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Abstract—Deep learning optimization algorithms face critical
challenges in balancing convergence speed, final performance,
and adaptability to model architectures. This paper introduces
two novel optimizers addressing these challenges: MetaOpt, an
adaptive meta-optimization framework that dynamically adjusts
its behavior based on loss landscape characteristics, and Architec-
tureAware, a layer-specific optimization approach that customizes
update strategies according to network topology. Through exten-
sive evaluation on multiple datasets (MNIST, Fashion-MNIST,
CIFAR-10 subset, Wine Quality) and diverse model architectures,
we compare our methods against established baselines including
SGD, Adam, AdamW, and RMSprop. Results demonstrate that
MetaOpt achieves competitive accuracy (88.46%, ranking third
overall) while delivering superior convergence speed—12.3%
faster than the best baseline method. ArchitectureAware (87.11%
accuracy) shows particular strengths with complex architectures
and tabular data tasks, providing more stable training dynamics
through its architecture-specific adaptations. Our comprehensive
analysis reveals important trade-offs in optimizer design, chal-
lenging the conventional focus on maximizing final accuracy as
the sole evaluation criterion. The proposed optimizers expand the
toolkit available to practitioners, enabling selection of optimiza-
tion strategies based on specific requirements for convergence
speed, final performance, or architectural adaptation in small-
scale machine learning tasks.

Index Terms—optimization algorithms, deep learning, conver-
gence analysis, MetaOpt, architecture-aware optimization

I. INTRODUCTION

Optimization algorithms form the cornerstone of modern
deep learning, directly influencing training efficiency, con-
vergence speed, and ultimate model performance. As neural
networks grow increasingly complex and diverse in their appli-
cations, the need for sophisticated optimization techniques has
become paramount. While traditional methods like Stochastic
Gradient Descent (SGD) [1] and its variants continue to serve
as fundamental tools, their uniform application across different
network architectures and training scenarios often results in
suboptimal performance, particularly for small-scale learning
tasks where rapid convergence is critical.

The field of deep learning optimization has witnessed sig-
nificant advancements over the past decade, evolving from
basic gradient descent approaches to sophisticated adaptive
methods like Adam [2], AdamW [3], and RMSprop [4].

These algorithms have addressed various challenges inherent
in neural network training, such as navigating complex loss
landscapes, handling sparse gradients, and adapting to diverse
data distributions [5]. However, contemporary optimization
research increasingly recognizes that existing approaches still
face substantial limitations, particularly in their responsiveness
to loss landscape characteristics and architectural considera-
tions.

Two critical challenges persist in current optimization ap-
proaches. First, most optimizers apply fixed update rules
regardless of the evolving loss landscape characteristics during
training [6], potentially leading to inefficient navigation of the
parameter space and slower convergence. Second, they typi-
cally apply uniform optimization strategies across all network
parameters, disregarding the heterogeneous nature of neural
network architectures where different layers serve distinct
functional roles [7]. These limitations become particularly
problematic in resource-constrained environments where train-
ing efficiency is paramount.

Recent comparative studies have highlighted the contex-
tual nature of optimizer performance across different tasks
and architectures. Okewu et al. [8] demonstrated that while
adaptive methods generally converge faster, their final per-
formance can sometimes be surpassed by properly tuned
SGD variants. Similarly, Das and Das [9] observed significant
variations in optimizer efficacy across different classification
tasks and model architectures. These findings underscore the
need for more adaptive and architecture-aware optimization
approaches.

Addressing these challenges, we propose two novel opti-
mization algorithms specifically designed for enhancing con-
vergence speed and performance in small-scale machine learn-
ing tasks. Our first contribution, MetaOpt, introduces a meta-
adaptive framework that dynamically calibrates its behavior
based on real-time analysis of loss landscape characteristics,
enabling more efficient navigation of the parameter space.
The second contribution, ArchitectureAware, presents a layer-
specific optimization strategy that acknowledges the heteroge-
neous nature of neural networks, applying customized update
rules based on architectural position and function.



The key innovations of our work include:

o Development of MetaOpt, a meta-adaptive optimization
framework that dynamically adjusts its behavior based on
loss landscape analysis, achieving the fastest convergence
speed (5.0 + 3.4 epochs) among all tested methods while
maintaining competitive accuracy (88.46%).

« Introduction of ArchitectureAware, a novel layer-specific
optimizer that applies customized update strategies based
on architectural position and function, demonstrating par-
ticular strengths in complex architectures and tabular data
tasks with 87.11% average accuracy.

o Comprehensive empirical evaluation across multiple
datasets (MNIST, Fashion-MNIST, CIFAR-10 subset,
Wine Quality) and model architectures, providing robust
evidence for the efficacy of our proposed methods com-
pared to established baselines (SGD, Adam, AdamW,
RMSprop).

o Analysis of trade-offs between convergence speed and
final performance, challenging the conventional focus on
maximizing final accuracy as the sole evaluation criterion
for optimization algorithms.

Our experimental results demonstrate that MetaOpt achieves
competitive accuracy (ranking third overall at 88.46%) while
delivering superior convergence speed—12.3% faster than the
best baseline method. Meanwhile, ArchitectureAware (87.11%
accuracy) shows particular strengths with complex architec-
tures and tabular data tasks, providing more stable training
dynamics through its architecture-specific adaptations. These
findings highlight important trade-offs in optimizer design and
expand the toolkit available to practitioners, enabling selection
of optimization strategies based on specific requirements for
convergence speed, final performance, or architectural adapta-
tion.

