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Abstract

This paper proposes elementary information mechanics
as a new model for understanding the mechanical proper-
ties of convolutional filtering with rectification, inspired by
physical theories of special relativity and quantum mechan-
ics. We consider kernels decomposed into orthogonal even
and odd components. Even components cause image con-
tent to diffuse isotropically while preserving the center of
mass, analogously to rest or potential energy with zero net
momentum. Odd kernels cause directional displacement of
the center of mass, analogously to momentum. The speed
of information displacement is linearly related to the ratio
of odd vs total kernel energy. Even-Odd properties are an-
alyzed in the spectral domain via the discrete cosine trans-
form (DCT), where the structure of small convolutional fil-
ters (e.g. 3×3 pixels) is dominated by low-frequency modes,
specifically the DC Σ and gradient components ∇, which
define the fundamental modes of information propagation.
To our knowledge, this is the first work demonstrating the
link between information processing in generic CNNs and
the energy-momentum relation, a cornerstone of modern
relativistic physics.

1. Introduction
Deep neural networks are now ubiquitous in virtually all ar-
tificial intelligence (AI) and computer vision tasks and were
recognized by the 2024 Nobel prizes, in physics for net-
works based on energy minimization (Boltzmann machines,
Hopfield networks [25, 26]) and in chemistry for predicting
protein folding patterns (AlphaFold [27]). Advantageously,
a variety of different network architectures may be trained
to solve the same task (e.g. ImageNet classification) with-
out specialized filter design or knowledge of internal signal
processing details, however this has also lead to criticism
of their black-box nature [43]. Are there fundamental pro-
cesses that govern the propagation of information through
activation layers of generic neural networks, similarly to the
physical processes governing the propagation of energy and

Figure 1. Motivating example: training using filters limited to
DCT component subsets reveals that the three lowest frequency
components (labelled Σ,∇x,∇y) account for the majority of
baseline accuracy for Resnet and VGG16 models (94% and 92%
respectively). Details are provided in Section 6.

mass through real world space?
We address this question with a new theory called el-

ementary information mechanics, where fundamental fre-
quency components common to all filters account for the
majority of network accuracy and exhibit three notable
modes of mechanical information propagation: diffusion,
vibration and translation. Our theory is motivated by the
novel result shown in Figure 1, where > 92% of baseline
CNN accuracy may be achieved using only the three low-
est frequency components of the discrete cosine transform
(DCT) 1. These correspond to the DC or sum Σ and gra-
dients ∇x,∇y , which we show lead to diffusion, vibration
and translation of image information under standard con-
volution + non-linear ReLU operations. They may be in-
terpreted as mass-like and momentum-like terms via anal-
ogy to relativistic quantum mechanics, we provide novel
demonstrations of various aspects of this analogy.

We investigate elementary information mechanics in the
context convolutional neural networks (CNN) [31] and the
ImageNet [9] classification task, which launched the cur-
rent GPU-based AI paradigm with AlexNet [30] and led to
a variety of unique architectural solutions to the same task

1The DCT is a well-known basis used for image and video compres-
sion, e.g. the JPEG algorithm [48], where low frequency components ac-
count for the majority of image information.



e.g. the VGG16[44] and Resnet50 [24] models. While these
models are no longer state-of-the-art, their well-known ba-
sic structure is ideal for demonstrating the mechanics of in-
formation propagation through generic network layers. The
remainder of paper describes the theory of elementary in-
formation mechanics, including the related work and back-
ground concepts, intuitive examples and demonstrations in
1D and 2D, and its application in the well-known VGG16
and Resnet50 networks.

2. Related Works
Modern deep learning began in 2012, when CNNs were
trained using highly parallelized processing on a graphics
processing unit (GPU) [29], achieving a significant increase
in performance on the benchmark ImageNet dataset. This
allowed the development of various CNN architectures such
as VGG [44] and Resnet [24]. The success of CNN mod-
els included the use of ReLU non-linearity [34, 36], correct
weight initialization [17, 23] and the use of small filter sizes,
i.e. 3×3 pixel sizes. ReLU is a major component of modern
neural architectures, having replaced the sigmoid activation
function that was widely used in earlier networks. Its main
advantage lies in reducing the vanishing gradient problem
that often arises with saturating nonlinearities such as the
sigmoid [18].

A primary novelty of this work is in analyzing filtering
with rectification, a non-linear operation. Linear filtering,
including wavelets [16, 21] and binomial filtering [2] in ap-
proximating Gaussian filtering [49], has been studied for
over a century, whereas rectified filtering has only recently
become ubiquitous in Deep Neural Networks. We find dis-
tinct properties when analyzed in terms of even and odd
filter components.

Our work investigates specifically the mechanical ac-
tion of filters, particularly even radially symmetric and odd
components of small filters. An interesting trend in mod-
ern CNNs has been the use of low-resolution filters of odd
square dimensions, most notably 3 × 3. Intuitively, low-
resolution filters allow a larger number of channels and im-
proved classification, 3 × 3 being the most popular choice
for 2D CNNs [24, 44]. Such small filters are dominated
by primary low-frequency components, i.e. DC and gradi-
ent components, which have distinct effects upon activation
information under rectified convolution. Our work presents
a novel result that indeed, CNN accuracy is dominated by
the average and gradient spectral components, which may
be generalized to arbitrary filter sizes through even and odd
functions, i.e. radial symmetry and antisymmetry.

A closely related work is that of Luo et al. [33] who
examined how the effective receptive field (ERF) of filters
evolves during training. They empirically and analytically
observed that the ERF of a randomly initialized CNN grows
linearly with depth n at a rate of O(

√
n), though, rela-

tive to the theoretical receptive field, it shrinks at a rate of
O(1/

√
n). After training, however, Luo et al. [33] observed

that the ERF typically grows to match the theoretical recep-
tive field, though the underlying cause remains unclear. Our
work suggests that the increase in size of the ERF is de-
termined by the odd component, which causes directional
displacement of information.

Other works have also looked at the symmetric prop-
erties of filters [7]. The symmetry of average filters was
shown to rise toward the network output[1], and filters
have been shown to cluster into small sets of gradient-like
kernels[3]. However, these works have not studied the me-
chanical effects under rectified convolution.

