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Abstract. This paper introduces a novel, unified metric for evaluating the efficiency 
of machine learning, deep learning, and artificial intelligence models by balancing 
predictive performance and execution cost. Existing metrics typically isolate perfor-
mance or execution measures (e.g., FLOPs, latency, energy), failing to capture the 
inherent trade-off between resource constraints and predictive capability in single for-
mula. The proposed formula incorporates a tunable trade-off factor and hard con-
straints on performance and cost, allowing principled comparison across models and 
deployment settings. Our formulation generalizes prior heuristics and demonstrates 
clear interpretability, scalability, and hardware awareness. 

Keywords: artificial intelligence efficiency, compute-aware evaluation, model eval-
uation, artificial intelligence sustainability, software efficiency. 

INTRODUCTION 

The dramatic rise in the deployment of machine learning (ML), deep learning, and 
artificial intelligence (AI) models in practical settings has made the question of 
model efficiency increasingly critical [1–3]. Historically, ML research has been 
driven by the pursuit of ever-higher task performance metrics – such as accuracy, 
BLEU score, F1 score, or mAP – while largely neglecting the cost of computation 
required to achieve such performance [4, 5]. Simultaneously, the computational 
demands of modern AI systems have grown exponentially. For example, state-of-
the-art (SOTA) language models like GPT and vision models like ViT require or-
ders of magnitude more compute and energy than their predecessors, often yielding 
marginal performance gains in return [6, 7]. 

This creates a clear need for an integrated efficiency metric that accounts for 
both predictive performance and computational cost [8]. Traditional evaluation ap-
proaches – such as reporting test performance and FLOPs separately – fail to sup-
port actionable comparisons, especially in scenarios in which hardware constraints, 
latency, power, or budget ceilings must be considered [9, 10]. Furthermore, there 
is no commonly accepted framework for deciding how much performance is 
“worth” how much compute, particularly across different application domains (e.g., 
medical imaging, mobile NLP, etc.). 

Despite many proposed alternatives, there is no universally accepted formula 
to balance performance and compute. For example: 

 performance vs. Model Size (Params) does not account for inference time 
or energy [11]; 

 performance vs. number of operations (MAdds) provides a coarse signal 
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and often differ from what observed on real hardware [2]. 
In addition, most existing approaches lack support for tunable trade-offs or 

deployment predicates (e.g., maximum tolerable compute budget, minimum re-
quired performance). Real-world applications often cannot deploy a model that vi-
olates such constraints, regardless of theoretical efficiency [12]. 

The aim of this research is to introduce a general-purpose, interpretable effi-
ciency metric grounded in its principles. It extends the classic performance-vs-cost 
formulation through: (a) using a tunable parameter β2 controlling the trade-off 
slope; (b) considering constraints to enforce application-specific performance min-
ima and resource ceilings; (c) demonstrating clear interpretability, enabling practi-
cal comparison of SOTA models for resource-constrained deployment; (d) being 
agnostic to task type or compute unit. 

Use cases motivating this work include: 
 choosing a vision model for on-device inference on mobile hardware, 

where latency and energy are limiting factors, 
 selecting a large language model variant for real-time chatbot deployment, 

where response time and server cost dominate, 
 comparing classical ML and DL models for tabular financial forecasting, 

where marginal performance gains must be weighed against long training and in-
ference pipelines. 

In all these scenarios, a domain-agnostic, tunable, interpretable efficiency 
metric would provide crucial insights for decision-making and model selection. 

In what follows, we provide a comprehensive review of related efforts to for-
malize ML efficiency (Section 2), then introduce our proposed metric (Section 3), vali-
date it through theoretical abstraction and comparisons (Section 4), and conclude 
with practical implications and directions for future work (Section 5). 

RELATED WORK 

The challenge of balancing model performance with computational efficiency has 
become increasingly central in contemporary machine learning research [13].  
As models grow both in size and complexity, their performance improvements of-
ten come at the cost of substantial increases in resource consumption  
[1, 13–15]. Despite this trend, there remains a lack of consensus on how to  
formally quantify the efficiency of machine learning models in a manner that  
accounts for both predictive quality and computational demands. 

