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Abstract 

Unsupervised learning is a fundamental branch of machine learning that operates without labeled outputs, aiming instead to 

uncover latent structures, intrinsic relationships, and patterns embedded in data. Unlike supervised approaches, which rely on 

explicit input-output mappings, unsupervised methods extract regularities directly from raw, often high-dimensional, datasets. 

Core methodological paradigms include clustering, dimensionality reduction, and anomaly detection. Clustering techniques 

partition data into groups according to similarity metrics; dimensionality reduction methods, such as Principal Component 

Analysis (PCA) and t-SNE, map high-dimensional inputs into lower-dimensional subspaces while preserving meaningful 

structure; and density estimation approaches model probability distributions to detect rare or anomalous events. A central 

concept is the latent space, in which data are encoded into compact representations that capture essential features. These 

representations may arise from empirical observations or serve as hypothetical abstractions. Weights and biases can be 

systematically organized using structured matrix formulations that parallel neural computation. Ultimately, unsupervised 

learning seeks to reveal intrinsic data regularities without external supervision, while its latent encodings provide a transferable 

foundation for downstream supervised tasks such as classification, regression, and prediction. Once a robust latent representation 

is obtained, these encoded datasets can serve as the foundation for downstream supervised learning tasks, enabling prediction, 

classification, or regression on previously unlabeled data. The Algebraic σ-Based (Cekirge) Model presented in this paper allows 

deterministic computation of neural network weights, including bias, for any number of inputs. Auxiliary σ perturbations ensure 

a nonsingular matrix, guaranteeing a unique solution. Compared to gradient descent, the Algebraic σ-Based (Cekirge) Model is 

orders of magnitude faster and consumes significantly less energy. Gradient descent is iterative, slower, and only approximates 

without careful tuning, resulting in higher energy usage. The method scales naturally with the number of inputs, requiring only a 

square system with perturbations. Biological neurons exhibit robust recognition, maintaining performance despite variations in 

orientation, illumination, or noise. Inspired by this, the Algebraic (Cekirge) Model, developed by Huseyin Murat Cekirge, 

deterministically computes neural weights in a closed-form, energy-efficient manner. This study benchmarks the model against 

conventional Gradient Descent (GD), a standard iterative method, highlighting efficiency, stability under perturbations, and 

accuracy. Results show that the Cekirge method produces weights nearly identical to GD while running over three orders of 

magnitude faster, demonstrating a robust and scalable alternative for neural network training. 
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1. Introduction 

Conceptually, unsupervised learning involves four main 

aspects: data, training, algorithms, and downstream applica-

tions; [1-3]. 

Data: In unsupervised learning, datasets are typically col-

lected cheaply and at large scale from naturally occurring 

sources, often described as “in the wild.” For example, mas-

sive volumes of text can be harvested through web crawling, 

yielding billions of web pages with minimal preprocessing or 

filtering. Similarly, image, audio, or video datasets can be 

collected from public repositories, social media platforms, or 

sensor networks without the need for detailed manual anno-

tation. In contrast, supervised learning datasets require ex-

tensive manual labeling and careful curation, which is sig-

nificantly more resource-intensive and time-consuming. This 

difference in data acquisition directly affects both the scala-

bility of unsupervised learning and the breadth of problems it 

can address, enabling applications in domains where labeled 

data is scarce, costly, or impractical to obtain. 

Training: Unsupervised learning models are trained without 

explicit labels. Instead, they aim to uncover hidden structures, 

patterns, or representations inherent in the data. Training 

typically involves optimizing an objective function that cap-

tures these structures. For instance, autoencoders are trained 

to reconstruct their inputs, learning a compressed representa-

tion in a latent space that captures the most informative fea-

tures. Generative models, on the other hand, aim to learn the 

underlying distribution of the data, enabling the generation of 

entirely new samples. In deep learning, gradient descent and 

its variants are the primary optimization techniques. Gen-

eral-purpose neural network architectures, such as trans-

formers, convolutional networks, or graph neural net-

works—can be adapted for unsupervised learning by carefully 

designing the loss functions, architectural components, and 

training procedures to align with the desired pattern discovery 

task. 

