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Abstract—The rapid growth of AI workloads has substantially
increased data center energy demand, placing significant strain
on power grids. While Independent System Operators (ISOs)
offer demand response (DR) programs to improve grid stability,
data center adoption remains low due to concerns that power
restrictions will degrade workload performance. This paper in-
troduces an optimization framework, PowerChord, that enables
multiple data centers in the same ISO area to participate in
DR programs. By co-optimizing DR participation, our approach
increases the DR performance of data centers while reducing
the risk of workload quality-of-service (QoS) violations. Our
optimization framework enables higher power consumption flexi-
bility through an enhanced inter-data-center power management
method compared to individual DR participation. By increasing
power flexibility by up to 22%, PowerChord reduces electricity
costs by up to 12.1% relative to individual DR participation,
while also mitigating QoS violations.

I. INTRODUCTION

To meet growing computational demand, data centers are
being built at an unprecedented pace, driving sharp increases in
electricity consumption. As a result, they are becoming a major
source of stress on power grids. For example, in Virginia, data
centers are projected to account for over 20% of the state’s
total electricity use by 2030 [1]. This growth raises concerns
about grid reliability, motivating the need for grid-aware data
centers that can operate as flexible energy consumers [2], [3].
In this paper, we define flexibility as a data center’s ability to
modulate its power consumption in response to grid needs.

Data centers have significant potential to support indepen-
dent system operators (ISOs) through demand response (DR)
programs by adjusting power consumption through workload
scheduling [4] and hardware power caps [5]. Prior work has
studied these mechanisms and shown that data centers can
provide grid services in multiple DR programs [6], [7]. In par-
ticular, participation in regulation service reserves (RSR) has
been explored via fast power adjustments [5], [8]. Even though
data centers could play a significant role in supporting power
grids and receive financial incentives, real-world adoption of
DR by data centers remains limited to a few examples [9],
[10]. One key reason is that data centers are highly cautious
about any power management actions that could cause Quality-
of-Service (QoS) violations. Another constraint on DR partici-
pation is that data centers must comply with the power tracking
requirements from ISOs and accurately adjust their power
consumption [11]. However, ensuring accurate power tracking
while preserving QoS places a dual burden on data centers.
A further practical barrier is that ISOs must coordinate with
a growing number of data centers, often operated by different
providers, without a structured communication mechanism [1].

To address the challenges of adhering to power and QoS
constraints for data centers, prior work explores coordinated
scheduling across multiple data centers through geographical
workload migration and load balancing, aiming to reduce
the overall carbon footprint [12], [13]. Similarly, workload
migration is used to reduce data center electricity costs by
utilizing DR incentives [14]. Workload migration can help
mitigate the negative effects of power constraints across data
centers, but is not always practical due to high time and energy
overheads for certain workloads [15]. Alternatively, a dynamic
runtime framework is proposed for DR participation to allocate
power across multiple data centers in the same ISO region
according to their time-varying performance needs and enable
coordination without workload migration [16]. However, this
approach provides only heuristic runtime coordination and
does not optimize DR bids across multiple data centers.

In this paper, we introduce PowerChord, an optimization
framework that jointly utilizes flexibility across multiple data
centers in the same ISO region to optimize power consump-
tion, flexibility, and job performance for DR participation. By
coordinating data centers without requiring workload migra-
tion, PowerChord broadens DR participation to independent
facilities. This also addresses a practical challenge for ISOs,
which otherwise must coordinate with many heterogeneous
data centers individually. Key contributions of this paper are:

e An optimization framework for fleet-level data center
participation in DR programs, providing a coordinated
bidding approach without requiring workload migration.

e An automated augmented Lagrangian-based parameter
selection method [17] for multi-data-center optimization
that efficiently handles a larger parameter space by in-
corporating adaptive penalty terms for QoS and power
tracking constraints.

e An extensive evaluation of our framework across diverse
data center workloads, including Al inference, training,
and traditional High-Performance Computing (HPC) jobs.

