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Abstract
Representations play an essential role in the learning of arti�cial and biological systems due to their
capacity to identify characteristic patterns in the sensory environment. In this work we examined latent
representations of several sets of images, such as basic geometric shapes and handwritten digits,
produced by generative models in the process of unsupervised generative learning. A biologically feasible
neural network architecture based on bi-directional synaptic connection equivalent in training and
processing to a symmetrical autoencoder was proposed and de�ned. It was demonstrated that
conceptual representations with good decoupling of concept regions can be produced with generative
models of minimal complexity; and that incremental evolution of architecture can result in improved
ability to learn data of increasing conceptual complexity, including realistic images such as handwritten
digits. The results presented in this work demonstrate the potential of conceptual latent representations
produced in unsupervised generative learning as a natural platform for conceptual modeling of the
sensory environment and possibly, other intelligent behaviors.

1 Introduction
Representation learning with the objective to identify the informative patterns in the observable data has
a well-established record in the �eld of Machine Learning. Identi�cation of stable patterns of attribute
combinations, or concepts [1,2], in the observed environment can provide signi�cant advantages to the
learner due to signi�cant reduction in the cost of processing of sensory inputs, memory, as well as the
ability to associate bene�cial behaviors to a general class of observations, rather than speci�c observed
instance. For these reasons, intelligent systems capable of successful identi�cation of concepts in the
observable data �nd applications in an increasing number of domains. In the commonly used approach,
concepts can be identi�ed in the process of representation learning [3] that produces a transformed
representation of observable data in a latent space created by a learning model in the process of training
under certain constraints.

1.1 Related Work
Hierarchical representations of observable data were obtained in a completely unsupervised training
process with Restricted Boltzmann Machines (RBM) and Deep Belief Networks (DBN) [4,5] offering a
noticeable improvement in the quality of subsequent supervised learning [6]. Different types, architectures
and �avors of generative models were investigated since including autoencoder neural networks,
Generative Adversarial Networks (GAN) [7–10] and other types and �avors of generative models to name
only a few in a rapidly expanding �eld, resulting in improved accuracy and versatility of the models with a
wide range of applications. In the theory of learning systems, the relations between learning and
statistical thermodynamics were studied in [11,12] leading to understanding of a deep connection
between learning processes in arti�cial generative models and principles of information theory and
statistical thermodynamics.
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In experimental studies with generative neural network models, a number of interesting results was
reported including the “cat experiment” that demonstrated spontaneous emergence of concept sensitivity
on a single neuron level in unsupervised deep learning with images [13]. Disentangled representations
were produced and discussed with a deep variational autoencoder architecture and several sets of
arti�cial image data [14] pointing at the possibility of a general nature of structured latent representations
emergent in the process of unsupervised generative learning. Geometric and topological structure of
conceptual representations of images of basic geometric shapes clearly correlated with characteristic
patterns in the training data was studied in [15].

In a growing number of results, concept-associated structure has been observed with real-world data of
different types and origin, including general and medical imaging [16,17], linguistic applications [18],
Internet and network security [19,20] and other applications.

These results demonstrated that self-learning with generative models can produce structured
representations of the sensory data associated with characteristic patterns, or “concepts”, in an entirely
unsupervised process, based on the ability of the learning models to compress the observations and
restore them into and from an informative low-dimensional representation.

Interestingly, alongside these results, very recent advances in the research of biologic sensory networks
[21,22] demonstrated commonality of low-dimensional neural representations in processing sensory
information by animals, including humans. These results suggest intriguing parallels in learning
processes between arti�cial and biologic systems.

To summarize this brief overview of a wide and rapidly expanding �eld of general concept learning, while
signi�cant progress has been made in interpretation and learning of concepts in different environments,
with growing number of models, methods and applications with increasing e�ciency, there remain some
essential limitations in our understanding of how general, abstract concepts emerge and are learned. The
�rst one relates to the generality of results obtained with models of increasing specialization and
complexity, where it can be questioned whether the observed effects related to speci�c selection of model
architecture or properties, and to what extent they can be expected to apply to different models and data
in a more general way.

