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TRAINING OF DEEP NEURAL NETWORKS ON THE BASIS OF DISTRIBUTIONS OF 
PAIRED SIMILARITY MEASURES 

TECHNICAL FIELD 
5 

[001] This technical solution generally relates to computing systems based on biological models, 
and specifically to ways of teaching deep neural networks based on distributions of the pairwise 
similarity measures. 

PRIOR ART 10 
[002] A deep learning concept refers to the recognition tasks and means an approach to teaching the 
so-called deep structures, which multi-level neural networks may be referred to. Just an example 
from the pattern recognition field: it is necessary to teach the computing system to distinguish more 
and more abstract features in terms of other abstract features, i.e. to determine the dependence 
between abstract qualities (features), such as the expression of the whole face, eyes and mouth, and, 15 
ultimately, the accumulation of colored pixels mathematically, on the basis of which it is possible, 
for example, to determine the sex, age of a person or how much he or she resembles another person. 
[003] Compared to classical machine learning, deep learning takes a step forward and precludes the 
necessity to formalize the knowledge of experts at the initial stage. All important regularities are 
determined by the system itself on the basis of the data entered (as it is the case e.g. in neural 20 
networks). 
[004] From the prior art, we know of the article written by S. Chopra, R. Hadsell, and Y. LeCun. 
Learning a similarity metric discriminatively, with application to face verification. 2005 IEEE 
Computer Society Conference on Computer Vision and Pattern Recognition (CVPR 2005), 20-26 
June 2005, San Diego, CA, USA, pp. 539-546, 2005. 25 
[005] This technical solution uses the loss function for pairs of examples from training data in deep 
learning and calculates it independently. For pairs of training examples assigned to one and the 
same class (positive pairs), Euclidean distance between the vectors of their deep representations is 
minimized, and for pairs of examples of different classes (negative examples) is maximized until 
the distance  30 
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between the positive examples is less than the distance between the negative examples by the 
margin value. 
[006] Such approach may cause problems with re-training. In addition, the choice of the margin 
value is not a trivial task since the distributions of distance values undergoes massive changes 
during the learning process. 5 
[007] There is also a well-known article written by Weinberger, Kilian Q., and Lawrence К. Saul. 
"Distance metric learning for large margin nearest neighbor classification." Journal of Machine 
Learning Research 10.Feb (2009): 207-244. 
[008] This technique uses the loss function for the triplet of examples from training data in deep 
learning and calculates it independently. The triplet consists of two pairs of examples, one of which 10 
is a positive (both examples belong to the same class) and the other one is negative (examples 
belong to different classes). In this way we are looking for such a representation able to obtain 
suitable relative distances between the examples in the positive and negative pairs - positive pairs 
should have smaller values. However, this technique assumes that you should set the margin value 
between the distances in the positive and negative pairs as well. On the one hand, this technique is 15 
quite flexible as the specific difference between the distances inside the positive and negative pairs 
for an example may vary depending on the location of its spatial representation. 
[009] However, it can also be a reason for re-training. Besides, choosing the triplets is not an easy 
task that sometimes requires massive computing resources. 

