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resented by a vector x', a favored document represented by 
a vector X
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the neural network including adjustable parameters which 
dictate an amount of influence imposed on each input vector 
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(y', y,U)]. 
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CONTENT EMBEDDING USING DEEP 
METRIC LEARNING ALGORITHMS 

CROSS-REFERENCE TO OTHER 
APPLICATIONS 

Applicants hereby claim the benefit under 35 U.S.C. 
119(e) of U.S. provisional application No. 62/348,097, filed 
9 Jun. 2016. The provisional application is hereby incorpo­
rated by reference herein for its teachings. 

2 
in the past. For example, conventionally, computer systems 
have been used to perform pattern recognition by relying 
upon, for example, matching an image of interest with a 
previously known pattern and then reacting accordingly. An 

5 example of an image of interest is an image that has been 
identified as being similar to what the user is searching for. 
The problem with this approach is that one must have a large 
library of previously known patterns that match the image of 
interest. If the image of interest is significantly different 

10 from the images in the large library of previously known 
patterns, then the computer system will provide an unreli­
able result. Further, in order to increase the accuracy of this 
conventional approach, the number of previously known 
patterns must be increasingly large. These problems have 

The following applications are incorporated by reference 
herein: U.S. application Ser. No. 14/494,364, entitled 
"VISUAL INTERACTIVE SEARCH," by Nigel Duffy, 
filed 23 Sep. 2014; U.S. provisional application No. 61/994, 
048, entitled "VISUAL INTERACTIVE SEARCH," by 
Nigel Duffy, filed 15 May 2014; PCT application No. 
PCT/IB2015/001267, entitled "VISUAL INTERACTIVE 
SEARCH," by Nigel Duffy, filed 4 May 2015; and U.S. 
Provisional Application No. 62/347,540, entitled "SCAL­
ABLE BANDIT-BASED VISUAL INTERACTIVE 20 

15 made it difficult for conventional systems to reliably and 
efficiently perform pattern recognition. Further, these prob­
lems have made it difficult to fully utilize the computing 
power that is available and to fully utilize the many practical 
applications of pattern recognition. 

These above-described problems of conventional pattern 
SEARCH" by Vivek Ramamurthy, Vinit Garg, and Nigel 
Duffy, filed 8 Jun. 2016. 

FIELD OF THE TECHNOLOGY DISCLOSED 

The technology disclosed generally relates to creating 
content embeddings using deep metric machine learning 
algorithms in the form of neural networks, and in particular 
relates to using convolutional neural networks for populat-

recognition can be resolved by various applications of neural 
networks for pattern recognition. Various novel approaches 
of training neural networks and then utilizing the trained 
neural networks to generate content embeddings (i.e., an 

25 embedding space) for pattern recognition are described 
herein. 

SUMMARY OF THE INVENTION 

ing an embedding space of data that can be used for 30 

performing various types of searching. 
The methods described herein address these challenges by 

providing novel ways to train neural networks for develop­
ing models and by providing novel ways to develop training 
data for training the neural networks for eventually devel­
oping the models. 

BACKGROUND 

The subject matter discussed in this section should not be 35 

assumed to be prior art merely as a result of its mention in 
this section. Similarly, a problem mentioned in this section 

Described herein is a method of training a neural network 
to create an embedding space including a catalog of docu­
ments, the method including providing a plurality of training 
sets ofK+2 training documents to a computer system, each 
training document being represented by a corresponding 

or associated with the subject matter provided as back­
ground should not be assumed to have been previously 
recognized in the prior art. The subject matter in this section 
merely represents different approaches, which in and of 
themselves can also correspond to implementations of the 
claimed technology. 

The invention relates generally to a tool for generating 
training data for models and for developing models that 
provide the ability to search for digital documents in an 
interactive and visual way, such as, for example visual 
product discovery. Examples of digital documents include: 
photographs; images; product descriptions; webpages and 
the like. Hereinafter, the term documents, digital documents, 
images, products, product descriptions, etc. may be used 
synonymously. For example these models can be used to 
generate content embeddings (i.e., an embedding space, 
which is described in more detail below) and implement a 
tool that may be used on a mobile device to search for 
products available for sale via an online retailer. 

Current computer search technologies allow users to 
perform queries and respond to those queries with an 
ordered list of results. The queries may be implemented 
using a structured query language, natural language text, 
speech, and/or a reference image for pattern recognition. 
However, the results returned often do not satisfy the user's 
search goal. The user then proceeds to refine or modify the 
query in an attempt to better achieve desired goals. 

Regarding queries that are implemented using reference 
images and pattern recognition, computer systems for pro­
viding results based on a user's search goal have been used 

40 training vector x, each set of training documents including 
a target document represented by a vector x', a favored 
document represented by a vector X

5
, and K> 1 unfavored 

documents represented respectively by vectors x,U, where i 
is an integer from 1 to K, and each of the vectors including 

45 a plurality of input vector elements, for each given one of the 
training sets, passing, by the computer system, the vector 
representing each document of the training set through a 
neural network to derive a corresponding output vector y', a 
corresponding output vector ys, and corresponding output 

50 vectors y, U, each of the output vectors including a plurality 
of output vector elements, the neural network including a set 
of adjustable parameters which dictate an amount of influ­
ence that is imposed on each input vector element of an input 
vector to derive each output vector element of the output 

55 vector, adjusting the parameters of the neural network so as 
to reduce a loss L, which is an average over all of the output 
vectors y,U of [D(y',y5 )-D(y', y,U)], where D is a distance 
between two vectors, and for each given one of the training 
sets, passing the vector representing each document of the 

60 training set through the neural network having the adjusted 
parameters to derive the output vectors. 