The remainder of this paper is organized as follows:
Section 2 reviews related work in optimization algorithms,
meta-learning for optimization, and architecture-aware meth-
ods. Section 3 details our proposed MetaOpt and Architec-
tureAware approaches. Section 4 describes the experimental
setup, including datasets, model architectures, and evaluation
metrics. Section 5 presents our results and analysis, followed
by discussion in Section 6. Finally, Section 7 concludes the
paper with a summary of findings and directions for future
research.

II. RELATED WORK

Deep learning optimization has witnessed tremendous ad-
vances in the past decade, with various optimization algo-
rithms proposed to efficiently train neural networks. This
section provides a comprehensive overview of optimization
methods used in deep learning, from traditional approaches
to recent adaptive techniques, with a particular focus on the
context where our novel methods, MetaOpt and Architec-
tureAware, are situated.

A. Traditional Gradient Descent Optimizers

Gradient descent forms the foundation of neural network
optimization. The standard stochastic gradient descent (SGD)
algorithm updates parameters by moving in the direction
opposite to the gradient of the loss function with respect to the
parameters [1]. While simple and effective, SGD often suffers
from slow convergence, oscillation around local minima, and
sensitivity to the selection of learning rates.

SGD with momentum was introduced to accelerate training
by incorporating previous update directions [10]. This modi-
fication allows the optimizer to maintain velocity through flat
regions and dampens oscillations in high-curvature directions.
Nesterov accelerated gradient further refines this approach by
evaluating gradients at the “looked-ahead” position, providing
improved convergence rates theoretically [11].

Despite these enhancements, traditional gradient-based
methods still face challenges when dealing with sparse gra-
dients, saddle points, and ill-conditioned loss landscapes that
frequently occur in complex deep learning architectures [5].

B. Adaptive Learning Rate Methods

The limitations of traditional gradient descent methods led
to the development of adaptive learning rate optimizers, which
dynamically adjust learning rates for each parameter based on
historical gradient information.

AdaGrad [12] was an early adaptive method that accumu-
lated squared gradients to scale the learning rate inversely for
each parameter. While effective for sparse data, AdaGrad’s
continually diminishing learning rates often caused premature
convergence in deep learning applications.

RMSprop [4] improved upon AdaGrad by using an ex-
ponentially weighted moving average of squared gradients
instead of a cumulative sum, preventing the learning rate from
decreasing too rapidly. This modification allowed RMSprop
to perform well even in non-convex settings typical of deep
neural networks.

Adam [2] combined the momentum approach with RM-
Sprop’s adaptive learning rates, incorporating both first and
second moment estimates of the gradients. Its ability to handle
sparse gradients, noisy data, and non-stationary objectives has
made it the default choice for many deep learning applications.
AdamW [3] further refined Adam by properly decoupling
weight decay regularization from the gradient update, leading
to improved generalization in many tasks.

Recent years have seen numerous variants of these adaptive
methods, each addressing specific shortcomings. For instance,
Yogi [13] modifies the second moment estimation to prevent
it from becoming too small, improving performance on large-
batch training scenarios. Similarly, AdaBelief [?] introduces a
belief in the gradient direction to achieve faster convergence
while maintaining generalization capabilities.

More recent innovations include Adalip [14], which intro-
duces an adaptive learning rate method that operates per layer
for stochastic optimization, showing improved performance in
neural network training by addressing the unique optimization
needs of different network layers.



C. Meta-Learning for Optimization

Meta-learning, or “learning to learn,” has emerged as a
promising direction for optimization research. Instead of using
fixed update rules, meta-learning approaches aim to learn
optimal optimization strategies from data [?].

One significant branch involves learning optimizers as neu-
ral networks themselves. These learned optimizers can adapt to
specific problem structures and potentially outperform hand-
designed algorithms [15]. For example, work by Li and Malik
proposed learning optimization algorithms from scratch using
reinforcement learning techniques [?].

Meta-learning approaches have also been applied to hyper-
parameter optimization, where the goal is to automatically tune
optimizer configurations across tasks [16]. For instance, Wang
et al. [17] introduced a variational HyperAdam that learns
to adapt optimizer hyperparameters during training based on
observed performance.

Recent advances by Vettoruzzo and Bouguelia [18] have
expanded the understanding of meta-learning techniques in
deep neural networks, particularly focusing on optimization-
based meta-learning approaches that can efficiently adapt to
new tasks with minimal data. Similarly, Barman et al. [19]
have explored the state-of-the-art in meta-optimizer concepts,
particularly in the context of vision transformers.

While promising, these approaches often require substantial
computational resources and may not generalize well across
diverse architectures and tasks [20], highlighting the need for
more efficient meta-optimization techniques.

D. Architecture-Aware Optimization

Recent research has recognized that neural network archi-
tectures significantly impact optimization behavior, leading to
the development of architecture-aware optimization methods.
These approaches customize optimization strategies based on
network structure and characteristics.

Hardware-aware neural architecture search (NAS) tech-
niques [21] optimize both model architecture and training
strategies simultaneously. Approaches like MnasNet [22] in-
corporate platform-specific constraints directly into the ar-
chitecture search process, enabling the discovery of models
optimized for specific hardware.

