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Abstract—Data centers (DCs) are increasingly recognized as
flexible loads that can support grid frequency regulation. Yet,
most existing methods treat workload scheduling and regulation
capacity bidding separately, overlooking how queueing dynamics
and spatial-temporal dispatch decisions affect the ability to sustain
real-time regulation. As a result, the committed regulation may
become infeasible or short-lived. To address this issue, we propose
a unified day-ahead co-optimization framework that jointly
decides workload distribution across geographically distributed
DCs and regulation capacity commitments. We construct a
space-time network model to capture workload migration costs,
latency requirements, and heterogeneous resource limits. To ensure
that the committed regulation remains deliverable, we introduce
chance constraints on instantaneous power flexibility based on
interactive load forecasts, and apply Value-at-Risk queue-state
constraints to maintain sustainable response under cumulative
regulation signals. Case studies on a modified IEEE 68-bus system
using real data center traces show that the proposed framework
lowers system operating costs, enables more viable regulation
capacity, and achieves better revenue-risk trade-offs compared to
strategies that optimize scheduling and regulation independently.

Index Terms—data centers, workload scheduling, frequency
regulation

I. INTRODUCTION

The rapid growth of artificial intelligence (AI), cloud
computing, and large-scale internet services has led to a
substantial increase in the electricity consumption of DCs. By
2025, global DC power demand is projected to approach 2% of
total electricity usage [1]. Unlike conventional inflexible loads,
DCs host workload types that often allow controlled temporal
scheduling and geographical workload migration. Such inherent
flexibility considers DCs as promising resources for grid
support services, including frequency regulation [2]. Recently,
the California Energy Commission has begun recognizing DCs
as dispatchable load resources with the potential to provide
services [3].

However, existing work hasn’t fully unlocked this potential.

Initial studies have demonstrated the ability of DCs to modulate
workloads in response to grid conditions [4]. Many of these
approaches optimize DC power usage in isolation and do not
jointly consider system-level constraints such as transmission
congestion [5]. As a result, these strategies may improve
DC operational efficiency but provide only marginal benefits
to overall grid flexibility. Meanwhile, market-participation
models that enable DCs to offer frequency regulation capacity
often assume simplified latency and workload behavior [6].
Such models overlook the fact that DC frequency response is
inherently constrained by the evolution of workload queues
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and service-level guarantees. When downward regulation slows
computing, tasks accumulate; when upward regulation accel-
erates computing, the backlog depletes. Sustained imbalance
prevents the DC from maintaining its committed regulation
signal, leading to non-compliant response [7].

Several papers have sought to artificially increase regulation
flexibility. For example, virtual workload injection can expand
regulation headroom but raises energy consumption and opera-
tional cost [8]. Similarly, cryptocurrency mining operations can
provide large regulation swings due to highly elastic workloads
[9]. However, these approaches are not directly applicable
to modern cloud DCs, which must maintain strict service-
level agreements and handle heterogeneous workloads with
differentiated performance sensitivities.

To address this gap, this paper proposes a day-ahead spatio-
temporal co-optimization framework that jointly determines
multi-data-center workload scheduling and frequency regulation
capacity commitments. Day-ahead workload placement shapes
baseline power and computation buffers, defining feasible
regulation capacity. Workload migration is modeled as flows
on a unified space-time network with latency and hardware
constraints. Feasibility is evaluated using historical regulation
signals, chance constraints limit instantaneous responses, and
VAR constraints capture sustained energy deviations, ensuring
probabilistic deliverability of the committed capacity.