Further described herein is a method of training a neural 
network to create an embedding space including a catalog of 
documents, the method including obtaining a set of K+2 

65 training documents, the set of K+2 documents including a 
target document represented by a vector x', a favored 
document represented by a vector xs and unfavored docu-
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ments represented by vectors x,U, where i is an integer from 
1 to K and K> 1, passing each of the vector representations 
of the set of K+2 training documents through a neural 
network to derive corresponding output vectors, including 
vector y' derived from the vector x', vector y' derived from 5 

the vector xs and vectors y,U respectively derived from 
vectors x,U, and repeatedly adjusting parameters of the 
neural network through back propagation until a sum of 
differences calculated from (i) a distance between the vector 
y' and the vector ys and (ii) distances between the vector y' 10 

and each of the vectors y,U satisfies a predetermined criteria, 
wherein the sum of differences corresponds to a likelihood 
that the favored document will be selected over the unfa­
vored documents. 

Additionally described herein is a method of generating a 15 

production embedding space including one or more catalogs 
of documents by training a new model using a computer 
system, the method including obtaining raw data represent-
ing documents from a new data domain, the documents 
represented by the raw data being unlabeled with no infor- 20 

mation regarding a measure of dissimilarity between any the 
documents, providing the obtained raw data to a general 
purpose model to obtain non-production embeddings of the 
documents represented as non-production vectors, providing 
the documents represented as the non-production vectors to 25 

a production system that implements algorithms to identify, 
as document predictions, certain documents represented as 
intermediary vectors from the non-production embeddings 
in dependence a target document, receiving training data 
generated by a mechanical turk identifying a vector repre- 30 

sentation of a selected document selected from the document 

4 
existing model has been trained, the documents represented 
by the raw data being unlabeled with no information regard­
ing a measure of dissimilarity between any of the docu-
ments, providing the obtained raw data to the existing model 
to obtain non-production embeddings of the documents 
represented as non-production vectors, providing the docu­
ments represented as the non-production vectors to a pro­
duction system that implements algorithms to identify, as 
document predictions, certain documents represented as 
intermediary vectors from the non-production embeddings 
in dependence on a target document, receiving training data 
generated by a mechanical turk identifying a vector repre­
sentation of a selected document selected from the document 
predictions in dependence on the target document, training, 
by the computer system, the existing model using the 
received training data to obtain an updated and trained 
model, and generating the production embedding space by 
feeding data representing documents into the updated and 
trained model to obtain the production embedding space that 
includes vector representations of each of the documents. 

Each of the above-described methods can also be imple-
mented as a non-transitory computer readable storage 
medium impressed with computer program instructions. The 
instruction when executed on a processor, can implement 
any of the above-described methods. Further, each of the 
above-described methods can be implemented including one 
or more processors coupled to memory. The memory can be 
loaded with computer instructions to implement any of the 
above-described methods. 

The above summary of the invention is provided in order 
to provide a basic understanding of some aspects of the 
invention. This s=ary is not intended to identify key or 
critical elements of the invention or to delineate the scope of 

predictions in dependence on the target document, training, 
by the computer system, the new model using the received 
training data to obtain a trained model, and generating the 
production embedding space by feeding data representing 
documents into the trained model to obtain the production 
embedding space that includes vector representations of 
each of the documents. 

Furthermore, described herein is a method of generating 

35 the invention. Its sole purpose is to present some concepts of 
the invention in a simplified form as a prelude to the more 
detailed description that is presented later. Particular aspects 
of the invention are described in the clauses, specification 
and drawings. 

a production embedding space including one or more cata- 40 

logs of documents by training a new model using a computer 
system, the method including obtaining raw data represent-
ing documents from a new data domain, the documents 
represented by the raw data being unlabeled with no infor­
mation regarding a measure of dissimilarity between any the 45 

documents, providing the obtained raw data to a variational 
autoencoder to obtain non-production embeddings of the 
documents represented as non-production vectors, providing 
the documents represented as the non-production vectors to 
a production system that implements algorithms to identify, 50 

as document predictions, certain documents represented as 
intermediary vectors from the non-production embeddings 
in dependence a target document, receiving training data 
generated by a mechanical turk identifying a vector repre­
sentation of a selected document selected from the document 55 

predictions in dependence on the target document, training, 
by a computer system, the new model using the received 
training data to obtain a trained model, and generating the 
production embedding space by feeding data representing 
documents into the trained model to obtain the production 60 

embedding space that includes vector representations of 
each of the documents. 