20 
TECHNICAL SOLUTION SUMMARY 

[0010] This technical solution is designed to remove disadvantages inherent in solutions known 
from the prior art. 
[0011] The technical problem solved in this technical solution is teaching of the deep neural 25 
network model. 
[0012] The technical result manifesting itself when solving the above problem is increase in the 
teaching accuracy and reduction of time required to set up parameters for teaching of input data 
deep representations. 
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[0013] The above technical result is achieved through the implementation of the deep neural 
networks’ teaching technique based on the distributions of pairwise similarity measures, which 
produces a marked learning sample, wherein each element of the learning sample has a mark of the 
class to which it belongs; forms a set of non-crossing random subsets of the learning sample of 
input data for the deep neural network in such a way that they represent a learning sample when 5 
combined; transmits each formed subset of the learning sample to the input of the deep neural 
network resulting in a deep representation of this subset of the learning sample; determines all 
pairwise similarity measures between the deep representation of elements of each subset obtained at 
the previous stage; the similarity measures determined at the previous stage between the elements 
that have similar marks of classes are referred to the similarity measures of positive pairs, and the 10 
similarity measures between the elements that have different marks of classes are referred to the 
similarity measures of negative pairs; determines the probability distribution of similarity measures 
values for positive pairs and for negative pairs through the use of histogram; forms the loss function 
on the basis of probability distributions of similarity measures for positive and negative pairs 
determined at the previous stage; minimizes the function formed at the previous stage of losses 15 
using the BPE technique. 
[0014] In some embodiments, a marked learning sample is obtained from the data warehouse. 
[0015] In some embodiments, the mark of class is numeric or symbolic. 
[0016] In some embodiments, each formed subset of the learning sample is transmitted to the input 
of deep neural network in series or in parallel. 20 
[0017] In some embodiments, a deep representation of the subset is a set of real numbers’ vectors, 
each of which corresponds to the subset element. 
[0018] In some embodiments, L2-normalization of the last layer in the deep neural network is 
performed before obtaining a deep representation of each subset of the learning sample.
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[0019] In some embodiments, a cosine similarity measure is used when determining the similarity 
measures between deep representations of each subset elements. 
[0020] In some embodiments, the probability distribution of similarity measures values is 
determined for both positive and negative pairs in a nonparametric way using linear interpolation of 
histogram bin values. 5 
[0021] In some embodiments, the loss function, which is differentiable with respect to similarity 
pairs, is formed. 
[0022] In some embodiments, the loss function is minimized on the basis of histograms using the 
BPE technique until the loss function value stops decreasing. 

10 
SHORT DESCRIPTION OF DRAWINGS 

[0023] The features and benefits of this technical solution will be evident from the detailed 
description below and the drawings attached, on which: 
[0024] Fig. 1 shows an example of how to calculate the loss function on the basis of histograms: 15 
[0025] Fig. 2 shows the completeness of rank К of different methods on the basis of CUB-200-
2011; 
[0026] Fig. 3 shows the completeness of rank К of different methods on the basis of online 
products; 
[0027] Fig. 4 shows the completeness of rank К of different methods on the basis of СUHK03; 20 
[0028] Fig. 5 shows the completeness of rank К of different methods on the basis of Market-1501; 
[0029] Fig. 6 shows the completeness of rank К of different methods on the basis of CUB-2011-200 
when using different histogram bin sizes in the loss function proposed. 
[0030] Fig. 7 shows histograms comprising distributions of similarities of positive pairs (white 
color) and negative pairs (grey color) when using different loss functions; 25 
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[0031] Fig. 7а shows histograms of distributions when using the loss function proposed; 
[0032] Fig. 7b shows histograms of distributions when using a binomial deviance using the 
structural similarity; 
[0033] Fig. 7c shows histograms of distributions when using the structural similarity. 

