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Abstract 

Cloud data Centers now consume roughly 1 to 2 percent of global electricity, and the pressure 

to reduce that footprint has moved from a corporate sustainability concern to a hard operational 

constraint. Task scheduling sits at the heart of the problem because every placement decision 

shapes how much energy the underlying servers, cooling systems, and networking fabric will 

draw. Traditional schedulers based on heuristics or classical machine learning have delivered 

steady but incremental improvements, and reinforcement learning approaches have begun to 

push further. Yet all of these run on conventional hardware whose own energy footprint is non-

trivial when a scheduler is invoked millions of times per hour. This paper investigates 

neuromorphic spiking neural networks (SNNs) as an energy-efficient foundation for task 

scheduling in green cloud computing. The premise is that SNNs, when deployed on 

neuromorphic hardware such as Intel Loihi 2 or IBM NorthPole, consume orders of magnitude 

less energy per inference than equivalent deep networks, making them attractive for the high-

frequency decision loops that scheduling requires. We designed an SNN-based scheduler that 

encodes task and server state as spike trains, learns placement policies through surrogate 

gradient training, and runs inference on a neuromorphic simulator calibrated against published 

hardware performance. Experiments were conducted on a simulated data center with 4,096 

heterogeneous servers running a mixed workload trace of 12 million tasks over a 30-day 

horizon. Results show that the SNN scheduler reduced total energy consumption by 22.8 

percent compared to a well-tuned heuristic baseline and by 9.4 percent compared to a strong 

deep reinforcement learning baseline, while keeping SLA violations under 3.1 percent. 

Scheduler inference itself consumed roughly 340 times less energy than the deep RL 

counterpart. Findings support neuromorphic SNNs as a promising foundation for the next 

generation of green cloud schedulers. 
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1. Introduction 

Cloud data centers have become one of the largest single categories of electricity consumption 

on the planet. Estimates place their share of global electricity between 1 and 2 percent, and the 

trajectory is upward as workloads shift from local devices to cloud services and as AI training 
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and inference add new demands [1]. Operators face pressure from three directions at once. 

Corporate sustainability commitments require deeper decarbonization each year. Utility 

contracts penalize peak demand and, in some regions, restrict absolute consumption. Public 

scrutiny of the environmental footprint of large technology firms has grown sharply and shows 

no sign of receding [2]. 

Every joule of energy a data center consumes traces back through a chain of decisions, and task 

scheduling sits near the top of that chain. When a scheduler places a task on a specific server, 

it implicitly commits that server to a set of power states, thermal outputs, and cooling 

requirements that will play out over the task's lifetime. A good placement decision can reduce 

total energy consumption by a few percent per task, and across the billions of tasks handled by 

a large cloud each day, small per-task savings compound into meaningful absolute reductions 

[3]. 

Task scheduling for energy efficiency has been studied for decades, and the field has moved 

through several phases. Early heuristics based on threshold rules and simple bin-packing 

produced meaningful gains and are still the backbone of many production schedulers because 

they are simple, predictable, and easy to reason about. Classical machine learning approaches 

added refinement, and more recently deep reinforcement learning has pushed the frontier 

further by learning placement policies directly from experience [4]. Each generation has 

delivered improvements, but each has also faced diminishing returns as the low-hanging fruit 

was picked and the remaining opportunities became more subtle and workload-specific. 

An overlooked dimension of the problem is the energy consumed by the scheduler itself. A 

modern scheduler in a large data center may be invoked hundreds of times per second, and if 

that scheduler is a deep neural network running on conventional GPUs or accelerators, the 

aggregate energy cost of scheduling can reach a non-trivial fraction of the savings the scheduler 

is supposed to produce. This is not a rounding error. It is a design constraint that becomes more 

binding as schedulers grow more sophisticated [5]. 

Neuromorphic computing offers a genuinely different foundation. Spiking neural networks 

(SNNs) process information as discrete spike events distributed over time, and when deployed 

on neuromorphic hardware such as Intel Loihi 2, IBM NorthPole, or SpiNNaker, they consume 

orders of magnitude less energy per inference than equivalent deep networks running on GPUs 

[6]. The event-driven nature of computation means that circuits are active only when spikes 

propagate, and the massively parallel architecture matches the sparse structure of many 

decision problems. For scheduling, which involves fast decisions from partial information 

many times per second, this profile is nearly ideal. 

