performance as per our objective.

We address the shortcomings of prior workload management approaches by proposing a
novel methodology to maximize (1) energy, (2) exergy, and (3) computing efficiencies for a five-
rack air-cooled DC equipped with two in-row cooling (IRC) units [22]. Energy and flow
interactions are considered across DC racks to obtain spatially two-dimensional temperature
distributions, which are used to solve a multi-objective genetic algorithm (MOGA)-based
optimization problem to optimize two-dimensional workload distributions and cooling parameters,

such as chilled water temperature and airflows of the IRC units.

As observed from Table 1, thermally-aware workload distribution algorithms require an
accurate dynamic thermal model for the DC. Several options are available, such as (a) data-driven
black-box models [27], (b) data-driven hybrid gray-box models [28, 29], (c) computational fluid
dynamics (CFD) simulation-based heat recirculation matrix (HRM) approaches [12], and (d)
physics-based zonal models [22, 30]. The first three require significant training data and
computational resources, and are the basis of prior workload scheduling algorithms. To circumvent
this problem, our framework utilizes an experimentally-validated, training-free, physics-based,

spatiotemporal zonal model to predict temperatures in a five-rack DC [22]. This physics-based



approach eliminates extrapolative temperature predictions, reduces computational time, and

improves the accuracy of temperature predictions for new scenarios.



Table 1: Relevant state-of the art works in the area of thermal-aware workload and cooling management in DCs.

Representation

Type of

Ref. of an actual DC Objectives or goals thermal model Auxiliary sub-models Optimization
Regr_ession-based non-linear Single-objective
Maximizing utilization of solar He‘f.ﬂ . cqollng energy model optimization
[31] No energy recwg:ulatlon Linear server energy model with linear
matrix (HRM) Neural network based solar constraints
energy model
Regression-based non-linear
cooling energy model
Minimizing total energy Non-l!near server energy model Single_-ob_jective
[11] Raised-floor DC consumption (including HRM No_n-llnear central processing optimization
servers) unit (CPU) temperature modgl_ with no_n-llnear
Proper orthogonal decomposition | constraints
(POD) based cold chamber
temperature model
Minimizing heat recirculation Computational _
_ by assigning workloads fluid dynamics Linear server energy model
[13] Raised-floor DC according to cold chamber (CFD) Regression-based cold chamber No
temperature and load of simulation temperature model
neighboring servers
Linear server energy model Single-objective
[32] No Minimize hotspot temperature | HRM rF;e(z)%Essmn-based cooling energy \C/)vpiz;]nyéillci)r?ear
Job processing time models constraints
Minimizing peak temperature Thermal resistance capacitance Single-objective
_ of servers CFD based CPU temperature model optimizatiJon
[33] Raised-floor DC Minimizing job processing simulation CFD data-driven cold aisle with non-linear

time of servers
Minimizing CO; emission

temperature predictor
Job processing time models

constraints




Minimizing hot spot air

Linear server energy model

Single-objective
optimization

[12] | Raised-floor DC temperature in cold chamber HRM e Non-linear regression based with non-linear
cooling energy model constraints
e Regression-based CRAC energy
S . model Single-objective
Minimizing total cooling . . S
[34] Raised-floor DC energy QFD ' e Thermal resistance capacitance optimization
Minimize CPU temperature simulation based CPU temperature model with non-linear
P e CFD data-driven cold aisle constraints
temperature predictor
Minimizing hotspot Regression-
[15] No temperature in cold chamber based e Server thermal stress model No
e Non-linear regression based Single-objective
inimizing total ener . optimization-
. Minimizing ! gy Regression- server energygmodel t ¢
[35] | Raised-floor DC consumption (including based «  Non-linear rearession based based model
Servers) . g predictive
cooling energy model control
e Regression-based cooling energy . -
Maximizing utilization of solar model Sln_gle_-ob_Jectlve
. photovoltaic energy Regression- e Solar photovoltaic power optimization
[36] Raised-floor DC . 27 . with linear and
Maximizing utilization of free | based forecasting model non-linear
cooling e Free cooling system model constraints
e Operational cost model
Maintain uniformity in the
[14] Raised-floor DC server exhaust temperatures NoO No No
Reduce overcooling of the cold
aisle
Ll Energy consumption and exergy
Minimizing energy CFD * ; : .
_ consumption of cooling cycle simulation destruction models of cooling U_nconstrelne_d
[20] Raised-floor DC L . . cycle components (server, heat single-objective
Minimizing exergy destruction | data-driven exchanaer. fan. oum. chiller optimization
in DC (including servers) POD model ger, tan, pump, ! P

and cooling tower)




Single-objective

Flow network | Linear server enerav model optimization
[1] single-rack DC Minimizing cooling energy representation e Non-linear chiIIerg%wer model problem with
with RMCU consumption (FNR)-based Non-li f P del both linear and
zonal model * NOn-finéar fan power mode non-linear
constraints
o i e Linear server energy model Dugl-(_)bje_ctwe
Minimizing cooling energy «  Non-linear chiller nower model optimization
[21] single-rack DC consumption FNR-based . Li » del P problem with
with RMCU Maximizing exergy efficiency | zonal model near gn mode del of both linear and
of cooling cycle ° Exehrgy estruction model o non-linear
each component constraints
e Linear server energy model
Minimize cooling energy e Non-linear CPU temperature o
consumption model ;)rr![-i(r)nbijzeaﬁtilc:/rf
Present | Multi-rack DC Max_imize exergy efficiency of ENR-based o Non-l?near chiller power model pfoblem with
work with IRC units cooling cycle zonal model ¢ Non-linear fan power model linear and non-

Maximize computing
performance per unit energy
consumption

Exergy destruction model of
each DC component
Non-linear computing
performance per watt model

linear
constraints
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To the best of our knowledge, this is the first work that develops a comprehensive workload
and cooling management framework for multi-rack DCs cooled by IRC units. Considering the
energy, exergy, and computing efficiency along with thermal reliability constraints allows for the
exploration of insightful operational trade-offs. The proposed multi-objective optimization
problem not only reveals the cooling and spatial workload dynamics, but also provides multi-

objective trade-off diagrams applicable for real-world DC application.

With this background information, our sixfold contributions are:

e Proposing a new metric to describe computing performance degradation with rising CPU
temperatures or thermal throttling. It has been observed in this work that with elevation of CPU
temperatures the computing performance ratio can degrade by up to 7.5%.

e Explaining the trade-offs between energy and exergy-based cooling metrics and the computing
performance metric. We solve three single- and one multi-objective optimization problems to
better understand the nature of the objective function in decision making.

e Deriving a comprehensive formulation that couples our previous flow network-based
temperature prediction model [22] for a five-rack air-cooled DC equipped with IRC units with
energy, exergy, and computing efficiency models.

e Understanding of the relationship between workload distribution, cooling cycle operation, and
thermal dynamics of a DC with shared hot and cold chambers.

e Explaining of the influence of the IT load factor for different optimization scenarios. We find
that the load factor significantly alters the energy and computing efficiencies while the optimal
value of exergy efficiency remains nearly unaltered by changing load factor.

e Utilizing the results for the five-rack case study to develop an extended scalable workload
management approach for larger DCs.
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The remaining sections are organized as follows. Section 2 develops a series of
optimization problems with different objectives informed by the flow network-based temperature
prediction model. Section 3 includes the results and physical insights obtained by solving the
optimization problems. Finally, Section 4 provides concluding remarks and highlights salient

findings.

2. Methodology

2.1. Physical layout and thermal model of the row-based cooling infrastructure
The multi-rack DC architectural layout with IRC units is described in Figure 1 [22]. The DC
cooling infrastructure consists of five IT racks, each of them containing 15 2U servers (where 1U
= 4.4 cm). The racks are stacked within an enclosure and share a common cold and hot chamber
at the front and back of the IT racks, respectively. The cold chamber and hot chamber are separated
by high-density air blocking brushes to prevent air from mixing. Two IRC units manufactured by
RITTAL [37] supply the required cold air from two sides of the IT enclosure. Each IRC unit
consists of an air-water fin-tube heat exchanger, three centrifugal fans, and a valve-based water
flow control mechanism. A vapor compression refrigeration (VCR) chiller, equipped with an

ambient air-cooled condenser [38], supplies the required chilled water to the IRC heat exchangers.