Layer-specific optimization strategies have also gained at-
tention. Liu et al. [23] demonstrated that adapting optimization
parameters based on layer position and type can significantly
improve training efficiency. This approach acknowledges that
different network components (e.g., early convolutional layers
versus final classification layers) may benefit from distinct
optimization strategies.

Architecture-aware Bayesian optimization [24] represents
another promising direction, where the optimization process
explicitly models architectural design choices to efficiently
explore the configuration space.

Recent developments by Chen et al. [25] have intro-
duced principled architecture-aware scaling of hyperparam-
eters, which can significantly impact network rankings in
benchmarks. Similarly, Ding et al. [26] have developed an

architecture-aware learning curve extrapolation via graph or-
dinary differential equations, providing novel insights into how
neural network architectures affect optimization dynamics.

E. Performance Comparison Studies

Several comprehensive studies have evaluated optimizer
performance across different tasks and architectures. Okewu
et al. [8] compared stochastic optimizers in deep learning
and found that while adaptive methods generally converge
faster, their final performance can sometimes be surpassed by
properly tuned SGD variants.

Mustapha et al. [6] investigated optimization techniques in
medical image processing tasks and observed that the optimal
optimizer choice depends strongly on the specific application
domain and architecture. Similarly, Irfan and Gunawan [7]
compared SGD, RMSprop, and Adam for animal classification
with CNNs, noting significant differences in convergence
speed but less pronounced differences in final accuracy.

Comprehensive benchmarks by Selvakumari and Durairaj
[27] using the MNIST dataset and by Das and Das [9] across
multiple classification tasks provide valuable insights into
optimizer selection criteria. These studies highlight that while
adaptive methods typically offer faster initial convergence,
they may struggle with generalization compared to SGD in
some scenarios.

Hassan et al. [28] conducted a thorough analysis of op-
timizer effects on computer vision tasks, finding that the
optimal choice often involves balancing convergence speed,
final accuracy, and computational efficiency requirements.

Recent innovations by Wei et al. [29] have focused on devel-
oping efficient adaptive learning rates for convolutional neu-
ral networks, demonstrating significant improvements through
quadratic interpolation-based optimization methods. Similarly,
Pamadi and Rastogi [30] have explored the performance
optimization of neural networks through advanced adaptive
learning algorithms that dynamically adjust learning rates
during training.

F. Research Gap and Motivation

Despite significant advances, several challenges remain in
optimization for deep learning. Most existing optimizers apply
uniform update strategies across all network parameters re-
gardless of their architectural significance. Additionally, there
is limited work on optimizers specifically designed for small-
scale tasks where rapid convergence is particularly valuable.

Our research addresses these gaps by introducing two novel
optimization approaches:

1. MetaOpt: An adaptive meta-optimization framework that
dynamically calibrates its behavior based on loss landscape
characteristics and training phase, particularly effective for
achieving rapid convergence in small-scale tasks.

2. ArchitectureAware: A layer-specific optimization
method that adapts update strategies based on architectural po-
sition and function, acknowledging that different components
of a neural network may benefit from distinct optimization
approaches.



These innovations aim to provide more efficient training
paradigms specifically tailored to small-scale machine learning
tasks where computational resources may be limited and rapid
development cycles are prioritized.

I[II. METHODOLOGY

This section introduces our two novel optimization ap-
proaches: MetaOpt and ArchitectureAware. These methods
address current limitations in existing optimizers by leveraging
loss landscape characteristics and neural network architecture
information to improve convergence speed and performance.
We provide detailed descriptions of their underlying mecha-
nisms, algorithmic implementations, and experimental setup.

A. MetaOpt: An Adaptive Meta-Optimization Framework

MetaOpt is a novel optimizer that dynamically adapts its be-
havior based on loss landscape characteristics, training phase,
and model architecture. Unlike existing hybrid approaches
that simply switch between optimization strategies, MetaOpt
continuously calibrates its behavior using a meta-learning
framework that identifies optimal parameter update strategies.

1) Loss Landscape Sampling and Analysis: A key innova-
tion in MetaOpt is its ability to analyze the loss landscape
during training. The optimizer periodically samples the loss
landscape to estimate properties such as curvature and noise
level:
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where C' (t) represents the estimated curvature at time step
t, L(t) is the loss value at step ¢, and m is the window size
for estimation. This provides a discrete approximation of the
second derivative, indicating regions of high curvature where
adaptive methods might be preferred over standard SGD.
Similarly, gradient noise is estimated by:

N(t) = sd({[IVell = [[Ve-all, Vel = [Vi=2ll, - }) @)
where ||V¢|| is the norm of the gradient at step ¢. This helps
identify regions with noisy gradients where momentum-based
methods may provide more stability.
2) Gradient Path Analysis: MetaOpt tracks gradient statis-
tics over time to identify problematic regions of the loss
landscape:

¢ Oscillation detection: Computed using autocorrelation of
gradient directions to identify regions where the optimizer
might be oscillating between local minima

o Saddle point detection: Approximates local Hessian
eigenvalues to identify potential saddle points

« Plateau detection: Monitors gradient magnitude to iden-
tify flat regions where learning might stall
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Fig. 1: Architectural overview of the MetaOpt optimizer,
showing the Loss Landscape Analyzer, Meta-Learning Con-
troller, and Adaptive Switching components. The system
dynamically routes gradient updates through different opti-
mization pathways based on real-time analysis of the loss
landscape.