Applying SNNs to task scheduling is not straightforward. Training SNNs has historically been 

more difficult than training conventional networks because spike events are non-differentiable, 

and encoding scheduling states as spike trains requires careful design. Recent progress in 

surrogate gradient training and in neuromorphic simulation tooling has made systematic 

exploration of SNN schedulers more practical, but comparative evaluations against strong deep 

learning baselines on realistic cloud workloads have been rare [7]. This paper contributes such 

an evaluation and offers a design that we hope makes the practical trade-offs clearer. 

Our research questions are: how does an SNN-based scheduler compare to well-tuned heuristic 

and deep reinforcement learning baselines in terms of data center energy consumption and 

service level compliance, how much energy does the scheduler itself consume across the three 
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approaches, and what practical barriers remain before neuromorphic scheduling can move from 

research into production. 

2. Literature Review 

Research on energy-efficient cloud scheduling has been active for over fifteen years and has 

produced a large and varied literature. Early work focused on virtual machine consolidation, in 

which the scheduler packs workloads onto fewer physical servers so that idle machines can be 

powered down. Studies established the theoretical and practical gains of consolidation, and 

threshold-based heuristics such as best-fit decreasing and modified best-fit became widely used 

building blocks [8]. Even today, most production schedulers include some variant of these 

techniques as their consolidation backbone. 

Classical machine learning approaches expanded the design space. Regression models were 

used to predict task runtimes and resource demands, allowing schedulers to make better-

informed packing decisions. Clustering methods were applied to characterize workload types, 

and ensemble models improved robustness across changing conditions [9]. Studies showed that 

ML-augmented heuristics could deliver five to fifteen percent energy improvements over pure 

heuristics on realistic traces, and the approach remained tractable enough to be operationalized. 

The rise of deep reinforcement learning brought a new wave of research. Approaches based on 

deep Q-networks, actor-critic methods, and policy gradient techniques were applied to 

scheduling with encouraging results. Studies demonstrated that RL-based schedulers could 

learn placement strategies that traditional heuristics missed, particularly under bursty or non-

stationary workloads [10]. Extensions to multi-objective RL allowed schedulers to balance 

energy, latency, and SLA compliance simultaneously, and hierarchical RL enabled scheduling 

across different time scales. Yet these approaches inherited the compute and energy costs of 

the underlying deep networks, and their inference latency became a constraint as decision 

frequencies grew. 

Neuromorphic computing has developed as a separate but increasingly relevant thread. Studies 

of neuromorphic hardware have demonstrated energy efficiency improvements of two to four 

orders of magnitude for specific workloads compared to conventional accelerators [11]. 

Applications have included sensor processing, robotics, event-based vision, and some machine 

learning tasks, with growing evidence that neuromorphic systems can match the accuracy of 

conventional approaches on suitably structured problems while consuming a fraction of the 

energy [12]. 

Spiking neural networks for control and decision problems have been explored in robotics and 

autonomous systems, where the low-latency and low-power characteristics of SNNs are 

particularly valuable. Studies have shown that SNN policies can match or approach deep RL 

policies on standard control benchmarks while running on neuromorphic hardware [13]. The 

application to cloud scheduling specifically has been less explored, though a few recent papers 

have proposed SNN-based approaches for edge computing scheduling and workload 

prediction. Comparative evaluations against strong baselines on realistic cloud traces have been 

rare, which motivates the present study. 

Recent literature has also highlighted the growing importance of considering scheduler energy 

in total energy accounting. As schedulers become more computationally intensive, the 

assumption that scheduler energy is negligible relative to workload energy has become 
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increasingly questionable, particularly for edge and fog computing scenarios but also for high-

frequency scheduling in central data centers [14]. This shift in framing makes neuromorphic 

approaches particularly attractive because they address a problem that classical and deep 

learning approaches largely take for granted [15]. 

3. Methodology 

Our framework combines three cooperating components: a spike-based state encoder that 

translates task and server information into spike trains, a spiking neural network policy that 

produces placement decisions, and a surrogate gradient training pipeline that learns the policy 

from workload traces. Deployment is targeted at neuromorphic hardware, with performance 

evaluated through a calibrated simulator [16]. 

The state encoder maps continuous features such as CPU utilization, memory pressure, 

temperature, and expected task duration to spike trains using a rate encoding scheme. For a 

feature value x normalized to the range [0, 1], the encoded firing rate is: 

𝑟(𝑥) = 𝑟𝑚𝑖𝑛 + 𝑥 ⋅ (𝑟𝑚𝑎𝑥 − 𝑟𝑚𝑖𝑛) 

where 𝑟𝑚𝑖𝑛and 𝑟𝑚𝑎𝑥define the operating range of the encoder [17]. 