Our results show PowerChord meets all the QoS and
power tracking constraints and achieves up to 12.1% monetary
savings on data center energy bills by providing up to 22%
higher flexibility, compared to the flexibility provided by each
data center’s individual DR participation.

II. A MULTI-PARTICIPANT DEMAND RESPONSE
OPTIMIZATION FRAMEWORK FOR DATA CENTERS

DR participation by multiple data centers through a data
center-aware and grid-facing aggregator can increase flexibil-
ity, lower electricity costs, and improve adherence to QoS



requirements. Such coordination also benefits the grid: when
managed collectively, multiple data centers act as a single,
more flexible resource, enabling greater and more reliable
flexibility than independent participation. In this section, we
first discuss our motivation, review the prior work that shaped
its design, and then describe our optimization methodology.

A. Motivation

During DR events, data centers must meet power regulation
requirements while maintaining QoS, which is difficult when
handled independently. Optimization across multiple data cen-
ters allows this burden to be shared. For example, a data center
facing higher workload demand can temporarily consume
more power while another with looser QoS constraints absorbs
a larger share of regulation. This improves responsiveness to
both power tracking for the ISO and QoS for data centers.

Figure 1 illustrates PowerChord framework for opti-
mizing multiple data centers. PowerChord optimizes three
parameters for each data center ¢: average power consumption
(P;), reserve capacity (R;), and job-resource weights (WW;).
Here, R is the capacity committed to the ISO for regulating
power above and below P, and W determines the ratio of
resources allocated for different job types in each data center.
PowerChord iteratively runs DR simulations with real-time
QoS sharing and power balancing from previous work [16],
and applies gradient descent to optimize P;, R;, and W;. In
each iteration, PowerChord submits the total P and R to the
ISO, receives the power target for the data center fleet, and
runs the DR simulation, then updates parameters based on the
costs of energy, QoS, and power tracking.

B. Formulation of Data Center Participation in RSR

In this paper, we focus on RSR programs, which offer
real-time regulation critical to grid stability but impose strict
demands for rapid power tracking [11]. In the RSR program,
participants provide their bids for average power consumption,
P, and reserve, R, to ISOs before the DR execution. Dur-
ing execution, they are required to follow the power target,
Piarge(t), based on provided P and R bids as follows:

]Dtarget(t) =P+ y(t)R, (D

where ¢ denotes time, and y(t) € [—1,1] is the DR signal
broadcast by ISO every 4 seconds [11]. Tracking error, €(t),
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Fig. 1. Overview of the PowerChord framework for multi-data-center DR
optimization using a runtime DR power-balancing methodology to follow ISO
power targets.

is defined as the absolute difference between a demand-side
consumer’s actual power consumption, Py (t), and target
power, Pargei(t), normalized by R:

€(t) = | Picwal (t) — Prarget ()| /R )
Then, the electricity cost for a participant is:
M = (I"P -TI"R + I'Re) x T, 3)

where 117, TI%, and II¢ are price coefficients, T is the dura-
tion, and € denotes average tracking error. This formulation
incentivizes offering R and penalizes for tracking error.

Accurately estimating average P and R bids is critical for
data center participation in RSR programs. Underestimating
P can cause QoS violations by leaving too little power
for computation, while overestimating P or R can increase
tracking error if the data center cannot sustain high power or
respond quickly to steep power target changes.

C. Data Center Model and QoS Requirements

To track power targets by adjusting power consumption
during DR execution for each data center, we use a DR runtime
policy, the Adaptive QoS Assurance (AQA) framework [8].
We implement its data center model, which includes multiple
queues for different job types, each assigned a weight, w;,
to determine the proportion of resources allocated for job
type j. The runtime policy adjusts the number of active/idle
servers and applies power caps to precisely match Parge(2).
To perform data center DR simulations, we build on the open-
source simulator F1exDC—-Sim [18] and extend it to support
multi-data-center simulation. F1exDC—-Sim models job per-
formance and power consumption using profiles collected from
real hardware, enabling realistic simulation of job execution
under varying power caps during DR events.

