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Abstract

The rapid and ongoing expansion of Artificial Intelligence, particularly large-scale Deep 

Learning models, has positioned computational power as a key driver of modern innovation. 

However, this progress is shadowed by a serious consequence: an unsustainable trajectory 

of energy consumption. The electrical power required to train and operate these complex 

models now represents a first-order economic and environmental constraint, posing a 

critical challenge to the long-term viability and societal acceptance of AI. To date, efforts 

to improve the energy efficiency of AI systems have often been fragmented, addressing 

specific components or algorithmic techniques in an ad-hoc manner. This approach lacks 

a unified and systematic engineering process that integrates the full lifecycle from initial 

system diagnosis to the deployment of verifiable optimizations.

This paper addresses this methodological gap. We propose and detail a comprehensive, 

four-pillar framework, “Measure, Understand, Model, and Optimize,” that structures the 

pursuit of energy efficiency as a virtuous iterative cycle. By synthesizing a broad review 

of the state-of-the-art in energy metrology, system characterization, predictive modeling, 

and resource management, our framework provides a coherent and actionable workflow. 

It transforms energy optimization from a specialized art into a rigorous engineering 

discipline. This work provides a practical roadmap for researchers, developers, and 

infrastructure managers to systematically analyze, predict, and improve the energy 

footprint of their systems. In doing so, it aims to foster the necessary engineering 

principles for a truly Sustainable AI, ensuring that its development and deployment are 

not only powerful but also responsible.

Keywords: runtime prediction, power modeling, energy efficiency, analytical framework, 

HPC-AI, DL training, GPU modeling.
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I. Introduction:  
The Need for an Engineering  
Discipline in Sustainable AI

The 21st century is increasingly defined by two concurrent narratives: the urgent global 

imperative for sustainable development and the exponential rise of Artificial Intelligence. 

AI models have become powerful tools for tackling complex challenges, from climate 

modeling and medical diagnostics to resource optimization. Yet, this promise is predicated 

on a computational paradigm whose energy footprint is growing at a whopping rate [1]. 

The training of a single large language model can now consume several Gigawatt-hours of 

electricity, corresponding to a carbon footprint of hundreds of tons of CO2 equivalent [2], 

[3]. As these models proliferate, data centers that host them are becoming active drivers 

of global electricity demand, raising serious concerns about the long-term sustainability 

of the entire digital ecosystem [4], [5].

If Artificial Intelligence is to be a net positive for sustainable development, it cannot be built 

on an energetically unsustainable foundation. Addressing this challenge requires moving 

beyond basic incremental improvements. The current approach to energy efficiency 

in AI is often fragmented. Hardware architects design more efficient chips [6]; system 

software researchers develop low-power runtimes [7], [8]; and machine learning scientists 

design more compact algorithms [9], [10], [11]. Although each of these contributions 

is valuable, they often occur in silos, lacking a unifying framework that connects the 

physical consumption of electricity with the abstract logic of an AI model through all 

the intermediate layers of the system stack. What is missing is a formal engineering 

discipline for Sustainable AI (a systematic process that enables any practitioner to 

diagnose, analyze, and optimize their systems in a holistic and reproducible manner).

This paper proposes the aforementioned discipline. We formalize the process of energy-

aware computing into a virtuous and iterative cycle built upon four fundamental pillars:

1.	 Measure: To make the invisible visible by accurately quantifying energy consumption 

across all relevant system components.

2.	 Understand & Characterize: To move from raw data to insight by analyzing the causal 

links between an application’s behavior and its energy signature.

3.	 Model: To abstract this understanding into predictive models that enable a form of 

operational prospective analysis (looking into the immediate future to evaluate the 

impact of different configurations without running costly real-world scenarios).
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4.	 Optimize: To translate predictive insight into action by deploying intelligent strategies 

that improve the energy-performance trade-off.

By structuring our analysis around this cycle, we reviewed the state-of-the-art tools 

and techniques available for each stage, drawing on the latest advances in computer 

architecture, systems software, and high-performance computing. We demonstrate how 

these individual pieces can be assembled into a coherent workflow to provide a tangible 

roadmap for the community. The ultimate goal of this work is to equip researchers, 

developers, and infrastructure managers with methodological tools to systematically 

integrate energy efficiency as a first-order design constraint, thereby transforming 

the development of AI from a pursuit of pure performance into a more balanced and 

sustainable engineering endeavor.
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II. The Virtuous Cycle of  
Sustainable AI Engineering:  

A Methodological Framework

The optimization of a complex system is not a straightforward one-shot action, but a 

continuous process of refinement. To formalize this process for the domain of energy-

aware AI, we structure our methodology as an iterative, four-pillar cycle. This virtuous 

cycle of energy optimization, illustrated in Figure 1, provides a systematic operational 

methodology for transforming energy-inefficient systems into highly optimized ones. 