The second set of questions relates to the origin of concepts as general classes of characteristic patterns
in the sensory data. To observe, measure and learn higher-level concepts, models in these studies needed
con�dently identi�ed instances of the concepts. This knowledge was not a part of the learning model and
had to be provided externally. Then an investigation into the origin of concepts becomes less clear, as to
identify concepts one would need their known instances and the result may depend on a speci�c choice
of concepts selected for experiments.

Another essential question is how generative models capable of successfully learning complex real-world
data could have emerged in natural systems? It entails that architectures of the learning models need to
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be feasible for biological systems, including an essential ability to evolve incrementally with an
improvement of the learning success with sensory data of increasing complexity.

In this work we attempted to approach these questions �rst by using generative models of limited
complexity, well within the range of simplest biologic systems and without advanced or speci�c
architectural features. By using models of limited complexity and plain, “generic” architecture the problem
of generality can be addressed, and it can be expected that the observed effects could be reproduced with
models and data of similar complexity. In addition, should this stage of investigation produce positive
results with realistic though possibly, simple data, such “minimal” models can serve as a reference, or
starting point for incremental adaptation of architectures for learning with data of higher complexity.

To address the origin problem, methods of analysis of latent representations were developed that are
entirely unsupervised, do not depend on or require information on the content of the learning data. These
methods can be used to study and describe the “native” information structure in the latent
representations of generative models that does not depend on pre-de�ned external concepts. This
approach allows to advance toward an understanding of concept origin as a characteristic structure in
the informative representations of generative models that does not depend on external de�nition of
concepts.

The rest of the paper is organized as follows: section 2 provides a description of the biologically feasible
generative architecture of the studied models, data and the methods used in this work; in section 3 the
results on the structure and topology of unsupervised latent representations obtained with models and
data of increasing complexity are reported and discussed. Section 4 offers a summary of the results with
a discussion, including the origins of abstraction in generative learning and connections to �elds and
areas in machine and general learning.

2 Bi-directional Generative Neural Network Architecture
To overcome challenges of some conventional generative models outlined earlier, a novel architecture
that avoids duplication of resources, such as neurons and synapses in generative neural network models,
such as autoencoders [7,23], is proposed. The advantages of the proposed solution are that it is
compatible with the requirements of biological feasibility, generality and evolvability while, as discussed
further in this paper, being capable of successful learning concepts in the data of minimal, but realistic
conceptual content.

2.1 Bi-Directional Generative Architecture
The proposed network architecture is based on bi-directional synapses and a two-phase training cycle.

A bi-directional synapse differs from a neural synapse in the conventional feed-forward neural network
architecture by its ability to operate in both directions, having two sets of trainable parameters, “forward”
and “back”: Wf = {wab

f, bf}, Wb = {wab
b, bb}.
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Use of bi-directional synapses allows to avoid the redundancy problems of conventional generative
models such as autoencoders, by reducing the resources, both neurons and synapses effectively by close
to a half, while fully retaining universal approximation capacity of these models.

2.2 Training
In the training phase the model effectively “unfolds” as with subsequent training equivalent to
conventional generative architectures such as autoencoder. In the �rst, forward pass through the network
the forward parameters are used �rst in the direction Wi,f to Wl,f, then backward ones are used in the
reverse direction, i.e. from the latent segment to the input, Wl,b to Wi,b resulting in generated output:

y = Tb × Tf(x)

1

where y is the output generated by the model from observable input x, Tf and Tb, tensors obtained with
forward and backward sets of model parameters as described in Section 2.1, respectively.

In the second, learning phase, the parameters are adjusted based on the deviation of the output from the
input, de�ned by the cost function, in the opposite direction, i.e. Wi,b and to Wi,f. Any type of Bayesian
method can be used, including gradient descent, or its biologically feasible implementations.

By de�nition, training of a bi-directional model of this type would be equivalent to that of a dual
conventional symmetrical model of an approximately double size (excluding the latent component) with
parameters { Wi,f .. Wl,f, Wl,b .. Wi,b } in the sense that under the same conditions of training it would
produce the same con�guration of training parameters, and consequently, distributions of data in the
latent representation component of the model. In the simplest case, as in the examples discussed further,
it can be a single encoding layer producing latent representation described by the coordinates of neuron
activations; in other cases, it can be a set of layers with a more complex structure of the latent
representation.

