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Abstract—This paper presents a decision-support framework
for selecting energy-efficient batch optimization techniques in
machine learning, addressing the absence of reproducible,
theory-informed guidance in Green Artificial Intelligence (AI).
Eight key methods, including Mixed Precision Training,
Dynamic Batching, and Gradient Accumulation are
systematically evaluated through a rigorous systematic
literature review and assessed across five criteria: energy
efficiency, accuracy impact, scalability, technological maturity,
and hardware dependency. We operationalize a transparent,
weighted Multi-Criteria Decision Analysis (MCDA) protocol,
termed the Green Al Score, and a normalized efficiency metric,
Energy-Delay  Normalized Accuracy (EDNA). These
instruments serve as a reproducible analytical scaffold to enable
cross-technique comparison and quantification of energy-
accuracy trade-offs. Advanced visual analytics, including a
heatmap, dual-axis bar chart, bubble plot, and correlation
visualization, link sustainability rankings with energy-accuracy
trade-offs. Our analysis identifies Mixed Precision Training
(Score: 0.84) and Dynamic Batching (Score: 0.77) as top-tier
strategies, offering 40-60% and 30-50% energy savings,
respectively, with minimal accuracy loss. Furthermore, we
theoretically derive a hardware-aware heuristic threshold
(memory-bandwidth-to-compute ratio < 0.4) to analytically
assess the applicability of Mixed Precision Training under
varying system constraints. Finally, a rule-based decision policy
is synthesized to support informed technique selection,
providing practitioners with a theoretically grounded guide for
navigating deployment trade-offs. This work advances beyond
descriptive surveying by providing an evidence-based,
reproducible analytical synthesis grounded in systems and
algorithmic considerations, thereby supporting transparent and
sustainable Al deployment.

Keywords—energy efficiency, Multi-Criteria Decision
Analysis (MCDA), Green Al systematic evaluation, sustainable
Al deployment

I. INTRODUCTION

The rapid advancement of Machine Learning (ML),
especially Deep Learning (DL), has created increasingly
large models with human-level performance across a vast
range of tasks. However, this progress comes at a significant
environmental cost. Training state-of-the-art neural networks
typically requires substantial computational resources,
resulting in high energy consumption and carbon emissions.
Current studies highlight the scale of this impact: empirical
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studies indicate that the computational demands of training
state-of-the-art models contribute significantly to carbon
emissions, often comparable to the lifetime environmental
footprint of multiple passenger vehicles [1]. This underscores
the urgent need for sustainable, systems-aware design
principles in Al development.

Global initiatives, including the United Nations’ Al for
Good Summit and the 2024 World Economic Forum,
emphasize AI’s dual role: both as a contributor to carbon
emissions and as an enabler of climate solutions [2-5]. As Al
models proliferate across industry, the carbon footprint of
training and inference has become a critical concern for
researchers, engineers, and policymakers alike.

In response, Green Al has emerged as a research direction
focused on improving energy efficiency without
compromising model performance. Among the many levers
for efficiency, batch optimization, a fundamental component
of ML training, offers a high-impact opportunity to reduce
computational load and energy use. By dynamically adjusting
batch size, content, or scheduling, practitioners can directly
influence hardware utilization, memory bandwidth, and
power draw.

This paper proposes a theoretical decision-support model
for selecting energy-efficient batch optimization techniques
in machine learning, addressing the absence of reproducible,
theory-informed guidance in Green Al. Unlike descriptive
surveys, our approach integrates a rigorous systematic
literature review with a transparent Multi-Criteria Decision
Analysis (MCDA) protocol to enable actionable, evidence-
based choices.

This work makes three contributions:

1. A theoretical decision-support model for energy-
efficient batch optimization, integrating systematic
literature review with a transparent MCDA protocol
(Green Al Score) and a normalized efficiency metric
(EDNA).

2. Hardware-aware analytical guidelines, including a
derived heuristic threshold (memory-bandwidth-to-
compute ratio < 0.4) intended to assess the theoretical
applicability of Mixed Precision Training.

3. A decision-support policy that translates multi-
dimensional trade-offs into structured guidance for
practitioners evaluating heterogeneous constraints.
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The paper is structured as follows: Section II presents the
motivation for batch optimization in Green Al. Section III
reviews related work on energy efficiency and sustainability
in machine learning. Section IV outlines the systematic
review methodology. Section V introduces key energy and
carbon metrics. Section VI analyzes eight batch optimization
techniques through the lens of systems engineering and
algorithmic trade-offs. Sections VII and VIII discuss
supporting software frameworks and energy measurement
tools. Finally, Section IX concludes with decision-support
guidelines and future directions for sustainable Al
deployment.

IL.

As artificial intelligence systems grow in scale, so does
their environmental impact. While recent efforts have
targeted model architecture, data efficiency, and hardware
acceleration, batch optimization, a fundamental control
variable in ML training, lacks a standardized, theory-
informed protocol for sustainable deployment. Although
techniques such as dynamic batching, gradient accumulation,
and mixed precision training are known to influence energy
consumption, practitioners face a fragmented landscape with
no reproducible framework to compare trade-offs across
energy, accuracy, scalability, and hardware constraints.

This paper addresses that gap by proposing a
comprehensive decision-support synthesis that transforms
qualitative insights from the literature into a transparent,
multi-criteria evaluation protocol. Unlike prior work that
catalogues methods, our approach enables evidence-based
selection of batch optimization strategies under real-world
system conditions, thereby advancing Green Al from
advocacy toward engineering practice.

