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Abstract

This thesis presents a comprehensive evaluation of the Alternating Direction
Method of Multipliers (ADMM) algorithm for neural network optimization,
comparing its performance against traditional gradient-based methods includ-
ing Gradient Descent (GD) and Stochastic Gradient Descent (SGD). While gradient-
based methods dominate deep learning optimization, their limitations in han-
dling complex loss landscapes and distributed computing scenarios motivate
the exploration of alternative approaches. ADMM, a technique originally de-
veloped for convex optimization problems, offers a promising alternative by
decomposing the optimization problem into simpler subproblems.

Through systematic experimentation on the MNIST dataset, this work evalu-
ates ADMM across three key dimensions: computational efficiency, convergence
behavior, and scalability depending on its parameters. The results demonstrate
that ADMM achieves significantly faster per-epoch processing timesapproxi-
mately 3 times faster than GD and 20 times faster than SGD while maintaining
reasonable, though lower, final accuracy (82% versus 96% for gradient methods).
Further investigation reveals that ADMM’s performance is substantially influ-
enced by hyperparameter configuration, with optimal settings identified for the
penalty parameter (BETA=1) and activation constraint weight (GAMMA=1-5),
as well as by the choice of initialization method, with He and Xavier initialization
providing superior results.

Analysis of ADMM’s scaling properties indicates improved performance
when distributed across 4 parallel processes, demonstrating its potential for
large-scale distributed training. The observed trade-off between computational
efficiency and final accuracy positions ADMM as a valuable alternative op-
timization approach for scenarios where processing speed is prioritized over
achieving state-of-the-art accuracy, or where distributed computing resources
are available but communication overhead must be minimized.

This thesis contributes to the broader understanding of neural network op-
timization beyond gradient-based paradigms and provides practical guidelines
for implementing ADMM in neural network training contexts, opening avenues
for hybrid optimization approaches that could potentially combine the compu-
tational advantages of ADMM with the accuracy of gradient-based methods.
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1
Introduction

Neural networks have revolutionized machine learning, achieving remark-
able success across diverse fields including computer vision [31], natural lan-
guage processing [14], and reinforcement learning [42]. The training of these
networks, however, presents significant computational challenges due to their
complex, non-convex optimization landscapes and the ever-increasing scale of
both models and datasets [19]. This has prompted extensive research into opti-
mization algorithms that can efficiently train neural networks while maintaining
or improving convergence properties.

Gradient Descent (GD) and its variants have long been the de facto standard
for training neural networks [41]. These first-order methods rely on gradi-
ent information to iteratively update the model parameters, with various en-
hancements such as momentum [44], adaptive learning rates [15, 30], and batch
normalization [27] that improve their performance. Despite these advances,
GD-based methods face fundamental limitations in handling complex loss land-
scapes and network parameterization choices [50].

The Alternating Direction Method of Multipliers (ADMM) represents a
promising alternative optimization approach originating from the field of con-
vex optimization [8]. Initially developed for convex problems with separable
structures, ADMM has earned attention for its ability to decompose complex
optimization problems into simpler subproblems that can be solved more ef-
ficiently and potentially in parallel [36]. While ADMM has been successfully
applied to various machine learning tasks such as regularized regression [48],
support vector machines [21], and sparse representation [37], comprehensive
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evaluations of its performance for training standard neural networks, particu-
larly in comparison to conventional optimization methods like GD and SGD,
remain limited in the literature.

Recent work by Taylor et al. [45] demonstrated that neural networks can be ef-
fectively trained using ADMM without traditional gradient descent steps. Their
approach decomposes the network training problem into a sequence of simpler
subproblems that can each be solved globally in closed form, avoiding many
of the challenges associated with gradient-based methods such as saturation
effects and poor conditioning. Moreover, their implementation exhibited strong
linear scaling in distributed environments, highlighting ADMM’s potential ad-
vantage for large-scale neural network training. Despite these promising results,
comprehensive evaluations of ADMM’s performance across different network
architectures, hyperparameter configurations, and optimization scenarios are
still needed to fully understand its capabilities and limitations compared to
conventional methods.

In this thesis, we conduct a thorough evaluation of ADMM’s performance
in training standard neural networks through a series of systematic experi-
ments. The research focuses on three key dimensions: computational efficiency,
where we compare ADMM’s epoch processing time against traditional meth-
ods; convergence behavior, analyzing both loss trajectories and accuracy metrics;
and scalability, examining ADMM’s performance across different parallel pro-
cessing configurations and parameter settings. Unlike previous studies that
primarily focused on ADMM’s theoretical advantages, we provide extensive
empirical evidence of how specific parameters (BETA, GAMMA, WARMUP)
and initialization methods affect performance in practice. The comprehensive
nature of our evaluation offers valuable insights for practitioners on when and
how to effectively implement ADMM for neural network training, especially
in distributed computing environments. Our findings demonstrate that with
proper configuration, ADMM can offer significant advantages in terms of com-
putational efficiency while maintaining competitive accuracy, particularly for
large-scale neural network training tasks.

The thesis is organized as follows: Chapter 1 introduces the research prob-
lem, outlines the motivation for exploring alternative optimization methods for
neural networks, and establishes the research questions and objectives.

Chapter 2 provides a comprehensive background and review of related work,
covering the challenges in neural network optimization, traditional gradient-
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CHAPTER 1. INTRODUCTION

based methods, the theoretical foundations and development of ADMM with
particular focus on Taylor et al.’s approach, and existing applications of ADMM
in various machine learning contexts.

Chapter 3 details the methodology employed in this research, including
the experimental design, implementation details of the neural network archi-
tectures, dataset selection and preparation, parameter configurations for the
different optimization algorithms, and the evaluation metrics used to assess
performance.

Chapter 4 presents the results and discussion of our experimental investiga-
tion, organised into sections examining computational efficiency, convergence
behaviour, accuracy performance, and scalability analysis. This chapter in-
cludes detailed comparisons between ADMM, SGD, and GD across multiple
performance dimensions.

Chapter 5 concludes the thesis by summarising the key findings, acknowl-
edging limitations of the current study, discussing practical implications for
practitioners, and suggesting promising directions for future research that could
extend this work and address the identified challenges.
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2
Background and related work

This chapter provides the theoretical foundation and context for evaluating
ADMM’s performance in neural network optimization. We begin by examin-
ing the fundamental challenges in neural network optimization, followed by
an overview of traditional gradient-based methods and their limitations. We
then present the mathematical formulation of ADMM based on Taylor et al.’s
approach [45], and discuss the significance of various ADMM parameters. Fi-
nally, we review existing comparative studies and applications, highlighting the
research gaps this thesis aims to address.

2.1 Neural Network optimization challenges

Neural network training fundamentally relies on the concept of loss func-
tions, which quantify the discrepancy between a model’s predictions and the
ground truth. As Goodfellow et al. [19] explain, the optimization problem in ma-
chine learning is formulated by minimizing the expected loss on the training set,
replacing the true data distribution with the empirical distribution defined by
the training examples. These functions provide a measurable objective that op-
timization algorithms seek to minimize. Common loss functions include mean
squared error for regression tasks and cross-entropy for classification problems.
The value of this loss function, computed across training examples, creates a
high-dimensional surface known as the loss landscape. The central challenge in
neural network optimization stems from the highly non-convex nature of these
loss landscapes. Unlike convex optimization problems with a single global min-
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2.1. NEURAL NETWORK OPTIMIZATION CHALLENGES

imum, neural network loss functions contain numerous local minima, saddle
points, and flat regions that complicate the optimization process [19]. Recent
theoretical work has provided deeper insights into these landscapes. Dauphin
et al. [12] demonstrated that in high-dimensional spaces typical of neural net-
works, saddle points rather than local minima represent the primary challenge
for optimization algorithms. These saddle points create regions where gradients
approach zero in some directions but not others, causing gradient-based meth-
ods to significantly slow down. Visualizations of neural network loss landscapes
by Li et al. [33] revealed how network depth and width affect the geometry of
these landscapes. They found that deeper networks tend to have sharper local
minima, while width and skip connections (as in residual networks) tend to
smooth the landscape. This geometric complexity directly impacts optimization
algorithm performance, with some methods better equipped to navigate these
challenging terrains than others. As shown in Figure 2.1, the loss landscape

Figure 2.1: Comparison of neural network loss landscapes from Li et al. [33]:
(a) ResNet-110 without skip connections exhibits a highly non-convex, rugged
terrain with numerous local minima, steep barriers, and sharp transitions. (b)
DenseNet with 121 layers presents a much smoother, more bowl-shaped land-
scape that is considerably easier to optimize.

of neural networks can vary dramatically depending on architectural choices.
The rugged, complex landscape of networks without skip connections creates
particular challenges for gradient-based optimization, as algorithms can easily
become trapped in poor local minima or slow down significantly near saddle
points. These visualization techniques provide crucial insights into why certain
optimization algorithms may perform better than others on different network ar-
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CHAPTER 2. BACKGROUND AND RELATED WORK

chitectures. Another fundamental challenge specific to training neural networks
is the vanishing and exploding gradient problem, which directly impacts opti-
mization effectiveness. During backpropagation, gradients must be propagated
through multiple layers. In deep networks with certain activation functions,
these gradients can either decay exponentially (vanish) or grow exponentially
(explode) as they propagate backward. The vanishing gradient problem affects
both recurrent and feed-forward neural networks. While initially identified
for recurrent networks by Hochreiter [25] and Bengio et al. [5], its impact on
deep feed-forward networks was thoroughly analyzed by Glorot and Bengio
[18], who proposed weight initialization strategies to mitigate this issue. While
architectural innovations such as residual connections [23], careful initialization
strategies [24, 18], and normalization techniques [27] have mitigated these issues,
they remain fundamental challenges for gradient-based optimization methods.
Any optimization approach for neural networks must contend with these gra-
dient pathologies, either by addressing them directly or circumventing gradient
calculation altogether.