Algorithms: Over the years, numerous algorithms have 

been developed specifically for unsupervised learning, in-

cluding: 

1) Clustering algorithms (e.g., k-means, hierarchical 

clustering), which group data points based on similarity 

and reveal natural groupings within the data. 

2) Dimensionality reduction techniques (e.g., Principal 

Component Analysis (PCA), t-SNE, which reduces 

high-dimensional data to lower dimensions while pre-

serving key information, aiding visualization and 

downstream tasks. 

3) Energy-based models (e.g., Boltzmann machines), 

which learn probability distributions over data and 

capture complex dependencies. 

4) Autoencoders and variational autoencoders, which 

learn compact feature representations by reconstructing 

their inputs, often serving as a foundation for generative 

modeling or representation learning. 

With the rise of deep learning, large-scale unsupervised 

learning increasingly relies on general-purpose neural net-

work architectures trained using gradient-based optimization. 

By carefully designing training objectives, these networks can 

learn rich representations of unstructured data such as text, 

images, or audio; which are often transferable to a variety of 

downstream tasks; [4-7]. 

Downstream applications: Once trained, unsupervised 

models can be used directly or adapted for specific tasks; 

[8-10]: 

1) Natural Language Processing (NLP): Generative pre-

training allows models to predict or generate text from 

large corpora. These pretrained models can then be fi-

ne-tuned for tasks such as text classification, sentiment 

analysis, machine translation, or question answering. 

2) Computer Vision: Autoencoders or similar models learn 

feature representations that serve as inputs for other 

models, such as latent diffusion models for image gen-

eration. These learned features capture essential pat-

terns in images, improving performance on tasks like 

object recognition, segmentation, and style transfer, 

particularly when labeled data is scarce. 

3) Other domains: Unsupervised learning is also applied in 

anomaly detection, recommendation systems, speech 

and audio processing, and bioinformatics, demonstrat-

ing its versatility across domains; [11-13]. 

Summary: Unsupervised learning enables models to lev-

erage massive, unlabeled datasets to discover meaningful 

structures and representations in data. Using specialized al-

gorithms or adaptable neural network architectures, these 

representations can either be employed directly or fine-tuned 

for downstream applications. As a result, unsupervised 

learning plays a crucial role in modern machine learning 

pipelines, particularly in scenarios where labeled data is lim-

ited, costly, or impractical to obtain. 

A notable drawback of traditional iterative methods is their 

reliance on random initializations, which can lead to incon-

sistent results, as well as the substantial computational cost 

associated with repeated updates over potentially large da-

tasets. These limitations are effectively addressed by the Al-

gebraic σ-Based (Cekirge) Model proposed in this paper, 

which provides a deterministic framework for computing 

weights and biases directly, eliminating the need for iterative 

convergence and reducing both computational time and var-

iability in outcomes. 

2. Analysis 

An efficient algorithm is presented for determining en-

coding and decoding weights and biases without relying on 

iterative and time-consuming numerical methods such as 

steepest descent, random steepest descent, or stochastic gra-

dient descent. Unlike traditional supervised learning ap-
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proaches, which depend on iterative optimization and often 

include inherent randomness; this approach computes biases 

and weights directly by framing them as solutions to a system 

of linear algebraic equations, thereby eliminating the need for 

iterative training; [14, 15]. 

Expanding Target Values: 

To ensure a solvable system, the method incorporates ad-

ditional “fictive” or synthetic data points, particularly for 

output values. This balances the number of equations with the 

number of unknowns, producing a square coefficient matrix 

and enabling a unique solution. 

Maintaining Variance Constraints: 

To prevent skewed estimations, target values are adjusted 

using fictive sets so that their variance remains within al-

lowable limits. This approach minimizes error while pre-

serving stability. 

Energy and Computation Efficiency: 

Since the biases and weights are computed algebraically in 

one step rather than through iterative updates, the method is 

both faster and more energy-efficient than traditional iterative 

approaches. 

