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H I G H L I G H T S

• A cost-oriented predict-then-optimize decision-making framework is developed for the joint electricity-computation dispatch problem.

• A novel privacy-preserving iterative algorithm with guaranteed faster convergence performance is proposed.

• Heterogeneous uncertainties arising from power outputs of RES and workloads of DC are comprehensively considered.

• Extreme learning machine is employed as prediction model.
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A B S T R A C T

The escalating computing demand due to the flourishing of artificial intelligence is catalyzing more compre­

hensive and intricate interactions between modern power systems and data centers (DCs), necessitating joint 

electricity-computation management towards cost-optimal operation. The power system operator (SO) dispatches 

the generators, and the DC operator (DCO) optimizes the server dispatch strategies, where coupled information 

interactions exist. In practical, SO and DCO would encounter uncertainties arising from power outputs of renew­

able energy sources (RES) and computing workload requests submitted by end-users, respectively. Conventional 

accuracy-oriented predict-then-optimize (PTO) framework may lead to sub-optimal solutions due to the asym­

metric relationship between prediction error and decision error. To achieve cost-optimal dispatch strategies, 

developing a cost-oriented PTO decision-making framework for the joint management is essential. Specially, the 

prediction models are trained by minimizing the decision regret. In addition, a privacy-preserving dual-boundary 

feedback-embedded adaptive iterative algorithm is specially proposed to solve the joint dispatch problem, real­

izing guaranteed and faster convergence. Simulation results on a modified IEEE-30 bus system over extensive 

scenarios demonstrate that the cost-oriented PTO framework saves about 1.4% of the total operational cost 

compared to conventional accuracy-oriented decision framework on average. Moreover, the proposed iterative 

algorithm averagely reduces 20% of iteration times than the existing binary search method.
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1 . Introduction

1.1 . Background

In recent years, the unprecedented development and ubiquitous 

deployment of artificial intelligence (AI) technologies have led to a 

tremendous increase in end-user computing demands. As a result, data 

centers (DCs), which integrate an extensive number of servers, have wit­

nessed widespread deployment. This trend has significantly escalated 

their electricity consumption. According to a report by the International 

Energy Agency [1], the total electricity consumption of DCs has reached 

415 TWh in 2024, accounting for approximately 1.5% of the total global 

electricity usage. Moreover, the growth rate is accelerating, as the elec­

tricity consumption of DCs has increased by 10% over the past decade, 

compared to only 3% during 2005–2015. This suggests that DCs will 

engage in more extensive and comprehensive interactions with power 

systems, making the cost-optimal joint management a critical concern 

for both DC operators (DCO) and power system operators (SO). SO op­

timizes power outputs and reserve capacities of generators to guarantee 

power supply-demand balance. DCO optimizes the processing strategies 

of computing workloads and schedules the servers.

In this work, we specifically focus on power grid-connected internet 

data centers (IDCs), which are hyperscale facilities integrating massive 

amounts of servers, storage, and network devices to provide on-demand 

computing services [2]. IDCs are characterized by high energy density 

and significant electricity consumption, which is primarily composed of 

IT equipment load and cooling system load. The energy efficiency of an 

IDC is typically measured by power usage effectiveness (PUE), defined 

as the ratio of total facility energy to IT equipment energy.

According to the real-world settings of large-scale cloud service 

providers such as Google, computing tasks submitted by end-users 

are generally categorized into two types: interactive workload, which 

requires immediate response (e.g., web search queries), and batch work­

load, which is delay-tolerant (e.g., data storage and machine learning) 

[3]. Unlike electricity loads that require real-time supply-demand bal­

ance, batch workload can be flexibly scheduled within deadlines defined 

by end-users. This allows the DCO to delay execution during peak-price 

hours and process them when electricity prices drop. Furthermore, due 

to the geo-distributed nature of DC infrastructures [4], a DCO typically 

operates multiple DCs located at different buses in the power system, 

each associated with a locational marginal price (LMP). Assuming that 

there is no long-term electricity wholesale contract between the DCO 

and the SO, and batch workload can be parallelized between the DCs 

using techniques such as MapReduce [5], the DCO can flexibly dis­

patch servers to process these workloads in both spatial and temporal 

dimensions to minimize its power consumption cost [6].

1.2 . Motivation, related work and research gaps

Due to the increasing penetration rate of renewable energy sources 

(RESs) under the progressive low-carbon transition [7,8], SO must cope 

with uncertainties from RESs generation. Despite the reserve capaci­

ties of thermal generators, flexible loads are becoming critical assets for 

balancing renewable fluctuations. Since DCs with spatial and temporal 

flexibilities are flourishing, the integration of DCs into grid operation is 

essential. Also, DCO would spontaneously utilize servers when the LMP 

is lower, unlocking the flexible role of DCs [9–12].

The LMP at day-ahead stage is typically determined by the SO 

through solving an economic dispatch problem [13], which requires the 

accessibility of the total power consumption of DCs for SO. Meanwhile, 

the server dispatch strategies of DCO also depend on the LMP de­

clared by the SO. This creates a coupled information exchange between 

the DCO and the SO, highlighting the necessity of formulating joint 

electricity-computation dispatch problem for these two stakeholders 

[14,15]. Such a joint dispatch problem faces two main challenges: how 

to handle the uncertainties of RESs and workloads and how to develop 

an effective iterative algorithm. Literature review regarding these two 

critical aspects is demonstrated as follows.

As aforementioned, the SO needs to cope with uncertainties in RESs. 

Meanwhile, the DCO faces uncertainties in both batch and interactive 

workload arrivals [16]. These uncertainties necessitate the training of 

prediction models that serve for better dispatch strategies. However, 

most existing studies about the joint dispatch merely delve into the 

optimization stage [5,13,17]. Therefore, it is essential to develop a 

predict-then-optimize (PTO) decision framework tailored for the joint 

dispatch problem against uncertainties.

Most existing prediction approaches are evaluated solely by norm-

based accuracy metrics, such as mean absolute error (MAE). Regrettably, 

for some real-world decision-making problems, more accurate predic­

tions do not necessarily contribute to better decisions [18]. This is 

due to the asymmetric and even non-monotonic relationships between 

prediction error and decision error [19,20]. Asymmetry implies that 

over-prediction (OP) and under-prediction (UP) incur unequal decision 

error [21], while non-monotonicity indicates that reducing prediction 

error does not necessarily translate into lower decision error. Traditional 

accuracy-oriented prediction prioritizes optimal data fitting rather than 

decision performance in the downstream optimization [22]. Such ap­

proaches are optimal only when the relationships between prediction 

error and decision error are symmetric and monotonic. To achieve 

better decision performances for problems exhibiting asymmetric and 

non-monotonic relationships, developing cost-oriented PTO framework 

becomes essential, where the prediction models are optimized under the 

goal of minimizing decision regret.

The idea of cost-oriented prediction originates from quantitative fi­

nance [23], and has recently demonstrated better performance over 

accuracy-oriented PTO framework in various practical power systems 

problems. Notable examples include day-ahead market operation [24,

25] and energy storage arbitrage [26] based on predicted electric­

ity price, unit commitment [27–30], energy dispatch [21,31], voltage 

regulation [32], inertia resources deployment [33] and distributed en­

ergy management [18] given predicted power outputs of RES. Such 

methodology has also been extended to interval forecasting [34]. These 

studies collectively confirm that whenever prediction errors translate 

into decision outcomes in a non-symmetric or non-monotonic man­

ner, the cost-oriented framework offers practical advantages. For the 

joint electricity-computation dispatch problem, there exhibit asymmet­

ric relationships between prediction error and decision error, necessi­

tating the deployment of cost-oriented PTO framework. The physical 

interpretation behind such relationships would be discussed later in 

Section 5.2. Nevertheless, no existing work has so far proposed a cost-

oriented PTO framework for the joint electricity-computation dispatch

problem.