In signal processing, the frequency spectrum of natural
images is known to follow an inverse power law, where
the majority of spectral energy is concentrated into low-
frequency components. Various spectral bases may be used.
The discrete Fourier transform (DFT) uses the complex-
valued exponential e−i2πfx = cos(2πfx) + i sin(2πfx)
and integer frequency multiples f = {1, 2, 3, 4, . . . }. The
discrete cosine transform (DCT) is a real-valued basis
widely used in image compression [48], which when com-
pared to the FFT contains twice the number cosine compo-
nents cos(2πfx) sampled at half-integer frequency multi-
ples f = { 1

2 , 1,
3
2 , 2, . . . }. The primary difference is in the

boundary conditions imposed, DFT components represent
strictly periodic boundaries while the DCT includes both
periodic and antiperiodic boundaries, and thus is able to
represent discontinuities in natural images with a smaller
number of low frequency components [48].

Principal component analysis (PCA) provides a real-
valued data-driven frequency decomposition, and as shown
in Figure 2, the PCs of both generic CNN filters [15]
and natural images [38] reveal the discrete cosine trans-
form (DCT) structure including sum Σ and gradient ∇ =
{∇x,∇y} components. The DCT has recently been used
to improve generative diffusion [37] and transformer [39]
models, however to our knowledge, the mechanical proper-
ties of DCT coefficients have not yet been studied, neither
with or without rectification.

3. Background
This paper proposes elementary information mechanics,
based on an analogy between relativistic quantum mechan-
ics (QM) in the physical world and information processing
in generic CNN activation image space, which bear notable
superficial similarities. In both, the state of energy or in-
formation is organized within an image I(x, y, z, t) of up
to three spatial dimensions (x, y, z) and one time or layer
dimension t. In both systems, energy or information trans-
form over time as a result of linear operators.

In physics, special relativity (SR) [12] assumes that the
laws of physics to applied identically at all inertial ref-



Figure 2. The three most significant components of real linear
decompositions resemble sum Σ and gradient ∇x,∇y filters, in-
cluding a) JPEG DCT coefficients [48] b) Natural image PCs [38]
c) CNN PCs (VGG16) [15].

erence frames (i.e. invariance), that the maximum speed
of light through physical space is a constant c = dx

dt =
3e8meters/second. Furthermore, the rest energy of a sta-
tionary mass m is equal to E = mc2 [11]. Quantum me-
chanics [19] (QM) relates the energy E, rest mass m and
momentum p of elementary particles within the framework
of SR, where two equations are pertinent in our analogy.
The first is the quadratic energy-momentum relation (1)
equating the squared energy E2 of a particle to the sum of
its squared rest energy (mc2)2 due to mass m and squared
energy (pc)2 due to momentum p:

E2 = (mc2)2 + (pc)2. (1)

The second is the linear Dirac equation [10] equating mass
with appropriately defined energy and momentum opera-
tors:

E = mc2 + pc, (2)

for example in Equation (2), the right hand side is the en-
ergy operator E = iℏ∂/∂t defined by the partial derivative
in time t and Planck’s reduced constant ℏ, and on the left
hand side p = −iℏ∂/∂x = −iℏ∇x is the momentum oper-
ator defined by the gradient in spatial direction x. By anal-
ogy, our model adopts orthogonal linear operators including
an odd gradient ∇ and a even sum Σ, which function anal-
ogously to momentum p and rest energy mass m.

In deep networks, the CNN [14, 31] assumes that linear
filter operators are applied identically at all image locations
(i.e. invariance), and that the maximum speed of informa-
tion through activation space is a constant limited to half
the filter width dx

dt = width−1
2 pixels/layer. The CNN differs

from relativistic QM in that filter operators and image acti-
vations are all real-valued, and in the non-linear ReLU oper-
ation which discards all negative-valued activations follow-
ing linear convolution. Our theory is thus inspired by rel-
ativistic QM in adopting a mass-energy-momentum frame-

work as in Equations (1) and (2), however using on real-
valued filter operators found in CNNs.

A variety of works investigate physics-informed neu-
ral network models [28, 41], including conservation laws
and dynamical systems [20, 35], e.g. turbulence [47],
partial differential equations (PDEs) [40] and PDE-based
architectures[45], and physical models for quantum com-
puting [4]. Our framework makes use of even and odd
functions, which are closely linked to theories of mathe-
matical symmetry, group and gauge equivariance [7, 8]. To
our knowledge, we are the first to propose and study me-
chanical modes of information propagation via analogy to
relativistic QM in the activation space of generic CNNs.

To our knowledge, our work is the first to propose a me-
chanical description of how filter components lead to the
propagation of salient information across 2D image space
from one layer to the next.

4. Elementary Information Mechanics
We propose to analyze CNN filters in terms of frequency
components, primarily low frequency sum Σ and gradient
∇ components, which exhibit distinct models of informa-
tion propagation: diffusion, vibration and translation. We
refer to this as elementary information mechanics, which is
particularly relevant for small discrete filter sizes, e.g. 3× 3
pixels, where the spectrum is composed of a small num-
ber of components. Unlike quantum mechanics describing
physical phenomena via complex linear operators, informa-
tion mechanics here are based on real linear and non-linear
operators, i.e. convolution and rectification (ReLU).

4.1. 1D Binomial Theory With ReLU
The primary modes of information propagation under con-
volution with non-linear ReLU may be characterized in the
minimal 1D context with pixel filters of size 2× 1, i.e. sum
Σ = [1, 1] and gradient ∇ = [−1, 1] operators, and then
generalized to higher dimensions via radial symmetry (and
antisymmetry). Here, we demonstrate how convolution and
ReLU of the sum component results in diffusion and a bi-
nomial pyramid, while with the gradient component results
in vibration or translation.

