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Abstract

Datacenter growth is constrained by power grids because the con-
stant power required by datacenters (DCs) is difficult to balance
with variable solar and wind generation. DC load flexibility is the
key to solving these grid problems, but it conflicts with the stable
capacity needed for compute efficiency.

We propose “power Middlebox”, a new system architecture, to
bridge the gap. Middlebox decouples datacenter capacity and grid
load, reconciling the conflict between DC capacity needs and grid
load flexibility requirements. It provides each with the freedom to
meet their divergent objectives. We define the Middlebox system
architecture, frame its objectives, and explore designs (type and
quantity of energy resources, extent of decoupling, management)
in varied power grid settings.

Evaluation shows that Middlebox unlocks 460% or 170% datacen-
ter growth with grid reliability or decarbonization constraints in a
wind-dominated grid. We study decoupling in growing DC scenar-
ios. Decoupling reconciles the conflict between grid and datacenter
needs, enabling constant DC power capacity on 99.9% of days, for
a cost equal to 37% of a DC’s annual power bill (or 3-5% of DC
TCO). Future technologies could reduce Middlebox cost by up to
70%. Further, workload flexibility can be exploited to reduce cost.
These results are robust across growth scenarios and grid types.
Overall, the results show that Middlebox can be deployed in small
to large datacenters economically with today’s technology.
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1 Introduction

The growth of datacenter energy consumption and carbon emis-
sions is an ongoing and growing concern [13, 66]. The U.S. data-
center energy consumption grew by 13% annually in 2018-2022,
which was already fast [83]. Since late 2022, the excitement created
by chatbots such as ChatGPT, and more broadly a boom of genera-
tive Al applications such as Dall-E have significantly accelerated
the growth of datacenter power demand. The explosive growth is
driven by both application popularity (users and uses/day) as well
as their compute-intensity per use [97].

In 2023-2028, the annual growth rate of DC power is projected
at 27% [83]. A major part of this is the huge investments of the
hyperscalers that run large datacenter networks. The total capital
expenditures of the 11 largest hyperscalers led by Amazon, Google,
Meta, and Microsoft are forecasted to be $392B in 2025, growing 38%
vs. 2024 and exceeding 2022 and 2023 combined [26]. In response,
grid operators are raising load forecasts: Dominion (Northern Vir-
ginia), “datacenter alley”, projects datacenter load will grow from
25% of load to 49% by 2034 [24]. Similar growth is projected across
the U.S., increasing DC power consumption to perhaps 12% of total
U.S power consumption in 2028 [15, 18, 43, 83]. Globally, the In-
ternational Energy Agency (IEA) projects datacenter consumption
may reach 1,250 TWh in 2030—3 times vs. 2024 [42]!

The growth of datacenter load has overwhelmed power grids,
leading to refusal (or delay of many years) for grid connection in or-
der to maintain grid reliability [48-50]. The growth also retards grid
decarbonization, intensifying the public concern over computing’s
negative environmental impact [65, 86].

Why is datacenter growth so hard for the grid? DCs are
constant loads. However, as grids are decarbonized, they are adding
large amounts of fluctuating renewable generation that depends on
natural dynamics (mainly solar and wind). Reliable power requires
these to be matched—all of the time. The two main approaches to
overcoming the long-tail statistics for high reliability are costly—
energy storage or generation over-provisioning. Growing data-
center load exacerbates the pressure on this difficult “balancing”
problem. In contrast, flexible loads that align their demand with re-
newable generation are much easier and cheaper to support [28, 71].

One way to support rapid datacenter growth is to delay the
planned decommissioning of fossil-fuel generation or build new
natural gas generators, which is being adopted [24, 65, 80, 86]. Such
generation is dispatchable, and can be used to balance constant
DC loads. However, this is undesirable due to its carbon emissions,
slowing grid decarbonization and making compute “brown”.

Therefore, if DC growth is to be rapid to meet the demand of
cloud and artificial intelligence, datacenters must be flexible loads,
allowing them to match renewable generation. Otherwise, either
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the DC growth or the grid’s ability to decarbonize (and computing
along with it) is at risk.

Why is commercial cloud load not flexible? Much academic
research has explored temporal and even spatial shifting to align
datacenter power use with renewable generation [17, 21, 29, 36,
60, 62, 64, 85, 87, 90, 96, 111] or similarly to coordinate power use
to help the power grid [57, 59, 61, 68, 104, 110]. These ideas have
seen little adoption by commercial clouds for two reasons. The
first is workload inflexibility. In clouds, workloads consist of vir-
tual machines (VMs) whose performance abstraction is generally
continuous-rate service. This QoS (quality of service) promise is
difficult to flex [105, 107]. The second is that datacenters are large
capital assets with extreme business pressure for maximum utiliza-
tion. These limit DC flexibility. For example, Google’s Carbon-aware
Computing only affects datacenter power by less than 2%, far from
what grid needs to decarbonize [57, 78].
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Figure 1: Load flexibility required by the grid conflicts with
datacenter’s need of stable power capacity when they are cou-
pled or decoupled partially (Part. DeCP). Middlebox enables
arbitrary decoupling (Arb. DeCP) that resolves the conflict.

The conflict between datacenter capacity needs and grid load
flexibility requirements is difficult to solve because they are coupled
with a direct grid connection (diagonal line in Figure 1), which
makes datacenter power capacity equal to grid load. Commercial
clouds are located at the left end of this line (the biggest red dot),
with some recent efforts that explore varying capacity [78, 105].
Some systems such as [1, 29, 87] partially decouple capacity and
grid load with co-located renewable generators or energy storage
for one-sided benefits (e.g. carbon emissions, power cost), extending
the reach (peach colored space). In this paper, we propose “power
Middlebox”, a key system architecture innovation that decouples
datacenter power from grid load flexibly. This allows the grid and
datacenter to operate anywhere in the blue space, much broader
reach than other systems.

Our power Middlebox idea is analogous to the middlebox in
Computer Networking that transforms network traffic [6]. We de-
fine the concept precisely, and explore its use for decoupling, and
its effectiveness for enabling datacenter productivity and high grid
load flexibility. We consider several approaches to realizing Mid-
dlebox, including generation and storage. We explore the benefits
that Middlebox confers on datacenters and grid by reconciling their
conflict. Specific contributions include:

e The Middlebox architecture, a system component that de-
couples datacenter power capacity and grid load, and its
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implementation design space, including a composition of

energy resources and their management.

e Evaluation of Middlebox that explores decoupling, benefits
for DCs and grid, and implementation costs:

— Middlebox enables 460% more stable DC capacity growth
(same grid reliability) or 170% more growth (same grid
decarbonization) in a wind-dominated grid. This increase
is robust across varied grid conditions.

