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ABSTRACT

Widespread adoption of artificial intelligence in edge computing, mobile devices, autonomous systems, and IoT
devices has placed a growing importance on efficient inference models. Common optimization techniques focus
mainly on the predictive accuracy or computational complexity, with little attention to the influence of
inference latency, energy consumption, or model quality. This paper suggests a multi-objective learning
framework for optimizing them, all competing dimensions of performance, together. The proposed framework
combines hardware-aware profiling characteristics, model compression, adaptive loss weighting, Pareto-based
candidate selection, and deployment-aware validation. The normalized objective function includes a trade-off
between latency, energy and classification error and it keeps application-specific resource constraints. In the
optimization approach, non-dominated model configurations are identified, instead of just a single weighted
configuration. The framework has been designed to enable deployment in a heterogeneous computing
environment. An illustrative evaluation protocol is used to illustrate how percentage-based comparisons can
quantify trade-offs among competing strategies. This methodology creates a repeatable framework for deploying
machine learning models while maintaining accuracy, minimizing latency, and reducing energy consumption.
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1. INTRODUCTION

1.1. Background and Motivation

A. L., or Artificial Intelligence, is ubiquitous in modern computing systems and is used for
several applications, including image classification, speech recognition, predictive maintenance,
intelligent transportation, industrial automation, and real-time decision-making. Deep neural
networks have high prediction accuracy but are complex, memory-intensive and energy-hungry,
posing challenges in resource-limited environments. The efficient running of inference on edge
devices, embedded systems, mobile processors, and battery-powered sensors is constrained by tight
latency, power and thermal budgets. The ratio of the response time to the inference latency is the
operational efficiency, the ratio of the energy consumption to the inference latency is the response
efficiency, and the ratio of the accuracy of the model to the inference latency is the predictive
reliability. It is difficult to optimize all these metrics jointly as improvements in one objective may
come at a cost to the other. For instance, compression and quantization of the model may be used to
reduce computational load, but can lead to loss of accuracy. Likewise, the less complicated the
models, the faster they may be performed on every one of the various hardware platforms is not
always the case. Hence, multi-objective learning offers a systematic means of finding a good trade-off
between inference latency, energy consumption, and predictive accuracy. To enable reliable, energy-
efficient, and high-performance deployments of Al models in the complex landscape of real-world
computing, developing adaptive optimization strategies is crucial.

1.2. Research Problem and Objectives

In many resource-constrained computing scenarios, the deployment of AI models is fraught
with challenges, including the need for low latency for inference, low energy consumption, and high
predictive accuracy. While traditional optimization methods focus on a single performance metric,
they may not consider all the deployment needs, leading to a configuration that may not match
actual requirements. Thus, this research aims to explore a multi-objective learning framework that
can simultaneously optimize these metrics, find out good trade-off, and enable to evaluate
consistently on different hardware platforms. The overall goal is to build an effective and reliable
optimization methodology for classification-based inference which can be adapted to other predictive
tasks.

CE% Reseathrol;lemandObjectiv&s)

) o ° ¢
L 2 //'-\ //-'\\.‘ A
o 23 ( 513 | 9 B
A -l.l s g ﬂo =) -,
l:% ) valuation across | Application Scope
D / "ﬂw and Generalizability
l

Fig1 - Research Problem and Objectives
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1.2.1. Joint Optimization of Performance Metrics

The first goal is to put in place a single optimization framework that incorporates inference
latency, energy consumption and predictive accuracy. The proposed approach is based on computing
efficiency and predictability of the model configurations. This will allow us to identify desired setups
for various applications and resource constraints.

1.2.2. Identtification of Optimal Trade-Offs

The second aim is to be able to obtain a balance of model configurations without using only
manually derived objective weights. A Pareto based optimization method can be used to find none
dominated solutions where optimizing one metric leads to sacrificing another. This gives more
flexibility in terms of choosing models based on the required performance characteristics in specific
applications.

1.2.3. Evaluation across Heterogeneous Hardware

The third goal is to test optimized model configurations on various hardware platforms in the
same experimental conditions. The assessment takes into account differences in processor
architecture, memory resources, power characteristics, execution environments. This would help
quantify whether the chosen configurations offer consistency across hardware platforms of other
improvements in performance.

1.2.4. Application Scope and Generalizability

This is focused on classification-oriented inference, as this allows the systematic assessment of
predictive accuracy, in addition to latency and energy consumption. But by modifying the
performance metrics, the proposed framework can be extended to regression, forecasting and other
predictive tasks. This flexibility will enable wider use of multi-objective learning in other areas of
edge computing, embedded intelligence, and low-energy Al deployment.

