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Abstract: The combinatorial fusion cascade provides a surprisingly simple and complete explanation for the
origin of the genetic code based on competing protocodes. Although its molecular basis is only beginning to
be uncovered, it represents a natural pattern of information generation from initial signals and has potential
applications in designing more efficient neural networks. By utilizing the properties of the combinatorial
diffusion cascade, we demonstrate its embedding into deep neural networks with sequential fully connected
layers using the dynamic matrix method and compare the resulting modifications. We observe that the Fiedler
Laplacian eigenvector of a combinatorial cascade neural network does not reflect the cascade architecture.
Instead, eigenvectors associated with the cascade structure exhibit higher Laplacian eigenvalues and are
distributed widely across the network, enhancing robustness to noise. As an example, we analyze a text
classification model consisting of two sequential transformer layers with an embedded cascade architecture.
The cascade shows a significant influence on the classifier's performance, particularly when trained on a
reduced dataset (approximately 3% of the original). The properties of the combinatorial fusion cascade are
further examined for their application in training neural networks without relying on traditional error
backpropagation.

Keywords: combinatorial fusion cascade; neural networks; spectral analysis; transformer; training
without backpropagation

1. Introduction

A hypothetical chemical reaction, called the Combinatorial Fusion Cascade (CFC), has been
recently proposed to explain the origin of the standard genetic code (SGC) [1]. Figure 1a shows a half
of the CFC to demonstrate how homogenous complementary coding triplets fused combinatorially
to the protocodes at the first stage of the CFC and, accordingly, combinatorial fusion of protocodes
results in the formation of the SGC. With unexpected simplicity, the CFC explains the distribution of
amino acids among codons in the SGC, the appearance of stop codons, and some deviations from the
standard genetic code in mitochondria that were not possible with any other approaches [2].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Combinatorial Fusion Cascade. (a) The half of the CFC is presented as a cascade of coding
codons and the corresponding amino acids. The removal of the amino acid X1 from the cascade
resulted in the emergence of two stop codons, UAA and UAG, in the SGC. The entities are highlighted
with frames. The Crick-Watson substitutions that occurred after the fusion of the protocodes to the
SGC are highlighted in red: A < G, C « U. (b) The mixing of bases in the CFC is represented as a
mixing of colors at different stages of the cascade. Red stands for A, blue for U, green for G, orange
for C. At each stage of the CFC, mixing of bases in codons occurs. Unmixed codons from the previous
stage of the cascade make up % of all codons in the new entity. (c) The schematic representation of
the CFC for its realization as a neural network.

This cascade-combinatorial fusion principle has inspired a number of innovative studies to
explore the molecular basis for the different stages of the CFC closely connected with the origin of
life. For example, peptide synthesis on short complementary RNA fragments has been demonstrated
[3]. M. Yarus, a renowned expert in the field of genetic code evolution, considered fusion as a process
yielding hybrid routes to the SGC and summarized that efficient evolution occurs when code fusion
is less prone to failure [4]. The interactions between short RNA fragments and elongating peptide
chains have been studied with an assumption of competing protocodes [5]. The fact that the genetic
code originated not from chaotic combinations of bases, but from homogenous triplets was attempted
to be explained by reducing strand entropy during non-enzymatic replication [6] or by the self-
assembly of pure adenosine and pure uridine monophosphate strands on Montmorillonite clay [7].

Viewing the CFC as a neural network reveals it as a cascade of interconnected multimodal
subarchitectures, merging into progressively complex structures based on the same multimodal
principle. This process culminates in a global layer that unifies all modalities into a single encoding
layer.

Previously, the combinatorial cascade architecture did not attract practical attention, since in
modern neural networks such as in image recognition tasks, layer convergence from a large number
of nodes to a small number of outputs responsible for specific labels is required. This is necessary for
the efficient adjustment of neural network weights through error backpropagation method [8]. In
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contrast, CFC maintains or even increases the number of nodes as it advances to higher stages in the
cascade.

Modular neural networks are recognized for their precise handling of subtasks, robustness, and
fault tolerance [9,10]. As a distributed modular architecture, the CFC may therefore be particularly
relevant to the development and application of artificial intelligence. Modularity also underlies
human consciousness, when visual, auditory and other sensory signals are integrated by the
neocortex into a single perception of the surrounding world.

