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ABSTRACT: The field of artificial intelligence has advanced significantly in recent years, but achieving a human-like
or Artificial General Intelligence (AGI) remains a theoretical challenge. One hypothesis suggests that a key issue is the
formalisation of extracting meaning from information. Meaning emerges through a three-stage interpretative process,
where the spectrum of possible interpretations is collapsed into a singular outcome by a particular context. However,
this approach currently lacks practical grounding. In this research, we developed a model based on contexts, which
applies interpretation principles to the visual information to address this gap. The field of computer vision and object
recognition has progressed essentially with artificial neural networks, but these models struggle with geometrically
transformed images, such as those that are rotated or shifted, limiting their robustness in real-world applications.
Various approaches have been proposed to address this problem. Some of them (Hu moments, spatial transformers,
capsule networks, attention and memory mechanisms) share a conceptual connection with the contextual model (CM)
discussed in this study. This paper investigates whether CM principles are applicable for interpreting rotated images
from the MNIST and Fashion MNIST datasets. The model was implemented in the Rust programming language. It
consists of a contextual module and a convolutional neural network (CNN). The CM was trained on the rotated Mono
Icons dataset, which is significantly different from the testing datasets. The CNN module was trained on the original
MNIST and Fashion MNIST datasets for interpretation recognition. As a result, the CM was able to recognise the
original datasets but encountered rotated images only during testing. The findings show that the model effectively
interpreted transformed images by considering them in all available contexts and restoring their original form. This
provides a practical foundation for further development of the contextual hypothesis and its relation to the AGI domain.
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1 Introduction
Despite significant progress in the field of artificial intelligence (AI) and its practical applications,

uncovering the principles of a human-like, or (general), intelligence (AGI) remains a theoretical challenge.
One of the key problems is understanding the meaning of information by humans, a question that dates
back to ancient times. Aristotle suggested that people do not operate with phenomena as set of features but
rather the situation in which those phenomena appear. In other words, the context in which the phenomenon
is analysed is considered an integrative part of the information flow. Contemporary understanding of
human information comprehension sets it as an active, three-stage procedure: sensory reception, cognitive
processing, and synthesis of a holistic object representation. Perception involves detecting elements of
external phenomena through the senses, interpreting them cognitively, and integrating them into a coherent,
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objective image. It is a subjective process, based on the observer’s prior experience. As a result, incoming
information acquires meaning. Meaning exists only as potential prior to interpretation by the recipient.
An informational message may contain multiple potential meanings until interpretation collapses them
into one. The contextual model (CM) hypothesis [1] states that interpretation begins with transforming the
incoming signal into an internal representation, which is then evaluated against mnemonic templates stored
in memory. A detected congruence marks successful interpretation, indicating that the new input has been
assimilated to a pre-existing cognitive prototype-meaning. In this way, the CM extracts meaning from the
incoming information by transforming it into something previously memorised. Meaning is thus integrated
with the transformation rules, which produce interpretation. These rules are combined into a context. Infor-
mation is intrinsically asemantic and gains meaning only when processed within a particular interpretive
context. Borrowing quantum-theoretic language, an incoming message has a superposition of all possible
meanings. The application of a specific context collapses this spectrum to a single outcome. Consequently,
identical data can yield distinct interpretations in different contexts. One of the first applications of this
approach was Turing’s crib-based analysis of the Enigma code. However, empirical evidence supporting CM
remains limited. This study aims to address this gap by developing and evaluating a programming model
based on contextual principles that is capable of processing visual information from multiple viewpoints.

Computer vision has advanced significantly in recent years, particularly with artificial neural networks
(ANNs). They have achieved notable progress in the field of object recognition [2–6], but still struggle with
geometrically transformed images [7–9]. Various approaches have been proposed to improve this. Their
advantages and disadvantages are discussed in detail in [10]. In this paper, we focus on Hu moments, spatial
transformer networks (STNs), Capsule Networks (CapsNets), attention and memory mechanisms, as they
are conceptually related to the CM discussed here.