BRIEF DESCRIPTION OF THE DRAWINGS 

In the drawings, like reference characters generally refer 
to like parts throughout the different views. Also, the draw­
ings are not necessarily to scale, with an emphasis instead 
generally being placed upon illustrating the principles of the 
technology disclosed. In the following description, various 
implementations of the technology disclosed are described 
with reference to the following drawings, in which: 

FIG. 1 illustrates an example of a neural network with 
multiple layers; 

FIG. 2 illustrates a triplet network structure utilizing 
convolutional neural networks; 

FIG. 3 illustrates an implementation of deep metric algo­
rithms for providing a collection of documents in an embed­
ding space; 

FIGS. 4, 5, 6, 7, 8, 9A and 9B illustrate specific imple­
mentations of embedding documents in an embedding space 
according to an implementation of the present disclosure; 

FIG. 10 illustrates a modified triplet network structure 
that utilizes kernel learning, according to an embodiment of 
the present invention; 

Also, described herein is a method of generating produc­
tion embeddings including one or more catalogs of docu­
ments by training an existing model using a computer 
system, the method including obtaining raw data represent­
ing documents from an existing data domain for which the 

FIG. 11 illustrates a modified triplet network structure that 
utilizes a K-Net network architecture, according to an 

65 embodiment of the present invention; 
FIG. 12 illustrates a random triplet of images "i," 'T' and 

"k", according to an embodiment of the present invention; 
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FIG. 13 illustrates an implementation of autoencoder 
regularization for training a neural network, according to an 
embodiment of the present invention; 

FIG. 14 illustrates a flowchart describing a generation of 
random training data for a neural network; 

FIG. 15 illustrates a flowchart describing an overall 
process of providing a service using a trained model; 

FIG. 16 illustrates a flowchart describing a generation of 
training data for a neural network for a new data domain and 
the creation of production embeddings or a production 
embedding space, according to an embodiment of the pres­
ent invention; 

FIG. 17 illustrates a flowchart describing a generation of 
training data for a neural network for an existing data 
domain, according to an embodiment of the present inven­
tion; and 

FIG. 18 illustrates a visual interface that enables searching 
for shoes using a visual interactive search environment on a 
mobile device according to an implementation of the present 
disclosure. 

FIG. 19 is a block diagram of a server computer, as 
illustrated in FIG. 3, that can be used to implement software 
incorporating aspects of the content embedding according to 
an implementation of the present disclosure. 

INTRODUCTION TO MACHINE LEARNING 

The following description is presented to enable any 
person skilled in the art to make and use the invention, and 
is provided in the context of a particular application and its 
requirements. Various modifications to the disclosed 
embodiments will be readily apparent to those skilled in the 
art, and the general principles defined herein may be applied 
to other embodiments and applications without departing 
from the spirit and scope of the present invention. Thus, the 
present invention is not intended to be limited to the embodi­
ments shown, but is to be accorded the widest scope 
consistent with the principles and features disclosed herein. 

Some of the technology described in this introduction and 
various implementations thereof are also described in 
"Visual Product Discovery" (Nigel Duffy, et al., submitted 
for KDD Workshop on Fashion Meets Machine Leaming, 
Aug. 13, 2016, San Francisco, Calif.), which is incorporated 
herein by reference. 

In machine learning neural networks are essentially com­
puter models that are structured based on biological neural 
networks and are used to, through a learning process, 
estimate unknown functions that are dependent on a large 
number of inputs. Neural networks are basically an assem­
bly of interconnected "neurons" that exchange messages 
between one another. Each of the connections between the 
neurons has a specific numeric weight that can be fine-tuned 
through a learning process based on various inputs and 
considering various outputs. Eventually the numeric weights 
can be sufficiently tuned to provide correct outputs. The 
tuning of these numeric weights is often times referred to as 
training the neural network. A better trained neural network 
provides more accurate results. This concept allows neural 
networks to be capable of learning and adapting to various 
inputs, including previously unseen inputs. 

There are many applications for neural networks, some of 
which include visual recognition and classification ( e.g., 
pattern recognition) as well as speech recognition. For 
example, a neural network for visual recognition can include 
a set of input neurons which may be activated by in input 
image. For example, an input image, let's say that the input 
image is a color image including 64 pixels (e.g., an 8-by-8 

6 
pixel image). Each of the input neurons can be activated 
using the red, blue green (RGB) values of a particular pixel 
of the 64 pixels of an input image. After being weighted and 
transformed by a function, the activations (i.e., outputs) of 

5 the neurons of one "layer" are then passed on to other 
neurons of another "layer." This process is repeated through 
all of the intermediary layers of the neural network until 
finally, an output neuron of an output layer determines which 
type of image was input. A neural network that has one 

10 intermediary layer is typically considered to be a shallow 
neural network and a neural network having two or more 
intermediary layers is considered a deep neural network that 
can perform deep learning. 

FIG. 1 illustrates an example of a neural network with 
15 multiple layers. 

Referring to FIG. 1, a neural network 100 is illustrated, 
where the neural network 100 includes an input layer, a 
hidden layer and an output layer. Neural network 100 is a 
system of neurons (e.g., Xi, X

2
, X

3
, H

1
, H

2 
and Y

1
) that 

20 exchange messages between each other. This example neu­
ral network 100 includes three inputs, three neurons in the 
input layer, two neurons in the hidden layer and one neuron 
in the output layer. Typically neural networks have many 
more layers and many more neurons. The neural network 

25 100 of FIG. 1 is just provided as an example to convey the 
high-level structure of neural networks. As mentioned 
above, this example neural network 100 is a shallow neural 
network because there is only one hidden layer. However, 
this concept is the same for deep neural networks, there are 

30 just multiple hidden layers. The hidden layer may implement 
a specific function and the output layer may implement 
another specific function. In this example, there are six 
connections between the neurons of the input layer and the 
hidden layer, where each of the connections has a numeric 

35 weight (e.g., Wi, w
2

, w
3

, w
4

, w
5

, and w
6

). Further, there are 
two connections between the neurons of the hidden layer 
and the neuron of the output layer, where each of the 
connections has a numeric weight ( e.g., v 

1 
and v 

2
). Each of 

the numeric weights can be adjusted during a training 
40 process, so that a properly trained network responds cor­

rectly when fed an image ( or other type of data) to recognize. 
For image/pattern recognition, the neural network 100 

would typically have many more inputs in the input layer. 
Referring to the example above, for an image of 64 pixels 

45 (i.e., an 8-by-8 pixel image), there would be 192 inputs (i.e., 
64*3, where 3 represents the 3 RGB color channels). There­
fore, the input layer would have inputs X

1 
through X

192
. 