2.2 Computational and generalization challenges

Modern neural networks often contain millions or even billions of param-
eters, trained on massive datasets. Recent models like GPT-3 [9] and vision
transformers [10] have pushed these boundaries even further. The scale of
these problems introduces significant computational challenges, making op-
timization efficiency a critical concern. The computational burden of neural
network training manifests in two dimensions: time and resources. Training
large models can take days or weeks even with specialized hardware like GPUs
or TPUs. The growing computational demands have led to concerns about both
economic costs and environmental impact [47]. These scalability challenges
have motivated research into distributed and parallel optimization strategies
[4]. However, many optimization methods scale poorly in distributed envi-
ronments due to communication overhead and synchronization requirements.
Recent comprehensive surveys by Mayer and Jacobsen [35] have highlighted that
communication between computational nodes remains a significant bottleneck
in distributed training, often limiting the scaling efficiency of parallelization
approaches. Furthermore, memory constraints can limit batch sizes and model
complexity, forcing practitioners to use sophisticated techniques like pipeline
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2.3. TRADITIONAL OPTIMIZATION METHODS

parallelism [26], gradient compression [34], and memory-efficient optimizers
[39]. Optimization in neural networks also presents an interesting paradox: the
ultimate goal is not merely to minimize the training loss but to develop models
that generalize well to unseen data. Recent research has revealed complex rela-
tionships between optimization choices and generalization performance. Work
by Zhang et al. [52] demonstrated that neural networks can easily memorize
random labels, suggesting that the optimization objective alone may not guide
models toward meaningful generalizations. Keskar et al. [29] found that small-
batch methods often generalize better than large-batch methods, despite the
latter achieving lower training loss. This suggests that how we optimize can
be as important as what we optimize. More recent work by Charles et al. [2]
and Lei et al. [32] has begun to establish theoretical connections between opti-
mization and generalization in deep learning, building on earlier foundational
work by Arora et al. [3] and Allen-Zhu et al. [1]. These findings indicate that
optimization algorithms that induce certain implicit biases may lead to solutions
with better generalization properties. These challenges include complex opti-
mization problems, issues with gradients, scaling difficulties, and the balance
between training accuracy and real-world performance. Because traditional
methods struggle with these problems, researchers are looking for new ways to
improve optimization. Methods like ADMM provide a different approach that
can handle these challenges better.

2.3 Traditional optimization methods

This section examines the foundational gradient-based optimization algo-
rithms widely used in neural network training. We analyze their mathematical
formulations, theoretical properties, and practical limitations, providing context
for understanding ADMM’s potential advantages in neural network optimiza-
tion.

2.3.1 Gradient Descent (GD)

Gradient Descent represents the cornerstone of neural network optimization,
serving as the basis for most modern optimization algorithms [41]. Its formu-
lation follows directly from calculus principles, iteratively updating parameters
in the direction of steepest descent.
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CHAPTER 2. BACKGROUND AND RELATED WORK

Gradient Descent is an iterative first-order optimization algorithm for finding
the minimum of a differentiable function. To find a local minimum, GD takes
repeated steps in the opposite direction of the gradient at the current point, as
this is considered the direction of steepest descent [22]. Conversely, stepping
in the gradient’s direction would result in a local maximum of the function.
In the context of neural networks, we seek to minimize a loss function 𝐽(𝜃)
parameterized by 𝜃 ∈ R𝑑.

The core principle of gradient descent is to iteratively adjust parameters in
the direction of steepest descent of the objective function. The update rule is
defined as:

𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇𝐽(𝜃𝑡) (2.1)

where:

• 𝜃𝑡 represents the parameter vector at iteration 𝑡

• 𝜂 > 0 is the learning rate (step size)

• ∇𝐽(𝜃𝑡) is the gradient of the objective function evaluated at 𝜃𝑡

For neural networks, the objective function typically takes the form of an
empirical risk minimization problem:

𝐽(𝜃) = 1
𝑁

𝑁∑
𝑖=1
ℒ( 𝑓𝜃(𝑥𝑖), 𝑦𝑖) + 𝜆ℛ(𝜃) (2.2)

where ℒ represents the loss function, 𝑓𝜃 is the neural network with parameters
𝜃, (𝑥𝑖 , 𝑦𝑖) are training examples, ℛ(𝜃) is a regularization term, and 𝜆 controls
the regularization strength [19].

Strengths and limitations

Gradient Descent’s popularity in optimization comes primarily from its sim-
plicity, as emphasized by Boyd and Vandenberghe [7]. For convex objective
functions, GD provides robust convergence guarantees, reliably reaching the
global minimum when paired with an appropriate learning rate schedule. This
theoretical soundness combined with its straightforward implementation makes
GD a reliable choice for well-structured optimization problems.

However, despite its strengths, Gradient Descent exhibits significant limita-
tions. Its sensitivity can lead to extremely slow convergence, particularly for
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2.3. TRADITIONAL OPTIMIZATION METHODS

problems with condition numbers exceeding 100. In more challenging scenar-
ios, with condition numbers approaching 1000 or higher, the gradient method
can become so inefficient that it becomes practically unusable. Computational
considerations further complicate the method’s effectiveness. While an exact
line search can potentially enhance convergence, it often introduces substantial
computational overhead. The method may require an impractical number of
iterations to converge for poorly conditioned problems [7].

2.3.2 Stochastic Gradient Descent (SGD)

Stochastic Gradient Descent (SGD) is an iterative first-order optimization
algorithm that modifies the standard gradient descent approach by computing
the gradient based on a single randomly selected training example or a small
batch of examples in each iteration. The term “stochastic” refers to a mechanism
connected to random possibility; therefore, instead of using the entire dataset
for each iteration, a few samples are randomly chosen [22]. SGD aims to find the
global minimum by changing the network structure after each training stage.
This approach reduces the error by approximating the gradient for a randomly
chosen batch instead of finding the gradient for the whole dataset. In practice,
random sampling is achieved by randomly shuffling the dataset and moving
stepwise through batches [22]. This stochastic approximation allows for faster
updates and improved efficiency, especially when working with large datasets.

In the context of neural networks, we aim to minimize a loss function 𝐽(𝜃)
parameterized by 𝜃 ∈ R𝑑. The core principle of SGD is to iteratively adjust the
parameters using an approximation of the full gradient. The update rule for a
single training example is given by:

𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇ℒ( 𝑓𝜃(𝑥𝑖), 𝑦𝑖) (2.3)

where:

• 𝜃𝑡 represents the parameter vector at iteration 𝑡

• 𝜂 > 0 is the learning rate (step size)

• (𝑥𝑖 , 𝑦𝑖) is a randomly selected training example

• ∇ℒ( 𝑓𝜃(𝑥𝑖), 𝑦𝑖) is the gradient of the loss computed on the selected example
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However, in practice, a more common variant is mini-batch Stochastic Gra-
dient Descent [38], where the gradient is computed over a small subset (mini-
batch) of the training data:

𝜃𝑡+1 = 𝜃𝑡 − 𝜂 1
𝑚

𝑚∑
𝑖=1
∇ℒ( 𝑓𝜃(𝑥𝑖), 𝑦𝑖) (2.4)

where 𝑚 is the mini-batch size.
For neural networks, the objective function follows the empirical risk mini-

mization framework:

𝐽(𝜃) = 1
𝑁

𝑁∑
𝑖=1
ℒ( 𝑓𝜃(𝑥𝑖), 𝑦𝑖) + 𝜆ℛ(𝜃) (2.5)

where:

• ℒ represents the loss function

• 𝑓𝜃 is the neural network with parameters 𝜃

• (𝑥𝑖 , 𝑦𝑖) are training examples

• ℛ(𝜃) is a regularization term

• 𝜆 controls the regularization strength

The key distinction from batch gradient descent is that SGD approximates
the true gradient by computing it on a single example (or a small mini-batch),
trading some accuracy for:

• Faster and more memory-efficient updates

• The ability to escape sharp local minima due to added noise in updates

• More frequent updates, leading to faster convergence in certain cases

This stochasticity introduces some variance in updates, which can be ben-
eficial in avoiding poor local minima and improving generalization [40, 19].
Despite its strengths, SGD faces critical challenges. A significant issue is the
high variance in gradient estimates, which can lead to unstable convergence and
oscillations around optimal solutions [6, 20]. The method is particularly sensi-
tive to hyperparameter choices. For instance, Jastrzbski et al. demonstrated that
the critical control parameter is not the batch size or learning rate independently,
but their ratio [28]. This finding illustrates the delicate balance required in SGD
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2.4. ALTERNATING DIRECTION METHOD OF MULTIPLIERS (ADMM)

optimization: small changes in hyperparameters can dramatically alter model
performance [43].

To address these limitations, researchers have developed advanced variants
like Momentum SGD [44], Adam [30], RMSprop, and AdaGrad[16]. These
methods introduce adaptive learning rates and sophisticated gradient scaling to
improve convergence and generalization.

2.4 Alternating Direction Method of Multipliers
(ADMM)

The Alternating Direction Method of Multipliers (ADMM) represents a fun-
damentally different approach to neural network optimization compared to
gradient-based methods. This section introduces the mathematical founda-
tions of ADMM, with particular focus on the formulation proposed by Taylor et
al. [45] for training neural networks without gradient steps.