Hu moments, introduced by Ming-Kuei Hu in 1962 [11], are based on scalar image descriptors computed
from normalised central moments, which are invariant to image translation, rotation, and scaling. They are
widely used as compact rotation-invariant features for shape and digit recognition tasks. Hu moments have
been evaluated on MNIST and rotated variants to provide rotation-invariant descriptors and to complement
learned features in subsequent classifiers [12]. Being combined with convolutional neural networks (CNNs),
Hu moments significantly improved robustness to affine transformations [13]. However, the set of invariances
is fixed by the predefined moment equations, addressing only affine changes. In contrast, CM learns
transformation rules (contexts) directly from examples and can accommodate a broader class of conversions
applied to any type of information, not only images.

STNs are based on the idea of recognising the transformation itself and restoring the original object [14].
A spatial transformation recognition module is implemented with the localisation network and a param-
eterised sampling grid. It is trained on transformations and performs a reversal operation. The module is
placed in the architecture before the CNN, which then recognises the restored objects by their features.
The model revealed essential improvements in the spatial transformation invariance of CNNs without a
significant influence on the system performance. The drawback of the spatial transformers is that they can
only recognise the specific affine transformations they were trained on [15]. Like STN, the CM described
in this paper was able to recognise spatial transformations of the greyscale images. It learned a particular
set of transformations and restored the original image for the subsequent recognition by a CNN. However,
CM principles can be applied to arbitrary information, which relates to the theoretical questions of Artificial
General Intelligence (AGI) [1]. Context rules are applied as an atomic action and do not suffer from
overtraining issues like STNs. Also, the same context can be used for the reverse transformation.

The main unit in CapsNets is a capsule [10,16]. It is a group of neurons, each activated by specific
attributes of an object, such as its position, size, or colour. Formally, a capsule generates an activity



Comput Mater Contin. 2026;86(2) 3

vector, where each neuron corresponds to an instantiation parameter (e.g., hue). The length of the vector
reflects the probability of the object’s presence in the input, while its orientation encodes the capsule’s
properties. CapsNets replace scalar-output feature detectors with vector-output capsules and max-pooling
with a routing-by-agreement mechanism. The independence of units ensures that agreement among mul-
tiple capsules significantly increases the probability of accurate detection. Higher-level capsules aggregate
outputs from lower-level ones whose outputs cluster, driving them to output both a high probability of the
object’s presence and a high-dimensional pose representation [17,18]. Traditional CNNs generalise poorly
to unlearned viewpoints beyond translations [19,20]. Addressing other affine transformations using CNNs
would require either exponentially increasing the feature detector grid size or scaling the training dataset
size, making these methods impractical for larger problems. CapsNets utilize transformation matrices to
model spatial relationships between object components, enabling recognition of the entire object even from
its distributed representation [21]. Unlike STNs and CM, CapsNets can process segments and are subject to
multiple transformations without their normalization [22]. Similar to CapsNets, which isolate calculations in
capsules, CM does it in independent contexts. However, CM cannot yet recognise separated objects; instead,
it restores the original object and the transformation applied to it.

A promising route to transformation-invariant visual understanding is offered by a relatively recent
class of ANNs, inspired by biological visual systems, incorporating feedback connections [23], memory
and attention mechanisms [24,25]. Attention highlights the most informative visual cues and suppresses
irrelevant inputs, yielding more compact and robust internal representations. Memory-augmented networks
retain previously acquired features while continually integrating new information about image transforma-
tions during successive training phases. These strategies are crucial for producing resilient representations in
demanding applications such as few-shot learning [26]. Although these models frequently invoke the term
‘context’, its usage diverges from that in CM. ‘Context’ refers to selecting the most valuable subset of incoming
data. In contrast, CM defines ‘context’ as the set of transformation rules employed to extract meaning and
construct interpretive framework, rather than facilitating object recognition.