II. PROPOSED FRAMEWORK

Modern DCs are modeled as geographically distributed
cyber—physical systems where workloads are flexibly dis-
patched across space and time. To capture this, we introduce a
space—time network representation that maps each DC at each
time slot into a virtual node within a 2D grid structure (I, ),
subsequently indexed as % through a mapping function.

p(l,t)=(1-1D)T+t, VieLlVteT (1)

Here, p(l,t) € [1,%)] identifies the virtual node corresponding
to DC [ at time ¢, and v» = N x T represents the total number
of virtual nodes in the system. This maps all nodes onto a
single index dimension, which simplifies subsequent matrix
operations and makes space-time interactions more direct.
Rather than modeling scheduling at the individual job level,
we use an aggregated execution-rate representation. Let x; ;; €
[0, 1] denote the fraction of workload 4 processed at data center
l during time slot ¢. To couple computing workloads with
physical power consumption, we define d; as the effective load
contribution of job ¢ when it is scheduled. The aggregate load
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Fig. 1: Illustration for co-optimization model.

vector ¥ € RY, representing the total power demand at each
space—time node, can thus be expressed as:

Dpy = diwins, VIELVEET ©)
i

This formulation bridges the cyber scheduling layer and the

physical electricity layer, such that changes in workload

allocation directly affect the spatial and temporal power profiles

of the data center network.

This paper adopts an undirected-edge-with-fixed-orientation
convention, meaning that each link is represented once, and the
transfer direction is indicated by the sign of the corresponding
flow variable. The number of spatial and temporal virtual links
is given by:

N
o (3
where (N

2) represents the number of possible DC pairs, while
the temporal term N(T — 1) captures adjacent time-slot
connections for each DC. So the total number of virtual links
in the network is K = K¢, + K.

T, Km=N(T'-1), 3

N—

To consider a set of users indexed by wu, and each user
submits computing jobs that must be executed at one of the
data centers | € L. Let d(u, ) denote the geographical distance-
dependent latency cost between user w and data center /. In the
context of this research, Quality of Service (QoS) is specifically
quantified as the geographical latency between the user and the
data center. The effective QoS latency at time ¢ is the weighted
average latency experienced by all scheduled computing jobs:

Yicq 2er Au(i), 1) zi
Yoics 2oier Titl ’

where J denotes the set of all computing jobs.

£t = (4)

To enforce QoS guarantees, we compare the latency under
shifting with the baseline assignment. The baseline latency
L, is pre-calculated via Eq. (4), based on the nominal
workload assignment x';'aﬁ which satisfies basic operational

requirements excluding grfd flexibility services. The allowable
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latency deviation is upper bounded by a tolerance factor Agos,
producing the QoS constraint:

Li—L; <Agos, VteT )

Constraint (5) ensures that workload shifting decisions do
not increase end-user delay beyond a controllable and system-
specified tolerance threshold.

The scheduling decision x; ;; must also satisfy the physical
hardware limitations within each data center. At any time ¢, the
total computing resources consumed by all computing tasks
i (¢ =1,..., M) deployed on data center [ cannot exceed the
available capacity of that data center. This set of local capacity
constraints is represented as follows:

M
> @i R{PY < CPUSP

i=1

Vie LVteT (6a)

M
> @i RYEM < MEMEP Vie LVtET (6b)
=1

M
1/0 cap
§ Tigg - R < I/Ol,t
=1
CPU MEM
R, RV,

Vie LVt e T (6¢c)

and RYO represent the standardized
CPU;P

where
amount of resources required to execute job i. Lt
MEM;, and I/O;? are the maximum available physical
resource capacities at DC [ at time ¢. These constraints ensure
that while workload shifting occurs at the network level, the

underlying task scheduling remains feasible.

ITII. FEASIBLE FREQUENCY REGULATION
CAPACITY MODELING

A. Probabilistic Model

To participate in the frequency regulation, each DC [ must
commit to this baseline load while also providing a feasible
symmetric regulation capacity, denoted R;;. However, real-
time delivery of I?;; faces instantaneous power uncertainty
and cumulative energy uncertainty.

1) Instantaneous Power Constraints using Gaussian Enve-
lope: The actual instantaneous power P ; j, must remain within
the data center’s physical operating bounds [Pllf;i“, PrX], where
k denotes the intra-slot sampling index within each’day-ahead
time period ¢, capturing the high-frequency fluctuations of
the regulation signal s;. The total power is the difference
of the regulated baseline and the stochastic interactive load:
Pl,t,k- = ﬂp(l,t) — Sk - Rl,t~

This creates two-sided chance constraints. The downward
regulation limit is constrained by maximum physical power
Pmax.