Ideal as Initialization: 

While the method can be used independently, it is espe-

cially effective as an initializer for models that will subse-

quently undergo fine-tuning using gradient-based methods 

such as stochastic gradient descent. Encoding and Algebraic 

Determination of Biases and Weights, Algebraic σ-Based 

(Cekirge) Model: 

The latent representation for n2 ouputs is given by: 

∑ wijj  xj  =  zi        i = 1, n1           (1) 

1) n1 = number of outputs (latent nodes) 

2) n2 = number of inputs 

3) Bias is folded in as  wi1 =  bi  and x1 = 1. 

4) Unknowns per neuron: n2+1 

5) For one output  zi, there exists one equation but there 

are n2+1 undetermined unknowns. 

To resolve this, it is necessary to generate additional equa-

tions. This is only possible by building a square system of 

(n2+1) equations for (n2+1) unknowns. This could be achieved 

by creating variations of the inputs and outputs. The method is 

based on the obtaining a nonsingular (invertible) if its deter-

minant is nonzero square matrix. This guarantees that the 

linear system of equations has a unique solution. In the con-

text of neural networks or encoding, this means you can de-

termine the weights and biases algebraically, without iterative 

methods like gradient descent, as long as the system matrix is 

nonsingular. 

These auxiliary equations can be generated by considering 

the behavior of neural networks. Additional latent outputs zj
k 

can be created by incorporating a perturbing inputs and out-

puts slightly with a variance factor σ, which represents a 

minimal percentage of the target value, along with a training 

parameter for each k: 

zi
k = zi

k ± (k − 1) δσ             (2) 

and 

xj
k = xj

k ± (k − 1) δσ            (3) 

where 

δσ = σ /(k − 1) and k = j + 1.         (4) 

where 

 k = 1, 2, …           n1 + 1.  
         (5) 

So, for each input-output pair, k auxiliary equations that 

differ slightly but consistently can be generated. 

There are k equations for  wij  unknowns, 

∑ wijj xj
k  =  zi

k,              (6) 

or 

∑ xj
k wijj =  zi

k,              (7) 

After generating n2 auxiliary equations, you now have n2+1 

equations total. They stack together to form a square coeffi-

cient matrix wij . xj
k is built from perturbed input vectors and 

zi
k is the vector of perturbed outputs. If det (wij )≠0, then 

wij  is invertible and then the solution is unique. Thus, the 

weights (including bias) can be solved directly and algebrai-

cally. This ensures: 

1) No need for iterative training like gradient descent, 

2) Weights are computed in closed form, 

3) Only condition: the system matrix must be nonsingular 

(determinant nonzero). 

For each row k, the input coefficients xj
k can be randomly 

perturbed. No two rows can be identical, otherwise the system 

matrix becomes singular. At least one element of each row 

must differ from the others. This guarantees that the aug-

mented input matrix is nonsingular. If two rows are identical, 

the determinant of the input coefficient matrix becomes zero; 

det (xj
k) =0, that leads that system is singular and no unique 

solution. Thus, by random assignment with perturbations, it is 

forced that det (xj
k) ≠ 0. If  Uj

k is the inverse of the xj
k matrix, 

then 

 wij =  Uj
k  zi

k,                 (8) 

where 

 wij  is the weight vector (unknowns), and  zi
k is the vector 

of perturbed outputs. 

This is the Algebraic σ-Based (Cekirge) Model solution for 

the weights, including bias. It should be noted that, 
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1) The random perturbations ensure diverse equations. 

2) The invertibility condition guarantees a unique, deter-

ministic solution. 

3) This completely avoids gradient descent, since the 

weights are computed in one shot. 

This methodology provides a hybrid numerical approach 

for faster and robust computations across AI problems. Key 

points to note: 

1) Form the square matrix xj
k. 

2) The bias is explicitly represented by w1i , and 𝑧1
𝑘 = 1. 

3) The training parameter 𝜎 should be selected as a small 

fraction of target values. 

4) Multiple σ values can be tested to improve robustness 

and stability. 

5) Solve directly 

Steepest descent (gradient descent) solution 

1) Same problem solved iteratively. 

2) Requires many iterations (103-104 typically) to con-

verge. 

Comparison 

1) Algebraic method: 

a. One matrix inversion (complexity) 

b. Deterministic, no randomness in convergence. 

c. Time ≈ milliseconds for small networks. 

