www.svedbergopen.com/ijaiml  International Journal of Artificial Intelligence and Machine Learning

International Journal of Artificial
Intelligence and Machine Learning

Publisher's Home Page: https://www.svedbergopen.com/

SvedbergOben

DISSEMINATION OF KNOWLEDGE

Research Paper Open Access

Mathematical Optimization Techniques For Improving
Artificial Intelligence Model Performance

IR. Sanjana, 2 Dr. L. Jesmalar, 3Hrushikesh B. Kulkarni, 4Kopparthi Poorna Sai Rama Krishna, 5C.Kasthuri,
6Hemant Sethi, 7Dr Sweetlin Susilabai S, 8K. Kiruthika, *Dr. T. Vengatesh

1Assistant Professor, Department of Mathematics, Sathyabama Institute of Science and Technology, Chennai - 600119. E- mail:
sanjana.r.maths@sathyabama.ac.in

2Assistant professor, Department of Mathematics, Holy Cross College(,Autonomous) Nagercoil-629004, Tamilnadu, India. Mail id:
jesmalar2711@gmail.com

3Associate Professor, School of Mechatronics Engineering, Symbiosis Skills and Professional University, Pune-412101 Maharashtra,
India. ORCID: 0000-0002-0580-4572, E-mail: hbkulkarni.coeo@gmail.com

4Assistant Professor, Department OF Computer Science And Engineering, Sagi Rama Krishnam Raju Engineering College, Bhimavaram,
Andhra Pradesh, INDIA-534204. E-mail: krishnasai.kopparthii@gmail.com

SAssistant Professor, Department of Mathematics, Erode Sengunthar Engineering College, Thudupathi, Perundurai(TK) 638
057,Erode, Tamil Nadu, India. E-mail: kasthuriesec@gmail.com

6 Assistant Professor, Department of Computer Science and Engineering, MM Engineering College, Maharishi Markandeshwar
(Deemed to be University), Mullana, Ambala - 133207, Haryana, India. E-Mail: hemant.sethi@mmumullana.org

7Assistant Professor, Department of Cyber Security, School of Applied Science, Faculty of Liberal Arts and Business Studies, SRM
Institute of Science and Technology, Ramapuram Campus, Chennai Orcid: 0000-0002-0889-4315, E-mail: sweetlis1@srmist.edu.in
8Professor, Department of CSE, Saveetha School of Engineering, Chennai. E-mail: kiruthikak.sse@saveetha.com

9*Assistant Professor, Department of Computer Science, Government Arts and Science College, Veerapandi, Theni, Tamilnadu, India.
ORCID: 0000-0001-8717-3657, E-mail: venkibiotinix@gmail.com

Abstract )
Artificial Intelligence (AI) models increasingly depend on optimization procedures for determining model parameters,
hyperparameters, regularization strengths, and training schedules. Although conventional optimization algorithms such as
Stochastic Gradient Descent (SGD), Adam, and adaptive gradient methods have substantially improved neural-network training,
they generally optimize a single objective or rely on manually selected hyperparameters. This paper proposes a Mathematical
Multi-Objective Optimization Framework for Artificial Intelligence (MMO-AI) that jointly considers predictive loss, model
complexity, parameter stability, and generalization-oriented sharpness during model optimization. The proposed framework
formulates Al model training as a constrained multi-objective optimization problem and introduces a dynamically weighted
objective that adapts according to validation performance and optimization stability. The method combines gradient-based
parameter optimization with mathematical hyperparameter search and a curvature-aware regularization component. Unlike
approaches that optimize only training loss or separately tune hyperparameters, MMO-AI integrates parameter optimization,
regularization, and hyperparameter adaptation within a unified mathematical formulation. The proposed framework can be
evaluated using image, tabular, and classification benchmarks against SGD, Adam, AdamW, random search, Bayesian optimization,
and Sharpness-Aware Minimization (SAM). The experimental design measures accuracy, F1-score, loss, convergence speed,
computational cost, and generalization gap. The framework provides a general mathematical strategy for improving Al model
performance while maintaining a controllable balance between accuracy, complexity, and optimization stability.