Let I(0) =
[
0 1 0

]
an impulse in a 1D activation

image with a single non-zero pixel I(0)[0] = 1 at centre
position x = 0 at time or layer t = 0. CNNs typically ap-
ply convolution followed by rectification using the so-called
rectification logic unit (ReLU) function defined as:

ReLU(I) = max(0, I) =
I + |I|

2
. (3)

The activation image I(t) a time t is the result of convo-
lution ∗ with a operator or filter F followed by ReLU:

I(t) = ReLU(I(t−1) ∗ F ), (4)



Filter F may take on one of three values F ∈
{Σ,∇−,∇+}, where Σ = [1, 1] is the sum operator, and
∇− = [1,−1] and ∇+ = [−1, 1] represent left-handed and
right-handed gradient operators (note that ∇− = −∇+).
Inspection reveals that convolving image I(0) =

[
0 1 0

]
with these operators followed by ReLU leads to three dis-
tinct transformations of the original image information, i.e.
symmetric diffusion and directional shifting to the left or
right:

ReLU([0, 1, 0] ∗ Σ ) = [0, 1, 1, 0], Diffusion
ReLU([0, 1, 0] ∗ ∇−) = [0, 1, 0, 0], Shift Left
ReLU([0, 1, 0] ∗ ∇+) = [0, 0, 1, 0], Shift Right (5)

Repeated convolution with the even sum operator Σ =
[1, 1] leads to the well-known binomial pyramid, which
may be viewed as random walk where the value of I(t)(x)
represents the number of possible paths leading to posi-
tion x. If activations are normalized to sum to unit length
|I(t)| = 1, then the image approaches a Normal distribu-
tion with standard deviation σ =

√
t, i.e. as t → ∞,

I(t) → Normal(
√
t).

I(0) =
[
0 1 0

]
,

I(1) =
[
0 1 1 0

]
,

I(2) =
[
0 1 2 1 0

]
,

I(3) =
[
0 1 3 3 1 0

]
,

I(4) =
[
0 1 4 6 4 1 0

]
,

I(5) =
[
0 1 5 10 10 5 1 0

]
,

I(6) =
[
0 1 6 15 20 15 6 1 0

]
,

The diffusion mode results from even convolution, where
information propagates identically in all directions. While
the leading edge of diffusion propagates at maximum ve-
locity, binomial theorem states that the effective receptive
field after t layers approximates a Gaussian distribution
with standard deviation σ =

√
t, as has been experimen-

tally verified[33]. Diffusion has been studied through the
Gaussian scale-space [32], and in currently popular diffu-
sion generative models [46].

Repeated convolution with the odd gradient operators
F ∈ {∇−,∇+} causes information to follow unique paths
in a random walk, as shown in the following illustration.
Red and blue paths result from sequential application of ex-
clusively ∇− or ∇+ operators, where information translates
at maximum constant speed in either the left or right direc-
tions, respectively. The green path results from alternating
between ∇− and ∇+ and vibration mode. Assuming that
left and right operators to be equiprobable, the translation
paths (red, green) lead to the least probable outcome, and
the green path represents the most probable outcome.

I(0) =
[
0 1 0

]
,

I(1) =
[
0 1 1 0

]
,

I(2) =
[
0 1 1 1 0

]
,

I(3) =
[
0 1 1 0 1 0

]
,

I(4) =
[
0 1 0 1 0 1 0

]
,

I(5) =
[
0 1 0 0 1 0 1 0

]
,

I(6) =
[
0 1 0 0 1 0 0 1 0

]
,

The vibration and translation modes represent a de-
parture from standard linear signal processing, and result
from the convolution of an input with odd filters followed
by ReLu non-linearity. Vibration follows from convolu-
tions alternating between left and right gradient filters, and
produces no net motion of information within the image.
Translation follows from convolutions with constant left or
right gradient filters, and results in information propagating
at the maximum speed, here c=0.5 pixels per layer. Such
vibration and translation modes can be expected in wavelet
scattering models [5].

4.2. Symmetry
Symmetry may be used to generalize the primary diffu-
sion, vibration and translation to 2D and larger filter sizes
via symmetry. Specifically, any image or filter F may be
decomposed as a sum F = fe + fo of orthogonal even
(i.e. symmetric) fe and odd (i.e. antisymmetric) fo func-
tions with the properties fe(−x) = fe(x) and fo(−x) =
−fo(x). Furthermore, as even and odd components are
orthogonal fe ⊥ fo, their Euclidean magnitudes form a
Pythagorean relationship ∥F∥2 = ∥fe∥2 + ∥fo∥2. These
properties are described by the following quadratic and lin-
ear equations:

∥F∥2 = ∥fe∥2 + ∥fo∥2, (6)
F = fe + fo. (7)

Figures 3 a) and b) illustrate an example of decompo-
sition into primary even and odd components, which for
a minimal 1x2 filter are sum Σ = [1, 1] and gradient
∇ = [−1, 1] filters. In generalizing symmetry from 1D to
2D, filter orientation is no longer a binary left-right variable
but a continuous angle θ in the 2D image plane. Figure 4 a)
provides an example of a 2D filter decomposed according to
even fe and odd fo components. Figure 4 b) illustrates the
magnitude triangle formed by orthogonal even fe and odd
fo components. Figure 4 c) shows how a single filter chan-
nel may be visualized in a 3D space according to dominant
low frequency components, with an even vertical axis de-
fined by the sum fe ≈ Σ component, and an odd horizontal
plane defined by gradient fo ≈ {∇x,∇y}.



a) b)

Figure 3. a) The decomposition of an example 1D filter F = [0, 2]
into even fe = [1, 1] and odd fo = [−1, 1] components based
on left-right symmetry. b) The Pythagorean relationship between
orthogonal even and odd components.

a) Example 2D filter

b) Magnitude Triangle c) 3D Visualization

Figure 4. Illustrating the geometry of a 2D filter. a) shows an
example decomposition of a 2D filter F into even fe and odd fo
components. b) shows the Pythagorean relationship between the
Euclidean magnitudes of orthogonal fe and fo components. c)
illustrates 3D filter component space with a vertical even axis fe ≈
Σ and a horizontal gradient plane fo ≈ {∇x,∇y}.