5 
DETAILED DESCRIPTION 

[0034] The terms and definitions required for detailed disclosure of the technical solution to be 
implemented will be described below. 
[0035] The technical solution can be implemented as a distributed computer system. 10 
[0036] The system is referred to in this solution as a computer system, the computer (electronic data 
processing machine), CNC (computerized numerical control), PLC (programmable logic 
controller), computerized control systems and any other devices capable of performing a 
predetermined, clearly defined sequence of operations (actions, instructions). 
[0037] An instruction processing unit shall mean an electronic unit or integrated circuit 15 
(microprocessor) executing machine instructions (programs). 
[0038] The instruction processing unit reads and executes machine instructions (programs) from 
one or several data storages devices. Data storage devices may include, but not limited to, hard disk 
drives (HDDs), flash memory, ROM (read-only memory), solid state drives (SSD), optical media 
(CD, DVD, etc.). 20 
[0039] The program is a sequence of instructions to be executed by the computer controller device 
or instruction processing unit. 
[0040] Deep learning is a set of machine learning algorithms that try to simulate high-level 
abstractions in data using architectures consisting of multiple non-linear transformations.
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[0041] In other words, deep learning is part of a wider family of machine learning techniques - 
learning through representations where vectors of attributes are arranged on multiple levels at the 
same time. These attributes are determined automatically and linked to each other to form the 
output data. Each level represents abstract attributes based on those of previous level. Thus, the 
deeper we move on, the higher the level of abstraction. In neural networks, multiple layers represent 5 
multiple levels with vectors of attributes generating the output data. 
[0042] Sample is part of the general set of elements covered by an experiment (observation, 
survey). 
[0043] Deep representation is a representation of the primary data in some space, which results 
from the trained model of deep neural network, when the primary data is given to its input. 10 
[0044] Similarity measure is a real value, which shows how much the objects are similar to each 
other, for example, belong to the same semantic class. 
[0045] Probability distribution is a law describing the range of a random value and probability of 
its outcome (appearance). 
[0046] Histogram is a way of graphical representation of tabular data.  15 
[0047] Loss function is a function, which characterizes losses in the theory of statistical solutions 
in the event of incorrect decision making based on observed data. 
[0048] Margin is a distance from some point to the boundary of solution, which is used, for 
example, in the support vector machine. It can also be the difference between the distance between 
the representations of the same class and that of the different classes representations. 20 
[0049] Threshold values are some reference values that allow to define the loss function in a 
parametric way. 
[0050] Convolutional neural network (CNN) is a special architecture of artificial neural networks 
proposed by Jan Lekun and aimed at effective image recognition by considering the spatial 
correlation of images using convolutional filters with learned parameters of scales, is part of deep 25 
learning technologies. 
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[0051] Cosine similarity measure is a measure of similarity between two vectors of pre-Hilbert 
space, which is used to measure the cosine angle between them. 
[0052] If two vectors of attributes, A and B, are given, the cosine measure of similarity cos(θ) can 
be represented with the use of scalar product and norm: 

5 
[0054] The way to teach deep neural networks based on distributions of pairwise similarity 
measures can be implemented in some embodiments as follows. 
[0055] Stage 101: a marked learning sample is obtained, where each element of the learning sample 
has a mark of the class to which it belongs; 
[0056] The class is defined as the semantic class of the object (e.g. Petya's face or a dog’s photo). 10 
Each element from the sample has its own class mark after the classification performed by human. 
The class mark can be both numeric and symbolic. For example, if the objects are a dog and a cat. 
In symbolic artificial intelligence, these are two different symbols that have no relationship to each 
other. 
[0057] The learning sample is preliminarily formed and transferred to the data processing device 15 
where this technique is performed from the data warehouse. 
[0058] Stage 102: a set of non-crossing random subsets of input learning sample is formed for a 
deep neural network in such a way that they represent a learning sample when combined;  
[0059] At this stage, the entire learning sample is divided into random subsets. A set of non-
crossing random subsets of input data learning sample may be represented as X = {х1, х2 … xn}, and 20 
the deep neural network as f( ▪,θ), where θ are the learned neural network parameters, the scheme of 
which is given in Fig. 1. In some literature, a subset of the learning sample is referred to as a batch.  
[0060] Stage 103: each formed subset of the learning sample is given to the input of the deep neural 
network, resulting in a deep representation of this subset of the learning sample;
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[0061] In some embodiments, subsets of the learning sample may be transmitted both in series, and 
in parallel. 
[0062] An example of a deep representation of the subset is a set of vectors of real numbers, each of 
which corresponds to the subset element. 
[0063] The output layer in the deep neural network does not produce a classification result, but 5 
gives an n-dimensional vector of deep representations, where n is the number of neurons at the 
output of the deep neural network model. In some embodiments, L2-normalization of the last layer 
outputs of deep neural network is performed. L2-normalization (or regularization) is performed in 
order to reduce the degree of re-training of the model and preclude the scale parameter of deep 
representation values. Thus, the distance between representations is limited and the histogram can 10 
be set using only one parameter, for example, the width of the range. L2-normalization is performed 
by dividing 