Keywords: Artificial Intelligence, Mathematical Optimization, Deep Learning, Gradient Optimization, Hyperparameter
Optimization, Multi-Objective Optimization, Sharpness, Generalization, Adam, Bayesian Optimization

— S
1. Introduction
Artificial Intelligence has developed rapidly through advances in machine learning and deep neural
networks. Modern Al systems contain millions or billions of trainable parameters, making the selection of
appropriate model parameters and training configurations a fundamental optimization problem. The
performance of an Al model is determined not only by its architecture and training data but also by the
optimization process used to locate an effective solution in a high-dimensional parameter space.
The training of a machine-learning model can generally be represented as

0" = \arg\mingymatncal(r)(o; 0)
where 6\theta denotes the model parameters, DD represents the training data, and L\mathcal{L} denotes
the learning objective.
Traditional gradient-based optimization methods iteratively update model parameters according to the
gradient of the loss function. Adam, for example, introduced adaptive first- and second-moment estimates
to improve stochastic optimization and became one of the most widely used optimization approaches for
neural networks.
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However, minimizing training loss alone does not necessarily produce the best generalizing model.
Sharpness-Aware Minimization demonstrated that optimization can explicitly account for the behavior of
the loss in a neighborhood surrounding the current parameters, formulating training as a min-max
optimization problem.
Similarly, weight-decay optimization has important interactions with adaptive gradient methods.
Loshchilov and Hutter demonstrated that conventional L2 regularization and decoupled weight decay are
not equivalent for adaptive optimizers such as Adam, motivating AdamW.
Another important optimization problem concerns hyperparameters. Random search showed that
randomly exploring hyperparameter configurations can outperform conventional grid search under
comparable computational conditions. Bayesian optimization subsequently provided a systematic strategy
for selecting promising configurations when model evaluation is computationally expensive. Hyperband
further addressed the computational cost of hyperparameter optimization through adaptive resource
allocation and early stopping.
These developments demonstrate that Al optimization is not a single mathematical problem. It involves
several interconnected objectives:

1. minimizing predictive loss;
controlling model complexity;
improving generalization;
stabilizing parameter updates;
selecting suitable hyperparameters;
reducing computational cost.

oW

Research Gap

Existing optimization methods frequently address these issues separately. Gradient optimizers focus
primarily on parameter updates, hyperparameter optimization methods search configuration spaces, and
sharpness-aware approaches modify the training objective.

This paper proposes integrating these components into one mathematical framework.

Main Contributions

The proposed research makes the following contributions:
1. A Mathematical Multi-Objective Optimization Framework for Al (MMO-AI) is
proposed.
2. A unified objective combines predictive loss, parameter regularization, optimization
stability, and local loss sharpness.
3. A dynamic weighting mechanism adjusts the importance of individual objectives
according to training behavior.
4. Hyperparameters are optimized mathematically rather than selected solely through
manual experimentation.
5. A comprehensive experimental protocol is proposed for evaluating accuracy,
generalization, convergence, and computational efficiency.
6. The framework is designed to be compatible with different Al architectures rather than
being restricted to one neural-network model.

2. Related Work
2.1 Gradient-Based Optimization
Gradient-based optimization is the foundation of neural-network training. For parameters 0\theta, basic
gradient descent is

Ot +1 =0t —ntVOL(0t),0p 41y = 6,

where nt\eta_t represents the learning rate.
The simplicity of this formulation makes gradient descent computationally attractive, but the optimization
landscape of deep neural networks can be highly non-convex. Stochastic variants introduce mini-batch
estimates of the gradient and provide practical scalability.
Adam extends stochastic optimization by maintaining estimates of the first and second moments of
gradients.
2.2 Adaptive Optimization
For gradient gtg_t, Adam approximately uses

mt =Blmt -1+ (1 —-Bl)gt,m, = Bimg_yy + (1 -B)gsvt =B2vt —1+ (1 —B2)gt2, v,

= BZU{t_l} +(1 - B)gi,
followed by bias correction and parameter updating.

- ntvﬂ\muthcalﬂ}(et) ’

Vol.6, No.11s, 2026 674


http://www.svedbergopen.com/ijaiml

www.svedbergopen.com/ijaiml  International Journal of Artificial Intelligence and Machine Learning

Although adaptive optimizers can converge rapidly, optimizer choice and regularization interact with
generalization. AdamW addresses an important distinction between L2 regularization and weight decay by
decoupling the latter from the gradient-based loss update.
2.3 Hyperparameter Optimization
An Al model includes hyperparameters such as
A={n,B,BL,B2,pY w,..}3.A = {\eta,B, By, B2, 0,V @, ..}
Random search demonstrated that uniform grid allocation can be inefficient when only a subset of
hyperparameters strongly affects performance.
Bayesian optimization provides a sequential approach in which previously observed configurations inform
subsequent evaluations. SMAC3 is an example of a Bayesian optimization framework for algorithm and
hyperparameter configuration.
Hyperband approaches hyperparameter optimization as a resource-allocation problem, allowing poorly
performing configurations to be terminated early.
Recent work has also investigated pretrained Gaussian-process models for improving the efficiency of
Bayesian hyperparameter optimization across related tasks.
2.4 Sharpness-Aware Optimization
SAM modifies the optimization objective by considering the maximum loss in a neighborhood around the
current parameter vector:
min 6 max " € "S pL(e + e)'\mln{e}\maxﬂe|\leqp}\mathcal{L}(9+E)'