The thermal model adopts a zonal approach, which assumes that physical quantities inside
each zone are spatially uniform [22]. This is a faster and reasonably accurate alternative to a full-
field CFD simulation. A zone containing servers is modelled as a heat source whose magnitude
depends on the IT stress level or utilization. Cooling unit fan zones supply predefined airflows at

a specified temperature.
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Figure 1: (a) Process flow layout across different components for the DC case study, and (b)
representative schematic of the DC infrastructure equipped with five server racks and two IRC
units. The diagram on the left shows a three-dimensional representation of the DC, whereas the
one on the right shows a sectional view representing salient airflows. A server rack is divided into
five zones, where each zone consists of three 2U servers (1U = 4.4 cm). There are 35 zones (25
zones in front of servers and 5 zones in front of each IRC unit) in each of the front and back
chambers.

There are several zones inside the DC enclosure, i.e., (1) in front of the IRC units or the
cold air supply zone, (2) at the back of the IRC units or the warm air return zone, (3) cold air intake
zones in front of the servers, (4) hot air exhaust zones at the back of servers, (5) each server itself,
and (6) the IRC units. The cold chamber and hot chamber are partitioned into 25 zones of equal
volume so that each consists of three 2U servers. The rationale for filling the IT racks in this
manner is provided by the temperature prediction model, where each rack of 30U height must be
filled (30U per rack = 5 zones per rack x 3 servers per zone x 2U server) [22, 30]. In addition,
there are five cold air supply and return zones on each side of the enclosure, as shown in Figure
1b. Temperature prediction using the zonal framework is a two-step process, where a flow network
representation (FNR) is used to calculate the pressures and airflows of all the zones. Thereafter,

the pressure-flow data are used in energy balance equations to determine the zonal temperatures.

2.1.1. Airflow estimation of front (cold) and back (hot) chambers

The flow-field inside an enclosed DC is pressure-driven [22, 39], enabling an FNR to calculate the
pressure-flow characteristics. The FNR is based on our previous work for a five-rack DC with two
IRC units, as shown in Figure 2 [22]. IRC zones are represented as sources of airflow Q,, whereas

the server airflows are denoted by ij. The horizontal flow transport resistances in the front and
back chambers are R,’f, and R, respectively, whereas the vertical flow transport resistances for the

front and back chambers are R{f and RE. The high-density air blocking brushes are porous
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separation media enabling momentum and energy flux transport across the two chambers, which
can be represented by a flow resistance R;,., values for which have been reported [22]. Since the

enclosure is air tight, there are no flow interactions across the rack and the room (ambient).

R’
it} =R T e ———", —h
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z W %
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Connection Lines J\Mr Flow Resistance | 2 Cold air supply from
IRC unit .
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Figure 2: Generalized flow network representation (FNR) of the DC infrastructure for the case
study with a total of 75 2U servers and 2 IRC units. The orange dotted lines represent identical
sequences of flow resistances and servers in a simplified manner. Reproduced with permission

from Ref. [22].
As a function of inlet air temperature, Tlfj, the airflow through a zone with N, 2U servers

is [30],

; f o
N x 0.01415 if T/ <25°C )

07, = .
" Ny x [0.01415 + (T/, - 25) x 0.00142]  if 25<T/ <35°C

For our system Ny = 3 as there are three 2U servers in each zone of an IT rack.
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With flow resistances known, mass balance equations for the front chamber, back chamber,
and heat-generating server zones can be formulated. The mass balances for zones in contact with
active servers in the front and back chambers are expressed by Egs. (2) and (3). The mass balances

for the zones in an IRC cooling unit supply and return are calculated using Egs. (4) and (5).

“f[Pi];Lj + Pilil,j] + [’)f[PiS'H + Piqu] +yPl — (2af + 287 + )/)Pi,];- -Qf =0, (2
al[Ply; + PPy ] + BP[PE s + Ph_y] +¥P), — (2a® + 2B° + y)PE; + Q7 = 0, (3)
@ [Pl = Bj) = e = 0. and (4)
a’[Ph,; — Pl + L, (%)

Nchu

where a’ = 1/R/, a® = 1/RY, B/ =1/R}, B =1/RE, y = 1/R,, , Q, the total airflow
setpoint prescribed by the DC control system (split equally across two IRC units), N,,, = 2 is the
number of IRC units, N, = 5 the number of zones inside a rack, and P the pressure corresponding
to the zone of interest. Equations (2)-(5) constitute a system of linear equations whose solution
yields the spatial pressure distribution across different zones in the front and back chambers (see

Appendix Al for a detailed description).

2.1.2. Temperature estimation of front (cold) and back (hot) chambers

With the pressure distribution determined using FNR, the temperatures in the front and back
chambers can be calculated. The transient energy balance for a server zone based on the forward

time-marching method is,

(6)

T.e.| _T.e.| Tf| —T.f.|
Xs [ Zbile bile-at Wile “bile—ar ) _ 5z f _ Te 52z
2 ( At + At = Palpalij\Ti; t-At Ti'j|t—At + P

where X is the thermal mass of a 2U server (available from the literature) [40], T;%; and Tif;. are

the server exhaust and inlet air temperatures, p, the density of air, C, , the specific heat capacity
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of air, At the time step, and Pfj the power consumption of the server zone with horizontal rack
index i, and vertical zone index j. We note that a server's power consumption depends on its
utilization, which is one of our decision variables for which the appropriate function is provided

in Eq. (11).

The energy balance equations for the waterside and airside of the heat exchanger inside

each IRC unit are expressed by Egs. (7) and (8), respectively.

t t—At .
Xw (Taw=Thw \ _ UA rme—ne t—At t—At Q t—At 7
7‘”( At - 7 (Thza + TC.a - Tc.w - Th.W ) + pWCP.W Nw (TC.W - Th.W )’ and ( )
cu
Xq (Tha=Tha ' | Téa=TEG™\ _ _ VA (mioat t—At t—At Qa (mt—At t—At (8)
o At + At - = Py (Th,a + Tc,a - Tc,w - Th,w ) + pan,a N_m (Th,a - Tc,a .

Here X, = p,,C, WV and X, = p,C, .V, are the thermal masses of water and air inside the IRC
unit, Q,, the total water flow prescribed by the DC control system (distributed equally across two
IRC units), Ty, and T, the hot and chilled water temperatures, T, , and T, , the hot air return
and cold air supply temperatures, UA the product of the universal heat transfer coefficient and the
contact area between the two interacting fluid media, i.e., air and water. The value of UA as a

function of Q, and Q,, is obtained from our previous work [22].

For the zones considered within the front and back chambers, the energy balance equations

are,

©)

(10)

f f
T .| =T/ .
X, (7"’|f A:’Lf—“) =0f +0)+0f +0f +f +af, and

b b
X Ti.j|t‘Ti.j|t_At b+ b+ QP 4 Qb + Qb 4 Qb
A\ )=+ + 03 4+ Q4 + 05 + Q,

where X, = p,C, 4V, denotes the thermal mass of zones in the front and back chambers and

through Qg are zonal flow interaction terms calculated using the pressure distribution. The

expressions of these terms for different types of zones are provided in Table 2.
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Table 2: Expressions for the zonal flow interaction terms Qf% and Q2_ . used in Egs. (9) and

(10), respectively.

of

1-6

b
'Ql—>6

Q{ (Horizontal flow transport in front chamber)

[Piil.j - PLC] 20 pan,aa’f(Pierj - Pi,fj)Ti]-:—l,j
[Pifrl.j - Plfl] <0 pacp.aaf(Piil,j - Piﬁ-)Tiﬂ-

Qg (Horizontal flow transport in front chamber)

f f f IAYYi
PL,,; —Bf| =0 PaCrat! (PLy; = PL)TLy,
f f f JAYY
[Pl - Bf] <0 paCpad! (PL,; ~ BT,

Qg (Vertical flow transport in front chamber)

[Pig'ﬂ - Pl/;] 20 pacp.aﬁf(Pi,fjﬂ - Pi,fj)TiZ'H

[Pig'ﬂ - Pl/;] <0 pan,a:Bf(Pi,l;H - PLI;)TLf]
Qf: (Vertical flow transport in front chamber)

[Pig'—l - PLI;] 20 Pacp.aﬁf(Pi,fj—1 - Pi,fj)TiZ'—l

[l =ril<0 oty (R - R
Qg (Flow transport through brushes in front chamber)