Each phase logically builds upon the previous one and provides feedback that initiates 

new rounds of improvement. The process is iterative, with the validation of optimizations 

providing new data that feeds back into the measurement and understanding phases for 

continuous improvement.

The four pillars of this cycle are:

•	 Pillar 1: Measure. This is the empirical foundation. In line with the engineering adage: 

«If you cannot measure it, you cannot improve it», this phase transforms an abstract 

problem (e.g., «the cluster is inefficient») into a set of hard, quantifiable data points. 

The goal is to make the invisible flow of energy visible and to establish a precise, 

multi-faceted baseline against which all future improvements will be judged.

•	 Pillar 2: Understand & Characterize. This pillar moves beyond raw data to extract causal 

Figure 1: The virtuous cycle of energy optimization, illustrating the four fundamental pillars. 
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knowledge. It is a phase of diagnostic analysis, where the objective is to correlate the 

measured energy consumption with specific software behaviors and hardware states. 

This phase answers the critical question: «Why does my system consume energy in 

this specific way under this specific workload?» Targeted benchmarking and trade-off 

analysis are the core activities here.

•	 Pillar 3: Model. This is the phase of abstraction and generalization. The understanding 

gained in the previous step is encapsulated into predictive mathematical models. The 

goal of modeling, in this context, is to enable operational prospective analysis: the 

ability to ask «what-if» questions and predict the energy and performance outcomes 

of countless potential configurations (e.g., different hardware, different model 

hyperparameters) without the prohibitive cost of running each one empirically. These 

models form the core intelligence of any advanced optimization strategy

•	 Pillar 4: Optimize. This is the culmination of the cycle: turning insight and prediction 

into action. Based on the intelligence provided by the models, this phase involves 

designing, implementing, and deploying control strategies (such as advanced resource 

scheduling or runtime adaptations) that actively steer the system towards a more 

energy-efficient operating point. The validation of the gains achieved in this phase 

provides new, refined measurements that feed back into the first pillar, thus closing 

the loop and enabling continuous improvement.

The remainder of this paper will delve into the state-of-the-art techniques and the core 

challenges associated with each of the four previous pillars, thus providing a comprehensive 

guide to the practical implementation of our methodology.

1. Pillar 1: The Foundation of Measurement – A review of the literature

The entire edifice of energy optimization relies on the ability to perform accurate, reliable, 

and fine-grained measurements. Without a well-grounded empirical foundation, any 

attempt at optimization is merely guesswork. This section reviews the state-of-the-art 

energy metrology for high-performance computing (HPC) and AI systems, covering the 

fundamental approaches, the tools of the trade, and the inherent challenges that must be 

overcome to establish a meaningful baseline.

1.1. The Metrology Spectrum: In-Band vs. Out-of-Band Measurement

The acquisition of energy-related data from a computer system can be broadly categorized 

into two distinct approaches (In-band and Out-of-band), each with a fundamental 

trade-off between accuracy, granularity, and practicality. Figure 2 provides an overview 

of both approaches.
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Figure 2: The two major energy measurement paradigms

Out-of-Band Measurement.

This approach utilizes external, physically separate measurement hardware, such as 

digital wattmeters or data acquisition (DAQ) probes, inserted into the power delivery 

circuits of the system.

Strengths: Out-of-band measurement is the «ground truth». It provides direct, physical 

readings of current and voltage, offering the highest potential for absolute accuracy. It 

is also non-intrusive to the software execution, as the measurement process runs on a 

separate device, thus avoiding the «observer effect».

Weaknesses: Its primary weakness is the difficulty of synchronization. Correlating a 

high-frequency power trace from an external device with the specific software function 

that was running at that exact instant is a non-trivial instrumentation and data analysis 

challenge. Furthermore, it is often costly and complex to set up, and it typically offers 

limited spatial granularity (e.g., measuring the whole server power from the outlet, but 

not the individual CPU vs. GPU power without invasive hardware modifications).

In-Band Measurement.