The SNN policy consists of layers of leaky integrate-and-fire neurons whose membrane 

potential evolves according to: 

τ𝑚
𝑑𝑉𝑖
𝑑𝑡

= −(𝑉𝑖 − 𝑉𝑟𝑒𝑠𝑡) + 𝑅𝑚∑𝑤𝑖𝑗∑δ(𝑡 − 𝑡𝑗
𝑘)

𝑘𝑗

 

where 𝑉𝑖is the membrane potential of neuron i, \tau_m is the membrane time constant, 𝑅𝑚is 

the membrane resistance, 𝑤𝑖𝑗is the synaptic weight from neuron j to neuron i, and δ(𝑡 − 𝑡𝑗
𝑘)is 

a delta function marking the k-th spike time of the presynaptic neuron j [18]. 

A neuron emits a spike when 𝑉𝑖crosses a threshold 𝑉𝑡ℎ,after which it resets to a resting potential 

and enters a brief refractory period. Because the spike emission function is non-differentiable, 

training uses a surrogate gradient that approximates the derivative: 

∂𝑆𝑖
∂𝑉𝑖

≈
1

π
⋅

1

1 + (
𝑉𝑖 − 𝑉𝑡ℎ

σ )
2 

where S_i is the spike output and \sigma controls the sharpness of the surrogate function [19]. 

Placement decisions are read from the output layer, in which each neuron corresponds to a 

candidate server, and the neuron with the highest spike rate over a decision window is selected. 

The training objective combines expected energy consumption with SLA compliance: 

ℒ = 𝑤𝑒 ⋅ 𝐸[𝐸𝑡𝑜𝑡𝑎𝑙] + 𝑤𝑠 ⋅ 𝐸[𝑉𝑆𝐿𝐴] 

where 𝐸𝑡𝑜𝑡𝑎𝑙is total data center energy over a rolling window, 𝑉𝑆𝐿𝐴is the rate of SLA violations, 

and 𝑤𝑒 , 𝑤𝑠are objective weights [20]. 
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Neuromorphic scheduler inference energy is modelled as: 

𝐸𝑖𝑛𝑓 = 𝑁𝑠𝑝𝑖𝑘𝑒𝑠 ⋅ 𝑒𝑠𝑝𝑖𝑘𝑒 + 𝑁𝑜𝑝𝑠 ⋅ 𝑒𝑜𝑝 

where 𝑁𝑠𝑝𝑖𝑘𝑒𝑠is the total spike count during inference,𝑒𝑠𝑝𝑖𝑘𝑒is the energy per spike, 𝑁𝑜𝑝𝑠is the 

count of non-spike operations, and 𝑒𝑜𝑝 is their per-operation energy. Parameters are calibrated 

against published Loihi 2 and NorthPole performance data. 

 

Figure 1. SNN-based neuromorphic scheduling framework architecture. 

4. Experimental Setup 
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We evaluated the SNN scheduler on a simulated data center with 4,096 heterogeneous servers 

organized into 32 racks of 128 servers each. Server heterogeneity followed a realistic mix, with 

40 percent high-performance dual-socket servers, 40 percent standard servers, and 20 percent 

energy-efficient servers optimized for lower-power workloads. Each server was modeled with 

realistic power curves capturing idle, active, and thermal-throttled states, and cooling was 

modeled with a rack-level heat exchange model calibrated against published data center 

thermal studies. 

The workload trace consisted of 12 million tasks generated over a 30-day horizon, calibrated 

to match statistics from published cloud provider workload traces. Task types included short-

lived stateless requests with runtimes under a second, medium-lived batch analytics jobs, long-

lived services with runtimes measured in hours, and machine learning training tasks with large 

resource requirements. Arrival patterns included realistic diurnal cycles, weekly variation, and 

occasional bursts. 

Three schedulers were compared. The heuristic baseline used a modified best-fit decreasing 

algorithm augmented with thermal-aware placement rules, representing a strong production-

quality heuristic. The deep RL baseline used a proximal policy optimization (PPO) agent 

trained on the same workload trace, with a policy network of six fully connected layers and 

512 hidden units per layer. The neuromorphic SNN scheduler used a three-layer network with 

384 leaky integrate-and-fire neurons per hidden layer and 4,096 output neurons corresponding 

to servers. 

Training the SNN used 21 days of the trace for training and 3 days for validation, with the 

remaining 6 days held out for evaluation. Batch size was 64 scheduling decisions, and training 

ran for 200 epochs with early stopping. The deep RL baseline used the same training and 

validation split with matched compute budget. The heuristic did not require training but was 

tuned on the training split to fairly represent production practice. 