[Pil.)j - Pif'] 20

J pan,ay(PiI,’j - PLC)TLbj

[Pil,’j - Pi,fj] <0 PaCpa¥ (P — PL )T,
Qg (Flow through active server)

_pacpaQ.is,jTi,fj

Qlf (Horizontal flow transport in back chamber)

[Pl1;— Pl 20 PaCpa@®(Phy; — PL)Th

[P — P <0 PaCpa@” (Pl — PE)TY

QIZ’ (Horizontal flow transport in back chamber)
[Py =Pl =0 PaCpa@’(PL1j = Pj)TL 4,

[Pl — Pl <0 PaCpat®(PLyj = PU)TY

Q2 (Vertical flow transport in back chamber)
b b b
[Pi.1'+1 - Pi,j] =0 PaCpal (Pil,)j+1 - Pil,Jj)Til,Jj+1
b
Pan,aB (Pil,)j+1 - Pil,Jj)Til,)j

QP (Vertical flow transport in back chamber)

(P21 = P] <0
b b b

[Pi,j—l - Pi,j] =0 Pan,aB (Pil,)j—l - Pil,Jj)Til,Jj—l
b b b

[P — Pl <0 PaCpaB (Plj—y — PL)TY

Q2 (Flow transport through brushes in back chamber)

f b f b \rf

[Pl =Pl =0 PaCoat (P = PY)TS,

[Pi,};‘ - P t’.’j] <0 PanaV(Pz,C- - P il.’j)Tfj

Q’g (Flow through active server)

Pa CpaQ.is,j TS

Equations (6)-(10) are solved by forward time marching to determine the temperature distributions

for the zones in front and back chambers [22].

2.2. Objective 1: Energy consumption

The energy consumption in a DC consists of two components: (1) the servers and (2) the cooling

cycle. Intuitively, the power consumption of a server is a composite function of its utilization and

the inlet air temperature [41]. However, since changing the inlet air temperature by 40% alters the
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server energy consumption by only 1% [42], we assume that the energy consumption attributed to
a server is solely a function of its utilization. The total IT energy consumption inside the DC can

therefore be expressed as,

> z T D z r ll
P = Zyzl Zivzl Pfj = Z?'ZIZL Ns[Al + Azufj], ( )

where the number of racks N, = 5, number of servers per zone Ny, = 3, and the number of zones
in a rack N, = 5. The server power model constants A; = 223.4 and A, = 154.5 are obtained
from the datasheet of an HP ProLiant DL360 G5 server with two Intel Xeon E5-2697 v3 processors

[43]. We assume this particular server to be employed solely throughout our DC.

The energy consumption of the cooling cycle has three components: (1) fans, (2) VCR
chiller, and (3) pumps. The DC architecture under study is equipped with a fixed speed pump with
valve-based flowrate control. Since the third component is invariant across different operational
conditions and cannot be optimized, we only optimize the energy consumption of the fans inside

the IRC units and the VCR chiller. The total energy consumption of the cooling cycle that can be

optimized is,
Peoot = Py + Pe. (12)
The fan energy consumption for the RITTAL IRC units can be expressed as [22],
(13)

B =N, [31 +B, (5—;) + B, (5—;)2]
where B; = 480, B, = —3073, and B; = 6031 are fan model constants [22]. We note that fan
energy consumption models can be parabolic, cubic, or linear for different manufacturers and
classes of fans.

While there are several options for calculating the energy consumption of the VCR chiller,

we utilize the well-known Gordon-Ng universal chiller model [44] for its ease of use and low
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computational requirement and high accuracy across a wide range of heat loads. The model has

the form,

P _ Qch+cch,wTamb+CZ (Tamb_Tc,w) A (14)
ch — Tew—C30 Qchl
cw—L3(ch

where Q_;, is the heat load on the chiller evaporator, i.e., the server heat load, T, the chilled water
setpoint prescribed by the DC control system, T,,,,;, the ambient air temperature entering the chiller
condenser, and P, the power consumption of the chiller. All temperatures in Eq. (14) are
expressed in units of K, whereas P, and Q. are in kW. To evaluate the model constants C; to Cs,
performance data of the commercially available TRANE CGA120 10 Tons chiller is used [38].
The constants evaluated using multivariate linear regression are C; = 0.0092, C, = 8.953, and

C; = 0.649. The value of T,,,,, is taken as 297.04 K from the chiller performance datasheet.

Finally, the performance of the DC cooling system from a 1% law of thermodynamics

perspective can be represented by the coefficient of performance COF,,

cop, =, (15)

Pool

Investigators have previously considered the energy-based objective function during joint
workload management and cooling control [1, 27]. Our first goal is to maximize COP. by

minimizing P,,,, for a prescribed IT load P;.

2.3. Objective 2: Exergy destruction

In an air-cooled DC equipped with IRC units, the overall exergy loss can be separated into (1) ¥,
in the VCR chiller, (2) yp, in the IRC air-water heat exchangers, (3) 1 in the fans, and (4) Yser

in the servers. Since the server exergy loss component due to heat generation is determined by the
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total computing load, which we consider as input data, it cannot be optimized. Therefore, the

controllable exergy loss y,,; consists of the three cooling cycle components,

1[}cool = l[)f + 1[Jhx + 1[Jch- (16)

The exergy loss in the chiller is [6, 20],

(17)

H A Tc,w A T LA,
lpch = prp,waTambln (m) + pan,anfTambln( L b)-

Tamb

Here Q,; is the airflow through the condenser fans obtained from the chiller datasheet [38] and

T amp 1S the hot air temperature exhausted to the environment through the chiller condenser.

The exergy loss in the IRC heat exchanger,

. . " . - 18
lphx = pan,aQa [(Th,a - Tc,a) - Tambln (Zl_a)] + prp,wa [(Tc,w - Th,w) - Tamb In (:}I_w)] ( )

That in the fans inside the IRC units is a function of airflow,

By = (1= )N [B1 + 8, (22) 4 3, (L)) (19)

Neu

where the fan efficiency n = 0.604 is obtained from the datasheet of the IRC unit manufactured

by RITTAL [37]. The exergy efficiency of the DC cooling system,

e = (1= 22221 x 100, (20)

in

where the exergy input to the cooling cycle is further evaluated by,

(21)

1pin = Pf + Pch + pan,aQa [(Th,a - Tamb) = Tampln (TTa}i:b)].

To reduce thermodynamic irreversibility during operation and maximize effective utilization of

cooling capacity, 7., should be maximized [20].
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2.4. Objective 3: Computing efficiency

The computing efficiency of a server or a processor can be defined in various ways, where we
choose the performance per Watt [23, 24], i.e., 1. 4 is calculated as GFLOPs (Giga Floating Point
Operations per Second) per unit power consumption in Watts. Although there are several possible
ways of maximizing n.,, we focus on the influence of CPU temperature Tl-fU on Neg -
Experimental evidence shows that 7. , for Intel Xeon E5-2697 v3 processor is linearly dependent

onTS Y, e,

Neq = Dy + DTSV, (22)
where the constants D; = 3.0 and D, = —6.9 x 1073 are obtained from a LINPACK benchmark

case study performed by Druzhinin et al. [24] for Intel Xeon E5-2697 v3 processors.

The maximum achievable computing efficiency 7 ; of a DC depends on computing cores
per CPU, maximum frequency in GHz, FLOPs/cycle of operation, and thermal design power

(TDP) of the computing processor,

servers  CPUs _cores_ cycles FLOPs 23
n _ rack " server” CPU "second  cycle ( )
ci — CPU. .
racksxZE2ers S XxTDP
rack *server

racksx

A dimensionless metric, computing performance ratio CPR is defined as,

CPR ==, (24)

An increase in Tf}’ U causes 7., to decrease which leads to a corresponding decrease in CPR (see
Egs. (22) and (24)). This reduction can be represented by linear, quadratic, or cubic polynomials
that depend on the type and model of the CPU [25]. To deliver a fixed computing performance (in
GFLOPs), a lower CPR corresponds to higher computing power (in Watts). Hence, CPR

quantifies the loss in computing performance per unit power consumption due to CPU thermal
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throttling. Other means to optimize CPR include changing the CPU clock speed (GHz) and supply

voltage through dynamic voltage and frequency scaling (DVFS) [25, 26].

The metric CPR is meaningful when the DC has an imposed IT workload, i.e., 0 < LF <

Nz Nr _ z
Zj=12 u

ot ) Although LF = 0, or zero IT load, provides the highest CPR, that

Nz ¢Nr _ max’
S

1, where LF =

i=1%ij

condition is not realistic.