With regard to frequency components, the sum compo-
nent is an even or symmetric function Σ ∈ fe and the
gradient components are odd or antisymmetric functions
∇x,∇y ∈ fo. Higher order DCT components may gener-
ally be either even, odd or mixed, but since they contribute
only weakly to classification, we leave their analysis to fu-
ture work and assume fe ∝ Σ and fo ∝ cos θ∇x+sin θ∇y

where θ is the gradient orientation. Finally for a given filter
F , we define β2 as a mixing ratio between even and odd
components, defined by the ratio of odd component contri-
bution ∥fo∥2 to the total energy ∥F∥2 as follows:

β2 =
∥fo∥2

∥fo∥2 + ∥fe∥2
. (8)

So for example, a filter F may be defined by mixing ar-
bitrary odd and even components according to ratio β as
follows:

F = ∥F∥βf̂o + ∥F∥
√
1− β2f̂e, (9)

where in Equation (9), f̂e = fe
∥fe∥ and f̂o = fo

∥fo∥ represent
even and odd components normalized to unit length.

4.3. The Mechanics of Information Propagation
Rectified convolution has distinctly different mechanical ef-
fects upon activation information for even and odd filter
components, which are not present in convolution without
rectification. Even filters will cause information to propa-
gate isotropically and do not alter the activation map centre
of mass, whereas odd filters will generally cause informa-
tion to propagate directionally according to angle θ and thus
shift the centre of mass.

The shift in centre of mass may be expressed in terms
of the expected value of the filter impulse response. For an
even filter,

Efe [x, y] =

∑
x,y[x, y]fe(x, y)∑

x,y fe(x, y)
= [0, 0], (10)

and thus by linear superposition, filtering with an even com-
ponent fe results in no net displacement of the centre of
mass, with or without rectification.

For an odd filter fo, the expected value of the impulse
response following rectification equals the centre of mass
of the positively signed weights f+

o = max{fo, 0}

Efo [x, y] =

∑
x,y[x, y]ReLU [fo(x, y)]∑

x,y ReLU [fo(x, y)]
,

=

∑
x,y[x, y]f

+
o (x, y)∑

x,y f
+
o (x, y)

̸= [0, 0], (11)

and thus filtering with an odd component fo generally leads
to a net displacement of the centre of mass.

Figure 5 demonstrates these modes of propagation in the
2D image plane, following sequential convolution of a test
pattern (single pixel, impulse), where sum Σ and horizontal
gradient ∇x components are combined according to various
mixing ratios β2 (Equation (9)). Pure diffusion (Fig. 5a)
results from β2 = 0. Vibration (Figure 6) is caused by
sequential convolution at alternating orientations ±∇ .

There is no net motion for either diffusion (Fig. 5a) or
vibration (Figs. 6a and 6b). The test pattern horizontal
size (standard deviation σ) increases with diffusion and de-
creases with increased β2, and the bulk of the test pattern
disappears for β2 > 0.5. Pure vibration (Fig. 6b) with
β2 = 1 captures a single test pattern edge. Pure gradient
(Fig. 5c) results in a test pattern edge propagating right-
wards at maximum velocity in a manner reminiscent of a
propagating electromagnetic wavefront.

5. Relativistic Energy-Momentum Relation
The mechanical effects of even and odd filters under recti-
fied convolution may be thought of as rest energy or mo-
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Figure 5. The effect of repeated convolution+ReLU of an impulse
test pattern with a 3 × 3 kernel mixing DC Σ and gradient ∇x

components at three different ratios β2 = {0, .25, 1}.
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Figure 6. The effect of repeated convolution+ReLU of an impulse
test pattern with a 3× 3 kernel mixing DC Σ and alternating gra-
dient ±∇x components at mixing ratios β2 = {.25, 1}.

mentum energy in the sense that the former leaves the cen-
tre unchanged while the latter causes a shift. This is not the
case for standard convolution, and it is the prime novelty of
this work. We are thus able to draw a novel analogy between
filtering components and physical operators in a relativistic
energy-momentum formulation as follows.

Even-odd Equations (6) and (7) are analogous to the
energy-momentum Equation (1) and the Dirac Equation (2),
respectively. Specifically, assuming natural units for con-
stants ℏ = c = 1, similarities are the squared filter magni-

tude and energy ∥F∥2 ∼ E2, the gradient components and
the momentum (∇x,∇y) ∼ (px, py), and the sum compo-
nent and mass Σ ∼ m. Note that quantum particle mass
is typically treated as a constant (e.g. the electron mass =
9.1e-31 kg), however in our model, the sum component Σ
may be viewed as a rest mass-like operator, integrating acti-
vations within a neighbourhood while leaving the centre of
mass unchanged.

Most importantly, we are able to establish the equiva-
lence of our even-odd decomposition and the Lorentz trans-
form of special relativity, as follows. The rest energy of
an unmoving massive particle is E = mc2 where m is the
rest mass and c = dxmax

dt is the speed of light (i.e. the
maximum speed possible). The total energy of a particle
moving at velocity v = dx

dt is quantified using the velocity
ratio β = v

c ∈ [0, 1] as follows. First, define the so-called
Lorentz gamma factor γ, which may be expanded as a Tay-
lor series:

γ =
1√

1− β2
= 1 +

1

2
β2 +

3

8
β4 +

5

16
β6 + . . . (12)

Then the particle energy may be defined as

E = γmc2 = mc2 + (γ − 1)mc2 = mc2 + pc, (13)

where mc2 is the rest energy and pc is the energy due to
momentum p, respectively. For example, the total energy of
a slowly moving mass (i.e. β << 1) leads to the following
expression:

E = γmc2 ≈
(
1 +

1

2
β2

)
mc2 = mc2 +

1

2
mv2, (14)

where the energy due to momentum pc = 1
2mv2 may be ap-

proximated by the familiar Newtonian expression of a mass
m moving at velocity v = dx

dt .
We note that substituting our expression for β2 from

Equation (8) into the definition of Lorentz gamma factor
γ from Equation (12) leads to the following expression:

γ2 =
1

1− β2
=

1

1− ∥fo∥2

∥fe∥2+∥fo∥2

= 1 +
∥fo∥2
∥fe∥2

, (15)

while using the definition of relativistic energy in Equa-
tion (13)

γ2 = 1 +
p2

(mc)2
. (16)

From Equations (15) and (16), we thus establish equiva-
lence of the following ratios. First, the speed ratio β

v

c
=

∥fo∥
∥F∥ = β, (17)
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Figure 7. Comparing the squared distance travelled (dx/dxmax)
2

by the information centre of mass vs the squared mixing ratio
β2, the distance is normalized according to the maximum distance
dxmax determined by the filter size.

where in Equation (17) states that the speed of displace-
ment v relative to the maximum speed c is equivalent to
the ratio of odd filter energy ∥fo∥ to total filter energy
∥f∥ =

√
∥fo∥2 + ∥fe∥2.

