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Abstract. Representations play an important role in learning of artificial and bi-

ological systems that can be attributed to identification of characteristic patterns 

in the sensory data. In this work we attempted to approach the question of the 

origin of general concepts from the perspective of purely unsupervised learning 

that does not use prior knowledge of concepts to acquire the ability to recognize 

common patterns in a learning process resembling learning of biological systems 

in the natural environment. Generative models trained in an unsupervised process 

with minimization of generative error with a dataset of images of handwritten 

digits produced structured sparse latent representations that were shown to be 

correlated with characteristic patterns such as types of digits. Based on the iden-

tified density structure, a proposed method of iterative empirical learning pro-

duced confident recognition of most types of digits over a small number of learn-

ing iterations with minimal learning data. The results demonstrated the possibil-

ity of successful incorporation of unsupervised structure in informative represen-

tations of generative models for successful empirical learning and conceptual 

modeling of the sensory environments. 

Keywords: Machine learning, unsupervised learning, representation learning, 

concept learning, clustering. 

1 Introduction 

Representation learning has a well-established record in the discipline of machine 

learning. Informative representations obtained with Restricted Boltzmann Machines 

(RBM) and Deep Belief Networks (DBN) [1, 2], different flavors of autoencoders [3,4] 

and other models of unsupervised learning (unsupervised feature extraction) allowed to 

improve accuracy of subsequent supervised learning with conventional methods [5].  

In experimental studies, a number of interesting results were reported, including the 

“cat experiment” that demonstrated spontaneous emergence of concept sensitivity on a 

single neuron level in unsupervised deep learning with images [6]. Disentangled repre-

sentations were produced and studied with generative models of a deep variational au-

toencoder architecture and different types of visual data [7] pointing at the possibility 

of a general nature of the effect. Geometric and topological structure of conceptual 

representations of images of basic geometric shapes strongly associated with 
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characteristic patterns in the training data were produced and studied in [8]. In a grow-

ing number of results, concept-associated structure has been observed with real-world 

data of different types and origin, including Internet traffic [9], medical imaging [10] 

and other types and applications [11,12].  

These results suggest that structure that emerges in the latent representations created 

by generative models in the process of unsupervised self-learning with minimization of 

generative error can be used as a foundation for learning methods and behaviors based 

on distillation of characteristic patterns in the observable environment, or “concepts”, 

in an entirely unsupervised process, based on the ability to compress and restore the 

observations to and from informative compressed representations. Interestingly, these 

observations in unsupervised learning of artificial systems were paralleled very recently 

by a growing number of results in biologic sensory networks that demonstrated com-

monality of low-dimensional representations in processing of sensory information by 

mammals, including humans [13,14].  

In this work we attempted to investigate the hypothesis that concepts can emerge in 

generative learning systems naturally under two constraints essential for any practical 

learning system in a complex sensory environment. The first one is the accuracy of 

representation, or modeling of the sensory information obtained from the environment. 

It provides a necessary foundation for intelligent behaviors that must be correlated with 

the environment to maximize the survival benefit. And the other one is the need to 

compress sensory information into a compact form so that it can be preserved to support 

intelligent behaviors in the future. A balance and dynamics of these factors, as we at-

tempted to demonstrate in this work, can lead to emergence of a natural foundation for 

emergence of conceptual intelligence. 

2 Materials and Methods 

Generative neural network models in this work were based on the architecture of a 

convolutional autoencoder [15] with strong dimensionality reduction to a low-dimen-

sional latent representation.  

A particular architecture of generative models in the study was chosen based on sev-

eral essential considerations. The first one being the universal approximation capacity 

of neural networks that makes them suitable for complex types of sensory inputs, in-

cluding visual data. Secondly, the models were of minimal complexity in the sense of 

the size and use of specific and specialized architectural features. This consideration is 

essential from the perspective of generality of the obtained results. And finally, models 

of a similar type were shown earlier as successful in producing informative latent rep-

resentations, including of image data [7-9,16].  

General architectural structure of these models can be seen as “generic”: they contain 

several standard components or blocks, serving different functions. The first one, in the 

ingress of the data to the model is physical rendering, serves as an adaptation of the 

physical sensory input to an invariant representation. In the models it was represented 

by a sequence of convolution / pooling layers to acquire higher scale features in the 

input images. 
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The second stage, depth, contained a single interconnected layer of a dimension Dd 

(in the study, Dd = 50 .. 100). Finally, the encoding or latent block contained a single 

sparse layer of a dimension Dl = 20 – 24, with activation sparsity penalty imposed in 

training. A combination of parameters of the rendering (R), depth (D) and latent (L) 

components thus fully describes a generic generative architecture, (R,D,L).  

Whereas models used in this work can be considered as minimal from the perspec-

tive of generic architecture, more complex architectures are in no way limited to a fixed 

number or size, etc., of the layers and other features.  