1.3. Research Objectives
The primary goal of this study is to build a deployment-aware multi-objective learning
approach that optimizes and enhances the accuracy of predictions while also minimizing energy
consumption and inference time, enabling efficient deployment of Al models. The proposed
methodology intends to overcome the limitations of the traditional optimization techniques which
rely mostly on the desired performance parameter without taking into account the practical
requirements of the application and hardware constraints. The first goal is to define normalized
objective functions for latency, energy, and predictive accuracy, so that these can be compared and
optimized in a single framework, but they have different scales of measurement and different
optimization directions. The second goal is to combine the model compression methods, such as
quantization, pruning and architecture modification, into a common search space to find the most
efficient network architecture while retaining key predictive features. The third goal is to use Pareto-
based optimization to find non-dominated model configurations that come with varying trade-offs
between accuracy, execution time and energy consumption. This method eliminates manual objective
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weight assignments, and offers flexibility in configuration selection based on deployment priorities.
The fourth objective is to integrate application-specific constraints such as maximum allowed
inference latency, energy consumption bounds, and minimum acceptable predictive accuracy in such
a way that the chosen models meet real-life operational requirements. The fifth goal is to develop a
procedure for evaluating the system (repeatable experiments and similar data, tooling and standard
measurement processes and suitable performance indicators). Variations in hardware platforms,
execution environments and workload characteristics will be taken into account for the evaluation to
improve the reliability and generalizability of the findings. In addition, percentage comparison to the
base models will be used to measure the improvements in latency, energy consumption and
predictive accuracy. Repeated measurements will be summarized by means and standard deviations,
which will help to characterize measurement variability. In summary, these goals aim to develop a
viable optimization approach while maintaining a good balance between predictive performance and
computational costs, enabling the selection of appropriate models and achieving the deployment of
reliable, lightweight, and energy-efficient AI systems in resource-limited and heterogeneous
computing frameworks.

2. LITERATURE SURVEY

2.1. Single-Objective Model Optimization

The optimization of traditional neural networks has been mainly concerned with minimizing
the training loss or maximizing the predictive accuracy, by means of gradient based optimization
techniques, like stochastic gradient descent or adaptive optimisation techniques [1] [2]. But achieving
high training accuracy does not mean low inference latency or energy consumption in deployment.
Model compression methods like pruning, quantization, and knowledge distillation aim to preserve
predictive capabilities of the model with reduced computational complexity, memory usage, and
model size [3]-[5]. However, the efficiency is affected by network architecture, data characteristics,
hardware specifications and compression levels. Moreover, the true execution behavior not only
cannot be fully reflected by the conventional efficiency indicators like parameter number and
floating-point operation number, but there are also situations where the indicators are not applicable.
The impact of memory access overhead, processor utilization, parallelization, and hardware
acceleration can introduce significant variations in the measured latency and energy consumption,
making it important to directly evaluate the system for deployment.

2.2. Multi-Objective Learning Approaches

Multi-objective optimization is used to find appropriate model configurations by taking
competing performance metrics (such as predictive accuracy, inference latency, and energy
consumption) into account. It is not like single objective optimization when it yields one single
possible solution; in this case, it yields a set of possible solutions that show various trade-offs among
the performance requirements. Weighted-sum methods will use multiple objectives in a single
optimization problem, which will require proper normalization and weighting. The non-dominated
sorting and diversity-preserving techniques in the evolutionary algorithm (NSGA-II) do not force any
single user to make any specific trade-off between the conflicting objectives since they try to
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investigate other possible solutions [6]. Such methods are very beneficial when deployment needs
differ from application to application. Multi-objective learning is used to determine Pareto front and
thus guide the model development process to create a model that meets certain accuracy
requirements, latency constraints, and energy usage constraints while also offering flexibility in
deployment options.

2.3. Computational Neurology: Introduction

Neural network optimization on a target platform that takes into account the target-platform
features is referred as a hardware-aware neural network optimization. MnasNet showed that
accurate inference latency is crucial in the architecture search process, and that model configurations
could be made based on real hardware performance, not just computational estimates [7]. Like that,
NetAdapt works by simplifying a retrained neural network in an iterative manner, while taking into
account the resource constraints and the predictive accuracy of the network [8]. Efficient deployment
is further supported by Once-for-All networks which allow for selecting portions of a super network,
trained on the data sets of those networks, as sub networks for the deployment in order to tackle
various hardware capabilities and computational budgets [9]. Even with these developments, it is
still crucial to consider a joint optimization of the measured energy consumption, the latency
variability, and the predictive accuracy for practical implementation. Combining these metrics into a
holistic decision making process can help to increase the model's suitability for battery-powered
devices, embedded systems, and latency-sensitive applications.