There also may be more than one output. For example, if the 
purpose of the neural network 100 was to identify a hand-

50 written number 5, there might be two outputs, Y
1 

and Y
2

, 

where Y 1 represents a percentage that the neural network 
100 believes that the input image is the number 5 and Y 2 

represents a percentage that the neural network 100 believes 
that the input image is NOT the number 5. Another example 

55 would be the neural network 100 having 10 outputs for 
number recognition, where each output is the probability 
that the input image representing a number is a certain 
number from Oto 9. Other examples of using two or more 
outputs of a neural network could include classifying 

60 objects, such as humans, animals and inanimate objects. 
Neural networks must be trained to be able to provide 

accurate outputs or predictions. Training of the neural net­
work is typically done by providing the network with 
training data. For example, the neural network that is being 

65 used to identify the handwritten number 5 should be trained 
with various examples of handwritten number 5s. The more 
examples of handwritten number 5s that the neural network 
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is trained with the more likely the neural network is to be 
able to correctly identify a newly provided handwritten 
number 5. 

8 
distance, or any other type of measurable distance. This 
triplet network is described in further detail below. 

FIG. 2 illustrates a triplet network structure utilizing 
convolutional neural networks. 

Referring to FIG. 2, a triplet network 200 is illustrated, 
where an input of the triplet network 200 is an image triplet 
(x, x+, x-). Each image of the image triple is composed of 
many pixels. Referring to the example above, each image 
could include 64 individual pixels, each having an RGB 

Referring back to FIG. 1, the input layer processes the 
inputs provided thereto, the hidden layer processes the 5 

output from the input layer based on the weights of the 
connections between the input layer and the hidden layer. 
The output layer takes the output from the hidden layer and 
processes it based on the weights of the connections between 
the hidden layer and the output layer. The neural network 
100 can include multiple layers of feature-detecting neurons. 

10 value. Therefore, for example, 64 pixel values representing 
image x, are input into 196 (64*3) different input nodes 
(neurons) of the neural network Net. For the sake of illus­
tration each of the 196 nodes (neurons) is not represented in 
FIG. 2. The same holds for image, x+ and, x-. After forward 

For example, as touched on above, there can be multiple 
hidden layers. Each layer has many neurons that respond to 
different combinations of inputs from the previous layers. 
FIG. 1 only illustrates two hidden nodes for the hidden layer. 
However, each hidden layer could include more nodes or 
just a single node. For pattern recognition and classification, 
the layers of the neural network 100 are arranged (and 
trained) so that, for example, a first layer of the hidden layers 
detects a set of primitive patterns ( e.g., presence of a human) 
from the input data, a second layer of the hidden layers 
detects patterns of patterns (e.g., is the human a male or a 
female) and a third layer of the hidden layers detects patterns 
of those patterns (e.g., is the female a child or an adult, etc.) 
and so on. 

In deep metric learning, a convolutional neural network 
(CNN) can be used to solve various machine learning tasks 
and to create useful representations of data. Specifically, a 
CNN can generate data sets that distinguish between avail­
able classes of data. A CNN may initially break a large 
image (e.g., an 8,100 pixel image, such as a 90-by-90 pixel 
block) into smaller blocks of overlapping images ( e.g., 64 
pixel images, such as 8-by-8 pixel blocks), where each of the 
smaller blocks is individually fed into the CNN to output an 
array of data. This technique can be used to identify patterns 
between smaller blocks that overlap one another. Specific 
implementations ofCNNs that perform explicit deep metric 
learning are a Siamese network and variants thereof. A 
Siamese network can compute an embedding vector for each 
of its input images and then computes a measure of simi­
larity (or dissimilarity) between, for example, two embed­
ding vectors. This similarity (or dissimilarity) can then be 
used to form a loss function. The loss function can be used 
to train a neural network to compute similar embedding 
vectors for similar images and dissimilar embedding vectors 
for dissimilar images. In other words, the loss function can 
be used to further train the neural network to be able to 
distinguish between similar pairs of data and pairs of data 
that are not similar. 

One type of CNN inspired by the Siamese network is a 
triplet network, which has been implemented for the purpose 
of learning a ranking function for image retrieval. Ranking 

15 propagation through neural network Net with shared weights 
W, a vector representation y, y+ r can be obtained and then 
a distance L2 between embeddings y+=Net(x+) and y-=Net 
(x-) and the reference y=Net(x) can be calculated. Referring 
to FIG. 2, the distance between embeddings y and y+ is 

20 identified as D(y, y+) and the distance between embeddings 
y and y- is identified as D(y, y-). After calculating the 
distances between the embeddings, a loss L ( or error) can be 
calculated as L=[l+D(y, y+)-D(y, y-)]. As the loss L 
becomes closer to zero, the lower the error. A low error rate 

25 indicates that distances between the embeddings output from 
the neural network satisfy that y+ is closer to y than r is by 
a margin of 1. The weights W, of the network Net can be 
trained using back propagation. Back propagation simply 
means that a gradient of the loss Lis fed back into the neural 

30 network Net so that the weights can be adjusted to minimize 
the loss L as desired by the user. This is extremely useful 
when the user expects a certain result and the weights can be 
adjusted until the desired result is reached. 