2.4.1 Neural network training formulation

Taylor et al. [45] presented a detailed application of ADMM to neural network
training that completely avoids gradient calculations. Their paper examined
how ADMM could be effectively applied to neural network optimization by
reformulating the standard training problem to facilitate decomposition. They
demonstrated this approach on practical neural network problems, showing
how the alternating update structure of ADMM could be leveraged to distribute
computation across multiple processors while avoiding the backpropagation of
gradients.

Consider a standard feedforward neural network with 𝐿 layers. Each layer 𝑙
is defined by a linear operator 𝑊𝑙 (typically a weight matrix) and a non-linear
activation function ℎ𝑙 . Given a set of input activations 𝑎0 and target outputs 𝑦,
the network computes a composite function:

𝑓 (𝑎0;𝑊) = 𝑊𝐿(ℎ𝐿−1(𝑊𝐿−1ℎ𝐿−2(...ℎ1(𝑊1𝑎0)))) (2.6)

where 𝑊 = {𝑊𝑙}𝐿𝑙=1 denotes the set of all weight matrices.
The conventional training problem aims to find weights 𝑊 that minimize a
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loss function ℓ measuring the discrepancy between network outputs and targets:

min
𝑊

ℓ ( 𝑓 (𝑎0;𝑊), 𝑦) (2.7)

The key insight in Taylor et al.’s approach is to decouple the weights from
the nonlinear activation functions using a splitting technique. Rather than
directly feeding the output of layer 𝑙 into the next layer, they introduce auxiliary
variables:

• 𝑧𝑙 = 𝑊𝑙𝑎𝑙−1 represents the output of the linear operator at layer 𝑙

• 𝑎𝑙 = ℎ𝑙(𝑧𝑙) represents the output of the activation function at layer 𝑙

This splitting transforms the original problem into a constrained optimiza-
tion:

min
{𝑊𝑙},{𝑎𝑙},{𝑧𝑙}

ℓ (𝑧𝐿 , 𝑦) (2.8)

subject to 𝑧𝑙 = 𝑊𝑙𝑎𝑙−1, for 𝑙 = 1, 2, . . . , 𝐿 (2.9)

𝑎𝑙 = ℎ𝑙(𝑧𝑙), for 𝑙 = 1, 2, . . . , 𝐿 − 1 (2.10)

This constrained problem can be addressed by introducing penalty terms to
form an unconstrained problem:

min
{𝑊𝑙},{𝑎𝑙},{𝑧𝑙}

ℓ (𝑧𝐿 , 𝑦) + 𝛽𝐿∥𝑧𝐿 −𝑊𝐿𝑎𝐿−1∥2 (2.11)

+
𝐿−1∑
𝑙=1

[
𝛾𝑙 ∥𝑎𝑙 − ℎ𝑙(𝑧𝑙)∥2 + 𝛽𝑙 ∥𝑧𝑙 −𝑊𝑙𝑎𝑙−1∥2

]
(2.12)

where {𝛽𝑙} and {𝛾𝑙} are penalty parameters controlling the weight of each
constraint.

To ensure exact enforcement of constraints, Taylor et al. introduce Lagrange
multipliers, specifically using a Bregman iteration approach. The final objective
becomes:
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min
{𝑊𝑙},{𝑎𝑙},{𝑧𝑙}

ℓ (𝑧𝐿 , 𝑦) + ⟨𝑧𝐿 ,𝜆⟩ + 𝛽𝐿∥𝑧𝐿 −𝑊𝐿𝑎𝐿−1∥2 (2.13)

+
𝐿−1∑
𝑙=1

[
𝛾𝑙 ∥𝑎𝑙 − ℎ𝑙(𝑧𝑙)∥2 + 𝛽𝑙 ∥𝑧𝑙 −𝑊𝑙𝑎𝑙−1∥2

]
(2.14)

where 𝜆 is a vector of Lagrange multipliers with the same dimensions as 𝑧𝐿.

2.4.2 ADMM Algorithm for Neural Networks

The ADMM optimization proceeds by alternately updating each set of vari-
ables while holding the others fixed, following the algorithm outlined by Taylor
et al. [45].

Algorithm 1 ADMM for Neural Nets [45]
Input: training features {𝑎0}, and labels {𝑦}
Initialize: allocate {𝑎𝑙}𝐿−1

𝑙=1 , {𝑧𝑙}𝐿𝑙=1, and 𝜆
repeat

for 𝑙 = 1, 2, · · · , 𝐿 − 1 do
𝑊𝑙 ← 𝑧𝑙𝑎†𝑙−1
𝑎𝑙 ← (𝛽𝑙+1𝑊𝑇

𝑙+1𝑊𝑙+1 + 𝛾𝑙𝐼)−1(𝛽𝑙+1𝑊𝑇
𝑙+1𝑧𝑙+1 + 𝛾𝑙ℎ𝑙(𝑧𝑙))

𝑧𝑙 ← arg min𝑧 𝛾𝑙 ∥𝑎𝑙 − ℎ𝑙(𝑧)∥2 + 𝛽𝑙 ∥𝑧𝑙 −𝑊𝑙𝑎𝑙−1∥2
end for
𝑊𝐿 ← 𝑧𝐿𝑎†𝐿−1
𝑧𝐿 ← arg min𝑧 ℓ (𝑧, 𝑦) + ⟨𝑧𝐿 ,𝜆⟩ + 𝛽𝐿∥𝑧 −𝑊𝐿𝑎𝐿−1∥2
𝜆← 𝜆 + 𝛽𝐿(𝑧𝐿 −𝑊𝐿𝑎𝐿−1)

until converged

The key advantage of this approach is that each update step has a simple
closed-form solution:

Weight update: The update for each weight matrix𝑊𝑙 is a simple least-squares
problem, solved as:

𝑊𝑙 ← 𝑧𝑙𝑎†𝑙−1 (2.15)

where 𝑎†𝑙−1 denotes the pseudo-inverse of 𝑎𝑙−1.
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Activation update: The activation variables are updated by solving another
least-squares problem:

𝑎𝑙 ← (𝛽𝑙+1𝑊𝑇
𝑙+1𝑊𝑙+1 + 𝛾𝑙𝐼)−1(𝛽𝑙+1𝑊𝑇

𝑙+1𝑧𝑙+1 + 𝛾𝑙ℎ𝑙(𝑧𝑙)) (2.16)

Output update: The update for 𝑧𝑙 involves solving:

𝑧𝑙 ← arg min
𝑧

𝛾𝑙 ∥𝑎𝑙 − ℎ𝑙(𝑧)∥2 + 𝛽𝑙 ∥𝑧 −𝑊𝑙𝑎𝑙−1∥2 (2.17)

While this appears complex, Taylor et al. note that when using common activa-
tion functions like ReLU, this decomponents into independent one-dimensional
problems that can be solved in closed form.

Lagrange Multiplier Update: The multipliers are updated using the Bregman
iteration:

𝜆← 𝜆 + 𝛽𝐿(𝑧𝐿 −𝑊𝐿𝑎𝐿−1) (2.18)

2.4.3 Key ADMM parameters and theoretical advantages

The performance of ADMM for neural network optimization is influenced
by several key parameters:

BETA Parameter: The BETA parameter (𝛽𝑙) controls the penalty weight for the
constraint 𝑧𝑙 = 𝑊𝑙𝑎𝑙−1. This parameter affects the trade-off between satisfying
the constraint exactly and minimizing the original objective. Higher values
enforce the constraint more strictly but may slow convergence.

GAMMA Parameter: The GAMMA parameter (𝛾𝑙) controls the penalty weight
for the constraint 𝑎𝑙 = ℎ𝑙(𝑧𝑙). Similar to BETA, it balances constraint satisfaction
with objective minimization.

WARMUP Parameter: Taylor et al. introduced a WARMUP parameter that
specifies the number of ADMM iterations to perform before beginning Lagrange
multiplier updates. This allows the algorithm to find reasonable initial values
before enforcing constraints exactly.
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Initialization methods: Various initialization strategies for the activation ma-
trices {𝑎𝑙} and output matrices {𝑧𝑙} can significantly impact ADMM’s conver-
gence behavior.

The ADMM approach proposed by Taylor et al. offers several theoretical
advantages over gradient-based methods:

Avoiding gradient pathologies: By decoupling the layers, ADMM eliminates
the need for backpropagation and thus avoids vanishing/exploding gradient
problems entirely. Each weight matrix is updated using only local information,
without requiring gradient chains to propagate through multiple layers.

Global solutions to subproblems: Each substep in ADMM is solved to global
optimality. While the overall problem remains non-convex, the ability to exactly
solve each subproblem may help avoid poor local minima that plague gradient
methods.

Parallelization potential: The ADMM formulation enables multiple types of
parallelism:

• Data parallelism: The algorithm can be distributed across cores with dif-
ferent subsets of training data

• Model parallelism: Updates for different layers can potentially be com-
puted in parallel

Linear scaling: Taylor et al. demonstrated empirically that their ADMM ap-
proach exhibits linear scaling with the number of computational cores, even up
to thousands of cores. This contrasts with diminishing returns often observed
when scaling gradient-based methods.