The second challenge lies in designing an efficient iterative al­

gorithm. In some existing studies, the joint electricity-computation 

dispatch problem is formulated as a bi-level optimization problem. This 

structure allows for reformulation into a single-level problem using 

Karush–Kuhn–Tucker conditions [35]. However, linearizing the com­

plementary slackness conditions introduces extensive binary variables, 

which significantly increase computational complexity. Moreover, since 

SO and DCO are separate stakeholders, transforming the problem into 

a single-level formulation requires that one party should access the 

other’s private information, which is often impractical due to privacy 

concerns. Another classical approach to solve such bi-level problem 

is to utilize Benders decomposition [6,36], which typically assumes a 

leader-follower structure where the SO acts as a leader and the DCO 

responds accordingly as a follower. This formulation requires the SO 

to pass primal variables to the DCO, while in our concerned problem, 

the exchanged information is LMP, intrinsically the dual variables of 

power balance constraints. This mismatch in the information flow poten­

tially limits the practical applicability of Benders decomposition based 

methods in the problem concerned.
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Another commonly used approach is iterative optimization [37], in 

which the SO and the DCO update their strategies in an iterative man­

ner. SO and DCO negotiate until a consensus is reached [38]. However, 

iterative optimization methods may suffer from the failure to converge 

due to the oscillation between successive iterations [13]. Although re­

cent work has improved convergence performance by narrowing the 

oscillation interval using binary search technique [3], the convergence 

speed remains relatively slow. Thus, designing an iterative optimization 

method towards faster convergence emerges as an essential problem.

1.3 . Contributions

To address these research gaps, this paper offers a novel solution 

towards cost-optimal joint electricity-computation management. Driven 

by the booming demand for AI and cloud computing, the joint man­

agement is becoming imperative. Our methodology would serve as 

theoretical guidance for future development. The major contributions 

are summarized as follows.

1. First, a novel cost-oriented PTO decision framework is devel­

oped for joint electricity-computation management. Compared to 

conventional accuracy-oriented approaches, the proposed frame­

work realizes statistically lower operational costs in extensive 

scenarios. Specially, the prediction models are optimized through 

solving regret minimization problems, which distinguishes our 

framework from existing approaches. Also, heterogeneous uncer­

tainties arising from power outputs of RES and workloads of DC 

have been comprehensively considered.

2. In addition, a dual-boundary feedback-embedded adaptive iter­

ative algorithm is proposed to guarantee faster convergence. In 

contrast to existing methods that rely on repeated binary search to 

approximate equilibrium, the proposed algorithm achieves prov­

ably faster convergence by adaptively tightening the boundaries 

of oscillation interval. Moreover, the proposed algorithm only 

requires limited information disclosure for SO and DCO, which 

preserves the privacy.

Section 2 introduces the decision framework for the joint dispatch 

problem. The optimization problems and prediction models are formu­

lated in Section 3. The proposed iterative algorithm and convergence 

analysis are presented in Section 4. Section 5 offers an analysis of the 

simulation results and Section 6 draws the conclusion.

2 . Joint electricity-computation management framework

As stated in Section 1, more comprehensive interactions between 

SO and DCO are emerging. Therefore, in modern power systems con­

taining RES and DC, it is essential to optimize generation and reserve 

plans to maintain the supply-demand balance of active power. From the 

perspective of DCO, the goal of server dispatch is to fulfill computing re­

quests from end-users under the quality-of-service (QoS) requirements. 

However, SO and DCO face inherent uncertainties from power outputs 

of RES and workload arrivals, respectively. To improve decision qual­

ity under uncertainties, a cost-oriented PTO framework is adopted, as 

illustrated in Fig. 1.

In the day-ahead dispatch stage, prediction models are first trained 

over historical scenarios. In Step 1-1, given the realizations of power 

outputs of RES and workload, the SO and DCO jointly optimize their 

decisions with full information of the historical scenarios. The SO solves 

an economic dispatch problem (𝑃1), and discloses the dual multipli­

ers of the nodal power balance constraints, i.e., LMP, to the DCO. The 

DCO then optimizes the server dispatch strategies accordingly in (𝐷1). 
Specially, the spatial-temporal flexibility of computing workloads could 

be employed to minimize operational costs. The resulting total power 

consumption 𝑃 dc is then fed back to the SO to solve (𝑃1). The two 

entities iteratively update their decisions until convergence. The opera­

tion cost obtained from Step 1–1 serves as the labels for the training of 

Fig. 1. Joint electricity-computation decision-making framework.

cost-oriented prediction models. As stated in Step 1-2, the training is per­

formed by solving (𝑇𝑃 ) and (𝑇𝐷) for SO and DCO, respectively. After 

the training of the prediction models, the SO and DCO perform joint 

day-ahead dispatch over the testing scenario in Step 2, where (𝑃1) and 

(𝐷1) are solved iteratively until convergence. Due to inevitable predic­

tion errors, the SO must perform redispatch in the intraday stage in Step 

3, where generation strategies are adjusted based on the actual power 

outputs of RES by solving (𝑃 2). The DCO responds by solving (𝐷2), and 

both entities continue to iterate until convergence.

Fig. 1 illustrates the decision-making process for one testing scenario. 

In practice, this framework operates in a rolling horizon manner [27]. 

For the 𝑘-th test day, historical data from the past ℎ days is used for 

training, and the time window advances forward, i.e., using data from 

day 𝑘 − ℎ + 1 to day 𝑘 to prepare for day 𝑘 + 1, and so on.

3 . Problem formulation

Let Ω𝐵  and Ω𝐿 denote the set of buses and transmission lines within 

the power system, respectively. Ω𝐺, Ω𝑅, Ω𝐷 are respectively the sets of 

TG, RES and DC. T  is the set of time intervals of the dispatch day.

3.1 . Optimization model of SO

At the day-ahead stage, SO aims to minimize the total operation cost 

𝑪DA
𝑃  given predicted power output of RES 𝑃 r

𝑖,𝑡. The active power supply-

demand balance constraint is modeled as follows.

𝑃𝐺
𝑖,𝑡 + 𝑃 r

𝑖,𝑡 +
∑

(𝑖,𝑗)∈Ω𝐿
𝑃 f
𝑖𝑗,𝑡 + 𝑃 sh

𝑖,𝑡

= 𝑃𝐿
𝑖,𝑡 + 𝑃 dc

𝑖,𝑡 + 𝑃 cu
𝑖,𝑡 ∶ 𝛾𝑖,𝑡, ∀𝑖, 𝑗 ∈ Ω𝐵 ,∀𝑡 (1)

where 𝑃𝐺
𝑖,𝑡  is the scheduled power generation strategy for each TG. 𝑃 f

𝑖𝑗,𝑡
is the power flow from bus 𝑗 to 𝑖. 𝑃𝐿

𝑖,𝑡  is the fixed load of each bus. 𝑃 dc
𝑖,𝑡

is the power consumption of DC. 𝑃 sh
𝑖,𝑡  and 𝑃 cu

𝑖,𝑡  are respectively the load 
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shedding and RES curtailment of the 𝑖-th bus, which will cause penalties. 

𝛾𝑖,𝑡 represents the LMP of the 𝑖-th bus, which is intrinsically the dual 

variable of the power balance constraint (1).

The power output limits (2), ramping constraints of TGs (3) and the 

reserve dispatch requirements (4)-(6) could be modeled as follows: 

𝑅−
𝑖,𝑡 ≤ 𝑃𝐺

𝑖,𝑡 ≤ 𝑃𝐺
𝑖,𝑡 − 𝑅+

𝑖,𝑡, ∀𝑖 ∈ Ω𝐺 ,∀𝑡 (2)

−Λ−
𝑖 ≤ 𝑃𝐺

𝑖,𝑡 − 𝑃𝐺
𝑖,𝑡−1 ≤ Λ+

𝑖 , ∀𝑖 ∈ Ω𝐺 ,∀𝑡 (3)

0 ≤ 𝑅+
𝑖,𝑡 ≤ 𝜈+𝑖,𝑡𝑃

𝐺
𝑖,𝑡 , ∀𝑖 ∈ Ω𝐺 ,∀𝑡 (4)

0 ≤ 𝑅−
𝑖,𝑡 ≤ 𝜈−𝑖,𝑡𝑃

𝐺
𝑖,𝑡 , ∀𝑖 ∈ Ω𝐺 ,∀𝑡 (5)

∑

𝑖∈Ω𝐺
𝑅+
𝑖,𝑡 ≥ Π+

𝑡 ,
∑

𝑖∈Ω𝐺
𝑅−
𝑖,𝑡 ≥ Π−

𝑡 ,∀𝑡 (6)

where 𝑅+
𝑖,𝑡 and 𝑅−

𝑖,𝑡 are the scheduled upward and downward spinning 

reserve capacity, respectively. 𝑃𝐺
𝑖,𝑡  is the rated power of the 𝑖-th TG. Λ+

𝑖
and Λ−

𝑖  are the upward and downward ramping limits, respectively. 𝜈+𝑖,𝑡
and 𝜈−𝑖,𝑡 are the corresponding upper bounds of the upward and down­

ward reserved capacity. Π+
𝑡  and Π−

𝑡  are respectively the upward and 

downward reserve capacity requirements for the 𝑡-th time interval.