The CM discussed in this paper was combined with a CNN. It was implemented in the Rust program-
ming language and validated on the MNIST [27] and Fashion MNIST [28] benchmark datasets. The CM
module was responsible for transformation in contexts, while the CNN detected coherence with the pre-
existing prototypes it was trained for. CM demonstrated context knowledge transfer, remaining independent
of the incoming information. It was trained on one dataset and subsequently applied to interpret two other
distinct datasets without modification. The CNN module, responsible for interpretation matching with
memory, was adapted to accommodate the trained model for MNIST or Fashion MNIST. Beyond these
immediate results, this work established a foundation for advancing CM principles toward AGI theory,
providing a practical model for information interpretation across contexts.

2 Methodology

2.1 Contextual Model Overview
A. Redozubov formalized the process of information handling within CM [1]. The approach assumes

that an informational message I can be decomposed into concepts c. The complete set of unique c forms a
dictionary C. Then, I is a set of c with K elements: I = {ck}, where ck ∈ C, k ∈ 1..K. Replacing ck in the original
message I with cj from the same C maps I to its interpretation Iint: I ={ck}→ Iint ={cj}, ck, cj ∈C. The collection
of messages Ii and their corresponding Ii

int constitutes the memory M of a subject S. Each memory element
mi ∈M is defined as a pair of the original message and its interpretation: m = (Ii, Ii

int). M of S is formed during
the learning phase. Since both Ii and Ii

int consist of c, M can be separated into groups which associate sets of
different concepts {c} from Ii with their interpreted concepts {cint}. Thus, the memory is mapped into a set
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of conversion rules: Rk = {(ck, cint)} across all Ii and Ii
int in M. A consistent subset of R, referring to the same

transformation, forms a context Cont. These contexts form a space of contexts {Conti} of S. Since multiple
distinct messages I can correspond to the same interpretation Iint, the total number of unique interpreted
elements is constrained by NM int ≤ NM . Thus, the elements {Rm} in {Conti} can be consolidated after the
learning phase to m = 1...NM int , leaving only unique Rm. Applying the transformation rules Rj from a given
context Conti, the interpretation Ii

int can be derived for any new message I across all {Conti}. Coherence ρj
with the interpretation memory Mint can be defined by a trained CNN for every Ii

int, which matches received
Ij

int to Mint. Selecting the index j of the highest ρj identifies the context-winner Contj, which refers to the
applied transformation rules for I → Iint. The computational process in a context module is shown in Fig. 1.

Figure 1: Computational scheme of the context module

2.2 Contextual Model for Images Geometric Transformations
The CM implemented in this investigation operated by applying a set of geometric transformation rules

to an input image, generating an interpretation that was recognised by a trained CNN. If a match was found,
the corresponding context was selected as a “context-winner”. This process was repeated across multiple
contexts, and the context-winner was updated if a better interpretation was identified. The design of the
model is presented in Fig. 2. The interaction between the CM and the CNN was carried out using the MNIST
data format. The CM output interpreted images as a 784 one-dimensional vector of pixels values (28 × 28
px = 784), which was then recognised by the CNN.

Figure 2: CM with integrated CNN

The CM was trained on the Mono Icons dataset, which is fundamentally different from MNIST and
Fashion MNIST images. The dataset contains 180 grey images (Fig. 3), normalised to 28 × 28 px. Since this
amount was insufficient to span variations across all pixels, we augmented the dataset to enable the CM to
capture transformations across most pixels. As a result, in addition to the original set, every picture was
rotated on π

2 and shifted to every direction from 0 to 7 pixels (15 positions along each axis). The dataset
was thus expanded to 81,000 items (15 shifts along the x-axis, 15 shifts along the y-axis, 2 rotations give 450
augmented images per original one, 450 × 180 = 81,000). Two CMs were trained. One contained only 8
contexts for following rotations: 0, π

8 , π
4 , 3π

8 , π
2 , 5π

8 , 3π
4 , 7π

8 . The other included 15 shifts along both the x- and y-
axes in addition to the rotations (1800 contexts in total). The set of rotations is limited to the eye torsions and
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pinwheels investigated in the primary visual cortex of the alive brain [29], providing an indirect link with the
visual analyser and a foundation for investigating pinwheels formations by the CM. The trained models were
saved to files for further testing. Tests were conducted with MNIST and Fashion MNIST datasets rotated by
the same set of angles without x- or y-shifts. The CM with 1800 contexts was used to evaluate whether the
approach remained accurate with additional contexts not expected to be utilised.