To determine CPR, it is essential to know the mean CPU temperature of each zone T,/

from the thermal model. We utilize a non-linear regression-based auxiliary equation for 75"V [45],

TPV = By + Byufy + EsT), + Ey(uf))” + Es (uf, 7)), (25)

where uf; and Tifj are available from the zonal thermal model. The constants in Eq. (25) are

determined by performing a non-linear regression using the data obtained from the datasheet [43]
for an HP ProLiant DL360 G5 server with two Intel Xeon E5-2697 v3 processors. The resulting

values are E; = 20.2, E, =59.1,E5; = 0.76,E, = —8.1, and Es = —0.56.

Finally, the mean computing performance ratio CPR,,, of the five-rack DC is calculated by

taking the average of the CPRs of all the zones,

CPR,, = F, + F, Eﬁ-“fli:”:;n‘}"”’ (26)
where the constants F; = 0.75, and F, = —1.72 x 10~3 are determined by performing a
regression using the data obtained from [24]. Intuitively, higher CPU temperatures should increase
the leakage current of a computing chip and decrease 7., [23], resulting in lower CPR,, .
Therefore, the aim is to maximize the value of CPR,,, by jointly optimizing workload distribution

and cooling system operating parameters.
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2.5. Optimization problem formulation

Our objectives are to maximize (1) COP., (2) n.,, and (3) CPR,, for the five-rack DC with two
IRC units. To obtain the optimal cooling parameters and two-dimensional workload distributions,
we solve four different optimization problems. The first three optimization problems employ three
different objective functions, while in the fourth optimization problem all three objectives are
optimized simultaneously. The structures of the optimization problems are presented in Table 3.
The essential decision variables that regulate the objective functions are (1) distribution of zonal
workload u;, (2) chilled water temperature setpoint T, ,,, and (3) IRC unit airflow setpoint Q,.
Two classes of servers are considered here, (1) active servers with 0 < uf; < 1 and (2) idle servers
with uf; = 0. Turning OFF an idle server, i.e., making it a passive server to save energy, changes
the optimization framework significantly so that the continuous optimization problem becomes a
combinatorial optimization problem [1]. Therefore, this consideration is beyond the scope of the

present work. The total chilled water flow Q,, is fixed to a constant value of 15 GPM, since the

optimal values are not sensitive to the water flow [21].
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Table 3: The four different optimization problems considered.

Optimization 1

Optimization 2

maximize [COP]

Ui jTewr Qa
Nz <Nr  z
st Y it Uiy LF
- ZNZ ZNr ymax
j=12i=1Yij

max(Tlfj) <T,
10 < T,,,(°C) < 20
1300 < Q,(CFM) < 2300

maximize [1,]
Ui jTews Qa

Nz Nr _ z
z:j=1zi=1ui.j

Nz vNr  max
z:j=1zi=1ui.j

s.t. =LF

max(TiZ) <T,
10 < T.,,(°C) < 20
1300 < Q,(CFM) < 2300

0<uf;<uj™ i=1.,N,andj=1,.., N, 0<uf; <y i=1.,N,andj=1,.., N,
Optimization 3 Optimization 4
rl?lzzjl)%rmrlugf [CPR,,] r%zju%rurlngae [COP., ey, CPR,, |
s.t. 27%;%;:; =LF s.t. 72%12%11;; =LF
j=1%i=1"ij j=1%i=1 "]
max(Tl-,fj) <T, max(TiZ.) <T,
10 < T,,,(°C) < 20 10 < T,,,(°C) < 20
1300 < Q,(CFM) < 2300 1300 < Q,(CFM) < 2300
0<uf; < u{y’}“", i=1,.., N,andj=1,.., N, 0<uf; < u{f}“", i=1,.., N,andj=1,.., N,

The optimization problems are multi-dimensional with both linear and nonlinear

constraints. The first three optimization problems have single objectives and are solved using the

fmincon function of MATLAB with a sequential quadratic programming solver. The fourth

optimization problem has three objective functions and is solved using the MOGA-based solver

gamultiobj in MATLAB. The first constraint for all the optimization problems is linear, ensuring

that the DC load factor (LF), i.e., the ratio of current IT load to maximum capacity u;";**, is set to

a particular preset value. The second constraint ensures that the maximum air temperature in the

cold (front) chamber is capped below the American society of Heating, Refrigeration, and Air-

Conditioning Engineers (ASHRAE) guideline temperature T, = 27 °C [46], which prevents server

overheating, ensuring thermally reliable operation. The working range of the decision variables is
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obtained from the component datasheets of the IRC unit [37] and VCR chiller [38]. For all the

optimization problems, the convergence criterion is set to 10°.

3. Results and discussion

3.1. Impact of workload distribution and cooling parameters on front (cold)
chamber temperature distribution

The temperature distribution in the cold chamber of an air-cooled DC is an essential feature of the
cooling infrastructure. The thermal reliability of a server depends on the cold air intake
temperature, which is very sensitive to the zonal utilization levels of servers u{; and cooling
parameters T, ,, and Q, [21]. Instead of examining the entire cold chamber temperature to assess

thermal characteristics, we consider the metric active server temperature distribution (ASTD) [39],

ASTD = mean(Ti’fj) + stdev(Ti,fj . (27)

The cold air temperature Tlfj supplied by the IRC units depends on both T, ,, and Q, for a fixed
Q,,, Whereas the spatial variance of Tiﬂ. is regulated by Q, only. Therefore, we note that ASTD can

be regulated by altering T, ,,, Q4, and the distribution of uf;.

Table 4 and Figure 3 show the influence of jointly varying T,,,, Q,, and the distribution of
u;; on the ASTD and rack-height averaged cold chamber temperature distributions. Comparing
cases A, B, and C reveals that simultaneously increasing T.,, and Q, raises ASTD, bringing it
closer to the maximum allowable cold chamber temperature of 27 °C [46]. This, in turn, minimizes
the overcooling of servers in the vicinity of IRC units, as shown in Figure 3 (Cases A and C).
Comparing cases C, D, and E shows that workload distribution has an insignificant effect on the

ASTD and temperature distribution.
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Table 4: Parametric details of the cases presented in Figure 3 with LF = 0.5 and max(Tlfj) <

27 °C. Red and dark green colors are mapped for two extreme values of v, 1 and 0, respectively.

T, 0, ASTD

Case Distribution of uZ; across zones
v (°C)  (CFM)  (°0)

Uniform workload assignment

RLIR2 | R3 | R4 | R5
ne | 0505050505
A "> [05 [ 05 [ 05 [ 05|05 =& 20 2153 26.04
05 | 05| 05|05 | 05 |,
Left Right
(Lef) =05 T05 [05 | 05 [ 05 | oM
05 | 05| 05| 05 | 05
Uniform workload assignment
RLIR2 | R3 | R4 | R5
05 | 05| 05| 05 | 05
B :Eﬁ 05 | 05| 05| 05 | 05 :ﬁﬁ 10 1754  23.08
(Loft) |05 | 05 | 05 [05 [ 05 | ity
05| 05| 05| 05 | 05
05 | 05| 05| 05 | 05
Uniform workload assignment
RLIR2 | R3 | R4 | RS
05 | 05| 05| 05 | 05
C :ﬁfi 05 | 05 | 05 | 05 | 05 :ﬁﬁ 15 1930  24.53
(Lof) |05 | 05 | 05 [05 [ 05 | ity
05| 05| 05| 05| 05
05| 05| 05| 05 | 05

Workload assigned away from IRC units
Rl | R2 | R3 | R4 | R5

0 (075 1 |075] 0
D :E“ci 0 (0751 1 |075] 0 L'fﬁ 15 1978  24.36
0 0750 1 |075] 0 :
L ol
(Lef) =075 ¢ [o75 ] o | K9
0 0750 1 |075] 0

Workload assigned close to IRC units

R1 | R2 | R3 | R4 | RS
0.25 0.25

1 0 1
E :ﬁi 1 025 0 |025] 1 LF;i 15 1867  24.77
1 1025] 0 |025] 1 :
L il
(Lef) =5 To25 [ 0 |oz5| 2 | K9
1 1025] 0 |025] 1
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To identify local hotspots in the multi-rack DC, we provide rack-height averaged
temperature distributions for the cases presented in Table 4. The red dotted line in Figure 3
corresponds to the maximum allowable temperatures in each rack [46]. Since the 3" rack (R3) is
located farthest from both the IRC units, it experiences the highest cold air temperature. Two
physical phenomena are identified as primary causes for the hotspot in rack R3: (1) this hotspot
has a higher airflow path resistance being farthest from the IRC units (see Figure 2), which
increases the temperature, and (2) the lower air supply from the IRC units towards R3 increases
the possibility of hot-air recirculation from the back (hot) chamber to the front (cold) chamber,
thus increasing the local temperature. Overall, the cold chamber temperature is an essential feature
of the DC optimization framework since the maximum cold chamber temperature influences

thermal reliability.