Lt -
Ep(l,t) + Rl,t < .PZT;LQI, vl e ﬁ,Vt eT (7)

The upward regulation limit is constrained by the combined
stochasticity of the signal and the interactive load. This joint
chance constraint must be met with reliability 1 — €,:

P{Ep(l,t) -8Ry > P;?Zm'} > 1—¢p, Vie LVte T (8)

Downward regulation is constrained deterministically by
hardware capacity as it typically aids computation. Conversely,



upward regulation restricts available resources, creating con-
flicts with stochastic workloads; hence, a chance constraint
(8) is applied to balance regulation revenue with the risk of
service degradation. A significant challenge arises because
historical analysis shows the regulation signal s; is non-
Gaussian. Directly using an empirical distribution or a standard
Gaussian approximation in a chance-constrained optimization
leads to either intractable problems or an underestimation of
tail risk.

To handle non-Gaussian signals, we adopt the Gaussian
Envelope method to construct a conservative Gaussian outer
approximation whose CDF upper-bounds the empirical CDF of
historical regulation data. This ensures probabilistic feasibility
even under worst-case tail fluctuations. The reformulated SOCP
constraint is:

a'pr+ @71 (1-¢) =, e, <8 )

where ®~1(-) is the inverse CDF of the standard normal
distribution, and o = [R;4]" is the vector of decision
variables. Specifically, ;1; and ¥ ; denote the mean vector
and the covariance matrix, respectively, of the joint distribution
formed by the regulation signal and stochastic interactive
loads. (B represents the deterministic baseline 51,(”) - Pl‘:’ti“.
This approach ensures that the optimization remains tractable,
convex, and robust against the non-Gaussian tail risks of the
true signal.

2) Cumulative Energy Constraints using VaR: The queue
state () ; represents the amount of deferrable computing work-
load remaining at data center [ at time ¢. This queue evolves
according to standard workload conservation dynamics. While
instantaneous power constraints (7)-(8) address high-frequency
signal fluctuations, the queue state captures cumulative energy
deviations over time. We apply VaR to these cumulative
constraints to bound sustained imbalances using historical data,
ensuring long-term service stability with linear tractability. Let
A;; denote the newly arrived deferrable workload assigned
to data center [ at time ¢, and let S;; denote the amount of
workload served at [ at time t. The queue dynamics are given
by:

Qui+1 = Que + Ay — Sie (10)

Based on these scheduling decisions, the baseline queue
trajectory without regulation over horizon 7 is defined as:

.
P = Quot+ Y (At = Jpp) -
t=1

This equation establishes the explicit coupling between
the space—time workload scheduling model in Section II and
the regulation feasibility constraints in Section III. Real-time
frequency regulation achieves the effective computing rate by
modifying the instantaneous power consumption, and thus the
cumulative regulation energy R, ; - S shifts the queue state
away from its baseline value ?f‘je, where S, is defined as
the stochastic cumulative regulation signal, calculated as the
sum of the regulation signal s; over the sub-hour interval 7

multiplied by the sampling interval Ak.
We analyze the queue state (); » over 7, ensuring it remains
within physical bounds [Q", Q™¥]. The state is impacted by

Y
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the uncertain cumulative regulation energy E‘regﬁ =R S'T.
The actual state is Q)+ Ereg 7. This forms a two-sided chance
constraint:

P{QM™ < QM + Ry S, QM) >1—e  (12)

For this cumulative constraint, this paper adopt the VaR
method, using the e, and 1 — €. quantiles of S derived from
historical data:

Slow — vaR,, (S,) (13)
SIE — VaR, ., (S) (14)

The chance constraint is then robustly reformulated as two
linear constraints:

base 4 Rl,t . S:mlgh < leaa:,

LT

Vie LVte T Nt €T,
(15)
Vie LYt e T, VreT,
(16)
Constraint (15) prevents queue overflow from sustained
upward regulation, while (16) prevents queue starvation from
sustained downward regulation in sub intervals 7.

base + Rl,t . Siow > Q;nzn’