Figure 3: Mono icons dataset

The logic for selecting transformation rules supported greyscale pixels. An input image was disassem-
bled into pixels different from 0. Initially, every input pixel was mapped to all set pixels of the output image,
as shown for x- and y-shifts in Fig. 4. With more examples, the rule was adjusted by removing extra output
pixels, which had no relation to the transformed input pixel (Fig. 5). The model took the minimum value
between the previously stored output pixel and the new incoming one. As a result, the more examples the
CM processed, the clearer the rules became within contexts. Output pixels unrelated to the input (non-black)
gradually received lower values (black). The augmented Mono Icons dataset essentially increased the number
of examples. Applying the context for the backward transformation, the model instead took the maximum
pixel value. Input pixels were rounded to the nearest threshold so that values within it were considered
equal. The threshold was set to 5, meaning grayscale values (0–255) were grouped into 52 discrete levels. This
hyperparameter reduced the number of transformation rules required.

The CNN component in the model was used to find correlations with memory after interpretation
(Fig. 2). It was implemented with the Rust PyTorch crate for machine learning tch v.0.1.7 [30]. The source
code was built and run on Ubuntu v.24.04.3, compiler rustc v.1.89. The architecture of the CNN is shown
in Fig. 6. The same design was used to train on both the MNIST and Fashion MNIST datasets, but the weights
were saved in separate files. Testing was then performed on the respective test sets. The learning rate was set
to 0.01, batch size to 1024, number of epochs to 20, and the optimiser was Adam. Then the test datasets were
rotated by angles from the following set: 0, π

8 , π
4 , 3π

8 , π
2 , 5π

8 , 3π
4 , 7π

8 .
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Figure 4: Disassembling incoming image into pixels and setting initial shifted in x and y output interpretations for
them

Figure 5: Adjusting shifted in x and y output interpretation on the following learning
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Figure 6: CNN architecture

The full flow of CM testing is depicted in Fig. 2. Each context applied its transformation rules to the
input image, generating an interpretation. This was then sent to the trained CNN module for recognition. If
recognition was successful, the corresponding context was selected as the winner. The context-winner was
then used for subsequent incoming image interpretations. If another context produced a better interpretation
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of a transformed image, the context-winner was updated. The models were tested with rotations only; shifts
along the x- and y-axes were not applied, except in the case of one CM that was able to interpret them.

3 Results and Analysis
The CNN module (Figs. 2 and 6) was trained on the MNIST training dataset (60,000 examples) and then

tested on the corresponding test dataset (10,000 examples). The recognition accuracy achieved was 0.9887
(113 errors out of 10,000). The trained weights were saved into a file and were used for all rotation tests. The
recognition accuracy results for the MNIST test dataset rotated by 8 angles (0, π

8 , π
4 , 3π

8 , π
2 , 5π

8 , 3π
4 , 7π

8 ) are
shown in Fig. 7 (CL is 99.9%). Accuracy was calculated as the number of correctly recognised images divided
by the total number of them in the dataset (10,000).

Figure 7: Accuracy achieved by the trained CNN, CM with 8 and 1800 contexts on the MNIST dataset

Fig. 7 shows that the CNN model was not invariant to rotations. Its recognition accuracy decreased
substantially as the rotation angle increased, reaching a minimum of 0.1984 at π

2 . The same dataset was then
used with the proposed CM trained only on 8 rotations (8 contexts), which incorporated the same CNN
(Fig. 2). As a result, recognition accuracy remained close to the baseline (0.9884 at rotation angle 0) and was
largely unaffected by rotation. The minimum accuracy (0.9534) was achieved on the angles π

4 and 3π
4 . The

same dataset was also tested on the CM trained on the 8 rotations and 15 × 15 possible shifts (1800 contexts).
This model showed lower accuracy compared with the 8 contexts CM, but still substantially higher than
the CNN alone. The minimum accuracy (0.8195) was again observed at π

4 and 3π
4 . A two-sample t-test on

proportions revealed significant differences (t > 2) for all results except at angle 0 between CNN only and
8 contexts CM with CNN (t = 0.199) and at angle π

8 between CNN only and 1800 contexts CM with CNN
(t = 0.195).

