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Abstract—The rapid growth of artificial intelligence (AI)
workloads intensifies the coupling between AI datacenters and
local distribution grids. We propose a distributionally robust
day-ahead co-optimization model to jointly schedule multi-class,
delay-tolerant workloads and operate a radial distribution net-
work, explicitly incorporating power grid physical constraints.
Our model handles operational risk from uncertain datacenter
workloads and photovoltaic (PV) outputs using Wasserstein
ambiguity sets and distributionally robust Conditional Value-at-
Risk (CVaR) constraints. We develop a computationally efficient
CVaR upper-bound approximation method that significantly
reduces solution time while maintaining robustness guarantees
for capacity exceedance and PV shortfall. Our simulation results
demonstrate the effectiveness of the approach on a modified IEEE
33-bus system, showing cost reduction and robust grid security
under worst-case distributions consistent with the data.

Index Terms—Wasserstein Distributionally Robust Optimiza-
tion, AI Datacenter, Power Distribution Network, Delay-tolerant
Workloads.

I. INTRODUCTION

The computational demands of modern deep learning and
artificial intelligence (AI) have triggered an explosive growth
in GPU-equipped hyperscale AI datacenters [1], [2]. This trend
presents a horrible challenge to energy systems, with data-
center power consumption projected to rise dramatically [3],
straining local grids and contributing significantly to carbon
emissions [4]. A promising mitigation strategy lies in exploit-
ing the inherent spatio-temporal flexibility of many compu-
tational workloads [5]. Batch processing, model training, and
data analytics tasks are often not delay-sensitive and can be
intelligently deferred to off-peak hours (temporal flexibility) or
relocated to datacenters with lower electricity costs or higher
renewable energy availability (spatial flexibility) [6]–[8].

However, the true distributions of multi-class datacenter
loads are highly stochastic, and the integration of renewable
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resources like photovoltaic (PV) generation introduces fur-
ther volatility. Deterministic optimization or simple Sample
Average Approximation (SAA) methods are susceptible to
out-of-sample failures, potentially leading to costly constraint
violations such as grid congestion or voltage collapse.

To hedge against such ambiguity, the Wasserstein distri-
butionally robust optimization (WDRO) framework [9], [10]
for making decisions that are robust against the ambiguity
of the true underlying data distribution. Instead of relying
on a single empirical distribution, DRO optimizes against
the worst-case distribution within a so-called ambiguity set
[10]. Recent work has successfully applied DRO, particularly
using the Wasserstein metric, to manage datacenter operations,
providing tunable, probabilistic performance guarantees [11].

This paper builds on this state-of-the-art by proposing a
WDRO model specifically for the coordination of AI datacen-
ter scheduling and power grid operation. This work broadens
the focus from solely managing datacenter-level metrics (like
carbon cost [11]) to explicitly include the physical constraints
of the power distribution network. Beyond an exact WDRO-
CVaR reformulation, we introduce a computationally scal-
able CVaR upper-bound approximation that removes sample-
dependent auxiliaries from the main problem, retaining con-
vexity and delivering major speedups with negligible optimal-
ity loss. Our main contributions are:

• A novel joint day-ahead WDRO model that integrates the
spatiotemporal scheduling of multi-class, delay-tolerant
GPU workloads directly with the physical constraints of
the local distribution grid.

• A computationally scalable, convex CVaR upper-bound
approximation for Wasserstein DRO that eliminates
sample-dependent auxiliary variables, dramatically re-
ducing problem dimensionality and achieving order-of-
magnitude speedups.

II. PROBLEM FORMULATION

We formulate a day-ahead scheduling problem to co-
optimize datacenter workload transfers and power grid dis-
patch over a 24-hour horizon T (indexed by t, s). The system
comprises a set of datacenters K (indexed by k), which
process different workload classes C (indexed by c), and
a power grid with a set of nodes N (indexed by i). The
grid includes nodes with conventional generators (NG), PV
generation (NPV), and energy storage (NS), connected by
distribution lines E . The uncertainty arises from submitted
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datacenter workloads ξDC = (ξDC
c,t )c∈C,t∈T and available PV

output ξPV = (ξPV
i,t )i∈NPV,t∈T .