the vector of deep representations into its L2-norm ||х||2 = , which is a geometric distance 

between two points in the multidimensional space, calculated e.g. in a two-dimensional space using 
the theorem of Pyphagoras. Some embodiments may use another normalization, which may be 15 
differentiated. 
[0064] Stage 104: all pairwise similarity measures are determined between the deep representations 
of the elements of each subset obtained at the previous stage; 
[0065] If f1, f2, … , fn are deep representations obtained, the pairwise similarity measures di,j will be 
determined as di,j = D (fi, fj) (i and j may take any values from 0 to N), where D (fi ,fj) is a measure 20 
of similarity between two vectors (e.g. cosine measure of similarity). The cosine measure of 
similarity D(x, y) between points х = (х1, х2, … , хn) and y = (y1, y2, … , уn) in the space of 
dimension n is determined as 

[0066] If pairs are assigned to one and the same class, they are positive, but if pairs belong to 25 
different classes, they are negative. 
[0067] Stage 105: the measures of similarity between elements having the same class marks, 
determined at the previous stage, are referred to the measures
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 of similarity of positive pairs, and the measures of similarity between elements that have different 
class marks, are referred to the measures of similarity of negative pairs; 
[0068] For example, when working with semantic classes of "dog" and "cat" images, the measure of 
similarity of deep representations of two dog or two cat images will refer to a positive pair, and the 
measure of similarity of deep representations of one dog and one cat image will refer to a negative 5 
pair. 
[0069] Stage 106: the probability distribution of similarity measure values for positive pairs and the 
probability distribution of similarity measure values for negative pairs are determined using a 
histogram; 

10 
At this stage, two one-dimensional probability distributions of similarity measures are determined 
between examples in the space of their deep representations, one of which refers to the similarity 
measures of pairs of examples with the same marks (positive pairs), and the other - to the values of 
similarity measures of pairs of examples with different marks (negative pairs). These distributions 
are calculated in a nonparametric way by linear interpolation of histogram bin values. Assume mij = 15 
1, if хi and xj are the same object (positive pair), mij = -1 otherwise (negative pair). If we know {mij} 
and neural network outputs {уi = f (хi; θ)}, it is possible to determine the probability distributions р+

and р-, which correspond to the measures of similarity between the positive and negative pairs, 
respectively. In particular, the values S+ = (sij = (хi, хj) | mij = +1) и S- = (sij = (хi, хj) | mij = -1) may 
be considered as samples from these two distributions, where sij = (xi, xj) is a pair of objects. 20 

[0070] If we have samples S+ and S-, it is possible to use any known statistical approach to 
determine the р+ and р- values. The unidimensionality of these distributions and limitation of values 
in the [-1; +1] range simplifies this task. 
[0071] In some embodiments, it is possible to use histograms Н+ and Н- of dimension R and with 25 
knots t1 = -1, ... , tR = -1, uniformly spaced within the [-1;+1] range with Δ=2/(R-1) step. In each 
knot of H+ histogram, it is possible to determine its value ℎ�

�: 
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where (i,j) designates all positive examples in the subset of the learning sample. Scales δi,j,r are 
selected as follows (where r is the number of histogram knot): 

0, otherwise 5 
Thus, the linear interpolation is used for each pair. The values of histogram Н- are determined in the 
same way. 
[0072] If we have estimates for distributions р+ and р–, we evaluate the probability that the measure 
of similarity between two examples in the random negative pair is greater than that between two 
examples in the random positive pair (inverse probability) as follows: 10 

[0073] where Ф+ (х) is a cumulative density of probability from р+(х). This integral can be 
approximated and calculated as: 