In the training phase a model can be trained in an unsupervised generative process with a subset of
sensory data that can be sampled randomly or via an enhanced process of selection of training samples.
In the operation phase of a trained model, the encoding and generative parts of model described by
tensors T(f) and T(b) respectively, are effectively “disconnected” producing the encoding transformation E
from the observable space to latent representation, and the generative one, G, operating in the opposite
direction:

r = E(X) = T ( f ) (X); y = G(l) = T ( g) (l)

2
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where X, an observable sample; r, the latent image of X; and y, the observable interpretation of a latent
position l generated by the model.

2.3 Learning and Generative Ability
The statement of equivalence of training of a bi-directional generative model and the dual symmetric
autoencoder-type model will be used extensively throughout this work given the signi�cant number of
results obtained with such models [13–20,24].

With regards to training and learning success, as has been discussed in a number of earlier results [7,20],
a success of generative learning can be veri�ed with unsupervised methods that do not require prior
knowledge about conceptual content in the sensory data, such as:

monitoring the values of training parameters such as cost function, during the training process;

correlation measures of the input and generated output samples during and resulting from training;

veri�cation of generative ability of trained models via generating a subset of samples of the types
represented in the training set.

2.4 Experimental Datasets
In evolvable learning approach, the objective differs from conventional methods as what is sought is not
s speci�c and highly specialized, perhaps very complex architectural solutions as a number of recent
neural architectures [25,26] that proved to be successful in analyzing real-world data of high complexity;
but rather establishing possible pathways in which models of plain architecture and limited complexity
would be able to evolve in success of analysis and representation of data of increasing complexity.

To follow this objective, we start with generic models or limited complexity, and data of limited, though
still realistic in some simple environments, conceptual content. Two essential objectives of this study
were to demonstrate that such standard “vanilla” models are capable of successful self-learning with
simple conceptual data; and then, demonstrate their ability to evolve toward successful learning of more
complex data in an incremental way that does not require massive addition of resources or architectural
modi�cations.

In following this program, several datasets of images of basic geometric shapes such as: circles,
triangles and backgrounds with differences in content and complexity, measured by variety of content
were created. While images represented simple shapes, the intent was for the data to have certain
realistic context for simple learning systems, for example, different types of shapes can be associated
with sources of food versus predators and general background in some simple natural environments.

The �rst dataset of grayscale images, Shapes-1 (G1), consisted of 600 images of circles, triangles and
grayscale backgrounds with two representative samples per shape with variation in the size and contrast
of fore / background.
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The second dataset, Shapes-2 (G2), contained 1,000 grayscale images of circles, triangles and
backgrounds with variation of the size in the range 0.3–1.0 of the image size (i.e., 0.3 × 64 pixels), with
variation of contrast of fore- vs. background for each size.

The third dataset, Shapes-C (C) contained 1,200 color images of circles and other shapes as described in
Table 2. of two colors, red and blue, of different size and contrast to the background; triangles of two
colors with the same characteristics; horizontal stripes of types: wide red and narrow blue; and empty
grayscale backgrounds.

In arti�cially generated datasets the images were centered, symmetrical and had no rotation based on the
argument [27] that a separate orientation function could be effective in producing su�cient quality of
observations without signi�cant cost associated with neural networks of higher depth and complexity.

Finally, as an example of real-world image data the MNIST dataset of handwritten digits [28] was used.

The range of datasets used in the study allowed us to evaluate learning ability of the models in the
learning success, generative quality and the ability to generalize. One can introduce a measure of
conceptual complexity of the observable data as the number of characteristic patterns that at least in
some cases can be identi�ed without prior knowledge about the content and semantics of the data. The
difference in conceptual complexity of the image data in the datasets allowed us to make a number of
observations on learning success of generative models with respect to data of increasing complexity.

2.5 Generic Generative Architecture
An essential expectation for a biologically-feasible architecture is evolvability, that is, a possibility of an
incremental change or sequence of changes from simpler to more complex architecture associated with
improved learning capacity.