A. Uncertainty and Distributionally Robust Formulation
The true probability distributions P of ξDC, ξPV are un-

known. We only have access to a set of M historical samples
for both ξDC and ξPV, which together define an empirical
distribution P̂. We build an ambiguity set P around P̂ using
the Wasserstein metric.

Definition 1 (Wasserstein metric). The Wasserstein metric
dW (P1,P2) is defined via

dW (P1,P2) = inf
π∈Π(P1,P2)

{∫
Ξ2

∥ξ1 − ξ2∥π(dξ1, dξ2)
}
, (1)

where Π(P1,P2) is a joint distributions of ξ1, ξ2 with a
marginal distribution of P1 and P2. Ξ denotes the support
set. Here we use ℓ1-norm.

The Wasserstein ambiguity set P is defined as:
PDC = {P : W1(P, P̂DC) ≤ ϵDC},PPV = {P : W1(P, P̂PV) ≤ ϵPV},

(2)
where W1 is the 1-Wasserstein distance [9], [10] and ϵ is the
robustness radius, a tuning parameter that controls the trade-
off between robustness and optimality.

We replace the uncertain constraints with tractable, distribu-
tionally robust Conditional Value-at-Risk (CVaR) constraints,
which enforce that the constraints hold with high probability
even under the worst-case distribution in P .

Definition 2. Let ℓ(ξ) be a loss function that depends on a
random vector ξ with distribution P. For a given confidence
level α ∈ (0, 1), the CVaR at level 1− α is defined as:

CVaR1−α(ℓ(ξ)) = inf
τ∈R

{
τ +

1

α
EP [(ℓ(ξ)− τ)+]

}
, (3)

where (·)+ = max(·, 0) and we have:
sup
P∈P

CVaR1−α (ℓ(ξ)) ≤ 0 ⇒ inf
P∈P

P (ℓ(ξ) ≤ 0) ≥ 1− α. (4)

B. Optimization Objective and System Constraints
The objective is to minimize the total 24-hour generation

cost. This cost is determined by the active power generation
PG
i,t (a decision variable) at each generator node i ∈ NG and

the corresponding electricity price λi,t:

min
x,PG,QG,P S,E,v,P PV,PDC,PDC,load

∑
t∈T

∑
i∈NG

PG
i,t · λi,t. (5)

This objective is subject to the following grid and storage
operational constraints.

1) Datacenter Workload Model: The core of the model
captures the spatio-temporal flexibility of multi-class datacen-
ter workloads. Here we follow the definition in [11] and the
primary decision variable is xc,t,k,s, representing the fraction
of workload class c submitted at time t that is transferred to
datacenter k for execution at time s. These transfer decisions
must ensure all submitted workload is processed:∑

k∈K

∑
s∈T

xc,t,k,s = 1, ∀c ∈ C, t ∈ T, (6)

Transfers must respect the maximum delay tolerance hc
(a parameter for class c) and cannot be processed before
submission:

xc,t,k,s = 0, if s < t or s > t+ hc (7a)
0 ≤ xc,t,k,s ≤ 1. (7b)

The realized workload at datacenter k and time s is deter-
mined by the sum of all workloads transferred to it, weighted
by the random submitted loads ξDC:

PDC
k,s =

∑
c∈C

∑
t∈T

xc,t,k,s ξ
DC
c,t, (8)

which is random through ξDC. In contrast, we introduce the
decision variable PDC,load

k,s to denote the amount of datacenter
workload committed to the grid operator. This commitment
must respect the physical capacity:

0 ≤ PDC,load
k,s ≤ P

DC
k,s, ∀k ∈ K, s ∈ T. (9)

2) Storage Constraints: Storage dynamics are modeled via
the energy state Ei,t and the charging/discharging power P S

i,t

(where P S
i,t > 0 is charging). The model is constrained by the

storage energy capacity Ei, the power capacity P
S

i , and the
charge/discharge efficiency ηi. Daily periodicity is enforced
(Ei,0 = Ei,T ).