2.1 Deep Convolutional Autoencoder Model 

A convolutional autoencoder architecture with a rendering stage of convolution-pool-

ing layers followed by a single depth layer and a sparse latent layer of size 20 to 24 

neurons (i.e., in the R,D,L notation, C2–3, 100, 20–24) was used to produce sparse 

latent representations of images in the training set, defined by activations of the neurons 

in the encoding (latent) layer. A sparsity penalty imposed in generative unsupervised 

training was essential to produce low dimensional representations of images, in most 

instances with significant activations of 2 – 4 latent neurons. 

The decoding (generative) stage was fully symmetrical to the encoder. Overall, the 

model had 21 layers and approximately 86,000 trainable parameters. An architectural 

diagram of the model is given in Figure 1. 

 

Fig. 1. Convolutional autoencoder with dimensionality reduction. 

Architectural parameters of the models used in the study are described below. 

Table 1. Model parameters 

Rendering Depth Latent Total layers Trainable 

parameters 

Cost 

function 

Convolution 

2-3 stages 
1, 100 1, 24 11-15 ~ 9 × 104 MSE, CCE 

The models were implemented in Keras / Tensorflow [17] and trained for minimization 

of the deviation between the training batches of images and their generations by the 

model (further referred to as generative error). 
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2.2 Data 

A dataset of images of handwritten digits (MNIST, [18]) was used as a model of visual 

sensory inputs with learning models described in the preceding section. 

The images are grayscale, 28 × 28 pixels and contain real handwritten digits pro-

duced by multiple individuals. 

The dataset has three parts: training, verification and test. In this study, generative 

models were trained with a subset of the training set of 50,000 images; verification 

subset was used to produce the unsupervised landscape and iterative concept learning 

as described in the following sections. Finally, the performance of the concept classifi-

ers was tested with the testing and training sets that were not used in the learning pro-

cess of concept classifiers. 

2.3 Training 

A success of generative learning was verified by the change in the validation value of 

the cost function over the process of unsupervised training and the ability of trained 

models to regenerate a random subset of images of the types represented in the training 

dataset (Fig.2). A majority of approximately 75% of models in the training process were 

successful by both criteria.  

It was found that the success of learning was determined by an early cost threshold 

at 3 – 5 epochs of training, with models achieving it generally succeeding in subsequent 

training though training time to a plateau varied between models; while those that did 

not achieve the threshold were mostly unsuccessful and unable to demonstrate a good 

reproduction of input samples. 

In the training process, a sparsity activation penalty (L1 sparsity constraint) was im-

posed on activations in the latent layer to produce sparse representations. Sparsity al-

lows to produce more structured, “granular” representations while reducing the effec-

tive dimensionality of representations, an essential objective of practical learning as 

discussed earlier. 

 

 Fig. 2. Verification of generative ability of trained models (top: input; bottom: generation). 

The generative training process produced models capable of two essential transfor-

mations performed by encoding and generative submodels of a trained model. The en-

coding transformation E realized by the encoding phase of the model transforms a sam-

ple in the observable space O into the latent representation R. The generative transfor-

mation G operates in the opposite direction, from the latent representation to the ob-

servable space and is realized by the generating part of the model: 
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 𝑦𝑦 =  𝑇𝑇𝑒𝑒(𝑋𝑋) =  𝐸𝐸(𝑋𝑋);   𝑋𝑋′ = 𝑇𝑇𝑔𝑔(𝑦𝑦) =  𝐺𝐺(𝑦𝑦) (1) 

where Te is the tensor of the encoding submodel (Input, Latent), Tg: the tensor of the 

generative submodel (Latent, Out), Fig.1. The objective of generative self-learning is 

therefore to adjust the parameters i.e., weights and biases of the encoding and genera-

tive tensors Te, Tg in such a way that for a representative observable sample X, the mean 

deviation of the observable generation G(E(X)) from the observable sample X is mini-

mized in some metrics imposed in the observable space.  

It is worth noting that as a result of unsupervised training, encoding and generative 

functions in (1) are, in fact, decoupled, so that not only an encoded image of a “real” 

observation X, E(X) but any position y in the latent space R can be associated with an 

observable image via generative transformation G(y). 

2.4 Generative Latent Landscape 

Following the objective of the study, an approach was developed that allowed to inves-

tigate the structure in the latent space by purely unsupervised methods that do not re-

quire knowledge of the semantics, concept, class or any other prior information about 

the observable data. The process of producing such unsupervised structure (or “gener-

ative landscape” of the representation, as referred to in the rest of this work) is based 

on identification of a density structure, such as density clusters in a general sample of 

encoded sensory inputs with methods of unsupervised density clustering [19,20]. 