This approach relies on sensors and power models embedded directly within the silicon 

of the processors themselves. These internal estimates are then exposed to the software 

through specialized interfaces.
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Strengths: The primary advantage is ease of access and excellent granularity. Interfaces 

like Intel’s Running Average Power Limit (RAPL) [12] can provide distinct power estimates 

for different parts of the CPU (e.g., the ‘pkg’ for the whole socket, ‘core’ for the compute 

cores, and sometimes ‘dram’). Similarly, the NVIDIA Management Library (NVML) [13] 

provides power readings for GPUs. Crucially, these measurements are easily synchronized 

with the software, as they can be queried from within the application code itself.

Weaknesses: These are often not direct measurements but sophisticated hardware 

models. Their absolute accuracy is not always guaranteed and can be subject to calibration 

variance. More importantly, their coverage is often incomplete. Many in-band tools fail 

to report the power consumption of critical components like the main DRAM, storage, 

or networking hardware, creating a significant “blind spot” in the system’s total energy 

profile.

1.2. Existing Tools for Energy Profiling

A rich ecosystem of tools has been developed to provide access to these measurement 

interfaces.

System-Level Tools: The Linux kernel’s standard ‘perf’ toolset is a powerful and versatile 

profiler that can access both CPU hardware performance counters and RAPL energy 

events (‘perf stat -e power/energy-pkg/ ...’). For diagnostics, tools like ‘PowerTOP’ [14] 

are effective at identifying sources of idle power consumption.

HPC-Centric Libraries: In the HPC domain, libraries like PAPI (Performance Application 

Programming Interface) [15] and LIKWID [16] provide a portable and programmatic 

interface to a wide range of hardware counters, including RAPL events, making them 

indispensable for instrumenting scientific applications written in C or Fortran.

AI and Python Ecosystem Tools: The prevalence of Python in AI has led to the need for 

Python-friendly tools. While some early tools focused on coarse-grained CO2 estimation 

from TDP, more recent tools provide direct energy measurement. Our EA2P tool [17] is 

an example of an effort to address this specific need, providing a flexible Python API that 

unifies multi-vendor CPU and GPU monitoring while also tackling the DRAM measurement 

gap with a validated analytical model.

1.3. Methodological Guideline for Pillar 1

The review of the state-of-the-art leads to a clear methodological guideline for the 

first pillar of our framework: Any rigorous energy optimization process must begin by 

establishing a comprehensive baseline using a toolchain that is capable of providing 
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synchronized multi-component energy data. An ideal approach combines the strengths 

of multiple techniques:

1.	 Use in-band tools like RAPL and NVML as the primary source of data due to their 

excellent granularity and ease of software synchronization.

2.	 Where possible, validate or calibrate these in-band readings against an out-of-band 

power meter to establish confidence in their absolute accuracy.

3.	 Acknowledge and address any coverage gaps. For components like DRAM where 

direct in-band measurement is often unavailable, an estimation based on a validated 

model (as described in the EA2P paper [17]) is methodologically preferable to simply 

ignoring a potentially significant portion of the system’s energy consumption.

Only with this complete and validated baseline, engineers or researchers proceed with 

confidence to the next phase of the cycle: understanding the root causes of the now-visible 

energy consumption.

2. Pillar 2: Understand & Characterize – From Data to Insight

Possessing accurate energy-related data, as established in the previous pillar, is a necessary 

but insufficient condition for effective optimization. A time series of power consumption 

is merely a symptom; the goal of this second pillar is to diagnose the underlying causes. 

The Understand & Characterize phase is a process of systematic investigation aimed at 

building a causal link between the dynamic behavior of an application and its measured 

energy footprint [18]. This involves moving beyond global metrics to dissect the workload, 

identifying its fundamental characteristics, and quantifying how it interacts with the 

system’s hardware and its available power management levers [19], [20].

2.1. Beyond Utilization: The Importance of Workload Characterization

Early, simplistic models of energy consumption often relied on high-level utilization 

metrics, such as CPU utilization percentage. However, this is an overly coarse abstraction. 

Two different programs, both utilizing 50% of a CPU, can have vastly different power 

draws. One might be executing a stream of simple integer instructions that are highly 

cache-resident, while another might be stalled, waiting for data from memory after a 

series of cache misses. These two states have profoundly different micro-architectural 

activity levels and, consequently, different energy signatures.

An insightful characterization therefore requires classifying a workload based on its 

primary performance bottleneck. The most fundamental distinction in high-performance 

computing is between:
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Compute-Bound Workloads: These are applications whose performance is limited by 

the speed of the processor’s arithmetic units. They typically exhibit a high Instructions 

Per Cycle (IPC) rate, high utilization of floating-point units (FPUs) or Tensor Cores, and a 

high hit rate in the caches. The core components of many AI models, such as large, dense 

matrix multiplications (GEMM), are prime examples of compute-bound kernels.

