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Abstract

We introduce a finite, structure-driven framework for neural population coding based on a fixed additive
lattice of 2 x 2 matrices. The model defines a predetermined set of sixteen basis matrices whose admissible
linear combinations generate stimulus representations in the real number space R. Information encoding is
achieved by selecting lattice combinations that maximize entropy, consistent with efficient coding principles.
In this proposal, Population coding is formulated as a probabilistic inference problem governed by a Markov
state-space model, where transitions occur over lattice states (distinct matrices in the lattice group), as
shown in equation (1). Model parameters are inferred via maximum likelihood estimation. Since the compo-
sitional structure of the lattice is fixed a priori, the framework decouples population coding computational
capacity from stringent network connectivity, enabling a fully computable and classical probabilistic formu-
lation of population coding. Beyond the conventional role of population codes as output representations
n [11], the proposed population-coded lattice is conceived as a structured input representation for deep
learning architectures, with cross-entropy optimization serving as an objective for pattern classification.
This work demonstrates a direct relation between random analog timed-series data and it’s probability en-
coding, P(s;(t)). This work unifies population coding and information theory within a finite matrix-based
framework, offering a computational reinterpretation of neural representation and inference.

Keywords: Population Coding, Information Maximization, Lattice Basis, Matrix Representation, Compu-
tational Neuroscience, Markov Processes, Deep Learning, Entropy Optimization.

1 Introduction

The pursuit of computational frameworks capable of
supporting biologically plausible intelligence on clas-
sical machines remains a central challenge in artificial
intelligence [9]. A population code is a way of rep-
resenting information through the simultaneous ac-
tivity of a large set of neurons sensitive to a spe-
cific feature of the given information, and it is useful
for increasing the organism’s certainty about a fea-
ture as well as for encoding multiple features simul-
taneously [13]. While modern deep learning systems
have achieved remarkable empirical success, they rely

heavily on large-scale optimization and lack princi-
pled analytic structures that resemble biological in-
formation processing [16]{17]. This study introduces
a composing lattice matriz group as a compact, an-
alytically tractable population entity whose inherent
structure defines a constrained yet expressive space
of attainable state transitions.

The elementary matrix unit from the lattice group
is defined as

a,b,c,d € {0,1}.
(1)
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Each binary coeflicient activates or suppresses a
weighted exponential basis element. The lattice in-
duced by combinations of (a,b,c,d) as placeholders
for the binary equivalent of hexadecimal digits defines
a discrete field over which probabilistic inference and
learning can be performed. This formulation allows
the matrix to serve as a minimal population entity
with explicit geometric and probabilistic interpreta-
tions.

1.1 Motivation and Background

Neural network research has increasingly focused on
incorporating elements of biological realism into ar-
tificial systems [1]. Efforts range from spiking neu-
ral models to neuromorphic hardware; however, most
contemporary systems still lack a principled connec-
tion between biological computation and formal an-
alytic models [2]. In the broader context of artifi-
cial general intelligence, large-scale architectures and
benchmark-driven optimization have yet to yield sys-
tems with autonomous, transferable reasoning abili-
ties.

A growing body of evidence suggests that biologi-
cal intelligence relies less on individual neuron preci-
sion and more on collective representations [3]. Pop-
ulation coding offers a compelling alternative to one-
hot or sparse symbolic representations by distribut-
ing information across ensembles of units. Population
codes are known to improve robustness, generaliza-
tion, and noise tolerance in learning systems [11].

A population code, in this proposal, consists of a
set of classifiable matrix elements whose collective
activity under Bayesian statistics encodes informa-
tion. While biological populations neurons often ex-
hibit complex connectivity and interaction dynamics,
such structural details are not strictly necessary for
effective probabilistic inference [3]; unless the goal
is direct neural decoding from biological substrates,
population codes can be treated as abstract computa-
tional objects rather than anatomically faithful mod-
els.

1.2 Analytic Foundations

Mathematical concepts such as formulaic alphas at-
tempt to construct predictive frameworks by com-
bining elementary mathematical expressions, partic-
ularly in financial and time-series analysis [4]. Al-
though this approach is conceptually challenging be-
cause considerable trial and error is needed to gener-
ate good alphas [5], it has provided conceptual intu-
ition for constructing structured representations ca-
pable of supporting inference.

Kolmogorov’s [6] axiomatic foundation of probabil-
ity theory emphasizes that rigorous probabilistic rea-
soning requires well-defined analytic primitives, even
if the physical interpretation of those primitives re-
mains abstract. In this sense, the composing lattice
matrix field proposed here serves as an admissible
analytic base: the elements are well-defined mathe-
matically, combinatorial, and closed under additive
compositions, enabling probabilistic reasoning with-
out reliance on biologically detailed mechanisms.

Heisenberg discovered that quantum physics re-
quires matrix mathematics [14]. Khrennikov and Ya-
mada revealed that neural systems exhibit quantum-
like statistical patterns [15]. This work bridges these
insights by introducing a matrix lattice framework
for population coding, providing the concrete mathe-
matical structure that implements neural matrix me-
chanics on classical computers.