(a) (b)

® A B 4 C - redLineTemp a C =D E - redLineTemp
£ 28 = 28
B ......................................... B oevermrrrn E
=& 26 ]
= L L] = 26 +
g 2w ® ® N N ¢ * g
E n E_
59 A 4 5 ¢ ¢ ¢
220 i A 222
E': 8 -::E 20 ¢ ¢
S 16 < .
= =2
= M s 18
& &

IRC R1 R2 R3 R4 RS IRC IRC R1 R2 R3 R4 RS IRC
(Left) (Right) (Left) (Right)
Figure 3: Influence of (a) cooling parameters T, and Q, and (b) workload assignment on the
rack height averaged cold chamber temperature distribution for the different cases listed in Table

4. The red dotted line in the figures denotes the maximum allowable temperature in the cold
chamber.
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3.2. Trade-offs in energy, exergy, and computing efficiency

To account for the interplay among different decision variables and objective functions, we first
examine the parametric trade-offs across essential quantities such as (1) uf;, (2) Te,w, (3) Q4 (4
LF, (5) COF,, (6) Ny, and (7) CPR,,, presented in Tables 5 and 6. For all cases, the maximum cold
air temperature at the server inlets is maintained below 27 °C and Q,, = 15 GPM. Table 5 shows
the influence of coordinated regulation of w;, T, and Q, for LF = 0.5. For a constant LF, raising
T, ,, from 10 °C to 20 °C requires approximately 26% higher Q, to maintain the maximum server
inlet temperature below 27 °C. Doing so reduces the spatial air temperature variances in the cold
chamber and improves 7, by up to 3.5%. Although raising T.,, requires larger Q,, the overall
COP, of the DC improves by approximately 14% when T, is increased from 10 °C to 20 °C. This

can be attributed to the fact that the energy savings obtained by operating the VCR chiller at a

higher T, is significantly larger than what is required to drive the IRC fans [37, 38].

Assigning the server workloads closer to the IRC units (racks R1 and R5) requires up to
4.5% less Q, due to the corresponding reduction in flow path resistance, which slightly improves

COF, (by approximately 1.5%), although n,, is virtually unaltered when the distribution of u;

changes. The mean computing performance ratio CPR,,, is not significantly affected by jointly

regulating the cooling parameters and workload distribution for a specific LF. Since the server
inlet air temperature Tif; weakly influences TiJ-P U CPR,, is unaltered [42]. Therefore, only two

objectives, COF, and 7., are controlled by altering the three decision variables u;, T, and 0,
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Table 5: Influence of zonal workload assignments and cooling cycle decision variables on the three objectives for LF = 0.5 while
satisfying the constraint max(Tif;.) < 27 °C. For all the cases Q,, = 15 GPM. Red and dark green colors are mapped for the extreme

values of uf;, 1 and 0, respectively.

Case Distribution of u{’; across zones T.w (°C) Q, (CFM) COP. 1 (%) CPR,,
Uniformly distributed workload 10 1754 362 11.0 0.650
R1 R2 R3 R4 R5 12 1820 3.74 111 0.650
IRC 0.5 0.5 0.5 0.5 0.5 IRC 14 1891 3.85 115 0.649
1

unit 221 05 L 05 | 05 1 05 b 16 1970 395 120 0648
(Left) {220 294 25 15 | Righy 18 2057 405 129  0.647

0.5 0.5 0.5 0.5 0.5 ' ' '
0.5 0.5 0.5 0.5 0.5 20 2153 4.13 14.2 0.646
Workload assigned close to IRC units 10 1674 3.66 10.1 0.651
R1 R2 R3 R4 R5 12 1745 3.78 10.3 0.651
, IRC 1 0.25 0 0.25 1 IRC 14 1824 3890 107  0.650
unit : 025 0 025 : unit 16 1912 4.00 114 0.650
(Lefty [ [ o2 0 02 b Righ) 18 2010 400 124  0.649

1 0.25 0 0.25 1 : : .
1 0.25 0 0.25 1 20 2121 4.17 13.9 0.649
Workload assigned away from IRC units 10 1816 3.59 11.7 0.655
R1 R2 R3 R4 R5 12 1877 3.70 11.8 0.654
; T 0 0.75 1 0.75 0 e 14 1943 3.81 12.1 0.652
unic S 075 NN 0.75 [ | 16 2014 392 126  0.652
(efy -0 1 05 L 1 1 0B L O | (right) 18 2092 402 134 0650

0 0.75 1 0.75 0 ' ' '
0 0.75 1 0.75 0 20 2179 4.11 14.5 0.650
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The influence of LF on the different objectives and decision variables is examined in Table
6. For all cases, the maximum temperature in the front chamber is maintained below 27 °C and
Q,, is maintained at 15 GPM. Increasing LF from 0.2 to 0.8 shows that COP. and 7, improve by
23% and 6%, respectively, while the CPR,,, degrades by approximately 6%. The degradation in
the computing performance ratio CPR,,, can be attributed to the elevated CPU temperature at
higher LFs. As the VCR chiller operates efficiently from both energy and exergy perspectives at
high LFs, both the 1%t and 2" law efficiencies improve, which improves overall COP. and 1, .
Since LF is not under the control of the DC operator, CPR,, cannot be regulated by homogenous
workload management across DC racks. Therefore, heterogeneous LF management across multi-

rack DC systems should be adopted.

Tables 5 and 6 show that the three objectives are predominantly functions of T, ,,,, @4, and
the distribution of w7 ;. Therefore, instead of adopting a brute force parametric variation approach,

in subsequent sections we solve non-linear single- and multi-objective optimization problems to

determine the optimum decision variables.
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Table 6: Influence of LF on decision variables and objectives while satisfying the constraint max(TiZ.) < 27 °C. For all cases Q,,

15 GPM.

Distribution of u}; across zones T,w(°C) Qu(CFM) COP. nex(%) CPR,,
Case1: LF = 0.2 10 1661 342 102 0673
R1 R2 R3 R4 R5 12 1730 3.53 10.3 0.672
14 1807 363 107 0.671

IRC IRC
e it 16 1891 372 113 0.669
(Left) (Right) 18 1985  3.80 123  0.668
20 2091 386 137  0.667
Case 2: LF = 0.5 10 1754 362 110 0.651
R1 R2 R3 R4 R5 12 1820 3.74 11.1 0.650
IRC 0.5 0.5 0.5 0.5 0.5 IRC 14 1891 3.85 115  0.649
A 0> | 0o | 05 | 05 | 05 Iy 16 1970 396 121 0648
(Lefty (-2 1 05 1 05 1 05 1 05 | gigny 18 2057 405 129  0.647

0.5 0.5 0.5 0.5 0.5 : : :

0.5 0.5 0.5 0.5 0.5 20 2153 414 142  0.647
Case 3: LF=0.8 10 1829 3.75 115  0.632
Rl Ro R3 Ra RS 12 1891 388 116  0.631
14 1959 400 12.0 0631

IRC IRC
il i 16 2033 412 125  0.630
(Left) (Right) 18 2113 423 134  0.629
20 2211 432 146  0.629
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3.3.Single-objective optimization results

3.3.1. Maximization of COP,.

The energy-based metric COP, can be optimized by altering the cooling parameters, T, and Qg,
and the zonal workload distribution w7 ;. The explicit optimization problem is shown in Table 3.
The total chilled water flowrate Q,, is fixed at 15 GPM. The aim of the COP, maximization
problem is to find optimal values of T,,,, Q,, and u;; while maintaining the cold chamber
temperature below 27 °C. Optimum values of decision variables and the objective are presented in

Table 7 for five different LFs, 0.2, 0.35, 0.5, 0.65, and 0.8.