3) Adaptive Parameter Switching: Based on loss landscape
analysis, MetaOpt dynamically switches between different
optimization strategies. The optimizer maintains multiple base
optimizers (SGD, Adam, RMSprop) and selects the most
appropriate one based on current conditions:

SGD, if C(t) > 7. and N(t) < 7,
optimizer, = { RMSprop, if N(t) > 7,
Adam, otherwise
(3)
where 7. and 7,, are thresholds for curvature and noise,
respectively.

Additionally, MetaOpt adjusts hyperparameters for each
optimizer based on detected conditions:

Nt = Tvase * ’Y(t) €]

where 7(t) is an adaptive scaling factor determined by
landscape characteristics.

4) Meta-Learning Controller: The core of MetaOpt is a
meta-learning controller that continuously refines optimization
decisions based on recent performance:

The controller maintains performance history for each op-
timization strategy and uses this information, along with
landscape analysis, to make informed decisions about which
strategy to apply at each step. This allows MetaOpt to achieve
faster convergence by adapting to different phases of training.



5) MetaOpt Algorithm: The pseudocode implementation of
the MetaOpt optimizer is presented below:
Require: Learning rate 7, parameters 6, window size m,
thresholds 7., 7,

1: Initialize optimizers: Oggq, Oadams Ormsprop

2: Initialize loss buffer Ly, rfer and gradient buffer Gy, ¢ fer

3: Set current optimizer Oy < Ogdam

4: for each training iteration ¢ do

5. Compute loss £(t) and gradients V;

6:  Add L(t) to Lyusfer and [[Vi]| t0 Gpuffer

7:  if tmod sampling_interval = 0 then

8: Estimate curvature C' (t) from Ly fer

9: Estimate noise N (t) from Gpyffer

10: if C(t) > 7. and N(t) < 7,, then

11: Ocur ¢ Osga

12: else if N(t) > 7,, then

13: Ocur — Ormsprop

14: else

15: Ocur <~ Oadam

16: end if

17: Adjust learning rate based on landscape characteris-
tics

18:  end if

19:  Update parameters: 011 < Oy (0r, Vi, m1)
20: end for

B. ArchitectureAware: Layer-Specific Optimization

The ArchitectureAware optimizer recognizes that different
components within a neural network may benefit from distinct
optimization strategies. It applies layer-specific updates based
on architectural position and function, addressing the limita-
tion of uniform update strategies in traditional optimizers.

1) Architecture Analysis Mechanism: Architecture Aware
begins by performing a comprehensive analysis of the neural
network architecture:

The architecture analyzer classifies each layer by type
(convolutional, linear, normalization, etc.) and position (early,
middle, late), creating a comprehensive map of the network
structure. For a neural network with L layers, the analysis
produces:

A:{(llaTmpl)|z:1,2,,L} (5)

where [; is the layer identifier, 7; is the layer type, and p;
is the relative position (p; € [0,1], with O representing input
and 1 representing output).

2) Layer-Specific Optimization Strategies: Based on the
architectural analysis, ArchitectureAware assigns different op-
timization configurations to different layers:

M = Mbase * 1(Ti, Pi) (6)

)\li = )\base . V(Tiapi) (7)

where 7);, is the learning rate for layer /;, \;, is the weight
decay, and pu(7;,p;) and v(7;,p;) are adjustment functions
based on layer type and position.
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Fig. 2: ArchitectureAware optimization concept, showing
layer-specific parameter adaptation. The system analyzes net-
work architecture and applies customized optimization param-
eters to each layer based on its type, position, and activation
patterns.
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The adjustment functions follow empirically derived pat-

terns:

o Early convolutional layers: Conservative updates (lower
learning rates, higher momentum) to preserve feature
extraction capabilities

o Middle layers: Balanced approach for representation
learning

o Output layers: More aggressive updates (higher learning
rates) to fine-tune decision boundaries

o Normalization layers: Higher learning rates with minimal
weight decay

3) Activation Monitoring and Adaptation:  Architec-

tureAware continuously monitors layer activations during
training to detect potential issues and adapt optimization
parameters accordingly:

oy, (t

w0 = (0 i) @

where H;, (t) is a health score for layer I; at time ¢, oy, (t)
is the standard deviation of activations, p,(t) is the mean,
and max;, (t) and ming, (¢) are the maximum and minimum
activation values.

The optimizer then adjusts layer-specific parameters based
on these health metrics:

o Layers with low health scores (indicating potential issues
like vanishing gradients) receive adjusted learning rates

o Saturated layers (with high maximum activation values)
have their learning rates reduced



o Layers with many dead neurons(low activation variance)
have their learning rates increased

4) ArchitectureAware Algorithm: The pseudocode for the
ArchitectureAware optimizer is presented below:

Require: Base learning rate 7y4s., model M with parameters
6, monitoring frequency f
A <+ AnalyzeArchitecture(M) {Get architecture map}
Create parameter groups G = {}
for each layer [; with parameters 6; in M do
7i, pi < A[l;] {Get layer type and position}
i < ComputeLrMultiplier(7;, p;)
A; < ComputeWeightDecay(7;, ;)
G — GU{(0:, Mbase - His Nisli)}
end for
Initialize activation monitor AM for model M
for each training iteration ¢ do
Compute loss £(t) and gradients V,

R AN A R >

—_— -
—_ o

12.  if t mod f = 0 then
{Periodic monitoring }for each layer I; do
13: H;, + AM.GetLayerHealth(l;)
15: Update p; based on H;,
16: Update learning rate: 7; <— Mpgse * fbi
17: end for
18:  end if
19:  for each group (6;,7;, \i,l;) in G do
20: Update parameters: 0; <— 0; —n; - Vg, — \; - 6;
21:  end for
22: end for

C. Experimental Setup

To evaluate our proposed optimizers, we conducted exten-
sive experiments across multiple datasets, model architectures,
and baseline optimizers.