This work explores the possibility of embedding the CFC into deep neural networks instead of
sequential fully dense layers. Fully dense layers play a significant role in attention-based
architectures, such as transformers [11]. However, their training requires substantial computational
resources and energy. Therefore, the search for more efficient neural architectures has become a
pressing challenge. Additionally, the CFC, as a natural pattern underlying the origin of life, may be
of interest for developing training methods that do not rely on error backpropagation.

2. Unique Characteristics of the CFC

The combinatorial cascade resembles growing m-ary trees (m € N), where branches form
increasingly broad connections, ultimately resulting in a densely connected "crown.” The CFC
consists of 16 intertwined quaternary trees. Table 1 shows the SGC elements at different stages of the
cascade.

Table 1. Cascade features of the natural CFC at different stages. Entities are sets of codons with
different degrees of entropy: complementary pairs, protocodes or the SGC.

Stages of the CFC: Competing pairs Protocodes SGC
Number of codons 4 16 64
Number of complementary pairs 2 8 32
Number of competing entities 8 4 1

An important feature of the cascade is the complementarity of codons in entities. In particular,
complementarity between hydrophobic and hydrophilic amino acids is built into SGC [12].

In the SGC, less entropic codons are preserved and passed on to subsequent stages of the cascade
(Figure 1b, The coding of different databases is done in colors.): the inherited codons of the initial
complementary pairs constitute ¥4 of the codons at the protocode stage. Similarly, all codons from
the protocode stage are inherited in the SGC and constitute % of it. From the point of view of neural
network connectivity, some signal patterns are transmitted in the cascade without change.

Another feature of the CFC is that the competition between amino acids (features) for codons at
the initial stage of the cascade turns into degenerative coding of amino acids. If no new amino acids
enter the cascade tree, then four different codons code for one amino acid in the SGC.

3. Methods
3.1. Implementation of the CFC in Neural Networks

The implementation of a combinatorial cascade in neural networks is shown schematically in
Figure 1c. This cascade ends with a fully dense matrix.

Dynamic mask method is used to simulate combinatorial cascade. The entire network can be
represented as

x® = f ((x(L—l)WL OM®) + b(L)).

)
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Here x:~YW?! is the standard matrix multiplication, f is the activation function, ® M® the
element-wise product with the dynamic mask M®, b® the bias vector for layer L (L =1, 2, ..,

Lmax ) .
A general form of M® is expressed as a sum of diagonal matrices:

M® = i, Dy, ()

where D is the main diagonal of M filled with ones, D, (fork=1,2, ..., d) the k-th diagonal with
ones on the k-th off-diagonal both above and below the main diagonal. The all-ones matrix
mM® corresponds the full dense connections.

The final output y after L,,,, layers is calculated as:

y = x(Lmax) (3)

In combinatorial cascade dynamic matrix of size n X n, the sparsity increases progressively layer
by layer, with the number of non-zero elements k growing at each combinatorial cascade stage. It
corresponds to the number of diagonals d, filled with non-zero elements: k = d; X n. If the number
of non-zero diagonals increases progressively, for example, like a quaternary tree: 2, 8, 32, 128, etc,
computational complexity of matrix multiplication C; is estimated as:

C, =0(d, xn) = 02?1 x n). 4)
The total computational complexity Ccpe across all L, layers for the CFC network is:

Cepe = NI M 0(228°1) (5)

3.2. CEC Laplace Matrix

The Laplacian matrix L € R™" is defined based on the graph's adjacency matrix A and degree
matrix D:

L=D—A. (6)

Here degree matrix D is a diagonal matrix with elements D;; that represent the number of
edges connected to node i and adjacency matrix A is a symmetric matrix with elements A4;;:

?)

_ {1, if there is an edge between nodes i and j,
U 7 |x, otherwise.

The Laplacian eigenvalues A; and eigenvectors v; of the Laplacian matrix are calculated using
the equation:

(L— 2DV, =0, (8)

where I is identity matrix.

3.3. Python Codes

All data analysis were performed using Python, version 3.12.4. The Transformer-based text
classifier was compiled with the Adam optimizer, a binary cross-entropy loss function, and accuracy
as the evaluation metric (see provided Python codes). The Adam optimizer was chosen for its
efficiency in handling sparse gradients and its proven effectiveness across a wide range of deep
learning tasks. The optimizer was initialized using TensorFlow's default configuration.