RESEARCH MOTIVATION

II1.

The growing environmental impact of artificial
intelligence has prompted increasing interest in Green Al, an
initiative aimed at reducing the carbon footprint and energy
consumption of machine learning without sacrificing model
performance [6]. As Al models become larger and more
computationally intensive, researchers have increasingly
focused on sustainability across all stages of the ML lifecycle,
from model design and training to deployment and inference.

RELATED WORK

This has led to a diverse body of literature addressing various
aspects of energy-efficient computing, including algorithm
optimization, hardware efficiency, and software tooling.
Among these, batch optimization has emerged as a key
strategy for reducing energy use during model training,
making it a central focus within Green Al research.

Several review papers have explored different dimensions
of Green Al Verdecchia et al. [6], for instance, conducted a
meta-review of over 90 studies and identified common
themes such as reproducibility challenges, limited tool
availability, and low industrial adoption. Their findings
highlight the need for more standardized practices and greater
collaboration between academia and industry. Other surveys
provide deeper technical insights: Barlaud and Guyard [7]
examine sparse neural network architectures for improved
power efficiency, while Cai ef al. [8] emphasize the
importance of hyperparameter tuning in achieving energy-
accuracy trade-offs. In addition to model architecture and
hyperparameters, data-centric approaches have proven
effective. For instance, intelligent data pruning techniques [9]
and sampling strategies for minimizing time-to-accuracy [10]
demonstrate that optimizing the training dataset itself can
significantly reduce computational load and energy
consumption without sacrificing model performance.
Meanwhile, Kumar ef al. [11] and Hampau et al. [12] explore
edge-based deployment strategies and their role in reducing
transmission overhead and improving energy efficiency in
real-world settings.

A closer examination of existing surveys reveals that this
gap is not merely structural, but methodological. While
foundational works like Verdecchia ef al. [6], Barlaud and
Guyard [7], and Liu and Yin [5] provide valuable overviews
of Green Al, they do not offer quantitative comparisons of
batch-level techniques or release benchmark datasets. None
systematically evaluate strategies such as dynamic batching,
gradient accumulation, or micro-batching under a unified
framework. As demonstrated in Table 1, these reviews vary
in scope and depth but consistently lack a data-driven, cross-
technique evaluation focused specifically on batch
optimization. This absence of a standardized, reproducible
methodology for assessing sustainability-performance trade-
offs at the batch level confirms a critical gap in the literature
—one that this paper directly addresses.

Table 1. Comparison of prior green Al surveys

Surve Scope Quantitative Dataset Focus on Batch Limitation
Y P Comparison? Released? Optimization?
Verdecchia et General ML energy efficiency Partial (qualitative No No Broad scope, lacks te?hnlque specific
al. [6] trends) analysis
Barlaud and Green Al principles and model No No No Does not cover runtime
Guyard [7] compression optimizations like batching
Liu and Yin [5] Largfe Language Model (LLM) No No No High-level; omits ) batch-
efficiency and hardware trends level strategies
Schwartz et al. Environmental cost of Al No No No Conceptual; no emplrlcal
[13] benchmarking
This Work Batch optimization techniques Yes (Synthesizes No (Data in Ves Relies on synthesized literature (No

MCDA)

Tables 2 and 3)

new benchmarks)

To address this gap, our paper builds on existing literature
by offering a structured overview of energy-efficient batch
optimization strategies, their implementation across different
frameworks and hardware, and their trade-offs in real-world
settings. We aim to consolidate current knowledge while
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identifying opportunities for future research and practical
application.

Iv.

This study employs a structured and reproducible protocol

SYSTEMATIC REVIEW METHODOLOGY
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to identify, evaluate, and synthesize research on energy-
efficient batch optimization techniques in machine learning.
The methodology prioritizes empirical grounding and data-
driven synthesis to support the proposed decision-support
framework.

A. Data Acquisition and Selection Strategy

A systematic search was conducted across five primary
academic databases: IEEE Xplore, ACM Digital Library,
ScienceDirect, SpringerLink, and arXiv. The search window
was restricted to publications from 2018 to 2024 to capture
recent advancements in Green Al, specifically excluding
outdated hardware benchmarks.

The following Boolean search string was utilized (adapted
for platform-specific syntax):

1. (“green AI” OR “sustainable machine learning”)

2. AND (“batch optimization” OR “dynamic batching” OR
“gradient accumulation” OR “mixed precision training”)

3. AND (“energy efficiency” OR “carbon footprint” OR
“power consumption”)

B.  Eligibility Criteria

Titles and abstracts were screened for relevance, followed

by a full-text assessment against strict inclusion criteria:

e Empirical evaluation of energy or carbon impact;

® Focus on batch-level optimization (excluding general
model compression);

® Applicability to deep learning systems;

® Reporting of measurable efficiency gains (quantitative
data)

C. Data Extraction and Synthesis

From the initial corpus, a subset of 37 high-impact
references was selected for detailed analysis based on direct
relevance to the eight target techniques: Mixed Precision
Training, Dynamic Batching, Gradient Accumulation, Micro-
Batching, Adaptive Batching, Pipeline Parallelism, AdamA,
and Efficient-Grad.