Ei,t = Ei,t−1 − ηiP
S
i,t, ∀i ∈ NS, t ∈ T, (10a)

0 ≤ Ei,t ≤ Ei, −P
S
i ≤ P S

i,t ≤ P
S
i , (10b)

Ei,0 = Ei,T . (10c)

3) LinDistFlow Constraints: We use the linearized Dist-
Flow model for radial distribution networks [12]. This model
relates net power injections to the active and reactive power
flows, pi,j,t and qi,j,t, and the squared voltage magnitude vi,t.
The model uses the line resistance ri,j and reactance xi,j .∑

j:(i,j)∈E

pi,j,t −
∑

j:(j,i)∈E

pj,i,t = PG
i,t − P load

i,t

+ P PV
i,t − P S

i,t − PDC,load
i,t , ∀i ∈ N, t ∈ T, (11a)∑

j:(i,j)∈E

qi,j,t −
∑

j:(j,i)∈E

qj,i,t = QG
i,t −Qload

i,t , ∀i ∈ N, t ∈ T,

(11b)
Vj,t − Vi,t = 2(ri,jpi,j,t + xi,jqi,j,t), ∀(i, j) ∈ E , t ∈ T, (11c)

V0,t = (v0)
2, vi

2 ≤ Vi,t ≤ vi
2, ∀i ∈ N, t ∈ T, (11d)

PG ≤ PG
i,t ≤ P

G
, QG ≤ QG

i,t ≤ Q
G
. (11e)

In these equations, PG
i,t and QG

i,t are the generator ac-
tive/reactive power dispatch. P PV

i,t is the committed PV power
based on ξPV. The nominal voltage V0 is set at the slack bus
(node 0). Grid security is enforced via bounds on generation
and voltage.

4) Datacenter Load CVaR Constraint: We must ensure
that the realized workload, defined by (8), in the worst-case
distribution P ∈ P , does not exceed the committed workload
in the worst (1−α)% scenarios. We formulate this as a worst-
case CVaR constraint with risk level α (e.g., α = 0.05). For
each datacenter k and time s:

sup
P∈PDC

CVaR1−α

(
PDC
k,s − PDC,load

k,s

)
≤ 0, (12)

5) PV Generation CVaR Constraint: Similarly, we must
ensure that the amount of dispatched PV power P PV is deliv-
erable with high probability. We formulate a robust shortfall
constraint, ensuring the committed power P PV

i,t does not exceed
the actual realized PV generation ξPV

i,t :

sup
P∈PPV

CVaR1−α

(
P PV
i,t − ξPV

i,t

)
≤ 0. (13)

This constraint ensures that the committed PV power is
less than or equal to the realized PV generation with high
probability (1−α) under the worst-case distribution, preventing
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the system from over-relying on uncertain renewable energy.

C. Complete Formulation
The complete day-ahead co-optimization problem

seeks to find the set of decision variables
X = {x, PG, QG, PS , E, v, PPV , PDC , PDC,load} that
minimizes the objective function (5) subject to the
deterministic and distributionally robust constraints. The
full problem can be summarized compactly as:

min
X

∑
t∈T

∑
i∈NG

PG
i,t · λi,t,

s.t. (6) − (13),
(14)

where (6)–(9) represent the datacenter workload requirements,
(10) is storage operating limits, and (11) is the local dis-
tribution physical constraints. The CVaR constraints for the
datacenter and PV generation are (12) and (13), respectively.
The primary computational challenge stems from the semi-
infinite CVaR constraints (12) and (13), which must hold for
all distributions in the Wasserstein ambiguity sets.

III. WASSERSTEIN DRO FORMULATION

The robust CVaR constraints in (12) and (13) are semi-
infinite optimization problems, as they must hold for every
distribution P within the infinite ambiguity sets PDC and
PPV. This section details the tractable reformulation of these
constraints and proposes a scalable approximation to address
computational challenges.

A. Tractable Reformulation of CVaR Constraints

A key result in distributionally robust optimization is that
when the loss function ℓ(ξ) is affine in the random vector ξ,
the worst-case CVaR constraint over a Wasserstein ball can be
reformulated as a finite-dimensional convex problem. Both of
our loss functions are affine. For the datacenter constraint (12),
the loss ℓ(ξDC) = PDC

k,s−PDC,max
k,s is affine in ξDC via (8) (where

a = xc,t,k,s and b = −PDC,max
k,s ). For the PV constraint (13),

the loss ℓ(ξPV) = P PV
i,t − ξPV

i,t is also affine in ξPV. Therefore,
we can apply the following standard lemma, which provides
an exact, tractable reformulation.