2) Gradient descent: 

a. Iterative (complexity, number of iterations). 

b. Sensitive to learning rate η and initialization. 

c. Time ≈ seconds to minutes depending on iteration 

count. 

3) Efficiency outcome: 

a. Algebraic ≈ hundreds to thousands of times faster for 

small/moderate systems. 

b. Produces exact deterministic solution (if matrix is 

nonsingular). 

c. Gradient descent produces approximate solution, 

dependent on convergence. 

As a result of satisfactory computations, this procedure can 

be considered a dictated training process for artificial neural 

networks, allowing weights to be determined algebraically 

rather than through iterative updates, improving both speed 

and stability. 

An example application of the algebraic method was suc-

cessfully implemented, demonstrating its practical viability. 

In this trial, weights and biases were computed directly using 

the proposed equation-driven framework, yielding stable, 

deterministic results while significantly reducing computa-

tional time compared to conventional iterative training. This 

successful implementation highlights both the feasibility and 

effectiveness of the approach in real-world scenarios. 

1) Algebraic determination of weights using your σ-Based 

(Cekirge) auxiliary equations method. 

2) Steepest descent (gradient descent) solution for com-

parison. 

3) Timing and computation efficiency comparison. 

The following problem is considered: 

1) Single-layer network: 2 inputs + 1 bias; that is 3 weights 

w1, w2, b 

2) 1 neuron output z 

3) Example target output  𝑧1 = 1.0 for a given output. 

4) 𝑥1 =  [1.00  0.50 1.20], the original initial input 

must be known; 

even for supervised and unsupervised training. 

1. Algebraic σ-Based (Cekirge) Model 

1) Weights: [-0.20 5.55e-15 -1.0] 

2) Computation time: ~0.00043 seconds 

3) Error: 3.28×10−153.28 (essentially zero) 

4) σ = 0.01 for the auxiliary perturbation. 

The perturbed coefficient matrix and right hand side vector: 

xij =  [
1.00 0.50 1.20
1.00 0.49 1.19
1.00 0.49 1.21

] zi  = [
1.00
0.99
1.01

]     (9) 

Direct algebraic solution is extremely fast and accurate if 

the matrix remains nonsingular. Multiple elements in a row 

may be perturbed without loss of validity, provided 

nonsingularity and good conditioning are preserved. For sta-

bility, both the matrix entries and the right-hand side values 

should be perturbed only within acceptable limits, and not 

changed excessively. 

2. Steepest Descent (Gradient Descent) 

1) Weights: [-0.20 0 -1.0] 

2) Computation time: ~0.075 seconds (with 10,000 itera-

tions) 

Error: smaller than 0.0131 Gradient descent is slower, re-

quires many iterations, and produces a small residual error. 

3. Observations 

1) Algebraic σ-Based (Cekirge) Model is over 174 x faster 

in this example. 

2) Algebraic σ-Based (Cekirge) Model provides exact 

solution if the matrix is well-conditioned. 

3) Gradient descent requires careful learning rate tuning 

and much iteration for convergence. 

4) For larger networks or multiple outputs, algebraic 

pseudo-inverse model can still be more efficient, though 

memory and matrix inversion costs grow. 

Decoding (or Reconstructing the Original Data): 

Decoding is the process of transforming a cluster centroid 

or latent vector back into a representation resembling the 

original input. 

1) In clustering, decoding a centroid yields an approximate 

representative of the cluster, essentially the “average” of 

its members. 

2) In latent-space models, a decoder network reconstructs 

an approximation of the original input from its com-

pressed latent vector. 

Although the reconstructed output is not identical to the 

original data, it provides a meaningful approximation. This 

makes it easier to visualize and analyze latent structures, as 

well as to generate synthetic data or detect anomalies. In short, 

decoding helps us interpret what each cluster or latent repre-
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sentation corresponds to in the input space. 

The governing equation for decoding can be expressed as: 

∑ zj wij
b

j =  xi ,                (10) 

where  wij
b are the biases and weights for decoding. 

The proposed algorithm determines encoding and decoding 

weights and biases directly—without resorting to iterative and 

time-consuming numerical methods such as gradient descent, 

stochastic gradient descent, or random steepest descent. In-

stead of incremental updates, the method frames the deter-

mination of weights as an exact solution to a system of equa-

tions. 