Quantitative data regarding energy efficiency gain,
accuracy impact, hardware dependency, scalability, and
technological maturity were extracted and synthesized into
Table 2. Energy gains were standardized from reported
speedups, kilowatt-hour (kWh) savings, or FLOPs reductions.
Accuracy impact was quantitatively categorized as “Minimal,”
“Minor (<1%),” or “Slight risk” and normalized for the
subsequent EDNA calculation (see Subsection VI-E). This
rigorous extraction ensures that the comparative evaluation in
Table 3 is grounded in verifiable, peer-reviewed evidence,
facilitating a robust multi-criteria analysis.

V. BACKGROUND AND DEFINITIONS

As Machine Learning (ML) and Deep Learning (DL)
models scale in complexity, their environmental footprint has
become a critical engineering constraint. Optimizing energy
efficiency requires a fundamental understanding of
computational dynamics. This section establishes the core
metrics and theoretical foundations necessary to evaluate the
carbon footprint of ML workloads.

A. Energy Dynamics in Training and Inference

Energy consumption in the ML lifecycle is dominated by
the training and inference phases. As models increase in
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parameter count and layer depth, computational requirements
escalate. Current research indicates that energy consumption
often scales superlinearly with model size [9] necessitating
efficiency-aware architectural design.

B.  Scaling Computational Intensity

Increases in data volume leads to proportional increases in
computation. For instance, training Convolutional Neural
Networks (CNNs) on high-resolution imagery significantly
raises Floating Point Operations (FLOPs), creating a direct
correlation between computational intensity and power
draw [9, 10].

C. Key Efficiency Metrics

To rigorously evaluate optimization techniques, this study
utilizes three standard metrics:

1. FLOPS (Floating Point Operations Per Second):
Estimates the theoretical computational burden. While a
proxy for complexity, FLOPS do not account for
hardware efficiency or parallelization.

2. Wall-Clock Time: The actual duration of training or
inference. Reduced runtime does not guarantee lower
energy consumption, particularly if achieved via
distributed computing on power-intensive clusters [10].

3. Hardware Utilization: Defined as the efficiency of
resource usage on the target device (e.g., GPU/TPU).
High utilization of energy-efficient hardware (e.g.,
Tensor Cores) is critical for minimizing power
waste [14].

D. Green Al Objectives

Sustainable ML requires balancing accuracy with energy
efficiency. Techniques such as early stopping, pruning, and
quantization are effective, but the focus of this work remains
on batch optimization, a lever for controlling computational
density without compromising model convergence.

VI OPTIMIZATION TECHNIQUES IN GREEN Al

Fig. 1 presents a block diagram illustrating the hierarchical
organization of these optimization techniques within the
Green Al framework, categorizing them into system-level
and model-level approaches. These approaches aim to reduce
the theoretical and actual computational cost (carbon
footprint) while maintaining performance bounds. The
following analysis synthesizes empirical findings from the
reviewed literature to evaluate these techniques.

Green Al Optimization
Techniques

System Level Model-Level
Optimization Optimization

Pipeline Parallelism Dynamic Batching

Mixed Precision Gradient
Training Accumulation

Micro-Batching

Adaptive Batching

Frameworks
&Hardware

Fig. 1. Block diagram of optimization techniques in Green Al.
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A. System-Level Optimization Techniques

System-level optimizations target infrastructure efficiency
and resource management.

1)  Pipeline parallelism

Pipeline parallelism partitions models across multiple
devices, overlapping computation and communication to
minimize idle cycles (bubbles). The reviewed literature
highlights advanced implementations:
® Pipe Dream: Reported to reduce communication overhead
by up to 95% [15].

Zero Bubble Pipeline Parallelism: Eliminates idle stages,
boosting throughput by 31% [16].

Megatron-LM: Utilizes hybrid tensor and pipeline
parallelism for trillion-parameter models [17].

2)  Mixed Precision Training (MPT)

Mixed Precision Training leverages lower-precision
arithmetic (FP16/BF16) to reduce memory bandwidth and
computational overhead while retaining FP32 for numerical
stability. Empirical studies indicate that modern accelerators
(NVIDIA GPUs, Google TPUs) offer specialized units (e.g.,
Tensor Cores) optimized for MPT, delivering up to 6x
throughput boosts on Edge TPUs without sacrificing
accuracy [7]. Major frameworks such as PyTorch and
TensorFlow provide native Automatic Mixed Precision
(AMP) interfaces, facilitating seamless integration into
existing pipelines.

B.  Model-Level Optimization Techniques

Model-level optimizations refine training procedures and
inference mechanisms to maximize hardware utilization per
FLOP.

1)  Dynamic batching

Synthesized studies show that Dynamic Batching adjusts
batch size in real-time based on available GPU memory and
compute load. This adaptability maximizes throughput and
hardware density. Frameworks such as PyTorch and
TensorFlow support dynamic batching, enabling models to
scale across heterogeneous environments while minimizing
energy waste during low-load periods [18].

2)  Gradient accumulation

This technique addresses GPU memory constraints by
simulating larger batch sizes through sequential processing.
While it increases total computation time, it significantly
improves cost efficiency in cloud environments by preventing
out-of-memory errors and allowing for larger effective batch
sizes [19].

3)  Micro-batching and adaptive batching

Micro-batching uses small batch sizes (often N = 1) to
maximize responsiveness and memory efficiency,
particularly in edge computing. Adaptive batching extends
this by automatically tuning batch sizes based on real-time
workload conditions, balancing latency, throughput, and
energy consumption [15].