Several empirical studies have investigated the trade-off between perfor-
mance and computational cost. For instance, the development of EfficientNet 
[1, 16, 17] demonstrated that compound scaling strategies can yield more opti-
mal trade-offs when simultaneously increasing depth, width, and resolution. 
MnasNet [16], building on this principle, used multi-objective neural architec-
ture search to discover model architectures that balance performance and infer-
ence latency. Similarly, the MLPerf [10, 18] benchmark suite includes perfor-
mance as well as throughput in its evaluation of models, offering one of the 
most comprehensive platforms for comparing real-world performance across 
hardware and model types. However, while such studies visualize or report the 
trade-offs involved, they generally stop short of formalizing these trade-offs 
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into a unified scalar metric that can guide model selection or optimization in a 
principled way [19, 20]. 

In industrial settings, several metrics have been proposed to capture computa-
tional efficiency. Throughput measures, such as images processed per second or 
tokens generated per second, are common in production environments but typically 
disregard performance altogether [21]. On the hardware side, metrics, such as the 
energy-delay product (EDP) [22] or its squared variant, ED²P, attempt to quantify 
energy efficiency in embedded or edge systems. Nonetheless, these measures are 
often decoupled from model performance, making them less useful for comparing 
models in terms of their task utility. Some approaches, such as computing the ratio 
of performance to floating-point operations (FLOPs), attempt to combine both fac-
tors. However, these ratios can be easily manipulated. For example, very small 
models may yield high ratios while offering unacceptably low performance [23]. 

Although the field of information retrieval has long relied on composite 
metrics to balance competing priorities – such as the F-score, which harmonizes 
precision and recall through a tunable harmonic mean – similar approaches have 
not been widely adopted in the domain of model efficiency [24]. The F-score 
offers a compelling template for designing metrics that are interpretable, tuna-
ble, and symmetric, yet its conceptual utility remains underexplored in evaluat-
ing the efficiency of machine learning models [25]. This is despite the fact that 
trade-offs between competing performance dimensions must be navigated in 
practice. 

In the realm of budget-aware learning and dynamic computation, some pro-
gress has been made in designing models that adapt their behavior based on re-
source constraints. Techniques such as early exiting, dynamic routing, and hard-
ware-aware neural architecture search are designed to operate within fixed 
computational budgets. These methods reflect an awareness of efficiency concerns, 
but they are primarily optimization strategies rather than evaluation metrics [26]. 
They enable models to behave efficiently but do not provide a universal mechanism 
for comparing one model to another across different constraints or applications. 

Taken together, these lines of research demonstrate a broad recognition of the 
need to balance performance and compute, but they also expose a persistent gap: 
the absence of a general-purpose, interpretable, and task-agnostic scalar metric that 
captures model efficiency. Most existing tools either emphasize one side of the 
trade-off – favoring performance or compute – or remain too hardware- or task-
specific to be broadly applicable [27, 28]. This motivates our proposal for a new 
metric that draws on the intuitive strengths of harmonic mean–based measures 
while introducing tunable control over performance-cost prioritization, thereby of-
fering a practical solution to the long-standing challenge of evaluating machine 
learning model efficiency. 

PROPOSAL OF A FORMULA FOR EVALUATING MODEL EFFICIENCY 

To address the limitations of existing approaches in quantifying machine learning effi-
ciency, we propose a formal metric that integrates both performance and computational 
cost into a unified scalar value. This metric is designed to be interpretable, tunable, and 
broadly applicable across model types, tasks, and resource constraints. 
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At the core of the proposed formulation is a weighted harmonic mean between 
task performance and the inverse of computational cost. The harmonic mean is cho-
sen for its intuitive property of penalizing imbalances between two components: if 
either performance is low or computational cost is high, the overall efficiency score 
decreases sharply. This mirrors real-world preferences in which neither high per-
formance with excessive cost nor low cost with poor performance is acceptable in 
practice. 