However, using this triplet network 200 poses several 
35 potential shortcomings when the triplet network 200 is 

applied in the context of visual product discovery. A key 
shortcoming is that, in the field, customers are (implicitly) 
repeatedly choosing which product from among a set of 
more than two products is the most similar to the product 

40 that they want. In order to more accurately determine how 
the customers' behaviors should affect the entire system's 
(e.g., a visual product discovery system) estimates of the 
customer's interests, a better type of network can be used to 
model how the customers will behave when given more than 

45 two choices. 
Accordingly, an opportunity arises to provide deep metric 

learning algorithms and provide new architectures, such as 
a kernel learning architecture, a K-Net network architecture, 
a far from random regularization architecture, a far from 

50 random unsupervised learning architecture, an auto-encoder 
regularization architecture in a triplet network, and a new 
way of generating training data for training neural networks. 

is different than classification, because ranking will rank 
each image with respect to a target image. For example, if 55 

the target image is a red ball, each other input into the triplet 
network will be ranked with respect to similarity to the red 
ball, such that a pink ball would be ranked closer to the red 
ball than a black ball. A triplet network can, for a given set 

DETAILED DESCRIPTION 

FIG. 3 illustrates an implementation of a system that uses 
deep metric algorithms to provide a collection of documents 
in an embedding space, which can then be visually searched. 
A detailed description of embedding documents and an 
embedding space (e.g., content embedding) is provided 
below with reference to FIGS. 4-9B. 

of images II" and a rough measure r(x, x') between images 60 

x and x' provided by a training oracle (e.g., a human-in-the­
loop training system), learn a distance function D (x, x'), 
where D represents a distance between two images x and x', 
such that D(x, x+)>D(x, x'), Vx, x+, x-Ell" , for which r(x, 
x+)>r(x, x-) (i.e., for all ofx, x+ and x- images of set II" , the 65 

rough measure r of distance of x and x+ is greater than x and 
x-). The distance D can be a gradient distance, Euclidean 

Referring to FIG. 3, an example environment 300 is 
illustrated, in which various aspects of the present disclosure 
may be implemented. The example environment 300 
includes a user computer 310 and a server computer 312, 
connected to each other via a network 314 such as the 
Internet. The server computer 312 has accessibly thereto a 
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Embedding of the Documents 
A catalog of digital documents (e.g., images, text, web­

pages, catalog entries, sections of documents, etc.) can be 
embedded in an embedding space and stored in a database. 

document catalog database 316 (in an embedding space) 
identifying documents in association with embedding infor­
mation, such as relative distances and/or their positions in a 
vector space. The user computer 310 also in various embodi­
ments may or may not have accessibly thereto a document 
catalog database 318 (in an embedding space) identifying 
the same information. 

An embedding module 320 (which may for example be 
the server computer 312 or a separate computer system or a 
process running on such a computer) analyzes a catalog of 
documents to extract embedding information about the 
documents. For example, if the documents are photographs, 

5 Though this group of documents may be referred to herein 
as a "catalog," the use of that term is not intended to 
restricted the group to documents that might be found in the 
type of catalog that a retail store might provide. In the 
database, a distance is identified between each pair of the 

10 documents in the embedding space corresponding to a 
predetermined measure of dissimilarity between the pair of 
documents. 

The "embedding space," into which (digital) documents 
are embedded by the embedding module 320 (see FIG. 3) the embedding module 320 (i) may include a triplet network 

structure utilizing a neural network, (ii) may use deep 
learning to derive embedding image information from the 
photographs and (ii) may be an actual model new or existing 
already created using training data. The embedding module 
320 can create an embedding space having the image 
information embedded therein. As discussed below in detail, 
training data may be generated using the server computer 
312 using the embedding data or embeddings output from 

15 can be a geometric space within which documents are 
represented. In one implementation the embedding space 
can be a vector space and in another implementation the 
embedding space can be a metric space. In a vector space, 
the features of a document define its "position" in the vector 

the embedding module 320. Further, as briefly mentioned 
above, the embedding module 320 may be implemented by 

20 space relative to an origin. The position is typically repre­
sented as a vector from the origin to the document's posi­
tion, and the space has a number of dimensions based on the 
number of coordinates in the vector. Vector spaces deal with 

the server computer 312 or any other computer and may also 25 

implement a new domain model or an existing (previously 
trained) model for producing production (live) embeddings 
based on previously seen data or new data. 

Alternatively, the embedding module 320 may derive a 
library of image classifications (axes on which a given 30 

photograph may be placed), each in association with an 
algorithm for recognizing in a given photograph whether ( or 
with what probability) the given photograph satisfies that 
classification. Then the embedding module 320 may apply 
its pre-developed library to a smaller set of newly provided 35 

photographs, such as the photos currently on the user 
computer 310, in order to determine embedding information 
applicable to each photograph. Either way, the embedding 
module 320 writes into the document catalog database 316 
the identifications of the catalog of documents that the user 40 

may search, each in association with its embedding infor­
mation. 