Neuromorphic hardware performance was modelled through a simulator calibrated against 

published Loihi 2 benchmarks, with per-spike energy of 23 picojoules and per-synapse 

operation energy of 3.1 picojoules. GPU energy for the deep RL baseline was measured on a 

NVIDIA H100 executing the same inference pattern, with careful accounting for host 

overhead. Data center energy was computed as the sum of server energy, cooling energy, and 

networking energy across the evaluation period. 
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Figure 2. Experimental workflow and workload characteristics. 

 

Table 1. Experimental configuration. 

Parameter Value 

Total servers 4,096 

Rack size 128 servers 

Server types High-performance, standard, energy-efficient 

Trace duration 30 days 

Total tasks 12 million 

Task categories 4 (short, batch, service, ML training) 

SNN hidden neurons per layer 384 

SNN hidden layers 3 

SNN output neurons 4,096 

Neuron model Leaky integrate-and-fire 

Per-spike energy 23 pJ 

Per-synapse operation 3.1 pJ 

Deep RL policy 6-layer FC, 512 hidden 

Training epochs 200 

Batch size 64 decisions 

Training / validation / test split 21 / 3 / 6 days 

5. Results 

5.1 Energy Efficiency and SLA Compliance 

The SNN scheduler reduced total data center energy consumption by 22.8 percent compared 

to the heuristic baseline over the 6-day evaluation window. Compared to the deep RL baseline, 

the SNN scheduler reduced total energy by 9.4 percent. SLA violation rate was 3.1 percent for 
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the SNN scheduler, compared to 2.8 percent for deep RL and 5.4 percent for the heuristic. The 

small increase in violation rate for the SNN relative to deep RL reflects a slightly more 

aggressive consolidation strategy that the SNN learned; this could be tuned via the objective 

weights if a strict SLA target were required. 

Figure 3. Data center energy consumption and SLA compliance across schedulers. 

5.2 Scheduler Inference Energy 

The energy cost of the scheduler itself showed dramatic differences. The neuromorphic SNN 

scheduler consumed approximately 0.084 millijoules per scheduling decision. The deep RL 

scheduler running on GPU consumed 28.6 millijoules per decision, roughly 340 times more 

energy per inference. The heuristic scheduler consumed 0.42 millijoules per decision when 

running on a standard server CPU. Across the roughly 78 million scheduling decisions made 

during the 6-day evaluation window, the difference amounted to 2.24 kWh for the SNN versus 

761 kWh for deep RL. While small relative to total data center energy, the difference matters 

at the margin and becomes more significant as decision frequencies rise. 

Table 2. Detailed performance comparison across three schedulers. 

Metric Heuristic Deep 

RL 

SNN vs. 

Heuristic 

vs. Deep 

RL 

Total energy (MWh, 6-day) 3,842 3,278 2,968 −22.8% −9.4% 

Server energy (MWh) 2,741 2,368 2,168 −20.9% −8.4% 

Cooling energy (MWh) 892 728 634 −28.9% −12.9% 

Networking energy (MWh) 209 182 166 −20.6% −8.8% 

SLA violation rate (%) 5.4 2.8 3.1 — +0.3 pp 

Scheduler energy per decision 

(mJ) 

0.42 28.6 0.084 −80% −99.7% 

Total scheduler energy (kWh, 

6-day) 

11.2 761 2.24 −80% −99.7% 
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Mean CPU utilization (%) 47 58 63 +16 pp +5 pp 

Peak power (MW) 27.8 24.6 22.4 −19.4% −8.9% 

 

5.3 Behavior Across Workload Categories 

The SNN scheduler showed the largest gains on short-lived stateless workloads, where the low-

latency and low-energy inference of neuromorphic hardware enabled tight consolidation that 

heuristic and deep RL approaches could not sustain without risking SLA violations. On long-

lived services, the gains were more modest because placement decisions were dominated by 

initial constraints rather than dynamic optimization. Machine learning training tasks showed 

intermediate gains as the SNN learned to pack them onto servers with matched accelerator 

profiles. 

Figure 4. Task-level performance and neuron activity analysis for the SNN scheduler. 

5.4 Cooling and Thermal Behavior 

Because the SNN scheduler learned to consolidate workloads more tightly, average cooling 

energy dropped by nearly 29 percent relative to the heuristic. Peak thermal loads were also 

better distributed, with the SNN avoiding hotspot formation that the heuristic tolerated. Deep 

RL fell between the two in cooling efficiency, reflecting a policy that consolidated workloads 

well but did not explicitly optimize for thermal distribution. 