The method is based on several essential assumptions. The first one is generative 

accuracy achieved in the process of unsupervised training. The second is sparsity of 

resulting representations, that provides two essential benefits: a lower dimensionality 

of encoded inputs, and more detached, or decoupled structure of representations making 

it easier to detect and harness for learning. And finally, an assumption on the composi-

tion of the training set, containing sufficient populations of a constant number of char-

acteristic types of inputs (i.e., representativity). 

In the implementation of the method described below, it was assumed that sparse 

representations of images produced by trained generative models have significantly 

lower dimensionality than the size of the latent layer, that is the maximum number of 

latent neurons with significant activations on inputs in the training set. This assumption 

is supported by a number of recent experimental results neuroscience [13,14] demon-

strating commonality of low-dimensional neural representations in processing sensory 

inputs by animals and humans.  

Then, assuming the sparse dimensionality of three, the activations of latent neurons 

in a trained generative model of described architecture on samples in a general repre-

sentative subset of images, XG can be distributed between three-dimensional “slices” of 

the 24-dimensional latent space identified by the indices of activated neurons (i1, i2, i3): 𝑥𝑥 ∈ 𝑋𝑋𝐺𝐺 → 𝐸𝐸(𝑥𝑥)  ∈ 𝑆𝑆𝑥𝑥(𝑖𝑖1, 𝑖𝑖2, 𝑖𝑖3) (Fig. 3). 
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  Fig.3. Stacked structure of latent activations 

The algorithm of detecting an unsupervised conceptual latent structure (landscape) in 

the sparse representation space of a generative model is described in Table 2. 

Table 2. Production of unsupervised density landscape 

Step Result Process 

1. Produce slice 

structure 

A set of d=3 

slices ordered by 

population 

1.1. Produce encoded image of general sample, E(XG) 

1.2. Allocate samples in E(XG) to 3D slices by highest 

activations: (Sk, Ek) (1) 

2. Produce slice 

density landscape 

A set of density 

clusters per slice 

2.1. For a given slice, produce a projection of the slice 

sample Ek to slice coordinates. 

2.2. Apply a density clustering method on the resulting 

3-dimensional set of slice samples to obtain a set of 

density clusters, Dk = { dk } 

2.3. The set of density clusters Dk and trained density 

clustering method, Mk represent a slice landscape: 

Lk(Sk) = (Ek, (Dk, Mk)) 

3. Produce latent 

density landscape 

A set of charac-

teristic latent den-

sity structures 

3.1. Repeat slice landscape definition for all slices 

found in the encoded general sample E(XG) (2). 

3.2. The resulting density structure, L(XG) = {Sk, Lk = 

(Dk, Mk)} is the unsupervised density landscape of the 

representation 

(1)  Satisfying the significant slice activation condition on the sum of slice activations: 𝛴𝛴aj ≥ f 
amax, f = 0.3 in the study. 
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(2) A truncated set of 32 slices (out of 2024 possible combinations in a 24-dimensional space) 

containing over 80% of the encoded general sample was used due to processing limitations.  

With the density landscape L(M) produced in the described process by a trained gener-

ative model M, assuming that the general sample used in production is representative 

of the observable distribution, it is possible to associate an observed sensory input y to 

a density structure in L(M), dk(y) as: 

 𝐶𝐶𝑛𝑛𝑛𝑛𝑛𝑛(𝑦𝑦) =  𝑀𝑀𝑘𝑘�𝑒𝑒𝑘𝑘(𝑦𝑦)� = 𝑑𝑑𝑘𝑘(𝑦𝑦) (2) 

where ek(y), a projection of the latent image of y, E(y) to the slice of the most significant 

activations. The latter can be interpreted as its natural, as opposed to externally defined, 

characteristic type, or concept of the observable sample. 

In conclusion let us note some essential properties of the landscape method described 

in this section: 

• It requires only a representative general sample of the input distribution and thus is 

completely unsupervised; 

• Identification of the latent landscape can be performed with an encoded general sam-

ple, significantly reducing the required memory and processing capacity. 

3 Results 

3.1 Generative Structure of Latent Landscape 

The first question that can be asked following generative training of the models and 

production of generative latent landscape is, is the landscape correlated with character-

istic patterns in the observable data, represented by the training set? To address it, meth-

ods of generative probing and scanning developed in the earlier studies [8] were applied 

in the slices of the latent space identified with the landscape production method de-

scribed above.  

To “probe” a latent region represented by a set of latent points Yl, the generative 

transformation G (1) is applied to the latent sample producing a set of observable im-

ages, Il = G(Yl). An analysis of the resulting set, Il can provide insights into the seman-

tics of latent coordinates and distribution of characteristic patterns in the latent space. 

With generative scanning, probing is applied to a multi-dimensional grid in a latent 

region of interest. 