The COP, maximization problem assigns the server workload closest to the IRC units for
the entire range of LF values [1, 21]. As LF increases, the servers located near IRC units (in racks
R1 and R5) are fully utilized, i.e., u7; = 1, which necessitates assigning additional incoming
workloads to racks away from the IRC units (R2, R4, and R3). Even though LF is increased to 0.8,
the farthest rack R3 remains unutilized since the workload capacities of racks R1, R2, R4, and R5
are sufficient to handle this LF. Increasing LF beyond 0.8 will utilize server zones in rack R3,
which is placed farthest from both IRC units. This finding is in synergy with prior one-dimensional
workload management algorithms that minimize the cooling energy consumption in air-cooled
DCs [1]. However, we reveal the importance of the heterogeneity of u7; inside a rack that creates
a two-dimensional workload variation, which is essential for hotspot management. COP.
maximization results in a relatively high T,,, = 20 °C, which is invariant with changing LF.

Raising T, reduces the energy consumption component of the chiller and maximizes COF..

However, the total airflow Q, of the fans inside IRC units varies non-linearly (see Eq. 13) with
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changing LF. A higher LF results in higher heat generation from servers, when Q, must be raised

to bring the maximum cold chamber temperature below 27 °C.
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Table 7: Optimal decision variables obtained from the COP. maximization problem for different

LF. Red and dark green colors are mapped for the extreme values of u;, 1 and 0, respectively.

o T 0
LF Distribution of uZ; across zones ow a COP
b (°C) (CFM) ¢
R1 R5
0.55 0.55
IRC IRC
0.2 unit 0.41 0.34 unit 20 2034 3.92
0.68 0.42 -
Left Right
( ) 0.55 0.48 (Right)
0.55 0.46
R1 R2 R3 R4 R5
IRC IRC
035 | unit unit | 20 2054 408
(Left) L ==~ 1 (Right)
0.5 20 2081 4.21
IRC
0.65 unit 20 2107 4.32
(Right)
IRC IRC
0.8 unit unit 20 2130 4.41
(Left) (Right)
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A higher LF significantly improves COP. (by up to 12.5%), since the VCR chiller operates more
effectively at higher LFs [38]. Although COP. maximization reduces cooling energy consumption,
it does not necessarily diminish thermodynamic irreversibility in the DC cooling system during

operation. This often leads to loss of available cooling capacity and further reduces 7., [6, 20, 21].

3.3.2. Maximization of n,,

To address the drawback of COP. maximization from a 2" law of thermodynamics perspective,
the second optimization problem (see Table 3) maximizes n., . The nonlinear constrained
optimization is solved using the methodology in Section 2.5. The resulting values of decision
variables and optimized objective function values are presented in Table 8 for a wide range of LFs.
In contrast to the conventional approach of assigning workloads to racks closest to the IRC units,
the 1., maximization problem partially distributes the server workload across the racks (see
workload color maps in Table 8). A high value of Q, is preferred since raising the airflow
diminishes ..., due to spatial air temperature gradients. Increasing Q, also reduces the
probability of hot air recirculation and hotspot formation in the cold chamber [21]. A low value of
T, is preferred since, at lower chilled water temperatures, the 2" law efficiency of the VCR
chiller improves, and the heat transfer efficiency (or effectiveness) of the IRC heat exchanger is
enhanced. As the LF changes, the cooling cycle variables @, and T, ,, remain invariant while the
workload distribution changes, resulting in 7., maximization. The LF does not significantly affect

(less than 2% difference) n,, and the highest value of n,,, = 18.6% is observed for an LF = 0.2.
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Table 8: Optimal decision variables obtained from the 7., maximization problem for different

LF. Red and dark green colors are mapped for the extreme values of u7;, 1 and 0, respectively.

TC,W Qa nex

LF Distribution of u#; across zones
v (0 (CFM) (%)
R1 R2 R3 R4 R5
0.15 0.15 0.11
0.2 :JF:“C,E 0.15 0.15 :Eﬁ 10 2300 18.6
0.27 0.27 0.28 :
(Left) : : : (Right)
0.27 0.27 0.27
0.27 0.27
R1 R2
0.15 0.51
IRC IRC
035 | ypit 949 | 0.59 unit 10 2300 181
0.19 0.25 : :
Left L —=" | (Right
( ) 0.21 0.41 . (Right)
0.22 0.43
IRC IRC
05 | unit unit | 10 2300 176
(Left) (Right)
IRC IRC
0.65 unit unit 10 2300 17.1
(Left) L =2 1 2P (Right)
IRC IRC
0.8 I ‘ e 10 2300 16.7
Left) -—=——— L =~ | (Right
(et 000 | 048 | 015 | (RighY
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The first two optimization problems maximize COP, and 7., of the cooling cycle from the
perspective of the 1%t and 2" laws of thermodynamics, respectively. These two approaches reduce
the cooling cycle operational expenditure and the loss of effective cooling capacity. However, they
do not necessarily reduce overheating of the CPU, which degrades the value of the computing

performance ratio CPR,, (see Egs. (22)-(26)).

3.3.3. Maximization of CPR,,

The third optimization problem maximizes the computing performance per unit energy
consumption by maximizing CPR,, (see Table 3). It is worth noting that CPR,,, only captures the
effects of computing performance degradation at elevated chip temperature (see Section 2.4). This
approach is somewhat similar to CPU temperature-aware workload scheduling and cooling
control, where the idea is to keep the CPU die temperature below a certain value [11]. The
objective function CPR,, is represented as a function of the mean CPU temperatures of each zone

Tff U (see Egs. (22)-(26)). From Tables 5 and 6, we note that CPR,, is altered by changing T,

Qq, the distribution of u/;, and LF. Therefore, the aim is to find T.,,, @, and u/; for a wide range
of LF while keeping the cold chamber air temperature below 27 °C. Table 9 shows the optimal

values of the decision variables and the objective function for various LF scenarios.
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Table 9: Optimal decision variables obtained from the CPR,,, maximization problem for different
LF. Red and dark green colors are mapped for the extreme values of u?;, 1 and 0, respectively.

i,j
Tc,w Qa

LF Distribution of u?; across zones CPR

Y (°C) (CFM) i
IRC IRC

0.2 e A 10 2300 0.682
(Left) (Right)
IRC IRC

0.35 . I 10 2300 0.671
(Left) (Right)
IRC IRC

0.5 i Ui 10 2300 0.659
(Left) (Right)
IRC IRC

0.65 unit unit 10 2300 0.648
(Left) (Right)
IRC IRC

0.8 i A 10 2300 0.637
(Left) (Right)

39



Alow T,,, and high Q,, are preferred since regulating these two variables reduces the cold

f

air supply temperature to the servers T;;-Asa result of lower cold air temperature at the server

inlet, the CPU temperature decreases and improves CPR,, by less than 1%. The approach also
distributes workload partially across the racks rather than assigning them closest to the IRC units
for a wide range of LFs, as evident from the two-dimensional heatmaps of zonal utilization
distribution (see Table 9). For the majority of zones, either w/; = 0 or ui; = 1 is preferred.
Raising LF degrades the maximum achievable CPR,, since a larger LF is associated with elevated
CPU temperatures (> 65 °C). For example, increasing LF from 0.2 to 0.8 diminishes the CPR,,, by
approximately 6.6% as CPU temperatures increase with higher LFs. Thus, CPR,, is a weak

function of T,, and @, while it is strongly influenced by LF and the distribution of ui; [42].

3.3.4. Summary of single-objective optimizations

The results obtained by solving the COP,, n,.,, and CPR,, single-objective maximization problems
for different values of LF are presented in Figure 4. As the LF for the DC increases, COP.
improvement is possible due to the higher energy efficiency of the VCR chiller [38]. An elevated
LF raises the cooling load on the VCR chiller, moving it towards the designed cooling capacity of
the chiller. On the other hand, changing LF has an insignificant effect (less than a 2% difference)
on the maximum achievable n,,, i.e., the exergy efficiency from the single-objective optimization
problem is essentially independent of LF. The third optimization problem, CPR,,, maximization,
shows the influence of LF on the mean computing performance ratio (see Figure 4a). Increasing

LF from 0.2 to 0.8 degrades the maximum achievable CPR,, by approximately 7.5% as TV is

elevated. The lower values of CPR,, correspond to poor computing performance, i.e., lower

GFLOPs per unit power consumption, resulting in higher latencies and increased energy
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expenditure. The result is that the three different objectives cannot be achieved with similar
combinations of decision variables and LFs. To address this problem, we solve a non-linear tri-

objective optimization problem to address the trade-offs across objective functions and decision

variables using a MOGA-based Pareto front approach.