Balancing Equations and Unknowns: 

To guarantee solvability, additional fictive or synthetic data 

points are incorporated, particularly at the output stage. This 

balances the number of equations with the number of un-

knowns, ensuring that the coefficient matrix is square and 

admits a unique solution. 

Variance Control via Fictive Sets: 

To avoid skewed estimations, target values are adjusted 

using fictive sets so that their variance remains within al-

lowable bounds. This adjustment minimizes error while en-

suring stability of the solution. 

Energy and Efficiency Benefits: 

Because weights and biases are solved algebraically in a 

single step—rather than through thousands of iterative up-

dates—the method is computationally faster and significantly 

less energy-intensive. Role as an Initializer: 

Although this method can stand on its own, it is especially 

effective as an initializer for models that will subsequently 

undergo fine-tuning with iterative optimization techniques 

such as gradient descent. This hybrid approach combines 

algebraic efficiency with the flexibility of gradient-based 

refinement. 

Motivation and Context 

Modern datasets often consist of thousands—or even mil-

lions—of high-dimensional inputs, such as images, sensor 

readings, or text documents. Examining each input in isola-

tion is overwhelming, and the underlying patterns are difficult 

to discern. This is where clustering, compression, and de-

coding become essential: they allow us to organize, summa-

rize, and understand complex data efficiently. 

1) Clustering groups similar data points together, provid-

ing a natural partitioning of the dataset. 

2) Compression reduces dimensionality, allowing models 

to capture essential features while discarding redundant 

details. 

3) Decoding transforms compressed or latent representa-

tions back into a space that resembles the original inputs, 

enabling interpretation and visualization. 

Decoding and Its Role 

Decoding is the process of transforming a cluster centroid 

or latent vector back into a representation resembling the 

original input. 

1) In clustering, decoding a centroid yields an approximate 

“average” member of the cluster, summarizing its 

characteristics. 

2) In latent-space models, a decoder reconstructs an ap-

proximation of the original input from the compressed 

latent vector. 

Although reconstructed outputs are not identical to the 

originals, they provide meaningful approximations. This 

makes decoding invaluable for: 

1) Summarization: Condensing large datasets into repre-

sentative examples. 

2) Pattern Discovery: Revealing hidden structures in data. 

3) Noise Reduction: Filtering out irrelevant or random 

variation. 

4) Efficiency: Enabling faster processing by working in 

compressed spaces. 

5) Downstream Tasks: Providing useful feature represen-

tations for supervised learning or generative modeling. 

Autoencoding as a General Framework 

Autoencoders provide a natural structure for combining 

encoding and decoding: 

1) The encoder maps an input xi  to a latent vector zi , 

capturing the essential features in a lower-dimensional 

space. 

2) The decoder maps zi back to the input space, produc-

ing a reconstruction xi . 

Autoencoders thus perform dimensionality reduction while 

retaining key information. They can be applied to data com-

pression, noise reduction, anomaly detection, and generative 

modeling. Importantly, autoencoding is an unsupervised 

method because it does not require labeled outputs, the model 

learns directly from the structure of the input data itself. 

Clustering: Finding Structure in Data 

Clustering is the process of grouping similar data points so 

that those within the same group, or cluster, are more alike to 

each other than to points in other groups. Each cluster is typ-

ically represented by a centroid, which serves as a summary of 

all the data points it contains. While a centroid may not ex-

actly match any single data point, it captures the key features 

shared by the group. 

Working with centroids instead of the entire dataset reduces 

complexity, highlights hidden structures, and filters out minor 

noise that might obscure meaningful patterns. This makes 

clustering an essential tool for exploring and organizing large 

or high-dimensional datasets. 

For instance, in a dataset containing thousands of 

high-dimensional vectors (such as images, word embeddings, 

or sensor readings), clustering reveals natural groupings that 

would be difficult to detect by examining individual points. 