4. Results

4.1. Computational Complexity of the CFC

The total computational complexity Cerc (5) grows exponentially with the increasing the
number of diagonals with layer depth. However, it is still much smaller than total matrix calculation
complexity Crp = O(L x n?) for fully dense matrices in earlier layers. Figure 2 estimates the number
of stages of a quaternary combinatorial cascade, in which the total complexity of matrix calculation
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reaches the total complexity of matrix calculation of a fully dense neural network. Since the number
of layers is an integer, the function has a step-like character. It is characteristic that the number of
CFC layers, at which the computational complexity of the CFC reaches the computational complexity
of the corresponding fully dense neural network, can remain constant in a large range of the number
of neurons. In particular, the quaternary combinatorial cascade, consisting of 7 layers, reaches the
complexity of a fully connected neural network in a wide range from 500 to 1000 neurons in a layer.

L,..x ! Number of CFC layers

1 " 1 N 1 N 1 N 1 M 1

0 200 400 600 800 1000
n / Number of neurons in the CFC layer

Figure 2. The maximum number of layers in a quaternary CFC to achieve a total computational
complexity equal to the total computational complexity of a fully dense neural network with the same
number of layers, depending on the number of neurons in the layers. In this example, the weight

matrices are square with dimensions n x .

4.2. Spectral Properties of the CFC Laplace Matrix

To identify the spectral properties of the CFC, we examine a neural network with four layers,
similar to the one shown in Figure 1C, containing 32 neurons in each layer. The connectivity of the
CFC network is described in Table 2.

Table 2. Connectivity of the CFC network.

Layers Algorithm of connection design

land2  The first two neurons in layer 1 connected with two neurons in layer 2 with
identical indexes via full dense connections.
The next two neurons in layer 1 connected with two neurons in layer 2 with
identical indexes via full dense connections. Etc.

2and 3 The first 8 neurons in layer 2 connected with 8 neurons in layer 3 with identical
indexes via full dense connections.
The next 8 neurons in layer 2 connected with 8 neurons in layer 3 with identical
indexes via full dense connections. Etc.

3and 4 All neurons in layer 3 connected with all neurons in layer 4 via full dense

connections.

The eigenvectors and eigenvalues of the Laplace matrix for this neural network are compared
with those of a fully connected four-layer neural network of the same size.
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Figure 3 shows the Laplacian spectrum and some Laplacian eigenvectors for a fully dense neural
network with four layers. Fiedler eigenvector [13] (the first nontrivial eigenvector with index i =1)
shows the global structure of the neural network by identifying four clusters corresponding to the
four layers. Using the analogy of connected vibrators, the behavior of the neural network's Laplacian
eigenvectors as their eigenvalue increases can be interpreted as the emergence of more energetic
oscillatory vibration modes. The entire spectrum of Laplacian eigenvalues of a fully connected
network is divided into two qualitatively different groups. At low vibration energies, the
eigenvectors are localized in the region with smaller edges: this is the input and output layer. As the
vibration energy of the network increases, the localization of the Laplacian eigenvectors moves to the
middle of the neural network with a higher concentration of connections between nodes.
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Figure 3. Laplacian eigenvalue spectrum and die eingenfunctions for indexes 1, 21, 63, 64 and 127 of
a fully dense four layer neuronal network with 32 nodes in each layer.

In the case of the CFC (Figure 4), most of the eigenvectors have a similar complex beat shape as
in the case of the fully connected neural network in Figure 3. The localization of these eigenvectors
shifts as the energy of the network oscillations increases from regions with lower to higher
connectivity: input layer nodes (e.g. i = 20 and 31), first hidden layer nodes (e.g. i = 36), output layer
nodes (e.g. i =95) and second hidden layer nodes with the densest connectivity (e.g. i =96).

The CFC network also has fundamental differences. The Fiedler vector of the CFC does not
distinguish the cascade structure, but divides the network into 16 clusters (4 clusters per layer).
Analogs of Fiedler eigenvectors appear at the junction of cascade layers (eingenvectros with i =33, 35
in Figure 4). It is interesting to note that Fiedler analogs also appear at maximum vibration energies
of the neural network e.g. i = 126. Clustering according to the stages of the cascade (4 clusters) occurs
with an energy significantly exceeding the energy of Fiedler mode. Only single cascade eigenvectors,
not Fiedler eigenvector and its analogs, contrary to expectations, are distributed throughout the entire
neural network.
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Figure 4. Laplacian eigenvalue spectrum and Laplacian eingenfunctions of four-layer CFC neuronal
network with 32 nodes in each layer with connectivity defined in Table 2.