A generative neural network architecture can be described by three essential components, performing the
functions of physical adaptation or rendering; deep processing; and latent representation, or R-D-L.

In the rendering stage the observed sensory data is transformed to an invariant numerical representation.
This stage is speci�c to the data and sensory mechanisms, for example, light sensitive elements for
visual data, auditory or olfactory neurons and similar for other senses, producing output in the format of
a numeric vector that is fed into the next stage of processing.

The deep stage of a standard architecture consists of a number of deep layers with possible additional
features such as sparsity constraint, residual layers and so on. This stage represents the brawn of the
model, allowing to produce features at different scales with effective description of the observed data.

In the �nal, representation stage, the output of the deep stage is compressed to produce effective low-
dimensional representation of the data, i.e. a small set of effective features that can be related to
activations of neurons in the representation block of the model. The representation stage can be a single
layer in simplest models, or a more complex combination of layers.
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In following the objectives of the study, generic models of minimal complexity were used in this work. For
visual data, rendering phase (R) consisted of a number of convolutional – pooling layers to capture
features of higher scale. The deep stage consisted of a single interconnected layer of a constant size N
(DN, e.g. D30). Finally, the latent phase was represented by a single layer of a constant size M (LM, e.g.
L10) with the latent coordinates in the representation space de�ned by activations of the neurons in the
latent layer, { l1, .. lM }.

The conceptual complexity of the data represented in datasets varied from C = 3, datasets Shapes-1,2 to
well over 10 and possibly, up to 100 of the MNIST dataset of handwritten numbers.

The architecture and parameters of models used in the study are shown in Table 3.

Table 1
Minimal generative architecture

Architecture Data Rendering Depth Latent

Minimal Grayscale shapes,
Shapes-1,2

Convolution, 2–3
stages

1 layer

(D50 − 

100)

1 �at layer, L3 − 10

Incremental
1

Color shapes,

Shapes-C

- - 1 sparse layer, L5 − 10S,

l1 = 10− 5

Incremental
2

Handwritten digits,
MNIST

- - 1 sparse layer, L10 − 24S, l1 = 
10− 4..−5

Generative neural models used in the study were implemented in Keras / Tensor�ow [29], several
common data analysis and machine learning packages and libraries were used.

3 Results

3.1 Concept Learning with Minimal Generative Models
Minimal generative models with single deep and latent layers (D = 1 (50 .. 100), L = 1 (3 .. 10))
demonstrated successful generative learning with the data of minimal conceptual complexity in
grayscale shapes datasets Shapes-1,2.

High level of learning success, in the range of 80–90% was observed in unsupervised training with
geometrical shapes datasets [15].

Clear concept-correlated structure with good separation of concept regions was observed in the latent
representations of successful models. A generative scan taken from a grid of latent positions gt,
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propagated with generative transformation G(l) (2) shows concept regions clearly associated with the
shapes in the training dataset in the form of slanted columns (Fig. 3).

Structured character of latent representations created by generative models in these experiments can be
used as a basis for a number of methods, including entirely unsupervised, to identify latent regions
associated with characteristic patterns in the sensory data.

While models and data used in these experiments were of minimal complexity, they demonstrated that
minimal generative models with the number of active neurons in the range of a hundred are already
capable of learning to differentiate simple but meaningful and realistic in some simple environments,
data. Following the arguments in Section 2.2, these results are fully compatible with the bi-directional
generative architecture.

3.2 Incremental Learning: Sparse Representations
The results of experiments with the datasets of increasing conceptual complexity offer insights on
incremental evolution of generative architecture for improved ability to learn concepts in the sensory
data. It was found [30] that minimal generative models with a single low-dimensional latent layer
discussed in the previous section are not able to maintain learning success with the data of higher
conceptual complexity, such as colored shapes in the Shapes-C dataset. In training with colored images,
models that were successful in differentiating and interpreting black and white geometric shape images
had signi�cantly lower learning success (less than 20%). Moreover, even successful learners were not
able to comply with essential constraints in realistic biological learning, such as a limit on high
activations. A signi�cant increase in the dimensionality of the latent layer, from L = 3 to L = 10 and above
restored learning success, however representations produced by such models were of higher
dimensionality with no clear disentanglement of latent concept regions, complicating learning of
concepts.