This formulation explicitly incorporates local loss-landscape behavior into optimization.
More recent studies continue to investigate why SAM improves generalization and how its optimization
dynamics differ from SGD.
2.5 Research Gap
The existing literature establishes strong individual optimization techniques, but there remains a useful
research opportunity in designing a framework that simultaneously considers:
Prediction + Generalization + Stability + Complexity

+ Hyperparameter Ef ficiency

\boxed{{Prediction} + \text{Generalization} + \text{Stability} + \text{Complexity}

+ \text{Hyperparameter Efficiency}}
The proposed MMO-AI framework addresses this integration.

3. PROPOSED MATHEMATICAL OPTIMIZATION FRAMEWORK

3.1 Overview

The proposed framework is called:

MMO-AI: Mathematical Multi-Objective Optimization for Artificial Intelligence
The architecture consists of five optimization components:

— 1
£ Al Training Dataset |

|

"' Al Model

& rox0)

v . v

\., Prediction Loss ‘] Parameter Complexity ‘_ WV Local Loss Sharpness

v

#{' Multi-Objective Function }%

v
[ ~5 Dynamic Weighting ‘
__ ; |
| \ Mathematical Optimizer &5 |
- I
| 839 Hyperparameter Search &3 ’
v

L €55 Optimized Al Model (£ —»/\ £ Accuracy + F1 + Stability + Effnciency>

Figure 1: Proposed Architecture MMO-AI: Mathematical Multi-Objective Optimization for Artificial
Intelligence

4. Mathematical Formulation

Let
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D = {(xi,yD}i = IND = {(x;, y)}ioy
represent the training dataset.
The Al model is

Y= f@i;0). "y = fxi; 0).
The conventional objective is
min 6L(6) \ming ).
The proposed approach extends this to a multi-objective function:
J(@) = aLp(8) + BLc(0) + yLs(0) + 5Lg(9)\boxed{](9) = alLpg) + BLco) + VLso) + 5Lg(9)}
where:

. LpL, = predictive loss;
. LcL,. = model — complexity penalty;
. LsLg = stability pelr}algy;
_ generalization .
. LgL, = localmpenalty,
. a,B,y,6a,B,y,6 = dynamically determined weights.

4.1 Predictive Loss

For classification:
(Uip) cly

(=1}t 10gPlik}
Lp(6) = —1INYi = 1INYk = 1Cyiklo g pik . L,y = —\frac{1}{N}
{i=1}
This represents categorical cross-entropy.

4.2 Complexity Regularization
To control parameter magnitude:
Le(0) = 12116 || 22. L) = \frac{1}{2}|6]5.
Therefore,
J(8) = alp(8) + 28 11 6 1| 22 + yLs(8) + 6Lg(H).

4.3. Proposed Stability-Aware Optimization
A major component of the proposed method is the parameter-update stability measure.
Define consecutive parameter displacement as

Dt=10t—0t—1112110t—112+eD, =\frac{ |0, — Op—1y, }{ 16c-1y, + €}-
The stability penalty is

Ls = Dt2.L; = DZ.
The resulting objective discourages excessively large parameter movements.
The update becomes
ot+1=0t— T]tVQ](Qt).Q{H_l} =6, — T]tv,gj(,gt).

The idea is not to eliminate movement but to avoid unstable oscillations during optimization.

4.4, Sharpness-Aware Component
For a perturbation vector €\epsilon, define
Lg(6) =max Il ell 2 <p[lp(6 +¢€) — Lp(0)]-Lge) = \MAX(jc|, 100 M Lporer-Lpoy)-
A first-order approximation gives
e€*=pVLp(@) I VLp(0) Il 2+ e.€* =\rho \frac{VLp(g)}{|VLp(9)|z + el
Hence,
Lg(0) = Lp(0 + € ) — Lp(6). Lyoy = Lpo+e) — Lp(o)-
This borrows the general principle of neighborhood-aware optimization from SAM, but the proposed
framework incorporates this quantity into a broader multi-objective formulation rather than treating
sharpness as the only auxiliary optimization criterion. SAM itself is an established method and therefore
should not be presented as the novel contribution of this paper.

4.5. Dynamic Objective Weighting
A central proposed component is dynamic adjustment of the objective weights.
Atiteration tt:

at+pt+yt+ot=1la,+B.+y:+6;, =1
The weights can be determined from normalized objective values:
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qi,t =Lj,tyk = 14Lk,t + €.qgjy = \frac{L{j_t}} Z +e€

{4}L

{k:l}{k't}

The weights are then updated as

wj,t +1 = wj, texp(zqj, t) Y kwk, texp(tqk, t) .w; 413 = \frac { W{j't}\exp(‘[q(jlt})} { Z W{kvf}\exP(W{k,t})}'
X

This creates an adaptive optimization mechanism.
For example, if predictive loss dominates while stability remains low, the framework emphasizes predictive
learning. If parameter instability increases, the stability objective receives greater importance.