 With a generative landscape produced with one of the generative models, observ-

able images were generated from the positions of the centers of landscape density clus-

ters in the slices identified by the landscaping method, dk (Fig. 4).  

In the figure, slices in the latent dimensions are ordered by the population with sig-

nificant activations in the slice, identified with a general representative sample, verti-

cally top to bottom; density clusters are ordered in horizontal rows by population, left 

to right. It can be seen clearly that most density clusters identified by the method were 

associated with realistic images of digits, with all digits present in the top 20 slices. As 

well, certain “specialization” or distribution of different types of digits between differ-

ent low-dimensional slices can be observed. 
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  Fig.4. Generative structure of the latent landscape (20 slices, first 15 clusters) 

The structure of the latent landscape described above provides a natural indexing of 

structural latent features, such as density clusters with a two-dimensional index (slice, 

cluster). For example, clusters associated with digit “4” in Fig. 4 can be indexed as: (4, 

7-10), (18,1-2) and so on. It needs to be noted that this structure is specific to each 

individual learning model and there’s no reason to expect that the index will have the 

same semantic meaning or even be valid for another model. Consistency of latent land-

scapes between learning models of the same architecture is discussed in Section 3.3. 

Further analysis of the landscape of 32 × 16 top slices, clusters produced by the same 

model showed that out of 216 non-empty clusters identified by the method, 207 or ~ 

96% were associated with identifiable handwritten digit forms.  

 A conclusion from the results in this section is that latent landscape produced with 

representations created by generative models in the process of unsupervised self-learn-

ing can be associated with common patterns in the observed data. 
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3.2 Geometry and Topology of the Latent Landscape 

The next question that can be asked relates to geometrical and topological structure of 

representations produced under the constraints of generative learning. Are characteris-

tic latent regions connected? Is generative transformation continuous?  

Generative probing again can provide an answer to these questions. In the next set 

of experiments, sets of random samples Yr(dk) were produced on a three-dimensional 

sphere of a small radius r centered in the centers of the clusters of the landscape dk, 

imitating small variations of latent positions along different latent axes.  By producing 

observable images, Ik(r) = G(Yr(dk)) and comparing them with the generated image of 

the center position, observations can be made on the topology of latent regions and 

properties of generative transformation G.  

Examples of resulting visualizations for different clusters at the same distance; and 

for the same cluster at different distances from the center are shown in Figure 5, A, B 

respectively (distances d1 – d3 relative to characteristic size of the latent distribution 

region measured as an average of the maximum latent axes values in a general repre-

sentative sample; the first position in the sample corresponds to the center of the cluster, 

the last, all-zero activations).  
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Fig. 5. Latent probing of landscape features. Distances: d1 = 0.05; d2 = 0.1; d3 = 0.15 Dg 

It can be observed that generated images of the “flow” of variations from the centers of 

identified clusters at different distances described a well-behaved continuous transfor-

mation of a latent position encoding specific type of an image to the observable space. 

This pattern was observed for all studied clusters, of both recognizable digits, and those 

of unrecognizable shapes. 

The results of the experiments in this section suggest a well-defined geometry and 

topology of the generative mapping of a stacked latent space to observable images, with 

a structure of a density landscape that can be identified in an entirely unsupervised 

process, as described in Section 2.4. 

 

3.3 Consistency of Latent Landscape 

With a highly structured latent landscape described in the preceding sections, a question 

can be asked, how consistent are the characteristics of the resulting landscape between 

different, independently trained models of the same architecture and with the same or 

similar samples of sensory inputs? 

To answer it, we performed an analysis of latent landscapes produced with three 

independently trained generative models, s24-1, s24-2, s24-3. The models were trained 

over 40-80 epochs with a training set of 10,000 samples, achieving a training plateau 

at validation loss of 0.12-0.14 (the starting value of 0.7) and good to excellent genera-

tive performance on a subset of images and were not selected by any specific criteria. 

The measured characteristics were: the size of the landscape, i.e., the number of non-

empty density clusters; recognition, the fraction of the landscape associated with rec-

ognizable digits, indicating a correlation of the landscape with the content of the train-

ing set; representation and content of the landscape, such as representation of all types 

of digits and distribution of types of digits between slices and clusters. The resulting 

measurements are presented in Table 3. 
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Table 3. Consistency of latent landscape between learning models 

Model Size Recogni-

tion 

All digits  

represented 

Highest  

population 

Lowest  

population 

Nil  

activation 

s24-1 474 0.973 True 0,7,3 4,6,9 3 

s24-2 396 0.975 True 0,7,1 2,5,6 9 

s24-3 485 0.971 True 4,0,7 2,8,6 9 

As can be seen in these results, produced landscapes were consistent in some charac-

teristics, while having individual differences in the others. The size of the landscape is 

controlled by the bandwidth parameter of the clustering method, that was found to be 

in the same range (0.011-0.012) for all models, requiring only minor tuning (less than 

5% of the average value). The recognition factor, representing the fraction of “real” 

recognizable digits in the landscape clusters was very close: average 0.973 with a stand-

ard deviation of 0.002. All model landscapes had a full representation of all types of 

digits, 0 to 9 although the observed distribution of the number of clusters to type of 

digit was far from uniform (Figure 6). 