A solution was found in imposing a sparsity constraint on the latent activations, i.e. L10 ◊ L5..10S(l1 = 10− 

5..10− 6), l1 being Level 1 activation penalty imposed in training. Sparse models of this type achieved
several objectives simultaneously: a) restored training success with color data to the level of up to 90%;
b) produced low-dimensional representations with clear separation of concept regions; and not in the
least, c) due to low dimensionality of representations, did not require additional utilization of resources
that is, neurons and synapses in interpretation of inputs compared to minimal models.

Latent representations of successful models retained a highly structured character closely correlated with
types of shapes in the training dataset as illustrated in Fig. 4. An analysis of the representations
produced by successful models indicated that they used “stacking” strategy, effectively distributing
concepts between low-dimensional “slices” produced by activations of participating neurons.

Summarizing the results in this section, a conceptual learning limit was found for minimal models
discussed in the preceding section and overcome with an incremental evolution of generative architecture



Page 10/19

L3 ◊ L5..10S, resulting in restoration of learning success, structured low-dimensional representations and
minimal increase in operational resources. The evolved “Incremental 1” generative models were capable
of successfully learning data of signi�cantly higher conceptual complexity: from C = 3 (Shapes-1,2 data)
to C = 7–10 (Shapes-C data).

3.3 Incremental Learning: Handwritten Digits
Sparse models introduced and discussed in Section 3.2 can be seen as an incremental variation of
minimal architecture that has demonstrated a signi�cant improvement in the ability of the models to
learn and interpret data of higher conceptual complexity. In this section sparse models of this type were
applied to learn MNIST dataset of handwritten digits.

This dataset contains real-world image data, rather than arti�cially created visual data in the earlier
experiments, with signi�cantly higher conceptual complexity. One can recall that “a digit” is an abstract
notion that can be represented in the real data with at least several if not many types of interpretations
(for example, the digit “1” can be long or short, upright or with different inclination and so on). For this
reason, the conceptual complexity of MNIST data can be estimated as several distinct characteristic
patterns per digit, i.e., in the order of several dozen and up to 100. A more precise estimation would be an
interesting topic for another research but was not attempted in this study.

Initial results showed interesting parallels with those seen in Section 3.2: while the models of type L10S(l1 

= 10− 5) were generally successful in learning and interpreting visual data (Fig. 5), the resulting
representations were of higher dimensionality, up to six active neurons.

An attempt to reduce latent dimensionality of activations in learning with MNIST data by imposing a
stronger activation penalty resulted in loss of learning success. The success was restored by another
incremental change of generative architecture, by expanding the latent layer with simultaneous
strengthening of the activation penalty: L5..10S(10− 5) ◊ L20..24S(10− 4).

This modi�cation restored learning success (Table 2) and low-dimensionality in the representations of
MNIST images. Representations demonstrated clear structure correlated with images of digits in the input
data with a clear separation of concept regions (Fig. 6).

Table 2
Learning success, sparse generative architecture “Incremental-2”,

MNIST dataset
Architecture Digits: 0,1,6,9 3,5,8 4,7 2 Overall

L10S, l1 = 10− 5 ≥ 95% ≥ 90% ≥ 87% 78% 93.8%

L24S, l1 = 10− 4 ≥ 95% ≥ 90% ≥ 85% 73% 90.4%
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The results in this section demonstrated that the next incremental modi�cation of generative architecture,
L5 − 10S (Incremental-1) to L20 − 24S (Incremental-2) produced models of successful learning and with
informative structured representations with a real data of signi�cantly higher conceptual complexity.

3.4 Unsupervised Concept Learning and Concept Origin
Highly structured character of representations of sensory data produced by minimal generative models in
the preceding sections points to a possible direction in resolution of the concept origin paradox.

A possibility to learn characteristic concept regions in the latent representations of generative models
with unsupervised methods was demonstrated in [15,20] with unsupervised methods such as density
clustering [31], nearest neighbor novelty detection [32] and others. For example, an identi�ed latent
structure Ri such as a density cluster, can de�ne a relation of containment of a sensory input X in the
concept region as E(X) ∈ Ri.