Lemma 1 (Wasserstein-DRO CVaR Reformulation [9], [13]).
Consider a constraint of the form

sup
P∈P

CVaR1−α

(
ℓ(ξ)

)
≤ 0, (15)

where ℓ(ξ) = a⊤ξ+b is affine in ξ, and P = {P : W1(P, P̂) ≤
ϵ} with support Ξ = {ξ : Gξ ≤ h}.

τ +
1

α

(
λϵ+

1

M

M∑
m=1

sm

)
≤ 0,

a⊤ξ̂m + b− τ + γ⊤
m,1(h−Gξ̂m) ≤ sm, sm ≥ 0, ∀m,

γ⊤
m,2(h−Gξ̂m) ≤ sm, ∀m,

∥G⊤γm,1 − a∥∗ ≤ λ, γm,1 ≥ 0, λ ≥ 0, ∀m,

∥G⊤γm,2∥∗ ≤ λ, γm,2 ≥ 0, ∀m,

(16)

where λ and τ ∈ R, s ∈ RM , γi,1 and γi,2 ∈ R2×K×T×C .
They are all auxiliary variables. ∥ · ∥∗ is the dual norm of the
ground 1-norm in W1. Hence the worst-case CVaR constraint
admits a finite convex linear programming representation.

B. Computationally Efficient CVaR Upper Bound
Applying Lemma 1 to our problem, while exact, leads to

a significant increase in problem size. The constraint (12)
must be applied for each datacenter k ∈ K and each time
s ∈ T . This gives K × T individual CVaR constraints.
For each CVaR constraint, the reformulation in Lemma 1
introduces O(M) constraints and O(M ·K · T · C) auxiliary
variables. When the time horizon T , number of datacenters
K, and number of samples M are large, the resulting convex
problem becomes computationally intractable. To address this
computational burden, we propose a more conservative but
highly scalable approximation. This approach leverages two
fundamental properties of CVaR.

Lemma 2 (CVaR Properties [14]). CVaR satisfies:
(1) Subadditivity: For any two random losses A and B,
CVaRα(A+B) ≤ CVaRα(A) + CVaRα(B);
(2) Positive Homogeneity: For any non-negative scalar γ ≥ 0
and random loss A, CVaRα(γ ·A) = γ · CVaRα(A).

We apply these properties to derive an upper bound for the
datacenter constraint (12). The loss is L = PDC

k,s − PDC,max
k,s .

The original constraint is:

sup
P∈PDC

CVaR1−α

(∑
c,t

xc,t,k,s · ξDC
c,t − PDC,load

k,s

)
≤ 0. (17)

Since PDC,max
k,s is a constant and CVaR(A+b) = CVaR(A)+b

for a constant b, this is equivalent to:

sup
P∈PDC

CVaR1−α

(∑
c,t

xc,t,k,s · ξDC
c,t

)
≤ PDC,load

k,s . (18)

We now apply subadditivity and positive homogeneity (since
xc,t,k,s ≥ 0) to the left-hand side:

CVaR1−α

(∑
c,t

xc,t,k,s · ξDC
c,t

)
≤
∑
c,t

CVaR1−α

(
xc,t,k,s · ξDC

c,t

)
=
∑
c,t

xc,t,k,s · CVaR1−α

(
ξDC
c,t

)
.

(19)
This creates a more tractable, conservative approximation by
replacing the complex CVaR of a sum with a simple linear
sum of pre-computed CVaR values. It introduces zero auxiliary
variables and zero new constraints into the main optimization
problem and simply replaces the complex CVaR constraints
with standard linear constraints using the empirically pre-
computed CVaR1−α

(
ξDC
c,t

)
. The main problem size is inde-

pendent of the number of samples M .

IV. CASE STUDY

We validate the proposed WDRO model on a modified IEEE
33-bus distribution test system, implemented in Python using
CVXPY [15] and solved with MOSEK [16].