2.4. Research Gap and Proposed Direction

Preliminary research has shown that deploying neural networks more efficiently is possible
using model compression, hardware-aware architecture search, and Pareto optimization. But
inconsistencies in target normalization, the lack of direct energy measurements and the absence of
adequate accounting for the variability of latencies can make it more difficult to make dependable
comparisons between candidate models. Also, the parameters used for an optimum configuration
may differ from one device to another. In addition, the parameters used for an optimum
configuration may differ from one device to another. The limitations point to the need for a common
platform for evaluating that takes into account hardware features and application specific constraints.
These challenges are overcome by the integration of normalized objective functions, hardware-aware
performance profiling, pareto candidate selection and constraint-aware validation in the proposed
research. The framework is designed to offer a repeatable approach to simultaneously optimize
predictive accuracy, inference latency and energy consumption in a heterogeneous computing
setting.

3. METHODOLOGY
3.1. Latency, Energy, and Accuracy Measurement
Lightweight Al models need to be systematically assessed in terms of their inference latency,
energy efficiency, and predictive accuracy to gauge their viability in resource-limited computing
contexts. Inference latency: Time taken between providing an input to a trained model and receiving
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the model's prediction. The latency of each inference operation is denoted by \ (L_i\), and the mean
latency of the N repeated inference operations is given by:
\ (\bar{L}=\frac{1}{N}\sum_{i=1}{N}L_i\). While the mean latency gives a general idea of
performance, the \(L_{95}\) (95th-percentile latency) also serves as an important measure for
assessing the response-time regularity of a system and for detecting possible deadline violations in
real-time applications. The energy consumed is the electrical energy used to perform an inference
operation, and is equal to the sum of the power consumed over the time of the inference operation, or
\ (E_i=\int_{t_i}™Mt_i+L_i}P(t)\,dt\). In this case, P(t) is the instantaneous power and t_i and L_i are
the start time of the inference and the time for its execution, respectively. Measurements should be
based on the power used by the device compared to the power used by the device when there is no
inference being carried out, making sure that the energy used for the inference is measured
separately from energy used by the device in general. Predictive accuracy refers to the fraction of
correctly  classified data samples in the test set, and is computed as:
\ (A(\ theta)=\frac{1}{N_{\ mathrm{test}}}\ sum_{i=1}"{N_{\ mathrm{test}}}\ mathbb{I}[\ hat{y}_i=y_i]
\), where \ (N_{\mathrm{test}}\) is the number of samples in the test set, and \ (\hat{y}_i\) and
\(y_i\) represent the predicted class and the ground-truth label for the \(i*{\text{th}}\) sample,
respectively, and \(\mathbb{I}[\cdot]\) is an indicator function. If the data set is imbalanced,
complementary measures such as macro-F1, balanced accuracy and class-specific recall should be
used. All measurements should require the same test inputs, the same hardware setups, the same
conditions of execution and repeated trials to increase the experimental reliability. The combination
of these metrics offers a comprehensive framework for evaluating candidate models and determining
configurations that offer a balance of predictive accuracy, computational speed, and energy
efficiency.

3.2. Proposed Multi-Objective Learning Architecture

The proposed Joint Latency-Energy-Accuracy Optimization (JLEAO) architecture unifies the
training of the model, generation of candidates, hardware-aware profiling, multi-objective
optimization, and Pareto-based optimization into an integrated framework. The architecture
compares the different configurations of the neural networks for the task on hand, based on inference
latency, energy consumption, predictive accuracy, and memory usage, in order to find viable
deployment options. It includes application-specific constraints and hardware attributes to guarantee
that the models selected meet practical operational needs. The overall pipeline enables systematic
comparison of candidate configurations and deployment of lightweight Al models to heterogeneous
computing environments.
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Fig 2 - Proposed Multi-Objective Learning Architecture

3.2.1. Candidate Model Generation

From the initial pretrained neural network, candidate models are created by adjusting the
parameters of the architecture, such as the width of the channels, the depth of the network, pruning
rates, and numerical precision and supported computing operations. The transformations have been
designed to minimize computational complexity and memory usage, while maintaining acceptable
prediction accuracy. Shared super networks and weight inheritance can lower the cost of evaluating
multiple candidate architectures where there are sufficient computational resources. Each candidate
is then tuned and tested on the validation data to estimate the accuracy and to check if it can be
further profiled on hardware.