Let A denote the task-specific performance of a model (e.g. accuracy,  
F1-score, mAP, etc.), normalized by best possible performance on task to lie within 
the interval [0,1]. Let C denote the task-related compute cost of the model  
(e.g. latency, GWh, $/token, etc.), also scaled to [0,1] by largest acceptable cost. 
Since compute cost is to be penalized, we define 𝐶ᇱ = 1 – 𝐶, which represents 
compute efficiency. This yields a formulation similar to the Fβ-score used in  
[29, 30] for information retrieval: 

2
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1 required requiredA C A A C C
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
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                    (1) 

Here, β2(0, ∞) is a user-defined parameter that governs the trade-off between per-
formance and compute cost. When β2 = 1, the formula reduces to the balanced har-
monic mean, assigning equal weight to performance and compute. As β2 → 0, the 
metric increasingly favors compute efficiency, and as β2 → ∞, it increasingly favors 
performance. 

This design satisfies several desirable properties. Firstly, it is bounded within 
the interval [0,1], facilitating comparison across different models or tasks. Sec-
ondly, it is symmetric when β2 = 1, meaning that any imbalance between perfor-
mance and compute leads to penalization. Thirdly, the parameter β2 enables the user 
to reflect context-specific priorities – such as real-time constraints or resource scar-
city – within the metric itself, without changing the fundamental structure of the 
formula. 

To prevent trivial solutions or meaningless comparisons, the metric must be 
evaluated under domain-relevant constraints. We define a minimum required per-
formance 𝐴௥௘௤௨௜௥௘ௗ  and a maximum acceptable compute budget 𝐶௥௘௤௨௜௥௘ௗᇱ . Any 
model that fails to satisfy 𝐴 ≥  𝐴௥௘௤௨௜௥௘ௗ or 𝐶ᇱ  ≤ 𝐶௥௘௤௨௜௥௘ௗᇱ  is considered infeasi-
ble and receives an efficiency score of zero. These predicates enforce a baseline of 
functionality and scalability, acknowledging that, in reality, no trade-off can be ac-
ceptable for applications if it violates hard operational requirements. 

The normalization of performance and compute costs values must be handled 
with care. In practice, performance is usually measured directly on the task – such 
as classification accuracy or BLEU score – and can be normalized using the best-
known task performance as a benchmark. Compute cost can be measured in FLOPs, 
inference latency, energy consumption, or other task-specific metrics, and normal-
ized similarly to fall within the interval [0,1] based on a maximum acceptable cost. 
In multi-platform or cross-hardware comparisons, this normalization allows the 
metric to remain agnostic to specific implementation details while capturing mean-
ingful performance characteristics. 

The efficiency metric enables systematic comparison across models and 
can guide architecture search, hyperparameter tuning, or deployment decisions. 
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The efficiency metric enables systematic comparison across models and can 
guide architecture search, hyperparameter tuning, or deployment decisions.  
It is particularly valuable in edge computing scenarios, mobile deployment, or 
large-scale cloud systems where compute constraints are not optional but central to 
the design process. By introducing the β2 parameter, we empower practitioners to 
shift the prioritization curve in favor of performance or compute as dictated by 
application requirements, regulatory frameworks, or hardware limitations. 

Ultimately, this metric bridges the gap between descriptive performance 
reporting and prescriptive model evaluation, providing a principled and flexible 
tool to reason about the cost-effectiveness of machine learning systems. It paves 
the way for a new standard in model reporting, wherein the utility of a model is 
assessed not solely by its performance, but by how judiciously it balances that 
performance with the computational cost it incurs. 

ABLATION STUDY 

To validate the theoretical properties and practical relevance of the proposed 
efficiency formula 𝐸ఉ (1), we conduct an in-depth abstraction study. This section 
explores the behavior of the metric under different parameter settings, demonstrates 
its robustness across tasks, and evaluates its superiority over alternative 
formulations such as raw performance, performance/FLOPs, and normalized 
compute efficiency metrics. Our goal is to establish the sensitivity, interpretability, 
and practical deployment readiness of 𝐸ఉ under a wide spectrum of ML workloads. 