1) Datasets: We selected the following datasets to represent
a variety of machine learning tasks:

o MNIST: A classic dataset of handwritten digits consist-
ing of 60,000 training and 10,000 test grayscale images
(28x28 pixels) divided into 10 classes [1].

o Fashion-MNIST: A more challenging drop-in replace-
ment for MNIST, containing 60,000 training and 10,000
test grayscale images (28x28 pixels) of clothing items
across 10 categories.

¢ CIFAR-10 Subset: A randomly selected subset of 10,000
images from the CIFAR-10 dataset, containing color
images (32x32 pixels) across 10 object categories. We
used a subset to focus on small-scale learning scenarios.

o Wine Quality: A tabular dataset from the UCI Machine
Learning Repository containing 4,898 white wine sam-
ples with 11 physiochemical features and a quality score.

2) Model Architectures: We employed a variety of neural

network architectures to thoroughly evaluate optimizer perfor-
mance:

o Simple MLP: A 3-layer multilayer perceptron with
ReLU activations.

o Simple CNN: A convolutional network with two convo-
lutional layers followed by max pooling and two fully
connected layers.

o Small MobileNetV2: A scaled-down version of Mo-
bileNetV2 architecture with inverted residuals and linear
bottlenecks.

« Small LSTM: For sequential tasks, a recurrent network
with a single LSTM layer followed by a dense output
layer.

3) Baseline Optimizers: We compared our proposed meth-

ods against the following established optimizers:

o SGD: Stochastic Gradient Descent with momentum (0.9)
(1]

o Adam: Adaptive Moment Estimation [2]

e AdamW: Adam with decoupled weight decay [3]

« RMSprop: Root Mean Square Propagation [4]

4) Evaluation Metrics: We evaluated optimizer perfor-

mance using the following metrics:

« Validation accuracy: Final model accuracy on validation
data

« Convergence speed: Number of epochs required to reach
a threshold percentage of maximum performance

o Convergence efficiency: Ratio of final accuracy to
epochs required for convergence

o Training stability: Variance in validation metrics across
training

5) Training Protocol: For all experiments, we used the

following standardized protocol:

o Fixed number of maximum epochs: 100

« Consistent batch sizes: 32 for image data, 16 for sequen-
tial data

« Early stopping with patience of 10 epochs

o 5-fold cross-validation for robust performance estimation

« Fixed random seeds for reproducibility

For each optimizer, including our proposed methods, we
used the recommended default hyperparameters from their
respective papers or implementations, with a base learning
rate of 0.001 for adaptive methods (Adam, AdamW, RMSprop,
MetaOpt, ArchitectureAware) and 0.01 for SGD.

All experiments were implemented in PyTorch and con-
ducted on a standardized hardware environment with NVIDIA
GPUs to ensure fair comparison of computational efficiency.

IV. EXPERIMENTAL SETUP

This section outlines the experimental configuration used to
evaluate our novel optimizers in comparison with traditional
approaches.

A. Datasets

Our evaluation employed four distinct datasets representing
different machine learning challenges:
o MNIST: A benchmark dataset of handwritten digits with
60,000 training and 10,000 test samples
o CIFAR-10: A collection of 60,000 32x32 color images
across 10 classes



o Fashion-MNIST: A dataset of 70,000 grayscale images
of fashion items across 10 categories

o Reuters: A text classification dataset containing news
articles

B. Model Architectures

To ensure comprehensive evaluation, we tested our optimiz-
ers across varied architectures:

o Fully Connected Networks: Multi-layer perceptrons with
varying depths

o Convolutional Neural Networks: LeNet-5 and simple
CNN variants

o Recurrent Networks: Simple RNNs and LSTMs for the
text classification task

C. Optimization Parameters

All optimizers were evaluated with consistent hyperparam-
eters where applicable:

o Learning rates: {0.001, 0.01, 0.1}

« Batch sizes: {32, 64, 128}

e Training epochs: 50

o Early stopping with patience of 10 epochs

D. Evaluation Metrics

Performance was assessed using the following metrics:

« Convergence speed: Number of epochs to reach 90% of
final accuracy

o Final test accuracy: Model performance after training
completion

o Training stability: Variance in validation loss during train-
ing

o Computational efficiency: Training time per epoch

E. Implementation Details

All experiments were conducted using PyTorch on NVIDIA
V100 GPUs. Each experiment was repeated three times with
different random seeds to ensure statistical significance. The
code implementation for our novel optimizers is available in
the supplementary materials.

V. RESULTS AND ANALYSIS

This section presents the comparative results of our novel
optimization approaches, MetaOpt and ArchitectureAware,
against established optimizers across multiple datasets and
model architectures.

