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Abstract—The surge in global data generation and the rising
energy demand of data centers (DCs) have made energy-efficient
dynamic scheduling essential for sustainable operation. To han-
dle uncertain workloads and fluctuating electricity prices, the
scheduling problem is formulated as a Constrained Semi-Markov
Decision Process (CSMDP). A Dual-Agent Safe Reinforcement
Learning (DA-SRL) framework is proposed, consisting of a task
selector and a server allocator that collaboratively minimize
energy costs while meeting deadlines and resource constraints.
A safety-enhanced RL strategy combining a constraint-value
network and a shielding mechanism ensures compliance with
capacity and time-coupled constraints, while an action-value net-
work improves energy efficiency. Experiments based on Alibaba
real-world production dataset demonstrate that the proposed
approach achieves superior scheduling optimality and safety
assurance with state-of-the-art methods.

Index Terms—data center, constrained Semi-Markov Decision
Process, dynamic task scheduling, safe reinforcement learning,
energy efficiency

I. INTRODUCTION

In the era of rapid digital transformation, the computing
demands of modern data centers (DCs) have escalated dra-
matically, with global capacity estimated to climb to 171-219
GW by 2030, up from roughly 60 GW today [1]. Concur-
rently, electricity consumption by data centres already reached
approximately 415 TWh in 2024, accounting for about 1.5%
of global electricity use, and is projected to reach 945 TWh
by 2030 [2]. This surge in both compute power and energy
draw places significant pressure on infrastructure resources,
operational budgets and sustainability targets, thereby height-
ening the imperative for energy-efficient and deadline-aware
scheduling strategies within data center operations.

Task arrivals in data centers exhibit strong stochasticity
and temporal dependence, intertwined with dynamic power,
thermal, and electricity price variations. Moreover, hetero-
geneous servers and diverse application demands necessitate
adaptive and safety-aware decision-making to balance energy
consumption, quality of service (QoS), and resource utilization
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[3]. These complexities render static or rule-based scheduling
insufficient to ensure reliable performance and energy effi-
ciency, highlighting the need for intelligent and sustainable
scheduling strategies under uncertainty.

Dynamic task scheduling approaches can be broadly cate-
gorized into three groups: (1) model predictive control (MPC)-
based methods [4], (2) heuristic algorithms, and (3) ma-
chine learning approaches. MPC-based methods formulate
scheduling as a rolling optimization problem over a prediction
horizon, effectively capturing temporal coupling constraints
in sequential decision-making. Heuristic and metaheuristic
algorithms, such as First-in-First-Out (FIFO) [5], Genetic
Algorithm (GA) [6] and Ant Colony Optimization (ACO)
[7], offer fast and robust solutions for large-scale, real-time
scheduling. Hybrid heuristic strategies further enhance perfor-
mance by combining multiple optimization paradigms [8].

In recent years, Deep Reinforcement Learning (DRL) has
gained significant attention for its strong capability in handling
uncertain and dynamic operational problems. It has been
increasingly applied to data center scheduling, effectively
addressing the limitations of traditional methods [9]. The
scheduling problem is typically modeled as a Markov Decision
Process (MDP), where learning-based agents interact with the
environment to derive adaptive scheduling policies [7].Despite
these advances, existing DRL-based scheduling approaches
still face two prominent challenges. First, the curse of dimen-
sionality arises as task and server numbers grow, causing an
exponential increase in state—action space complexity. Existing
studies mitigate this issue by (1) simplifying allocation scenar-
ios to a few tasks per step [10], (2) redesigning network struc-
tures, such as the Branching DQN (BDQN) [11], which uses
multiple output branches to independently estimate Q-values
for task—server pairs, achieving bilinear scalability—and (3)
employing policy-based algorithms like Proximal Policy Op-
timization (PPO). Nevertheless, policy-based methods often
fail to capture dependencies among discrete actions and show
lower sample efficiency and slower convergence than value-
based ones. Second, managing temporal constraints remains
difficult, as most works rely on penalty function-based soft



constraints [12] that are sensitive to hyperparameters and lack
proactive mechanisms to prevent violations. In response to the
aforementioned challenges, this paper formulates the dynamic
task scheduling problem in data centers as a Constrained Semi-
Markov Decision Process (CSMDP) and develops a dual-agent
safe reinforcement learning (DA-SRL) framework tailored for
heterogeneous tasks and servers. The proposed framework
enables adaptive and energy-aware scheduling under uncer-
tainty while ensuring safety and QoS constraints. The main
contributions of this work are summarized as follows:

e Propose a CSMDP-based model with temporally ex-
tended sub-actions and a dual-agent framework for scal-
able task—server coordination.

o Develop agent-specific safety mechanisms, where the
task-selector employs a constraint-value function for
deadline assurance, and the server-allocator applies a
shielding strategy to ensure safe action selection.

e Design a CDDQN training framework with unified
energy-efficiency rewards and constraint-value guidance
to enhance QoS and safety.