A. System Configuration
We study the 33-bus radial distribution network over a 24-

hour horizon (time slot = 1 h). The slack generator is at Bus
1; a single AI datacenter connects at Bus 24; one PV site is
installed at Bus 6; and three storage units are located at Buses
9, 13, and 21.
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B. Data and Uncertainty Modeling

We use M = 10 historical samples to construct the em-
pirical distribution P̂. For Datacenter Loads (ξDC), we model
nclasses = 3 task classes with a sinusoidal daily base workload
split among them: Class 0 (Delay-sensitive, h0 = 0 hours),
Class 1 (Short delay-tolerant, h1 = 6 hours), and Class 2
(Long delay-tolerant, h2 = 12 hours). Stochastic scenarios
are generated by adding random noise to this multi-class base
profile. PV Generation (ξPV) scenarios are generated using a
realistic bell-shaped profile peaking at 12:00 PM, with random
noise applied to simulate weather-induced fluctuations. A
dynamic electricity price signal λ is used, with prices lowest
in the early morning (3:00 AM) and peaking in the afternoon
(3:00 PM). The risk level for all CVaR constraints is set to
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α = 0.05, and the Wasserstein radii are set to ϵdc = 0.001 for
datacenter loads and ϵpv = 0.0005 for PV generation.

C. Results and Analysis

Cost-Optimal Load Shifting. The primary objective of
minimizing generation cost is successfully achieved through
temporal workload shifting. The price plot in Fig. 3 shows
high prices from t=12 to t=18. In response, the DC commit
loads plot in Fig. 1b shows that the model schedules the
vast majority of its workload during the low-price valleys,
specifically t=0-6 (early morning) and t=20-24 (late night).
The model actively minimizes workload during the expensive
peak period, demonstrating effective cost arbitrage.

Exploitation of Temporal Flexibility. This workload shifting
is enabled by the model’s use of temporal flexibility. The
transfer matrix heatmap in Fig. 2 visualizes the scheduling
policy for the most flexible workloads (Class 2, 12h delay).
The strong diagonal entries from t=2 to t=7 represent workload
executed immediately upon submission since the low elec-
tricity price. Critically, the strong off-diagonal entries show
workload being deferred. For example, workload submitted
at t=8 (during rising prices) is clearly shifted for execution
at t=20-22 (during the evening price drop). This explicitly
visualizes the model exploiting the hc = 12 hour delay
tolerance.

Robust Grid-Aware Operation. The most significant finding
is the model’s ability to ensure robust grid security. Despite
the high uncertainty in the input loads, the WDRO solution
respects all critical constraints. Fig. 1b shows the realized
workload (purple line), weighted by the random submitted
loads ξDC, remains strictly below the final committed workload
(black dashed line) at all times. This is a direct result of the
robust CVaR constraint (12). Furthermore, Fig. 3 (bottom)
shows the voltage magnitudes at all 33 buses for the first 6
hours of operation are within the secure operational bounds.
The WDRO formulation, by optimizing against a worst-case
distribution, successfully finds a scheduling policy that is not
only low-cost but also prevents capacity and voltage violations.

Computational Acceleration. We conducted a comprehen-
sive comparison between the proposed CVaR upper-bound
approximation method and the original WDRO algorithm
across various sample sizes (M=10 to M=100). As shown in
Fig. 4a, the objective values obtained by both methods remain
consistently close across all sample sizes. More significantly,
Fig. 4b demonstrates that the computational time of the
upper-bound method is reduced by two orders of magnitude,
decreasing from approximately 1400 seconds for M=100 with
the original algorithm to just 120 seconds with the proposed
method, achieving a 11× speedup with minor optimality loss.
This substantial efficiency gain makes the CVaR upper-bound
approach practical for real-time applications while maintaining
the robustness guarantees of the original WDRO formulation.

V. CONCLUSION

This paper proposes a WDRO framework to address the
critical coordination challenge between AI datacenters and

power distribution grids under significant uncertainty. Our
approach explicitly model the joint operational risks using
distributionally robust CVaR constraints. These constraints
are systematically formulated to hedge against the volatility
of both multi-class datacenter workloads and PV generation
under the worst-case distribution. To mitigate the compu-
tational challenge posed by this formulation, we introduce
a CVaR upper-bound approximation that eliminates sample-
dependent auxiliary variables. This approximation achieves
a great speedup while preserving robustness guarantees and
incurring only minor optimality loss. Future work may explore
a receding-horizon implementation for real-time operation.
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