Second, the energy ratio

pc

mc2
=

∥fo∥
∥fe∥

, (18)

where Equation (18) states that the ratio of energy due to
momentum pc vs rest energy mc2 is equivalent to the ratio
of odd filter energy ∥fo∥ to even filter energy ∥fe∥.

These two ratios allow us to quantitatively determine,
from odd and even filter components, the speed at which
information propagates directionally vs diffusively under
rectified convolution, e.g. in CNNs, via a direct analogy
to relativistic physics, which, to our knowledge, is novel.
Figure 7 (b) shows that over various filter sizes and β mix-
ing ratios, 3× 3 kernels closely approximate the theoretical
Lorentz transform in terms of displacement, rising steadily
and monotonically from β = 0 to β = 1. Note 2×2 kernels
result in unusual behaviour, and 5 × 5 kernels do not reach
maximum speed as the expected displacement of a 5 × 5
gradient kernel according to Equation (11) is less than the
maximum. In contrast, Figure 7 (a) shows that for convo-
lution without rectification, displacement reaches a peak at
β2 = 0.5 then falls to zero for β = 1, and does not follow a
Lorentzian relationship.

6. DCT Training Experiment
Convolutional kernels may be expressed in terms of the
DCT frequency decomposition, and approximated by small
sets of the lowest low-frequency components, which are
dominant in natural images [42]. Here, we evaluate CNN
training with various subsets of DCT components to assess
their impact on classification accuracy. We hypothesize that
the majority of accuracy may be achieved by small subsets
of low-frequency components. We find that a 3-component
representation including the even DC component Σ and the

odd first-order oriented gradients (∇x, ∇y) leads to an ef-
fective approximation capturing > 92% of classification ac-
curacy.

We evaluate how individual frequency components con-
tribute to network behaviour. In a standard convolutional
layer, each input channel Ci is convolved with a distinct
k × k kernel fi, and the resulting feature maps are summed
to produce the filter output Y (see Equation (19)). Because
any kernel or image can be represented as a linear combina-
tion of DCT bases, we introduce a modified convolutional
layer that incorporates this decomposition. During forward
propagation, each kernel is generated as a weighted sum of
N DCT bases, where the weights (DCT coefficients) {ωi}
are learned parameters (see Equation (20)).

Y =

C∑
j=1

fj ∗ Cj (19)

=

C∑
j=1

(
N∑
i=1

ωi DCTi

)
∗ Cj (20)

When using the full spectrum (N = k2), the layer be-
haves identically to a standard convolution. Since kernel
generation (Equation (20)) is a linear operation, backpropa-
gation remains unchanged, meaning any convolutional layer
in a trained CNN can be replaced by its DCT-based coun-
terpart without altering the model’s behaviour. By varying
N , we analyze how each frequency band contributes to net-
work performance.

This experiment seeks to evaluate the contribution of
DCT frequency component subsets toward the task of clas-
sification on the Imagenet dataset (ILSVRC2012) [9]. We
evaluate VGG16 [44] and ResNet50 [24] models by pro-
gressively reducing the number of preserved DCT coeffi-
cients ω representing each 3×3 convolutional kernel, down
to a single DC component.

We initialize the DCT weights ω by projecting pretrained
3 × 3 kernels from VGG16 [44] and ResNet50 [24]. Fig-
ure 13 shows the average spectral energy across all layers.
In both models, the majority of energy lies in the three low-
est frequency components (Σ, ∇x, ∇y), confirming that
learned filters rely on DC and gradient structure.

We then evaluate accuracy when only the lowest N
DCT components are preserved. At initialization (Epoch
0), truncation significantly reduces accuracy. However,
minimal fine-tuning on the preserved coefficients is suffi-
cient to recover performance close to the original models.
As shown in Figure 9, both VGG16 and ResNet50 achieve
over 92% of baseline accuracy using only the three lowest
components, despite these accounting for only 79% and
62% of each model’s spectral energy, respectively.

Both models were fine-tuned for 8 epochs with a learn-
ing rate η = 10−5 and batch size 256. Following the proto-
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Figure 8. Spectral DCT decomposition ωi of all 3 × 3 convolu-
tional filters in all layers of (a) Resnet50 and (b) VGG16. We find
that in both models the majority of the weights are comprised of
low order DC and Gradients (Σ+∇)
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Figure 9. Preserving N DCT components of learned 3×3 weights
(Trained on ImageNet) and retraining only those components on
ImageNet. Note that 3 components (Σ +∇) account for approxi-
mately 93% of the baseline representation

col in [24], during training, we randomly resize the shorter
side of each image between [256, 480], then randomly crop
a 224 × 224 patch and apply random horizontal flipping.
For validation, we resize the shorter side to 256 and centre
crop a 224× 224 patch. Initial weights were taken from the
pretrained models available in Keras [6].

7. Discussion
In this work, we propose information mechanics to describe
the action of rectified convolution upon CNN activation
maps. The theory considers an even-odd filter decomposi-
tion, which for small 3×3 filters is dominated by three fun-
damental components, the sum Σ and gradients (∇x,∇y).
These are shown to result in three distinct modes of in-
formation propagation: 1) symmetric diffusion associated
with the sum Σ and 2) oriented vibration and/or transla-
tion associated with gradient operators (∇x,∇y) applied
bi-directionally or uni-directionally. Odd and even kernels
can be combined using a mixing ratio β, which is linearly
related to the resulting propagation speed when convolu-
tions are applied with ReLU. Notably, we find that rectified
convolution leads to behaviour closely following Lorentz

transform of relativistic physics and enables maximal dis-
placement of information.