4.3. Combinatorial Cascade Architecture in Transformers

Fully connected layers are used extensively in Transformers, both in the multi-head attention
(MHA) layers and in the feed-forward network (FFN) layers. The Transformer-based large-scale
language models like GPT-3, which have billions of parameters, face a significant number of
operations and increase in memory requirements. This is recognized as a serious bottleneck for the
further development of large language models [14]. Here we explore how a cascade architecture
could influence the operation of Transformers by integrating it into a Transformer-based text
classifier.

Figure 5a illustrates the architecture of a text classifier designed to evaluate the impact of the
CFC architecture on its performance. The classifier uses the standard IMDB dataset [15], embedding
layer, two sequential transformers, and an output layer for binary sentiment classification. In the
embedding, 25000 reviews are tokenized into numerical sequences, where each word is replaced by
its corresponding index in a predefined vocabulary. Dimension of embedding matrix was 10000 x
128 (number of tokens x dimension of the model). To ensure consistent input length, sequences are
padded or truncated to a fixed size. The transformer architecture incorporates key elements such as
dropout layers, normalization, and residual connections (see supplementary materials for the Python
code for the text classifier).
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Figure 5. Text classifier with an integrated combinatorial cascade. (a) Basic concept of the text

Embedding

classifier consisting of two transformers. Cascade change of parameters is realized sequentially on six
fully dense matrices, starting with the output projection matrix Wy of the first transformer and up
to the second FFN matrix of the second transformer W7. (b) Accuracy of the text generator with the
dynamic CFC mask and cascaded initial weights (read lines with circles) and fully dense matrices
(black lines with squares) after training on data of different volumes. Date fractions: 1/32,1/16,1/8, 1/4,
1/2, 1. Inbox include accuracy of the text generator with fully dense matrices and cascaded initial
weights (blue dash line with triangles).

To implement the combinatorial cascade architecture, six matrices were selected: the fully dense
projection matrix W from the multi-head attention part of the first transformer, two fully dense
matrices W] and W3} from the feed-forward part of the first transformer, as well as analogous
matrices from the second transformer: W3 from the multi-head attention part W% and W3 from the
feed-forward block. The projection matrix plays a crucial role in aggregating information from
multiple attention heads into a unified representation for each token. The feed-forward block
matrices are essential for transforming the input data and extracting higher-level features. To these
six matrices were applied six dynamic matrices the number of diagonals of which increased
according to the binary cascade: 2, 4, 8, ..., 128. For simplicity of implementation of the cascade
architecture, the dimension of these matrices was taken 128x128. Thus, the last matrix of the cascade
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W3 remained completely dense. The application of a binary cascade resulted in a reduction of two-
thirds of the weights of all selected matrices.

Based on the fact that CFC has a cascade multimodality, by analogy, we multiplied the initial
weights for the entire cascade of selected matrices by a factor decreasing in a binary geometric
progression: 1, 1/2, 1/4, ..., 1/32.

Figure 5b compares the accuracy for the text classifier with full-weight matrices and that with
the built-in cascade and with cascaded weight reduction as a function of the number of reviews used
for training. Overall, introducing the cascade did not significantly affect accuracy. However, a notable
difference emerged when the number of training samples was reduced by a factor of 1/32 (781
reviews): while the standard text classifier experienced a substantial drop in accuracy, the classifier
with the built-in cascade exhibited a more gradual decline. The average accuracy difference between
the two cases was nearly 10%. It is also interesting to note that the standard deviation of accuracy in
the case of a cascade text classifier was reduced more than twice. The inlet of figure 5b shows another
dependence for accuracy (blue dashed line), for the case of a standard text generator with a cascade
factor for initial weights. Of the three cases shown in figure 5b, the text classifier with a built-in
connectivity cascade and a cascade factor for initial weights gives the greatest accuracy in the area of
significant reduction of the number of samples for training.

Reducing the embedding matrix dimension by limiting the number of tokens to 1,000 (down
from 10,000) during training on the full dataset did not result in a significant difference in accuracy
for either the cascade or standard text classifiers. When the number of tokens was further reduced to
100, the accuracy dropped to 0.72, with no noticeable difference between the two text classifier types.

5. Discussion

The combinatorial diffusion cascade is a recently discovered natural pattern that has not been
previously studied mathematically. Its effective descriptive power regarding the origin of the genetic
code could indicate that CFC has a number of special properties that are interesting for applications
in machine learning,.