 

Fig. 6. Number of landscape clusters to digits, independently trained models 

The individual differences were observed in the areas of distribution and encoding of 

digits in the landscape. While types of digits with the highest representation were 

mostly aligned, those of the lowest representation varied significantly (Table 3). The 

same observation applies to all-zero activation and encoding of digits to landscape, for 

example, “2” was encoded to clusters: (2; 14-15), (14; 11-14) versus (9; 9,12,15-16) by 

models s24-1 and s24-3 respectively. This confirms the comment made earlier that 

landscape indices are internal to the learning models and have no semantic meaning for 

other learners. 

Overall, the results in this section demonstrated that latent landscapes in the repre-

sentations of successful generative learners of similar architecture were consistent in 

some essential characteristics, allowing to use them to enable flexible and iterative 

learning from direct interaction with the sensory environment. 
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3.4 Learning with Latent Landscape 

Based on the observations on the structure and consistency of the latent landscape that 

emerges in the process of unsupervised generative self-learning in the preceding sec-

tions, a question can be asked, whether it can be used to improve learning efficiency, 

in particular, achieve reasonable recognition of digits with minimal sets of known sam-

ples? Learning of this type, that is, iterative, empirical and driven by interactions with 

the environment is characteristic for natural, biological systems [21]. 

 Let us consider an imaginary scenario where an attention of the learner was attracted, 

possibly as a result of some significant event, to a single instance of a novel pattern, not 

previously known, that is, it could not be identified as a known class or type from the 

available knowledge and/or previous experience. With a single positive instance of a 

class, conventional classification is not possible as there is no knowledge about “other”, 

different classes; this is not necessarily the case with generative systems, as the latent 

landscape formed as a result of generative learning can also be considered an input to 

the learning process. A key assumption here is that either a) the new concept being 

learned has reasonable representation in the sensory environment and generative train-

ing set (i.e., “seen but not known” scenario) or b) has some mechanism of incorporating 

specific observations of interest or importance into the process of generative learning 

and production of the landscape.  

The latter one is an interesting case that will be examined in a future study, and going 

forward it will be assumed that a concept already has certain representation in the land-

scape but has not yet been learned. In the case of sensory environments modeled by 

images of handwritten digits, this can be a scenario where some digits have been learned 

that is, can be classified with sufficient confidence, in both positive and negative sam-

ples to a known class, while others are not yet known. 

As a result of the encounter, a generative learner under these assumptions would 

have: a) a single observable sample (y, ry) of a new concept of interest Cy (observable 

and latent position); and b) the latent landscape L(M) produced as a result of generative 

learning with a representative set of sensory inputs. 

One can realize then that the structure in L(M) allows to produce the first, initial 

iteration a classifier of Cy by using two types of latent samples:  

• Positive (Yp): samples associated with ry via latent structure, for example, a set of 

samples in the density cluster associated with the latent position of the observation, 

dk(ry). 

• Negative (Yn): clusters other than dk(ry) can be considered, in the first learning itera-

tion as those representing negative background with a selection of representative 

samples drawn from them. 

Then, a binary labeled set associated with Cy can be produced as a combined set of 

sample-label pairs, Ty = (Yp, True) ∪ (Yn, False) and a binary concept classifier Ky ob-

tained by training one of the known classifiers with the set Ty produced in this process. 

Importantly, Ky can produce predictions for all observable samples x, positive and neg-

ative as: 
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 𝑝𝑝�𝐶𝐶𝑦𝑦, 𝑥𝑥� = 𝐾𝐾𝑦𝑦(𝐸𝐸(𝑥𝑥)) (3) 

where 𝑝𝑝�𝐶𝐶𝑦𝑦, 𝑥𝑥�: the probability of an observable x sample being of the type Cy. 

An ability to make positive predictions of sensory inputs for a novel concept from a 

single positive instance, based on the structure of unsupervised generative landscape 

can be used as a basis for iterative learning process based on a sequence of empirical 

trials. 

3.4.1. Minimal sample learning 

In the realization of the method in this section, we used one true positive instance of a 

new concept and a number of “artificial” ones generated as follows: 

• cr, the center of the cluster dk(yr) associated with the latent position of the encoded 

true instance, y. The cluster and its center position are determined by the clustering 

method Mk in production of the landscape, Table 2 as: dk = Mk(yr) where slice asso-

ciation is by highest activations and the condition of significant activations (Table 

2). If a direct match was not found, the first slice matching 3 out 4 most significant 

activations selected.  