15 
[0074] where L is the proposed loss function on the basis of histograms calculated by the subset of 
sample X using θ network output parameters, whereby the loss function approximates the inverse 
probability. 

is a cumulative sum of Н+ histogram. 20 
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[0075] Stage 107: The loss function is formed on the basis of probability distributions of similarity 
measures for positive and negative pairs determined at the previous stage; 
[0076] The loss function proposed is differentiable with respect to pairwise similarities s е S+ and s 
е S-: 

5 
[0080] for any sjj in such a way that mij = +1 (similar to ). Also, 

[0083] Stage 108: the loss function formed at the previous stage is minimized on the basis of 
histograms using the BPE technique [1]. 
[0084] With a direct pass, the random subset of the input data learning sample X = {x1, х2, … , xN} 10 
is given to the deep neural network input, then its successive transformations are performed in the 
layers of deep neural network, which are determined by its parameters. The result is a set of deep 
representations of primary data that is given to the input of the loss function proposed along with 
the marks of classes corresponding 
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to the sample elements. This input data is used to calculate the value of loss function (error) and to 
perform the back propagation of the error to the outputs of deep neural network according to the 
formulas given at stages 107 to 108. The error then spreads back from the output to the input of 
deep neural network though its layers, whereby the parameters of deep neural network layers are 
updated to minimize this error. Afterwards, a similar processing of the next random subset of input 5 
data learning sample is performed. The process is repeated until the error (loss function values) 
stops decreasing. 

EMBODIMENTS 
[0085] To implement this technical solution, experimental comparisons of the proposed loss 10 
function of this technical solution were performed on the basis of a histogram with the function of 
Binomial Deviance loss [2], Lifted Structured Similarity Softmax loss[3], contrast function of loss 
[7] and function of loss on the basis of triplets [8]. Modelling was done with the help of the Caffe 
deep learning library. Comparison was made for the tasks of searching similar things by their 
images on the basis of Online products dataset [3], classification of bird species by their photos on 15 
the basis of CUB-200-2011 [4], re-detection of objects (re-identification) based on CHUNK03 [5] 
and Market-1501 [6]. In experiments with Online products and CUB-200-2011 databases, the same 
architecture of the GoogLeNet neural network was used, using the attributes of the fifth layer of 
pooling (pooling is a spatial multiplex of activations of the previous layer outputs). In experiments 
based on CHUNK03 and Market-1501, the architecture of deep learning of metrics, consisting of 20 
three neural networks for the lower, middle and upper parts of the human image, was used. 
[0086] On the example of this embodiment, we will consider the implementation of this method in 
more detail. Input images come in RGB format in the form of three-dimensional matrices I in such a 
way that the pixel with i and j coordinates has the value of R component equal to li,j,1, the value of G 
component is equal to Ii,j,2, and the value of В - Ii,j,2, i.e. the first two dimensions in this matrix are 25 
responsible for geometric coordinates, and the third - for the color coordinate. Using bilinear 
interpolation by geometric coordinates, this matrix is reduced to  
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a size of 128 pixels in height and 48 pixels in wideth. Three sub-matrices are extracted from the 
obtained matrix in such a way that the new matrices have the same height and width equal to 48 
pixels, and the vertical coordinates of the upper boundaries of the obtained matrices are equal to 1, 
41 and 81, respectively. Each of the sub-matrices obtained is given to the input of the first layer of 
the deep neural network for this part (each part has its own neural network for learning), whereby 5 
the layer is convolutional and has a convolution core of 7x7x64 in size, so for each sub-matrix a 
map of attributes (three-dimensional matrix) of 48x48x64 in size is generated at the output. Next, 
we will see what will happen in each deep neural network. For the map of attributes obtained, a 
spatial pooling is performed with the step equal to 2 pixels, the result is a map of attributes of 
24x24x64 in size. A non-linear transformation of the attribute map is performed, which resets all 10 
negative values to zero. The obtained result is applied to the input of the convolution layer of deep 
the neural network with a convolution core of 5x5x64 in size, the result is a map of attributes of 
24x24x64 in size and a pooling with the step of 2. This results in a map of attributes of 12x12x64 in 
size. Thus, we obtained three maps of attributes from each neural network. These maps are 
combined into a single vector of deep representation of the original image with the length of 500 15 
elements using a fully connected layer, in which each element of the output vector is linked to each 
element of the map of attributes of each part. Subsequently, L2-normalization is performed. The 
obtained deep representations of input images along with the marks of classes are used to determine 
the measures of similarity for all possible pairs through the calculation of a cosine measure of 
similarity between deep representations, then the probability distributions of similarity measures of 20 
positive and negative pairs are formed on the basis of marks of classes using histograms. The 
obtained distributions are used to calculate the loss function proposed, then the back propagation of 
the derived loss is performed to adjust the neural network parameters. The process of deep neural 
network learning at all bases differed only by the loss function selected. The learning with a 
binomial loss function was performed with two values of losses for negative pairs: с=10 and с=25.  25 
[0087] Results of completeness factor of rank К (Recall@K) are given in Fig. 2 for the base CUB-
200-2011, in Fig. 3 for the base Online products, in Fig. 4 