3.2.2. Adaptive Multi-Objective Loss

Within the JLEAO framework, the trade-offs between latency, energy consumption and
predictive accuracy are all represented within a unified mathematical framework by a normalized
scalar surrogate objective. The goal is a normalization of efficiency together with an accuracy penalty,
which enables the weight of the various components to be changed in light of the application's needs.
The weights may be fixed or modified based on the validation data and deployment priorities as long
as they are nonnegative and the sum of all weights is one. The scalar objective does not directly
ensure the best performance of the selected hardware, as latency and energy are not always
separable, so empirical profiling and Pareto-based evaluation are still needed for guiding the search
of a candidate.

3.2.3. Pareto Dominance

However, Pareto dominance gives a structured procedure in comparing candidate models
based on multiple optimization objectives without having to define a single “best” model. A
candidate outperforms another candidate if he or she scores at least one point higher in each objective
and no lower than another in any objective. The Pareto front contains candidates that are not
dominated by any other possible alternative because they provide different trade-offs between
latency, energy consumption and predictive accuracy. The final deployment configuration can then
be chosen from this set based on application specific requirements such as maximum response time,
available energy budget, and classification accuracy that is minimally desired.
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3.3. Experimental Design and Evaluation Metrics

The proposed Joint Latency-Energy-Accuracy Optimization (JLEAO) framework is designed
for the experimental testing of model performance, using a systematic and repeatable benchmarking
process. The use of any fixed dataset split, consistent model configurations, and enforced pre-
processing procedures, in addition to a clearly defined hardware environment are crucial for
enabling consistent comparisons. An alternative dataset with different properties can be used to
explore the issue of generalization, and CIFAR-10 can serve as an initial image-classification dataset.
The baseline is MobileNetV2, a light-weight convolutional neural network. Four approaches are
compared in the experimental evaluation: accuracy oriented optimization, latency oriented
optimization, and energy oriented optimization and the proposed joint optimization method.
Wherever possible all the approaches need to have an equivalent training split and validation split,
the same hyper parameter search algorithm, and the same inference settings. Inference latency is
calculated after a warm-up period (repeated executions) with appropriate synchronization of the
accelerators to ensure correct timing. The average performance is measured by mean latency, and the
95th percentile latency is measured to show the variation in response time. Energy use per inference
is measured with a calibrated external power measuring instrument or a validated hardware energy
counter, and the measurement process explicitly separates the total energy use of the device from the
incremental energy use required to make the inference. The batch size, number of digits, number of
threads, processor frequency, and background load should be controlled or documented as variables
in the experiments. Percentages are used to measure improvements from the baseline. If the metrics
are to be minimized, such as latency, or energy consumption, then improvement is measured as the
fraction of the difference between the value and the baseline. To measure the relative improvement,
difference between proposed and baseline accuracy is divided by baseline accuracy for predictive
accuracy. In addition, an improvement in absolute accuracy should be reported in percentage points,
in order to prevent misunderstandings between relative and absolute improvements. The final
evaluation takes into account the mean latency, the tail latency, and energy per inference, predictive
accuracy and the variance of repeated measurements. Moreover, the number of possible Pareto-
optimal configurations are also recorded to quantify the diversity of deployment options. Together
these evaluation procedures offer a consistent basis for assessing whether JLEAO offers meaningful
improvements in computational efficiency and still is acceptable in predictive performance on
various hardware platforms.

4. RESULT AND DISCUSSION

4.1. Experimental Setup and Evaluation Protocol

The proposed Joint Latency-Energy-Accuracy Optimization (JLEAO) framework is an
experimental setup that is intended to test the effectiveness of using lightweight neural network
models in resource constrained computing environments. The dataset, pre-processing pipeline,
training setup, model architecture, inference setup, processor specifications, availability of the
accelerator, memory capacity and how to measure the power should all be documented in a
reproducible implementation. The base model can be a lightweight neural network like MobileNetV2
which is trained to achieve the highest accuracy on a certain training setup. Besides the above
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mentioned comparison strategies, three other comparison strategies should be adopted to focus on
accuracy, inference latency and energy consumption individually, and the proposed JLEAO strategy
considers all three objectives together. When comparing methods, each method should have the same
dataset partitions, the same data pre-processing, the same method of training, and the same
deployment constraints (where applicable). The key evaluation metrics are mean inference latency,
energy used per inference, and predictive accuracy; the 95th percentile latency offers some insight
into the variability of response times in real-time applications. The model should be evaluated on the
basis of repeated inference trials after a suitable warm-up, where the execution of the models is
controlled and hardware configuration is recorded. All energy measurements should be done
incrementally on the device, and on a consistent measurement definition to make comparisons.
Moreover, the candidate models should meet certain feasibility requirements such as maximum
allowable latency, energy consumption, and minimum prediction accuracy. If accuracy degradation
is not acceptable or energy usage exceeds the budget, then the configuration does not necessarily
have to be better for having lower average latency. Variability in measurement and stability of
performance over multiple trials should also be explored. With regard to the interpretation of the
results, no experimental set of measurements has been provided in this manuscript. Any numerical
gains, comparative graphs, or performance statements made in subsequent sections, therefore, are
intended merely as examples and should not be interpreted without concrete benchmark testing. The
above shall be replaced in the final analysis by experimentally determined values, along with the
measurement conditions, and discussed objectively incorporating the observed trade-offs. The aim of
this protocol is to create a structured basis for the development of a fair test of the possible practical
benefits of JLEAO with respect to single-objective optimization techniques, while at the same time
retaining the ability of the protocol to be reproduced, the measurements to be reliable, and the system
deployable on resource-constrained hardware platforms.