• mr, the middle position on the line between cr and yr. The distance dr = ½ || yr – cr || 

thus represents a characteristic scale of the method. 

• A number of positions (np) generated within the distance of dr from cr. This process 

produces a set of np + 3 positive samples of the concept represented by the initial 

“signal” instance y. 

• The negative, “out of class” set was represented by center positions of clusters dj ≠ 
dk, up to a certain maximum, mn to maintain a balanced set. 

The process produces a set of (np + 3, mn) labeled concept samples for training of a 

binary concept classifier. In the implementation of the method, np = 2, mn = min(2 × np, 

card(Dk) - 1) was used with a nearest neighbor classifier [22]. 

And essential condition for the initial, zero iteration of a new concept classifier is 

not an excellent accuracy but rather: 

a) the ability to produce positive predictions, as only they can produce empirical 

feedback, meaning that it is not strongly biased to rejection. 

b) a certain minimal level of accuracy, so that new true samples of the concept are 

being discovered in empirical iterations. 

c) a certain minimal level of specificity, meaning that the classifier is able to dis-

tinguish true instances of the concept from the background i.e., it is not overly 

biased to acceptance. 

While a detailed study and discussion of these criteria in specific learning scenarios 

will be provided elsewhere due to limitations of this work, in the experiments with 

learning models over 70% of the initial iteration classifiers with a single true concept 

sample satisfied the condition of minimal sensitivity and specificity of the produced 

classifier of (20%, 55%) respectively, with different types of digits and different indi-

vidual learning models. The mean initial learning performance observed in these ex-

periments was (40%, 85%). 
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3.4.2. Iterative learning with latent landscape 

The ability of the initial classifier to make positive predictions is essential for the suc-

cess of an iterative learning process based on acquisition of true concept samples, both 

positive and negative, via a sequence of predictions and empirical interactions with the 

environment.  

In learning iterations, a concept classifier produced in the previous iteration makes 

predictions on sensory inputs, and a subset of positive samples is tested after prediction. 

It is assumed that a trial produces a small set of true samples, positive (resulting from 

true positive predictions) and negative (false positive). The iteration samples then used 

to extend the concept training set as described below with both genuine samples pro-

duced in the empirical test and generated ones based on their positions and associations 

in the latent landscape. The learning iteration is completed with producing a new itera-

tion of the concept classifier, retrained with the extended set of concept samples. 

A detailed definition of the iterative learning process based on unsupervised latent 

landscape is provided in Table 3. 

Table 3. Iterative learning process based on latent landscape 

Step Result Process 

Learning iteration (j-1): concept training set Tj-1, concept classifier Kj-1 

Learning iteration j 

1. Produce posi-

tive concept pre-

dictions 

Iteration predic-

tion set, Sj 

1.1. Produce a sufficiently large set of positive predic-

tions with a previous iteration concept classifier, Kj-1 

1.2. Obtain encoded sample set E(Sj) 

2. Empirical test Subset of true 

positive and neg-

ative samples 

2.1. By testing predictions in Sk, produce subsets of 

samples of a size nI (iteration sample): true positive 

predictions, Yp,j and true negatives, Yn,j.  

3. Produce itera-

tion training set 

of samples 

Concept training 

set of the itera-

tion, Tj 

3.1. For each positive sample in Yp,j: generate addi-

tional positive samples; and negative samples based on 

association to the landscape L(M) as with the initial 

learning process (positive label). 

3.2. Append negative samples Yn,j (negative label). 

3.3. Append the produced set to the training set of the 

previous iteration to obtain Tj. 

4. Produce itera-

tion concept clas-

sifier 

Concept classi-

fier of the itera-

tion, Kj 

4.1. Retrain concept classifier with the iteration train-

ing set, Kj = K(Tj). 

 

Importantly, the concept sample set in this method can be stored in the latent coor-

dinates, with a massive reduction of required memory resources (for example, com-

pression of 1,000 × 600 grayscale images to a three-dimensional sparse representation 
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would produce a reduction of required memory capacity of up to five orders of magni-

tude). 

 As a result of the iterative learning process, two objectives were achieved at the same 

time: a set of true concept samples, both positive and negative was acquired in empirical 

iterations that can be retained in the memory for example, for another learning process 

in the future; secondly, iterative extensions of the concept training set allow modeling 

of the concept distribution in the latent space with higher precision and consequently, 

improved accuracy of the concept classifier. 

3.4.3. Iterative learning: evaluation of performance 

In the implementation of the method in this work, nJ = 5 was used (i.e., 5 true positive 

and same number of negative samples of the concept per learning iteration), with 5 to 

10 learning iterations, including initial, with the total of 51 to 91 true concept samples 

over the learning process. 