14 

for the base CHUNK03, and in Fig. 5 for the base Market-1501. From the diagram for the bases 
CUB- 200-2011 and Online products, it is clear that the loss function proposed is slightly inferior to 
the loss function based on a binomial deviance, but superior to other loss functions. For the bases 
CHUNK03 and Market-1501, the proposed loss function allows achieving the best result. With the 
base CUB-200-211 an experiment was held to evaluate the influence of the histogram bin value on 5 
the final accuracy, the result of which is shown in Fig. 6. From this diagram we can see that the 
selection of histogram bin size in the proposed loss function does not exert any influence on the 
accuracy of the obtained model. Fig. 5 shows histograms of distributions of similarities of positive 
pairs (white color) and negative pairs (grey color) with the base CHUNK03 when using the 
proposed loss function on the basis of histograms (Pos. 1), binomial deviance (Pos. 2) and structural 10 
similarity (Pos. 3). From these diagrams we can see that the proposed loss function provides the 
smallest intersection between the distributions of similarities of positive and negative pairs, which 
clearly shows that the declared technical result has been achieved. 
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CLAIM 
 
1. A method of teaching of deep neural networks for processing images for object 

recognition, wherein the teaching is based on distributions of pairwise similarity 
measures, the method including the following stages: 5 

• a marked learning sample is obtained, where each element of the learning 
sample has a mark of the class to which it belongs, wherein the element is an 
object in an image and the class is defined as a semantic class of the object; 

• a set of non-crossing random subsets of input data learning sample is formed for 
a deep neural network in such a way that they represent a learning sample when 10 
combined; 

• each formed subset of the learning sample is given to the input of the deep neural 
network which results in a deep representation of this subset of the learning 
sample; 

• all pairwise measures of similarity between deep representations of elements of 15 
each subset obtained at the previous stage are determined; 

• measures of similarity between elements that have the same class marks, 
determined at the previous stage, are referred to the measures of similarity of 
positive pairs, wherein each positive pair refers to two images containing objects 
of the same semantic class, and the measures of similarity between elements that 20 
have different class marks, are referred to the measures of similarity of negative 
pairs, wherein each negative pair refers to two images containing objects of 
different semantic class; 

• the probability distribution of similarity measures for positive pairs and the 
probability distribution of similarity measures for negative pairs are determined 25 
using a histogram; 

• the loss function is formed on the basis of probability distributions of similarity 
measures for positive and negative pairs determined at the previous stage; 

• the loss function formed at the previous stage is minimized using the BPE 
technique. 30 

2. The method specified in cl. 1 is characterized by the fact that a marked learning sample 
is obtained from the data warehouse. 

3. The method specified in cl. 1 is characterized by the fact that a class mark is numeric or 
symbolic. 