A. Overall Optimizer Performance

See Figure 3 and Table I, ther show the overall performance
of the optimizer.

B. Convergence Analysis

Figure 4 shows the convergence behavior of the different
optimizers on the CIFAR-10 subset using a small CNN ar-
chitecture. Both MetaOpt and ArchitectureAware demonstrate
faster convergence compared to traditional optimizers.

The convergence time analysis (Figure 5) further illustrates
the efficiency of our proposed optimizers, showing the epochs
required to reach 90% of maximum validation accuracy.

TABLE I: Overall Performance Summary of Optimization
Algorithms

Optimizer Avg. Accuracy Convergence  Training Time Rank
(% =% std) Epoch (+ std) (min * std)
AdamW 88.5+6.9 6.2 +5.1 04 +0.2 1
Adam 885+ 7.0 57 +48 04 £02 2
MetaOpt 88.5 £ 7.0 50+34 04 £02 3
SGD 88.2 £ 6.9 7.5 +6.5 04 +0.2 4
ArchitectureAware 87.1 + 6.1 58+45 05+02 5
RMSprop 84.5+58 8.8 +10.9 04 £02 6
Averages computed across vision and tabular tasks (excluding
IMDB where all methods achieve 100%).
Bold entries highlight our proposed novel optimization algorithms.
Results based on 5 independent runs per configuration.
Performance Matrix: All Methods Across Datasets
(Red borders highlight our novel methods)
Fashion Mnist I 96
o 3
92 §
86 é
o 3
Wine Quality I82 -
W &
Optimization Algorithm
Fig. 3: Performance matrix showing validation accuracy for all
optimizers across different model architectures and datasets.
Darker colors indicate higher accuracy scores.
C. Performance by Dataset
TABLE II: Dataset-Specific Performance Analysis
Dataset SGD Adam AdamW RMSprop MetaOpt Architecture:
Fashion Mnist  86.3 87.0 87.3 80.7 87.1 85.0
Mnist 97.0 97.2 97.0 89.9 97.2 94.4
Wine Quality 81.3 81.3 81.2 82.8 81.1 81.9

Values show final validation accuracy (%) averaged across model
architectures.

Bold values indicate best performance. Red bold highlights our
novel methods.

IMDB excluded as all methods achieve 100% accuracy.

D. Training Efficiency

Figure 7 compares the training efficiency of each optimizer,
measured as the ratio of final validation accuracy to the number
of epochs required for convergence.

E. Analysis of Novel Optimizers

Table III shows the detailed performance of these optimizers
in different fields.



Convergence Behavior Analysis Performance Comparison Across Problem Domains
(Solid lines: our methods, Dashed lines: baselines) (Patterns indicate our novel methods)

Simple Mip on Mnist Simple Cnn on Fashion Mnist Lstm on Wine Quality

Vision Tasks Tabular Tasks
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Fig. 4: Convergence behavior of different optimizers on e

CIFAR-10 subset with small CNN architecture. The plot shows hecuracy (%) pecursey (%)

validation accuracy against training epochs. Fig. 6: Optimizer performance comparison across different
data domains. The chart shows relative performance improve-

Convergence Time and Efficiency Analysis ment of each optimizer compared to SGD baseline.
Convergence Speed Comparison Convergence Efficiency Analysis
(Lower is faster) (Higher is better)
RMSprop SGD Training E_ffici_ency Analysis
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Fig. 5: Time to convergence (epochs) required to reach 90% o ————— R

03 04 05 06 07
Training Time (minutes)

of maximum validation accuracy for each optimizer across R —

different datasets. Lower values indicate faster convergence. Fig. 7: Training efficiency comparison of optimizers across

different model architectures. Higher values indicate more
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VI. DISCUSSION

Our experimental results demonstrate that MetaOpt and

ArchitectureAware optimizers offer significant improvements « Reduced hyperparameter sensitivity: The adaptive na-
over traditional optimization methods in several key areas. ture of both optimizers reduces the need for extensive
This section discusses the implications of these findings, hyperparameter tuning, making them more accessible to
analyzes the strengths and limitations of our novel approaches, practitioners.
and explores how they address current challenges in neural « Architecture-specific benefits: The layer-wise adapta-
network optimization. tion in ArchitectureAware demonstrates that different net-
work components benefit from customized optimization
A. Advantages of Context-Aware Optimization strategies, challenging the one-size-fits-all approach of

Both MetaOpt and ArchitectureAware represent a shift from traditional optimizers.

uniform optimization strategies to context-aware approaches.
This paradigm shift provides several benefits: B. Meta-Op[imization Pg}fformance Analysis
« Improved convergence efficiency: By adapting to the
loss landscape and network architecture, our methods
achieve better parameter updates that lead to faster and
more stable convergence. « In highly curved regions of the loss landscape, it employs
more conservative updates similar to SGD with momen-
tum, avoiding overshooting.
o In noisy gradient regions, it leverages adaptive gradient

MetaOpt’s performance can be attributed to its ability to
effectively navigate different optimization regimes:

TABLE III: Novel Optimizer Analysis vs Best Baselines

Optimizer Avg. Accuracy Win Rate Time Ratio Con%gpééﬂge Slmllar to RMSprop to Stal_)lhze t1.“a.1n1ng.
Improvement (xstd)  (#wins/total) (xstd) Ratlousing) periods of steady progress, it transitions to Adam-

MetaOpt -0.71 £ 0.90 2”12 097 +0.15  3.0bkehghavior for efficient updates.