— Cost-performance studies that show Middlebox can deliver
these benefits: with medium growth, Middlebox enables
stable DC capacity on 99.9% of days at a cost equal to 37%
of DC power cost or 3-5% of DC total cost of ownership
(TCO). Future technologies could reduce the cost by 70%.

— Exploiting DC workload flexibility can reduce Middlebox
cost by 40%, to 2-3% increase in DC TCO.

Overall, Middlebox allows datacenters to concurrently achieve
their service goals and grow sustainably. Best of all, Middlebox
ideas do not require major policy or regulatory reform, and can be
deployed immediately.

In Section 2, we describe the background. In Section 3, we show
the tension between grid needs for load flexibility and datacenter’s
need for stable capacity, and introduce the Middlebox approach. We
explore Middlebox design in Section 4, following with experimental
methodology in Section 5. The evaluation of Middlebox benefits
and costs is covered in Section 6. Finally, we discuss related work
and summarize.

2 Background

2.1 Grid Decarbonization and Need for Grid
Load Flexibility

Power grid decarbonization is progressing all over the world in
response to the climate change. Many power grids include 10-40%
renewables as of 2024 and expect 40-90% by 2030 [5, 20, 22, 25, 41].
Globally, IEA projects that renewable capacity is expected to in-
crease over 5,520 GW during 2024-2030, 2.6 times more than the
deployment of 2017-2023 [41]. The majority of increasing renew-
able capacity is wind and solar. Their generation costs are already
lower than both fossil-fuel and non-fossil alternatives in most coun-
tries [41], but they produce time-varying generation adequacy and
carbon intensity in the grid, as the timing and amount of generation
depend on natural dynamics of wind and sun.

To reliably balance power demand and the increasingly variable
power supply, grid operators have been calling for load flexibility,
summarized as “Shape, Shift, Shed, and Shimmy” [28]. Recent stud-
ies show that even modest and occasional load reduction (shed)
can enable more datacenter loads to be integrated with existing
and planned grid capacity [58, 71]. As an example, Ireland, which
expects DCs to account for 30% of power use by 2032, requires
new DC projects be equipped with equivalent generation capac-
ity [34]. Microsoft needed to build a 170 MW natural gas power
plant to support its DCs there [51]. As grid carbon budget begins
to be enforced [11, 34], “shift” that matches load and renewable
generation will become more important. A range of novel programs
involving datacenters, electric vehicles, intelligent appliances, and
even virtual plants have been proposed [27, 37, 45, 73].
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2.2 Realizing Datacenter Grid Load Flexibility

Datacenter grid load can be flexed in coupled or decoupled ways.
When power capacity and grid load are coupled, changes in DC
operation are needed. Typical examples include dynamic resource
scaling [36] and batch workload scheduling [78, 101]. However,
these approaches are rarely if ever used in commercial cloud dat-
acenters as they directly affect workload QoS and thus can result
in revenue loss. Another approach is to flex DC cooling capacity
[4, 9]. The decoupled way of using generators or energy storage
to flex datacenter grid load avoids impacts on DC operation. Be-
cause of the limitations of diesel backup generators (pollutant and
carbon-heavy generation) and UPS batteries (limited capacity [99])
currently deployed in datacenters, this way will introduce deploy-
ment of additional energy resources that incur cost to assess. The
Middlebox is a new approach in this direction.

3 Problem and Approach

Problem. The challenges caused by datacenter growth could
be overcome if grids controlled datacenter load. Such flexible DC
load would allow much greater DC load and improve grid reliability
[52, 58,59]. But that approach would be catastrophic for datacenters,
creating high capacity variation and harming DC productivity as
in Figure 2 [105, 107]. DCs under grid control would experience
many capacity shortfalls that disrupt compute services. To get a
sense of the business damage, a single 150 MW, 1 hour outage costs
$11.9 million [46], so the shortfalls in Figure 2 correspond to a 1,500
MWh, $119 million outage (and that’s just one day!).

Generator
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Figure 2: Datacenter capacity under grid control sees frequent
capacity shortfalls that harm compute efficiency and incur
huge business costs.

Clearly such frequent outages make grid control alone not feasi-
ble. The difficulty is the conflict between datacenter and power grid
needs. Directly, the problem is that datacenter power is coupled to
grid load. Succinctly:

DCPower; = gridLoad;, V't

To escape the conflict, the key research question is: how can we
decouple datacenter power capacity and grid load efficiently?
That is, how to support both stable computing capacity and grid
load flexibility to enable datacenter growth? Underlying research
questions include:

e How much decoupling is required (e.g. in power and energy)?

e How can decoupling be realized inexpensively (e.g. genera-
tors, storage, and management algorithms)?

o Can datacenter workload flexibility reduce decoupling cost?
How much?
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e How do these answers change with the type of power grid?

Approach. Our approach introduced a power “Middlebox” in the
system architecture between datacenter and grid. The Middlebox’s
role is to decouple datacenter power and grid load. This decoupling
can help the DC to meet capacity stability objectives AND, enable
the grid reliability and renewable absorption. Middlebox redefines
the coupling constraint as:

DCPower; + x; = gridLoad;, Vt (1)

where x; is Middlebox’s power input/output that decouples data-
center power and grid load.

Middlebox decouples the two objectives, giving both sides ad-
ditional freedom to pursue and satisfy independent goals. While
many different uses of this freedom are possible, we focus on a
single case, simultaneously achieving high datacenter productivity
(meet capacity needs) and enabling grid dispatch for low cost/high
renewables (flexible grid load).!

We consider a variety of Middlebox implementations. For sim-
plicity, we assume Middlebox is on-premise, and “behind-the-meter”
as in Figure 3, but different arrangements are possible [12, 37].

Power Infra.

‘ Datacenter Power + Middlebox Power = Grid Load ‘
Traditional DC EE]E Match
&S| |—
IT (<9 Meter
Workloads | =/

t Power
Figure 3: Middlebox decouples datacenter power capacity and

Power-compute
*I_;; =
Middlebox
grid load, resolving the conflict.

Power Grid

In following sections, we proceed as follows:

(1) Define the Middlebox, its functional role and requirements.
This includes the temporal requirements for datacenter ca-
pacity, grid load, and the induced decoupling requirements.

(2) Define the implementation design space for Middleboxes
with types of energy resources (e.g. storage, generators),
composition, and management.

(3) Evaluate Middlebox performance and cost with various dat-
acenter capacity requirements and grid settings.

Next we start from the abstract design of Middlebox and possible
implementations.

4 Middlebox Design and Implementations
4.1 Abstract Design

Figure 4 shows the internal design of Middlebox consisting of con-
trol and power planes. The control plane takes information from
the grid and datacenter to determine power x; flowing into (+, from
the grid) or out of (-, to the datacenter) Middlebox. This realizes
decoupling of datacenter power and grid load, i.e. DCPower; +x; =
gridLoad;.