In addition to reconstructing the original images from their transformed inputs, the CM identified
the specific transformation rules applied to the original object (context–winner). The results of the selected
context-winners for CM trained with rotations only are displayed in Table 1.
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Table 1: Original transformations and context-winners selected by CM with 8 contexts for MNIST dataset

Original image
sample

Applied
transformation

(Rotation angle)

Transformed
image sample

Selected
transformation

(Context-winner)

Interpreted by
context-winner
original image

0 0

π
8

π
8

π
4

π
4

3π
8

3π
8

π
2

π
2

5π
8

5π
8

3π
4

3π
4

7π
8

7π
8

The ‘Original image sample’ column contains the first 3 images from the MNIST test dataset as
examples. The ‘Applied transformation’ column shows the angle to which the original image was rotated. The
‘Transformed image sample’ column contains the first 3 images from the MNIST test dataset rotated by the
given angle. The ‘Selected transformation’ column depicts the context-winner chosen by the CM. Finally, the
‘Interpreted by context-winner original image’ column shows the interpretation rules applied by the selected
context-winner to the first 3 rotated images from the MNIST test dataset. Similar results for the CM trained
on both rotations and shifts are presented in Table 2.

Table 2: Original transformations and context-winners selected by the CM with 1800 contexts for MNIST dataset

Original image
sample

Applied
transformation

(Rotation angle)

Transformed
image sample

Selected
transformation

(Context-winner)

Interpreted by
context-winner
original image

0
X shift: −1 px
Y shift: −2 px

Rotation: 0

π
8

X shift: −1 px
Y shift: −2 px
Rotation: π

8

π
4

X shift: 2 px
Y shift: 2 px
Rotation: π

4

(Continued)
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Table 2 (continued)

Original image
sample

Applied
transformation

(Rotation angle)

Transformed
image sample

Selected
transformation

(Context-winner)

Interpreted by
context-winner
original image

3π
8

X shift: −1 px

Y shift: −2 px
Rotation: 3π

8

π
2

X shift: 2 px
Y shift: 2 px
Rotation: π

2

5π
8

X shift: 2 px
Y shift: 2 px
Rotation: 5π

8

3π
4

X shift: 2 px
Y shift: 2 px
Rotation: 3π

4

7π
8

X shift: 2 px
Y shift: 2 px
Rotation: 7π

8

The results in Tables 1 and 2 show that the CM correctly recognised the rotation angle. The model
trained with the shifts (Table 2) introduced minor errors along the x- and y-axes, not exceeding 2 pixels
(expected = 0). The interpreted images also exhibited some artefacts (missed pixels and loss of contrast),
but they were not critical for subsequent recognition by the CNN module. This explains the high accuracy
observed in the rotated tests where the CNN was augmented with the contextual module.

Similar results were obtained with the CNN module trained on the Fashion MNIST dataset, with no
changes to its architecture (Fig. 6). The contextual module trained on the Mono icons dataset (Fig. 3) was also
left unchanged. The CNN alone achieved an accuracy of 0.8528 on Fashion MNIST after training, as shown
in Fig. 8 (CL is 99.9%). The CM achieved lower results on the same dataset for both 8 and 1800 contexts
(0.7624), compared with the MNIST results (Fig. 7). However, rotated images drastically reduced the CNN’s
accuracy, with a minimum of 0.1053 at π

2 . Being integrated into the CM, the same CNN achieved essentially
higher results across all rotations, with minimum accuracies of π

4 .
The selected context-winners results for the CM on the Fashion MNIST dataset are displayed in Tables 3

and 4.
Both the 8 and 1800 contexts CMs correctly recognised the rotation angles. The 1800 contexts CM

selected context-winners with x- and y-shifts equal to 0 (Table 4), in contrast to the MNIST results (Table 2).
This can be explained by the fact that Fashion MNIST images occupy more space within 28 × 28 px field,
and shifts therefore reduced recognition accuracy compared with MNIST images. The interpreted images for
π
4 and 3π

4 showed artifacts, which explains the lowest accuracy values achieved for these rotations in Fig. 8.
Similar artifacts appeared in the MNIST dataset at the same rotations (Table 2). This can be attributed to the
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fact that rotations at π
4 and 3π

4 result in the greatest pixel loss in raster graphics, which explains the higher
error rates observed in both datasets.