II. PROPOSED CONSTRAINED SEMI-MDP
FORMULATION

MDP provides a foundation for sequential decision-making
in stochastic environments, while SMDP extends this frame-
work with temporally extended actions (options) [13], consist-
ing of multiple sub-actions executed over variable durations.
Building upon this, CSMDP aims to maximize cumulative re-
wards while keeping cumulative safety costs within predefined
limits [14]. To ensure tractable computation in large-scale data
centers, a waiting task queue Q™ is constructed, containing
up to NV tasks (or placeholders) selected from Q! on a
FIFO basis, along with a termination marker ﬁﬁl. This reduces
the number of tasks considered per step from N!° to N,
maintaining fairness and computational efficiency.

To address the aforementioned problem, the data center task
scheduling is formulated as a CSMDP, represented by the
seven-tuple < S,0,A, P,R,C,v >, where v € [0,1] is the
discount factor that measures the importance of immediate and
future costs. The rest definitions are as follows.

A. State space

Let f9 denotes the task queue feature vector that col-
lects the attribute set A? for all tasks in the waiting
task queue, formulated as f¢ = [A!,Vi € QY.53,;] €
RON“+1, Each task attribute vector is represented as A? =
[tid, gorr ¢ddl ¢Pro RCPU RGPU] where these elements cor-
respond respectlvely to the task id, arrival time, deadline, pro-
cessing time, required number of CPU/GPU. Similarly, let f};
denotes the server feature vector that describes the operating
status of all servers, expressed as fi = [zFV, 27LU], where
PV e RN denotes the remaining processing time of
each CPU core, and z;"; GPU ¢ R represents the number of
unoccupied GPUs of server k at step 7. The overall system
state can thus be defined as s; = [f7, i _,Vk, A-], where A,
is the electricity price.
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B. Option and action space

The option at step 7 is denoted as o, = (S°, u,, 82), where
S defines the set of states in which the option can be executed
(in this work, it is available for all states, i.e., S° := 5), u,
denotes the control policy, and 32 is the termination condition
that may be triggered by three cases: completion of all tasks in
the waiting queue, task selection being forgone (3°!), or server
assignment being forgone (3°). Once option o is initiated, a
temporally extended decision-making process begins from step
7, during which actions at each sub-step m are determined by
phy ie., arm = [ad,,,a%5,] = p(sr,0.),Ym € M;. af',,
and a®’7, m respectively represent selecting a task from the
waiting queue and assigning it to an appropriate server, with
dimensions N* 4+ 1 and K + 1, where the additional “+1”
accounts for the terminate action. The option terminates when
all N tasks are successfully allocated or when task selection
is forgone, resulting in a state transition from s, to S,y1.

C. State and sub-process transitions

There are two types of transitions: state transitions and sub-
process transitions. A state transition from step 7 to 7 + 1
occurs when an option terminates, involving updates to the
task queue feature f7 and server status feature fi . The total
queue Q'°!, incorporates new arrivals, and the waiting queue
is refreshed on a FIFO basis, while server features update the
remaining processing times of CPUs and GPUs. Sub-process
transitions from m to m + 1 update f7,, and f7_, within
an option: f7, marks the selected task (from aifm) as empty,
and f7 . adjusts the assigned server (from aZ?,,) to reflect
the updated CPU/GPU load. '

D. Reward and cost function

As IT equipment and cooling systems account for nearly
90% of data center energy use [15], the total energy consump-
tion is modeled as the sum of these two main components. The
reward 7. is defined as the immediate negative cost of the data
center at time step 7, calculated as 7, = —\,(P!T + PCL).

K
PtIT — Zk:l(PCPU + PGPU) (1)

IT energy is modeled separately for CPUs and GPUs, using
linear CPU utilization models [16] and GPU models incorpo-
rating utilization and dynamic voltage/frequency scaling [17].

PCPU (Pfull P]idle) Ung P]’édle (2)
PGPU k- kaPU . Vk-2 . ukG,fU (3)

where P{/'V, PFPU are the power demand of CPU/GPU of
server k; P]{“”,P,idle are IT power demand of server k in
idle/fully loaded state; ukcf U ugf U are CPU/GPU utilization
rate of server k; cg, ka Y.V, are GPU power calculation
factor, rated GPU operating frequency and GPU power supply
voltage of server k.

The cooling system is further modeled to capture thermal
coupling effects on energy consumption [18].