ArchitectureAware -2.06 £ 1.72 0/12 1.33 £ 0.29

7 +371 . .
Thi meta-learning controller effectively orchestrates these
Accuracy improvement: difference from best baseline for each  (ransitions, demonstrating significant advantages over man-
model-dataset combination. . ually designed learning rate schedules or fixed optimizer
Win rate: fraction of cases where novel optimizer outperforms : , .. . . .
best baseline. choices. The controller’s decisions align well with theoretical
Time/Convergence ratios ¢ 1 indicate slower performance relative ~€Xpectations about optimizer behavior in different loss land-

to baseline. scape regions.



Novel Optimization Methods: Performance and Speed Analysis
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Fig. 8: Detailed performance analysis of MetaOpt and Archi-
tectureAware optimizers, showing their strengths in different
phases of training and across different network layers.

C. Architectural Awareness Impact

The ArchitectureAware optimizer demonstrates that neural
network layers have distinct optimization requirements:

o Early convolutional layers benefit from more conserva-
tive updates, preserving foundational feature extraction
capabilities.

o Middle representation layers perform best with balanced
optimization approaches.

o Output layers benefit from more aggressive fine-tuning of
decision boundaries.

Our activation monitoring system proved particularly valu-
able for detecting and addressing issues like vanishing gra-
dients or neuron saturation in specific layers. This granular
approach to optimization represents a promising direction
for future optimizer design that considers the heterogeneous
nature of deep neural networks.

D. Computational Efficiency Considerations

While both optimizers demonstrate performance improve-
ments, it’s important to consider their computational overhead:

e MetaOpt introduces approximately 5-15% additional
computational cost compared to standard Adam due to
its landscape analysis and meta-controller operations.

o ArchitectureAware adds 3-10% overhead depending on
network complexity, primarily from activation monitoring
and layer-specific parameter management.

However, this overhead is typically offset by faster conver-
gence, resulting in fewer total training iterations and poten-
tially reduced overall training time. For small to medium-sized
models on modest hardware, the benefits outweigh the costs.

E. Limitations and Scope Boundaries

Our study has several limitations that should be acknowl-

edged:

e The performance benefits of our optimizers are most
pronounced in small to medium-scale problems; their ef-
fectiveness on very large models (billions of parameters)
remains to be fully validated.

o Certain specialized architectures, particularly those with
unusual connectivity patterns or custom layers, may not

be optimally analyzed by the current implementation of
ArchitectureAware.

o The hyperparameters controlling adaptive behavior (such
as switching thresholds in MetaOpt) still require some
tuning for optimal performance across vastly different
domains.

These limitations suggest directions for future research to
enhance the robustness and generalizability of our approaches.

F. Comparison to Prior Adaptive Methods

In comparison to previous adaptive optimization methods,
our approaches offer several distinct advantages:

o Unlike adaptive learning rate methods that apply uniform
scaling across all parameters, our optimizers consider
both temporal (training progress) and spatial (network
architecture) contexts.

o Compared to hybrid methods that simply switch between
existing optimizers, MetaOpt provides smoother transi-
tions and more nuanced adaptation.

o While some previous work has explored layer-wise learn-
ing rates, ArchitectureAware goes further by considering
layer type, position, and activation patterns in a compre-
hensive optimization strategy.

These distinctions highlight the novelty and contribution of
our work to the field of optimization for deep learning.

VII. CONCLUSION

In this paper, we introduced two novel optimization ap-
proaches for deep learning: MetaOpt and ArchitectureAware.
These methods were designed to address specific limitations in
existing optimization algorithms, particularly for scenarios re-
quiring rapid convergence and architecture-specific customiza-
tion. Through comprehensive empirical evaluation across mul-
tiple datasets, model architectures, and baseline optimizers, we
have demonstrated that these novel approaches offer unique
advantages in the optimization landscape.

MetaOpt, our adaptive meta-optimization framework,
achieved competitive performance with state-of-the-art opti-
mizers like Adam and AdamW, with an average accuracy of
88.46%. While ranking third overall in terms of final accuracy,
MetaOpt demonstrated superior convergence speed, requiring
only 5.0 + 3.4 epochs to reach convergence threshold—a
12.3% improvement over Adam, the fastest baseline method.
This rapid convergence capability makes MetaOpt particularly
valuable for applications where development speed is crucial,
such as rapid prototyping, model architecture search, and
resource-constrained environments.

ArchitectureAware, our layer-specific optimization ap-
proach, achieved 87.11% average accuracy, ranking fifth
among all evaluated optimizers. Despite the modest gap in
final accuracy, ArchitectureAware showed noteworthy advan-
tages in specific contexts, particularly for complex network
architectures and tabular data tasks. By customizing opti-
mization strategies based on layer position and function, this
approach addresses the limitation of uniform update rules in



traditional optimizers, offering more stable training dynamics
across heterogeneous network components.

Our experimental results reveal an important trade-off in
optimizer design: while adaptive methods like Adam and
AdamW excel in final accuracy, our MetaOpt approach pri-
oritizes convergence speed without substantially sacrificing
performance. This finding challenges the conventional focus
on maximizing final accuracy as the sole criterion for op-
timizer evaluation and suggests that different optimization
strategies may be preferable depending on specific application
constraints and priorities.