Credit to its convex feature and acceptable levels of error [13], the 

DC power flow constraint (7) is utilized in this work, where 𝜃𝑖,𝑡 is the 

phase angle of 𝑖-th bus, 𝑋𝑖𝑗  is the line reactance. (8) limits the line power 

flow, where 𝑃
f
𝑖𝑗  is the transmission capacity. (9)-(10) ensure the non-

negativity of load shedding and RES curtailment.

𝑃 f
𝑖𝑗,𝑡 = (𝜃𝑖,𝑡 − 𝜃𝑗,𝑡)∕𝑋𝑖𝑗 , ∀(𝑖, 𝑗) ∈ Ω𝐿,∀𝑡 (7)

− 𝑃
f
𝑖𝑗 ≤ 𝑃 f

𝑖𝑗,𝑡 ≤ 𝑃
f
𝑖𝑗 , ∀(𝑖, 𝑗) ∈ Ω𝐿,∀𝑡 (8)

0 ≤ 𝑃 sh
𝑖,𝑡 ≤ 𝑃𝐿

𝑖,𝑡 , ∀𝑖 ∈ Ω𝐵 ,∀𝑡 (9)

0 ≤ 𝑃 cu
𝑖,𝑡 ≤ 𝑃 r

𝑖,𝑡, ∀𝑖 ∈ Ω𝑅,∀𝑡 (10)

In summary, the day-ahead energy dispatch problem of SO (𝑃 1) could 

be modeled as follows:

(𝑃 1) min
𝑿DA

𝑃

𝑪DA
𝑃 =

∑

𝑡∈T

∑

𝑖∈Ω𝐺

𝛾𝐺𝑖 𝑃
𝐺
𝑖,𝑡 +

∑

𝑡∈T

∑

𝑖∈Ω𝐵

𝛾sh
𝑖 𝑃 sh

𝑖,𝑡 +
∑

𝑡∈T

∑

𝑖∈Ω𝑅

𝛾cu
𝑖 𝑃 cu

𝑖,𝑡 , (11)

s.t. (1) − (10).

where 𝛾𝐺𝑖 , 𝛾sh
𝑖  and 𝛾cu

𝑖  are respectively the cost coefficients of thermal 

power generation, load shedding and RES curtailment. For mathematical 

simplicity, an approximated linear generation cost function is assumed. 

Let 𝑿DA
𝑃  collect the decision variables of problem (𝑃 1). The optimal 

solution of (𝑃 1) is expressed as 𝑪DA,⋆
𝑃 (𝑿DA,⋆

𝑃 ).
In the intraday stage, the actual power outputs of RES 𝑃 r

𝑖,𝑡 are 

available to the SO. The optimal generation strategies 𝑃𝐺,⋆
𝑖,𝑡  and up­

ward/downward reserve capacities 𝑅−,⋆
𝑖,𝑡 /𝑅+,⋆

𝑖,𝑡  determined in (𝑃 1) are 

then served as input parameters for the intraday redispatch problem 

(𝑃 2). Accordingly, several constraints are modified as follows:

𝑃𝐺′
𝑖,𝑡 + 𝑃 r

𝑖,𝑡 + 𝑃 sh′
𝑖,𝑡 +

∑

(𝑖,𝑗)∈Ω𝐿
𝑃 f′
𝑖𝑗,𝑡

= 𝑃𝐿
𝑖,𝑡 + 𝑃 dc′

𝑖,𝑡 + 𝑃 cu′
𝑖,𝑡 , ∶ 𝛾

′
𝑖,𝑡 ∀𝑖 ∈ Ω𝐵 ,∀𝑡 (12)

− 𝑅−,⋆
𝑖,𝑡 ≤ 𝑃𝐺′

𝑖,𝑡 − 𝑃𝐺,⋆
𝑖,𝑡 ≤ 𝑅+,⋆

𝑖,𝑡 , ∀𝑖 ∈ Ω𝐺 ,∀𝑡 (13)

0 ≤ 𝑃𝐺′
𝑖,𝑡 ≤ 𝑃𝐺

𝑖,𝑡 , ∀𝑖 ∈ Ω𝐺 ,∀𝑡 (14)

Then, (𝑃 2) could be formulated as follows:

(𝑃 2) min
𝑿ID

𝑃

𝑪 ID
𝑃 =

∑

𝑡∈T

∑

𝑖∈Ω𝐺

𝛾𝐺𝑖 𝑃
𝐺′
𝑖,𝑡 +

∑

𝑡∈T

∑

𝑖∈Ω𝐵

𝛾sh
𝑖 𝑃 sh′

𝑖,𝑡 +
∑

𝑡∈T

∑

𝑖∈Ω𝑅

𝛾cu
𝑖 𝑃 cu′

𝑖,𝑡 , (15)

s.t. (3), (7) − (10), (12) − (14).

Similarly, the decision variables and optimal solution of (𝑃 2) are ex­

pressed as 𝑿ID
𝑃  and 𝑪 ID,⋆

𝑃 (𝑿ID,⋆
𝑃 ), respectively. The superscript ′ denotes 

the variables for the intraday stage.

3.2 . Optimization model of DCO

Since these two types of workloads are determined by separate 

users’ demands, DCO may need to predict both interactive and batch 

workloads. Similarly to active power balance, the workload balance 

constraint is formulated as follows given predicted workloads [39]:

𝑤𝑖,𝑡 = 𝑊 i
𝑖,𝑡 +𝑤t

𝑖,𝑡 +𝑤tr
𝑖,𝑡 +𝑤cl

𝑖,𝑡, ∀𝑖 ∈ Ω𝐷,∀𝑡 (16)

𝑤t
𝑖,𝑡 ≥ 0, 𝑤cl

𝑖,𝑡 ≥ 0, ∀𝑖 ∈ Ω𝐷,∀𝑡 (17)

where 𝑤𝑖,𝑡 is the workload that will be processed in each DC during 

each time interval 𝑡. 𝑊 i
𝑖,𝑡 is the interactive workload predicted. 𝑤t

𝑖,𝑡 is 

the delay-tolerant batch workload processed immediately during 𝑡. 𝑤tr
𝑖,𝑡

is the workload transferred among the DCs, making the DCs spatially 

flexible in power consumption. 𝑤cl
𝑖,𝑡 is the workload processed in the 

cloud when local computation resources are inadequate. (17) ensures 

the non-negativity of 𝑤tr
𝑖,𝑡 and 𝑤cl

𝑖,𝑡.

For delay-tolerant batch workloads, DCO could decide whether to 

process them immediately or store them in the waiting queue. When the 

electricity price is high, the DCO can defer batch workloads and pro­

cess them during lower-price periods [40], demonstrating the temporal 

flexibility of DCs. The associated constraints can be modeled as follows.