Memory-Bound (or Bandwidth-Bound) Workloads: These are applications whose 

performance is dominated by the overhead of data accesses between the main memory 

(DRAM/HBM) and the processor. They are characterized by a low IPC, a high rate of 

cache misses, and high utilization of the memory bus. Operations like streaming large 

vectors (e.g., the TRIAD benchmark) or gathering data from sparse data structures fall 

into this category.

Identifying which category a workload (or even a specific phase within a workload) falls 

into is the first crucial step in understanding its energy consumption and in selecting the 

appropriate optimization strategy.

2.2. An Overview of Benchmarking and Characterization

To perform workload characterization, the community relies on systematic benchmarking 

using standardized or representative kernels.

Standardized Benchmark Suites: For decades, suites like SPEC (Standard Performance 

Evaluation Corporation) [21] for CPUs or LINPACK [22] for HPC have provided a means to 

compare hardware performance. In the AI domain, suites like MLPerf [23] have emerged 

to standardize the benchmarking of training and inference performance across different 

hardware and software stacks.

Micro-architectural Benchmarking: At a lower level, targeted micro-benchmarks are 

used to isolate and measure specific aspects of the hardware, such as peak memory 

bandwidth (e.g., STREAM benchmark [24]) or the performance of specific instruction 

types.

By using a diverse set of kernels (from the compute-bound GEMM to the memory-bound 

TRIAD) and executing them under various parallel programming paradigms (SIMD, 

OpenMP, GPU frameworks), we were able to create a rich dataset that characterizes how 

these different workloads stress the underlying hardware.

2.3. Methodological Guideline for Pillar 2

The guideline for this pillar is to move from passive, system-wide monitoring to active, 

targeted experimentation. Once a baseline has been established (Pillar 1), the engineer 
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must formulate hypotheses about the primary drivers of energy consumption and test 

them in a supervised manner. The quintessential methodology for this phase is the 

trade-off analysis.

A trade-off analysis involves systematically varying a single system parameter (a «lever») 

and observing its impact on two competing metrics: performance (typically execution 

time) and energy consumption. The results are plotted to reveal the Energy-Performance 

Pareto Frontier, which represents the set of all optimal operating points.

An excellent example of this methodology is the in-depth characterization of power 

management techniques from our own work. To understand the potential of Power 

Capping, for instance, we did not simply turn it on; we systematically executed a 

representative workload under a range of power caps, from very restrictive to the nominal 

TDP. For each point, we used EA2P to measure the resulting execution time and total 

energy consumed. An example of a trade-off analysis plot, generated by characterizing 

a single workload under varying levels of a power management technique, is shown in 

Figure 3. This analysis reveals that the point of maximum performance (The baseline) 

is often not the most energy-efficient. There is usually a «sweet spot» (Min EDP points) 

that minimizes the Energy-Delay Product (EDP), offering substantial energy savings for 

a negligible performance cost. This confirms the existence of an optimization potential.

Figure 3: Targeted characterization of kernels under Power Capping on an Nvidia A100 GPU.
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The outcome of such an analysis, as conceptually illustrated in Figure 3, provides profound 

insight.

1.	 It Quantifies the Potential: The plot clearly shows that there is a more efficient 

operating point (has a lower EDP) than the default maximum-performance point (the 

baseline at full TDP). This moves from a vague notion that «energy could be saved» to 

a quantitative statement: «for this workload, a 15% energy reduction is achievable with 

a mere 3% performance degradation.»

2.	 It informs the Optimization Strategy: The shape of the curve is itself informative. A 

steep curve for a compute-bound workload indicates that performance is susceptible 

to the active power limit. A flatter curve for a memory-bound workload shows that 

power can be reduced significantly before performance is substantially impacted.

This phase of understanding and characterization is the critical bridge between observation 

and modeling. By performing targeted experiments and quantifying these fundamental 

trade-offs, we validate our initial hypotheses and gather the essential insights needed to 

construct predictive models that can generalize this knowledge to the entire system.

3. Pillar 3: Modeling for Analysis

The first two pillars of our methodology equip us with the ability to measure a system’s 

current state and figure out the root causes of its behavior. However, a purely reactive 

approach (running an experiment for every possible system configuration) is intractable. 