1.3 Population Codes as Computa-
tional Primitives

Previous studies by [12] have shown that neural popu-
lation properties are largely determined by the tuning
and coding characteristics of individual units, often
abstracting away the explicit functional interactions
between neurons. This observation motivates a com-
putational approach given in this proposal in which
artificial population neurons are treated as encoding
units rather than as structurally faithful replicas of
biological neurons.

Given the known limitations of classical machines
in emulating biological neural microstructures [9][7],
this proposal adopts a computationally grounded
perspective. The focus is placed on what popula-



tion codes compute, rather than how biological neu-
rons implement those computations. The composing
lattice matrix field thus functions as a population-
level primitive that supports inference, learning, and
decision-making.

1.4 Inference,
Problems

Learning, and Open

A persistent challenge in the literature concerns the
use of population codes for Bayesian inference and
the mechanisms by which such codes can be refined
through learning. Questions remain regarding how
likelihoods are represented, how priors are incorpo-
rated, and how population structures adapt to data
[8, 13].

This proposal directly addresses these issues by
providing a theoretical framework for inference and
computation over the defined lattice matrix popula-
tion. Bayesian updates are performed over matrix
configurations, enabling structured uncertainty rep-
resentation and cue integration.

2 MDP Components and Algo-
rithms

A Markov Decision Process (MDP) is a mathematical
framework used for modeling decision-making prob-
lems in which outcomes are partly random and partly
under the control of a decision-maker, It involves a
process which is characterized by a set of states, ac-
tions, transition probabilities, and rewards [19]. This
paper outlines an MDP algorithm based on matrix
representations and pool selection. The approach
uses Value Iteration to determine the optimal policy
for decision-making.
The core components of the MDP are as follows:

e States (S): Represented by a set of basis matri-
ces B. Each matrix in B describes a particular
state of the system.

e Actions (A): Represented by selecting from dif-
ferent pools. For each state, there are possible
actions that correspond to transitions to other
states, section 2.3.2 uses three pools.

e Transition Model (T): The transition model
is deterministic, and the state transitions depend
on the action taken. In this case, each action
selects a pool, which determines the next state.

e Policy 7: The strategy that defines the best ac-
tion to take from each state in order to maximize
the expected cumulative reward.

The MDP is solved using Value Iteration to com-
pute the optimal state values, followed by Policy Ex-
traction to find the optimal policy.

2.1 Value Iteration Algorithm

Value Iteration is an iterative method for computing
the value function, which represents the expected re-
ward for being in each state [19]. The value function
is updated based on the Bellman equation [20], which
relates the value of a state to the values of its possible
successor states.

Algorithm 1 Value Iteration Algorithm for MDP

1: Input: States S = {s1,52,...,8,}, Actions A =
{a1, a9, a3}, Transition probabilities P(s’ | s,a),
Rewards R(s,a), Discount factor v, Convergence
threshold €

. Initialize value function V(s) =0 for all s € S

repeat
A+0
for each state s € S do

v < V(s)

Calculate action values:

for each action a € A do
Q(Sa a) = Zs’ P(S/ |
[R(s,a, ') + 7V ()

10: end for

11: V(s) + max, Q(s,a)

12: A + max(A, v — V(s)])

13:  end for

14: until A <e

15: Qutput: Optimal value function V




2.2 Policy Extraction Algorithm

The policy extraction algorithm iteratively finds the
best actions (policy) for an agent in a MDP by al-
ternating between Policy Evaluation and Policy Im-
provement, repeating until the policy stabilizes [19].
Once the value function is obtained, we can extract
the optimal policy. The policy selects the action that
maximizes the expected value for each state.

Algorithm 2 Policy Extraction Algorithm

1: Input: Value function V(s), States S, Actions
A, Transition probabilities P(s’ | s,a), Rewards
R(s,a), Discount factor ~

2: Initialize policy m(s) =0 for all s € S

3: for each state s € S do

4:  Calculate action values:

5:  for each action a € A do

6: Q(s,a) = Yoo P(s s,a)
[R(s,a, ') + 7V (s')]

7. end for

8  m(s) + argmax, Q(s,a)

9: end for

10: Output: Optimal policy m

2.3 State and Transition Representa-
tion

In this MDP, the states are represented by matrices,
and the transitions between states are determined by
selecting actions from predefined pools. FEach ma-
trix in the state set B is an individual state, and the
transitions are deterministic, meaning the next state
is fully determined by the current state and action
selected.

2.3.1 State Representation

The states in the MDP are represented by matri-
ces B = {By, B1,...,Bis}, where each matrix cor-
responds to a specific configuration of the system.
For example:

00 0 0
BO:[O 0}’ Bl:[1x1o2 o}’

2.3.2 Action Representation

The actions are represented by selecting from the fol-
lowing pools:

[0 0
poolO—{_O 0}}
[0 0
p0011{_1><10—2 2x10—2}’ }
Lo [[1x107 25 107!
POOE= 1 x1072 2x1072)7
Ly [[rx107t 0] fo 2x 107!
pool 3 = 0 ol 1o 0 y e

2.4 Conclusion

This section provides a framework for modeling
decision-making problems using Markov Decision
Processes (MDPs), where each state is represented by
a matrix and actions correspond to selections from
pools of matrices. The transitions between states
are deterministic, and the system is optimized using
Value Iteration and Policy Extraction algorithms.