𝑊 t
𝑖,𝑡 = 𝑤t

𝑖,𝑡 +𝑤q
𝑖,𝑡, ∀𝑖 ∈ Ω𝐷,∀𝑡 (18)

𝑤q
𝑖,𝑡 ≥ 0, ∀𝑖 ∈ Ω𝐷,∀𝑡 (19)

𝑊 q
𝑖,𝑡+1 = 𝑊 q

𝑖,𝑡 +𝑤q
𝑖,𝑡 −𝑤t

𝑖,𝑡, ∀𝑖 ∈ Ω𝐷,∀𝑡 (20)

𝑊 q
𝑖,1 = 0,𝑊 q

𝑖,𝑇 = 0, ∀𝑖 ∈ Ω𝐷 (21)

0 ≤ 𝑊 q
𝑖,𝑡 ≤ 𝑊

𝑞
𝑖 , ∀𝑖 ∈ Ω𝐷,∀𝑡 (22)

where 𝑊 t
𝑖,𝑡 is the predicted batch workload. 𝑤q

𝑖,𝑡 is the stored batch work­

load. (18) describes the decision of DCO on the processing of batch 

workload. (19) ensures the non-negativity of 𝑤q
𝑖,𝑡. 𝑊

q
𝑖,𝑡 is the existing 

batch workload stored in the queue. (20) is the dynamic continuity con­

straint of stored workload. (21) assumes that the queue is empty at the 

start of the dispatch day and must be fully cleared at the end. (22) de­

fines the range of workload storage in the queue, where 𝑊
𝑞
𝑖  is the upper 

limit of storage capacity.

The upper limit of workload transfer among DCs 𝑤tr
𝑖,𝑡 is bounded by 

the communication bandwidth, as defined in (23). 𝑤tr
𝑖,𝑡 ≥ 0/𝑤tr

𝑖,𝑡 < 0 indi­

cates that the workload is transferred from/to the 𝑖-th DC to/from other 

DCs. Also, similar to peer-to-peer energy sharing [18], the transferred 

workload at each time interval should be zero-sum, as defined in (24). 

−𝑤tr
𝑖,𝑡 ≤ 𝑤tr

𝑖,𝑡 ≤ 𝑤tr
𝑖,𝑡, ∀𝑖 ∈ Ω𝐷,∀𝑡 (23)

∑

𝑖∈Ω𝐷
𝑤tr

𝑖,𝑡 = 0, ∀𝑡 (24)

Moreover, as a computing services provider, the DC should satisfy 

QoS requirements, which are modeled by the M/M/1 queuing method in 

(25)[3]. Such a method could reflect the average response time and en­

sure acceptable service latency on an hourly dispatch time scale without 

introducing heavy computational complicity. 

𝑠𝑖,𝑡 ≥
𝑤𝑖,𝑡

𝜇𝑖 − 1∕𝐷
, ∀𝑖 ∈ Ω𝐷,∀𝑡 (25)

0 ≤ 𝑠𝑖,𝑡 ≤ 𝑠𝑖, ∀𝑖 ∈ Ω𝐷,∀𝑡 (26)
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where 𝑠𝑖,𝑡 is the number of servers utilized at time interval 𝑡, mainly de­

termined by the processed workload 𝑤𝑖,𝑡. 𝜇𝑖 is the service rate of servers 

in the 𝑖-th DC. 𝐷 is the maximum responding time. (26) defines the range 

of servers utilized, where 𝑠𝑖 is the total number of servers in the 𝑖-th DC.

Then, the total power consumption of a DC can be calculated as 

follows.

𝑃 dc
𝑖,𝑡 = 𝑃 b

𝑖 + [𝑝0
𝑖 + (𝜉𝑖 − 1)𝑝max

𝑖 ]𝑠𝑖,𝑡 + (𝑤𝑖,𝑡

−𝑤cl
𝑖,𝑡)(𝑝

max
𝑖 − 𝑝0

𝑖 )∕𝜇𝑖, ∀𝑖 ∈ Ω𝐷,∀𝑡 (27)

where 𝑃 b
𝑖  is the base power consumption of the 𝑖-th DC. 𝑝0

𝑖  and 𝑝max
𝑖  are 

respectively the idle and peak power consumption of server in the 𝑖-th 

DC. 𝜉𝑖 ≥ 1 is the PUE, usually treated as a constant.

Finally, the day-ahead server dispatch problem of DCO (𝐷1) could 

be formulated as follows:

(𝐷1) min
𝑿DA

𝐷

𝑪DA
𝐷 =

∑

𝑡∈T

∑

𝑖∈Ω𝐷

𝛾𝑖,𝑡𝑃
dc
𝑖,𝑡 + 𝑐tr

|𝑤tr
𝑖,𝑡| + 𝑐cl𝑤cl

𝑖,𝑡 (28)

s.t. (16) − (27).

where 𝑿DA
𝐷  collects decision variables for (𝐷1). The first term in the 

objective is the power consumption cost. 𝛾𝑖,𝑡 is the LMP of the 𝑖-th bus. 

𝑐tr is the communication cost coefficient, and 𝑐cl is the cost coefficient 

of using the cloud computing service.

Although DCO needs to reserve backup computing resources to deal 

with uncertainties, the response time from idle to full load is typically 

less than a few minutes [41]. Given the hourly time scale of dispatch in 

this work, it is reasonable to assume that servers can sufficiently respond 

within each time interval, and reserve computing capacity is not explic­

itly modeled in this work. Thus, unlike the SO, the DCO does not directly 

transmit decision variables from the day-ahead stage to intraday stage, 

which makes the day-ahead and intraday server dispatch problems share 

a similar formulation.

At the intraday stage, the workload balance constraints (16) and 

(18) could be modified as follows when the actual workload profiles 

are available.

𝑤
′
𝑖,𝑡 = 𝑊 i

𝑖,𝑡 +𝑤t′
𝑖,𝑡 +𝑤tr′

𝑖,𝑡 +𝑤cl′
𝑖,𝑡 , ∀𝑖 ∈ Ω𝐷,∀𝑡 (29)

𝑊 t
𝑖,𝑡 = 𝑤t′

𝑖,𝑡 +𝑤q′
𝑖,𝑡, ∀𝑖 ∈ Ω𝐷,∀𝑡 (30)

Then, the intraday server dispatch problem of DCO (𝐷2) could be 

formulated as follows. It is worth noting that while the primary objective 

of the DCO in this formulation is cost minimization. In our model, the 

service requirements are integrated as hard constraints.

(𝐷2) min
𝑿ID

𝐷

𝑪 ID
𝐷 =

∑

𝑡∈T

∑

𝑖∈Ω𝐷

𝛾
′
𝑖,𝑡𝑃

dc′
𝑖,𝑡 + 𝑐tr

|𝑤tr′
𝑖,𝑡 | + 𝑐cl𝑤cl′

𝑖,𝑡 (31)

s.t. (17), (19) − (27), (29) − (30).

where 𝑿ID
𝐷  collects decision variables for (𝐷2) and the superscript ′ de­

notes the variables for the intraday stage. Also, let 𝑪 ID,⋆
𝐷 (𝑿ID,⋆

𝐷 ) denote 

the optimal solution of (𝐷2).

3.3 . Prediction model

Since the purpose of prediction is to better support decision-making 

[23], the primary objective of prediction model training is to fit the 

optimization oracle [22]. In addition, to reduce computational burden, 

the extreme learning machine (ELM) is adopted. ELM is a simple feed­

forward neural network characterized by randomly pre-specified input 

weights and biases, eliminating the need for backward propagation [18]. 

Using ELM, the predicted power outputs of RES in vector form 𝑷̂ r
𝑖 ∈ R|T |

in (𝑃 1) are calculated as follows. 

𝑷
𝑟
𝑖 = (𝚯r

𝑖)
⊤𝚽r

𝑖 , ∀𝑖 ∈ Ω𝑅, (32)

where 𝚯r
𝑖 is the learnable weights vector from hidden layer to output 

layer. 𝐻  is the number of hidden neurons. 𝚽r
𝑖 is the output of hidden 

layer in ELM, which can be readily calculated given the input feature 

data, predefined input weight and bias vectors and the type of nonlinear 

activation function.