C. Deep Dive: Theoretical Analysis of Mixed Precision
Training
Mixed Precision Training (MPT) is a foundational
technique for enhancing computational efficiency. By
reducing numerical precision (FP32 — FP16/BF16), MPT
decreases memory bandwidth demand and power
consumption.

1)  The hardware threshold

Based on the synthesis of the reviewed literature and
Roofline Model principles, the efficacy of MPT appears
dependent on the memory-bandwidth-to-compute ratio (B/C).
Our analysis proposes a theoretical heuristic threshold: B/C <
0.4.
® Regime 1 (B/C < 0.4): The system is compute-bound.

Reducing precision (via MPT) accelerates FLOPs,
leading to significant energy savings (40-60%) as
reported in the literature.

Regime 2 (B/C > 0.4): The system is memory-bound.
Precision reduction does not alleviate the primary
bottleneck (data movement), yielding diminishing
returns.

This heuristic aligns with Roofline Model analyses [17, 22]
suggesting that MPT is most effective on high-performance
accelerators (e.g., A100, V100) and less effective on low-
bandwidth edge devices. It is important to note that this
threshold is an analytical guideline derived from literature
synthesis, not a validated physical limit.

2)  Implementation and maturity

The literature indicates MPT achieves “no loss” accuracy
through proper loss scaling. It is supported by major
frameworks including PyTorch (via torch.cuda.amp),
TensorFlow, and JAX. Its maturity and broad applicability
make it a first-order optimization for sustainable Al pipelines.

D. Integrated Analysis: Visualizing Trade-offs

To enable a systematic and interpretable evaluation, we
present a multi-faceted visual analysis grounded in the
comparative data of Table 2 (derived from the systematic
review). This analysis comprises three complementary
visualizations (Figs. 2—4) that collectively offer a nuanced

® Efficient-Grad: An algorithm-hardware co-design 1 di £ th doooff: fFici
approach leveraging gradient sparsity to improve edge U™ erstanding of the trade-o Is among cnergy ctliciency,
device efficiency [20] model performance, technological maturity, scalability, and
® Adam Accumulation (AdamA): Integrates gradients into ~ nardware adaptability.
optimizer states, achieving 23% memory reduction with
minimal throughput impact [21].
Table 2. Comparative analysis of energy-efficient batch optimization techniques in green Al
. s Energy Efficiency Hardware - Maturity
Technique Type Description Gain Accuracy Impact Dependency Scalability Level References
Par(tilei/??eszsr'n(())\?:rllzczoss Up to 31-43% None (when High (for Research-
Pipeline System- C P throughput gain — Multi-GPU/TPU & heavy,
. computation and properly large models P [19-23]
Parallelism Level L 20-35% lower . Clusters production in
communication to reduce synchronized) 1B params)
energy per epoch LLMs

idling
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. Uses FP16/BF16 for 1.5x—6x faster NVIDIA Ampere Production-
Mixed forward/backward passes, .. . . d
Precision System- FP32 for updates; reduces training — 40— Mlnlmal to none + GPUs, TPUs, High across ready [7, 24, 25]
o Level ’ 60% less kWh  (with loss scaling) Edge domains  (PyTorchAMP, ">~ "
Training memory and
Consumed TPUs TensorFlow)
FLOPs
Adjusts batch size EII: }:2 ti:osg flz‘(i)?s) Production
Dynamic Model-  dynamically based on clus tergs - None (if adaptive Cloud/edge Mediumto (supported in [15, 18]
Batching Level resource availability o logic is stable) GPUs, CPUs high TF, PyTorch, ’
(GPU memory, load) 30-50% better Hugging Face)
Y, compute utilization eeing
Reduces peak
Accumulates gradients power dm.“ .
enables efficient . Production
. over small batches before . None (if steps .
Gradient Model- L o use of constrained . GPU-memory . (common in
. optimizer step; simulates adjusted . Medium [19-21]
Accumulation  Level . hardware — . limited systems NLP fine-
large batch without o) i1 appropriately) .
15-25% indirect tuning)
memory overhead . .
energy savings via
memory efficiency
Leverages gradient ~ Reported up to 38% Slight risk in Edge accelerators, .
Model- . . . unstable Emerging
. sparsity and asymmetry ~ improvement in . low-power, Low to
Efficient-Grad  Level - convergence if . . (research [20]
. for optimized update energy-delay . Systems-on-Chip ~ medium
(Variant) . sparsity threshold prototype)
patterns on edge devices product . (SoCs)
too aggressive
Integrateg gra(.ilent Enables larger Early adoption
AdamA Model- accumulation directly models on same None reported in General-purpose (peer-reviewed
(Adam Level into Adam state; reduces hardware — P purp Medium P [21]
. . L . L benchmarks GPUs at
Accumulation) (Variant) activation and gradient indirect energy
. ECAI2023)
memory savings (20%)
Processes very small Lowers idle cycles . Production
. batches (e.g., size 1); Potential . .
Micro- Model- . . — up to 6.25% . e Edge devices, . (inference),
. improves device ; instability in > Medium o [15,22]
Batching Level speedup in . . real-time systems limited in
occupancy under memory . - training dynamics L
. inference pipelines training
constraints
Dynamically adjusts Balances latency
. : . o L
Adaptive Model- .b.atch. size during z?nd throughput — Mmor (<1% d.rop Heterogeneous ) Research to
. training/inference based  improves average in accuracy in . High production [15,22]
Batching Level . environments ..
on workload and system  energy efficiency most cases) transition

conditions

by 25-40%

1)  Heatmap of multi-criteria performance evaluation

Fig. 2 presents an eight-way comparative heatmap
assessing batch optimization techniques across five key
evaluation dimensions. Each metric is scored on an ordinal
scale from 1 (low) to 5 (high), based on empirical findings
synthesized from the literature. Note: Visual scales are used
for comparative illustration of ordinal rankings.