To assess job performance in a data center, we use a relative-
latency metric to quantify QoS degradation:

Qj’k - (Tsjc;k - Triin)/Tg;in7 (4)

where j denotes the job type and % indexes an individual job
instance of type j. 77 is the minimum possible execution
time for type j without queueing or power caps, and 77" is
the sojourn time from submission to completion. Each job type
has a QoS threshold @, and job instance k satisfies the QoS

requirement if Q7% < Q7.

D. Multi-Data-Center Optimization with PowerChord

Our goal is to optimize multiple data centers for DR partici-
pation while ensuring that each meets its QoS and power track-
ing constraints. As the number of data centers increases, the
number of optimization parameters grows linearly. However,
this linear scaling leads to a combinatorial challenge when
empirically tuning fixed penalty parameters, which control
the relative weighting of different cost components for QoS
degradation and tracking errors. To address this issue, we adopt
the augmented Lagrangian method for inequality-constrained
optimization [17]. This approach handles constraint violations



related to tracking error and QoS by updating penalty parame-
ters during the optimization process as violations are observed.
The initial constraints for the optimization are defined as:

hi(z;) = € —7<0,
gl(z:) = Pr(Q’ > QL] - (6)

where i denotes the data center index, h;(x;) denotes the
inequality constraint for tracking error, €” is the tracking error
at 90*" percentile, and 7 = 0.3 is the upper bound threshold
for tracking error at 90" percentile. This constraint ensures
the tracking error is less than or equal to 0.3, 90% of the
time [8]. g/ (x;) denotes the set of inequality constraints for
QoS assurance for each job type j, and J is the total number
of job types. Pr[@Q7 > @J,] denotes the probability of jobs
exceeding their QoS thresholds. § = 0.1 enforces that at least
1—6 = 90% of jobs of type j meet the QoS threshold. To
enable differentiable optimization and penalize constraint vio-
lations with a steeply increasing function, we reformulate the
inequality constraints using the softplus function, In(1 + ¢%),
with the following smooth constraint mappings:

Hi(z;) = In(1 + ePhi@)y
G (;) = In(1 + er% (#0))

)]
§<0, Vjell,J]

-T<o,
-T<o,

)
®)

where I' = softplus(0) = In(2). This transformation preserves
the original feasible set, such that H;(x;) < 0and GJ(z;) <0
if and only if h;(x;) < 0 and g¢](z;) < 0, for p > 0, while
providing smooth gradients. We formulate the optimization
with the objective function f;(x;) for data center ¢, as follows:

z; = [P, Ry, W, 9
min fi(z;) = (IFP —I°R, +I°Ri&) x T, (10)
s.t. Hi(x;) <0, GI(x;) <0, (1)

where z; denotes the optimized parameters. Finally, we define
the Lagrangian function L; for each data center as follows:

= fi(z:)
1
(max (0, e + ¢, Hi(2:))* = M?e)
261‘76 ’
+ ! Z max (0,1 + ¢; oG () 2—( 72
2¢i.q ; Hoa T AT Hodl )
where ¢; . and ¢; 4 are non-decreasing penalty parameters, fi;

and ug’ , are Lagrange multipliers. The resulting problem is
solved as follows:

Li(x;,Cies Cirgy Mises Pirg) (12)

+

K+1

Primal step: z; /A arg mj_n L; (via GD), (13)

Dual step: i+ = max (0,10 + e, Gl (2F)) . (14)
it = max (0, uf + ¢l Hi(2f)), (15)

where K denotes the optimization step index. We update the
penalty parameters only when the corresponding constraint is

violated. Specifically, if H;(xX) > 0, we set cK+1 = ycfs

otherwise ¢/’ = c[. Similarly, if GJ( KYy > 0, we set
chﬂ = fyclq, otherw1se cK+1 = clq, where v > 1 is

a fixed multiplicative factor. We use gradient-descent-based
optimization based on the analytical estimations of AQA for
derivative calculations of H;(x;) and GJ(x;) with respect to
P, R, and W [8].