We begin by considering the boundary conditions defined by the predicate 
constraints 𝐴 ≥  𝐴௥௘௤௨௜௥௘ௗ and 𝐶ᇱ  ≤ 𝐶௥௘௤௨௜௥௘ௗᇱ . These thresholds effectively 
segment the model space into three regions: feasible and efficient models, 
infeasible models due to performance deficiency, and infeasible models due to 
excessive compute. In real-world deployment scenarios, such segmentation is 
crucial. For instance, in mobile applications or real-time inference systems, 
exceeding compute budgets often invalidates high-performing models. Similarly, 
performance levels below an acceptable minimum (e.g., below 90 % Top-1 in 
ImageNet or under 0.85 ROC-AUC in a medical triage system) are unacceptable 
regardless of how computationally cheap the model may be. The predicate-based 
gating structure in 𝐸ఉ is therefore not just a mathematical formality but a reflection 
of hard constraints faced in software design. 

Next, we analyze the core trade-off behavior of the main formula body. Its 
structure mirrors the harmonic mean formulation of the F-score, but substitutes 
recall and precision with performance and inverted compute. The substitution of 𝐶′ =  1 − 𝐶 ensures that high compute costs penalize the metric disproportionately 
when β2 < 1, favoring compute-efficient models. Conversely, when β2 > 1, the 
structure prioritizes performance, tolerating higher compute in return for higher 
prediction quality. 

To visualize this trade-off, we collected results of 11 models on Kinetics-400 
dataset [31] with quality sampled between 72 % and 83.1 %, and compute budgets 
ranging from 75 GFLOPs to 4.2 TFLOPs per inference. For each model, we 
computed raw accuracy, accuracy to compute ratio, and 𝐸ఉ with 𝛽ଶ  = 1. All data 
gathered as Table 1.  
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T a b l e  1 .  Comparison of SOTA algorithms on Kinetics-400. For normalization 
we used 83.1 % for accuracy and 4218 GFLOPs for compute 
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 𝑬𝜷, 𝜷𝟐 = 𝟏 

R(2+1)D [32] 72.0 75 0.96 48.73  0.92  

I3D [33] 72.1 108 0.67 33.89 0.92 

NL I3D-101 [34] 77.7 359 0.22 10.99 0.92 

SlowFast R101 + NL [35] 79.8 234 0.34 17.31 0.95 

X3D-XXL [36] 80.4 144 0.56 28.34 0.97 

MViT-B, 64x3 [37] 81.2 455 0.18 9.06 0.93 

TimeSformer-L [38] 80.7 2380 0.03 1.72 0.60 

ViT-B-VTN [39] 78.6 4218 0.02 0.95 0.00 

ViViT-L/16x2 320 [40] 81.3 3992 0.02 1.03 0.10 

Swin-B [41] 82.7 282 0.29 14.89 0.96 

Swin-L [41] 83.1 604 0.14 6.98 0.92 

 
The results demonstrate that both Quality and Quality to Compute metrics 

exhibit biased preference: the former ranks all high-accuracy models top regardless 
of cost, while the latter excessively rewards cheap, low-performing models. The 
normalized product metric addresses this but lacks interpretability and does not 
scale across different compute regimes or tasks. In contrast, 𝐸ఉ adapts fluidly: for 
small β2, it closely tracks energy-aware efficiency frontiers; for large β2, it aligns 
with traditional leaderboard-like ranking schemes. 

Additionally, in practical case studies involving BERT, MobileBERT, Distil-
BERT, and TinyBERT on GLUE, we observed that 𝐸ఉ correctly reflects realistic 
deployment preference orderings (Table 2). For β2 = 1, TinyBERT, despite having 
slightly lower accuracy, outperforms BERT under our efficiency score due to its 
substantially lower inference latency. For β2 = 100, however, BERT's superior ac-
curacy regains dominance. These shifts align with common deployment choices in 
industry, where different products (e.g., cloud vs mobile NLP) weigh accuracy and 
compute differently. 