() (b)
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Figure 4: Effect of load factor (LF) on optimum values of three objective functions: (a) Variation
of COP, and CPR,, as a function of LF, (b) Variation of COP, and n,, as a function of LF.

3.4. Multi-objective optimization

To address the trade-offs between the three different single-objective optimization problems, the
fourth optimization problem is MOGA-based, incorporating knowledge of all the three objective
functions simultaneously (see Table 3). The tri-objective optimization problem is solved for five
different LFs, 0.2, 0.35, 0.5, 0.65, and 0.8 leading to a three-dimensional Pareto front (or trade-off
diagram). To better represent the relation between different objectives, we separate the three-
dimensional Pareto front in Figure 5 into three different two-dimensional projections showing
trends of (1) 1, VS. COP,, (2) CPR,, vs. COP,, and (3) CPR,, VS. .. In all trade-off diagrams,
the “desired region” and the “undesired region” correspond to the regimes where both the
objectives are simultaneously maximized and minimized, respectively. For each LF, a separate
Pareto front is obtained, as shown in Figures 5a, b and c. Figure 5a reveals a trade-off between the

energy-based metric COP. and exergy-based metric n,,.. High values for both COP, and 7., can
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only be achieved with higher LF when the VCR chiller operates close to its designed cooling
capacity. As LF is increased from 0.2 to 0.8, the Pareto front shifts towards the desired region.
Figure 5b suggests that when the LF is increased from 0.2 to 0.8, even though the COP. improves
by 20%, the CPR,,, lowers by approximately 7.5%. Operation at a lower LF (for example, LF =
0.2) stretches the Pareto optimal front of COP, so that the DC operator can make a desired choice
across a wider range than for a higher LF. Figure 5¢ shows the proportionality trade-off between
CPR,, and. n,,. At a certain LF, a high value of n,, (approximately 18%) is achievable by
regulating the cooling cycle parameters T, ,, and Q,, which slightly enhances the CPR,, (up to

19%).
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Figure 5: Pareto optimal fronts obtained by solving the multi-objective optimization problem
while satisfying T, = 27 °C for different LFs. The tri-axis Pareto front is separated into three

different two-dimensional Pareto fronts: (1) n., vs. COP., (2) CPR,, vs. COP,, and (3) CPR,, Vs.
Neyx fOr better representing the trade-offs across different objectives. The “desired region” and the
“undesired region” are the regimes where both the objectives are simultaneously maximized and
minimized, respectively.

To gain better insight into the interplay across decision variables and thermal behavior, we
present the values of T,,,, Qq, CPRy,, COP,, 1., distributions of uf;, ASTD and rack-height

averaged temperature distribution for salient points across the Pareto fronts in Table 10, and

Figures 6 and 7.
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Table 10: Decision variables and objective function values for nine salient points marked on the
Pareto optimal fronts presented in Figure 5.

: Tew Qa Nex ASTD

LF Point C) (CFM) COP, (%) CPR,, C)
P1 10.0 2300 3.0 18.6 0.680 13.9

0.2 P2 10.7 2056 3.2 151 0.678 16.9
P3 13.2 1804 3.6 10.9 0.672 23.2

P1 10.0 2300 3.2 17.6 0.656 14.7

0.5 P2 11.0 2074 3.5 145 0.653 18.2
P3 12.7 1855 3.8 114 0.650 23.6

P1 10.0 2300 3.4 16.7 0.635 154

0.8 P2 10.4 2092 3.6 14.3 0.634 18.3
P3 10.8 1877 3.8 11.8 0.632 22.8

Moving from P1 towards P3 on a particular Pareto front slightly affects the distribution of
ui;, where P3 is associated with more server zones at u;’; = 1. However, changing LF entirely
alters the workload distribution to support a higher IT load (see Figure 6). Nevertheless, Table 10
shows that the cooling parameters T, and Q, regulate the desired values of COP, and 7, for a
specified LF. Moving from P1 towards P3 for a specific LF results in an increase in T,,, while
simultaneously decreasing Q,. This raises the mean and variance of the cold chamber air
temperature, as evident from the ASTD and the rack height average temperature distribution
presented in Table 10 and Figure 7, respectively. Although raising the mean cold air temperature
is beneficial from the perspective of maximizing COP., increasing the spatial variance in the air
temperature causes local hotspots, leading to a higher system irreversibility and reduced 7., .
Therefore, an intermediate point on the Pareto front can yield a desirable trade-off across COP.
and ... As the LF increases, the extent of variation for T,,, and Q, decreases, consequently
yielding higher values of COP, and n,,.. Although ASTD is altered upon moving from P1 to P3 on
a Pareto front, it is nearly unaffected by changing LF. Therefore, we conclude that LF has an

insignificant effect on the cold chamber temperature distribution (see Figure 7). The third
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objective, CPR,,, changes only by 1% on a Pareto front for a given LF. However, increasing the

LF degrades the value of CPR,,, by as much as 7%.
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Figure 6: Two-dimensional distributions of zonal utilizations u7; for nine different points marked
on the Pareto fronts shown in Figure 5. The color bars are scaled for the extreme values of u;, 0
and 1, respectively. This figure is to be interpreted in accordance with Table 10.

Examining the rack-height averaged temperature distribution (see Figure 7) for salient
points on the Pareto fronts shows that for all LFs considered, the regime where P1 lies is associated
with low cold chamber air temperature and lower variance of temperature across the racks. On the
other hand, the P3 points for different LF curves show a high spatial variance of the cold air
temperature. The maximum temperature is observed in rack R3 since it is located at the farthest
distance from both the IRC units, resulting in a higher flow path resistance, as shown by the FNR
(see Figure 2). Therefore, the largest pressure drop is experienced by this rack, leading to an
increased probability of hot air recirculation from the hot chamber to the cold chamber via the air-

blocking brushes.
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Figure 7: Rack height averaged cold chamber temperature distributions for the nine salient points
marked on the Pareto optimal fronts presented in Figure 5. The “redLineTemp” corresponds to the
27 °C maximum allowable cold air temperature for servers. This figure is to be interpreted in

accordance with Table 10 and Figure 6.

3.5. CPR improvement strategy for large-scale DCs

Upon examining the Pareto fronts presented in Figure 5, it is evident that desired values of n,, and

COP, are obtained by appropriately selecting the cooling parameters T, ,, and Q,, reducing

operational energy expenditure by maximizing COP, and enhancing effective cooling capacity by

maximizing n., . However, at a higher DC workload (i.e., larger LF), there is up to 7.5%

degradation in CPR,, due to elevated CPU temperatures. Using an exhaustive search, we found

that this degradation could not be avoided. Therefore, further effort is required to improve CPR,,

for large-scale DCs which, in turn, will improve n ,. Fitting CPR,,, with respect to LF (Figure 4a),

results in the following relation,

CPR,, = —0.075(LF) + 0.697,

which is valid for the range 0 < LF < 1.
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Next, we assume a large-scale DC infrastructure with a total number of IT racks N;ytq; =
100 that can be constructed by several identical modular blocks of enclosures or “DC pods.” Each
pod consists of (1) five air-cooled DC racks with a standalone enclosure, (2) two IRC units, (3) a
water circulation pump, (4) a VCR chiller, and (5) a pod workload/cooling manager (see Figure

8).

Computing load (D)

Central workload

manager
LF4 LF, LF; LF,q
( Pod control \ ( Pod control \

system

51T racks
2 IRC units

1 pump

1 VCR chiller

N

J

15t pod

system

N J

2" pod

system

T

3" pod

o

system

51T racks
2 IRC units
1 pump

1 VCR chiller

J

20t pod

Figure 8: Illustration of the pod management strategy for the 100-rack DC considered. The
components inside all the pods are identical and are detailed in Figure 1a. All pods are connected
to a central load management system that presets the LF for each pod.

Consequently, a 100-rack DC infrastructure requires 20 such pods, i.e., N,, = % = 20.

T

The maximum achievable computing load for this DC D™ = N,, X N,. X N, X Ny X u"™** =
20 X 5x5x3x1=1500. We consider scenarios with homogeneous and heterogeneous LFs

and distribute the IT load 0 < D < 1500 across the DC pods to determine the influence on CPR,,,.