Our model may be referred to as elementary information
mechanics, as the sum and gradient operators used are fun-
damental to filters of all sizes including frequency decom-
positions such as the DCT and Haar wavelets [22], popular
hand-crafted filtering processes including Gaussian diffu-
sion scale-space [32] and the scattering transform [5], and
representative of filters learned by PCA[38] and CNNs[15].
We chose to demonstrate our theory in the context of the
most well-known and basic CNNs, which will give the
reader an intuitive understanding of the relativistic energy-
momentum relation. However, the theory generally applies
to rectified dot product operations and could be applied to
understand and optimize models other than CNNs, such
as the transformer [39] or generative diffusion models[37]
where the use of DCT components has shown promise. Fu-
ture work will investigate the use of elementary informa-
tion mechanics in various aspects of deep neural networks,
e.g. optimization, initialization, domain adaptation, inter-
pretability, receptive field analysis, parameterization, com-
pression, inductive bias and new computational architecture
design. Higher order frequency components beyond ele-
mentary sum and gradient may be useful in representing
other mechanical aspects such as angular momentum which
become more important in larger filters.

Finally, information mechanics is inspired by an analogy
to relativistic quantum mechanics, specifically the quadratic
energy-momentum equation and the linear Dirac equation
accounting for the mass, energy and momentum of a rel-
ativistic particle. Specifically, we found that even sum Σ
and odd gradient ∇ components operate analogously to
rest mass m and momentum p, respectively, as the sum
(and generally symmetric modes) preserves the image cen-
tre of mass analogously to rest mass while the gradient (and
generally antisymmetric modes) causes displacement under
rectified convolution analogously to momentum. As ele-
mentary information mechanics is defined in terms of stan-
dard real-valued filters operating on positive-valued CNN
activation information, it may prove useful in unifying the
propagation of energy and mass in real physical world space
and the propagation of information within activation image
space of deep networks. To our knowledge, this is the first
work demonstrating the link between information process-
ing in generic CNNs and the energy-momentum relation, a
cornerstone of modern relativistic physics.

Code for generating the results in this paper may be
found at 2. Supplementary material including additional
results, e.g. training from scratch, DCT analysis, may be
found in the online reference [13].

2https://github.com/liamaltarac/Information-
Mechanics

https://github.com/liamaltarac/Information-Mechanics
https://github.com/liamaltarac/Information-Mechanics
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The Mechanics of CNN Filtering with Rectification

Supplementary Material

Here we provide additional results and visualizations to accompany our work in characterizing the mechanics the rectified
convolution operation, demonstrate how even and odd filter components act upon image information as rest and kinetic
energy operators, respectively, where the velocity of directional information is determined by the ratio of kinetic to total filter
energy, i.e. the ratio of odd to total energy.

In Section A we provide definitions of even and odd symmetry for 2D filters.
In Section B we demonstrate the role of DCT coefficients and the dominance of primary DC and gradient components

Σ,∇x,∇y in training from scratch accuracy in spectral energy distributions, from VGG and Resnet models.
In Section C we provide additional demonstrations of our information propagation theory while mixing between even (e.g.

DC Σ) and odd (e.g. gradient ∇x,∇y) components, for various combinations of test patterns (pixel, circle), filter sizes (2x2,
3x3), types (DC, gradient, translation) and activation functions (none, ReLU, Modulus).

A. Even-Odd Symmetry for 2D Images
Our work assumes even functions defined by rotational symmetry on a 2D lattice, as characterized by the dihedral group,
here we introduce definitions used. Let f(x, y) be a discrete 2D image or kernel of size N ×N pixels, defined as a mapping
f : Z2 → R1 from 2D coordinates (x, y) ∈ Z2 to a scalar value f ∈ R1. Any function f(x, y) may be decomposed into
a sum f(x, y) = fe(x, y) + fo(x, y) of an even rotationally symmetric component fe(x, y) and an odd component fo(x, y)
whose magnitudes follow a Pythagorean relationship as shown in Figure 10.
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Figure 10. Illustrating the Pythagorean geometry of a discrete 2D image f (e.g. 3×3 kernel) decomposed into orthogonal odd fo and even
fe components

Coordinates (x, y) are taken with respect to the image centre (N−1
2 , N−1

2 ) without loss of generality and the primary
properties of even and odd functions in 2D are as follows.

Definition 1 (Even (Symmetric) Image) An image fe(x, y) ∈ Rn×n is rotationally symmetric if

fe(x, y) = fe(±x,±y) = fe(±y,±x),

where the unique value of fs(x, y) is the average of the set of equidistant points {(x, y) : r =
√
x2 + y2} forming sign and

coordinate permutations of (x, y):

fs(x, y) =
1

8

∑
sx,sy∈{±1}

f(sxx, syy) + f(syy, sxx) (21)



Definition 2 (Odd (Anti-Symmetric) Image) An image fo(x, y) ∈ Rn×n is rotationally anti-symmetric if

fo(x, y) = f(x, y)− fe(x, y)

where the sum of fo(x, y) over the set of equidistant points {(x, y) : r =
√
x2 + y2} forming sign and coordinate permuta-

tions of (x, y) is 0: ∑
sx,sy∈{±1}

fo(sxx, syy) + fo(syy, sxx) = 0 (22)

Lemma 1 (Orthogonality) Even and odd components are orthogonal and their scalar or dot product is thus 0:

fe(x, y) · fo(x, y) =
∑
x,y

fe(x, y)fo(x, y) = 0

Definition 3 (Energy) The energy of an image f is defined as the squared magnitude ∥f(x, y)∥2, which equals the sum of
squared magnitudes of the even and odd components:

∥f(x, y)∥2 =
∑
x,y

f2(x, y) =
∑
x,y

f2
e (x, y) +

∑
x,y

f2
o (x, y).

B. Additional Training Results
Here we provide additional results and explanations regarding training experiments, even and odd components, and the
discrete cosine transform (DCT) basis.

B.1. The DCT basis and Even and Odd filter components
Even and odd filters in 2D may generally take on a variety of unique patterns, e.g. DC Σ, gradients ∇ and higher order patterns
for larger filter sizes. Here, we show how even and odd filters may be generally grouped as components of the discrete cosine
transform (DCT) frequency transform, as is commonly done in image and video compression. In the following training
experiments, we interpret the contribution of each DCT basis towards the task of classification.