In yet another embodiment, the embedding information 
that embedding module 320 writes into the document cata-
log database 316 may be provided from an external source, 45 

or entered manually. 
The iterative identification steps described above can be 

implemented in a number of different ways. In one embodi­
ment, all computation takes place on the server computer 
312, as the user iteratively searches for a desired document. 50 

The user, operating the user computer 310, sees all results 
only by way of a browser. In this embodiment, it is not 
necessary that the user computer 310 have the document 
catalog database 318 accessibly thereto. In another embodi­
ment, the server computer 312 transmits its entire document 55 

catalog database 318 of documents in embedding space (or 
a subset of that database) to the user computer 310, which 
writes it into its own document catalog database 318. All 
computation takes place on the user computer 310 in such an 
embodiment, as the user iteratively searches for a desired 60 

document. Many other arrangements are possible as well. 
Before a description of the various new architectures is 
provided, we provide a description of embedding docu­
ments, determining a distance between two documents in an 
embedding, database organization and specific implementa- 65 

tions of embedding specific documents in an embedding 
space. 

vectors and the operations that may be performed on those 
vectors. 

When the embedding space is a metric space, the embed­
ding space does not have a concept of position, dimensions 
or an origin. Distances among documents in a metric space 
are maintained relative to each other, rather than relative to 
any particular origin, as in a vector space. Metric spaces deal 
with objects combined with a distance between those objects 
and the operations that may be performed on those objects. 

For purposes of the present disclosure, these objects are 
significant in that many efficient algorithms exist that oper­
ate on vector spaces and metric spaces. For example metric 
trees may be used to rapidly identify objects that are "close" 
to each other. Objects can be embedded into vector spaces 
and/or metric spaces. In the context of a vector space this 
means that a function can be defined that maps objects to 
vectors in some vector space. In the context of a metric space 
it means that it is possible to define a metric ( or distance) 
between those objects, which allows the set of all such 
objects to be treated as a metric space. Vector spaces allow 
the use of a variety of standard measures of distance 
(divergence) including the Euclidean distance. Other imple­
mentations can use other types of embedding spaces. 

As used herein, "an embedding" is a map which maps 
documents into an embedding space. Typically an embed­
ding is a function which takes, as inputs, a potentially large 
number of characteristics of the document to be embedded. 
For some embeddings, the mapping can be created and 
understood by a human, whereas for other embeddings the 
mapping can be very complex and non-intuitive. In many 
implementations the latter type of mapping is developed by 
a machine learning algorithm based on training examples, 
rather than being programmed explicitly. 

In order to embed a document catalog in a vector space 
each document must be associated with a vector. A distance 
between two documents in such a space is then determined 
using standard measures of distance using vectors. 

A goal of embedding documents in a vector space is to 
place intuitively similar documents close to each other. 
There are many ways to achieve this. For example a com­
mon way of embedding text documents is to use a bag-of­
words model. The bag of words model maintains a diction­
ary. Each word in the dictionary is given an integer index, 
for example, the word aardvark may be given the index 1, 
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and the word zebra may be given the index 60,000. Each 
document is processed by counting the number of occur­
rences of each dictionary word in that document. A vector is 
created where the value at the ith index is the count for the 
ith dictionary word. Variants of this representation normalize 
the counts in various ways. Such an embedding captures 
information about the content and therefor the meaning of 
the documents. Text documents with similar word distribu­
tions are close to each other in this embedded space. 

There are many other possibilities by which documents 
may be embedded into a vector space. For example images 
may be processed to identify commonly occurring features 
using, e.g., scale invariant feature transforms (SIFT), which 

12 
In many cases a very high dimensional space would be 

required to capture the intuitive relationships between docu­
ments. In some of these cases the required dimensionality 
may be reduced by choosing to embed the documents on a 

5 manifold (curved surface) in the space rather than to arbi­
trary locations. 

Different embeddings may be appropriate on different 
subsets of the document catalog. For example, it may be 
most effective to re-embed the candidate result sets at each 

10 iteration of the search procedure. In this way the subset may 
be re-embedded to capture the most important axes of 
variation or of interest in that subset. 

are then binned and used in a representation similar to the 
bag-of-words embedding described above. Further, embed- 15 

dings can be created using deep neural networks, or other 
deep learning techniques. For example a neural network can 
learn an appropriate embedding by performing gradient 
descent against a measure of dimensionality reduction on a 
large set of training data. As another example, a kernel can 20 

be learned based on data and derive a distance based on that 

To embed a document catalog in a metric space requires 
associating that catalog with a distance ( or metric). 
Distances Between Digital Documents 

A "distance" between two documents in an embedding 
space corresponds to a predetermined measurement (mea­
sure) of dissimilarity among documents. Preferably it is a 
monotonic function of the measurement of dissimilarity. 
Typically the distance equals the measurement of dissimi­
larity. Example distances include the Manhattan distance, 

kernel. Likewise distances may be learned directly. These 
approaches generally use large neural networks to map 
documents, words, or images to high dimensional vectors 
(for example see: A brief introduction to kernel classifiers, 
Mark Johnson, Brown University 2009, http://cs.brown.edu/ 
courses/cs195-5/fall2009/docs/lecture_10-27.pdf "Using 
Confidence Bounds for Exploitation-Exploration Trade-offs, 
incorporated herein by reference; and Kernel Method for 
General Pattern Analysis, Nella Cristianini, University of 
California, Davis, accessed October 2016, http://www.ker­
nel-methods.net/tutorials/KMtalk.pdf). 