Pipeline Parallelism

Mixed Precision Training

Dynamic batching

Gradient Accumulation

Efficient Grad

Optimization Techniques

AdamA

Micro batching

Adaptive batching

&
@\L&o

Evaluation Criteria

Fig. 2. Heatmap of energy-efficient batch optimization techniques across
five sustainability criteria. Scores range from 1 (low) to 5 (high).

The heatmap serves not only as a comparative tool but also
as a readiness assessment framework, highlighting the
disparity between theoretical efficacy and practical
deployability in Green Al

2)  Energy efficiency vs. accuracy retention

Fig. 3 provides a quantitative, side-by-side comparison
based on two critical, often competing, objectives: energy
efficiency gain and accuracy retention. The dual-axis bar
chart displays energy savings as a percentage reduction in
computational energy (blue bars) alongside corresponding
model accuracy relative to baseline performance (red bars).

I Energy Gain (%)
[ Accuracy Retention (%)

120 - B

100 100 100

100 99 - 0

100

80

60

Percentage (%)

40

20

Techniques
Fig. 3. Energy efficiency gain and accuracy retention for eight batch
optimization techniques.

3) Technology readiness vs. energy efficiency (bubble plot)

Fig. 4 introduces a bubble plot mapping energy efficiency
improvement against technological maturity, with bubble
size representing scalability potential. This visualization
adopts a technology readiness lens, positioning each method
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within a strategic quadrant defined by its development stage
and impact magnitude.

Energy Efficiency vs Technological Maturity of Batching Techni

Mixed Precision (50%)

40 Efficient Grad (38%)

Dynamic batching (40%)
Adaptive batching (32.4%)
micro batching (30%) O

Energy Efficiency Gain (%)

25 Pipeline Parallelism (27.5%)

AdamA (20%) Gradient Accumulation (20%)

\\est“‘c
Technological Maturity

Fig. 4. Bubble plot of energy efficiency versus maturity level. Bubble size
indicates scalability.

E.  Quantitative Evaluation Framework

To transform the descriptive analysis presented in Table 2
into a structured decision-support tool, we formalize the
evaluation process using a Multi-Criteria Decision Analysis
(MCDA) model. This approach introduces mathematical
rigor to the selection of optimization techniques.

1)  The Green Al score (composite utility function)

We define the Green Al Score (Sg4;) as a weighted linear
combination of normalized criteria vectors. This transforms
the qualitative comparison into a quantitative utility function,
grounded in established MCDA principles [26, 27].
ey

_ %5
Sear = Xi=1Wi-X;

where:
® w; represents the heuristic weight assigned to the i-th
criterion.

The summation of weights is normalized (3 w;= 1.0). This
transparency allows practitioners to adjust the weight vector
(W) based on the application-specific constraints (e.g., high-
stakes systems may increase w,)

Regarding robustness and weight selection, the weights
utilized in Eq. (1) are heuristic and reflect a specific Green Al
prioritization that balances energy efficiency with
performance stability. We acknowledge that altering these
weights, such as prioritizing accuracy over energy, would
naturally shift the ordinal ranking of techniques with
marginal accuracy trade-offs (e.g., Efficient-Grad).
Conversely, the top-tier strategies identified (e.g., Mixed
Precision Training) exhibit dominance across multiple
criteria (high energy gain, zero accuracy loss, high maturity);
theoretically, these techniques are likely to remain high-
ranked even under reasonable variations in weight vectors.
This analytical property highlights the framework's value: not
in dictating a single correct answer, but in exposing how
different architectural priorities shift the optimal choice.

2)  Energy-Delay Normalized Accuracy (EDNA)

To quantify the trade-off between energy gain and
potential accuracy loss, we introduce the Energy-Delay
Normalized Accuracy (EDNA) metric as an analytical
heuristic to capture the efficiency ratio of a technique:

EDNA = Aretention
1- Egain

(2)
where:

® Ay eenion: Normalized Accuracy Preservation (0.95 < 4 <
1.0)
® F,..»: Normalized Energy Efficiency Gain (0 < £ < 1.0).