Our optimization approach is a standard application of the
augmented Lagrangian method, and without any convexity
assumptions, convergence is expected to a local optimum.
We verify this through extensive experimental evaluation in
Section III by showing improvements over prior work.

E. Runtime Power Balancing During Demand Response

During the optimization with PowerChord, we enable
power balancing across data centers to reflect the benefits of
centralized DR participation in the optimized parameters. This
enables the PowerChord optimizer to explore optimal power
bids, with the enhanced elasticity of power allocations over
time depending on data center workload performance.

We use a dynamic power allocation mechanism at run-
time across data centers, introduced in prior work [16]. This
framework allocates QoS-aware power targets to data centers
through a power balancer that acts as a trusted 3 party
between the data centers and the ISO. The power balancer
reads real-time QoS, QR(t), from each data center every
second, calculated by each data center as follows:

ZQOQ( wait () + Texec(t))/ mm)
T I ’

th

(16)

where Ty, (t) stands for the queue wait time and Ty () is
the total execution time of jobs at current time ¢. gg.9 denotes
the 90" percentile and finally the values are averaged across
J job types. Using Q% (t) metric and individual bids, P;, from
S many data centers, the power balancer calculates the power
target assignments for each data center as follows:

Q' (t) P; )

+o—g——=
Zk:lpk

Pi,target(t) = Ptarget(t) < E QR( )
k=1

a7

where Pl (t) is the total power target for all data centers
calculated as Parget(t) = Ziszl P, +y(t) Zle R;, o and ¢
are balancing coefficients summing up to 1.

III. EXPERIMENTAL EVALUATION

In this section, we describe our evaluation methodology for
PowerChord based on: (1) improvements in power bids for
RSR participation, (2) meeting constraints for QoS and power
tracking, (3) electricity costs.

A. Experimental Setup

Our experimental setup consists of three main components:
(1) scenarios that include multiple participants, (2) workload
traces that consist of job submissions, and (3) CPU and GPU
job types used to generate the workload traces.

Scenario. To support a diverse set of experiments, we design
scenarios involving multiple data centers, each assigned a
distinct workload trace as shown in Table I. We cover a



wide range of scenarios, including data centers with various
characteristics such as tight/slack QoS requirements, low/high
power consumption, CPU/GPU jobs, and low/high utilization.
Workload Trace and Job Properties. Table II shows the
workload traces that we generate using a Poisson process
with specified target system utilizations. Our workload traces
consist of job types in two categories: (1) CPU jobs from
NAS Parallel Benchmarks [19], and (2) GPU jobs consisting
of Al training and inference for GPT-2, LLaMA-7B, BLOOM-
560M, and ResNet-50. For CPU jobs, we use the power
performance profiles collected under varying parallelization
and power caps [8]. For GPU workloads, we perform power
performance profiling on Chameleon Cloud [20] using nodes
with 4 NVIDIA P100 GPUs, using the ——power—-limit
feature of the NVIDIA System Management Interface [21]. We
use tight QoS thresholds for inference applications (Qgn < 5),
as suggested in prior work [22]. For other jobs, we vary Qu,
from 2 to 8 to capture both tight and delay-tolerant workloads.
Baseline Methods. We compare PowerChord against two
baseline approaches: AQA [8] and Conductor [16]. AQA
proposes a data center DR framework designed for inde-
pendent participation by a single data center, providing an
optimization method to forecast P, R, and job weights W,
along with a runtime policy for power management during
DR events. Its optimization method uses empirically decided
fixed penalty parameters for different cost terms and does not
provide a structured way to set penalty parameters. Poorly
tuned penalties can therefore lead to an unfair comparison. To
ensure fairness, we enhance AQA’s optimization method by
incorporating the same augmented Lagrangian approach used
in PowerChord. The second baseline, Conductor, offers a

TABLE I
SCENARIOS WITH MULTIPLE PARTICIPANTS USING DIFFERENT WORKLOAD
TRACES.