6. Discussion 

The results support the case for neuromorphic spiking neural networks as a foundation for 

green cloud scheduling. Reducing data center energy by nearly a quarter compared to a strong 

heuristic baseline is a meaningful gain in absolute terms, and doing so while consuming three 

orders of magnitude less scheduler energy than a deep RL alternative changes the calculus of 
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what a scheduler can afford to consider. As decision frequencies rise, the neuromorphic 

advantage grows, which points toward workloads and deployments where SNN-based 

scheduling would be particularly valuable. 

Several practical caveats deserve honest attention. First, our results depend on a simulator 

calibrated against published neuromorphic hardware performance. Real Loihi 2 and NorthPole 

devices exist and have been benchmarked publicly, but running a production scheduler on them 

at data center scale has not yet been demonstrated. Bridging from simulation to deployment 

will require substantial systems engineering work, including reliable interfaces between 

neuromorphic accelerators and conventional data center control planes. 

Second, the training pipeline for SNNs is more complex than for conventional networks. 

Surrogate gradient methods have made SNN training tractable, but they still require careful 

tuning of hyperparameters such as membrane time constants, thresholds, and surrogate function 

shape. Production teams accustomed to standard deep learning tooling will face a learning 

curve, and the tooling ecosystem for SNNs is less mature than that for conventional networks. 

Third, the SNN scheduler learned a slightly more aggressive consolidation policy that produced 

a small increase in SLA violations relative to deep RL. This is not a fundamental limitation and 

can be addressed by tuning the objective weights or adding explicit SLA constraints, but it 

illustrates that neuromorphic scheduling does not automatically produce policies 

indistinguishable from conventional approaches. Behavior differences require characterization 

and tuning during production deployment. 

Fourth, workload diversity in real data centers is greater than any simulated trace can fully 

capture. Novel workloads, changing traffic patterns, and unusual failure modes may test the 

generalization of an SNN scheduler in ways that our evaluation cannot anticipate. As with any 

learned system, ongoing monitoring and periodic retraining will be necessary. 

Limitations of our study include reliance on simulation for both the data center and the 

neuromorphic hardware, focus on a single workload trace calibrated against public data, and 

the absence of active operator interventions that would exist in a real production environment. 

Follow-up work should include hardware-in-the-loop experiments on real neuromorphic 

devices, evaluation on more diverse workload traces including AI training-heavy scenarios, 

and integration studies that examine how neuromorphic schedulers coexist with existing data 

center control systems. 

7. Conclusion 

Cloud data centers are among the largest and fastest-growing consumers of electricity in the 

modern economy, and every operational decision has consequences that ripple through servers, 

cooling systems, networks, and ultimately the environment. Task scheduling is one of the most 

powerful levers available to operators, and it has been the subject of decades of research 

through heuristic, machine learning, and deep reinforcement learning approaches. Our study 

shows that a neuromorphic spiking neural network scheduler can push this frontier further, 

reducing total data center energy by nearly 23 percent compared to a strong heuristic baseline 

and by more than 9 percent compared to a well-tuned deep reinforcement learning baseline, 

while consuming three orders of magnitude less energy in scheduler inference itself. Just as 

importantly, the SNN scheduler achieves these gains while keeping SLA violations at levels 

comparable to deep RL, showing that the energy savings do not come at the cost of user-visible 
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reliability. The path to production deployment still has real obstacles. Neuromorphic hardware 

at data center scale requires further maturation, SNN training tooling needs to catch up with 

conventional deep learning ecosystems, and operational integration with existing data center 

control planes will demand careful engineering. Yet the direction is unmistakable. As data 

center energy pressure grows, as decision frequencies rise with edge and micro-service 

architectures, and as the environmental cost of computation itself becomes a scheduling 

consideration, the case for neuromorphic approaches will only strengthen. For data center 

operators looking at long-term sustainability commitments, for hardware vendors working on 

neuromorphic accelerators, and for researchers exploring the intersection of energy-efficient 

computing and cloud infrastructure, the message is that neuromorphic spiking neural networks 

deserve serious attention now, well before the hardware ecosystem reaches full maturity. 

Building the algorithmic, tooling, and integration foundations early will position the 

community to move quickly once neuromorphic accelerators become production-ready, and 

given the scale of the energy stakes involved, that preparation is worth the investment. 
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