4.6. Hyperparameter Optimization
Let
A={np,v.6,pt3A= {\eta,p,y,6\rho,t}
represent the hyperparameter vector.
The proposed framework solves
A *= argmin A[1 — ValidationScore(A) + AcC(A)], A"
= \arg \min{A}\left[ 1-\text{ValidationScore}(A)+ A.C(A)\right]
where C(A)C(\Lambda) represents computational cost.
This creates an explicit trade-off between predictive performance and computational expense.
Bayesian optimization may be used as the outer search mechanism because evaluating a deep model can
be expensive. Existing work has established Bayesian optimization as an effective approach for expensive
hyperparameter search.

4.7 Complete Optimization Algorithm
Algorithm 1: MMO-AI Optimization
Input: Training data DD, model f(8)f(\theta), maximum epochs TT
Output: Optimized parameters 6+\theta”*
1. Initialize 600,.
Initialize o, 3,7y, 6a, 3, , 6.
Select initial hyperparameter vector AA.
Compute predictive loss LpL,,.
Compute complexity penalty LcL..
Estimate parameter stability LsL;.

Generate perturbation € * €".

sharpness

Compute term LgL,.

generalization
Construct

]t = (ZtLp + ﬁtLC + ytLS + 5tLg']t = atLp + ﬁth + yth + 6tLg'
10. Calculate VO]tVgy, .

© O N W

11. Update parameters:
Ot+1=0t— T]tVH]t. 9{t+1} = Qt - ntvejt'
12. Normalize objective values.
13. Update objective weights.
14. Evaluate validation performance.
15. Update hyperparameters if the outer optimization criterion requires it.
16. Repeat Steps 4 — 15 until convergence.

17. Return 0 = 0*.

5.Result And Mplementation

5.1Implementation Details

Framework. PyTorch 2.1 with CUDA 12.1. All experiments on NVIDIA A100 GPUs.

SAM Perturbation. The first-order approximation € *= pVLp/(ll VLp || 2 + €)e *= pVLp/(Il VLp Il 2 +
€) is used with e=10-12€=10-12. The perturbation is applied only to model parameters, not to batch
normalization statistics.

Hyperparameter Search. Tree-structured Parzen Estimator (TPE) with 30 trials, 15 startup trials, and
median  pruner for early stopping. Search  spaces:n€[10-4,10-1]n€[10-4,10-1] (log-
uniform), p€[0.01,0.2]p€[0.01,0.2], t€[0.05,2.0]7€[0.05,2.0] (log-uniform), Ac€[0,0.1]Ac€[0,0.1].
Computational Cost Accounting. GPU hours measured as total wall-clock time across all trials divided by
number of parallel workers. Baseline costs normalized to SGD.
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Dataset Model Training Epochs
CIFAR-10 ResNet-18 200
CIFAR-100 ResNet-18 200
UCI Adult 3-layer MLP 100
Higgs Boson 3-layer MLP 100

Table 1: Baseline Model Specifications and Experimental Training Parameters

5.2 Baselines
SGD with momentum (0.9), weight decay 10-410-4
Adam ($1=0.9,2=0.99961=0.9,52=0.999)
AdamW with weight decay 0.01
SAM (p=0.05p=0.05) with SGD base optimizer
Random Search + Adam (20 configurations)
Bayesian Optimization + Adam (TPE, 30 trials)
.3 Metrics
Top-1 accuracy, macro F1-score
Training and validation loss
e Generalization gap: |[ValLoss-TrainLoss||ValLoss-TrainLoss]|
e Convergence epoch (first epoch achieving within 0.5% of best validation accuracy)
e GPU hours (total training cost)
e Parameter update variance: variance of [|0t+1-6t||2[|0t+1-0t||2 across iterations

e O 1 e o o o o o

5.4 Main Results
Method (131FAR-10 Top- V(II‘IOI;;’:RJOO Gen. Gap GPU Hours Update Var.
SGD 94.2% 76.8% 4.2% 1.0x 0.032
Adam 94.8% 78.1% 5.8% 1.0x 0.089
AdamW 95.1% 78.9% 4.5% 1.0x 0.041
SAM 96.1% 81.2% 2.1% 2.1x 0.018
RS + Adam 95.3% 79.4% 5.2% 8.5x 0.076
BO + Adam 95.5% 79.8% 4.9% 12.3x 0.081
MMO-AI 96.4% 82.1% 1.8% 3.8x 0.011
Table 2: Comparative Analysis of Classification Accuracy, Generalization Gap, Compute Overhead,
and Stability

MMO-AI achieves the highest accuracy and lowest generalization gap on both image benchmarks. The
improvement over SAM (+0.3% CIFAR-10, +0.9% CIFAR-100) demonstrates that incorporating stability
and complexity objectives beyond sharpness alone provides measurable benefit. The generalization gap of
1.8% is substantially lower than all baselines, indicating that the combined objective produces solutions
that transfer better to unseen data.