3)  Operationalizing the variables

To compute Egs. (1) and (2), qualitative descriptors from
Table 2 were quantified using the following mapping
protocol:

® x; represents the normalized score (0 < x; < 1) for i-th
. . . s : 113 0/ 9
criterion defined as the vector x = [E, 4, S, M, H] where: ® Energy: High reported gains (e.g., “40-60%") were
) E: Energy Efficiency normahzed to 06
® A: Accuracy Retention ® Accuracy: “Minimal/None” impact was mapped to 1.0;
® Sc: Scalability “Minor (< 1%)” to 0.99; and “Slight Risk” to 0.97.
e M: Technological Maturity This mathematical formulation ensures that the rankings in
e : Hardware Flexibility Table 3 are reproducible and grounded in a transparent
e Weights: w; (Energy): 0.30; w> (Accuracy): 0.25; w;  analytical framework, rather than subjective opinion.
(Scalability): 0.20; w, (Maturity): 0.15; ws (Hardware):
0.10
Table 3. Quantitative evaluation of energy-efficient batch optimization techniques using green Al score framework
. . . . . Green
Technique Energy Normalized Accuracy Normalized Scalability Normalized Maturity Normalized Hardware Normalized Al EDNA
(%) E M H Seore
Mixed o - . Production NVIDIA

Precision  40-60% 0.5 Minimal 1 High 1 “ready 1 Amperer, TPUs 875 0.8375  2.00
Dynamic o Medium- . Cloud/Edge
Batching 30 50% 0.4 None 1 High 0.875  Production 1 GPUs 0.75 0.77 167
Adaptive Research-

Pt 25-40% 0.325 Minor loss 0.99 High 1 to- 0.75 Heterogeneous 0.6875 0.726 1.47
Batching .
production
Pipeline o . Research- Multi-

Paralleli 20-35% 0.35 None 1 High 1 heavy 0.5 GPU/TPU 1 073 138
B?t':;i"l;g ~30% 03125  Slight risk 0.97 Medium 0.75 Production 1 Edge/Real-time  0.5625  0.6925  1.39
AdamA ~20% 0.2 None 1 Medium 0.75 Early 075  Genmerab-purpose ) 4 0.6475 125

adoption GPUs

Gradient s ho0 g2 None 1 Medium 0.75  Production 1 GPU-memory- o crs 06725 125

Accumulation limited
. o . . Low- . Edge
Efficient-Grad  38% 0.38 Slight risk 0.97 . 0.625 Emerging 0.25 0.375 0.5565 1.56
Medium accelerators
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a unique, integrated view of the paper’s two primary
analytical outputs. While other figures focus on specific
dimensions (e.g., Energy vs. Accuracy in Fig. 3, or Maturity
in Fig. 4) or a broader multi-criteria view (Heatmap, Fig. 2),
Fig. 5 distinctly correlates the overall composite ranking
(Green Al Score) with a key specific trade-off metric
(EDNA). This demonstrates the paper’s core analytical
framework in action, showing how techniques that score
i Correlation between Green Al Score and EDNA highly overall (like Mixed Precision and Dynamic Batching)
o also tend to have favorable energy-accuracy balances. This
supports the framework’s utility in identifying robust, well-
rounded optimization strategies, offering a concise,
quantitative decision-making tool that goes beyond simple

pairwise comparisons.
To support practical deployment decisions, a rule-based

F.  Correlation Analysis and Decision Policy

The scatter plot (Fig. 5) visualizes the relationship between
the holistic ranking provided by the Green AI Score
(incorporating Energy, Accuracy, Scalability, Maturity,
Hardware) and the specific energy-accuracy trade-off
quantified by the EDNA metric for the eight evaluated batch
optimization techniques.

2k

e
T

3
T

Dynamic Batching

5
T

EDNA (Energy - Accuracy Trade - off)

“r @ e decision policy is synthesized to recommend an appropriate
1sp Adupise Batcing batch optimization technique based on observable system
Ll \""":“hi"g Ppine Paranelem conditions. The policy, summarized in Table 4, leverages the

comparative insights from the multi-criteria evaluation
ol gy @ e Aumen presented in Table 3 and is intended to guide the selection of
12 - e v v ' v v Py S, strategies that balance energy efficiency, accuracy

0.7
Green Al Score (Overall Ranking)

reservation, and hardware constraints. This framework
Fig. 5. Correlation between Green Al score and EDNA. p i

serves as a theoretical guide for structured decision-making
This visualization offers a novel contribution by providing  in Green AL

Table 4. Decision policy for batch optimization technique selection

Condition Recomm.ended Rationale
Technique

GPU memory usage < 50% AND workload arrival is
stable

Maximizes throughput and compute utilization under available
resources
Simulates larger batches without exceeding memory limits; reduces
peak power

Dynamic Batching

GPU memory usage > 50% (constrained) Gradient Accumulation

Mixed Precision

Hardware supports FP16/BF16 precision Reduces computational load and energy consumption by up to 60%

Training
Edge deployment or real-time inference Micro-Batching Improves device occup; fxzoirrlgel;t:nw under constrained
tooling, enabling practitioners to align their deployment
VII.  TYPICAL GREEN Al PLATFORMS choices with the energy-efficient strategies analyzed in this

While diverse platforms offer various efficiency tools, ~WOrk.

their relevance to this study lies specifically in their support B Hardware Innovations for Sustainable Al
for the batch optimization techniques defined in Section VI.
This section briefly examines key software frameworks and
hardware accelerators to contextualize the practical
deployment of the analyzed strategies.

In parallel with software advancements, dedicated
hardware solutions have been developed to support the
energy-efficient techniques analyzed in Section VI. These
innovations span general-purpose processors, specialized
A. Green Al Software Frameworks accelerators, and cloud-based infrastructures tailored for

Several frameworks now natively support the energy- Creen Alapplications.
efficient techniques evaluated in this study: * NVIDIA DeepStream SDK: This streaming analytics

e Hugging Face Transformers supports “Efficient Inference toolkit is designed for Al-based multi-sensor processing.