Similarly, the predicted interactive workload 𝑾
i
𝑖 ∈ R|T | and batch 

workload 𝑾
t
𝑖 ∈ R|T | for ∀𝑖 ∈ Ω𝐷 in (𝐷1) are calculated as follows: 

⎧

⎪

⎨

⎪

⎩

𝑾
𝑖
𝑖 = (𝚯wi

𝑖 )⊤𝚽wi
𝑖 , ∀𝑖 ∈ Ω𝐷,

𝑾
𝑡
𝑖 = (𝚯wt

𝑖 )⊤𝚽wt
𝑖 , ∀𝑖 ∈ Ω𝐷,

(33)

where 𝚯wi
𝑖  and 𝚯wt

𝑖  are the learnable weights vector of the ELMs for 

interactive workload and batch workload. 𝚽wi
𝑖  and 𝚽wt

𝑖  are the outputs of 

hidden layers of the ELMs for interactive workload and batch workload, 

respectively.

Traditionally, the goal of training an accuracy-oriented prediction 

model is to best fit the historical data. However, this does not necessarily 

lead to better decision quality [19]. To train a cost-oriented prediction 

model, the ’perfect decisions’ of historical scenarios are first obtained to 

serve as labels, where the actual power outputs of RES and workloads 

are given.

For SO, the target is to optimize the learnable weights of ELM 𝚯r
𝑠

under the objective of minimizing the decision error over |S| histori­

cal scenarios, i.e., the gap between the perfect operation costs obtained 

under actual power outputs of RES and the imperfect operation costs 

obtained under predicted power outputs. The training model can be 

formulated as follows.

(𝑇𝑃 ) min𝑿DA
𝑃 ,𝑠 ,𝚯

r
𝑠

∑

𝑠∈S 𝐺𝑃 ,𝑠 + 𝜆||𝚯r
𝑠||1 (34)

s.t. (1) − (10), (32),

𝐺𝑃 ,𝑠 ≥ 𝑪DA
𝑃 ,𝑠(𝑿

DA
𝑃 ,𝑠,𝑷

r
𝑠) − 𝑪DA,⋆

𝑃 ,𝑠 (𝑿DA,⋆
𝑃 ,𝑠 ,𝑷 r

𝑠), (35)

𝐺𝑃 ,𝑠 ≥ −[𝑪DA
𝑃 ,𝑠(𝑿

DA
𝑃 ,𝑠,𝑷

r
𝑠) − 𝑪DA,⋆

𝑃 ,𝑠 (𝑿DA,⋆
𝑃 ,𝑠 ,𝑷 r

𝑠)], (36)

(1 − 𝜅)𝑷 r
𝑠 ≤ 𝑷

r
𝑠 ≤ (1 + 𝜅)𝑷 r

𝑠. (37)

where 𝐺𝑃 ,𝑠 is a slack variable representing the decision error of SO under 

scenario 𝑠. The second term in objective is to refrain from overfitting, 

where L1 regularization is commonly used [27]. 𝜆 is a hyperparame­

ter that weights the importance of the regularization term. (35)–(36) 

are introduced to linearize the term of absolute value. 𝑷 r
𝑠 and 𝑷

r
𝑠 are 

respectively the predicted and actual values of power outputs of RES 

under the 𝑠-th scenario in vector form. In addition, to ensure sufficient 

closeness of the predicted values to the actual values, (37) is introduced, 

where 𝜅 is the error range adjustment factor. This is because identical 

magnitudes of prediction error may lead to different decisions for cer­

tain problems. On the other hand, the same decision may correspond to 

different predicted values [22,26].

For the DCO, the corresponding training models can be similarly 

formulated as follows.

(𝑇𝐷) min
𝑿DA

𝐷,𝑠 ,𝚯
wi
𝑠 ,𝚯wt

𝑠

∑

𝑠∈S
𝐺𝐷,𝑠 + 𝜆[||𝚯wi

𝑠 ||1 + ||𝚯wt
𝑠 ||1] (38)

s.t. (16) − (27), (33),

𝐺𝐷,𝑠 ≥ 𝑪DA
𝐷,𝑠(𝑿

DA
𝐷,𝑠,𝑾

i
𝑠,𝑾

t
𝑠) − 𝑪DA,⋆

𝐷,𝑠 (𝑿DA,⋆
𝐷,𝑠 ,𝑾 i

𝑠,𝑾
t
𝑠), (39)

𝐺𝐷,𝑠 ≥ −[𝑪DA
𝐷,𝑠(𝑿

DA
𝐷,𝑠,𝑾

i
𝑠,𝑾

t
𝑠) − 𝑪DA,⋆

𝐷,𝑠 (𝑿DA,⋆
𝐷,𝑠 ,𝑾 i

𝑠,𝑾
t
𝑠)], (40)

(1 − 𝜅)𝑾 i
𝑠 ≤ 𝑾

i
𝑠 ≤ (1 + 𝜅)𝑾 i

𝑠, (41)

(1 − 𝜅)𝑾 t
𝑠 ≤ 𝑾

t
𝑠 ≤ (1 + 𝜅)𝑾 t

𝑠. (42)

where 𝚯wi
𝑠  and 𝚯wt

𝑠  are respectively the learnable weights of the ELM for 

interactive workload and batch workload under the 𝑠-th scenario. 𝑾 i
𝑠
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and 𝑾
i
𝑠 are respectively the predicted and actual values of interactive 

workload under the 𝑠-th scenario in vector form. 𝑾 t
𝑠 and 𝑾

t
𝑠 are respec­

tively the predicted and actual values of batch workload under the 𝑠-th 

scenario in vector form.

By solving problems (𝑇𝑃 ) and (𝑇𝐷) separately, the cost-oriented 

prediction models could be obtained by SO and DCO. After that, the pre­

dicted power outputs of RES, interactive workload, and batch workload 

for the testing scenario could be calculated and taken into (𝑃1) and (𝐷1)
for the day-ahead joint dispatch, followed by the intraday joint dispatch 

modeled in (𝑃 2) and (𝐷2).

4 . Algorithm design

In the context of joint management, privacy preservation is critical 

because these operators are distinct entities with separate commercial 

interests.

The sensitive information of the SO includes the detailed topology of 

the power grid, line parameters, and specific parameters of thermal gen­

erators and renewable units in the power system. The LMPs are shared 

with the DCO as public information, without revealing the internal phys­

ical parameters of the SO, which is consistent with the practice in the 

PJM market [42]. The private information of DCO includes computing 

workload arrival rates, server configuration details, QoS requirements, 

and specific power consumption characteristics. Keeping these details 

local protects the DCO’s business strategies and operational status. The 

shared information of DCO is the total power consumption, which does 

not disclose the internal details of DCs.

In our designed algorithm, since only the LMP and the total power 

consumption of DCs are transmitted between SO and DCO during the 

iteration, the other private operational parameters are kept locally.

4.1 . Iteration process

The detailed iterative algorithm is summarized in Algorithm 1. After 

initialization, SO and DCO optimize their respective dispatch problems 

sequentially. SO is assumed to be a leader in the iteration and DCO re­

sponses to the LMP declared by SO as a follower [43,44]. The SO then 

optimizes its strategies based on the total power consumption of DCs.

The residual is defined as 𝛿𝑘 = ‖

‖

‖

𝑷 dc,𝑘 − 𝑷 dc,𝑘−1‖
‖

‖

 in each iteration, 

namely the differences in the total power consumption of DCs between 

successive iterations. If the residual 𝛿𝑘 remains unchanged after two or 

more iterations, an oscillation is detected. Then, in Step 7, the 𝑚-th os­

cillation interval and its length are identified as 𝐼𝑚 = [𝑃𝑚
𝑖,𝑡, 𝑃

𝑚
𝑖,𝑡] and 𝐿𝑚 =

|𝐼𝑚|, respectively. The problem would fail to converge due to persistent 

oscillations without intervention. To address this, a privacy-preserving 

dual-boundary feedback-embedded adaptive iterative algorithm is spe­

cially proposed. Before convergence analysis, the following theoretical 

basis is necessary.