A “native” or natural concept Nk can be interpreted then as the latent region associated via encoding and
generative transformation (2) with a certain characteristic pattern in the sensory data, such as in this
work, a type of geometrical shape. A symbolic token or identi�er can be associated with identi�ed
concept regions by individual learners allowing to distinguish between them, for example, indexing
clusters identi�ed by a clustering method. Then, de�nition of a native concept is equivalent to
identi�cation of its characteristic region Ri that can be described by a concept classi�er in the observable
data space: Ki(X):E(X) ∈ Ri.

A natural concept Ni thus can be de�ned by a 3-tuple Ri, Ki, qi (region, classi�er, internal unique index or
symbol).

Ni : (Ri, Ki, qi)

3

The results obtained in Sections 3.1–3.3 with the geometric shape and handwritten digits data illustrate
well-de�ned structure of latent concept regions produced in the process of unsupervised generative
learning with minimal models.

4 Evolutionary Learning
In the study, incremental evolution of generative architecture as described in Sections 3.1–3.4 was
observed (4).

L3F → L5−10S 10 −5 → L20−24S 10 −4

4

( ) ( )
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The incremental evolution produced noticeable improvement in learning ability of generative data with
the data of increasing conceptual complexity from 3, grayscale shapes data to up to 100 characteristic
patterns of handwritten digits in the MNIST data, as summarized in Table 3.

Table 3
Incremental evolution of generative architecture

Architecture Data Complexity Latent layer Effective
dimensions

Conceptual
structure

Minimal Arti�cial,

Shapes-1,2

3 Flat L3 3 Yes

Incremental
1

Arti�cial,

Shapes-C

7–10 Sparse L5 − 

10,

l1 = 10− 5

3 Yes

Incremental
2

Real,
MNIST

up to 100 Sparse L20 − 

24,

l1 = 10− 4

3–4 Yes (1)

(1) L24(l1 = 10− 4) architecture

These results point to a general approach of evolutionary generative learning that can be outlined as
follows.

A model satisfying the de�nition of “standard” generative architecture in Section can be described by a
set of parameters of the second order, F = {f1 .. fN} (parameters of the �rst order conventionally describe
individual models such as, in the case of neural network-based models, weights and biases). The
parameter space de�ned by F on the other hand, describes the architecture, including layers, training
parameters such as sparsity constraint and others).

One can de�ne a tangential vector Vf in the parameter space F if an incremental change of the model is
possible in the subset of parameters f associated with V. For example, V can describe an addition of
neurons in a deep or latent layer of the model, addition or modi�cation of a training parameter, and so on.
The maximal set of orthogonal tangential vectors at a certain point f in F de�ning architecture Af then
de�nes a tangent space TV(Af) in which incremental change of Af is possible.

We will assume that learning success of models described by architecture Af with data D can be
described by a continuous function L(D, Af), possibly multi-dimensional. Methods described in Section 2.3
as well as others can be used to de�ne the learning success functional L(D, Af). With the learning success
function and a given architecture a region in the data space DS (m) = D(Af, m)) can be de�ned by the
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condition L(DS, Af) ≥ m, the minimal learning success. DS thus de�nes the success region of the
architecture Af in the data space.

Suppose in the tangent space T(Af) at the point F de�ning an architecture Af, an incremental vector ef

exists such that:

δL DS, Af |F ,ef
≥ 0

5

with the condition of inclusivity on the success region of the evolved model Af+δf, DS(f + δf): DS(f) ⊂ DS(f + 
δf). If additionally, the condition of complexity increase is satis�ed, that is, there is a subset Hδf ⊂ DS(f + 
δf) of a higher conceptual complexity, C(Hδf) > C(DS(f)), (5) de�nes a direction of incremental evolution of
the architecture that improves learning success with the data of similar or higher conceptual complexity.