To move towards proactive and strategic optimization, we need the power of abstraction 

and generalization. The third pillar addresses this need. It is the process of encapsulating 

the complex, empirically-derived understanding of the system into a set of mathematical 

relationships that can be used to predict performance and energy consumption for 

configurations that have not yet been run [25].

This is where our methodology explicitly aligns with the philosophy of predictive modeling. 

In the context of AI systems engineering, modeling serves as a tool for operational 

prospective analysis: it allows us to look into the near future and ask crucial «what-if» 

questions. «What will be the energy cost of training this new model architecture?», «How 

would the cluster’s throughput change if we upgraded our GPUs?», «What is the optimal 

number of GPUs to allocate to this job to balance performance and energy?» Providing 

reliable answers to these questions a priori is the key to making informed, resource-

efficient, and sustainable decisions [26].
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3.1. The Spectrum of Modeling Approaches

The state-of-the-art in energy modeling for computer systems is rich and diverse, spanning 

a spectrum from purely theoretical to purely empirical approaches [27]. The choice of 

modeling paradigm involves a fundamental trade-off between accuracy, generality, and 

interpretability.

First-Principles Models.

At one end of the spectrum, there are models based on fundamental physical or 

architectural principles. A classic example is the Roofline model [28], which provides 

an insightful upper bound on the performance of a kernel by comparing its arithmetic 

intensity (FLOPs/byte) to the hardware’s peak performance and memory bandwidth. 

While immensely valuable for identifying high-level bottlenecks, such models are often 

too coarse to provide precise, actionable predictions for complex AI workloads on modern 

GPUs [29].

Black-Box Empirical Models.

At the other end, there are black-box models that rely on statistical techniques or 

machine learning. A system is subjected to a wide variety of workloads, and a large 

dataset of system metrics (e.g., CPU utilization, Hardware Performance Counters (HPCs)) 

and corresponding power measurements is collected [30], [31]. A model (e.g., linear 

regression, a support vector machine (SVM), or a neural network) is then trained to learn 

the mapping from system state to power consumption.

Strengths: For a given, stable hardware platform, these models can achieve very high 

predictive accuracy within the range of workloads they were trained on. They can capture 

complex and non-linear interactions without requiring a deep a priori understanding of 

the hardware.

Weaknesses: Their primary drawback is a lack of interpretability and generalizability. 

As «black boxes,» they do not provide insight into why a given configuration is energy-

efficient. Furthermore, a model trained on one specific GPU architecture (e.g., NVIDIA 

A100) is unlikely to generalize well to a different one (e.g., NVIDIA H100) without being 

completely retrained.

White-Box Analytical Models.

Positioned between these two extremes, white-box analytical models seek to combine 

the rigor of first principles with the accuracy of empirical calibration. These models are 

built upon a structural decomposition of the hardware and of the software workload. 
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Their equations and parameters are designed to have a physical or architectural meaning 

[32]. The performance of a complex workload is predicted by composing the predicted 

performance of its elementary operations, modulated by an understanding of the 

system’s architectural constraints (e.g., saturation of execution units, cache behavior). 

Our sophisticated analytical framework ADEPT [33], is a prime example of this approach. 

The general workflow of our analytical framework is shown in Figure 4.

3.2. Methodological Guideline for Pillar 3

The guideline for this pillar is to invest in interpretable, white-box models wherever the 

problem’s complexity demands deep insight and robust generalization. While black-box 

models can be sufficient for simple power monitoring on a fixed system, they are 

inadequate for the strategic and prospective goals of sustainable engineering. A true 

prospective model must not only provide a prediction, but also an explanation.

The benefits of the white-box approach are multifold:

•	 Interpretability and Insight: When our analytical model [33] predicts that an ALBERT 

model is less energy-efficient than a DistilBERT model of a similar size [34], it can 

also spot the cause: a higher-than-average penalty on memory access time due to its 

specific parameter-sharing architecture. This insight is actionable for both software 

developers and hardware designers.

•	 Extensibility and Generalizability: Because the model’s parameters correspond to 

physical hardware characteristics (e.g., peak performance of Tensor Cores, size of the 

L2 cache, memory bandwidth), it is likely to generalize to new hardware. Porting the 

model to a future GPU architecture would involve recalibrating a known set of physical 

parameters rather than a complete, blind retraining.