Some other interesting use cases include power load smoothing for Al training [56],
shaving the peak grid load, and more.
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Figure 4: Middlebox Design.

4.1.1 Goals and Metrics. Decoupling enables the goals of data-
center power capacity (DCPower) and grid load (gridLoad) to be
achieved concurrently.

DCPower Goal. The primary goal is constant capacity, which
is consistent with current practice in cloud datacenters and thus
require no change in other layers (e.g. scheduler). Formally:

DCPower; = DCPowergyg, Yt =1,...,24

where DCPowergyg = DCPowermayx * utilgyg (average utilization).
This handles inflexible capacity, inflexPower;.

A variant of constant power is when there is some temporal
workload flexibility (e.g. time-shiftable workloads with weak QoS
needs) such as that in cloud workloads [2, 16, 78, 94]. We assume
such flexible workloads account for a fraction (¢sFrac) of daily load.
The corresponding flexible capacity, flexPower;, can be scheduled
within 24 hours at no cost. Overall this produces:

DCPower; = inflexPower; + flexPower;

The respective goals are:

24
ZflexPowert = tsFrac * DCPowermax * 24
=1

inflexPowery = (utilgyg — tsFrac) * DCPowermqay, Vt
In both cases, we can assess how well the DCPower goal is met

with the percentage of time when these equations hold (power
QoS), similar to the commonly used availability metric.

gridLoad Goal. For gridLoad, the goal is to enable flexible dat-
acenter grid load adapted to grid dynamics. This meets needs
of renewable-based grids to improve reliability and decarbonization
[28, 59]. Formally,

utilmin < gridLoad; /DCPowermax < utilmax (2a)
backlog; = backlog;—1 + (DCPowergyg — gridLoady) (2b)
backlog; > 0, backlogy = backlogas = 0 (2¢)

where gridLoad can be set within a dynamic range [utilmin, utilmax]
with DCPowergyg as average load throughout a day. Non-negative
backlog increases with gridLoad; < DCPowergyg and decreases
with gridLoad; > DCPowergyg.

The benefits of flexible gridLoad can be measured with increase
in grid capacity for datacenters under specific grid requirements.

Without Middlebox, DCPower would need to be highly flexible
(contradicting cloud QoS needs), or gridLoad would need to be
constant (contradicting grid reliability and decarbonization needs).
Middlebox reconciles this conflict.

Liuzixuan Lin and Andrew A. Chien

4.1.2  Architecture.

Control Plane. The control algorithm takes the power plane
state, datacenter load profiles, and grid information as input, and
then it determines x;, the power input/output of Middlebox power
plane. We use the following formulation to achieve the goals:

min max{|DCPower; — DCPower;—1| | t =2,...,24}  (3a)

24
s.t. Z DCPowery = DCPower gpg * 24
t=1
DCPower; + x; = gridLoad;, Vt

{gridLoad;} given by load adaptation approach,

power plane constraints

If the power plane capability allows, the control algorithm pro-
duces x; that makes DCPower; = DCPowergyg, Vt, achieving the
constant capacity goal; otherwise it will smooth the capacity curve
around the average to reduce shortfalls and capacity changes de-
structive to compute efficiency [107]. gridLoad is fixed as a con-
straint to guarantee meeting grid needs®. Power plane constraints
depend on Middlebox implementation.

When the temporal flexibility is considered, the control objective
changes to:

min max{|inflexPower; — inflexPower;_1| | t = 2,...,24} (4)

with the total power requirements Z?il flexPower; = tsFrac =
DCPowermax+24 (for flexible workloads) and Zfil inflexPower; =
(utilgyg — tsFrac) x DCPowermqax * 24 (for inflexible workloads) as
additional constraints.

The algorithm can be online (e.g. repeatedly make decisions
every hour with techniques like Lyapunov optimization [84]) or
plan-based (e.g. make a day-ahead plan based on predictions) de-
pending on information available.

Power Plane. The power plane consists of energy resources that
realize decoupling by providing power x;. The selection of energy
resource results in various implementations of Middlebox varying
in capability, cost, physical footprint, etc.

4.2 Implementations with Different Types of
Energy Resources

There are a variety of energy resources to build Middlebox. The im-
plementations can be classified as generator-based, energy storage-
based, and hybrid ones combining both, whose capability of han-
dling potential DCPower shortfalls or surpluses varies (Figure 5).
We explore various implementations to find those that can achieve
DCPower and gridLoad goals at low costs (financial, carbon).

4.2.1 Generator-based Implementation. The generator is a sim-
ple solution to the datacenter capacity shortfalls by generating
xy = DCPower; — gridLoad;. With enough power capacity and
continuous fuel supply, the shortfalls can be eliminated—100% cov-
erage of constant DCPower. However, the generator cannot utilize
surplus grid power when gridLoad; is required to be high. For
Middlebox, the generator should have controllable power output

’The complementary strategy would be constant DCPower, best-effort flex
gridLoad.
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Use Cases
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Figure 5: Middlebox can be implemented with various types
of energy resources. The resources affect Middlebox’s capa-
bility to handle DCPower shortfalls or surpluses.

and fast-ramping capability, which grid “peaker plants” satisfy.
In many datacenters, backup generators are capable, and can be
dual-purposed for Middlebox, saving capital expense. We mainly
consider the gas turbine for its high ramp rates and lower carbon
emission rate vs. other fossil fuels.

Sizing. The power capacity (maximum power output) of gen-
erator determines the deepest capacity shortfall that can be filled.
When the power capacity > DCPowerqyg — DCPowermay * utilmin,
all the capacity shortfalls can be eliminated.

4.2.2  Energy Storage-based Implementation. A natural way to shift
datacenter’s consumption of grid power is adding energy storage
to each datacenter. The storage is discharged during the shortfalls
and charged with power surpluses to realize decoupling, subject to:

s0 = $24 = S0Cpax * sEnergyCap (5a)

S0Cmin * sEnergyCap < sy < SoCpax * sEnergyCap (5b)
—sPowermax < xt < sPowermax (5¢)

St =Sp—1+ X (5d)

where sPowerpax and sEnergyCap denote power and energy ca-
pacity respectively. s; denotes the stored energy at the end of t and
x; denotes charging rate (<0 means discharging). Eq. (5a) makes
state of charge (SoC) circular every day for continuous operation,
and we set it to the maximum (SoCpy,4x). Constraints (5b)-(5d) are
typical for energy storage, including depth of discharge (DoD),
power rate limit, and stored energy transition.