The set of orthogonal vectors ef in the tangential space TV satisfying the conditions in (5) de�nes a
tangential subspace, or a slice Ef ⊂ TV in that produces an improvement of learning success as a result
of incremental evolution of the architecture. The positive evolvability condition at a given point F in the
architecture parameter space can then be described by:

Dim Ef |Af
> 0

6

that is, there exists at least one direction of incremental evolution with an improvement in learning
success. As long as the condition (6) is satis�ed, a path or trajectory PL can be de�ned in the model
parameter space originating from some initial point A0 such that learning success de�ned by the metric
L(D, A) increases monotonously along PL:

∂L(DS, A)
∂v |PL

≥ 0

7

where v, parameters de�ning the trajectory PL in the model parameter space. PL can be called a learning
trajectory or learning path.

A progression of generative learning architecture in (4) provides an example of a learning path from the
data and architecture of minimal complexity to the realistic data in the MNIST dataset. The complexity of
the models increased in this process from (H + 3, 3H) to (H + 24, 24H) for (the number of neurons, count
of passive synapses) in the modeling components of the model, excluding physical rendering, with only a
slight increase in the operational resources (from 3 active neurons per stimulus to 3 or 4).

( )

( )
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Based on this example and the de�nitions in this section, the general problem of evolutionary learning
can then be stated as:

For given data D, presuming it has non-trivial conceptual content, �nd a learning path P L (A 0 , AD) from
the minimal architecture A0 to the architecture AD that achieves successful learning with D, i.e. such that D
⊂ DS(AD).

Due to limitations of this study, evolutionary learning will be addressed in more detail in a future work.

5 Discussion
In this work we demonstrated that structured representations can be produced by biologically feasible
generative neural network models of limited complexity. The size and complexity of the studied models,
including physical adaptation (rendering) block, was well within the range of primitive biologic organisms
such as jelly�sh, snails and leeches [33,34]. Structured character of latent representations produced by
these models closely correlated with characteristic patterns in the sensory inputs, as well as the ability to
learn concept regions in an iterative unsupervised process [15,20] can offer an essential evolutionary
advantage in massive reduction of required memory and complexity of processing of sensory inputs.

As supported by the results of experiments in Sections 3.1–3.3, the bi-directional generative architecture
offers an essential ability to evolve incrementally producing continuous improvement in learning success
with data of increasing complexity. These results may shed light on the question, how complex
generative models capable of analyzing and modeling sensory environments of very high complexity
could have emerged and evolved in the natural environments, with further results expected in the direction
of evolutionary learning as de�ned and discussed in Section 3.5.

Another observation based on the results of the experiments in this work can be made on the
extraordinary effectiveness of neural networks as functions of processing and modeling sensory
environments in natural biological systems. In the authors view, it is not only due to their universal
approximation power that many other methods possess; but also, their capacity of incremental
modi�cation, that increases the space of positive incremental variation, as discussed in Section 3.5,
resulting in higher effectiveness in producing learning paths to architectures capable of learning sensory
data of increasing complexity.

Structured representations with strong correlation with characteristic patterns in the sensory data and the
capacity to learn concept regions as a conceptual model of the sensory environment can provide a
natural basis for a number of intelligent functions and behaviors, including encoding, communicating
and sharing semantic information about sensory observations in a collective of learners with similar
generative architecture [35].

The results presented in this work show that structured conceptual representations can emerge naturally
in the process of unsupervised generative learning with sensory inputs from the environment under the
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constraints of generative accuracy, that is, effective interpretation and reproduction of sensory inputs,
and strong redundancy reduction. They can provide a natural platform for development of intelligent
behaviors including abstraction, conceptual modeling of the environment and communicating symbolic
information about observations in a collective of learners. For these reasons, in the authors view, further
investigation of conceptual representations in generative learning and their role in formation of intelligent
functions and behaviors in both arti�cial and biologic systems merits attention of the research
community.
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Figures

Figure 1

Bi-directional synapse.
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Figure 2

Training of bi-directional generative model (left) and equivalent autoencoder model (right).

Figure 3

Generative structure of conceptual representations, L3 model, Shapes-1,2 datasets, [14]   

Figure 4

Generative scan, Shapes-C dataset, L10S model [29]
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Figure 5

Learning success, MNIST dataset (top row: inputs; bottom: generation), L24S model

Figure 6

Generative scan, L24S model, MNIST dataset