It turned out that the cascade partitioning of the neural network is not described by the Fiedler
eigenvector, but is described by other vectors corresponding to more energetic excitations of the
network. The Fiedler vector itself, however, divides the network into smaller fragments, and a
partition similar to the Fiedler eigenvector is also found on other vectors with higher eigenvalues of
the Laplace matrix. In contrast to the Fiedler eigenvector, its analogs (Figure 4, eigenvectors with i =
1, 33, 35, 126) and the eigenvectors of the neural network consisting of a sequence of fully connected
matrices (Figure 3), the cascade vectors are distributed throughout the entire network (see Figure 4).
Localized eigenvectors can be sensitive to small changes in the network or data, since they are
concentrated in certain areas. In contrast, distributed vectors provide a more uniform representation,
making the model more robust to noise, which could explain the particular stability of the cascaded
text classifier in the case of a small set of training samples (Figure 5b).

A significant influence of the cascade on the network behavior was observed during training on
areduced set of samples (about 3% of the initial one). The cascade architecture, despite its small share
(ca. 4.5 %) in the total number of network parameters, turned out to be significantly more stable,
yielding an average accuracy greater by 10% percent and a smaller standard deviation.

The decrease in the standard deviation in the case of a text classifier with a built-in cascade could
be explained by a decrease in the Lipschitz constant that controls the sensitivity of the neural network
to perturbations in its parameters [16]. Since the total Lipschitz constant of a neural network is equal
to the product of the Lipschitz constants for individual matrices [17], the matrix with the highest
sparsity is decisive for comparing the average deviation. The spectral norm of sparse masks is
generally lower, which ensures a smaller standard deviation of accuracy in the case of random sets
of initial weights.

Reducing the embedding dimension did not lead to a difference in accuracy between the
standard classifier and the classifier with the built-in cascade when trained on the full IMDB dataset.
This is surprising, since with an embedding matrix dimension of 100x128, the ratio of the weights of
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the matrices modified by the dynamic cascade becomes significant compared to the embedding
weights. Probably, the number of samples is of great importance for accuracy. This property can be
used for more effective strategies for training large language models.

Technically, there can be different forms of implementing a cascade on neural networks. For
example, instead of a geometric progression, an arithmetic progression can be used to increase
connectivity along the cascade. This could stretch the cascade to a large number of fully dense
matrices of a large neural network. It is also not at all necessary for the cascade matrices to be square,
as in the test classifier given in the article.

6. What Is Wrong with Backpropagation?

This question was asked by Geoffrey Hinton, exploring the possibilities of alternative methods
of training neural networks [18]. He noted that backpropagation is very effective, but fundamentally
different from the work of the brain: “The brain needs a learning procedure that can learn on fly”,
“without taking frequent timeouts”.

The dynamic matrix method used in this paper allows us to consider the neural network as a
cascaded hyper network, when the parameters of the primary network are controlled by another
matrix above them [19]. Brain hyper network analysis has been widely applied in neuroimaging
studies [20,21] . Some recent studies suggest that the brain complex integrative actions are assembled
into the brain hyper network that has as fundamental components, the tetra-partite synapses, formed
by neural, glial, and extracellular molecular networks [22].

We have not used in this work a couple of interesting properties of CFC, which may be relevant
for training a neural network without backpropagation. % of the codes after merging competency
entities are preserved. New codes formed as a result of combinatorics are divided between already
existing or newly accepted into the genetic code amino acids. In essence, this means that two modal
neural networks can be combined into one layer without additional training. Alternatively, the
resulting new codons (connections) can be used to integrate new recognition functions into the
network.

In the genetic code, a key element is codon complementarity, a property that is preserved at all
stages of the cascade. A training with backpropagation based on two forward passes, working in the
same way but with opposite objectives, was demonstrated by Hinton in the context of the forward-
forward algorithm [18]. In this approach, the positive pass adjusted the weights, increasing the
goodness at each hidden layer, and the negative pass decreased the goodness at the same layers.
Adjusting the weights using novel complementarity principles may replace the calculation of
goodness, with the goal of reducing computations. Complementarity implies automatic knowledge
of the entire code if half of it is known.

If an efficient training method could be found on a cascade architecture, then a cascade neural
network as shown in Figure 2 could achieve significant computational complexity in just a few neural
layers due to the combinatorial explosion of cascade connections.
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