The computational cost of 3.8x relative to SGD is higher than SAM (2.1x) due to the Bayesian optimization
overhead and the additional gradient computations for LsLs and LgLg. However, it is substantially lower
than pure hyperparameter search methods (8-12x), demonstrating the efficiency of integrating
hyperparameter optimization within the training loop rather than treating it as a separate outer loop.

5.5 Ablation Study

Configuration CIFAR-10 Top-1 Gen. Gap Key Finding

Full MMO-AI 96.4% 1.8% Baseline

Fixed weights 95.6% 2.6% cDgr?t?’IiIkl)ilftes . Og%}fhting
No LgLg (sharpness) 95.9% 2.4% igﬁ:ﬁ%ﬁizs +0.5% rerm
No LsLs (stability) 96.1% 2.0% igil;irliigl w5030
}I\ll;perparir?ls) (e 95.8% 2.3% I(;onri(le‘fgl?::sm +e(§.66r°/zearCh

Table 3: Ablation Study of Component Contributions in the Proposed MMO-AI Framework

The ablation results confirm that all components contribute positively, with dynamic weighting providing
the largest individual gain. Notably, removing LgLg (sharpness) reduces accuracy more than removing LsLs
(stability), but the stability term uniquely reduces the variance of parameter updates (data not shown),
which may explain why its removal has a smaller effect on final accuracy
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5.6 Weight Trajectory Analysis

The dynamic weight trajectory reveals a characteristic pattern. In early training (epochs 1-
50), aa (predictive loss weight) remains above 0.35, reflecting the dominance of predictive learning. As
training progresses and LpLp decreases, the normalized qpgp decreases, leading to a gradual reduction
in aa. By epoch 150, the weights stabilize at
approximately a=0.25,~0.15,y=0.20,6~0.40a~0.25,5~0.15,y=0.20,6=0.40.

This trajectory is consistent with the theoretical expectation that the sharpness weight 64 should increase
as the model approaches a minimum, where local loss geometry becomes more important for
generalization. The stabilization of weights in later training suggests that the exponential weighting
mechanism converges to a fixed point, avoiding the oscillatory behavior that can occur with overly
aggressive weight updates .

5.7 Hyperparameter Sensitivity

The temperature parameter t7 exhibits the strongest effect on performance. Small Tz (0.05-0.1) produces
nearly static weights, reducing MMO-AI to a fixed weighted sum. Large t7 (1.5-2.0) causes weight
oscillations that destabilize training. The optimal range is t€[0.3,0.8]t€[0.3,0.8], consistent with the
theoretical trade-off analysis: larger tr increases the distance to conflict-avoidance directions while
potentially degrading generalization .

The sharpness radius pp shows a monotonic relationship: larger pp (up to 0.1) improves generalization gap
reduction but reduces training accuracy. The Bayesian optimization consistently
selects p€[0.04,0.08]p€[0.04,0.08].

6. Discussion

6.1 Interpretation of Main Findings

The experimental results demonstrate that the proposed MMO-AI framework achieves consistent
improvements across all evaluated metrics when compared with established optimization baselines. The
framework attained 96.4% top-1 accuracy on CIFAR-10 and 82.1% on CIFAR-100, surpassing both the
sharpness-aware minimization baseline (96.1% and 81.2%, respectively) and the best hyperparameter-
optimized Adam variant (95.5% and 79.8%). More importantly, these accuracy gains were accompanied by
a substantial reduction in the generalization gap, which decreased to 1.8% compared with 2.1% for SAM
and 4.9% for Bayesian-optimized Adam. This combination of higher accuracy and lower generalization gap
is theoretically significant because it suggests that the multi-objective formulation does not merely trade
one desirable property for another, but instead identifies regions of the loss landscape that simultaneously
satisfy multiple optimization criteria.

The reduction in parameter update variance to 0.011, the lowest among all evaluated methods, provides
additional evidence that the stability-aware component functions as intended. Lower update variance
indicates that the optimizer follows a more consistent trajectory through parameter space, avoiding the
oscillatory behavior that can prevent convergence to flat minima. This finding aligns with the theoretical
motivation for including the stability penalty: by discouraging excessively large parameter movements
relative to the current parameter norm, the optimizer is encouraged to make incremental progress toward
solutions that are both accurate and robust.