2.5 Comparative studies and research gaps

The field of neural network optimization has witnessed extensive research
comparing various optimization methods, though comprehensive evaluations
including ADMM alongside traditional gradient-based approaches remain lim-
ited. Ruder [41] provided a thorough overview of gradient-based optimization
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algorithms, showing that while adaptive methods often converge faster, SGD
with momentum frequently achieves better generalization. Wilson et al. [49]
further demonstrated cases where adaptive methods led to worse generalization
despite faster training. Research specifically comparing ADMM with gradient-
based methods for neural networks has been sparse. Taylor et al. [45] demon-
strated ADMM’s potential advantages for neural networks, particularly in dis-
tributed environments, showing promising convergence properties and linear
scaling with computational nodes. Zeng et al. [51] provided theoretical analysis
of ADMM’s convergence in neural networks, establishing guarantees under cer-
tain conditions and demonstrating its ability to avoid saturation issues that affect
gradient-based methods. In the broader optimization literature, Ghadimi et al.
[17] and Teixeira et al. [46] analyzed optimal parameter selection for ADMM,
showing that convergence rates vary significantly based on parameter choices,
though their direct applicability to non-convex neural network optimization re-
mains uncertain. Despite these advances, several research gaps remain: (1) most
studies focus on theoretical properties rather than comprehensive benchmark-
ing on standard tasks; (2) ADMM’s sensitivity to hyperparameters in neural
network contexts is understudied and (3) empirical evaluations of ADMM’s
scaling efficiency in distributed neural network training are limited. This the-
sis addresses these gaps by conducting a systematic comparative evaluation of
ADMM against GD and SGD for neural network optimization, implementing
a consistent framework for evaluation, analyzing hyperparameter sensitivity,
and examining performance in both single-node and distributed settings. The
findings aim to establish when and how ADMM may offer advantages over
traditional gradient-based methods for neural network optimization.
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3
Methodology

This chapter presents the methodological framework employed in this re-
search to evaluate the performance of the Alternating Direction Method of Mul-
tipliers (ADMM) in standard neural networks. Building upon the theoretical
foundations established in chapter 2, this thesis implements and compares mul-
tiple neural network optimization approaches, with a primary focus on ADMM.
The comparative evaluation includes traditional gradient-based methods: Gra-
dient Descent (GD) and Stochastic Gradient Descent (SGD) in order to provide
comprehensive insights into the relative strengths and limitations of ADMM for
neural network training.

The methodology is designed to systematically analyze performance across
various dimensions, including convergence behavior, computational efficiency,
and scalability in distributed environments.
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Figure 3.1: Methodology pipeline for evaluating ADMM performance in neural
networks

3.1 Dataset

This section describes the dataset used for the experimental evaluation of
optimization algorithms. We selected a standard benchmark dataset to ensure
comparability with existing research and to provide a well-understood problem
space for analyzing algorithmic performance.

3.1.1 MNIST dataset

We used the MNIST dataset [13], a widely recognized benchmark in ma-
chine learning. MNIST consists of handwritten digit images, providing an ideal
testbed for evaluating neural network optimization methods due to its moderate
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complexity and established performance baselines.
The MNIST dataset includes:

• 60,000 training images

• 10,000 test images

• 10 classes (digits 0-9)

• 28x28 grayscale images (784 pixels per image)

The MNIST dataset has established itself as a fundamental benchmark in
machine learning and computer vision research. Its popularity stems from
several key attributes: the task of digit recognition is conceptually straightfor-
ward, the dataset’s compact size requires minimal computational resources, and
researchers benefit from its well-documented structure and straightforward im-
plementation [11]. These characteristics made MNIST particularly suitable for
comparing different optimization approaches, as it provided sufficient complex-
ity to be meaningful while remaining computationally tractable.

Figure 3.2: Sample images from the MNIST dataset showing handwritten digits
from 0 to 9.

3.1.2 Data preparation

The dataset underwent several preprocessing steps to ensure optimal perfor-
mance across all optimization methods. Images were normalized to have zero
mean and unit variance using the standard values for MNIST (mean=0.1307,
std=0.3081) and flattened into 784-dimensional vectors for input to the neural
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network. For ADMM specifically, labels were one-hot encoded as required by
the implementation, and data was transposed to match the expected format
(features x samples).

For distributed ADMM experiments, the training data was partitioned across
computing nodes. Each node received approximately 60,000

𝑁𝑛𝑜𝑑𝑒𝑠
training examples,

with partitioning done sequentially without shuffling to ensure reproducibility.
All nodes had access to the complete test set for evaluation. This partitioning
scheme allowed for evaluating how ADMM performed in distributed settings
where each node had access to only a subset of the training data.

3.2 Experimental framework

All experiments in this study used an equivalent neural network architec-
ture to ensure fair comparison between optimization methods. The network
consisted of:

• Input dimension: 784 neurons (flattened 28x28 MNIST images)

• Hidden layer: 256 neurons with ReLU activation

• Output dimension: 10 neurons (one per class for MNIST)

3.2.1 Network implementation

While the architecture was equivalent across methods, the implementation
differed between ADMM and gradient-based approaches.

The ADMM implementation explicitly modeled the network with weight
matrices and auxiliary variables:

• Weight matrices: 𝑊1 ∈ R256×784, 𝑊2 ∈ R256×256, 𝑊3 ∈ R10×256

• Auxiliary variables: 𝑧1, 𝑎1, 𝑧2, 𝑎2, 𝑧3 represented layer outputs and activa-
tions

• Lagrangian multipliers: 𝜆 for enforcing constraints
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Figure 3.3: Neural network architecture with ADMM variables, showing the
relationship between weight matrices (𝑊1, 𝑊2, 𝑊3) and auxiliary variables (𝑧1,
𝑎1, 𝑧2, 𝑎2, 𝑧3).

For gradient-based methods (GD and SGD), the network was implemented
using PyTorch’s standard neural network modules with the same overall struc-
ture.

3.3 Optimization methods

This section describes the three optimization approaches that were imple-
mented and compared in this study. Building upon the theoretical foundations
established in chapter 2, the implementation details and specific algorithmic
considerations for each method are presented.

3.3.1 ADMM optimization

The ADMM approach reformulated the neural network training as a con-
strained optimization problem. For the implemented network, the formulation
introduced auxiliary variables that decoupled the optimization across layers:

Inputs: 𝑎0 ∈ R𝑛𝑖𝑛𝑝𝑢𝑡𝑠×𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒 (3.1)

Layer 1: 𝑧1 = 𝑊1𝑎0, 𝑎1 = 𝜎(𝑧1) (3.2)

Layer 2: 𝑧2 = 𝑊2𝑎1, 𝑎2 = 𝜎(𝑧2) (3.3)

Output: 𝑧3 = 𝑊3𝑎2 (3.4)
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Weight updates. The weight matrices were updated using a least-squares ap-
proach:

𝑊𝑙 = 𝑧𝑙𝑎†𝑙−1 (3.5)

where 𝑎†𝑙−1 represented the pseudoinverse of 𝑎𝑙−1. This was implemented as:

1 def _weight_update(self, layer_output , activation_input):

2 if dist.is_initialized():

3 return self._distributed_weight_update(layer_output ,

activation_input)

4 else:

5 return torch.mm(layer_output.float(),

6 torch.pinverse(activation_input.float()))

Code 3.1: Weight update implementation

In the distributed setting, this update was implemented through the aggre-
gation of local statistics:

𝑆𝑙𝑜𝑐𝑎𝑙
1 = 𝑧𝑙𝑎𝑇𝑙−1 (3.6)

𝑆𝑙𝑜𝑐𝑎𝑙
2 = 𝑎𝑙−1𝑎𝑇𝑙−1 (3.7)

1 def _distributed_weight_update(self, layer_output , activation_input):

2 local_S1 = torch.mm(layer_output.float(), activation_input.float

().t())

3 local_S2 = torch.mm(activation_input.float(), activation_input.

float().t())

4 if dist.is_initialized():

5 dist.all_reduce(local_S1, op=dist.ReduceOp.SUM)

6 dist.all_reduce(local_S2, op=dist.ReduceOp.SUM)

7 weight_matrix = torch.mm(local_S1 , torch.pinverse(local_S2))

8 return weight_matrix

Code 3.2: Distributed weight update implementation

These statistics were aggregated across computing nodes, and the weight
matrix was computed as:

𝑊𝑙 = 𝑆1𝑆−1
2 (3.8)

Activation updates. The post-activation variables were updated by solving:

𝑎𝑙 = arg min
𝑎

𝛽 |𝑧𝑙+1 −𝑊𝑙+1𝑎 |2𝐹 + 𝛾 |𝑎 − 𝜎(𝑧𝑙)|2𝐹 (3.9)
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This had the closed-form solution:

𝑎𝑙 = (𝛽𝑊𝑇
𝑙+1𝑊𝑙+1 + 𝛾𝐼)−1(𝛽𝑊𝑇

𝑙+1𝑧𝑙+1 + 𝛾𝜎(𝑧𝑙)) (3.10)

where 𝛽 and 𝛾 were hyperparameters that balanced the consistency between
layers and the nonlinear activation constraint.

Pre-activation updates. The pre-activation variables were updated by solving:

𝑧𝑙 = arg min
𝑧

𝛽 |𝑧 −𝑊𝑙𝑎𝑙−1 |2𝐹 + 𝛾 |𝑎𝑙 − 𝜎(𝑧)|2𝐹 (3.11)

Output layer and Lagrangian updates. For the final layer, the update incor-
porated Lagrangian multipliers:

𝑧3 =
𝑦 − 𝜆 + 𝛽𝑊3𝑎2

1 + 𝛽
(3.12)

where 𝑦 represented the target values and 𝜆 was the Lagrangian multiplier. The
Lagrangian multiplier was then updated:

𝜆 = 𝜆 + 𝛽(𝑧3 −𝑊3𝑎2) (3.13)

Training process. The ADMM training process consisted of two main phases.
The warming phase initialized and stabilized the auxiliary variables before the
main training, performing a specified number of ADMM iterations without eval-
uating model performance. This phase was critical for establishing a reasonable
starting point, particularly with random initialization. The main training pro-
ceeded with the same update steps and evaluated model performance after each
iteration, continuing until either the maximum number of epochs was reached
or an early stopping criterion was triggered.