We omit charging and discharging energy losses here for simplic-
ity, which makes ) ; x; = 0 (required by constraints (1), (2a)-(2c))
and Eq. (5a) hold at the same time. In reality the losses need to be
compensated by charging with additional grid power consumption.
Therefore, this approximation requires high round-trip efficiency
(e.g. 85-90%) that produces small energy losses. We primarily con-
sider the Li-ion battery, which is mature and used in many utility-
scale battery energy storage (BES) systems. There could be cheaper
alternatives in the future. For example, gravity energy storage that
stores energy in a heavy lifted mass is thought to be cheaper long-
duration energy storage with similar round-trip efficiency [98].

Sizing. The capacity of energy storage systems is broken down
into power capacity and energy capacity—maximum charge or dis-
charge rate (MW) and amount of stored energy (MWh). The major
task of sizing for energy storage is to find the minimum energy
capacity (for reducing costs) that satisfies datacenter capacity goals
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in a set of scenarios, i.e. robust decoupling. Similar to other re-
source sizing processes (e.g. server provisioning), we formulate an
offline optimization problem over multiple historical scenarios with
known adapted {gridLoad;}. The optimization for one scenario is:

min sEnergyCap (62)
s.t. constraint (1), (5a)-(5d),

DCPower constaints

With energyCap} denoting the solution of scenario i, a scenario
set (n days) produces a solution set {energyCap; | i = 1,...,n}. The
p-th percentile corresponds to p% power QoS, i.e.

Prob(DCPower goals met) > p%

Relaxing this statistical guarantee (coverage) reduces needed energy
capacity (and cost) with more power QoS violations.

4.2.3 Hybrid Implementation. The energy storage and generator
can also be combined to form a hybrid implementation, which opens
up more possibilities. For example, cheaper storage technologies
with lower round-trip efficiency (vs. Li-ion battery), such as thermal
energy storage and hydrogen energy storage, become feasible op-
tions with a complementary generator to fill the energy losses. One
control strategy is to charge the storage with all excess power when
DCPower; < gridLoad;, and provide x; = DCPower; — gridLoad;
together with the generator when DCPower; > gridLoad;. Specif-
ically, we consider hydrogen storage with fuel cells, which is a
clean power solution but cannot serve as an energy storage-based
Middlebox because of its low round-trip efficiency (typically 31%
[98]). With hydrogen transported from external sources, it becomes
a feasible hybrid implementation.

Sizing. The required power and energy capacity vary with the
combination. For the hydrogen system, the fuel cell can be sized
as a generator, and the electrolyzer + hydrogen storage (e.g. salt
cavern) can be sized as energy storage.

5 Experiment Methodology
5.1 Power Grid Simulation

We incorporate a power grid model in experiments to 1) capture the
grid’s dynamic load flexibility requirements; 2) accurately assess
the grid impacts of datacenter growth and load adaptation. The
power grid model is based on a reduced California power system
(CAISO) [75]. We add solar generators based on real sites and vary
the wind-solar ratio to study a variety of power grids.

The 4 seasons and weekday/weekend form 8 day types, each
with a set of profiles including base load, import, and renewable
generation (wind and solar excluded). We use 40 wind and solar
generation scenarios for each season to model their day-to-day
variation. We model three types of power grids: (1) 60%° wind, 0%
solar (wind-dominated); (2) 30% wind, 30% solar (balanced); (3)
0% wind, 60% solar (solar-dominated). Each covers some grids
in reality. For example, SPP (Southwest U.S.) is wind-dominated,
ERCOT is balanced, and CAISO is solar-dominated. Renewable
penetration exceeding 60% is expected in many grids in 2030-2040
[22, 34, 72]. Figure 6 shows the grid’s base load and average re-
newable generation on spring days. All three types of grids exhibit

3Penetration: ratio of generation to grid demand.
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mismatch between load and renewable generation, especially with
solar generation concentrated in daytime.
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(a) Base Load. (b) Wind + Solar Generation.

Figure 6: Grid Base Load and Wind/Solar Generation (Spring
Example). Flexible load is easier to add given the load-
generation mismatch.

30 datacenters, each with same capacity DCPowermax and 70%
average utilization, are added at random buses in the grid*. We study
two growth scenarios for datacenters: medium (500 MW DCs) and
maximum (800 MW DCs). They correspond to the midpoint and
maximum of datacenter growth that respects grid reliability and
decarbonization requirements (explained in Section 6.1.1). These
scenarios are unlocked by load adaptation with Middlebox. Fixed-
load datacenters violate grid requirements with the same growth.

Table 1: Summary of Power Grid and Datacenter Settings

Power Grid

Base Load 27, 289 MW on average
(Wind%, Solar%) (60, 0), (30, 30), (0, 60)
Datacenter Growth Scenarios (utilgyg = 70%)
Medium 30 * 500 MW
Maximum 30 * 800 MW

With the grid topology and load/generation profiles, we simulate
grid operation by solving the direct-current optimal power flow
(DC-OPF) problem [39], the predominant method for dispatching
generators and transmission. The reliability metric—amount of load
shed—is part of the solutions, and the sustainability metric—carbon
emissions—is calculated from dispatched generation and generation
emission rates. For reviewer convenience, we provide more details
about DC-OPF in Appendix A.

5.2 Decoupling Model

5.2.1 Grid Load Adaptation Approaches. DC load levels are decided
by the grid dispatch (DC-OPF) and known by the DCs at the start
of the day. Load can vary over a large dynamic range of [40%,
100%]. This is similar to the “controllable load resources” program
in ERCOT that enables faster grid-connection for large loads.

5.2.2 Management of Middlebox. We discuss control without and
with workload flexibility separately as the decision space changes.

4One datacenter corresponds to multiple buildings on a campus.
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Figure 7: Energy Storage-based Middlebox Daily Operation
with Constant DCPower goal.

Constant Capacity. The control algorithm aims to keep DCPower
constant. With {gridLoad; | t = 1, ..., 24} known in advance from
the grid, for generator-based and hybrid Middlebox implementa-
tions, the algorithm schedules generation when there is a shortfall
(gridLoad; < DCPower;). For energy storage-based Middlebox, it’s
more complicated due to finite capacity. This requires a linear pro-
gram (Optimization (3)) to decide charge schedule {x; | t = 1, ..., 24},
where gridLoad; — x; meets the constant DCPower; target when
storage capacity allows (see Figure 7 example).

Flexible Capacity. We assume that the DC scheduler (e.g. Borg
[94]) will schedule flexible load in response to available power (as in
[78]). Thus, Middlebox management can exploit power scheduling
freedom expressed in flexPower;.