In other implementations, an embedding can be learned 
using examples with algorithms such as Multi-Dimensional 
Scaling, or Stochastic Neighbor Embedding. An embedding 
into a vector space may also be defined implicitly via a 
kernel. In this case the explicit vectors may never be 
generated or used, rather the operations in the vector space 
are carried out by performing kernel operations in the 
original space. 

Other types of embeddings of particular interest capture 
date and time information regarding the document, e.g., the 
date and time when a photograph was taken. In such cases 
a kernel may be used that positions images closer if they 
were taken on the same day of the week in different weeks, 
or in the same month but different years. For example, 
photographs taken around Christmas may be considered 
similar even though they were taken in different years and so 
have a large absolute difference in their timestamps. In 
general, such kernels may capture information beyond that 
available by simply looking at the difference between time­
stamps. 

Similarly, embeddings capturing geographic information 
may be of interest. Such embeddings may consider geo­
graphic meta-data associated with documents, e.g., the geo­
tag associated with a photograph. In these cases a kernel or 
embedding may be used that captures more information than 
simply the difference in miles between two locations. For 
example, it may capture whether the photographs were taken 
in the same city, the same building, or the same country. 

Often embeddings will consider documents in multiple 
ways. For example, a product may be embedded in terms of 

the Euclidean distance, and the Hamming distance. 
Given the distance (dissimilarity measure) between docu­

ments to be searched, or the embedding of those documents 
25 into a vector space, a metric space or a manifold, there are 

a variety of data structures that may be used to index the 
document catalog and hence allow for rapid search. Such 
data structures include metric trees, kd-trees, R-trees, uni­
versal B-trees, X-trees, ball trees, locality sensitive hashes, 

30 and inverted indexes. The system can use a combination of 
such data structures to identify a next set of candidate results 
based on a refined query. An advantage of using geometric 
constraints is that they may be used with such efficient data 
structures to identify next results in time that is sub-linear in 

35 the size of the catalog. 
There are a wide variety ways to measure the distance ( or 

dissimilarity) between documents, and these may be com­
bined to produce new measures of distance. An important 
concept is that the intuitive relationships between digital 

40 documents may be captured via such a similarity or distance 
measure. For example, some useful distance measures place 
images containing the same person in the same place close 
to each other. Likewise, some useful measures place docu­
ments discussing the same topic close to each other. Of 

45 course there are many axes along which digital documents 
may be intuitively related, so that the set of all documents 
close (with respect to that distance) to a given document may 
be quite diverse. For example, a historical text describing the 
relationship between Anthony and Cleopatra may be similar 

50 to other historical texts, texts about Egypt, texts about Rome, 
movies about Anthony and Cleopatra, and love stories. Each 
of these types of differences constitutes a different axis 
relative to the original historical text. 

Such distances may be defined in a variety of ways. One 
55 typical way is via embeddings into a vector space. Other 

ways include encoding the similarity via a Kernel. By 
associating a set of documents with a distance we are 
effectively embedding those documents into a metric space. 
Documents that are intuitively similar will be close in this 

60 metric space while those that are intuitively dissimilar will 
be far apart. Note further that kernels and distance functions 
may be learned. In fact, it may be useful to learn new 
distance functions on subsets of the documents at each the meta-data associated with that product, the image of that 

product, and the textual content of reviews for that product. 
Such an embedding may be achieved by developing kernels 65 

for each aspect of the document and combining those 
kernels in some way, e.g., via a linear combination. 

iteration of the search procedure. 
Note that wherever a distance is used to measure the 

dissimilarity between documents a kernel may be used to 
measure the similarity between documents instead and vice-
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versa. In particular, in the sequel we will refer to the use of 
distances, e.g., in the definition of constraints. However, 
kernels may be used directly instead without the need to 
transform them into distances. 

Kernels and distances may be combined in a variety of 
ways. In this way multiple kernels or distances may be 
leveraged. Each kernel may capture different information 
about a document, e.g., one kernel may capture visual 
information about a piece of jewelry, while another captures 
price, and another captures brand. 

14 
straints of an arbitrary shape, and unions, intersections and 
differences of such constraints. 

Referring to FIG. 7, a means by which the circular 
constraint of FIG. 5 may be updated in response to user input 

5 is illustrated. An original circular constraint 710 may be 
modified by increasing its radius to produce circular con­
straint 720, or by decreasing its radius to produce circular 
constraint 730. These modifications are done in response to 
user input. The set of documents satisfying these constraints 

10 will change as the constraints are modified thus reducing or 
expanding the set of images considered for display to the 

Also note that embeddings may be specific to a given 
domain, such as a given catalog of products or type of 
content. For example, it may be appropriate to learn or 
develop an embedding specific to men's shoes. Such an 15 
embedding would capture the similarity between men's 
shoes be would be uninformative with regard to men's 
shirts. 

user. 
Referring to FIG. 8, a means by which a discriminative 

subset of documents may be selected for presentation to the 
user is illustrated. The documents highlighted, e.g., 811 and 
812, are distinct from each other and from the others 
contained in the circular constraint region. 

Referring to FIG. 9A, a set of documents in embedding 
space is illustrated, in which the collection has been nar-Database Organization 

The databases used in an implementation of the present 
disclosure, such as document catalog databases 316 and 318 
as illustrated in FIG. 3, may use commonly available means 
to store the data in, e.g., a relational database, a document 
store, a key value store, or other related technologies. In 
each case the original document contents ( or pointers to 
them) may be stored and associated with their high dimen­
sional representation, or a set of measures of distance 
relative to other documents. 