4.2, Percentage-Based Comparative Analysis

The comparative analysis is in percentages and compares the performance of various
optimization strategies in relation to a common baseline model. The comparison is based on the
reduction in latency, reduction in energy, and relative improvement in accuracy to highlight the
gains and losses of each method. Latency and energy reductions are represented by positive values;
reductions in resources, by negative values. These comparisons give a consistent basis for studying
the effectiveness of the single-objective and joint optimization approaches.

Table 1: Percentage-Based Comparative Analysis

Optimization Strategy = Latency Reduction Energy Reduction Relative Accuracy
(%) (Y0) Improvement (%)
Accuracy-oriented -8.0 -5.0 2
Latency-oriented 25 12 -1.5
Energy-oriented 15 28 -2.0
Proposed joint 22 24 0.5
optimization

Multi-Objective Learning for Joint Optimization of Inference Latency, Enerqy Consumption, and Model Accuracy
Yaseen Mohammad

) 32



ol eserch ISSN: 3071-5717

PP: 24-37.

Fig 3 - Percentage-Based Comparative Analysis

4.2.1. Accuracy-Oriented Optimization

For accuracy oriented optimization, the optimization focus is predictive performance, which
involves choosing the configuration of the model to achieve minimum classification errors. The
hypothetical values in Table I, show this strategy results in a relative accuracy increase of 2.0%, an
increase of 8.0% in latency, and an increase of 5.0% in energy consumption. This result illustrates the
trade-off of prediction accuracy and computational efficiency. Experimental measurements need to
be performed to establish actual performance.

4.2.2. Latency-Oriented Optimization

Latency-oriented optimization is geared towards minimizing inference time that can span a
period of several seconds to enable fast applications. The illustrative comparison shows a 25.0%
reduction in latency, 12.0% reduction in energy and 1.5% relative reduction in accuracy. This means
that there is a possibility of sacrificing some predictive power in order to gain speed in execution.
This is a compromise that will vary depending on the application's accuracy needs and response-time
needs.

4.2.3. Energy-Oriented Optimization

Energy-oriented optimization seeks to optimize electrical energy consumption for model
inference, especially in battery-powered and resource-limited devices. The hypothetical results show
a 28.0% reduction in energy and a 15.0% reduction in latency with a 2.0% relative reduction in
accuracy. This is a good example of how the simplicity of the model can lead to greater energy
efficiency but at the same time, it may cause the predictive performance to drop. These benefits need
to be experimentally verified to see if they are possible on the target hardware.

4.2.4. Proposed Joint Optimization
The proposed JLEAO strategy takes into account both inference latency and energy
consumption and at the same time pays attention to the predictive accuracy to determine the balance
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model configurations. The illustrative results show that the latency can be reduced by 22.0%, the
energy can be reduced by 24.0%, and relative accuracy can be improved by 0.5%. That is a scenario
that could be a good compromise between computational speed and predictive accuracy. The ability
to outperform individual optimization strategies, however, needs to be proven with reproducible
benchmarking and validation against pre-defined deployment constraints.