3.3.2 Gradient-based methods

Gradient Descent (GD). Mini-batch GD updated the model parameters using
the average gradient computed over a batch of training examples:

𝜃𝑡+1 = 𝜃𝑡 − 𝜂 1
|𝐵|

∑
𝑖∈𝐵
∇𝜃𝐿( 𝑓𝜃(𝑥𝑖), 𝑦𝑖) (3.14)

25



3.4. HYPERPARAMETER CONFIGURATION

where 𝜃 represented the model parameters, 𝜂 was the learning rate, 𝐵 was the
current batch, and 𝐿 was the loss function. The implementation used PyTorch’s
automatic differentiation and optimizer framework with a batch size of 128 and
a learning rate of 0.01.

Stochastic Gradient Descent (SGD). Pure SGD updated the model parameters
using the gradient computed on individual training examples:

𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇𝜃𝐿( 𝑓𝜃(𝑥𝑖), 𝑦𝑖) (3.15)

This approach was implemented with the same learning rate (0.01) as GD,
offering potentially faster convergence in terms of data passes but with higher
variance in updates.

3.4 Hyperparameter configuration

The optimization methods were configured with specific hyperparameters
that influenced their behavior and performance.

3.4.1 ADMM hyperparameters

The ADMM implementation involved several key hyperparameters summa-
rized in Table 3.1.

The values in Table 3.1 represented the default configuration, though the
implementation supported a grid search across different combinations of 𝛽 (1,
2, 5), 𝛾 (1, 5, 7), and warming epochs (0, 1, 2, 5, 10) to identify optimal settings.

3.4.2 Gradient-based hyperparameters

For the gradient-based methods, the hyperparameters were selected based
on common practices in the literature, as shown in Table 3.2.

The epochs for gradient-based methods were selected to ensure a fair com-
parison with ADMM in terms of total data passes while accommodating the
computational differences between the methods.
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Hyperparameter Value(s) Description
𝛽 1 Penalty parameter in the ADMM formula-

tion, controlling the weight of consistency
between auxiliary variables and constraints

𝛾 1 Balance parameter for the nonlinear acti-
vation constraints, determining the impor-
tance of matching the ReLU activation func-
tion

Warming epochs 2 Number of initial iterations dedicated to
stabilizing the auxiliary variables before be-
ginning the main training loop

Maximum epochs 50 Upper limit of training iterations before ter-
mination

Grace patience 5 Number of epochs with suboptimal perfor-
mance before triggering early stopping

Table 3.1: ADMM hyperparameter configuration

Hyperparameter GD SGD Description
Learning rate 0.01 0.01 Step size controlling how much

to adjust weights based on the
gradient

Loss function CrossEntropy CrossEntropy Loss function for classification
tasks

Table 3.2: Gradient-based methods hyperparameter configuration

3.5 Evaluation methodology

The evaluation of the optimization methods was based on several key metrics
designed to provide a comprehensive comparison of their performance.

3.5.1 Performance metrics and experimental protocols

We employed multiple metrics to assess the optimization methods’ effec-
tiveness and efficiency, along with standardized protocols for each method to
ensure fair comparisons.
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Accuracy. Classification accuracy was calculated as the proportion of correctly
predicted labels:

Accuracy =
Number of correct predictions

Total number of examples × 100% (3.16)

For ADMM, this was computed using argmax on the one-hot encoded pre-
dictions and labels, while for GD and SGD, it was computed directly using
PyTorch’s categorical accuracy calculation.

Loss. The loss function values were tracked throughout training to monitor
convergence.

Training time. The total training time was measured in seconds, recording
how long each method required to complete its training process. For ADMM,
this included both the warming phase and the main training loop.

ADMM protocol. For the ADMM experiments, the procedure involved: ini-
tializing the model with the specified architecture and hyperparameters; parti-
tioning training data across available nodes for distributed experiments; execut-
ing the warming phase; running the main training loop while recording metrics;
applying early stopping if needed; restoring the best model; and evaluating on
the test set for final performance metrics.

Gradient-based protocol. For GD and SGD experiments, the procedure in-
volved: initializing the model with the PyTorch implementation; creating the
appropriate data loader; training for the specified number of epochs while
recording metrics; and evaluating the final model on the test set.

3.5.2 Implementation details

The experiments were conducted using PyTorch for tensor operations and
neural network functionalities, with specific configurations for different compu-
tational environments.

Software stack. Our implementation utilized PyTorch for tensor operations
and automatic differentiation, torch.distributed for multi-node communication,
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and torchvision for dataset loading and preprocessing. For monitoring and
logging, we employed Weights & Biases (wandb) for experiment tracking and
visualization.

Hardware and distributed setup. The experiments were conducted on com-
puting infrastructure with multi-core processors for parallel computation and
sufficient RAM for the MNIST dataset and model parameters. For ADMM, dis-
tributed training was implemented using PyTorch’s distributed communication
framework, with process initialization using environment variables (RANK,
WORLD_SIZE, LOCAL_RANK), communication backends (NCCL for GPU-
based communication, Gloo for CPU-based communication), and distributed
operations (All-reduce for aggregating statistics, Broadcast for synchronizing
model parameters).
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4
Results and discussion

This chapter presents the experimental results and analysis of the Alter-
nating Direction Method of Multipliers (ADMM) algorithm in standard neural
networks. The findings are analyzed to evaluate ADMM’s practical utility for
neural network optimization, highlighting both its strengths and limitations
compared to traditional approaches.

4.1 Computational efficiency

The computational efficiency of optimization algorithms is a critical factor
in their practical adoption for neural network training. This section compares
the processing time requirements of ADMM against traditional optimization
methods (SGD and GD), revealing significant differences in their computational
demands.

4.1.1 Epoch processing time comparison and implications

Figure 4.1 presents the processing time per epoch for the three optimization
algorithms: ADMM, SGD and GD. The horizontal axis represents the training
epochs (0-35), while the vertical axis shows the time units (seconds) required to
complete each epoch.

As shown in the figure, ADMM required the least processing time, averaging
approximately 0.5-1 time units per epoch throughout the entire training process.
GD demonstrated moderate efficiency with processing times of approximately
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Figure 4.1: Epoch processing time comparison between ADMM, SGD, and GD
optimization algorithms.

2.5-3 time units per epoch and was run for about 20 epochs. SGD showed
significantly higher computational demands, with epoch times of approximately
20 time units, and was terminated after 5 epochs.

It is important to note that the SGD and GD experiments were intentionally
stopped after sufficient data had been collected to establish the clear differences
in computational requirements between the three algorithms. The experiments
confirmed that ADMM offers substantially lower per-epoch processing time
compared to the alternatives. ADMM was run for the full 35 epochs, main-
taining consistent performance throughout the entire process with only minor
fluctuations observed between epochs 25-30.

The significant difference in processing times between these optimization
algorithms (with ADMM being approximately 3 times faster than GD and 20
times faster than SGD) was apparent from the early epochs, making extended
runs of the more time-intensive algorithms unnecessary for this comparison.

Implications of computational efficiency findings

These results demonstrate ADMM’s potential as a computationally efficient
alternative for neural network optimization. The substantial reduction in pro-
cessing time 3x faster than GD and 20x faster than SGD could translate to signif-
icant practical advantages in resource-constrained environments or applications
requiring rapid model training.
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The efficiency likely stems from ADMM’s approach of decomposing the op-
timization problem into simpler subproblems that can be solved in closed form,
without requiring the expensive gradient calculations that characterize tradi-
tional methods. This fundamental difference in approach represents a trade-off
that practitioners should consider when selecting optimization algorithms for
different applications.

ADMM’s consistent performance across multiple epochs also suggests reli-
able scalability for longer training sessions, which is particularly valuable for
complex models that require extended training periods. These efficiency gains
position ADMM as a promising candidate for real-time applications, initial
model exploration, or scenarios where computational resources are limited.

4.2 Convergence behavior

While computational efficiency addresses the resource demands of optimiza-
tion algorithms, their convergence characteristics determine how effectively they
navigate the loss landscape to produce high-quality models. This section an-
alyzes the convergence trajectories of ADMM, SGD, and GD across multiple
metrics to evaluate their practical utility for neural network training.

4.2.1 Loss convergence analysis and interpretation

Figure 4.2 presents the loss function values across training epochs for the
three optimization algorithms. The horizontal axis represents the training
epochs (0-14), while the vertical axis shows the loss value.

SGD (black line) showed the most rapid convergence, starting at a loss value
of approximately 0.2 and quickly decreasing to around 0.05 by epoch 4, where
the line ends. GD (red line) began with the highest initial loss value near
0.75, dropped significantly within the first two epochs to around 0.35, and then
gradually declined, stabilizing around 0.15 by the end of the training period.

ADMM (blue line) showed a unique convergence pattern, beginning with a
moderate loss value of about 0.75, then exhibiting a spike to approximately 0.8
at epoch 1 before rapidly decreasing to around 0.3 by epoch 2. It then continued
a more gradual descent, experiencing some fluctuations particularly around
epochs 11-13, before finishing at a value comparable to GD at around 0.15.