3 The Encoding Probability
Algorithm

The core idea behind the algorithm is to compute
the cumulative probability of various paths by multi-
plying specific probabilistic terms, which are derived
from custom encoding of the stream matrices. Given
a scalar stimulus, the objective is to find the prob-
ability of the base matrices firing in response to the
given stimulus.

3.1 Markovian Matrix Selection for
Population Coding based on [12]

This approach provides a stochastic formulation con-
sistent with [12], incorporating Gaussian likelihood
and firing probability output.



Algorithm 3 Markovian Matrix Selection for Pop-
ulation Coding with Gaussian Likelihood and Firing
Probability Output
1: Input:
Basis matrices ® = {®y,..., P15}
Stimulus sequence X = {z(1),...
Initial parameters 6 = {\;, J;;, X}
Inverse temperature £, maximum iterations
max_iter, learning rate n
Output:
Population states S = {s(1),...
Stimulus approximations Z(t)
Optimized parameters 6*
10:  Firing probabilities P(s;(¢t) =1 | s(t —1))
11:
12: Initialize s(0) randomly: s;(0) € {0,1},4 = 1..16
13: for iter = 1 to max_iter do
14: fort=1to T do
15: fori=1to 16 do
16: Compute input field:

t) = Z @ikxk(t
k

»a(T)}

»s(T)}

)+ D Jisi(t—1)

17: Compute firing probability:

Plsilt) = 1] s(t-1)) = -

si(t)=1]s
1+ exp(—SH;(t))

18: Sample matrix activation:  s;(¢) ~

Bernoulli(P(s;(t) = 1))
19: end for
20: Compute population response 7(t) from s(t)
21: Approximate stimulus: #(t) = ®Tr(t)

22:  end for
23:  Compute log-likelihood for the sequence:

T
— Zlog/\/’(mt@TT(t%Z)

log L(9)
eXp (Bsi(t)Hi(t))
+ ;2 2 cosh(BH, (1))

24:  Update parameters: 6 < 0 4+ nVylog L(0)
25:  if log-likelihood converged then

26: break
27 end if
28: end for

29: Return: S, (t),0

" P(si(t) | s(t —1))

Left:
probabilities across neurons (rows) and time steps

Figure 1: Heatmap representation of firing
(columns). Right: Temporal firing probability tra-
jectories for individual neurons, generated from the
same underlying data.

Figure 1 illustrates the relationship between
population-level firing activity and individual neuron
firing dynamics using same random data as the one
used in Figure 2. The figure has the matrix group
on the vertical axis and the random analog data on
the horizontal axis. The heatmap together with the
temporal firing probability on the right, provides a
compact visualization of collective neural behavior,
revealing structured temporal patterns such as glob-
ally synchronized oscillations and localized transient
bursts that are distributed across the neuronal popu-
lation. Regions of elevated intensity in the heatmap
correspond to periods of increased firing probability
shared by multiple units.

The corresponding firing rate plots show the same
data unfolded along the temporal dimension for each
neuron individually. These curves reveal neuron-
specific phase shifts and amplitude variations super-
imposed on a common global oscillatory component.
Peaks observed in individual firing rates align tem-
porally with high-activation regions in the heatmap,
demonstrating a strong qualitative correlation be-
tween single-neuron dynamics and emergent popu-
lation activity.

This combined visualization highlights how struc-
tured population-level patterns arise from hetero-
geneous but correlated neuron-wise firing processes.
Such representations are particularly useful for ana-
lyzing basis-matrix activation dynamics, neural syn-
chrony, and probabilistic firing models, where both
global coherence and local variability play critical
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Figure 2: Left: The actual data or stimulus repre-
sentation. Right: Probability encoding of the data
stimulus.

Figure 2 illustrates the relationship between the origi-
nal stimulus data and its probabilistic encoding of the
range [0, 1) using the proposed lattice matrix frame-
work.

4.1 Applications and Scope

The proposed population code framework has been
applied to several domains, including time-series
modeling, image classification, and machine noise
classification. Across these applications, data of all

forms can be brought to a common probability distri-
bution, allowing a unified treatment under the same
analytic framework. Cue integration, which is not
in the scope of this proposal, will be considered in
future analysis.

4.2 Contributions

The primary contributions of this work are as follows:

e Introduction of a composing lattice matrix field
as minimal population entities.

e A theoretical framework for Bayesian inference
using proposed population entities.

e Demonstration of the framework across hetero-
geneous data modalities.

Together, these contributions establish a foundation
for biologically inspired yet computationally feasible
neuronal population-based inference on classical ma-
chines.
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