PtCL — (nhPtIT + k_ctsdc) /kpcr (4)
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Fig. 1.

where 7" is the ratio of heat dissipation to power demand,
+k€? is the environmental temperature coefficient, s is the
projected area of all IT equipment of the DC, and kP°" is the
performance coefficient of the air conditioning equipment.

The cost C' pertains to task deadline constraint violations,
in which the task selector agent identifies the set of servers
that are available to process task i at step 7 as K" = {k :
SCPU+RCPU NGPU >0, SGPU+RGPU NGPU > 0},
where S ko cPU S,?P o* denote the number of currently occupied
CPU or GPU resources, and NCFU NFFU represent number
of CPU cores and GPUs of server k.

1 pro
ddl__ E ) ddl o\ w
L,T | ngi|kEKan ap +7 _ti §€Z>VZ€QT (5)

where oy, are CPU performance factor of server k. ¢; is the
tolerable threshold.

I1I. PROPOSED DA-SRL ALGORITHM
A. Dual-agent architecture

To address the action space dimensionality challenge, the
task allocation process is decomposed into two cooperative
stages, task selection and resource allocation, which managed
by the selector and allocator agents. The selector chooses a
task or a null action according to the current system state,
while the allocator assigns the selected task to a feasible
server that satisfies resource constraints. As illustrated in Fig.
1, server and task flow data are retrieved from the data
center, together with real-time electricity price information.
The system state vector comprises four components, where
the flag indicates task priorities in Q" based on urgency.
At each time step 7, the selection and allocation actions
are iteratively executed, updating sub-process states until the
transition condition is met.
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Overall architecture of the proposed CSMDP-based dynamic task scheduling framework.

B. CDDQN-base dynamic task scheduling

This study leverages the DDQN algorithm [19], augmented
with long-term safety evaluation models, to address multi-step
constraints arising from task deadline requirements in dynamic
task scheduling.

1) Constraint-value network for selector: We construct the
action-value (Q-value) and constraint-value (J-value) func-
tions for the task selection agent to handle the soft constraint.
The core concept of the proposed CDDQN algorithm is to
define a safe action set Sc(s) that filters out unsafe actions
during Q- and J-value evaluation and updating. Since a
higher degree of constraint violation indicates greater task
urgency, these tasks are assigned higher selection priorities.
Accordingly, given the task queue feature f¢, the priority
of each unfinished task in Q" is determined based on its
corresponding J-value:

¢(a) = o (J(f7, (6)

where o(z;) = e%i/ Z?=1 x; denotes the softmax operation
and S7¢ = {i € Q¥ : A7 # 0} C QY denotes a subset of
QY excluding empty placeholders. The ()-value and J-value
functions of the task selection agent can be updated as:

Q%' (s,a) + (1 — a?)Q*(s,a)+
Q [T_de (s’, argr’rel%’feQSl(sﬂ a’)qﬁ(a/))} ”

J(s,a)
o))

where ¢ = ¢, is the total violation of option o,:

&= ([cH)

icSne

a)),Va € S7°

(1 —a?)J%(s,a)+

[c-i—vJsz (s , argmax Q°

©))



2) Shielding mechanism for allocator: For the server al-
location agent, resource requirements and utilization limits
are treated as hard constraints that must be satisfied at each
decision step. Accordingly, a shielding mechanism is em-
ployed through a safe action set S (s) to filter out infeasible
actions. A unified reward signal is used to update the Q-
value networks of both the task selection and server allocation
agents, fostering coordinated decision-making and enhancing
overall energy cost efficiency. The safe action set Sc(s) can

be given as: ) ,
Sc(s) = {k € K2} U (82}
IV. CASE STUDY AND RESULTS

A. Case configuration

(10)

To evaluate the proposed method, the Alibaba Trace_2020
open dataset [20] was utilized, which captures real-world
production workloads containing mixed training and inference
tasks from large-scale machine learning services. The dataset
includes detailed attributes such as task arrival times, esti-
mated execution durations, deadlines and CPU/GPU resource
requests. Experiments are conducted over a daily schedul-
ing horizon with 15-minute intervals, where 4-10 tasks are
randomly sampled from the task pool per interval. Set up
five types of heterogeneous servers, each characterized by
distinct computing capacities, energy consumption parameters
and performance parameters. In total, 500 training and 100
testing scenarios are constructed. The electricity price data are
obtained from the EIA dataset at a 15-minute resolution [21].