4.3. Pareto-Front Analysis and Discussion

The Pareto-front analysis methodology is a useful tool to consider the trade-offs between
model accuracy, inference time, and energy usage in the proposed multi-objective optimization
approach. Pareto Analysis has a different approach from traditional evaluation which uses only a
single performance score. Pareto analysis identifies the candidate model where any improvement on
the objective would have a negative impact on at least one other objective. In the illustrative
accuracy-latency trade-off, candidate hypothetical models illustrate that increasing the accuracy of
the prediction may involve more computational steps, which can result in longer inference time;
however, these values are not concrete, and would need to be replaced by measurements from the
actual hardware. A latency-sensitive application might choose a faster model that meets its minimum
accuracy constraint while an energy-constrained edge device might choose a configuration that
results in the lowest energy usage per inference. Applications where the prediction accuracy is
critical, however, might choose to use a more expensive model, if they have the flexibility for
deployment in terms of latency and energy. The predictive power of the proposed framework relies
on the ability to make accurate measurements of energy, consistent benchmarking conditions, and
maintaining enough diversity of possible energy solutions. In the process of achieving objective
normalization, latency, energy consumption, and accuracy are compared without giving differences
in measurement units undue weight in the optimization process; explicit resource constraints will not
allow a candidate to be chosen for being good on one metric only. The study should provide
confidence intervals or other statistics of repeatability across multiple experimental trials; if possible,
the study should also evaluate the performance on other hardware platforms and also compare the
proposed approach to existing model-compression and hardware-aware neural architecture search
algorithms. In addition, the ablation experiments should also explore the effect of each of the three
optimization methods (adaptive objective weighting, Pareto-based candidate filtering, and direct
energy measurement) separately on the overall optimization performance.

5. CONCLUSION

This paper introduced a multi-objective learning paradigm named Joint Latency-Energy-
Accuracy Optimization (JLEAO) to optimize the inference latency, energy consumption, and
predictive accuracy in resource limited and performance sensitive computing applications. The
proposed architecture involves candidate model generation, model compression, hardware-aware
profiling, objective normalization, Pareto-based selection and deployment-specific validation to
enable the informed model selection. The framework recognizes that better performance in one area
can come at the cost of a worse performance in another, all while minimizing latency, energy, and
predictive error. Rather than counting on a single aggregate performance score, it provides a set of
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non-dominated configurations which offer different trade-offs based on application needs. Because
the number of parameters in the model and its complexity do not fully represent the performance of
actual hardware, the methodology focuses on measuring the actual inference latency and energy
consumption. Objective normalization, explicit feasibility constraints and Pareto-front analysis
provide a well-defined framework for comparing the candidate models, while maintaining
deployment flexibility. In addition, the framework does not include the optimization of training;
rather, it separates out the optimization part from the deployment part, understanding that the
behaviour of the hardware during execution may be non-differentiable and dependent on the
processor architecture, runtime configuration, and operating conditions. Nevertheless, the present
manuscript is illustrative and not based on experimental data, so there is no proven numerical
improvement. The optimization process can also be costly in terms of computing time, if the training
and the hardware profiling of candidates needs to be repeated. Future work should involve
application of JLEAO to different representative edge devices, datasets and compute platforms to
determine its effectiveness under reproducible conditions. Uncertainty-aware performance
prediction, adaptive objective weighting, multi-fidelity profiling, online workload adaptation,
memory footprint, thermal stability, carbon intensity, and tail-latency constraints could be leveraged
in further investigations. If surrogate models that can predict latency and energy based on
characteristics of the architecture can be developed, they could also help to lower the cost of
hardware-based evaluation if they were calibrated with direct evaluations. Finally, multi-objective
learning provides a systematic basis for designing efficient application-aware inference systems. Its
usefulness needs to be established by a series of carefully designed experiments that selected models
are able to be deployed and provide a good trade-off between predictive accuracy, inference speed
and energy efficiency.

REFERENCES

[1] S. Ruder, “An overview of gradient descent optimization algorithms,” arXiv preprint arXiv:1609.04747, 2016.

[2] Syed, Y. (2023). Polyglot Persistence and Enterprise Data Migration: Architectures, Consistency, and Practice. American
International Journal of Computer Science and Technology, 5(3), 61-66. https://doi.org/10.63282/3117-5481/ AIJCST-
V5I3P106

[3] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,” in Proc. Int. Conf. Learn. Representations
(ICLR), 2015.

[4] Fung, W., Guo, L., Hilliard, D., Casadei, A., Ratan, R., Bhaduri, S,, ... & Rakshit, A. (2025). OpComm: A Reinforcement
Learning Framework for Adaptive Buffer Control in Warehouse Volume Forecasting. arXiv preprint arXiv:2512.19738.

[5] Syed, Y. (2025). Generative Al Integration and RAG-Based Enterprise Tooling: Architectures, Techniques, and
Organizational Impact. International Journal of Scientific Research in Science, Engineering and Technology, 12(6), 600-606.
DOI: https:/ /doi.org/10.32628 /]JSRSET2613255

[6] S. Han, H. Mao, and W. ]. Dally, “Deep compression: Compressing deep neural networks with pruning, trained
quantization and Huffman coding,” in Proc. Int. Conf. Learn. Representations (ICLR), 2016.