In general, an N ×N -pixel filter may be represented as a sum of N2 discrete cosine transform (DCT) coefficients, each
of which may be purely even (Symmetric, S), purely odd (Antisymmetric, A) or mixed even + odd (M). Figure 11 a) shows
the DCT basis functions up to index or wave number (u, v) = (4, 4). Figure 11 b) shows the pattern of symmetry ascribed
each DCT basis. As shown in Figure 12, we may observe that where one or two wave numbers (u, v) are odd, the DCT
basis is odd (A). If both indices (u, v) are even and equal u = v, i.e. along the main diagonal, the basis is even (S). If both
indices (u, v) are even but unequal u ̸= v, then the basis is mixed even and odd (M). Figure 12 shows the pattern of even
(symmetric) and odd (antisymmetric) components for each DCT basis. To our knowledge, this is the first time the DCT has
been expressed as even and odd components, despite the widespread use of the DCT in data compression.

In practice, images or kernels representing natural images are dominated by low frequency DCT components. Particularly
in our framework for small filters, i.e. 3 × 3 pixels, the even (or symmetric) component fe may be approximated by DC or
sum:

fe(x, y) =
∑

u,v ∈ Even

ωu,vDu,v ≈ ω0,0D0,0 = ω0,0Σ. (23)

While the odd (or antisymmetric) component fo may be approximated by the gradient or difference ∇, where a single
angular parameter θ defines the gradient orientation as a linear mix between horizontal ∇x and vertical ∇y gradient compo-
nents:

fo(x, y) =
∑

u,v ∈ Odd ∪ u ̸=v

ωu,vDu,v,

≈ ω0,1D0,1 + ω1,0D1,0 ∝ cos θ∇x + sin θ∇y. (24)

This approximation is validated in experiments, where retraining CNNs with only three of nine filter components
(Σ,∇x,∇y) results in greater than 90% of baseline accuracy for typical networks, e.g. VGG and Resnet.



a) DCT Bases b) Symmetry

Figure 11. a) shows the DCT bases up to index (4,4), b) indicates whether the basis is even (symmetric) S, odd (antisymmetric) a or mixed
M

a) Even (symmetric) b) Odd (antisymmetric)

Figure 12. Illustrating the even a) and odd b) components of DCT bases, black and white indicate negative and positive values.



B.2. Training from Scratch on the CIFAR-100 Dataset using DCT components
This experiment consists of training a VGG16 [44] and Resent20 [24] models with various numbers of DCT coefficients,
from a single DC (Σ) parameter to 9 total components (full spectrum). DCT kernel weight parameters {ωi} are used, which
are updated during backpropagation and inverse transformed into filters for forward propagation. For all 6 runs, we use the
same hyperparameters which yielded the best accuracy for the baseline.

As we can see in Table 1, the run with only DC (Σ) and low-order gradient (∇x, ∇y) components, VGG16 achieves 91%
of baseline validation accuracy. We observe the same behaviour when training Resnet20 (see Table 2).

Table 1. Training VGG16 on CIFAR-100 [29] using convolutional kernels composed of progressively additional high-order DCT compo-
nents. We find that only 3 low-frequency components (underlined) contribute to 91% of VGG16 baseline accuracy.

Number of DCT Components Val-Accuracy (± std) % of Baseline
1 (Σ) 0.3247 ± 0.0052 0.44
3 (Σ,∇x,∇y) 0.6664 ± 0.0017 0.91
4 0.6823 ± 0.0039 0.93
6 0.7162 ± 0.0055 0.98
8 0.7294 ± 0.0032 0.99
9 (Baseline) 0.7299 ± 0.0019 1.00

Table 2. Training Resnet20 on CIFAR-100 [29] using convolutional kernels composed of progressively additional high-order DCT com-
ponents. We find that only 3 low-frequency components (underlined) contribute to 92% of Resnet20 baseline accuracy.

Number of DCT Components Val-Accuracy (± std) % of Baseline
1 (Σ) 0.4301 ± 0.022 0.63
3 (Σ,∇x,∇y) 0.6277 ± 0.0025 0.92
4 0.6413 ± 0.0084 0.94
6 0.6675 ± 0.0074 0.98
8 0.6759 ± 0.0069 0.99
9 (Baseline) 0.6805 ± 0.0104 1.00



B.3. The Energy of ImageNet-trained Kernels is concentrated into Σ and ∇ DCT components.
We report in Figure 14 and Figure 15 the average energy percentage for each frequency component ωi of each kernel of
VGG16 [44] and Resnet50 [24], respectively, trained on Imagenet [9] , across all layers. In Figure 13 we plot the average
energy per spectral component ωi for the entire network. As we can clearly see from Figure 13, the majority of the weights
are either DC Σ (even) or gradient ∇ (odd) after training, whereas they are uniformly distributed across all components at
initialization (Fig. 14).
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Figure 13. Spectral DCT decomposition ωi of all 3× 3 convolutional filters in all layers of (a)) Resnet50 and (b)) VGG16. We find that in
both models the majority of the weights are comprised of low order DC and Gradients (Σ+∇)
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Figure 14. Average energy distribution of DCT components ( ω2
i

||ω||2 ) in random and learned convolutional kernels (trained on Imagenet)
throughout VGG16 layers.
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Figure 15. Average energy distribution of DCT components ( ω2
i

||ω||2 ) in learned convolutional kernels (trained on Imagenet) throughout
Resnet50 layers.



C. Additional Propagation Demonstrations
Here we demonstrate the results of rectified convolution from a single channel, and how the velocity of information is
determined by the mixing ratio β of even and odd filter components, similarly to the Lorentz transform in the theory of
special relativity. Rectified convolution is repeatedly performed upon test patterns, and the velocity is measured in terms of
the displacement of the centre of mass per convolution.

C.1. Experimental Setup
Here we demonstrate the mechanics by which even (e.g. DC Σ) and odd (e.g. gradient ∇x,∇y) filter components act upon
image information, similarly to Section 4.3 of the paper, for various combinations of test patterns (pixel, circle), filter sizes
(2× 2, 3× 3), types (DC, gradient, translation) and activation functions (none, ReLU, Modulus).