LT

B. Optimization Model

The proposed co-optimization framework aims to minimize
the total net system cost, subject to a set of technical constraints
governing both the power grid and the data center network. The
objective function and the associated operational constraints
are detailed below. Unless otherwise specified, all constraints
in this section apply to DC nodes | € L, time slots t € T,
generation nodes g € G, buses b € B and transmission lines
e€é&:

minimize Z (Z Cy(pg,t) + Z C’Pena]qbﬁt

teT \g€eg beB

- Z(Crc,t + Crp,t mt)Rl,t> (17a)

lec
subject to:
Z Pg,t — Z rgp(l,t) *Pg?tse
9€Gy leLy (17b)
= Y Be(Ohy—0;)
e=(b,j)e€
— Je < Be(bb —0j1) < fe (17¢)
P, Ugt = Pyt < Pglg,t (17d)

Pg,t — Pgt—1 < ﬁgug,tq + Pup (gt — ugi—1)

(17e)
Dgt—1 — Pyt < ijyug,t + Paw (Ug,t—1 — Ug,t)

(171)
YOS wmia=1, VieJ (17g)
teT leL

Additional constraints are provided in Egs. (5)-(8), (12), (15),
and (16).

The objective function consists of the generation cost and
the penalty for load shedding, offset by the revenue from



frequency regulation services. Specifically, C; denotes the
generation cost function of generator g, py; represents the
power output of generator g at time ¢, and CP*" is a sufficiently
large penalty coefficient associated with load shedding ¢ ; at
bus b. The parameters c,.; and c,,; define the regulation
payment components, while m; reflects the regulation signal
amplitude or the performance score. Regarding the constraints,
(17b) describes the nodal power balance at bus b and time
t, where p}j‘:‘Ze accounts for the baseline demand. G, C G
denotes the set of generators electrically connected to bus
b, and L, C L denotes the set of data centers connected to
bus b. Transmission line limits are enforced in (17c), which
restrict the power flow, calculated via the DC power flow
approximation B.(0; — 0;,;)—within the maximum rated
capacity f.. Generator operational limits, including capacity
bounds and ramping constraints, are specified in (17d), (17e),
and (17f), respectively. Finally, constraint (17g) ensures that
all scheduled computing tasks are fully completed within the
optimization horizon.

IV. CASE STUDIES

Simulations are implemented on a hardware platform of
AMD Ryzen 9 5900X 12-CoreCPU; in this study, we conduct
a case study involving eight geo-distributed data centers to
evaluate the effectiveness of the proposed coordinated bidding
strategy based on the modified IEEE 68-bus system. DCs
are on buses {17, 29, 32, 49, 50, 54, 40, 66}. The software
system for the current optimization is Julia 1.11.5, implemented
based on the commercial Gurobi solver. Power demand for
each clustered workload d; is designed to be 1.7 kWh/task,
referring to the LLM-powered Google search [10]. We obtain
regulation prices and RegD signal from the PJM market. The
workload composition is structured with 50% fixed load. 30%
of interactive tasks, and 20% of deferrable tasks. The computing
job trace dataset is sourced from Alibaba data center [11]. All
load data are from the 2018 ISO-NE and NYISO [12] [13].

A. Effectiveness of Load Shifting

Fig. 2 compares the system load profiles under different
coordination strategies. With spatial workload migration shown
in Fig. 2b, workloads are shifted to lower-cost regions like
DC 8, reducing local congestion and operating costs, while the
overall system load curve remains unchanged. With temporal
shifting shown in Fig. 2c, flexible tasks are deferred to lower-
cost periods, resulting in a flatter load curve and reduced peak
demand, which benefits grid stability. The joint spatial-temporal
strategy in Fig. 2d further balances load across both space and
time, simultaneously relieving nodal stress and lowering system
peaks. This integrated approach achieves the most cost-efficient
and grid-friendly operational outcome.

The geo-coordinated workload dispatch strategy is illustrated
in Fig. 3. Under conditions of relaxed latency constraints, work-
loads are flexibly migrated across geographically distributed
DCs to exploit spatial cost differentials. In this case, workloads
originating from DC 5 can be economically redirected to remote
DCs such as DC 8, where the electricity price is lower.