Our algorithm consider several goals, ordered to maximize DCPower
QoS, using the corresponding objective functions:

e (O1) Capacity requirements of inflexible and flexible work-
loads: min max{|inflexPower; — inflexPower;—1| | t =
2, ..., 24} with the total power constraints.

o (02) Reduce discharged energy of Middlebox to reduce fuel
cost or improve storage lifetime: min 2?11 |x¢| for x; < 0.

e (O3) Minimize changes in power level of Middlebox to im-

epi i 0242
prove lifetime: min 3%, x;.

The algorithm solves O1-03 in sequence using linear (O1, O2) and
non-linear (O3) solvers:

(1) Optimize O1 with the total power and power plane con-
straints. This determines {inflexPower;}.

(2) With {inflexPower;} fixed from step #1, optimize O2. This
determines total discharged energy.

(3) With {inflexPower;} and total discharged energy fixed from
step #2 , optimize O3. This determines the final schedule of
charge {x;} and flexible capacity {flexPower;}.

An example of the output of the algorithm is depicted in Fig-
ure 8. This produces the best possible DCPower QoS (blue), given
the Middlebox energy resources. And subject to that, tries to min-
imize operational costs, such as fuel/discharged energy (green).
Finally, charging schedule (if needed) is optimized for storage life-
time (green) and flexible compute schedule (orange) is determined.

5.3 Evaluation Methodology

Evaluation covers both design (sizing) and effectiveness of operation
(Figure 9) for various implementations (Table 2).
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Figure 8: Energy Storage-based Middlebox Daily Operation
with Flexible Capacity (DCPower = inflexPower + flexPower).
Middlebox use is reduced.

Table 2: Middlebox Implementations to Evaluate

Energy Resource Category
Natural Gas Turbine Generator
Li-ion Battery Energy Storage
Gravity Energy Storage Energy Storage
Hydrogen Storage w/ Fuel Cell ~ Hybrid

5.3.1 Design Process. For each grid type, we create a 320-day dat-
acenter grid load adaptation trace (40 wind and solar generation
scenarios * 8 day types) simulating grid total load, renewable genera-
tion, and dispatch. This trace indicates the desired adapted gridLoad
for the DC that achieves maximum grid decarbonization. The first
240 days (75%) of trace is used to size Middlebox energy resources
for each power QoS goal.

Evaluation
Powerand | 80days

Usage

TCO Model

Figure 9: Middlebox Evaluation.

Design

240 days
Goals

Control
Algorithm

5.3.2  Operation Evaluation. To evaluate Middlebox operation, we
use the remaining 80-day trace (25%) and capture the performance
of designed Middlebox (energy resources and control algorithm).
We also assess Middlebox cost, considering the designed capacity
and fuel/energy usage.

5.3.3  Middlebox TCO Models. Total cost of ownership (TCO) is
a widely used cost metric consisting of capital expenses (Capex)
depreciation and operational expenses (Opex) incurred periodically.
We calculate the TCO of various Middlebox implementations for
comparison. The values used are listed in Appendix C.

Generator. The levelized cost of energy (LCOE) measures the
average cost of electricity generation for a generator in its lifetime
[54]. All the costs, including generator facility Capex, fuel, mainte-
nance, etc. are included in LCOE. Therefore, for generator-based
Middlebox implementations, the TCO can be calculated as annu-
alized generation * LCOE. For the natural gas turbine, we refer
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to the LCOE for “gas peaking” in [54], which is $200/MWh (2025
midpoint). In the case of using an existing backup generator, only
the fuel cost is counted.

Energy Storage. Despite the existence of levelized cost of storage
(LCOS), a metric similar to LCOE, we do bottom-up cost assess-
ment for a more accurate estimation because the usage as Middlebox
differs from classical assumptions of LCOS. The Capex of energy
storage can be broken down into energy component (EC) and power
component (PC) costs. EC mainly includes energy blocks (e.g. bat-
teries, cavern), while PC mainly includes electrical infrastructure
and interconnection. Their costs are proportional to the energy and
power capacity respectively.

The composition of Opex varies with storage technology. For Li-
ion batteries, the Opex covers operation, maintenance, and capacity
augmentation to mitigate battery degradation. We assume linear
battery degradation by cycle®. Overall, BES-based Middlebox TCO
($/year) can be calculated by:

powermay * unitCapexpc + energyCap * unitCapexgc
DeprPeriodyp
+powermax * unitCapexsys(0.01 * cyclegyy + 0.015) + lossCost

where unitCapexsys = unitCapexpc + unitCapexgc - duration is
a system cost metric. lossCost is calculated based on typical round-
trip efficiency, daily discharge, and power price. We fix sPowermax
at DCPowerp,qx (more than sufficient for power requirement). And
then the BES TCO can be regarded as a function of designed energy
capacity and discharge in operation.

For the gravity storage, the TCO calculation is the same except
that Opex is just proportional to the power capacity.

Hybrid. For the hydrogen system, the TCO calculation is based
on the energy storage TCO model above. The Opex is propor-
tional to the fuel cell capacity. The fuel cell and electrolyzer—
two power components—are separately sized to DCPowermax and
DCPowermax — DCPower gy to match the maximum power output
and input. Energy capacity is based on the maximum single-day
hydrogen use. lossCost is the cost of the transported hydrogen for
compensating round-trip energy losses.

5.3.4 Datacenter TCO Model. We calculate datacenter TCO for
context of Middlebox cost:

Capexyr
DeprPeriodir

Capexpc

+0 +—
PexIT DeprPeriodpc

+Opexpc +Power Cost
where Capexyr and Opexr are IT equipment’s (mainly servers)
capital and operational expenses calculated based on ITPower =
DCPowermgax /PUE (power usage effectiveness). Capexpc denotes
DC construction and non-IT equipment costs. Opexpc denotes DC
operational costs such as maintenance and security®. The value
settings are based on industry reports (listed in Appendix C).

5.3.5 Metrics. Performance metrics include potential DC growth
and power QoS:

e Grid Capacity for Datacenters (MW): maximum datacenter
capacity that can be added to the grid at the same reliability
or decarbonization level as the base grid.

5A cycle is counted when accumulated discharged energy reaches energyCap * DoD.
®These costs are also expressed as dollar per MW IT power.
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Figure 10: Middleboxes provide different quantities of decoupling, depending on type and quantity of energy resources. Capacity
shortfalls and surpluses are highlighted with red and black respectively. (Wind-dominated Grid Example)

o Satisfying the power QoS: fraction of scenarios in which the
overall capacity needs are satisfied.

In all simulations, there are multiple DCs at different sites in the
power grid, so we aggregate the statistics across them. For each
metric, we report the average across the day scenarios, weighted
for weekday/weekend and season of the year.

Cost Metrics include:

e Middlebox TCO (total cost of ownership)
e Middlebox TCO as percentage of Annual Power Cost
e Middelbox TCO as percentage of Annual Datacenter TCO

5.4 Simulation Implementation

Simulation of the entire system is implemented in Julia with JuMP
package [23]. The Gurobi optimizer is used for solving the opti-
mization problems [35].