Mode,” incorporating quantization and dynamic batching As reported in official documentation [28] it enables up to

to reduce computational load during Natural Language 30% energy savings by optimizing inference pipelines. Its
Processing (NLP) tasks. architecture supports efficient data ingestion and neural

o TensorFlow Lite and OpenVINO Toolkit provide network inference, which is critical for maximizing
environments optimized for edge and heterogeneous hardware ufilization during high-throughput ~batch

deployment, respectively, utilizing techniques like micro- processing tasks. A generallzed. ar(.:hltegtu.re for sugh
batching and model compression to minimize energy hardware-accelerated inference pipelines is illustrated in
usage Fig. 6. Frameworks like NVIDIA DeepStream exemplify

. o T this architecture by integrating stream management,
e TinyML initiatives focus on extreme energy minimalism . ..
. . . . hardware-accelerated decoding, and optimized batch
for microcontrollers, aligning with the edge-constrained . . .
S . . . inference to achieve reported energy savings of up to
optimization strategies analyzed in Section VI-B. o
. . 30% [28].
These frameworks collectively demonstrate a growing

. S e Specialized Accelerators: Platforms such as Apple Core
trend toward embedding sustainability into the core of ML ML [29] and Amazon SageMaker Green Inference [30]
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leverage hardware-specific optimizations to reduce
energy consumption. While Apple Core ML is restricted
to its ecosystem, it demonstrates how hardware-software
integration can minimize latency. Similarly, SageMaker
integrates model compression to align with cloud
sustainability goals.

e Research Architectures: Initiatives like Meta Al Efficient
Transformers [31] explore architectural changes to reduce
computational burden, highlighting the intersection of
model design and hardware efficiency.

Multi-Sensor HW-Accelerated st

Input Decoding

Pre-Processing

Batching &
Inference

Actionable
Insights

Post-Processing
& Analytics

Fig. 6. A generalized architecture for hardware-accelerated inference
pipelines. This schematic illustrates the flow from multi-sensor input to
analytics, highlighting the role of batch optimization and hardware
acceleration in reducing energy consumption during real-time processing.

C. Integration for Batch Optimization

The practical efficacy of the batch optimization techniques
analyzed in this study (e.g., Dynamic Batching, Mixed
Precision) depends heavily on their integration with these
hardware platforms.

o Framework-Hardware Synergy: Techniques such as
dynamic batching, supported by frameworks like
Hugging Face Transformers and TensorFlow Lite, allow
multiple input samples to be processed simultaneously.
When deployed on hardware accelerators such as
NVIDIA GPUs, this maximizes throughput and
minimizes the energy cost per batch.

e Evaluation Metrics: Tools like Al Benchmark [32]
provide standardized metrics to evaluate the energy
efficiency of different Al platforms. These tools allow
practitioners to empirically validate the theoretical trade-
offs (e.g., Energy vs. Accuracy) discussed in our MCDA
framework.

D. Challenges and Limitations

Despite progress, several challenges persist in the adoption
of green Al frameworks and hardware:

e Complexity: Many tools require specialized technical
expertise, posing a barrier to entry.

e Ecosystem Lock-in: Some frameworks are limited to
particular ecosystems (e.g., Apple Core ML), restricting
flexibility.

e Measurement Variance: Accurate estimation of energy
savings remains difficult due to variations in methodology
and system boundaries [33]

e Validation Gaps: While many tools show promise, they
often lack extensive empirical validation at scale [34].

VIIL

Energy measurement tools are the means to measure the
green footprint of Al and ML systems. They assist developers,
researchers, and organizations in approximating energy used
and carbon released while training models, inference, and
deployment. With the growing maturity of Green Al, a
variety of opensource as well as commercial tools exist that
aid in measuring energy, from low-granularity to high

ENERGY MEASURING EQUIPMENT
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convenience and compatibility.

Among the commonly used instruments is eco2Al, an
open-source Python library offered free of charge that tracks
CO; emissions during training of ML models [35]. It provides
visibility into the green cost of Al development and facilitates
environmentally friendly research practice by infusing in
codebases. Similarly, CodeCarbon allows one to monitor and
document the carbon footprint of ML experiments in real-
time [36]. With features such as actionable suggestions to
decrease emissions and seamless workflows integration,
CodeCarbon has drawn researchers and practitioners.

Among the other top tools are:

e ML Power Consumption, which provides an estimate of
the power consumption during deep learning training.
Developed primarily to run on Linux and Mac OS X
operating systems with NVIDIA GPUs and Intel CPUs, it
is involved in benchmarking efforts such as the RL
Energy Leaderboard.

e Zeus, an energy-conscious scheduling and profiling
platform for deep learning training [37], which makes it
possible to monitor consumption habits and make them
more efficient.

e Green Algorithms HPC Tool, specifically designed to be
employed in High-Performance Computing (HPC) to
calculate the carbon impact of large-scale Al calculations.
Although it is highly customizable, its implementation is
restricted to specialized hardware.

e Breakend, an open-source tool for monitoring energy
consumption, carbon emissions, and hardware utilization
during Al experimentation. It supports the generation of
environmental impact reports, though its use is
constrained by compatibility with certain system
configurations.

e CarbonTracker, with end-to-end carbon-emissions
tracking and reporting of Al workloads [10]. Although
open and transparent, it could be improved with more
cross-platform compatibility and user instructions.