Scenario # of Participants Workload Traces

S1 2 tight-qos (tq), slack-qos (sq)
S2 2 high-util, low-util

S3 2 low-power(lp), high-power(hp)
S4 4 tq, sq, lp, hp

S5 2 inf-tight-qos, train

S6 2 inf-low-util, inf-high-util
S7 2 train-inf, inf-tight-qos

S8 3 inf-tight-qos, train, high-util

TABLE II
DESCRIPTION OF WORKLOAD TRACES, INCLUDING VARIOUS UTILIZATION
LEVELS USING CPU AND GPU APPLICATIONS.

Workload Trace Utilization Description

tight-qos 80% job types with tight QoS constraints
slack-qos 70% job types with slack QoS constraints
high-util 90% high cluster utilization

low-util 50% low cluster utilization

low-power 70% job types consuming < 350 W
high-power 70% job types consuming > 350 W
inf-high-util 80% Inference jobs with high utilization
inf-low-util 60% Inference jobs with low utilization
inf-tight-qos 70% Inference jobs with tight-QoS
train-inf 70% Inference and training jobs mixed
train 70% Al training jobs

runtime heuristic-based framework that enables multiple data
centers to jointly execute DR, as described in Section II-E.

B. Optimization and Demand Response Bids

Finding optimal bids is crucial for capturing workload
trace heterogeneity (e.g., differences in QoS constraints, power
performance characteristics, and utilization). These optimal
bid configurations can shift under centralized DR participation,
since data centers’ joint commitments can change the amount
of power flexibility that can be reliably offered. Figure 2
presents the optimal P and R bids generated by AQA and
PowerChord optimization. Conductor is not shown in this
comparison as it uses the same bids as AQA due to its role
as a runtime policy without implementing an optimization
framework for bidding. Across all scenarios, the average
power consumption P is higher for the data center when (i)
utilization is higher (Scenarios 2 and 6), (ii) QoS constraints
are tighter (Scenario 1), or (iii) the workload trace contains
more power-intensive applications (Scenario 3). Overall, AQA
and PowerChord yield comparable total aggregate power,
P, differences within £3% for each scenario. In terms of
reserve bids R, PowerChord delivers substantial gains in six
scenarios, improving total flexibility between 4.9% and 22%
relative to the baseline (the sum of individually optimized R
bids using AQA), as illustrated in Figure 3. In Scenarios 2
and 6, PowerChord produces slightly smaller R bids (up to
2.7%). We consider this behavior expected, since AQA-based
individual optimizations fail to satisfy the QoS constraints, as
we discuss in detail in the next section.

C. Meeting QoS Requirements

Maintaining a sufficient QoS is critical for data centers
participating in DR, as it ensures that power restrictions do
not impact customers. PowerChord uses the flexibility of
multiple data centers to distribute the available power in
a QoS-aware manner and optimizes data center parameters
accordingly. To evaluate QoS violations, we first measure
the percentage of job types whose QoS requirements are
violated for each scenario and method. We compute this metric
by calculating each job type’s QoS degradation at the 90*®
percentile, and mark j as violating if this value exceeds the
corresponding threshold @7, . Table III reports the percentage
of violating job types among all J job types, and compares
against the baselines. In all scenarios, PowerChord mitigates
the QoS violations observed in individual DR participation by
data centers, even if the Conductor framework is failing to
mitigate with its runtime DR participation approach. Figure 4
shows the QoS degradation distributions of the job types for
the data center executing inf-tight-qos workload in Scenario 5.
For the individual DR participation with AQA, QoS violations
are observed for job types GPT2 and Bloom, as their QoS
degradations at the 90*" percentile are approximately 5.1 and
6.1, being above their thresholds at 4 and 5. Those violations
are mitigated with PowerChord such that the resulting 90"
percentile degradations are below the thresholds.
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Fig. 2. P and R bids with AQA and PowerChord.