Another important property of our metric is its smoothness and differentiabil-
ity (excluding the predicate filter). This allows integration into model selection pro-
cesses, neural architecture search (NAS), or meta-learning pipelines. Because 𝐸ఉ is 
differentiable almost everywhere, it can even be used as an objective function or 
reward signal in reinforcement learning-based NAS [1, 13, 16]. 
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T a b l e  2 .  Efficiency evaluation of NLP model on GLUE [42]. For normalization 
we used 78.3 % for accuracy and 25 TFLOPs for compute 
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 𝛽ଶ = 0.5 𝛽ଶ = 1 𝛽ଶ = 100 

BERT-base [43] 78.3 22.5 3.48 0.143 0.182 0.918 
MobileBERT [44] 77.0 5.7 13.5 0.832 0.865 0.981 
DistilBERT [45] 70.3 11.3 6.22 0.630 0.681 0.892 
TinyBERT [46] 75.4 1.2 62.83 0.956 0.957 0.963 
 
These findings establish 𝐸ఉ as not only theoretically sound but also practically 

aligned with how practitioners would reason about deployment under constraints. 
Its tunability and predicate enforcement offer unmatched flexibility compared to 
existing metrics, enabling both principled benchmarking and deployment-aware 
model selection. 

CONCLUSIONS 

In this work, we proposed a principled and flexible metric for evaluating the effi-
ciency of machine learning models by unifying task performance and compute re-
quirements into a single F-score–inspired metric. Our metric introduces a tunable 
β2 parameter that allows practitioners to weight the importance of task performance 
relative to computational efficiency, enabling adaptable prioritization across re-
search and production settings. 

Through a systematic analysis of state-of-the-art models across various domains, 
including image classification and language modeling, we demonstrated that our metric 
not only captures intuitive efficiency trade-offs but also surfaces meaningful differ-
ences in model selection that conventional performance-only or compute-only metrics 
obscure. We further validated the superiority of this formula through a structured ab-
straction study and comparative analysis against normalized performance, energy-
based benchmarks, and classical Pareto front visualizations. 

Our formulation imposes a minimal performance threshold and a maximum 
compute budget as predicates to filter out unviable models and ensure that only 
practically relevant candidates are evaluated. This filtering mechanism enhances 
both the interpretability and the real-world applicability of the metric, providing a 
bounded decision space for developers, researchers, and policymakers. 

Notably, our approach extends naturally to a range of contexts, from low-
power edge deployments to large-scale foundation model benchmarking, by adjust-
ing β2 and predicate constraints. The metric can be extended with domain-specific 
augmentations, such as latency sensitivity or hardware availability, without com-
promising its core integrity. 

Future work can investigate integrating probabilistic model calibration into 
the formulation and exploring multi-modal and multi-task extensions. Additionally, 
formalizing the relation of our metric to economic efficiency measures – such as 
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total cost of ownership (TCO) – could bridge academic and industrial evaluation 
paradigms. 

In summary, our proposed efficiency score provides a powerful, tunable, and 
interpretable tool to unify performance and cost in machine learning evaluation. 
As ML models grow ever more complex and deployment environments more  
varied, such a metric will be essential in driving responsible and impactful innova-
tion. 
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ОЦІНЮВАННЯ ЕФЕКТИВНОСТІ МОДЕЛЕЙ МАШИННОГО НАВЧАННЯ: 
УНІФІКОВАНА МЕТРИКА БАЛАНСУВАННЯ ПРОДУКТИВНОСТІ ТА 
ВАРТОСТІ / О.А. Зарічковий, І.В. Стеценко, О.П. Стельмах, А.Ю. Дифучин,  
Я.І. Корнага 

Анотація. Подано нову уніфіковану метрику для оцінювання ефективності мо-
делей машинного навчання, глибокого навчання та штучного інтелекту шляхом 
балансування продуктивності та вартості виконання. Наявні метрики зазвичай 
ізольовано враховують лише продуктивність або лише обчислювальні характе-
ристики (наприклад, FLOPs, затримку, енергоспоживання), не відображаючи 
притаманний компроміс між обмеженими ресурсами та здатністю до передба-
чення в єдиній формулі. Запропоновано формулу, яка містить налаштовуваний 
фактор компромісу та жорсткі обмеження на продуктивність і вартість, що дає 
змогу здійснювати принципове порівняння між моделями та середовищами ро-
згортання. Формалізація узагальнює попередні евристики та демонструє чітку 
інтерпретованість, масштабованість і врахування особливостей апаратного за-
безпечення. 
Ключові слова: ефективність штучного інтелекту, обчислювально-орієнто- 
ване оцінювання, оцінювання моделей, сталість штучного інтелекту, ефектив-
ність програмного забезпечення. 