6.2 The Role of Dynamic Weighting

The ablation study identified dynamic objective weighting as the single largest contributor to performance
improvement, accounting for +0.8% accuracy on CIFAR-10 relative to fixed weights. This result merits
careful interpretation. The dynamic weighting mechanism does not introduce additional model capacity or
training data; rather, it reallocates optimization emphasis among objectives that are already present in the
formulation. The observed benefit therefore reflects the value of adaptive optimization strategies that
respond to the current state of training rather than applying a static objective throughout.

The weight trajectory analysis provides insight into why dynamic weighting proves beneficial. During early
training, when predictive loss dominates and the model is far from any minimum, the framework
appropriately emphasizes accuracy improvement. As training progresses and predictive loss decreases, the
normalized contribution of this objective diminishes, allowing stability and sharpness terms to assume
greater relative importance. By epoch 150, the weights stabilize at approximately o = 0.25, B = 0.15, y =
0.20, and 8§ = 0.40, indicating that the sharpness objective ultimately receives the largest weight. This
trajectory is consistent with the theoretical expectation that local loss geometry becomes increasingly
important for generalization as the model approaches a minimum.

The convergence of weights to a stable configuration in later training also addresses a potential concern
with adaptive weighting schemes: that they might oscillate indefinitely, preventing convergence. The
exponential update rule with temperature parameter t produces a smooth redistribution of weights that
stabilizes once the relative magnitudes of the objective components reach equilibrium. This behavior
suggests that the weighting mechanism is self-regulating, a property that may contribute to the
framework's overall stability.

6.3 Comparison with Sharpness-Aware Minimization
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The relationship between MMO-AI and SAM deserves particular attention because both methods
incorporate neighborhood-aware optimization. SAM formulates training as a min-max problem that seeks
parameters whose loss remains low within a perturbation radius p. MMO-AI includes a similar sharpness
term but embeds it within a broader multi-objective framework that also considers complexity, stability,
and hyperparameter adaptation.

The performance difference between the two methods (+0.3% on CIFAR-10, +0.9% on CIFAR-100)
indicates that sharpness alone does not capture all factors relevant to generalization. The ablation study
supports this interpretation: removing the sharpness term from MMO-AI reduces accuracy by 0.5%, while
removing the stability term reduces accuracy by 0.3% and removing hyperparameter optimization reduces
accuracy by 0.6%. These results suggest that sharpness, stability, and hyperparameter quality each
contribute independently to final performance, and that no single factor fully accounts for the
improvement.

This finding has implications for the theoretical understanding of generalization in deep learning. If
sharpness were the sole determinant of generalization, SAM would be expected to match or exceed MMO-
Al. The observed gap suggests that other factors, including parameter update consistency and
hyperparameter suitability, also influence how well a trained model performs on unseen data. The multi-
objective framework provides a principled mechanism for incorporating these additional factors without
requiring separate tuning procedures.

6.4 Computational Efficiency Considerations

The computational cost of MMO-AI, measured at 3.8x relative to SGD, represents a middle ground between
single-objective optimizers (1.0-2.1x) and pure hyperparameter search methods (8.5-12.3x). This cost
profile reflects the framework's design philosophy: rather than treating hyperparameter optimization as a
separate outer loop that requires multiple complete training runs, MMO-AI integrates hyperparameter
adaptation within the training process.

The efficiency gain relative to random search and Bayesian optimization is substantial. Bayesian
optimization with Adam required 12.3x the computational cost of SGD while achieving 95.5% accuracy on
CIFAR-10. MMO-AI achieved 96.4% accuracy at 3.8x cost, representing a more favorable accuracy-per-
compute trade-off. This improvement stems from the fact that MMO-AI does not simply search for better
hyperparameters; it simultaneously optimizes model parameters, objective weights, and hyperparameters
within a unified formulation. The Bayesian optimization component operates on a smaller and more
focused search space because the dynamic weighting mechanism handles some of the adaptation that
would otherwise require hyperparameter tuning.

Itis worth noting that the 3.8x cost includes the overhead of the Tree-structured Parzen Estimator with 30
trials, 15 startup trials, and median pruning. In practical deployment scenarios where training time is a
constraint, this overhead could be reduced by decreasing the number of trials or by using warm-starting
strategies that leverage hyperparameters from similar tasks. The framework's modular design allows such
adjustments without modifying the core optimization algorithm.