6 Middlebox Evaluation

We first explore how the grid-controlled load adaptation unlocked
by Middlebox enables DC growth. Second, we study the cost of
Middlebox to decouple DC power and grid load with different im-
plementations. Finally, we explore how DC workload flexibility can
reduce decoupling cost.

6.1 Middlebox Benefits

6.1.1 More Grid Capacity for Datacenters. Middlebox can enable
larger feasible grid DC load, enabling more growth! First, grid
load growth is typically constrained by the commitment to reliable
power, so we hold reliability constant. Second, an important goal
is to at least avoid retarding power decarbonization, so we hold
average grid carbon intensity constant. In both cases, we explore
the DC growth that Middlebox enables.

The results for these two scenarios are presented in Figure 11.
For constant reliability, Middlebox decoupling enables much greater
DC grid capacity, 5.6x and 2.7x in wind-dominated and balanced
grids respectively. The gridLoad flexibility is sufficient to match
generation fluctuations, but ultimately grid datacenter capacity
is limited by transmission (and ultimately generation). Middlebox
decoupling is greater in the wind-dominated grid. In such grids, load
shedding first occurs at grid load peaks (e.g. summer daytime), so
the ability to reduce DC gridLoad at these times ensures reliability.
In the solar-dominated grid, without Middlebox, solar generation
matches grid load peaks better, so DC capacity is greater. Adding
Middlebox provides little benefit.

For constant decarbonization, Middlebox decoupling also enables
much greater DC grid capacity, 2.7-5 fold by reducing the mismatch
between added load and renewable generation. Because it can cover
all kinds of mismatches—both in peak and other times—Middlebox
produces large benefits in all of the grid scenarios.

There is widespread reporting that the availability of power is
limiting DC growth in North America and Europe [34, 44, 92]. Be-
cause their customers are plentiful, each DC increases their profits,
making the appeal of unlocking DC grid capacity clear. For example,
10,000 MW capacity of CPU servers ($200B capex) with 20-30%
return on invested capital (ROIC) [88], could mean an additional

$40-60B annual profit!
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(a) Constant Reliability. (b) Constant Carbon Intensity.
Figure 11: Datacenter Grid Capacity w/o Middlebox Decou-
pling (fixed reliability or decarbonization).

To cover the wide range of potential DC growth just discussed,
we use two scenarios: 1) medium growth (30 500-MW datacenters)
and 2) maximum growth (30 800-MW datacenters). We study the
benefits of Middlebox decoupling in both.

6.1.2  Robust Decoupling for Stable Datacenter Capacity in Decar-
bonized Grid. Not all Middleboxes can achieve constant DC capacity
in the face of changing gridLoad, optimized for grid efficiency. Con-
sider Figure 10 that illustrates such limits. The first graph (left),
shows 80 gridLoad profiles produced for a datacenter by a wind-
dominated grid. The objective for stable DC capacity would be a
flat line. The second graph shows a generator-based Middlebox
can fill the shortfalls but cannot utilize the power surpluses. The
third and fourth graphs (right) show the decoupling possible with
two storage-based Middlebox designs, with different quantities of
storage. Clearly, achieving stable DC power requires both the right
type and quantity of energy resources.

Because capacity for energy storage-based Middleboxes is de-
signed statistically, it can fall short of the decoupling target. We val-
idate our sizing by comparing the achieved coverage with the target
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Figure 12: Actual Coverage vs. Middlebox Designed Coverage.

coverage in Figure 12 (medium-growth). Achieved coverage gener-
ally reaches the target with slight deviation in the wind-dominated
grid. The deviation is due to day-to-day wind variation. For 100%
coverage target, achieved coverage is 99.9%, a level that exceeds
the reliability of many power grids. In the solar-dominated grid,
coverage of 100% can be achieved. Because the scenarios are highly
correlated, the transition to nearly 100% coverage is an abrupt at a
particular storage capacity threshold.

The solar-dominated grid’s results can represent the balanced
grid, as the adapted gridLoad profiles are similar. In the maximum-
growth scenario, our sizing approach achieves similarly high cover-
age of constant power capacity (99.3% and 99.9% in wind-dominated
and solar-dominated grids respectively), showing the robustness
against changing grid conditions.

6.2 Middlebox Cost and Limitations

6.2.1 Cost of Different Extents of Decoupling. For the gas generator,
full decoupling requires power capacity > the maximum capacity
shortfall due to grid control (DCPower gyg— DCPowermax *utilmin).
Smaller power capacity partially fills the shortfalls as Figure 10
shows. We vary the power capacity from 50% to 100% (75-150 MW)
of the full decoupling requirement, showing the corresponding av-
erage daily generation in Figure 13 (medium growth). As expected,
a greater extent of decoupling does require larger generators and
more generation. In the meantime, the generator’s inability to uti-
lize surplus grid power leads to wasted energy, the amount of which
is independent of generator capacity.
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For battery-energy storage-based (BES) Middlebox, we calcu-
late its TCO with the designed energy capacity and average daily
discharge cycles in operation (Figure 14) for various coverages
of constant power capacity. The two bars of each group corre-
spond to the medium growth and maximum growth. In the wind-
dominated grid (Figure 14a), as the targeted coverage increases from
50% to 100%, the needed energy storage capacity increases from 831
MWh to 1,768 MWh in the medium-growth scenario. The average
daily discharge cycles decrease at the same time, slowing the TCO
growth. At 100% coverage (full decoupling), the BES experiences
1.1 cycles/day—around typical BES usage of 1 cycle/day [10, 70].
The average Middlebox TCO is $88 million/year for a 500 MW dat-
acenter (Figure 15a). Slightly relaxing the targeted coverage to 95%
can reduce the cost by 17%. This results in rare capacity variation,
which may be handled by DC management (e.g. power capping
[102, 103, 108]) with little workload impact. For larger datacenters
(maximum growth), the energy capacity needs to be scaled up by a
ratio slightly lower than the datacenter capacity growth.
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Figure 13: Average Daily Generation and Wasted Power for
Gas Generation-based Middlebox. Error bars reflect variation
(stdev) across DC sites (same use in following figures).
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Figure 14: Required Energy Storage Capacity (left) and Aver-
age Daily Discharge Cycles (right) for Targeted Coverages of
Constant Power.

For solar-dominated grid, solar generation concentrated in day-
time produces more similar gridLoad profiles from day to day, mak-
ing the storage sizing results (Figure 14b) less sensitive to the tar-
geted coverage change, as well as the associated cost (Figure 15b).
Similar results are observed in the balanced grid because of similar
adapted gridLoad profiles. Storage capacity required for full decou-
pling (1,875 MWh) is slightly higher than the wind-dominated grid.
Comparing the growth scenarios, transmission constraints with
higher datacenter load (max. growth) produce larger site variation.