The shaded blue region surrounding the ADMM curve represents variance
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Figure 4.2: Loss function values per epoch for ADMM, SGD, and GD optimiza-
tion algorithms.

across experimental runs, indicating that ADMM exhibits higher variability in
performance compared to the other methods.

Discussion of loss convergence patterns

The distinct convergence patterns observed provide important insights into
how these optimization approaches navigate the loss landscape. SGD’s ex-
ceptionally rapid convergence demonstrates its effectiveness in quickly finding
promising regions of the parameter space, achieving the lowest overall loss
values before terminating at epoch 4.

GD shows a more gradual and steady convergence pattern, without the
volatility seen in ADMM. Its consistent downward trajectory suggests reliable
performance, though it doesn’t achieve the same low loss values as SGD within
the observed epochs.

ADMM’s loss trajectory reveals both strengths and limitations of this ap-
proach. The initial spike followed by rapid decrease indicates that ADMM
may temporarily move away from optimal solutions before converging more
effectively. The fluctuations observed around epochs 11-13 suggest potential
instability in ADMM’s optimization process. This instability may be attributed
to ADMM’s decomposition approach, which can occasionally lead to subprob-
lems that temporarily push the solution away from the optimal path before
reconverging.
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The wider variance observed in ADMM’s performance (as shown by the blue
shaded region) indicates less predictable behavior compared to gradient-based
methods. This higher variability is an important consideration for applications
where consistent, predictable convergence patterns are required. Despite these
variations, ADMM’s ability to ultimately achieve final loss values comparable
to GD by epoch 14 demonstrates its capacity to find effective solutions, albeit
through a different and potentially less stable path.

4.2.2 Accuracy performance and comparative analysis

Figure 4.3 presents the accuracy values across training epochs for the three
optimization algorithms. The horizontal axis represents the training epochs
(0-25), while the vertical axis shows the accuracy as a percentage.

Figure 4.3: Accuracy values per epoch for ADMM, SGD, and GD optimization
algorithms.

SGD achieved the highest overall accuracy, reaching approximately 90%
within the first few epochs before plateauing. GD showed a steady increase
in accuracy, starting at about 80% and gradually improving to roughly 95% by
epoch 20.

ADMM showed a different trajectory, starting at around 30% accuracy and
showing consistent improvement over the first 10 epochs. By epoch 10, ADMM
reached approximately 70% accuracy and continued to fluctuate between 65%
and 75% for the remainder of the training process. The final accuracy for ADMM
at epoch 25 was approximately 75%.
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The shaded region around the ADMM line indicates considerable variance
in accuracy across experimental runs, suggesting less consistent performance
compared to SGD and GD.

Implications for practical applications

The accuracy trajectories reveal a fundamental trade-off between computa-
tional efficiency and predictive performance. While ADMM demonstrates supe-
rior processing speed, its accuracy performance falls notably short of gradient-
based methods on this standard classification task. This disparity highlights
that ADMM, in its current implementation, may not be the optimal choice for
applications where achieving state-of-the-art accuracy is the primary objective.

The 15-20% accuracy gap between ADMM and gradient-based methods is
significant enough to go through a careful consideration when selecting opti-
mization approaches. For applications where a 75-80% accuracy level is suffi-
cient, ADMM’s computational advantages may outweigh this performance gap.
However, for tasks requiring higher accuracy, traditional methods like SGD and
GD remain the preferred choice despite their computational costs.

ADMM’s higher variance across runs also suggests that it may be less reliable
in consistently producing high-quality models. This characteristic is particularly
relevant for production environments where model performance stability is crit-
ical. The fluctuations observed in ADMM’s accuracy during later training stages
further indicate that it may benefit from additional stabilization mechanisms to
maintain consistent performance throughout the training process.

4.2.3 Final test accuracy and optimal configurations

Figure 4.4 presents the final test accuracy for each optimization algorithm
across different hyperparameter configurations. The horizontal axis represents
the accuracy percentage, while each row displays the results for a specific algo-
rithm configuration.

SGD and GD configurations remained consistent across all runs (5 epochs,
learning rate of 0.01), producing stable accuracy results each time. For ADMM,
three different parameter combinations were evaluated to determine the op-
timal configuration. The first configuration used 100 epochs with BETA=1,
GAMMA=10, and WARMUP=10, while the second and third configurations
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Figure 4.4: Final test accuracy for different configurations of ADMM, SGD, and
GD optimization algorithms.

used 50 epochs with varying values for GAMMA and WARMUP. All ADMM
configurations maintained BETA=1 and GRACE_PATIENCE=5 as constants.

To highlight the best performance achieved with each optimization algo-
rithm, table 4.1 presents the optimal hyperparameter configurations and their
corresponding accuracy values.

Algorithm Epochs Learning rate Additional parameters Accuracy (%)
SGD 5 0.01 - 96.86
GD 20 0.01 - 96.51

ADMM 50 -
BETA=1, GAMMA=1,

WARMUP=2, GRACE=5
81.98

Table 4.1: Optimal hyperparameter configurations and corresponding test accu-
racy for each optimization algorithm

The test results showed that SGD achieved the highest final accuracy (96.86%)
among the three algorithms, followed closely by GD (96.51%). ADMM achieved
a lower accuracy of 81.98% with the optimal configuration of BETA=1, GAMMA=1,
WARMUP=2, and GRACE=5.

Discussion of performance differences

The performance gap between ADMM and gradient-based methods reflects
fundamental differences in how these algorithms approach optimization. The
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nearly 15% difference in accuracy is substantial but should be interpreted within
the context of the computational efficiency trade-off discussed earlier. ADMM’s
82% accuracy, while lower than gradient-based methods, still represents effec-
tive learning on the MNIST dataset and may be sufficient for many applications
where processing speed is prioritized over achieving the highest possible accu-
racy.

The optimal configuration findings indicate that ADMM is quite sensitive
to hyperparameter selection. The identification of BETA=1, GAMMA=1, and
WARMUP=2 as the optimal parameter combination provides practical guid-
ance for practitioners implementing ADMM for neural network training. This
sensitivity contrasts with gradient-based methods, which performed well with
standard configurations, suggesting that ADMM requires more careful tuning
to achieve its best performance.

The necessity of 50 epochs for ADMM to achieve its optimal accuracy, com-
pared to just 5 epochs for SGD, further emphasizes the different convergence
characteristics of these approaches. While ADMM requires more iterations, its
per-epoch efficiency means that the total training time can still be competitive
or even advantageous compared to gradient-based methods, depending on the
specific application requirements.

4.3 Scalability analysis and parameter sensitivity

This section investigates the performance characteristics of ADMM under
various configuration scenarios, focusing on its scalability in parallel comput-
ing environments and sensitivity to key hyperparameters. Understanding these
relationships is crucial for optimizing ADMM implementations in practical neu-
ral network training applications and identifying the most efficient parameter
settings for different computational constraints.

4.3.1 ADMM scalability with parallel processing

The scalability of ADMM with increasing numbers of parallel processes
was examined to evaluate its potential for distributed computing environments.
Figures 4.5, 4.6, 4.7, and 4.8 present the training and test accuracy of ADMM
when distributed across different numbers of parallel processes.
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Figure 4.5: Training accuracy of ADMM with 2 parallel processes across epochs.

Figure 4.5 shows the training accuracy with 2 parallel processes. The ac-
curacy initially increased to approximately 25-28% by epoch 7, then remained
relatively stable before gradually declining after epoch 15 to about 12% by epoch
20. The shaded region indicates considerable variance across experimental runs.

Figure 4.6: Test accuracy of ADMM with 2 parallel processes across steps.

Figure 4.6 displays the test accuracy with 2 parallel processes, which showed
high variability, fluctuating between approximately 15% and 60% throughout
the testing steps. The pattern exhibited multiple sharp drops and recoveries,
indicating instability in the distributed optimization process.
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Figure 4.7: Test accuracy of ADMM with 4 parallel processes across steps.

When scaling to 4 parallel processes, as shown in Figure 4.7, the test accu-
racy showed a more stable upward trend. Starting at approximately 12% at
step 10, the accuracy improved consistently, reaching over 80% by step 35, and
maintained this level through the remainder of the testing period. The conver-
gence pattern was smoother with fewer fluctuations compared to the 2-process
implementation.

Figure 4.8: Test accuracy of ADMM with 8 parallel processes across steps.

Figure 4.8 presents the results with 8 parallel processes. The accuracy showed
an initial rapid increase from 10% to approximately 50% by step 12, followed by
several significant fluctuations. Despite these variations, the general trend was
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positive, with accuracy improving to approximately 75-80% by the end of the
testing period. Some instability remained, as evidenced by the drops at steps
16, 22, and 26.

These results demonstrate ADMM’s promising but nuanced potential for dis-
tributed neural network training. The significant improvement in both stability
and final accuracy when scaling from 2 to 4 processes suggests that ADMM can
effectively leverage parallel computing resources, aligning with Taylor et al.’s
[45] findings regarding ADMM’s scaling properties.

The optimal performance observed with 4 parallel processes indicates that
there exists a "sweet spot" in the parallelization strategy for ADMM. This finding
is particularly valuable for practical implementations, as it suggests that modest
parallel computing resources can be sufficient to achieve optimal performance
with ADMM, potentially reducing infrastructure requirements compared to
more resource-intensive distributed training approaches.

However, the diminishing returns and increased instability observed when
scaling to 8 processes highlight important limitations in ADMM’s scalability.
This behavior contrasts with the theoretical linear scaling properties of ADMM
and suggests that in practice, communication overhead or synchronization is-
sues may impact performance at higher levels of parallelization. The fluctuations
observed in the 8-process implementation indicate that additional stabilization
mechanisms may be necessary to fully realize ADMM’s potential in large-scale
distributed environments.