Figure 4: Conceptual flow of the ADEPT analytical prediction framework
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•	 A Foundation for True Co-Design: White-box models are the essential enabler for 

hardware-software co-design. An AI researcher can use the model to predict the 

energy cost of a novel neural network layer on existing hardware. Conversely, a GPU 

architect can use the model to predict the performance impact of doubling the L2 

cache on a representative suite of AI workloads. This predictive capability allows for a 

vast design space to be explored in simulation, a core tenet of prospective modeling.

Implementing this pillar requires a significant upfront investment in understanding and 

characterizing the system (as per Pillar 2). However, the payoff is a powerful prospective 

tool that moves beyond simple forecasting to enable genuine understanding and informed, 

strategic decision-making. It is this modeling capability that unlocks the final phase of 

the cycle: systematic optimization.

4. Pillar 4: Optimize – From Prediction to Action

The first three pillars of our methodology—Measure, Understand, and Model—provide us 

with a deep, predictive knowledge of our system. This final pillar is where this knowledge 

is translated into concrete action. Optimization, in this context, is the process of designing 

and deploying control strategies that actively steer the system towards a more efficient 

operating point, using the predictive models as their guide. This is the stage where 

potential energy savings, identified through characterization and quantified by modeling, 

are realized. This section reviews the state-of-the-art in system-level optimization and 

demonstrates how our methodological approach culminates in the design of sophisticated, 

multi-objective resource management strategies.

4.1. The Landscape of System-Level Optimization Techniques

Optimization strategies can be applied at various levels of the system stack, from low-level 

hardware control to high-level cluster management.

Runtime Power Management.

The most direct form of optimization involves the dynamic control of hardware power 

management levers. As characterized in our benchmarks Section, hardware mechanisms 

like DVFS (Dynamic Voltage and Frequency Scaling) and Power Capping offer powerful 

ways to trade performance for energy. The state-of-the-art in this area involves moving 

beyond generic OS-level policies (e.g., standard CPU governors) towards more workload-

aware control [19]. Advanced techniques involve runtime phase detection, where a 

program’s execution is monitored (often using Hardware Performance Counters) to 

identify whether it is in a compute-bound or memory-bound phase, and the DVFS settings 

are adjusted accordingly to save energy with minimal performance impact [35].
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Cluster-Level Resource Management.

While runtime management optimizes a single node, the greatest potential for energy 

savings in a large-scale AI facility lies in the intelligent management of the entire cluster. 

This is the domain of the job scheduler. A modern scheduler makes two critical decisions:

1.	 Placement: Which of the potentially heterogeneous resources (e.g., which type of 

GPU) should a job be allocated to?

2.	 Sequencing and Configuration: When should a job run, and with what configuration 

(e.g., how many GPUs, what batch size)?

As our state-of-the-art review has shown, traditional schedulers for AI clusters, such 

as Pollux [36] or Themis [37],  were designed to optimize for single objectives like 

performance or fairness, largely ignoring the energy dimension.

4.2. Methodological Guideline for Pillar 4: Model-Driven, Multi-Objective 
Optimization

The guideline for the optimization pillar is to leverage the predictive models from Pillar 

3 to build control strategies that are explicitly multi-objective [38] and proactive [39]. 

Instead of making greedy, short-sighted decisions, an advanced optimizer uses its 

prospective model to evaluate the long-term consequences of its decisions on the entire 

system’s efficiency.

The first example of this methodology is the design of an energy-aware job scheduler. 

Such a scheduler embodies the full cycle:

•	 It uses a model to predict the time (T) and power (P) for every possible placement 

configuration of every pending job.

•	 It uses this predictive insight to make an “optimal decision” based not on a single 

metric, but on a composite heuristic that captures the desired multi-objective trade-off.

The Energy-Delay Product (EDP) as a Robust Heuristic.

Our research has identified the Energy-Delay Product [40] as a particularly effective 

metric for efficient energy-aware scheduling heuristics. As we demonstrated, selecting 

the job configuration that minimizes EDP acts as a natural regularizer against greedy 

behavior. It inherently balances the desire for fast execution (low T) with the need for 

power efficiency (low P), often leading to configurations that use fewer, more appropriate 

resources.
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Designing a Suite of Multi-Objective Schedulers.

By systematically injecting the EDP-based heuristic into the core logic of state-of-the-art 

schedulers, we developed a suite of new policies, each targeting a different point in the 

complex trade-off space:

•	 Zeus: Co-optimizes for energy and performance. Zeus is our energy-aware counterpart 

to Pollux, as it replaces the “minimum Time” objective with a “minimum EDP”, directly 

optimizing for the best balance of energy and performance. The algorithm retains 

Pollux’s exhaustive search over malleable configurations but uses EDP as its selection 

criterion.