N
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Table 11: Results from the heterogeneous vs. homogeneous LF assignment across DC pods to
improve CPR,,.

Relative improvement

Computing (HeStterf(:;gielous PRI Strategy 2 pRim <CPR,’§{” - CPR,’;f> 100
load (D) LF) ™ (Homogenous LF) " CPR}

75 t:z:é ggp;ggs) 0.621 LF=0.05(20 pods) 0.693 11.6%
150 tZé 8 8";331) 0.621 LF=0.1(20pods) 0.689 11.0%
300 t:l) 8 apggz)s) 0.621 LF=0.2 (20 pods) 0.682 9.7%
450 :::1) g 4pggz)s) 0.621 LF=0.3(20pods) 0.674 8.5%
600 tZé g nggi)s) 0.621 LF=0.4 (20 pods) 0.667 7.3%
750 :::1) 88 5233 0.621 LF=0.5(20 pods) 0.659 6.1%
900 '[E;l) E;Zpggg)s) 0.621 LF=0.6 (20 pods)  0.652 4.9%
1050 tZé g4pggg)s) 0621 LF=0.7 (20 pods)  0.644 3.6%
1200 tzé giggg? 0.621 LF=0.8 (20 pods) 0.637 2 4%
1350 tizé E;SPEZS)S) 0.621 LF=0.9 (20 pods)  0.629 1.2%
1500  FEL@0pods) g o LF=1(20pods) 0622 0%

LF=0 (0 pods)

The results presented in Table 11 reveal that homogeneous LF assignment by the central load
manager provides up to 11% relative improvement in CPR,,. The heterogeneous LF management
scheme (Strategy 1) only considers LF = 1 or O for the pods. Pods with LF = 0 do not contribute
to computing demand and therefore CPR,,, is not a valid metric for them. In contrast, pods with

LF =1 utilize the entire computing capacity of the pod, resulting in poor CPR,,. As the value of
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D — D™%* the relative enhancement in CPR,,, using homogeneous LF management diminishes to

0%.

4. Conclusion

We have developed an advanced methodology to fulfill multiple objectives determining two-
dimensional workload distributions and cooling cycle parameters in a five-rack DC equipped with
two IRC units. The methodology combines a high-fidelity, spatiotemporal zonal temperature
prediction model while quantifying (1) energy, (2) exergy, and (3) computing efficiencies. Several
single- and multi-objective problems are solved, addressing three different objectives leading to
joint workload and cooling management in a multi-rack DC. The approach reveals non-trivial
trade-offs between cooling cycle efficiencies (energy and exergy) and computing efficiency for a
wide range of LF. In contrast to prior investigations that only consider the cooling cycle efficiency
for single-rack DCs [1, 21], the present work offers additional benefits by quantifying the
degradation (or augmentation) of computing efficiency (measured as in GFLOPs per Watt) for a

multi-rack DC. Salient findings include:

1. The cooling energy minimization problem populates workload close to the IRC units in a
heterogeneous manner and uses a high chilled water temperature T;,, = 20 °C.

2. Increasing the LF from 0.2 to 0.8 improves the energy-based metric COP. up to 12.5% and
offers significant energy savings.

3. Trade-offs are observed across COP. vs. 1., and COP, vs. CPR,,,, where the desired values
for all three objectives cannot be obtained by similar values of cooling parameters and
workload distribution.

4. The n,, and CPR,, maximization strategy distributes the workload across all of the racks,

whereas, the COP, mediation problem assigns workload close to the IRC units.
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5. The metric CPR,, is a weak function of the cooling cycle parameters T, ,, and Q. It is
predominantly regulated by altering the LF of the DC. Increasing the LF from 0.2 to 0.8
degrades the CPR,,, by up to 7.5% resulting in a lower value of GFLOPs at a higher energy
expenditure.

6. The three-dimensional Pareto fronts and corresponding decision variables help to
determine detrimental effects on different objectives.

7. Anextended approach to manage LF in a large-scale DC is presented to improve the overall
CPR,,.

The thermally aware, multi-objective workload management scheme for the five-rack, air-cooled
DC reveals essential physical insights and opens avenues for future research in joint thermal and
workload management for multi-rack DCs. The above methodology is suitable for offline
applications in the DC industry, such as investigating the influence of equipment changes and
testing what if scenarios. For implementation in real-time DC workload and thermal management,
a data-driven methodology using a fully connected feedforward multi-layer perceptron (MLP)
neural network can be utilized to capture the interplay between Pareto optimal solutions and
corresponding decision variables. Given the inputs (1) uf;, (2) T, w, (3) Q,, and (4) LF, the MLP
would be able to predict optimal solutions for (1) COP., (2) 1., and (3) CPR,, within a few

seconds.
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6. Appendix 1: Pressure-flow calculation strategy using the flow
network model

The airflow inside a DC enclosure with IRC units is pressure-driven and can be modeled using a
flow resistance representation (see Figure 2). Our previous experiments demonstrate that the
pressure-flow relationship is linear [22]. Hence, the flow resistance is expressed as R = AP/Q,

where AP and Q are the characteristic pressure drop and flowrate, respectively. The
experimentally determined values for different resistances R’ le, R%, RE, and R, are available
in [22]. Different flow interactions of a zone with its neighboring zones are, (1) right Q(;+1,/)-(i j»

(2) left Qi1 jy- (i), (3) 1OP Qi j+1)-(i,jy» (4) bottom Q(; ;1) ), (5) leakage flow between front

f-b

and back chambers through brushes, i.e., Q'fff or Q'l.'j , and (6) flow induced by server fans Q'fj.

A schematic of these neighboring flow resistances and pressures is provided in Figure Al for a

single server zone.

; 3 Server Zone

-

Front (cold) Chamber Back (hot) Chamber

Figure Al: Schematic of neighboring flow resistances and pressures for a single server zone. The
flow across a resistance depends on the magnitude and sign of the pressure difference. A
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combination of several such server zones and the IRC units results in the generalized flow network
representation shown in Figure 2.

Subsequently, the zonal flowrate balance in the front chamber for an active or idle server

[21, 22],
f f f f bof g
Qirr - T Qi-r-ap T Qujrv-ap T Quj-v-ap T~ — Q0 =0, (A1)
f f f f f f f f b_pf
P j=Pij | PicajPij | Pijea Pij | Pij-aPiyj | PPy a2
=ttt e =0, (A2)
H H v 14
= af[Pijerj + PLjilj] + Bf[Pi,fjH + Plf1—1] +yP) — 2al +2B7 + V)Pij -Q =0 (A3)

While that in the back chamber is expressed as,

. b . b . b . b . f_)b . _
Qisr-ap T Qa-1p-ap T Qajsn-ap T Qaj-v-ap T €y +0Qi; =0, (Ad)
b b b b b b b b b_of
Piy1j=Pij , Piyj=Pij | Pija1~Pij | Pij-1—Pij | Pij=Pij “z
= Iy Sy g S 2 ) = 0, (AS5)
H H |4 \%4
= [Pl + PLyj] + B[Py + PPios] + yPi,fj — (2a” + 2" + V)P + Qf; = 0. (A6)

Likewise, the flowrate balance for the zones in the front chamber adjacent to the IRC units

yields,
) e (A7)
@+1,)-@5)  NyNgy, '
f f 5
R), NzNcy
I f Qa  _
= (Xf[Pi+1,j - PLJ] - szgcu =0, (Ag)

and that in the back chamber is expressed as,

5b Qa _
Qi+1p-ip T _Nzl\l’lcu =0, (A10)
N Pib+1,jf_Pil,7j Qa — 0' (All)
Ry NzNcy
Q
= a’[Ply,; — Pyl + = =0. (A12)
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Equations (A3), (A6), (A9), and (Al12) are final forms of the pressure-flow calculation,

representing two sets of linear equations. The first results in a two-dimensional pressure matrix in

the front chamber [P/.], while the latter provides a pressure matrix in the back chamber [P?;]. The

pressure variation across the geometry is influenced by the following factors.

The distance between the IRC units and different racks offers a resistance, decreasing the
cold air delivered to the racks at farther distances.

A mismatch between the total air suction of servers and supply by the IRC units creates a
pressure difference between the front and back chambers (~10 Pa) [30, 39]. According to
the sign of the pressure difference, this produces a net leakage flow through the brushes
across the two chambers.

The combined effect of these two influences creates a larger pressure difference between

front and back chamber zones which lie farthest from IRC units (R3 in this case).
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