We then compare the cost of full decoupling with the battery
storage and natural gas generator. The generator TCO is calculated
as LCOE * annualized generation. The facility and fuel costs (based
on the U.S. average price of $37/MWh) are separated as the facility
cost might be excluded when an existing backup generator is used
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Figure 15: Energy Storage TCO vs. Gas Generator TCO.

as Middlebox. In the medium-growth scenario, the total cost of
gas generator is about 130% or 25% of the storage cost depending
whether the whole system or only fuel cost is counted.

6.2.2 Middlebox Cost in Context. To put Middlebox cost in context,
we compare it to DC TCO and outage costs.

In Figure 16, we compare BES-based Middlebox and DC (500
MW) TCO for two configurations: all CPU servers and all A/GPU
servers. To be conservative, for Middlebox, we use full decoupling
(100%) in the most expensive setting (the solar-dominated grid).
Compared to DC TCO, Middlebox TCO is small, only 2.7-5.6%.
Compared to power cost, Middlebox TCO would be a 39% increase.
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Figure 16: Middlebox TCO vs. Datacenter TCO.

Comparing Middlebox TCO to outage cost, the picture is more
extreme. Outage cost is much greater, so we show the ratio of
avoided outage cost (relative to direct connection) to Middlebox
TCO in Figure 17. At all targets, the avoided outage cost is more
than 500x Middlebox cost. This shows the cost effectiveness of
Middlebox in reducing outage cost.

6.2.3 A Broader Comparison of Middlebox Implementations. Cost
and carbon footprint of Middlebox implementations based on vari-
ous storage types (gravity, battery), generation (natural gas), and
hybrid hydrogen storage-fuel cell are plotted in Figure 18. We show
the 100%-coverage implementations with medium DC growth. An-
nualized cost is from our TCO models or LCOE. The annualized
carbon footprint is based on NREL’s life cycle assessment [53].
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Figure 17: Avoided Outage Cost-Middlebox TCO Ratio for
Different Designed Coverages of Constant Power.
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Figure 18: Cost and Carbon Footprint of Various Middlebox
Implementations.

Natural gas generators (fuel only) are the cheapest solution with
gravity energy storage (future technology) close to it. Battery stor-
age (Li-ion) is 4 times more expensive. Hy hybrid storage systems
are nearly 6 times more expensive. Of course, the gas generators
produce significant carbon emissions, while the other approaches
are as much as 10-52x lower. Several Middlebox implementations
will continue to improve. For example, battery costs are expected to
be 30% lower by 2030, and some project Hz hybrid system TCO to
drop 50% in the same period. Fueling the gas generator with Hy or
adding carbon capture system can make it greener at higher LCOE.

6.3 Exploiting Workload Flexibility to Reduce
Decoupling Cost

Many academic researchers and recently commercial cloud re-
searchers have noted that datacenter workloads can have significant
flexibility [76, 78]. Here we consider how DC workload flexibility
can be exploited to reduce Middlebox decoupling cost.

We assume a fraction of workloads (5-15%) and corresponding
datacenter energy consumption is flexible, which can be executed
any time within a 24-hour period, matching estimates from industry
publications and optimistic future projections (e.g. growing ML
batch jobs or changing service-level agreements) [2, 76, 94].

Using the modified Middlebox control algorithms (Section 5.2.2)
produces the energy storage, operation, and TCO results (medium
growth, 100% targeted coverage) in Figure 19. Comparing to 100%
inflexible compute workload, Middlebox storage requirement and
thereby TCO can be reduced linearly (fraction of flexible load). This
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benefit applies to all datacenter sites and grid types uniformly. With
15% time-shiftable load, the TCO is reduced by about 40%.
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Figure 19: Left to Right: Required Energy Storage Capacity,
Average Daily Discharge Cycles, and Energy Storage TCO for
Various Flexible Workload fractions. (Wind-dominated Grid)

7 Discussion and Related Work
7.1 Enabling Datacenter Load Growth

Hyperscalers have signed power purchase agreements (PPA) for
renewable generation to “power” their datacenters [14, 31, 33, 69].
Renewable PPAs’ contribution do not solve the conflict between
variable renewables and constant DC load that is the focus of this
paper, and limits DC grid capacity. Further, hyperscalers’ 15-20%
annual growth of location-based carbon emissions shows DC load is
heavily dependent on fossil fuel-based generation [14, 31, 69]. Better
hourly matching requires both increased DC gridLoad flexibility
and more renewable generation [2].

Recent press about hyperscalers signing contracts to restart nu-
clear reactors [81] or build new ones [93] reflects the premium
they will pay for grid power capacity and decarbonization [54, 81].
Microsoft’s contract for restarting a plant reveals a $30/MWh pre-
mium over U.S. average retail price of $80/MWh. The premium for
new plants is the difference between LCOE and retail.
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Figure 20: Middlebox Cost vs. Nuclear Power for Same Data-
center Growth.

We compare Middlebox TCO with such a scenario (nuclear PPAs)
in Figure 20. The result shows that for 15,000 MW datacenter
growth. The storage-based Middlebox has cost comparable to a
restarted nuclear plant of which there is limited supply. In the
future, gravity storage may be much cheaper. In all cases, the Mid-
dlebox approach is much cheaper than new nuclear and has obvious
advantages such as low-risk & faster deployment, easy scalability,
and avoids nuclear’s safety and environmental concerns [38, 47].
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DC operators may prefer solutions they can deploy incremen-
tally, and it appears power grids prefer load flexibility solutions
[37]. Grid capacity studies show DC load growth can be accelerated
if it is flexible during peak periods [58, 71], but provide no solutions
for how to make it flexible. Middlebox addresses these needs.

7.2 Datacenter Grid Load Adaptation

Temporal load shaping or shifting—scheduling datacenter workload
to exploit variation of power grids’ carbon and price dynamics is
well-studied [2, 21, 29, 36, 60, 62, 64, 90, 91]. Recently, commercial
operations exploit workload flexibility to increase hourly match-
ing of datacenter energy consumption and renewable generation
(“24x7” [31] or “100/100/0” [14]). For example, Google’s “carbon-
aware computing” [78] creates day-ahead, carbon-optimized ca-
pacity plan, which shapes real-time power consumption. Realistic
workload flexibility and poor server energy proportionality limits
load shifting to a few percent [82, 105, 107].