•	 Hades: Hades applies the same transformation to Themis, demonstrating the generality 

of our approach for fairness. Its scoring function firstly finds the most energy-efficient 

placement via EDP and then modulates this score by the user’s fairness share. Its final 

score is proportional to “EDP / Fairness”, thus co-optimizing for fairness and energy. 

•	 AuraChronos: Co-optimizes for energy and Quality of Service, using preemption as 

a key mechanism. It is our most sophisticated policy, designed for mixed-criticality 

environments. Its scheduling logic is two-fold. First, it implements a proactive 

preemption loop that constantly checks if any urgent job is in danger of missing its 

deadline, freeing resources by preempting non-urgent tasks as necessary. Second, its 

scoring function uses a tiered-priority system that ranks urgent jobs by deadline and 

backfills non-urgent jobs using Zeus’s energy-efficient EDP heuristic.

•	 Charon: Optimizes for performance under a strict energy/power budget. Charon 

explores a different paradigm: constraint-based scheduling. It uses Zeus’s EDP heuristic 

for prioritization but adds a hard constraint to its packing logic. It will not dispatch 

a job and, if doing so, it would violate a pre-defined cluster-wide power budget, a 

critical capability for power-provisioned datacenters.

4.3. Validation through High-Fidelity Simulation

Evaluating such complex control strategies directly on a production cluster is too difficult. 

This is where the modeling pillar provides its final, crucial contribution: powering a high-

fidelity simulator. Our EAS-Sim framework (https://github.com/HPC-CRI/EAS-Sim), 

using the analytical model as its predictive oracle, provides the necessary virtual testbed 

to safely and rapidly validate these optimization policies at scale. The general view of the 

framework is shown in Figure 5.



The Transition Institute 1.5 19/30

W
ORKIN

G PA
PER

#5

Our experimental results provide a clear validation of this entire methodological pipeline. 

The simulations confirmed that the Zeus policy, built upon our model-driven, EDP-based 

approach, was able to reduce total cluster energy consumption by approximately 10.5% 

with no loss in overall throughput compared to a purely performance-oriented policy.

As the decision tree in Figure 6 illustrates, if the objectives had been different (e.g., 

guaranteeing strict SLAs), the simulation would have pointed us toward another 

policy (AuraChronos), but in our context, Zeus is the optimal solution. The technical 

implementation of this strategy consists of reconfiguring the real cluster’s scheduler. 

Production schedulers like Slurm or Kubernetes are highly configurable systems that 

often allow for the implementation of custom priority or scoring plugins.

Figure 6: The EAS-Sim workflow, where our analytical performance & power oracle (ADEPT) feeds 
the scheduling policies for a large-scale comparative simulation.

Figure 6: The decision tree for selecting the optimal scheduling strategy
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This final pillar thus demonstrates the power of a fully integrated methodology. By 

building upon a foundation of measurement and understanding, and leveraging the 

foresight provided by an interpretable predictive model, we can design and validate 

intelligent control strategies that successfully navigate within the complex, multi-objective 

landscape of modern AI systems, delivering tangible and significant gains in energy 

efficiency without compromising the ultimate goal of high performance. This closes the 

loop of the virtuous cycle, providing a robust and repeatable process for engineering a 

more sustainable AI infrastructure.



The Transition Institute 1.5 21/30

W
ORKIN

G PA
PER

#5

III. Discussion: Towards a Culture of 
Digital Sobriety in AI

The systematic methodology presented in this paper (built upon the pillars of —Measure, 

Understand, Model, and Optimize—) offers more than a set of technical procedures. 

It provides the foundation for a much-needed cultural shift in the field of Artificial 

Intelligence: a move from a paradigm of «performance at all costs» to a culture of digital 

sobriety and sustainable engineering. The implications of adopting such a framework 

extend beyond individual systems to the broader AI ecosystem.

1. Redefining Performance in the Era of Sustainable AI

For decades, the primary metric of progress in computer capability has been raw speed. 

Our work argues that this standpoint is no longer sufficient when it comes to evaluating a 

given computing system. The experimental validation of our scheduling policies revealed 

an important insight: the strategy that purely optimized for the shortest job completion 

time (Pollux) did not yield the highest system throughput and was demonstrably less 

stable under high load than the policy that co-optimized for energy (Zeus).