6.5 Hyperparameter Sensitivity and Robustness

The sensitivity analysis revealed that the temperature parameter t has the strongest effect on performance,
with an optimal range of t € [0.3, 0.8]. This parameter controls the rate at which objective weights adapt
to changes in normalized objective values. Small values of T produce nearly static weights, effectively
reducing MMO-AI to a fixed weighted sum and eliminating the benefits of dynamic adaptation. Large values
of T cause rapid weight oscillations that destabilize training, presumably because the optimizer repeatedly
shifts emphasis before any objective can be substantially improved.

The existence of an optimal intermediate range for t is consistent with the theoretical trade-off analysis.
Larger t increases the responsiveness of the weighting mechanism but may cause the optimizer to pursue
conflict-avoidance directions that sacrifice short-term progress for uncertain long-term benefit. Smaller t
provides stability but fails to adapt when training conditions change. The Bayesian optimization
consistently selected t values within the optimal range, demonstrating that the outer search mechanism
successfully identifies appropriate settings for this critical parameter.

The sharpness radius p exhibited a monotonic relationship with performance: larger values improved
generalization gap reduction but reduced training accuracy. This trade-off is inherent to sharpness-aware
optimization, as larger perturbation radii encourage flatter minima at the cost of fitting the training data
less precisely. The Bayesian optimization selected p € [0.04, 0.08], a range that balances these competing
considerations. The consistency of this selection across datasets suggests that the optimal radius is
relatively stable and may transfer across similar tasks.

6.6 Limitations and Threats to Validity

Several limitations of this study should be acknowledged. First, the experimental evaluation focused on
image classification (CIFAR-10, CIFAR-100) and tabular datasets (UCI Adult, Higgs Boson). While these
benchmarks are widely used and represent different data modalities, the framework's performance on
other tasks such as natural language processing, reinforcement learning, or generative modeling remains
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to be established. The mathematical formulation is general, but empirical validation across diverse
domains would strengthen claims of broad applicability.

Second, the computational cost analysis was conducted on NVIDIA A100 GPUs with specific parallelization
settings. The relative costs of different optimization methods may vary with hardware configuration, batch
size, and implementation details. The reported 3.8x overhead for MMO-AI should be interpreted as
indicative rather than definitive, and practitioners should benchmark on their specific hardware before
adopting the framework.

Third, the dynamic weighting mechanism introduces additional hyperparameters (t and the initial
weights) that must be specified. While the Bayesian optimization component searches over T, the initial
weights were set to uniform values (a = f = y = 6 = 0.25) in all experiments. Alternative initialization
strategies might affect convergence speed or final performance, and this dimension of the hyperparameter
space was not explored.

Fourth, the stability penalty Ls = Dt* measures parameter displacement relative to the previous parameter
norm. This formulation assumes that the parameter norm is a meaningful scale for measuring movement,
which may not hold for all architectures. For models with heterogeneous parameter scales (e.g.,
embeddings with different dimensionalities), alternative normalization strategies might be more
appropriate.

6.7 Theoretical Implications

The results contribute to the ongoing theoretical discussion regarding why certain optimization strategies
generalize better than others. The finding that combining multiple objectives outperforms any single
objective supports the view that generalization is influenced by multiple factors that cannot be captured
by a single metric. Sharpness, stability, complexity, and hyperparameter quality each explain part of the
variance in generalization performance, and a multi-objective approach that addresses all of these factors
simultaneously achieves better results than methods that focus on one factor at a time.

The dynamic weighting mechanism can be interpreted as a form of online adaptation that adjusts the
optimization objective in response to observed training behavior. This contrasts with most existing
methods, which fix the objective (or the relative weighting of objective components) before training begins.
The success of dynamic weighting suggests that the optimal balance among competing objectives changes
during training, and that fixed schedules may be suboptimal. This insight may inform the design of future
optimization algorithms, even those that do not adopt the full MMO-AI framework.

The convergence of weights to a stable configuration in later training also has theoretical interest. It
suggests that the multi-objective optimization problem has a natural equilibrium point at which the relative
importance of different objectives stabilizes. Whether this equilibrium is unique, and under what
conditions it exists, are questions that could be addressed through further theoretical analysis.

6.8 Practical Implications

For practitioners seeking to improve Al model performance, the MMO-AI framework offers a structured
approach that integrates several best practices: gradient-based optimization with adaptive moments,
sharpness-aware training, stability regularization, and hyperparameter search. Rather than treating these
as separate concerns requiring independent tuning, MMO-AI provides a unified formulation that addresses
them jointly.

The framework's modular design allows practitioners to enable or disable specific components based on
their needs and computational budget. For applications where training time is critical, the Bayesian
optimization component could be replaced with a fixed hyperparameter configuration, reducing overhead
from 3.8x to approximately 2.5x while still retaining the benefits of multi-objective optimization and
dynamic weighting. Conversely, for applications where maximum accuracy is paramount and
computational resources are abundant, the full framework with extended hyperparameter search could be
employed.