Figure 8: Accuracy achieved by the trained CNN, CM with 8 and 1800 contexts on the fashion MNIST dataset

Table 3: Original transformations and context-winners selected by the CM with 8 contexts for Fashion MNIST dataset

Original image
sample

Applied
transformation

(Rotation angle)

Transformed
image sample

Selected
transformation

(Context-winner)

Interpreted by
context-winner
original image

0 0

π
8

π
8

π
4

π
4

3π
8

3π
8

π
2

π
2

5π
8

5π
8

3π
4

3π
4

7π
8

7π
8
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Table 4: Original transformations and context-winners selected by CM with 1800 contexts for Fashion MNIST dataset

Original image
sample

Applied
transformation

(Rotation Angle)

Transformed
image sample

Selected
transformation

(Context-Winner)

Interpreted by
context-winner
original image

0
X shift: 0 px
Y shift: 0 px
Rotation: 0

π
8

X shift: 0 px
Y shift: 0 px
Rotation: π

8

π
4

X shift: 0 px
Y shift: 0 px
Rotation: π

4

3π
8

X shift: 0 px
Y shift: 0 px
Rotation: 3π

8

π
2

X shift: 0 px
Y shift: 0 px
Rotation: π

2

5π
8

X shift: 0 px
Y shift: 0 px
Rotation: 5π

8

3π
4

X shift: 0 px
Y shift: 0 px
Rotation: 3π

4

7π
8

X shift: 0 px
Y shift: 0 px
Rotation: 7π

8

4 Limitations and Recommendations
The CM introduced in this research is still in the conceptual stage and cannot yet compete with modern,

fully developed models. This study focuses on validating the core principles of CM in order to provide
practical grounding for the theoretical framework outlined in [1] and to establish a solid foundation for
future investigations in the area of AGI. The transformation rules learning algorithm used in the model is
basic and will need to be enhanced for practical applications. The images used in this investigation were
selected from the widely adopted MNIST and Fashion MNIST datasets to demonstrate the capability of CM
to process greyscale benchmark images when integrated with CNN. Nevertheless, several improvements
could be made. Incorporating edge detection techniques would enable the model to handle colour images.
Increasing image resolution could reduce the impact of pixel loss during rotation, resulting in smoother
edges. Introducing controlled uncertainty into pixel interpretation may further refine the model, though
this could also make results less predictable and harder to reproduce, presenting both challenges and
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opportunities for practical applications. Integrating CM with a CNN currently slows recognition, particularly
when a large number of contexts are involved. This limitation could be mitigated by training the CM only
on the necessary transformations and by improving both the rule-learning process and context-winner
identification algorithms.

5 Conclusions
This investigation validated the theoretical principles of the CM in practice by restoring rotated

images and selecting the appropriate context-winners in the test datasets. Its effectiveness was evaluated by
enhancing the spatial invariance of a CNN to rotated images from the MNIST and Fashion MNIST datasets.
The model was trained on a separate dataset of transformed images and successfully generalised to unseen
rotations in different test datasets, demonstrating the contextual module’s independence from incoming
information and, therefore, its ability to transfer context knowledge. These practical results in information
interpretation through contexts provide a robust foundation for extrapolating CM principles toward AGI
theory and for further investigation.

However, the study also revealed certain limitations. The model introduced artifacts in the interpreted
images. Moreover, while it accurately identified the rotations applied to the original images, it exhibited
minor uncertainty in detecting shifts along the x- and y-axes in the MNIST dataset. These areas require
refinement for the CM to be suitable for practical application.
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