Definition 1. In each iteration, the response of SO/DCO upon receiving 

information from DCO/SO could be respectively expressed as the following 

mappings: 

𝛾𝑘+1𝑖,𝑡 = R𝑠(𝑃
dc,𝑘
𝑖,𝑡 ), 𝑃 dc,𝑘+1

𝑖,𝑡 = R𝑑 (𝛾𝑘+1𝑖,𝑡 ), (43)

Definition 2. When {𝑃 dc,𝑘
𝑖,𝑡 } oscillates in closed, compact and convex inter­

val 𝐼𝑚, ∃𝐾 > 0 that satisfies 𝑃 dc,𝑘
𝑖,𝑡 ∈ 𝐼𝑚, ∀𝑘 ≥ 𝐾. Furthermore, the mapping 

between successive elements in the sequence could be expressed as: 

𝑃 dc,𝑘+1
𝑖,𝑡 = 𝑇𝑚(𝑃

dc,𝑘
𝑖,𝑡 ) = R𝑑 (R𝑠(𝑃

dc,𝑘
𝑖,𝑡 )), (44)

Proposition 1. There exists at least one equilibrium point in the oscillation 

interval, namely ∃𝑃 ⋄
𝑖,𝑡 ∈ 𝐼𝑚.

Proof. Since the energy and server dispatch problems are linear pro­

gramming, the optimal solution set is convex and the mapping 𝑇𝑚 ∶
𝐼𝑚 → 𝐼𝑚 is continuous [45]. When an oscillation occurs, ∀𝑃 dc,𝑘

𝑖,𝑡 ∈ 𝐼𝑚, 

Algorithm 1 Privacy-preserving dual boundary feedback-embedded 

adaptive iterative algorithm.

1: Initialization: set iteration times 𝑘 = 1, oscillation times 𝑚 = 0, 

convergence tolerances 𝜖 > 0, 𝑃 dc,0
𝑖,𝑡 = 0;

2: repeat

3:  Solve energy-reserve joint dispatch problem for SO;

4:  Solve server dispatch problem for DCO;

5:  if residual 𝛿𝑘 remains unchanged after two or more iterations

then

6:  Set 𝑚 = 𝑚 + 1;

7:  Obtain 𝑚-th oscillation interval 𝐼𝑚 = [𝑃𝑚
𝑖,𝑡, 𝑃

𝑚
𝑖,𝑡]:

 𝑃𝑚
𝑖,𝑡 = min(𝑃 dc,𝑘

𝑖,𝑡 , 𝑃 dc,𝑘−1
𝑖,𝑡 ),

 𝑃
𝑚
𝑖,𝑡 = max(𝑃 dc,𝑘

𝑖,𝑡 , 𝑃 dc,𝑘−1
𝑖,𝑡 );

8:  if 𝑚 = 1 then

9:  𝑃𝑚
𝑖,𝑡 = 𝜏𝑃

𝑚
𝑖,𝑡 + (1 − 𝜏)𝑃𝑚

𝑖,𝑡;

10:  else

11:  Calculate the interval variation:

 Δ𝑚,−
𝑖,𝑡 = |𝑃𝑚

𝑖,𝑡 − 𝑃𝑚−1
𝑖,𝑡 |, Δ𝑚,+

𝑖,𝑡 = |𝑃
𝑚
𝑖,𝑡 − 𝑃

𝑚−1
𝑖,𝑡 |,

12:  Calculate the step length:

 𝜌𝑚𝑖,𝑡 = Δ𝑚,−
𝑖,𝑡 ∕(Δ𝑚,−

𝑖,𝑡 + Δ𝑚,+
𝑖,𝑡 ),

13:  Update the searching point:

 𝑃𝑚
𝑖,𝑡 = 𝑃𝑚

𝑖,𝑡 + (𝑃
𝑚
𝑖,𝑡 − 𝑃𝑚

𝑖,𝑡) ⋅ 𝜌
𝑚
𝑖,𝑡,

14:  end if

15:  Solve dispatch problem for SO based on 𝑃𝑚
𝑖,𝑡 .

16:  Solve dispatch problem for DCO to obtain an

  auxiliary DC power consumption 𝑃 dc
𝑖,𝑡 ;

17:  Calculate 𝐼 ′
𝑚 = [𝑃𝑚,′

𝑖,𝑡 , 𝑃
𝑚,′

𝑖,𝑡 ], where:

 𝑃𝑚,′
𝑖,𝑡 = (𝑃 dc

𝑖,𝑡 > 𝑃𝑚
𝑖,𝑡)𝑃

𝑚
𝑖,𝑡 + (𝑃 dc

𝑖,𝑡 ≤ 𝑃𝑚
𝑖,𝑡)𝑃

𝑚,′
𝑖,𝑡 ,

 𝑃
𝑚,′

𝑖,𝑡 = (𝑃 dc
𝑖,𝑡 < 𝑃𝑚

𝑖,𝑡)𝑃
𝑚
𝑖,𝑡 + (𝑃 dc

𝑖,𝑡 ≥ 𝑃𝑚
𝑖,𝑡)𝑃

𝑚,′

𝑖,𝑡 ;

18:  Add constraint for DCO: 𝑃𝑚,′
𝑖,𝑡 ≤ 𝑃 dc,⋅

𝑖,𝑡 ≤ 𝑃
𝑚,′

𝑖,𝑡 .

19:  end if

20:  Set 𝑘 = 𝑘 + 1;

21: until 𝛿𝑘 ≤ 𝜖 or 𝑘 ≥ 𝑘max.

𝑇 (𝑃 dc,𝑘
𝑖,𝑡 ) ∈ 𝐼𝑚. According to the Brouwer theorem [46], there exists at 

least one fixed-point 𝑃 ⋄
𝑖,𝑡 ∈ 𝐼𝑚 satisfying 𝑇 (𝑃 ⋄

𝑖,𝑡) = 𝑃 ⋄
𝑖,𝑡, which is the desired 

equilibrium point.

In our problem, the same 𝛾𝑖,𝑡 may correspond to multiple 𝑃 dc
𝑖,𝑡 . As the 

LMP is not solely determined by 𝑃 dc
𝑖,𝑡 , but also influenced by other param­

eters and constraints. In other words, different values of 𝑃 dc
𝑖,𝑡  potentially 

result in the same LMP. Therefore, the mapping R𝑠(⋅) is not injective and 

there could be more than one equilibrium point. □

To approach the equilibrium point, a searching point 𝑃𝑚
𝑖,𝑡  is selected 

within the oscillation interval 𝐼𝑚 to explore which sub-interval contains 

the equilibrium point. For the first oscillation, the searching point can 

be selected randomly in the interval. Here, the midpoint (i.e., 𝜏 = 0.5) is 
used as an example. For the following oscillations, 𝑃𝑚

𝑖,𝑡  is adaptively up­

dated based on dual-boundary feedback information, as in Steps 11–13. 

Specifically, the step length is calculated using difference in the interval 

boundaries between successive oscillations.

The searching point is then passed to SO, and DCO updates its de­

cision 𝑃 dc
𝑖,𝑡  based on the corresponding price signal issued by the SO. 

According to Proposition 1, if the updated 𝑃 dc
𝑖,𝑡  is smaller than 𝑃𝑚

𝑖,𝑡 , the 

equilibrium lies in the lower half of the interval 𝐼𝑚. Conversely, the equi­

librium is in the upper half. The DCO’s optimization problem is then 

modified by adding a constraint that restricts 𝑃 dc
𝑖,𝑡  to the identified sub-

interval. This constraint actually tightens the next oscillation interval 

𝐼𝑚+1. This process is repeated until 𝐿𝑚 → 0, where the residual would 

be sufficiently small.
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4.2 . Convergence analysis

By Proposition 1, since the equilibrium is guaranteed to exist within 

𝐼𝑚, convergence of the interval to a point implies convergence to the 

equilibrium, where the residual 𝛿𝑘 becomes sufficiently small, satisfying 

the criteria in Step 21.

Proposition 2. Compared to the bisection-embedding method (Method #a) 

in [3], the sequence of interval length {𝐿𝑚} exhibits a faster convergence rate 

utilizing the proposed method (Method #b).

Definition 3. Let 𝜂⋅ = 𝐿𝑚+1∕𝐿𝑚 denote the shrinking rate of interval length 

between successive oscillations.