 The results presented below are indicative of the performance of the method, with a 

more detailed statistical analysis expected in another work. Two sets of measurements 

are presented:  

1. Evaluation of the learning performance of a single generative model (i.e., same latent 

landscape), with an independent test set not used in the learning process, with all 

types of digits, over 10 independent sequences of 10 learning iterations, 91 true con-

cept samples (Table 4.1). 

2. Learning performance of different models with different types of digits, over 50 in-

dependent sequences of 10 learning iterations, 91 true concept samples (Table 4.2). 

In the evaluation of the learning performance of models trained in the landscape-based 

process described in the preceding sections two types of classification decisions were 

used:  

a) Categorical: True on a positive sample, False on a negative is considered a correct 

prediction and vice versa. Learning metrics: cat.pos: the rate of correct predictions on 

positive samples (true positives); cat.neg: the rate of correct predictions on negative 

samples (true negatives). 

b) Probability-based: a positive probability of above 0.3 on a true sample and nega-

tive, above 0.71 considered a correct prediction. Metrics: prob.pos: the rate of correct 

predictions on classified samples; prob.neg: the rate of correct predictions on classified 

samples; prob.conf: the fraction of not classified samples. 

Probability ranges were chosen based on the observation that positive predictions 

tended to be spread over the range while the negative ones, close to categorical. The 

positive and negative ranges were mutually exclusive, so that a sample could not be 

classified into both categories; however, that introduced a possibility of it not being 

classified into either category, i.e., a confusing observation, that was measured as well 

(parameter prob.conf). The choice of decision factors, again, was only indicative, and 

these parameters can be adjusted by learning systems to maximize learning perfor-

mance. 
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Table 4.1. Landscape learning performance, model s24-2, 10 learning sequences 

Digit, 

metric 

cat.pos cat.neg prob.pos prob.neg prob.conf prob.pos, 

stdev 

prob.neg, 

stdev 

“1” 0.973 0.972 0.984 0.961 0.003 0.001 0.004 

“0” 0.702 0.952 0.963 0.887 0.006 0.003 0.004 

“6” 0.722 0.965 0.882 0.908 0.024 0.038 0.023 

“8” 0.454 0.967 0.908 0.727 0.013 0.004 0.006 

“3” 0.542 0.866 0.734 0.888 0.021 0.033 0.009 

“9” 0.422 0.971 0.967 0.665 0.012 0.024 0.072 

Mean, 

all 
0.642 0.935 0.907 0.827 0.014 0.014 0.017 

For other digits, the learning metrics were in the range between the best and the lowest in the 

table. 

Table 4.2. Landscape learning performance, different models, 50 learning sequences 

Metric cat.pos cat.neg prob.pos prob.neg prob.conf prob.pos / prob.neg 

stdev 

s24, all 

models 
0.740 0.927 0.870 0.839 0.01 0.008 / 0.007 

As can be seen from the results above, probability-based strategy allowed to improve 

positive accuracy at the cost of a smaller reduction in specificity. In practical artificial 

or biological systems these parameters can be attuned to maximize learning perfor-

mance. 

Overall, it can be concluded from the results presented in this section that landscape-

based learning methods can produce a noticeable success in iterative empirical learning 

with minimal sets of samples.  Optimization of the method was not an objective of this 

work and further improvement in learning performance can be achieved by tuning and 

optimization of the parameters. 

4 Discussion 

A possibility to harness structured generative representations of sensory data, including 

of more complex types such as real-world images with significant variation of content 

for successful environment-driven learning of concepts demonstrated in this work can 

be noteworthy from several perspectives. 

 First, it offers a direction for studying and modeling natural learning, methods and 

strategies based on direct observation and interpretation of the sensory environments; 

with minimal confident samples obtained in interaction with the environment; in a flex-

ible process based on empirical trials that is not dependent on availability of known 

concept data upfront, before the learning process can begin. It can be hoped that models 

and systems designed on these principles can be more effective in the environments 
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where confident prior knowledge of the domain is not available, as well as contribute 

to investigation of evolution of intelligent functions and behaviors. 

 It can provide essential insights into the origins of higher-level concepts and con-

ceptual intelligence. According to the results presented in this and a number of other 

works [6-9], concept prototypes can emerge in generative processing of sensory data as 

native structures in generative representations related to and correlated with character-

istic common patterns in the sensory inputs. Essential conditions for emergence of such 

structured representations appear to be generative accuracy, that is, encoding sufficient 

information about the observed distributions in the latent space, and redundancy reduc-

tion [7]. 