[7] Nangi, P. R.,, Obannagari, C. K. R. N., & Settipi, S. (2022). Enhanced Serverless Micro-Reactivity Model for High-
Velocity Event Streams within Scalable Cloud-Native Architectures. International Journal of Emerging Research in
Engineering and Technology, 3(3), 127-135.

[8] Syed, Y. (2024). DevSecOps and Enterprise-Scale CI/CD Pipeline Engineering: Governing Delivery Velocity, Embedded
Security, and Release Automation Across Polyglot Environments. International Journal of Scientific Research in
Science, Engineering and Technology, 11(5), 475-484. DOI: https:/ /doi.org/10.32628 /IJSRSET2513156

Multi-Objective Learning for Joint Optimization of Inference Latency, Enerqy Consumption, and Model Accuracy
Yaseen Mohammad

&l 35


https://doi.org/10.63282/3117-5481/AIJCST-V5I3P106
https://doi.org/10.63282/3117-5481/AIJCST-V5I3P106
https://doi.org/10.32628/IJSRSET2613255
https://doi.org/10.32628/IJSRSET2513156

A
WCR

FUM e

ISSN: 3071-5717
PP: 24-37.

[9] Bhaduri, S., Mullapudi, P., Dietrich, S., DeWaters, S., Ratan, R., Kashyap, B., ... & Rakshit, A. (2025). Beyond mere
automation: A techno-functional framework for reimagining gen-Al in supply chain operations.

[10] G. Hinton, O. Vinyals, and J. Dean, “Distilling the knowledge in a neural network,” arXiv preprint arXiv:1503.02531,
2015.

[11] Akinapalli, S. (2025). Metadata-driven data integration framework: Automating enterprise data integration through
declarative approaches. European Modern Studies Journal, 9(4), 9. http:/ /www journal-ems.com

[12] Pavan Nithin Mullapudi (2024). An Adaptive Explainability Framework for Machine Learning Predictions of Deals in
Cloud Computing . International Journal of Multidisciplinary Research and Growth Evaluation (IIMRGE), 5(3), 1027-
1034. DOL https:/ /doi.org/10.54660/ . JJMRGE.2024.5.3.1027-1034

[13] A. Polino, R. Pascanu, and D. Alistarh, “Model compression via distillation and quantization,” in Proc. Int. Conf. Learn.
Representations (ICLR), 2018.

[14] Obannagari, C. K. R. N., & Nangi, P. R. (2021). Predictive Autoscaling for Kubernetes Using Multivariate Time-Series
Forecasting. International Journal of Emerging Research in Engineering and Technology, 2(2), 73-83.

[15] K. Deb, A. Pratap, S. Agarwal, and T. Meyarivan, “A fast and elitist multiobjective genetic algorithm: NSGA-II,” IEEE
Trans. Evol. Comput., vol. 6, no. 2, pp. 182-197, Apr. 2002.

[16] Nangi, P. R., & Obannagari, R. N. CK, & Settipi, S.(2022). Predictive SQL Query Tuning Using Sequence Modeling of
Query Plans for Performance Optimization. International Journal of Al, BigData, Computational and Management Studies,
3(2), 104-113.

[17] M. Tan et al., “MnasNet: Platform-aware neural architecture search for mobile,” in Proc. IEEE/CVF Conf. Comput. Vis.
Pattern Recognit. (CVPR), 2019, pp. 2820-2828.

[18] T.-J. Yang, A. Howard, B. Chen, X. Zhang, A. Go, M. Sandler, V. Sze, and H. Adam, “NetAdapt: Platform-aware neural
network adaptation for mobile applications,” in Proc. Eur. Conf. Comput. Vis. (ECCV), 2018, pp. 285-300.

[19] H. Cai, C. Gan, T. Wang, Z. Zhang, and S. Han, “Once-for-All: Train one network and specialize it for efficient
deployment,” in Proc. Int. Conf. Learn. Representations (ICLR), 2020.

[20] Nangi, P. R., & Settipi, S. (2023). A cloud-native serverless architecture for event-driven, low-latency, and Al-enabled
distributed systems. International Journal of Emerging Research in Engineering and Technology, 4(4), 128-136.

[21] P. Ren et al., “A comprehensive survey of neural architecture search: Challenges and solutions,” ACM Comput. Surv.,
vol. 54, no. 4, Art. no. 76, 2021, doi: 10.1145/3447582.

[22] M. Tan and Q. V. Le, “EfficientNet: Rethinking model scaling for convolutional neural networks,” in Proc. Int. Conf.
Mach. Learn. (ICML), 2019, pp. 6105-6114.