Proof. Method #a has linear convergence rate as ||𝐿𝑚+1 − 𝐿∗
𝑚|| ≤

𝜂𝑎||𝐿𝑚 − 𝐿∗
𝑚||, where the shrinking rate 𝜂𝑎 ≡ 1∕2 and 𝐿∗

𝑚 = 0. As for 

Method #b, the length of updated interval 𝐿′
𝑚 is expressed as follows 

after Step 17: 

𝐿
′
𝑚 =

{

𝑃
𝑚
𝑖,𝑡 − 𝑃𝑚

𝑖,𝑡 = (1 − 𝜌𝑚𝑖,𝑡)𝐿𝑚, 𝑃 dc
𝑖,𝑡 ≥ 𝑃𝑚

𝑖,𝑡
𝑃𝑚
𝑖,𝑡 − 𝑃𝑚

𝑖,𝑡 = 𝜌𝑚𝑖,𝑡𝐿𝑚, 𝑃 dc
𝑖,𝑡 < 𝑃𝑚

𝑖,𝑡
(45)

After adding the constraint, we have 𝐿′
𝑚 = sup{𝐿𝑚+1}. In other words, 

𝐼𝑚+1 should be no broader than 𝐼 ′
𝑚. Therefore, the shrinking rate of 

Method #b satisfies: 

𝜂𝑏 ≤ min(𝜌𝑚𝑖,𝑡, 1 − 𝜌𝑚𝑖,𝑡) =

⎧

⎪

⎨

⎪

⎩

𝜌𝑚𝑖,𝑡, 𝜌𝑚𝑖,𝑡 < 1∕2
1 − 𝜌𝑚𝑖,𝑡, 𝜌𝑚𝑖,𝑡 > 1∕2

1∕2, 𝜌𝑚𝑖,𝑡 = 1∕2
, (46)

(46) indicates that 𝜂𝑏 ≤ 𝜂𝑎 always holds. Thus, Method #b enjoys 

faster convergence performance ||𝐿𝑚+1 − 𝐿∗
𝑚|| ≤ 𝜂𝑏||𝐿𝑚 − 𝐿∗

𝑚||. □

Noted that, although there exist cases when 𝜌𝑚𝑖,𝑡 = 1∕2, where two 

methods share the same convergence rate, the convergence speed of our 

proposed method still outperforms that of Method #a through extensive 

numerical simulations, as demonstrated in Fig. 9(a).

5 . Cases studies

5.1 . Parameters setup

As depicted in Fig. 2, a modified IEEE 30-bus system containing PV 

stations and DCs is employed for case studies. Parameters of generator 

and power network are obtained from MATPOWER. Since the SO usu­

ally retains more 𝑅+
𝑖,𝑡 to mitigate higher load shedding penalties [47], 

the requirements for upward/downward reserves are set as the sum of 

60%/40% 𝑃 𝑟
𝑖,𝑡 and 15%/10% of total load, respectively. 𝜈+𝑖,𝑡 and 𝜈−𝑖,𝑡 are 

set at 40%/60%, with both Π+
𝑡  and Π−

𝑡  capped at 30% of the installed 

generation capacity. 𝛾sh
𝑖  and 𝛾cu

𝑖  are set at 10,000$/MW and 300$/MW, 

respectively [21]. Real PV and load data from Ausgrid are utilized as 

datasets after properly scaling [48]. Besides, PV output data across dif­

ferent spatiotemporal contexts is selected as input feature dataset for the 

training of prediction model in this study [27]. 𝑤tr
𝑖,𝑡 is set as 4000 req. 

𝑐tr and 𝑐cl are set as 0.01$/req and 0.5$/req, respectively. The other pa­

rameters about DC operation are obtained from [3]. The convergence 

threshold 𝜖 and the prediction error adjusting factor 𝜅 are set as 1e-20 

and 0.5, respectively. All simulations are implemented via Gurobi on 

Matlab 2024b with a MIP gap tolerance of 1e-4. The hardware environ­

ment is an Intel i7-14700F CPU with 20 cores and an NVIDIA GeForce 

RTX 4060Ti GPU.

To present comprehensive and comparative results, three methods 

are implemented: Method #1: cost-oriented PTO using ELM; Method #2: 

cost-oriented PTO using linear regression (LR); Method #3: accuracy-

oriented PTO using fully connected neural network (FCNN), where the 

FCNN is first trained under accuracy metric, followed by joint dispatch. 

MAE and root mean squared error (RMSE) are selected to evaluate the 

prediction accuracy.

Fig. 2. Modified IEEE-30 bus system.

5.2 . Decision and prediction performance

To comprehensively evaluate the cost-saving performance of the pro­

posed framework for joint dispatch, total operational cost is defined as 

the sum of SO’s and DCO’s costs. Since the DCO’s electricity consump­

tion cost is actually the SO’s revenue, this component is offset in the 

total cost calculation. 

𝑪 ID = 𝑪 ID
𝑃 + 𝑪 ID

𝐷 −
∑

𝑡∈T

∑

𝑖∈Ω𝐷

𝛾
′
𝑖,𝑡𝑃

dc′
𝑖,𝑡 (47)

Let 𝑪 ID,⋆ denote the perfect total operational cost of the testing sce­

nario given actual power outputs of RES and workloads, the decision 

error could be defined as [(𝑪 ID − 𝑪 ID,⋆)∕𝑪 ID,⋆] × 100%.

Table 1 and Fig. 3 compare the decision error, prediction error, and 

average training time of the three methods. The number of scenarios is 

set as 426 due to data availability. As shown in Table 1, under the cost-

oriented framework (Methods #1 and #2), the average decision error 

is lower than that of under the accuracy-oriented framework (Method 

#3), with reductions of approximately 1.38% and 1.52%, respectively. 

Although Method #2 yields a slightly lower median value of decision 

error than Method #1, it suffers from a higher standard deviation (Std), 

indicating a less stable decision performance.

In terms of prediction accuracy, Method #3 performs the best, 

achieving an MAE of 8.9784 MW, 0.6861×10³, and 0.4455 ×10³ requests 

for power outputs of RES, batch workload, and interactive workload, re­

spectively. Because the relationship between the RES prediction error 

and the total operation cost is asymmetric, a more accurate prediction 

does not necessarily lead to a more economic decision. The predicted 

values generated by Methods #1 and #2 tend to fall into a region that 

leads to smaller decision errors. Between the two cost-oriented meth­

ods, the ELM-based Method #1 outperforms the LR-based Method #2, 

benefiting from the superior nonlinear representation capability of the 

ELM. Additionally, Method #3 incurs a significantly higher training 

time due to the need for backward propagation, which requires approx­

imately 19 s per scenario. In contrast, both Method #1 and Method #2 

complete the training in less than 1 s, indicating a much lower com­

putational burden. In summary, cost-oriented frameworks can achieve 

statistically better economic decision performance with significantly 

faster computation.
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Table 1 

Statistical results of decision error, prediction error and average training time.

Method Decision error (%) Prediction error (MW) Prediction error (103 req) Δ𝑡tr(s)

Mean Median Std 𝑃𝑟 MAE 𝑃𝑟 RMSE 𝑊𝑖 MAE 𝑊𝑖 RMSE 𝑊𝑡 MAE 𝑊𝑡 RMSE

#1 4.0171 1.9035 5.1528 10.081 11.798 3.5438 4.0748 2.3512 2.7058 0.8811

#2 3.8728 1.7652 6.2505 11.417 13.507 3.6659 4.1345 2.4803 2.7990 0.8794

#3 5.3997 1.1396 10.233 8.9784 10.862 0.6861 0.8508 0.4455 0.5545 18.925

Fig. 3. Statistical results of decision and prediction error.
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Fig. 4(a) reveals the asymmetric sensitivity of the SO’s decision error 

to RES prediction errors. Ideally, a perfect prediction yields zero decision 

error. However, under uncertainty, the error distribution is uneven.

In OP scenarios (Predicted > Actual): The SO underestimates day-

ahead TG generation. To prevent high-penalty load shedding during 

the intraday stage, the SO typically schedules ample upward reserve 

capacities [21,47]. Consequently, the system is well-protected, keeping 

the realized decision error relatively low. In UP scenarios (Predicted 

< Actual): The SO schedules more day-ahead TG output. The primary 

risk here is renewable curtailment, which incurs a lower penalty com­

pared to load shedding. Since the SO is less incentivized to reserve 

extensive downward capacities for low-penalty risks, curtailment oc­

curs more frequently. As a result, UP scenarios statistically exhibit 

higher decision errors than OP scenarios, explaining the observed

asymmetry.