These findings have significant implications for the design of distributed
neural network training systems. Rather than maximizing the number of par-
allel processes, implementations may benefit from finding the optimal balance
between parallelization and stability, potentially through adaptive approaches
that adjust the degree of parallelism based on observed convergence behavior.

4.3.2 Parameter sensitivity analysis

After establishing optimal parallel processing configurations, we investi-
gated how key ADMM parameters affect performance, convergence behavior,
and resource utilization. This section analyzes four critical parameters: BETA,
GAMMA, WARMUP, and initialization methods.
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Effect of BETA parameter

The effect of the BETA parameter on ADMM’s performance was investigated
using the optimal 4-process configuration. Figure 4.9 and Figure 4.10 present
the epoch processing time and final test accuracy for three different BETA values
(1, 5, and 10).

Figure 4.9: Epoch processing time for ADMM with different BETA values (1, 5,
and 10) using 4 parallel processes.

Figure 4.9 shows that all three BETA configurations exhibited similar epoch
processing times, averaging approximately 0.8-1.0 time units per epoch. Some
variability was observed, particularly with BETA=1 showing a spike around
epoch 30, but overall the processing time remained relatively stable regardless
of the BETA value. The shaded regions indicate the variance across experimental
runs.

The test accuracy results in Figure 4.10 reveal substantial differences between
the three BETA configurations. BETA=1 (orange line) achieved the highest and
most stable accuracy, maintaining approximately 80-82% throughout the testing
period. BETA=5 (teal line) showed good performance initially, reaching nearly
80% accuracy around step 20, but gradually declined to about 72% by step
30. BETA=10 (purple line) demonstrated the lowest overall performance, with
accuracy fluctuating between 45-60% and finishing at approximately 58% by the
end of testing.

The BETA parameter’s influence on accuracy without significantly affecting
processing time reveals important insights into ADMM’s optimization dynam-
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Figure 4.10: Test accuracy for ADMM with different BETA values (1, 5, and 10)
using 4 parallel processes.

ics. BETA controls the penalty weight for the constraint between weight matrices
and their corresponding auxiliary variables, essentially determining how strictly
these constraints are enforced during optimization.

The superior performance with BETA=1 suggests that a balanced approach
to constraint enforcement is optimal for neural network training with ADMM.
This finding aligns with optimization theory, which indicates that overly strict
constraint enforcement (higher BETA values) can restrict exploration of the pa-
rameter space, while too lenient enforcement may lead to solutions that violate
the network’s structural requirements.

The dramatic performance degradation observed with increasing BETA val-
ues (nearly 25% accuracy reduction from BETA=1 to BETA=10) highlights the
critical importance of this parameter in practical implementations. Unlike many
hyperparameters in machine learning that offer relatively flat performance
curves around optimal values, ADMM’s BETA parameter appears to have a
sharp sensitivity profile that demands precise tuning.

Effect of GAMMA parameter

After establishing the optimal parallel processing configuration with 4 pro-
cesses and BETA=1, the influence of the GAMMA parameter on ADMM’s per-
formance was examined. Three different GAMMA values (1, 5, and 10) were
evaluated, with results presented in Figures 4.11, 4.12, and 4.13.
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Figure 4.11: Training accuracy for ADMM with different GAMMA values (1, 5,
and 10) using 4 parallel processes and BETA=1.

Figure 4.11 shows the training accuracy evolution over epochs for different
GAMMA values. GAMMA=1 (purple line) exhibited the fastest initial conver-
gence, reaching approximately 80% accuracy by epoch 10, but then experienced
a sharp drop after epoch 20. GAMMA=5 (pink line) demonstrated a more mod-
erate but steadier increase in accuracy, reaching its peak of about 80% by epoch
15. GAMMA=10 (black line) showed the slowest initial progress but eventu-
ally achieved the most stable performance after epoch 20, maintaining accuracy
between 70-80% for the remainder of training.

Figure 4.12: Final test accuracy for ADMM with different GAMMA values (1, 5,
and 10) using 4 parallel processes and BETA=1.
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Figure 4.12 presents a zoomed-in view of the final test accuracy during
the later stages of training. All three configurations achieved high accuracy
above 80%. GAMMA=1 showed the highest initial accuracy (approximately
82.5%) at step 20 but was only measured until step 25. GAMMA=5 reached
a peak of approximately 82.5% at step 35. GAMMA=10 demonstrated more
stable performance with slight fluctuations and achieved approximately 80.7%
accuracy by the end of training.

Figure 4.13: Memory usage (RAM in MB) for ADMM with different GAMMA
values (1, 5, and 10) using 4 parallel processes and BETA=1.

Figure 4.13 illustrates the memory consumption for each GAMMA configura-
tion. GAMMA=10 (orange line) consistently required the most memory, averag-
ing around 500-600 MB throughout most of the training process before gradually
decreasing to approximately 410 MB by the end of training. GAMMA=5 (black
line) showed moderate memory usage that decreased from initial peaks of about
600 MB to around 420 MB in later stages. GAMMA=1 (purple line) demonstrated
the most efficient memory utilization, stabilizing at approximately 410-430 MB
after epoch 15.

The GAMMA parameter results reveal a fundamental trade-off between
convergence speed, stability, and resource utilization in ADMM optimization.
GAMMA controls the penalty weight for the nonlinear activation constraints,
influencing how strictly the algorithm enforces the relationship between pre-
activation and post-activation variables.

The faster initial convergence observed with GAMMA=1 suggests that a
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lighter penalty on activation constraints enables more rapid exploration of the
parameter space early in training. However, the subsequent performance drop
indicates potential instability with this approach. Conversely, GAMMA=10
demonstrated slower initial progress but greater stability throughout the train-
ing process, suggesting that stricter enforcement of activation constraints leads
to more reliable, though initially slower, convergence.

The memory usage patterns provide additional insight into this trade-off.
Higher GAMMA values required consistently greater memory resources, indi-
cating that stricter constraint enforcement demands more computational over-
head. This observation complements the processing time findings and high-
lights that parameter choices in ADMM affect not only optimization quality but
also resource utilization.

Effect of WARMUP parameter and initialization methods

The WARMUP parameter, which controls the number of epochs before
ADMM’s full optimization strategy is applied, was investigated alongside dif-
ferent initialization strategies. These aspects together determine the early-stage
behavior of the ADMM optimization process.

WARMUP parameter analysis. Figure 4.14 presents the test accuracy for ADMM
with three different WARMUP values (0, 2, and 5) using 4 parallel processes.

Figure 4.14: Test accuracy for ADMM with different WARMUP values (0, 2, and
5) using 4 parallel processes.
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Figure 4.14 illustrates the impact of the WARMUP parameter on the conver-
gence rate and final accuracy. WARMUP=5 (teal line) showed the fastest initial
convergence, reaching approximately 70% accuracy by step 18, but experienced
some fluctuations thereafter. WARMUP=2 (blue line) demonstrated a slightly
slower initial convergence but achieved the highest intermediate accuracy of
approximately 82% around step 22 before stabilizing around 80%. WARMUP=0
(purple line) exhibited the slowest initial convergence but eventually reached
the highest final accuracy of approximately 80.5% by step 45.

The WARMUP parameter findings offer valuable insights into initialization
strategies for ADMM optimization. This parameter’s role in controlling when
Lagrangian multiplier updates begin has subtle but significant effects on con-
vergence dynamics.

Higher WARMUP values (such as 5) allow the optimization process to es-
tablish reasonable initial values for auxiliary variables before enforcing con-
straints exactly through Lagrangian updates. This approach facilitates faster
early convergence by enabling the algorithm to explore the parameter space
more freely in initial epochs. However, the subsequent fluctuations observed
with WARMUP=5 suggest that this early exploration may lead to less stable
trajectories once exact constraint enforcement begins.

Conversely, lower WARMUP values (such as 0) enforce constraints from the
beginning, leading to slower but potentially more stable convergence paths. The
highest final accuracy achieved with WARMUP=0 indicates that early constraint
enforcement may ultimately lead to better solutions, albeit requiring more steps
to reach them.

Initialization methods analysis. The effect of weight initialization strategies
on ADMM’s performance was evaluated across training accuracy and final test
accuracy. Four initialization methods were compared: Normalized, He, Xavier,
and Zero initialization.
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Figure 4.15: Training accuracy for ADMM with different initialization methods:
Normalized, He, Xavier, and Zero.

Figure 4.15 reveals distinct patterns in how each initialization method af-
fected accuracy development during training. He initialization (red line) and
Xavier initialization (black line) demonstrated nearly identical performance,
with the fastest initial convergence, reaching approximately 80% accuracy by
step 5 and maintaining this level until around step 18 before gradually declining
to about 28% by the end of training.

Zero initialization (blue line) showed moderately fast initial convergence,
reaching approximately 80% accuracy by step 11, maintaining this level until
step 16, then experiencing a sharp decline to approximately 20% by step 25.

Normalized initialization (green line) exhibited the slowest initial conver-
gence, requiring approximately 12 steps to reach 70% accuracy and never ex-
ceeding 75%. However, it demonstrated the most gradual decline in later stages
and maintained the highest final accuracy of approximately 32% by step 25.

Figure 4.16 presents the final test accuracy achieved by ADMM with each
initialization method. While all methods achieved high accuracy values around
80%, there are subtle but noteworthy differences. He initialization (red bar) and
Xavier initialization (black bar) appear to achieve marginally higher test accuracy
compared to Normalized initialization (green bar) and Zero initialization (blue
bar).