This suggests that the Energy-Delay Product (EDP) is not merely an “eco-metric» but 

rather a robust heuristic for overall system efficiency. By penalizing energy-profligate 

configurations, an EDP-driven strategy acts as a natural regulator, preventing a «greedy» 

allocation of resources that might lead to system fragmentation and instability. This has 

the following profound implication: energy efficiency should no longer be seen as a tax 

on performance, but rather as a critical component of achieving robust, high-throughput, 

and scalable performance. The community should move towards embracing composite 

metrics like EDP as a standard for evaluating system performance.

2. The Role of Predictive Modeling in Responsible Innovation

A central tenet of our methodology is the use of predictive modeling for analysis. This 

stands in contrast to the current, largely reactive, approach to AI development, where 

the true energy cost of a new model is only known after vast computational resources 

have been expended on its training. This is a fundamentally unsustainable model for 

innovation.

The energy-aware analytical framework we have developed represents a step towards a 

more responsible paradigm. By providing tools to estimate the cost and performance of 
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an AI model a priori, we enable a new form of eco-design. This capability is transformative 

for multiple stakeholders:

•	 AI Researchers can get an «energy sticker price» for a new model architecture on their 

drawing board, allowing them to iterate on more frugal designs before committing to 

costly training runs.

•	 Infrastructure Planners [41] can conduct quantitative «what-if» analyses for future 

hardware choices, ensuring that their investments are optimally aligned with their 

projected workloads and sustainability goals.

•	 Policymakers and Standards Bodies can use such validated modeling frameworks as 

the basis for creating standardized «energy labels» for AI models, bringing a much-

needed level of transparency and accountability to the field.

3. Systematizing the Practice of Energy-Awareness

The key contribution of this work relies on advocating for a systematic approach. Energy 

efficiency will no longer be a second-order concern and will motivate standard practice 

only when it is embedded in the daily workflows of engineers and researchers. The four-

pillar cycle is a template for this integration. We envision a future where:

•	 Energy profiling (Pillar 1) is a standard, automated step in Continuous Integration / 

Continuous Deployment (CI/CD) pipelines [42], considering energy regressions with 

the same urgency as functional bugs.

•	 Benchmarking tools (Pillar 2) are not only used for hero-run performance numbers 

but for systematically mapping out the energy-performance trade-offs of critical 

workloads.

•	 Predictive models (Pillar 3) are an integrated service within MLOps platforms [43],  

providing cost estimates before a user can launch a large-scale training job.

•	 Cluster schedulers (Pillar 4) are multi-objective by default, allowing administrators to 

dynamically balance the institution’s performance needs with its energy budget and 

sustainability commitments [44].

Achieving the previously described vision requires a collective effort from the community 

to build, share, and standardize the tools and practices that make this methodology 

accessible to all.
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IV. Conclusion

This working paper has addressed the critical and growing challenge of energy 

consumption in large-scale Artificial Intelligence systems. Dealing with a problem with 

noticeable technical complexity and significant societal implications, we have argued 

that the path forward requires moving beyond ad-hoc optimizations towards a formal 

“engineering discipline for sustainable AI”.

We have proposed a comprehensive and systematic methodology, structured as a 

virtuous cycle of four pillars: Measure, Understand, Model, and Optimize. This framework 

provides a coherent roadmap for any organization seeking to rigorously analyze and 

improve its energy footprint. By synthesizing an extensive review of the state-of-the-art 

for each pillar, this work serves as both a survey of current techniques and a practical 

guide for their integrated application.

We demonstrated how this methodology transforms theoretical goals into concrete 

engineering actions. It begins by making energy consumption tangible through 

fine-grained measurement. It builds a deep, causal understanding through targeted 

characterization and trade-off analysis. It leverages this understanding to build powerful, 

open analytical models that enable proactive, prospective analysis. Finally, it uses these 

models to drive intelligent, multi-objective optimization strategies, such as the energy-

aware schedulers we have designed. Our work has shown that such a principled approach 

can yield significant energy savings (in our case, over 10%) without sacrificing system 

performance.

The tools and strategies developed in our research (EA2P for measurement, the 

analytical framework for modeling, and EAS-Sim with its suite of schedulers) are concrete 

implementations of this philosophy. They represent a tangible contribution towards a 

future where energy efficiency is no longer an optional extra, but a core component of 

how AI systems are designed, deployed, and managed. Ultimately, the long-term success 

and societal benefit of Artificial Intelligence will depend on our ability to align its incredible 

power with the principles of sustainability. We believe the engineering discipline outlined 

in this paper offers a clear and actionable path towards achieving that essential goal.
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