The length of the waiting queue is set to N = 10. The
selector and allocator employ Q-value network, all of which
feature 2 fully-connected hidden layers, each layer has 256
neurons with a dropout rate of 0.5 and utilizes LeakyReLU
as the activation function, and the respective target network
adopts the same architecture with a soft update rate of 104,
All network parameters are updated using the Adam optimizer,
with an initial learning rate of 10~% and gradually decreasing.
When selecting actions, the epsilon greeny strategy is adopted
to balance the trade-off between exploration and utilization.
The initial value of € is set to 0.5 and gradually decreases
with the increase of training rounds. The discount rate 7 is set
to 0.95. The examined methods are implemented using Py-
Torch v2.4.1, optimization problems are solved using Gurobi
v12.0.0. Experiments are conducted on a computer with AMD
Ryzen 99900X 12-core CPU, NVIDIA GeForce RTX 4090D
GPU and 64GB of RAM.

B. Performance evaluation

As illustrated in Fig. 2, the proposed scheduling method
demonstrates strong adaptability to fluctuating -electricity
prices and varying task arrivals. During low-price periods
(around t=50-70), the total number of active tasks increases
significantly, indicating that non-urgent workloads are ef-
fectively shifted to cost-efficient intervals. Conversely, when
electricity prices rise, the system limits task execution to es-
sential workloads, thereby reducing operational costs. Further-
more, tasks are preferentially assigned to servers with higher
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performance-to-cost efficiency, enabling improved resource
utilization while maintaining an overall balanced load distribu-
tion. These results confirm that the proposed method achieves
coordinated optimization between task scheduling and energy
management, ensuring cost-effectiveness and system stability
under dynamic conditions.
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Fig. 2. Temporal variation of task arrivals, aggregated task allocation across
servers, and electricity prices under the proposed method.

C. Comparison with benchmarks

We evaluate our approach against six baseline methods:
(1) Theoretical Optimal: The task scheduling problem is
formulated as a MILP and solved using Gurobi to obtain
the global optimum, serving as a performance benchmark; (2)
FIFO: Tasks are scheduled in the order of arrival. This method
is simple, easy to implement, and ensures fairness, but it does
not account for task priority, which may lead to inefficiency for
long-running jobs; (3) Genetic Algorithm (GA): Task sched-
ules are iteratively optimized through selection, crossover,
and mutation of candidate solutions; (4) BDQN: Employs a
multi-branch Q-network, with each branch evaluating the Q-
value for a specific action; (5) Proximal Policy Optimization
(PPO): which models discrete task allocation actions with
categorical distribution; (6) DA-RL: An ablation variant of our
method without safety mechanism to assess the contribution
of reducing constraints violation.

Fig. 3(a) presents the learning curves obtained using sliding-
window averaging. The theoretical optimal value is 107.22$,
whereas FIFO exhibits the poorest performance, deviating
by 28.65%. The heuristic GA achieves a closer result, with
a deviation of 14.17% from the optimal solution. Among
reinforcement learning approaches, the proposed DA-SRL
method attains the best performance, differing by only 1.07%
from the theoretical optimum. In contrast, its variant without
the security mechanism, BDQN, and PPO exhibit deviations
of 3.85%, 12.87%, and 6.16%, respectively. Regarding con-
vergence behavior, the proposed method reaches stability after
approximately 350 steps, while DA-RL and BDQN converge
near 400 steps. PPO demonstrates a temporary decline around
900 steps before converging at about 1200 steps. Overall, the
proposed DA-SRL achieves the closest approximation to the
theoretical optimum, with faster convergence and a more stable
learning trajectory than all benchmarks.

Fig. 3(b) illustrates the penalty associated with task deadline
violations. The tolerance threshold is set to 0.25, correspond-
ing to the minimum time allocation granularity. Except for
the theoretical optimum and FIFO, only the proposed DA-
SRL maintains a final violation value within the threshold
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(0.18). By contrast, the variant without the security mechanism
records a final violation amount of 1.11, exceeding the limit
by 344%. The remaining algorithms show considerably larger
deviations, underscoring the effectiveness of the proposed se-
curity mechanism in ensuring deadline compliance and system
robustness.

V. CONCLUSIONS

This paper presents a Dual-Agent Safe Reinforcement
Learning (DA-SRL) framework for energy-efficient dynamic
task scheduling in data centers. Formulated as a Constrained
Semi-Markov Decision Process, the framework jointly opti-
mizes energy cost and task deadlines through coordinated
task selection and server allocation. The safety mechanism,
integrating a constraint-value network and shielding strategy,
effectively enforces time and resource constraints. Experimen-
tal results on the Alibaba production dataset show that DA-
SRL achieves energy costs only 1.07% above the theoretical
optimum, with the fastest convergence and the lowest deadline
violations among all methods. These results demonstrate that
DA-SRL provides superior scheduling optimality, convergence
stability, and safety assurance, offering a promising solution
for sustainable data center operation.
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