Combined implications for early-stage optimization. Both WARMUP param-
eter settings and initialization methods significantly impact ADMM’s early op-
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Figure 4.16: Final test accuracy for ADMM with different initialization methods.

timization behavior. The superior performance of He and Xavier initialization
methods aligns with theoretical principles from deep learning literature, where
these approaches were designed to maintain appropriate variance scales across
network layers, facilitating efficient gradient flow.

The nearly identical performance of He and Xavier initialization suggests that
ADMM benefits from initialization strategies that place parameters in favorable
regions of the parameter space, similar to gradient-based methods. This finding
indicates that despite ADMM’s fundamentally different optimization approach,
the initial positioning within the parameter space remains crucial for effective
convergence.

When combined with appropriate WARMUP settings, particularly the bal-
anced approach of WARMUP=2, these initialization strategies can significantly
enhance ADMM’s efficiency. The intermediate WARMUP value allows some
initial flexibility while preventing the algorithm from moving too far from
constraint-satisfying regions of the parameter space, complementing the bene-
ficial starting positions provided by proper initialization methods.

These observations have practical implications for ADMM implementation
strategies. For applications requiring rapid preliminary results, higher WARMUP
values combined with He or Xavier initialization may be advantageous, while
those prioritizing solution quality and stability would benefit from lower WARMUP
values. The similar final accuracy levels achieved by most configurations indi-
cates that these parameters primarily affect convergence dynamics rather than
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ultimate performance, providing flexibility to adapt these parameters to specific
application requirements.
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5
Conclusions and future work

This chapter synthesises the findings from our investigation into the Alter-
nating Direction Method of Multipliers (ADMM) for neural network optimiza-
tion. We examine the implications of our results, consider the limitations of
our approach, and propose directions for future research that could extend this
work.

5.1 Summary of key findings

Our systematic evaluation of ADMM compared to traditional gradient-based
methods has revealed several significant insights:

• Computational efficiency: ADMM demonstrated remarkable efficiency,
processing epochs approximately 3 times faster than Gradient Descent
(GD) and 20 times faster than Stochastic Gradient Descent (SGD). This
efficiency derives from ADMM’s fundamental approach of decompos-
ing complex optimization problems into simpler subproblems that can be
solved in closed form without requiring expensive gradient calculations.
The consistent performance observed across multiple epochs indicates re-
liable scalability for extended training regimes.

• Accuracy performance: Despite its computational advantages, ADMM
achieved a maximum accuracy of approximately 82% compared to the
96% attained by gradient-based methods. This 15% accuracy differential
represents the primary trade-off when considering ADMM as an optimiza-
tion alternative. The performance gap is substantial but not prohibitive
for applications where computational efficiency may take precedence over
maximum accuracy.
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• Convergence behaviour: ADMM ultimately reached loss values compa-
rable to gradient-based methods but exhibited less stability during the
convergence process. The algorithm demonstrated occasional spikes in
the loss function and wider variance across experimental runs. This be-
haviour reveals both strengths and limitations of ADMM’s optimization
dynamics and suggests that its decomposition approach, while efficient,
may occasionally produce subproblems that temporarily divert the solu-
tion before reconverging.

• Parallel processing capabilities: Performance improved substantially when
scaling from 2 to 4 parallel processes but showed diminishing returns and
increased instability with 8 processes. This finding indicates that moder-
ate parallelisation represents an optimal strategy for ADMM implemen-
tations. The identification of 4 processes as an optimal configuration pro-
vides valuable guidance for practical implementations and suggests that
modest parallel computing resources can effectively leverage ADMM’s
distributed computing potential.

• Parameter sensitivity: ADMM’s performance was significantly influenced
by several key parameters:

– BETA=1 consistently outperformed higher values, suggesting that a
balanced approach to constraint enforcement is optimal for neural
network training with ADMM

– Lower GAMMA values facilitated faster initial convergence but po-
tentially reduced stability, presenting a trade-off between convergence
speed and training reliability

– The WARMUP parameter substantially affected convergence dynam-
ics, with higher values accelerating initial progress but sometimes
leading to fluctuations in later training stages

– He and Xavier initialisation methods demonstrated clear advantages
over simpler approaches, indicating that ADMM benefits from estab-
lished techniques that maintain appropriate variance scales across
network layers

5.2 Limitations

While our investigation provides valuable insights into ADMM’s potential
for neural network optimization, several limitations of the current study should
be acknowledged:

• The experiments focused primarily on standard neural network archi-
tectures applied to the MNIST dataset. This scope, while appropriate
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for initial evaluation, leaves open questions about ADMM’s performance
on more complex architectures (such as deep convolutional networks or
transformers) and larger, more diverse datasets where the computational
patterns observed might not scale linearly.

• Our hyperparameter exploration, while informative, covered only discrete
values within constrained ranges. A more exhaustive grid search or ad-
vanced hyperparameter optimization techniques might uncover parameter
combinations that yield better performance than those identified in our
study.

• The ADMM implementation represents one specific approach to adapting
this algorithm for neural networks. Alternative formulations of the con-
straints, different update rules, or specialized implementations for specific
network architectures might yield different or improved performance pro-
files.

• Theoretical guarantees for ADMM’s convergence in non-convex neural net-
work optimization remain less developed than for gradient-based meth-
ods. The occasional instability observed in our experiments highlights this
theoretical gap and suggests that further mathematical analysis is needed
to provide stronger convergence assurances.

• Our comparative analysis focused primarily on standard SGD and GD im-
plementations. Evaluations against more sophisticated approaches (such
as Adam, RMSProp, or more recent methods) would provide a more com-
prehensive positioning of ADMM within the broader optimization land-
scape.

5.3 Practical implications

Based on our empirical findings, we offer the following recommendations
for practitioners considering ADMM for neural network optimization:

• Consider ADMM for applications where processing speed and compu-
tational efficiency are prioritized over achieving the highest possible ac-
curacy. The substantial reduction in processing time could translate to
significant practical advantages in resource-constrained environments or
applications requiring rapid model training.

• For optimal results with ADMM, initialize with BETA=1, GAMMA values
between 1-5, WARMUP=2, and either He or Xavier initialization methods.
This configuration was found to balance convergence speed, stability, and
final accuracy performance.

• When implementing distributed ADMM, aim for 4 parallel processes as
an initial configuration. This "sweet spot" in parallelization strategy sug-
gests that modest parallel computing resources can be sufficient to achieve
optimal performance, potentially reducing infrastructure requirements.
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• Carefully evaluate whether the approximately 15% accuracy gap com-
pared to gradient-based methods is acceptable for specific application
requirements. For many practical use cases, the substantially reduced
computational demands may justify this trade-off.

• Consider hybrid strategies that leverage ADMM’s efficiency for initial
training phases before switching to gradient-based methods for fine-tuning
when accuracy is critical. Such approaches could potentially combine the
advantages of both optimization paradigms.

5.4 Future work

Our investigation reveals several promising avenues for future research that
could address current limitations and expand ADMM’s utility for neural net-
work optimization:

• Stability enhancement: Develop specialized techniques to address the
convergence instabilities observed with ADMM. Potential approaches in-
clude adaptive parameter adjustment mechanisms, momentum-inspired
modifications, or constraint relaxation strategies during volatile conver-
gence phases. These enhancements could improve ADMM’s reliability
while maintaining its computational advantages.

• Architecture-specific adaptations: Explore tailored ADMM formulations
for specific neural network architectures such as CNNs, RNNs, or Trans-
formers. Research into how network structure can inform constraint for-
mulation and decomposition strategies may uncover more effective opti-
mization approaches that leverage architectural characteristics.

• Advanced distributed implementations: Investigate techniques such as
asynchronous updates, adaptive consensus constraints, or hierarchical de-
composition strategies to enable better scaling to larger numbers of parallel
processes. These approaches could potentially overcome the diminishing
returns observed in our study when scaling beyond 4 processes.

• Hybrid optimization approaches: Develop systematic frameworks that
combine ADMM’s computational efficiency with the accuracy advantages
of gradient-based methods. Strategies could include using ADMM for
initial large-step exploration of the parameter space before switching
to gradient-based fine-tuning, or specialized combinations of both ap-
proaches for different parts of the network.

• Theoretical foundations: Advance the mathematical understanding of
ADMM’s convergence properties in non-convex neural network optimiza-
tion. Bridging the gap between ADMM’s strong theoretical guarantees in
convex settings and its empirical performance in neural networks could
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yield insights that inform improved implementations and provide more
robust performance guarantees.

In conclusion, this thesis has demonstrated that ADMM represents a viable
alternative to gradient-based optimization for neural networks, offering distinct
advantages in computational efficiency despite current limitations in accuracy
performance. The algorithm’s ability to achieve 82% accuracy with significantly
reduced processing time positions it as a valuable addition to the neural net-
work optimization toolkit, particularly for applications where computational
constraints are significant. The parameter sensitivity and parallelization find-
ings provide practical guidance for implementations, while the identified limi-
tations and future research directions outline a path toward addressing current
challenges.

As these challenges are addressed through further research, ADMM’s role
in neural network optimization is likely to expand, potentially narrowing the
gap between computational efficiency and accuracy performance. This work
contributes to the broader endeavour of developing diverse optimization ap-
proaches that can address the varying requirements of modern machine learn-
ing applications, particularly in resource-constrained environments where the
trade-off between accuracy and computational efficiency must be carefully bal-
anced.
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