To provide an in-depth evaluation for QoS violations in
a data center, we define a metric, Q, which calculates the
percentage of job submissions exceeding QoS threshold, per
job type, and takes the average across job types as follows:

oty Srew, (@7 > @3)
J

;|
where J is the total number of job types, N is the set of
unique job submissions for job type j, k identifies a unique
job submission. Figure 5 shows () values for all scenarios.
We observe that all data centers improve @ for all scenarios
with PowerChord compared to AQA. Although Conductor
provides a lower @ for certain scenarios for some data centers
compared to PowerChord, such as the tight-qos data center
in Scenario 1, it fails to provide improvement for the other data
center(s) in the scenario. For Scenarios 5 and 8, Conductor
achieves better QoS among other methods; however, we note

(18)

x 100 | ,

TABLE III
PERCENTAGE OF JOB TYPES VIOLATING THEIR QOS THRESHOLDS USING
AQA [8], CONDUCTOR [16], AND PowERCHORD. WORKLOAD TRACES
AND SCENARIOS WITH 0% QOS VIOLATIONS ACROSS ALL METHODS ARE
OMITTED FOR SIMPLICITY.

Scenario Workload AQA [8] Conductor [16] PowerChord
S1 tight-qos 25% 0% 0%
$2 high-util 0% 37.5% 0%

low-util 25% 0% 0%

S3 high-power 12.5% 12.5% 0%
tight-qos 25% 0% 0%

S4 high-util 12.5% 12.5% 0%
high-power 0% 12.5% 0%

S5 inf-tight-qos  50.0% 0% 0%
6 inf-low-util 25.0% 25.0% 0%
inf-high-util ~ 55.0% 75.0% 0%

S7 train-inf 25.0% 25.0% 0%
inf-tight-qos  50.0% 50.0% 0%

S8 inf-tight-qos 50% 0% 0%
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that PowerChord provided 16% and 10% more reserve
flexibility while still meeting QoS constraints.

Fig. 4. QoS degradations for the data
center executing inf-tight-qos trace in
Scenario 5.

D. Tracking Power Targets

Power target tracking is a critical requirement of the
RSR program, as participants are expected to strictly follow
the power targets. We define tracking error as the absolute
difference between the actual power consumption and the
power target, normalized by R, as shown in Eq. (2), and
this error must remain within a threshold of 0.3 at the 90
percentile. In individual DR participation, each data center
must independently satisfy this constraint. In contrast, under
participation with PowerChord, the requirement applies to
the aggregate behavior of the data center fleet since the ISO
evaluates data centers as a single entity. Figure 6 shows the
aggregate power tracking (top panel), power target assign-
ments to each participant (middle panel), and real-time QoS
values (bottom panel) at runtime in Scenario 7. The power
balancer uses the P; bids and real-time QoS (QI) values
to assign power targets to each participant (see Eq. (17))
by distributing Pareet. As illustrated in Figure 2, the P bids
of participants with workload traces, train-inf, and inf-tight-
qos for optimization in Scenario 7, using PowerChord, are
518,582'W and 531,001 W, respectively. However, the power
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Fig. 5. PowerChord improves aggregated QoS violation percentage (Q)
for each data center across all scenarios.



budget of the data center with the train-inf workload can
exceed that of the other one, depending on the real-time QoS
values. As observed around 1000-1200 seconds, train-inf data
center power exceeds the inf-tight-qos data center even though
it provided a lower P bid. This example reveals the underlying
flexibility for PowerChord to mitigate the QoS violations,
while still tracking the fleet-level total power target.

Figure 7 illustrates the tracking error at the 90*" percentile
across all scenarios, comparing tracking errors for individual
participation by each participant using AQA shown with circle-
hatched bars, and aggregated tracking error for the data center
fleet with Conductor and PowerChord with yellow and
gray bars. Overall, PowerChord satisfies the tracking error
constraint in every scenario, despite producing higher R bids,
which makes power tracking inherently more challenging.