[23] Nangi, P. R., Obannagari, C. K. R. N., & Settipi, S. (2022). Self-auditing deep learning pipelines for automated
compliance validation with explainability, traceability, and regulatory assurance. International Journal of Artificial
Intelligence, Data Science, and Machine Learning, 3(1), 133-142.

[24] H. Cai, L. Zhu, and S. Han, “ProxylessNAS: Direct neural architecture search on target task and hardware,” in Proc. Int.
Conf. Learn. Representations (ICLR), 2019.

[25] C. H. Lin, C. Y. Cheng, Y. C. Chen, H. C. Lee, and D. C. Juan, “MCUNet: Tiny deep learning on IoT devices,” in
Advances in Neural Information Processing Systems (NeurIPS), vol. 33, 2020, pp. 11711-11722.

[26] Nangi, P. R, & Obannagari, C. K. R. N. (2024). High-Performance Distributed Database Partitioning Using Machine
Learning-Driven Workload Forecasting and Query Optimization. American International Journal of Computer Science and
Technology, 6(2), 11-21.

[27] T.-]. Yang, Y.-L. Liao, and V. Sze, “NetAdaptV2: Efficient neural architecture search with fast super-network training
and architecture optimization,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), 2021, pp. 2402-2411.

[28] Nangi, P. R. (2022). Multi-Cloud Resource Stability Forecasting Using Temporal Fusion Transformers. International
Journal of Artificial Intelligence, Data Science, and Machine Learning, 3(3), 123-135.

[29] X. Lu, W. Dong, X. Li, J. Wu, L. Li, and G. Shi, “Adaptive search-and-training for robust and efficient network
pruning,” IEEE Trans. Pattern Anal. Mach. Intell, vol. 45, no. 8, pp. 9325-9338, Aug. 2023, doi:
10.1109/ TPAMI.2023.3248612

[30] S. Suganya, Dr K. Govind, "Relationship Between Social Media Addiction and Self-Esteem among Working and Non
Working Women," Purakala, vol. 31, no. 5, pp. 29-33, 2020.

Multi-Objective Learning for Joint Optimization of Inference Latency, Enerqy Consumption, and Model Accuracy
Yaseen Mohammad

& 36


http://www.journal-ems.com/
https://doi.org/10.54660/.IJMRGE.2024.5.3.1027-1034

A
WCR

Gt B

ISSN: 3071-5717
PP: 24-37.

[31] Reddy Nangi, P., & Reddy Nala Obannagari, C. K. (2023). Scalable End-to-End Encryption Management Using
Quantum-Resistant Cryptographic Protocols for Cloud-Native Microservices Ecosystems. International Journal of
Emerging Trends in Computer Science and Information Technology, 4(1), 142-153.

[32] Virendra Jangid. (2025). Al-Powered Cross-Border Securities Processing and ADR Platform Optimization. International
Journal of Leading Research Publication, 6(11). https://doi.org/10.70528 /IJLRP.v6.i11.2233

[33] Nangi, P. R., Obannagari, C. K. R. N., & Settipi, S. (2025). Large Language Model-Driven Intelligent Observability
Frameworks for Serverless Applications in Event-Driven Cloud Architectures. International Journal of Emerging Research
in Engineering and Technology, 6(1), 100-110.

[34] Y. Syed, “Enterprise Observability and Software Delivery Performance: From Telemetry to Engineering Intelligence”,
IJADSMC, vol. 5, no. 2, pp. 01-08, Sep. 2022, doi: 10.67228 /30713498 / [JADSMC-2022PIIKP2M.

[35] Gantikota, S. (2023). Reducing HL7 Processing Errors through Automated File Creation and Ingestion Pipelines: A
Production Case Study in EHR Data Integration. International Journal of Emerging Trends in Computer Science and
Information Technology, 4(4), 241-245. https:/ /doi.org/10.63282/3050-9246.1JETCSIT-V414P125

[36] Nangi, P. R., & Obannagari, C. K. R. N. (2026). Federated ai-driven query optimization for distributed cloud databases.
International Journal of Artificial Intelligence, Data Science, and Machine Learning, 7(1), 91-99.

[37] K. Bhagyasri, Education vs Entertainment on the mobile screen time spent per day by students in Higher Education in
Tamil Nadu, Salud, Ciencia y Tecnologia - Serie de Conferencias, vol. 3, no. 714, pp. 1-11, 2024.

Multi-Objective Learning for Joint Optimization of Inference Latency, Enerqy Consumption, and Model Accuracy
Yaseen Mohammad

& 37


https://doi.org/10.70528/IJLRP.v6.i11.2233
https://doi.org/10.67228/30713498/IJADSMC-2022PIIKP2M
https://doi.org/10.63282/3050-9246.IJETCSIT-V4I4P125