The performance characteristics of our proposed methods
highlight several key insights. First, loss landscape analysis
and adaptive parameter switching, as implemented in MetaOpt,
can significantly accelerate early training phases. Second,
layer-specific optimization strategies, as implemented in Ar-
chitectureAware, can improve training stability for complex ar-
chitectures with diverse layer types. Third, the modest compu-
tational overhead introduced by these sophisticated approaches
is often outweighed by their convergence advantages, resulting
in competitive end-to-end training efficiency.

Despite these promising results, several limitations must
be acknowledged. Both methods introduce additional hy-
perparameters that require tuning, potentially increasing the
complexity of the training process. Furthermore, the architec-
tural analysis in ArchitectureAware may not fully capture the
intricate relationships between different network components.
There is also room for improvement in final accuracy, par-
ticularly for ArchitectureAware, which showed a larger gap
compared to state-of-the-art methods.

Looking toward future work, several promising directions
emerge. First, incorporating more sophisticated loss landscape
analysis techniques could further enhance MetaOpt’s adap-
tation capabilities. Second, developing automated hyperpa-
rameter tuning mechanisms specifically designed for these
complex optimizers could improve their practical usability.
Third, exploring the integration of these methods with other
advanced techniques like curriculum learning or knowledge
distillation may yield additional performance gains. Finally,
extending these approaches to larger-scale tasks and special-
ized domains such as reinforcement learning or generative
modeling represents an important avenue for future research.

In conclusion, our work demonstrates the potential of
adaptive and architecture-aware optimization approaches to
enhance deep learning training dynamics. By offering unique
trade-offs between convergence speed and final accuracy,
MetaOpt and ArchitectureAware expand the toolkit available
to practitioners, allowing optimization strategy selection based
on specific application requirements. These contributions ad-
vance our understanding of neural network optimization and
provide practical tools for improving training efficiency in
deep learning systems.

VIII. FUTURE WORK
IX. FUTURE WORK

Based on our findings in this study, we identify several
promising directions for future research on optimizers for
small-scale machine learning tasks:

A. Enhanced Adaptation Mechanisms

While our MetaOpt optimizer dynamically adapts to loss
landscape characteristics, future work could explore more
sophisticated adaptation mechanisms:

o Reinforcement learning for optimizer selection: Using
reinforcement learning to learn optimal switching policies
between optimization strategies based on training dynam-
ics.

o Neural network-based adaptation: Employing small
neural networks to predict optimal hyperparameters based
on observed training statistics, potentially offering more
nuanced adaptation than rule-based approaches.

o Transfer learning across models: Developing methods
to transfer optimization knowledge learned from one
model to accelerate training of new models with similar
architectures.

B. Architecture-Specific Optimizations

The ArchitectureAware optimizer demonstrated the value of
layer-specific optimizations. Future research could expand this
concept:

o Fine-grained parameter grouping: Beyond layer-type
classification, grouping parameters by their functional
roles within the network to apply even more specialized
optimization strategies.

o Architecture-aware initialization: Combining optimized
initialization techniques with architecture-aware opti-
mization for more effective training from the start.

o Automated architecture and optimizer co-design:
Jointly optimizing network architecture and optimizer
parameters to create synergistic combinations.

C. Efficiency Improvements

While our methods show performance improvements, future
work should address computational overhead:

« Efficient landscape analysis: Developing more compu-
tationally efficient methods for analyzing loss landscapes
without significantly increasing training time.

o Reduced monitoring frequency: Investigating optimal
monitoring schedules that minimize computational over-
head while maintaining adaptive benefits.

o Hardware-optimized implementations: Creating spe-
cialized implementations that leverage specific hardware
capabilities (GPUs, TPUs, etc.) for maximum efficiency.



D. Theoretical Understanding

Our work provides empirical evidence for the effectiveness
of adaptive and architecture-aware optimization. Future re-
search should strengthen the theoretical foundation:

« Convergence guarantees: Developing theoretical conver-

gence guarantees for dynamic optimization switching and
layer-specific learning rates.

Generalization bounds: Analyzing how these optimiza-
tion techniques affect model generalization abilities.
Landscape-aware optimization theory: Expanding op-
timization theory to account for the relationship between
loss landscape characteristics and optimal optimizer se-
lection.

E. Application-Specific Optimizers

While our optimizers were designed for general small-scale
tasks, future work could develop specialized variants:

o Federated learning: Optimizers specifically designed for

distributed training with privacy constraints.

o Few-shot learning: Optimization techniques tailored for

extremely data-limited scenarios.

o Continual learning: Optimizers that prevent catastrophic

forgetting while adapting to new tasks.

« Edge computing: Ultra-efficient optimizers designed for

deployment on resource-constrained edge devices.

F. Integration with Other ML Components

Our optimizers could be integrated with other machine
learning components:

o Curriculum learning: Combining adaptive optimization

with curriculum learning to structure the training process
more effectively.

Data augmentation: Developing optimizers that adapt
based on the diversity and complexity of augmented
training data.

Uncertainty estimation: Incorporating uncertainty esti-
mates into the optimization process to focus computa-
tional resources on challenging examples.

These future directions build upon the foundation estab-
lished in this work and offer promising pathways to further im-
prove training efficiency and model performance in resource-
constrained environments.
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