Table 3 shows the filter kernels used for various values of β2. Most demonstrations mix Σ and ∇x components according
to the β2 parameter, and convolve a test pattern. Note that 2x2 kernels are applied alternatingly within a 3x3 kernel in order
to avoid a half-pixel shift following convolution. We also test a special case of propagation with a translation kernel, which
is normally an offset impulse kernel (Table 3, 3× 3 translation for β2 = 0.75).

Our demonstrations perform rectified convolution on two test image patterns including a circle (r = 19) Fig. 16a) and an
impulse (Fig. 16b). Between each iteration, the activation centre of mass µx and standard deviation σx are computed from a
normalized activation f(x, y) as follows:

µx =

∑
x x∥f(x, 0)∥∑
x ∥f(x, 0)∥

σ2 =

∑
x ∥f(x, 0)∥(x− µx)

2∑
x ∥f(x, 0)∥

(25)

Kernel size β2

0 0.25 0.5 0.75 1

2×2 (alternating)

3×3

3×3 (translation)

Table 3. Examples of kernels used, where each 3×3 kernel f = βf̂o+
√

1− β2f̂e is generated by mixing odd fo and even fe components
according to mixing ratio β.
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Figure 16. Test Patterns



C.2. Convolution Without Activation
C.2.1. 3× 3 kernel, mixing unidirectional gradient ∇x and sum Σ
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(b) Σ+∇x (β2 = 0.25)
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(c) Σ+∇x (β2 = 0.5)
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Figure 17. Demonstrating the effect of repeated convolution (no activation function) of a test pattern (pixel) over 3× 3 kernels, varying β
mixing between Σ and ∇. Note that for both β = 0 and β = 1, there is net displacement of the centre of mass, this is distinctly different
from rectified convolution.



C.3. Convolution With ReLU (rectification) Activation
C.3.1. 3× 3 kernel, mixing unidirectional gradient ∇x and sum Σ components
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(b) Σ+∇x (β2 = 0.25)
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-6 -4 -2 0 2 4 6 8 10 12 14-8

-6

-4

-2

0

2

4

6

8

σx =0.43
µx =0.76

-6 -4 -2 0 2 4 6 8 10 12 14-8

-6

-4

-2

0

2

4

6

8

σx =0.52
µx =4.36

-6 -4 -2 0 2 4 6 8 10 12 14-8

-6

-4

-2

0

2

4

6

8

σx =0.67
µx =8.86

(d) Σ+∇x (β2 = 0.75)

-6 -4 -2 0 2 4 6 8 10 12 14-8

-6

-4

-2

0

2

4

6

8

σx =0.00
µx =1.00

-6 -4 -2 0 2 4 6 8 10 12 14-8

-6

-4

-2

0

2

4

6

8

σx =0.00
µx =5.00

-6 -4 -2 0 2 4 6 8 10 12 14-8

-6

-4

-2

0

2

4

6

8

σx =0.00
µx =10.00

(e) ∇x (β2 = 1)

Figure 18. Demonstrating the effect of repeated convolution+ReLU of a test pattern over different types of 3×3 kernels (DC and Gradient).
Note that for β = 0 a), content diffuses symmetrically about a stationary centre of mass, while for β = 1 the centre of mass translates
rightward with maximum velocity.
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Figure 19. Demonstrating the effect of repeated convolution+ReLU of a circular test pattern (r = 19) with 3× 3 kernels mixing DC Σ and
fixed direction gradient ∇x over various mixing ratios β ∈ {0, 0.25, 0.5, 0.75, 1}. Note that for β = 0 a), content diffuses symmetrically
about a stationary centre of mass, while for β = 1, the circle bulk disappears and the rightmost edge translates right with maximum
velocity.



C.3.2. 3× 3 kernel, translation filter components
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Figure 20. Demonstrating the effect of repeated convolution+ReLU of a test pattern (pixel) over 3×3 translations, varying β. Note that for
β = 0 a), artificial checker-board structure appears due to the complex non-DC even (symmetric) component, while the content maintains
a stationary centre of mass. For β = 1, the content translates rightward with maximum velocity.
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Figure 21. Demonstrating the effect of repeated convolution+ReLU of a test pattern (circle) over 3 × 3 translation filter components,
varying β. Note that for β = 1, the circle bulk disappears and the rightmost edge translates rightward with maximum velocity.



C.3.3. 3× 3 kernel, mixing alternating gradient {∇x,−∇x} and sum Σ components
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Figure 22. Demonstrating the effect of repeated convolution+ReLU with alternating orientation. Note that for β1 = 1 in d), information
vibrates left and right, and there is no net translation of the centre of mass.
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Figure 23. Demonstrating the effect of repeated convolution+ReLU of a circular test pattern over different types of 3 × 3 kernels mixing
DC Σ and alternating direction gradient ±∇x components for different mixing ratios. Note that for β2 = 1, the circle bulk disappears, and
the right edge of the circle vibrates left to right with no net translation.



C.3.4. 2× 2 kernel, mixing unidirectional gradient ∇x and sum Σ components
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Figure 24. Demonstrating the effect of repeated convolution+ReLU of a test pattern over different types of 2×2 kernels (DC and Gradient).
Note that for β2 ≥ 0.5, the content centre of mass travels rightward with maximum velocity.
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(b) Σ+∇x (β2 = 0.25)
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Figure 25. Demonstrating the effect of repeated convolution+ReLU of a circular test pattern (r = 19) with 2 × 2 kernels mixing DC Σ
and fixed direction gradient ∇x components over various mixing ratios β. Note that for β = 0, the content diffuses symmetrically with
a stationary centre of mass, while for β = 1 the circle bulk disappears and the right edge of the circle travels rightward with maximum
velocity.



C.3.5. 3× 3 kernel mixing unidirectional gradient ∇x and sum Σ components, Modulus (Absolute value) activation.
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Figure 26. Demonstrating the effect of repeated convolution+mod of a test pattern over different types of 3×3 kernels (DC and Gradient).
Note that for β = 0, the content diffuses symmetrically with a stationary centre of mass, while for β = 1 the pattern propagates symmet-
rically in both directions at maximum velocity with a stationary centre of mass.
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