Most DC load adaptation proposals assume DC load changes do
not affect grid dispatch, failing to capture grid dynamics. This is
increasingly unrealistic as DC load exceeds 15% and even 25% in a
growing number of grids [24, 34, 44]. Recent studies combining grid
modeling with DC load adaptation, propose cooperative approaches,
sharing information in two directions [32, 57, 59, 61, 68, 104, 110].
For example, one shares DC load plans in-advance, to allow grid
optimization (e.g. unit commitment) based on more accurate load
profiles [57]. This produces good results for the grid, but large
penalties for DCs (13% capacity variation).

Demand-response efforts typically focus on peak reduction to
reduce grid capital infrastructure costs, studying how to best re-
spond to grid signals [55, 63, 67, 106] and incentives [8, 109, 112].
These peaks only affect a few hours on several days each year.

In contrast to all of above, Middlebox proposes a robust approach
to decoupling DC power capacity and grid load. Further, Middlebox
enables DC builders to take the initiative, without major regula-
tory reform, to accelerate DC load growth, while maintaining high
compute resource efficiency.

7.3 Datacenter Power Management

The traditional objectives of datacenter power management are
improving infrastructure utilization or power efficiency subject to
workload QoS. For example, power capping [102, 103, 108] can han-
dle shortfalls in power capacity while overclocking [89] can utilize
the headroom. Intelligent cooling management can also flex the
power capacity needed [4, 100]. These methods are complementary
to our decoupling framework for handling occasional insufficient
decoupling or reducing decoupling cost like workload flexibility.

DCs include uninterrupted power supply (UPS) with ~10 minutes
storage capacity [99, 108]. UPS energy storage can be used for
ancillary services and peak reduction, reducing power cost and
aiding the grid [74, 85, 96, 106, 111]. However their capacity is far
too low to meet the 60% capacity changes and hours-long power
draws required by Middlebox decoupling.

Some prior work assessed energy storage needs to improve re-
newable matching (ultimately 24x7) for a given DC [2, 79]. In
contrast, Middlebox targets benefits of both DCs and the grid.



SoCC ’25, November 19-21, 2025, Online, USA

8 Summary and Future Work

DC growth is constrained by power grids. We propose Middlebox, a
system architecture innovation that decouples DC power capacity
and grid load, unlocking DC capacity growth across varied grid
conditions. As an example, in a wind-dominated grid, Middlebox
unlocks 460% (same grid reliability) or 170% (same grid decarboniza-
tion) DC capacity growth. Exploration of Middlebox implementa-
tions shows that decoupling achieves compute efficiency under
flexible grid load cost-effectively. With medium growth, Middlebox
provides 99.9% guarantee of constant power capacity at a cost equal
to 37% of DC annual power bill. Future Middlebox technologies
would reduce this cost by more than two-thirds.

The framework of Middlebox opens up many research oppor-
tunities. There are certainly many Middlebox implementations to
study. For cloud researchers, Middlebox may increase the value of
workload flexibility and energy proportionality. What about differ-
ent types of flexibility? From the DC-grid coordination perspective,
does Middlebox enable new approaches to arrangement of large
loads and cooperative control?
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A Direct-current Optimal Power Flow (DC-OPF)

We borrow a typical DC-OPF formulation from [52]. The objective
of DC-OPF is to minimize the daily dispatch cost:

min | > Cippe+ > cplapd v N cdoads N cpm,

teT \ieG iEND i€eDC iel
+ Z Cini,[ + Z C?Si’t + Z C{ri’t
iewW ieS ieR

which consists of generation cost (C;p; ), load shedding penalties
(C?ddzf, C?Cdflf), and import/renewable generation curtailment
penalties (C["m, Ciwwi,t, Cisit, Clrit) aggregated across loca-
tions and time. Because of the zero generation cost and curtailment
penalty of renewables, the grid carbon emissions are also optimized.

The constraints include balancing at each bus, transmission and
generator capacity, etc. Datacenter gridLoad; ; is part of the load
in the balancing constraint:

powerin + powergy; + generation = load — loadShed, Ybus

In the grid-controlled load adaptation, DC-OPF decides all data-
centers’ 24-hour load levels {gridLoad; ;} respecting the flexibility
constraints. This enables better grid reliability (less load shed) and
decarbonization (lower carbon emissions) than fixed-load DCs.

B Datacenter Outage Cost Estimation

Compared with a constant-capacity datacenter, the shortfalls (i.e.
DCPower; < DCPower gy4) are regarded as outages. The cost esti-
mation is based on an industry survey [46] that considers direct (e.g.
equipment cost), indirect (e.g. investigation), and opportunity costs

Liuzixuan Lin and Andrew A. Chien

(e.g. lost revenue). With the reported $50/sqft cost for 95-minute
outages in large-scale datacenters [46] and power density of 400
W/sqft [7], the outage cost unitOCost is about $0.079/(W*hr). With
that, the outage cost for a datacenter in a day can be calculated as
Y.+ (DCPowergyg — DCPower;)* - unitOCost.

C TCO Analysis Settings

For energy resources, the cost of power components is in million
$/MW, and the cost of energy components is in million $/MWh.

Table 3: Li-ion BES Attributes (Sources: [10, 70])

Capex (80% DoD, 85% RTE, DeprPeriodyg=15 years)
Power Components 0.36 (2023), 0.32 (2030)
Energy Components 0.39 (2023), 0.25 (2030)

Opex (million $/(MW-year))

Capacity Augmentation | 1%-unitCapexsys-#cycles/day
Others 1.5%unitCapexsys

Table 4: Gravity Energy Storage Attributes (Source: [98])

Capex (80% DoD, 85% RTE, DeprPeriodyg=49 years)
Power Components 0.701 (2021), 0.695 (2030)
Energy Components 0.198 (2021), 0.168 (2030)
Opex (million $/(MW-year))

Fixed O&M [ 0.014 (2021), 0.013 (2030)

Table 5: Hybrid Hydrogen System Attributes (Source: [40, 98])

Capex (80% DoD, 31% RTE, DeprPeriody;g=30 years)
Fuel Cell (Power) 1.518 (2021), 0.549 (2030)
Electrolyzer (Power) 1.355 (2021), 0.389 (2030)
Energy Components 0.006 (2021, 2030)

Opex (million $/(MW-year)
Fixed O&M

Others

Power Generation Efficiency
Green Hj Price

[ 0.017 (2021), 0.008 (2030)

52 kg Hy/MWh
$5.5/kg (2023), $3.3/kg (2030)

Table 6: Datacenter TCO Components

Datacenter Facility (DeprPeriodpc=20 years [3], PUE=1.1 [30])

Capex $10 million/MW [95]

Opex $0.48 million/(MW -year) [3]
IT Equipment (DeprPeriod;r=6 years [77])

Capex (CPU servers) $12.5 million/MW [77]

Capex (Al servers) $35 million/MW [77]

Opex 5% of Capex ($/(MW-year)) [3]

Power Cost

Electricity Price | $80/MWh [19]
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