E. Analysis of Electricity Cost

The increased R bids lead to lower electricity cost since
offering more R is incentivized in Eq. (3). Figure 8 shows
the normalized electricity cost with respect to the sum of
electricity costs for individual data centers using AQA. The
total electricity cost of data centers with PowerChord is
lower in 7 out of 8 scenarios compared to AQA, achieving up
to a 12.1% reduction. In Scenario 6, PowerChord converges
to more conservative bids, reducing total R by 1% and
increasing P by 1.5%, which raises electricity cost by 1.3%.
Unlike AQA and Conductor, which incur up to 75% QoS
violations, PowerChord eliminates these violations, making
the higher cost a reasonable tradeoff for QoS-critical inference
workloads.

We allocate the total cost by quantifying each data center’s
contribution to it, using a simple proportional mechanism. The
total electricity cost, M, is calculated based on the total bids
P = Zle P, R = Zle R;, and the aggregate tracking
EITOr, €a6¢, aS described in Eq. 3. Then, the cost allocated
to data center ¢ is given by M; = ay; - My, Where o is
the cost allocation ratio. To properly distribute the electricity
cost to multiple data centers, we calculate «; as a weighted
combination of: (1) energy consumption E;, (2) R;, and (3)
the average tracking error (€;) of each data center:
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where coefficients e, r, and ¢ assign varying weights on
different terms. We set the coefficients for each term such
that data centers are proportionally responsible for the cost by
E and €;, but inversely proportional to R since it helps reduce
the total cost. To determine «;, we set e, r, and ¢ for each
scenario by analyzing the impact of different components in
the total cost for each scenario as follows:

D:HPP+HRR+HER€agg7 (20)
Pp R €=

e:H P’T:H R’ :H fagg7 21
D D D

where D denotes the total magnitude of the cost components
of the collaboration, and e, r, and ¢ coefficients are calculated
based on their proportional ratio to D.

Figure 9 shows the electricity costs of each participant
with PowerChord compared to individual participations with
AQA. In scenarios 1, 3, and 5, every participant reduces its
costs compared to individual participation. The percentage
of monetary savings depends on the cost allocations defined
above and may result in varying savings due to contributions
to the overall cost, such as offering more R, consuming
less energy, and having less tracking error. We note that the
electricity cost for each data center is not necessarily required
to be lower compared to baselines, since they are not adhering
to constraints such as QoS and tracking error. For example, in
Scenario 7, the participant with the train-inf trace has a higher
cost with PowerChord compared to AQA. However, AQA
violates the QoS and tracking error constraints as illustrated
in Figure 7 and Table III

IV. CONCLUSION

The data center industry is growing rapidly, making it
increasingly important to redesign data center operations to
better align with power grid needs. In this work, we take a
holistic view and show that optimizing multiple data centers
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Fig. 8. Electricity costs normalized with respect to the total sum of individual
costs of data centers using AQA.
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can improve DR participation outcomes for both sides: the
power grid benefits, while data centers can also improve
performance and reduce electricity costs. As ISOs introduce
new programs to manage large loads, the corresponding market
mechanisms continue to evolve. In practice, an aggregator or
Curtailment Service Provider could coordinate data centers as
a single DR resource, enabling fleet-level bidding and tracking,
while reducing the operational burden on the ISO.

Our multi-data-center framework requires each data cen-
ter to share only limited QoS and power-related informa-
tion with a trusted third party. Each consists of a single
scalar value that can be communicated quickly with minimal
overhead. Potential privacy concerns related to information
sharing can be addressed by extending PowerChord with
differential privacy or secure multi-party computation [23].
Our evaluation shows that PowerChord satisfies the QoS and
power-tracking constraints during RSR participation across all
experimental scenarios with Al and HPC workloads, while
improving the flexibility by up to 22%.
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