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Abstract. In this article, we propose a new artificial neural network architecture by grow-
ing
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1. Introduction

At the time of writing, Artificial Intelligence (AI) is one of the hottest topic of discussion.
The advent of Large Language Models (LLM) like ChatGPT or DeepSeek [4, 2] only sparked
more public interest and institutional investments into AI. These product also lead to new
problem solving methods, predictive models, and new business opportunities. But in the
heart of neural networks, there lies an arbitrariness on the depth and number of layers
required. Before we continue our discussion, we should first ask the question, ”why an
artificial neural network?”. The answer to this question is because of a theorem in functional
analysis, namely the Universal Approximation Theorem Phase 1: a) Study the AI model for
a 1D problem b) Develop an algorithm for neuronetwork expansion c) Run tests to prove
the theory works If this works, this can be one academic paper.

2. Architecture

In this section, we talk about the architecture design of our neural network. To express
our neural network properly, we make use of the Hadamard product. The Hadamard product
between two matrices is just the element-wise product, the following definition will make
this precise.

Definition 2.1. Let R be a ring, m,n ∈ N, and Rm×n be the set of matrices with elements
in the ring R. For any two matrices A,B ∈ Rm×n, the Hadamard product between A and
B is defined by,

(A⊙B)ij := aijbij.
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We would also like to extend the definition to matrix functions.
Let A ∈ Rm×n and σ : Rm×n → Rm×n, we define the Hadamard product between A and

σ by,
(A⊙ σ)ij := aijσij

and
σ ⊙ A := σ(A)

where the latter case we will drop the ⊙ whenever the context is clear. Note that un-
der this definition, the Hadamard product between a matrix and a matrix function is not
commutative.

With the Hadamard product defined, we may now introduce our neural network architec-
ture. Given a function f : Rn → Rm, our goal is to approximate this function systematically
but by only adjusting a finite set of values. Our model follows the usual feedforward struc-
ture, but allowing the activation function to be tunable. The idea to have a learnable
activation is not new, our model is build upon work done by Agostinelli, Manessi, et al. in
[1, 3].

Definition 2.2. An Amoeba Neural Network (ANN) over a ring R is the pentuple
(I, {Aj}j∈I , {bj}j∈I , {Cj}j∈I ,σ), where I = {1, 2, 3, ...,m} is an index set, {Aj}j∈I and

{Cj}j∈I are sets of matrices called the weights, {bj}j∈I is a set of vectors called the bias, all
of which are indexed by the index set I. Finally, σ : Rn → Rn is a vector function on R
called the activation function. By default, we will assume that σ1 = id.
For a given vector x0 in R called the input vector, we may define a sequence by,

xk+1 = (Ck+1σ)⊙ (Ak+1xk + bk+1)

and xm is then called the output vector. As a result, the Amoeba Neural Network defines a
vector function on the ring R.
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