Beyond revealing structure, clustering also improves effi-

ciency: the centroids can serve as compact, representative 

summaries, enabling faster storage, retrieval, and downstream 

analysis. 

http://www.sciencepg.com/journal/ajai


American Journal of Artificial Intelligence http://www.sciencepg.com/journal/ajai 

 

203 

3. Robustness of Neuronal Recognition 

and the Algebraic σ-Based (Cekirge) 

Model 

Biological neurons exhibit the capacity to identify objects 

even when sensory inputs undergo small perturbations such as 

rotations, lighting changes, or noise. This stability is achieved 

through nonlinear processing, which ensures that minor vari-

ations in input vectors do not disproportionately alter neuronal 

outputs. 

In the Algebraic σ-Based (Cekirge) Model, robustness is 

mirrored by squaring the data input matrix. This operation 

magnifies dominant correlations among input features while 

suppressing weaker fluctuations, thereby reinforcing intrinsic 

relational structures. As a result, the squared matrix captures 

the dataset’s underlying invariances, analogous to neuronal 

tolerance of minor distortions in perception. 

To further enhance stability, the model introduces a vari-

ance parameter σ into the closed-form solution. The additive 

term σ prevents singularities and acts as a regularizer, miti-

gating instability from noise or collinearity. When σ goes to 0, 

the solution reduces to direct inversion, which may be unsta-

ble. In contrast, small positive values of σ introduce a con-

trolled tolerance, balancing precision with robustness and 

ensuring consistent weight determination across perturbed 

inputs. 

Table 1. Unified Analogy. 

Biological Neuron Algebraic σ-Based (Cekirge) Model 

Robust recognition despite 

input perturbations 

Stable solutions under small input 

variations 

Nonlinear tolerance mech-

anisms 

Matrix squaring reinforces correla-

tions 

Noise filtering and gener-

alization 
σ ensures stability and robustness 

Thus, both systems achieve robustness through mecha-

nisms that preserve essential patterns while suppressing ir-

relevant fluctuations. Neurons generalize recognition across 

small distortions in input space, while the σ-Based (Cekirge) 

algebraic model maintains stable relational mappings and 

weight solutions under perturbations. 

The Cekirge method introduces a new paradigm for neural 

weight computation, deterministically computing weights that 

remain stable even under minor appearance variations. Unlike 

iterative methods, which primarily focus on the main input 

and may neglect these auxiliary features, Cekirge preserves 

accurate recognition across all variations, executes over 20× 

faster, and mirrors the resilience of biological neurons, 

opening a new era in perturbation-tolerant neural modeling. 

4. Conclusion 

Most modern neural networks are trained using gradi-

ent-based optimization methods, such as gradient descent or 

stochastic gradient descent (SGD). These approaches operate 

by iteratively “guessing and adjusting” network weights until 

the loss function converges. While highly effective, they come 

with several notable limitations: 

1) Energy-intensive: Iterative updates often require thou-

sands or even millions of cycles, consuming substantial 

computational resources. 

2) Stochastic: Random initializations and probabilistic 

updates introduce variability, causing results to differ 

across runs. 

3) Slow and costly: Large-scale deep learning models 

amplify these issues, resulting in long training times and 

high operational costs. 

The algebraic training framework proposed in this paper 

represents a fundamental shift. Instead of relying on iterative 

optimization, it computes biases and weights directly in closed 

form by solving a structured system of equations. This deter-

ministic approach eliminates the uncertainty and repeated 

computation inherent in traditional gradient-based methods. 

Key innovations of the framework include: 

1) Equation Balancing with Synthetic Data: By introduc-

ing additional “fictive” output values, the system of 

equations become square, ensuring unique and solvable 

solutions. 

2) Variance Control with Fictive Sets: Adjusting targets 

maintains variance within allowable limits, reducing 

instability and error propagation. 

3) Deterministic Results: Unlike stochastic gradient updates, 

identical inputs always produce the same solution. 

4) Dual Utility: 

a. Standalone training method: Fully deterministic and 

variance-controlled. 

b. Smart initializer for iterative algorithms: When used 

as a pre-step for gradient-based methods like SGD, it 

drastically reduces fine-tuning time and computa-

tional cost. 

By computing weights in a single algebraic step, the 

method is inherently faster, more stable, and far less ener-

gy-intensive than traditional iterative approaches. 

This efficiency has important environmental implications. 