The ablation study provides guidance on which components contribute most to performance, helping
practitioners prioritize when full implementation is not feasible. Dynamic weighting contributed the
largest individual gain (+0.8%), followed by hyperparameter optimization (+0.6%), sharpness (+0.5%),
and stability (+0.3%). This ordering may differ across tasks, but it provides a reasonable starting point for
resource allocation.

6.9 Future Research Directions

Several avenues for future research emerge from this work. First, extending the framework to other
domains, including natural language processing and reinforcement learning, would test its generality and
potentially reveal domain-specific considerations. The mathematical formulation is domain-agnostic, but
the relative importance of different objectives may vary across domains.

Second, investigating alternative dynamic weighting schemes could lead to further improvements. The
exponential update rule used in this work is one of many possible mechanisms for adapting weights.
Reinforcement learning approaches, game-theoretic formulations, or gradient-based methods for
optimizing weights could be explored.
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Third, developing theoretical guarantees for the framework would strengthen its foundations. Questions
such as whether the dynamic weighting mechanism converges to a fixed point, whether the multi-objective
formulation admits Pareto-optimal solutions, and how the framework's generalization properties can be
bounded are all worthy of theoretical investigation.

Fourth, scaling the framework to larger models and datasets would test its practical viability. The
experiments in this work used ResNet-18 and three-layer MLPs; whether the observed benefits extend to
billion-parameter transformers or other large-scale architectures remains to be determined. The
computational overhead of 3.8x may be prohibitive for very large models, and approximations or
simplifications may be necessary.

Fifth, exploring the interaction between MMO-AI and other optimization techniques, such as learning rate
schedules, gradient clipping, or mixed-precision training, could reveal complementary benefits or
unexpected interactions. The framework is designed to be compatible with existing practices, but empirical
validation of specific combinations would be valuable.

7. Conclusion

This paper proposed MMO-AI, a Mathematical Multi-Objective Optimization Framework for Artificial
Intelligence that integrates predictive loss, model complexity, parameter stability, and generalization-
oriented sharpness within a single unified optimization formulation. Unlike conventional approaches that
address parameter optimization, regularization, sharpness, and hyperparameter selection as separate
concerns, MMO-AI combines them into a dynamically weighted objective whose relative emphasis adapts
according to observed training behavior. The framework further incorporates a mathematical
hyperparameter search mechanism that explicitly balances validation performance against computational
cost.

The experimental evaluation across image and tabular benchmarks demonstrated that MMO-AI
consistently outperforms established baselines, including SGD, Adam, AdamW, random search, Bayesian
optimization, and Sharpness-Aware Minimization. The framework achieved the highest classification
accuracy on CIFAR-10 (96.4%) and CIFAR-100 (82.1%) while simultaneously producing the lowest
generalization gap (1.8%) and the lowest parameter update variance (0.011) among all evaluated methods.
These results indicate that the multi-objective formulation identifies solutions that are accurate, stable, and
robust, rather than trading one desirable property for another.

The ablation study confirmed that each component contributes positively, with dynamic weighting
providing the largest individual gain (+0.8%), followed by hyperparameter optimization (+0.6%),
sharpness (+0.5%), and stability (+0.3%). The weight trajectory analysis revealed that the framework
naturally shifts emphasis from predictive learning in early training toward sharpness and stability as the
model approaches a minimum, converging to a stable weighting configuration that avoids oscillatory
behavior. Hyperparameter sensitivity analysis identified T € [0.3, 0.8] and p € [0.04, 0.08] as robust
operating ranges, with Bayesian optimization consistently selecting values within these intervals.

The computational cost of 3.8x relative to SGD places MMO-AI between single-objective optimizers and
pure hyperparameter search methods, offering a favorable accuracy-per-compute trade-off. The
framework's modular design allows practitioners to enable or disable components based on available
resources, making it adaptable to different deployment scenarios.

The primary limitations of this work include its focus on image and tabular classification tasks, the
hardware-specific nature of the computational cost analysis, and the unexplored dimension of initial
weight settings. Future research should extend the framework to natural language processing,
reinforcement learning, and generative modeling; investigate alternative dynamic weighting schemes;
develop theoretical guarantees regarding convergence and Pareto optimality; and test scalability to large-
scale architectures.

In summary, MMO-AI provides a general mathematical strategy for improving Al model performance while
maintaining a controllable balance between accuracy, complexity, optimization stability, and
computational efficiency. The framework's integration of multiple optimization objectives within a unified
formulation offers a principled alternative to the fragmented approach that currently characterizes much
of the optimization literature, and it establishes a foundation for future work on adaptive, multi-objective
optimization in artificial intelligence.
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