 The line of investigation based on unsupervised structure emergent in representa-

tions of successful generative models can point to a solution to the conceptual “chicken 

and egg” puzzle: if true instances of higher-level concepts are needed to analyze and 

determine their representations, how can they be defined and what is their origin? Meth-

ods of analysis of unsupervised generative representations discussed here allow to as-

sociate origins of general higher-level concepts in the sensory data with characteristic 

latent structures that can be determined with entirely unsupervised methods and without 

any prior knowledge of the concepts. 

 As the results in Sections 3.1, 3.2 suggest, concepts in this process may not emerge 

as a single broad class with subsequent specialization (hierarchical stratification). Ra-

ther, concept-associated features such as density clusters can be spread across the com-

ponents of a complex latent space, such as stacked low-dimensional slices studied in 

this work. Some concepts can be associated with relatively small number of latent struc-

tures in the same low-dimensional slice (i.e., produced by a constant group of latent 

neurons). Other concepts can be distributed between different slices (Fig. 4), encoded 

by variable groups of neurons. Generalization of multiple prototypes such as concept-

associated clusters into a single concept class can happen in a process of empirical 

learning as described in Section 3.4. 

 Let us consider a concrete example for an illustration of this point. Suppose we have 

a single positive instance of concept of interest, for example in the context of the work, 

an image a digit “2”. There are different latent regions associated with different varia-

tion of handwritten representations of the digit by different individuals in the dataset. 

Further, suppose an early iteration of a classifier produced a positive prediction for a 

different version of the same digit, located in a different cluster, and / or slice. It is 

possible for example, due to relative proximity of the latent positions of the samples in 

the full latent space.  

A positive prediction would cause an empirical test of the identified input sample. If 

the test confirms similarity of the outcomes (for example, similar amount of useful sub-

stance obtained in the trial), the sample can be recognized as another true positive rep-

resentative of the concept, and the region of its distribution in the latent space can be 

updated to improve the accuracy of its description by the concept classifier. The process 

driven by empirical interaction with the environment can continue until confident 

recognition of the concept is achieved. In this process generality of concepts emerges 

as a synthesis of characteristic latent structure associated with common patterns in the 
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sensory data and empirical trials, from the lower, “flat” levels of latent structure up, 

rather than in the hierarchical model, top down. 

 Another observation points to the character of latent encoding and landscape learn-

ing as essentially geometrical in nature. While proximity-type classifiers such as kNN 

were capable of successfully leaning concept classes in an iterative process with mini-

mal empirical samples (Table 4, Section 3.4.3) classifiers of several other types includ-

ing neural network models such as perceptron [23] and SVM [24] were unable to inter-

pret information encoded in the latent positions and produced strongly overfitted clas-

sifiers incapable of successful learning. Investigation of geometrical and topological 

properties of generative representations could provide further insights into learning pro-

cesses based on generative latent structure. 

 Harnessing latent landscape in the initial learning phase when confident data can be 

very scarce allows to produce the initial, “signal” generation of concept classifiers with 

minimal, down to a single instance, learning sample. An essential condition for suc-

cessful learning in this initial phase is certain minimal sensitivity, that is, the ability to 

distinguish suspected instances of the concept from the background. In the iterative 

learning process, true instances of, and outside of the concept type are acquired in em-

pirical trials that can be expected to have certain cost for the learning system. As only 

positively predicted samples are tested, an initial sensitivity that is sufficient high al-

lows to reduce the overall cost of learning and thus can be an essential selection crite-

rion, while high accuracy and confident recognition of the novel concepts can have 

lower priority in this stage of the learning process.  

For example, initial learning performance with accuracy and sensitivity observed 

with the generative models in this work (Section 3.4.1) would result in a substantial 

reduction of the cost of empirical tests, measured in empirical tests per true positive 

sample gained compared to the random selection strategy, the only viable alternative in 

a scenario with minimal known samples. The objective of a learning system in a real-

istic environment thus can be formulated as maximizing the accuracy of the concept 

resolution in both positive and negative channels, while minimizing the empirical cost 

of learning. 

Generative models investigated in this work were of a generic type and limited com-

plexity, in terms of equivalence of a nervous system on the level of simple organisms, 

like worms and jellyfish [25,26]. An ability of such minimal models to identify charac-

teristic patterns in simple sensory environments may provide an argument for an earlier 

emergence of conceptual intelligence in biological systems. Consistent conceptual 

modeling of the sensory environment can form a basis for development of further in-

telligent functions and behaviors including collective intelligence [27]. 

Overall, the results of this work demonstrated that structured representations that 

emerge in the process of unsupervised generative learning with sensory inputs from the 

environment under the constraints of generative accuracy and compression of infor-

mation can provide a natural platform for development of conceptual models of the 

sensory environments and intelligent behaviors based on such models. Given the range 

of models, architectures and data types where the effect of spontaneous categorization 

has been reported the conclusion that can be drawn from these results is that it 
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represents a natural general effect in the information processes in learning systems re-

gardless of origin, biological or artificial. 
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