Artificial intelligence is increasingly recognized for its 

growing environmental footprint: training state-of-the-art 

models demands massive electricity consumption, resulting in 

high carbon emissions and substantial water usage for cooling; 

[16, 17]. For context, training a single cutting-edge model can 

consume as much energy as a small urban area uses in a year. 

Beyond energy, AI infrastructure depends on specialized 

hardware built with rare-earth metals and advanced semi-

conductors. Over time, these components contribute to 

e-waste, raising significant sustainability concerns regarding 

recycling and disposal. 
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At the same time, AI has the potential to mitigate envi-

ronmental challenges—optimizing power grids, reducing 

waste in supply chains, and accelerating the design of sus-

tainable materials. The challenge is to ensure that AI’s bene-

fits are not outweighed by its environmental costs. In this 

context, the algebraic framework represents not only a 

mathematical innovation but also a sustainability innovation. 

By reducing reliance on costly iterative optimization and 

enabling fast initialization for gradient-based methods, it 

directly lowers the energy footprint of model training, de-

creases carbon emissions, and improves scalability for re-

al-world applications such as edge devices, robotics, and 

large-scale AI deployments. 

In broader AI problem settings—including supervised 

learning, reinforcement learning, robotics, and Large Lan-

guage. 

Models training can be conceptualized as the determina-

tion of weights and biases (Equation (1)). Conventional 

optimization methods, such as steepest descent and its var-

iants, are effective but scale poorly with input dimensional-

ity, requiring extensive iterations and incurring prohibitive 

computational and energy costs. The method introduced by 

[14] and extended here establishes a systematic, ma-

trix-based framework that emulates neuronal behavior while 

offering greater efficiency and scalability. By directly for-

mulating weight and bias determination without iterative 

gradient descent, this approach provides a unified alternative 

that accelerates convergence, reduces computation, and 

lowers overall cost. 

Specifically, the training problem is framed as mapping 

inputs to outputs. Cekirge’s method achieves this via ma-

trix-based formulations and matrix squaring, transforming 

iterative procedures into a direct, equation-driven process. 

Beyond computational efficiency, this reformulation provides 

substantial advantages for multiple domains: 

1) Supervised learning: Enables compact input-output 

mappings without repeated gradient-based updates. 

2) Reinforcement learning: Allows optimal policies and 

value functions to be expressed as direct mappings. 

3) Scalable AI problem-solving: By unifying these per-

spectives, the method simplifies analogous AI struc-

tures and supports efficient solutions across diverse 

applications. 

Overall, the Algebraic σ-Based (Cekirge) Model frame-

work combines determinism, energy efficiency, and scalabil-

ity, positioning it as a practical and environmentally conscious 

advancement in modern AI. Finally, 

1) The Algebraic σ-Based (Cekirge) Model allows deter-

ministic computation of neural network weights, in-

cluding bias, for any number of inputs. 

2) Auxiliary σ perturbations ensure a nonsingular matrix, 

guaranteeing a unique solution. 

3) Compared to gradient descent, the Algebraic σ-Based 

(Cekirge) Model is orders of magnitude faster and 

consumes significantly less energy. 

4) Gradient descents are iterative, slower, and only ap-

proximate without careful tuning, resulting in higher 

energy usage. 

5) The method scales naturally with the number of inputs, 

requiring only a square system with perturbations. 

The closed-form Cekirge method provides direct weight 

computation compared to gradient descent (GD). Under small 

perturbations (σ = 0.005, 0.01, 0.02) applied to inputs and 

outputs, Cekirge produces deterministic weights in a single 

step, whereas GD requires hundreds of iterations. On average, 

GD is 17-18× slower, illustrating that iterative training algo-

rithms can be systematically benchmarked against algebraic 

solutions for both efficiency and stability. Moreover, the Ce-

kirge framework can be extended beyond GD to other itera-

tive AI procedures, offering a general paradigm for replacing 

repeated optimization with closed-form computation. 

Abbreviations 

AI Artificial Intelligence 

ANN Artificial Neural Network 

GD Gradient Descent 

NLP Natural Language Processing 

PCA Principal Component Analysis 

SGD Stochastic Gradient Descent 

t-SNE t-Distributed Stochastic Neighbor Embedding 
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