Fig. 4(b) demonstrates the impact of RES prediction errors on intra­

day LMPs. When actual RES outputs significantly exceed forecasts (large 

UP errors), the surplus power drives LMPs to negative values, incen­

tivizing users to consume excess generation. Notably, the LMP remains 

constant across certain ranges of prediction error. This step-like behav­

ior confirms that a single LMP value can correspond to multiple distinct 
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Fig. 5. Generation and reserve dispatch results.

levels of total DC power consumption, verifying the non-uniqueness of 

equilibrium points discussed in Section 4.1.

Fig. 4(c) visualizes the joint impact of RES and workload uncertain­

ties. The relationship is complex and non-monotonic. RES prediction 

errors primarily dictate the allocation of reserve capacities, while work­

load prediction errors determine the day-ahead power consumption 

baseline of DCs. These two factors are coupled: the error in workloads 

indirectly shifts the operating point of thermal generation and reserves. 

Their interaction jointly determines the intraday LMPs and the final de­

cision performance, resulting in the composite error surface shown in 

the figure.

5.3 . Dispatch results on a typical scenario

Fig. 5(a) and (b) present the joint dispatch results of generation 

and reserve for the day-ahead and intraday stages in a typical testing 

scenario. Each term in the stack bar chart is the system-wide sum of each 

variable. On this day, the system load peaks between 18:00 and 24:00. It 

can be observed that upward reserve capacities are more than downward 

reserve capacities. In addition, the predicted RES outputs is lower than 

the actual values. Moreover, load shedding or RES curtailment penalties 

are not triggered, indicating the effectiveness of generation and reserve 

capacities dispatch strategies.

Fig. 6(a)–(c) illustrate the intraday workload processing strategies 

of three DCs in the testing system given the actual workload realiza­

tions. Since interactive workloads require immediate processing, they 

do not reflect temporal flexibility and are omitted from detailed dis­

cussion. The focus is on the batch workloads. In conjunction with the 

LMP signals shown in Fig. 7, it is evident that DCs delay processing dur­

ing high-price periods by storing batch workloads in the waiting queues 

and concentrate processing during low-price hours (12:00–17:00). After 

evening peak loads, a processing surge occurs during 21:00– 23:00 to 

ensure that the waiting queues are cleared by the end of the day. This 

demonstrates the temporal flexibility. Notably, when the system elec­

tricity load peaks at 18:00, the electricity price at DC #3 spikes sharply. 

In response, part of its workload is transmitted to DC #1, illustrating 

spatial flexibility in server dispatch. Fig. 6(d) shows the server provi­

sioning status of each DC, which closely follows the trend of workloads. 

At 18:00, DC #3 significantly reduces server utilization to avoid high 

operation costs.
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Fig. 6. Server dispatch results.
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Fig. 7. LMP at day-ahead and intraday stage.

Fig. 8. Stored batch workload in the waiting queue.

Fig. 8 represents the accumulation of tasks in the waiting queues of 

the three DCs. First, all tasks in the queues are fully cleared before 24:00, 

ensuring sufficient buffer capacity for the operation of the next day. 

Moreover, by leveraging both electricity price and received workload 

information, the DCs gradually clear queued tasks during low-price peri­

ods, during which server utilization peaks. Conversely, during high-price 

hours, workloads are stored in the queues, keeping the power consump­

tion low. These behaviors clearly demonstrate that the waiting queues 

serve as the key enabler of temporal flexibility.

5.4 . Convergence performance

Fig. 9(a) compares the number of iterations required for conver­

gence with approximately 1000 different combinations of prediction 

errors for the same testing scenario. The average, median, and standard 

deviation of the iteration times of the proposed dual-boundary feedback-

embedded adaptive iterative algorithm (Method #b) are 16, 15, and 

4.227, respectively. In contrast, for the existing bisection-embedded 

method (Method #a), the corresponding values are 20, 19, and 6.788. 

Although the maximum number of iterations for the proposed method is 

comparable to the existing method in some extreme cases, our method 
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Fig. 9. Convergence performance comparison.

achieves a statistically reduction of approximately 20% in the average 

number of iterations. This strongly supports the effectiveness of the 

proposed approach and validates the theoretical analysis presented in 

Section 4.2. Furthermore, Fig. 9(b) shows the residual of a typical testing 

scenario. Without interval tightening, the solution keeps oscillating and 

fails to converge, whereas the proposed method achieves a remarkable 

faster convergence speed than the bisection-embedded method.

6 . Conclusion

6.1 . Major results and practical implications

To conclude, this paper aims to address the escalating interdepen­

dence between power systems and DCs, offering actionable insights 

for the sustainable integration of computing workloads into renewable-

penetrated power systems. Specifically, to attain more economic joint 

electricity-computation dispatch strategies for both SO and DCO against 

heterogeneous uncertainties, a cost-oriented PTO framework is devel­

oped in this work. Moreover, a dual-boundary feedback-embedded 

adaptive iterative algorithm is proposed to ensure rigorous and faster 

convergence in iterative decision-making between SO and DCO. Major 

conclusions and practical implications drawn from extensive simulations 

are summarized as follows:

1. More accurate predictions do not necessarily yield lower opera­

tional costs due to the asymmetric risks of power shortages versus 

surpluses. The proposed cost-oriented PTO framework effectively 

captures this asymmetry, achieving an average cost reduction of 

1.4%. For SO, this underscores the necessity of embedding down­

stream decision logic into upstream prediction models to avoid 

high-penalty events like load shedding.

2. The proposed dual-boundary feedback-embedded algorithm re­

duces the average iteration rounds by approximately 20% com­

pared to standard binary search methods in [3]. It also proves 

that SO and DCO can reach a faster equilibrium without sharing 

sensitive data (e.g., grid topology or detailed workload pro­

files), thereby overcoming the primary barrier of commercial 

confidentiality.

6.2 . Transferability and general applicability

While this study focuses on the coordination between power systems 

and DCs, the proposed methodologies possess significant transferability 

and general applicability to a broader range of energy management and 

optimization problems.

From the methodological perspective, the core contribution, the cost-

oriented PTO framework, offers a novel paradigm for decision-making 

under uncertainty. Traditional accuracy-oriented forecasting often falls 

short in complex systems where the relationship between prediction 

errors and decision costs is asymmetric or even non-monotonic. Our 

framework effectively bridges this gap by embedding the downstream 

optimization cost directly into the training phase. Consequently, this 
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approach is not limited to the electricity-computation nexus but is 

highly applicable to other optimization problems in power systems, 

such as UC, optimal bidding strategies, etc. Furthermore, its potential 

extends to interdisciplinary fields like quantitative trading in finance 

and inventory management in logistics, where the economic penalty of 

over-forecasting differs from that of under-forecasting.

From the algorithmic perspective, the specific problem addressed 

in this paper can be viewed as a representative case of flexible loads 

participating in demand response. The iterative coordination algorithm 

developed herein relies on a generalized information exchange interface: 

the SO issues price signals (i.e., LMPs), and the flexible load operator re­

sponds with total power consumption. This decentralized mechanism 

does not require the disclosure of the internal physics of the load. 

Therefore, the proposed algorithm can be readily extended to coordinate 

other types of flexible resources, such as heating, ventilation, and air 

conditioning systems in smart buildings or electric vehicle charging sta­

tions [49]. As long as the flexible resources can adjust their consumption 

profile in response to price incentives, our privacy-preserving coordi­

nation algorithm provides a robust solution for achieving system-wide 

equilibrium.

6.3 . Future work

Future work will focus on two directions to further bridge the gap 

between theory and practice: 1) Integrating end-to-end decision-focused 

learning architectures (e.g., Transformer-based forecasting models) to 

decision-making; and 2) Incorporating more granular computing models 

(e.g., G/G/1 queuing) to reflect diverse QoS requirements.
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