Conversely, when latency tolerance becomes more stringent,
the spatial flexibility of workload placement is significantly
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Fig. 2: The load across the testing dataset under different
coordination models. The curve defines the final cost and
frequency regulation capacity.

constrained. Tasks must then be assigned to nearby facilities,
such as DC 1, in order to satisfy latency limits. This restricted
coordination reduces the opportunity to exploit geographical
price differences, ultimately resulting in less favorable eco-
nomic performance.

TABLE I: Comparison of DCs in different models

Average

Model Average Total Resulation Regulation Net
Load (MW) Cost (k$) o, & iy Profit (k) Cost (k$)
Decoupled 38.30 142.50 4.50 45.89 96.61
Independent 38.25 140.65 10.23 103.98 36.67
Cooperative 38.24 138.84 12.84 130.95 7.89

To validate the effectiveness of the proposed framework,
we compared three strategies: 1) a decoupled model, which
uses a sequential optimization approach of scheduling followed
by adjustment; 2) an independent model, which considers
adjustment but lacks cross-center coordination; and 3) a collab-
orative model, which is the spatio-temporal joint optimization
framework proposed in this paper.

In Table I, the decoupled strategy performs the worst
because Phase 1 fixes the workload allocation, leaving minimal
flexibility to supply scalable regulation capacity in Phase 2.
The independent strategy, although capable of proactively
providing considerable scalable capacity, fails to minimize
total system power cost due to the absence of coordination
across data centers. In contrast, the proposed approach achieves
global coordination: it strategically shifts workloads toward
nodes with lower marginal system cost while simultaneously
constructing the maximum feasible scalable capacity. This
integrated optimization leads to the lowest overall net cost.
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Fig. 3: 68-bus NY-NE ISO system with 8 data centers. The
arrows show active virtual links between different DCs, real-
time coordination under different coordination solutions for
100% latency loss and 25% latency loss, as green links and
orange links.

B. Frequency Regulation Performance

As shown in Fig. 4a, for low-power data centers such as
DC4, the narrow gap between the upper and lower operating
limits constrains the adjustable range, resulting in a relatively
small regulation capacity R. Conversely, when the baseline
power consumption is excessively high—as in the case of DC1
during early morning hours—the upper limit becomes binding,
again reducing the feasible range of R. These observations
highlight that both insufficient and excessive baseline utilization
can impair a data center’s regulation capability, indicating the
importance of maintaining balanced operating levels.

To address the non-Gaussian characteristics of real regulation
signals, we compare direct Gaussian distribution, Gaussian
envelope approximation and Wasserstein-DRO [7]. Among
these, M1 achieves the highest revenue under PJM’s allowable
25% non-compliance rate by maximizing the realizable reg-
ulation capacity. This performance stems from the Gaussian
envelope approximation, which expands the feasible signal
region to avoid underestimating tail risks, thereby ensuring that
the optimization remains robust and feasible even when the
actual regulation signal deviates from Gaussian assumptions.

The proposed framework balances economic performance
and operational reliability by leveraging the Gaussian envelope
to manage non-Gaussian signal risks without excessive conser-
vativeness. The integration of VaR-based constraints (14)-(15)
ensures sustainable energy balance over long horizons while
maintaining linear tractability. Furthermore, the space-time
network representation limits the optimization complexity to a
polynomial scale relative to N x T, facilitating its application
in larger grid configurations. The unified co-optimization
mechanism remains inherently adaptive to varying levels of
workload flexibility through the dynamic modulation of x; ; ;.

V. CONCLUSION

This work develops a spatial-temporal co-optimization
framework that enables DCs to provide day-ahead frequency
regulation while respecting latency and operational constraints.
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Fig. 4: Regulation capacity distribution and revenue-risk
tradeoff under different signal modeling approaches.

By coordinating workload shifting across both locations and
time, and by applying a Gaussian envelope to handle non-
Gaussian regulation signals, the framework increases feasible
regulation capacity and improves market revenue. Case studies
on the modified 68-bus system show that spatial shifting
alleviates nodal stress, temporal shifting smooths system peaks,
reduces operation costs, and their joint use achieves the best
overall performance.
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