These tools together help facilitate increased transparency
and accountability in Al research. Their greatest strengths are
real-time monitoring, integration into ML pipelines, support
for open science, and actionable feedback for optimization.
Numerous challenges, however, remain, such as low cross
platform compatibility, dependency on accurate estimation
models, non-uniformity in approaches, and the requirement
of domain-specific expertise for correctly interpreting results.

For example, a few of them like CodeCarbon and
CarbonTracker have strong tracking features but are not fully
compatible with other cloud or hardware platforms. Others
like Zeus and eco2Al provide critical information about
energy consumption behaviors but are mostly geared towards
particular environments or phases during the building of
models.

Apart from technological considerations, practical ones
also influence adoption. Most tools need some degree of
machine learning and programming skills. The users will also
need to acquire and process appropriate data in order to
provide good estimates, and relative to more advanced
software tools, community support and documentation may
be less robust.

While these are limitations, the fact that there are measures
to calculate energy is an essential step toward green Al. Their
readiness for real-world application can be observed, as
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instance, an NLP research group used eco2Al to optimize
language models with reduced carbon footprints, providing
proof of the use of such measures in eco-friendly
development choices.

As the field grows, there ought to be an increased effort to
enhance interoperability, accuracy, and usability.
Standardized reporting systems and measures for energy
usage will also enhance their use and effectiveness in
endorsing sustainable Al practices.

In the context of this specific study, several limitations
must be acknowledged. First, the quantitative analysis relies
on synthesized data from heterogeneous prior literature rather
than direct empirical benchmarking; thus, the Green Al Score
and EDNA values are heuristic and intended for comparative
guidance rather than absolute prediction. Second, the
weighting scheme in the MCDA is subjective by design;
practitioners may adjust these weights based on specific
deployment constraints (e.g., prioritizing accuracy over
energy). Third, the 0.4 threshold for Mixed Precision is
theoretically derived from Roofline model arguments and
may require validation on specific hardware architectures.
Despite these limitations, the framework provides a
reproducible, evidence-based decision-support mechanism
for sustainable Al design.

1X. CONCLUSION AND FUTURE DIRECTION

A.  Conclusion

This paper proposes a theoretical decision-support model
for energy-efficient batch optimization techniques,
addressing a critical gap in the Green Al literature: the lack
of a standardized, evidence-based framework for comparing
methods across sustainability, performance, and deployment
dimensions. Unlike existing reviews that focus on isolated
strategies or qualitative summaries, we introduce a
multidimensional evaluation framework that systematically
assesses eight key techniques, spanning System-Level (e.g.,
Mixed Precision Training, Pipeline Parallelism) and Model-
Level (e.g., Dynamic Batching, Gradient Accumulation),
across five criteria: energy efficiency, accuracy impact,

scalability, technological maturity, and hardware dependency.

By integrating data from a rigorous systematic literature
review with structured visual analytics, including a heatmap
(Fig. 2), dual-axis bar chart (Fig. 3), bubble plot (Fig. 4), and
a novel correlation plot (Fig. 5) linking Green Al Score and
EDNA, we move beyond descriptive reporting to deliver
structured analytical insights. Our analysis yields three key
contributions:

1) A quantitative decision-support toolkit based on a
weighted multi-criteria decision analysis (MCDA)
model (Green Al Score) and a normalized metric,
Energy-Delay Normalized Accuracy (EDNA), for
evaluating energy-accuracy trade-offs;

The identification of a hardware-dependent analytical

heuristic: Mixed Precision Training demonstrates

superior theoretical energy efficiency when the memory-
bandwidth-to-compute ratio is below 0.4, a guideline
with direct implications for sustainable deployment;

A decision-support policy (Table 4) that guides

practitioners in selecting appropriate techniques based on

system constraints.

The framework ranks Mixed Precision Training (Score =

2)

3)
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0.84) and Dynamic Batching (Score = 0.77) as the most
favorable strategies for immediate adoption, offering high
energy savings (~40-60% and ~30-50%, respectively),
minimal accuracy loss, and production-ready maturity. In
contrast, emerging methods like Efficient-Grad show
promise but remain limited by hardware specificity and lower
technological readiness.

B. Limitations

It is important to acknowledge the limitations of this work
to ensure appropriate application of the framework. First, the
quantitative analysis relies on synthesized data from
heterogeneous prior literature rather than direct empirical
benchmarking; thus, the Green Al Score and EDNA values
are heuristic and intended for comparative guidance rather
than absolute prediction. Second, the weighting scheme in the
MCDA is subjective by design, reflecting specific “Green AI”
priorities; practitioners must adjust these weights to align
with their unique operational constraints (e.g., prioritizing
accuracy over energy in safety-critical systems). Third, the
operational threshold for Mixed Precision Training (B/C <
0.4) is a theoretical heuristic derived from Roofline model
arguments. While it provides a valuable rule-of-thumb, it
requires empirical validation on specific hardware
architectures to be treated as a strict operational rule.

C. Future Work

Building on these limitations and contributions, future
work includes:

1) Empirical validation of the framework in heterogeneous
cloud-edge environments to confirm the 0.4 threshold
and real-world applicability;

Development of automated recommenders that integrate
this framework into runtime scheduling systems;
Extension of the MCDA criteria to include economic
cost and grid carbon intensity, and exploration beyond
batch optimization into other Green Al domains.

This work lays a robust foundation for standardized,

transparent, and sustainable decision-making in machine

learning, supporting the transition toward responsible Al
innovation.
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