In order to achieve scalable and fast search performance 
indexing structures are critical. When documents are embed­
ded in a vector space indexes may be built using, e.g., 
kd-trees. When documents are associated with a distance 
metric and hence embedded in metric space metric trees may 
be used. 

20 rowed to the documents within the circle 920, and has 
identified a primary result document 918. In addition, docu­
ments 910, 912, 914 and 916 can be selected as a set to 
present to the user. In the embedding space, documents 912, 
918 and 916 are substantially collinear, and documents 910, 

25 918 and 914 are substantially collinear. 
Referring to FIG. 9B, an illustration is provided to 

describe how the system may present the set of documents 
in layout space (the broken lines are implied, rather than 
visible). The specific positions of the documents do not 

30 necessarily match those in embedding space, in part because 
dimensionality of the space has been reduced. However, 
documents which were substantially collinear in embedding 
space are collinear in layout space. In particular, if the 

The databases described herein are stored on one or more 35 

broken lines in FIG. 9A represent dimensions in embedding 
space along which the candidate documents differ, the 
placement of the documents in layout space in FIG. 9B are non-transitory computer readable media. As used herein, no 

distinction is intended between whether a database is dis­
posed "on" or "in" a computer readable medium. Addition­
ally, as used herein, the term "database" does not necessarily 
imply any unity of structure. For example, two or more 
separate databases, when considered together, still constitute 
a "database" as that term is used herein. 

Specific Implementations of Embedding Documents in an 
Embedding Space 

indicative of those same dimensions. In addition, the relative 
distances among the documents along each of the lines of 
collinearity in layout space also are indicative of the relative 

40 distances in embedding space. 
Kernel Learning 

FIG. 10 illustrates a modified triplet network structure 
that is trained using kernel learning, according to an embodi­
ment of the present invention. 

Referring to FIG. 10 a modified triplet network 1000 is 
illustrated, where an input of the triplet network 1000 is an 
image triplet (x, x+, x-), where image xis closer to image x+ 
than to image x-. This is known, for example, because the 
each of the images of the image triplet have been labeled or 

FIGS. 4, 5, 6, 7, 8, 9A and 9B illustrate specific imple- 45 

mentations of embedding documents in an embedding space 
according to an implementation of the present disclosure. 
Specifically, FIGS. 4-9B illustrate a set of documents 
embedded in 2-dimensional space. Aspects of the present 
disclosure envision embedding documents in spaces oflarge 
dimensionality, hence two dimensions is for illustration 
purposes only. 

50 conditioned using, for example, an oracle or a Mechanical 
Turk, which is described in further detail below. There can 
be many sets of image triplets to be used as training data. 
After forward propagation through neural network Net with 
shared weights W,, an embedding ( e.g., a vector or a matrix) 

Referring to FIG. 4, a space 410 contains documents, e.g., 
421, 422. Each pair of documents has a distance 430 
between them. 

Referring to FIG. 5, the set of documents from FIG. 5 is 
illustrated in addition to a circular geometric constraint 510. 
Those documents inside the circle, e.g., 521 and 511 are said 
to satisfy the constraint. Aspects of the present disclosure 
express queries and user input in the form of such geometric 
constraints. The documents that satisfy the constraints are 
the current results of the query. As the user provides further 
input additional constraints may be added, or existing con­
straints may be added or removed. 

Referring to FIG. 6, the set of documents from FIG. 4 is 
illustrated in addition to a non-circular geometric constraint 
610. Various implementations may include geometric con-

55 representation y, y+ r can be obtained. Embedding y having 
been obtained from image x, embedding y+ having been 
obtained from image x+, and embedding r having been 
obtained from image x-. The dimensionality of the vectors 
or matrices output from the neural network Net will depend 

60 upon architecture of the neural network Net. Next a simi­
larity function can be applied to embeddings y+, r and y, 
where y+=Net(x+) and y-=Net(x-) and the reference y=Net 
(x). The dimensionality of the vectors or matrices output 
from the neural network Net will depend upon architecture 

65 of the neural network Net. 
Referring to FIG. 10, the similarity between embeddings 

y and y+ is identified as S(y, y+) and the similarity between 
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embeddings y and r is identified as S(y, r). After calcu­
lating the similarities between the embeddings, a loss L ( or 
error) can be calculated as L=[l+S(y, y+)-S(y, r)J. As the 
loss L becomes closer to zero, the lower the error and the 
greater the probability that a user would click or select y+. 5 

The loss may also be calculated using mean square distance 

16 
a goal to achieve large distances when items are dissimilar, 
then this sort of regularization pushes towards a default that 
items will be similar. However, if a goal is set to have the 
embeddings have a large dot product when the items are 
similar (as in the case of the above-describe similarity 
function), then the regularizer applies pressure towards a 
default that items are dissimilar. It will often be the case that 
a typical random pair of items should be regarded as 
dissimilar. This results in an overall more accurate and 

of a softmax function or any other known methods, such as 
cross-entropy or log likelihood. After all of the sets of 
training data are propagated through the neural network Net 
( e.g., one epoch), the losses can be used to update the neural 
network Net and then the training data can be used again. 
Accordingly, the weights W, of the network Net can be 
trained using back propagation to eventually train the net­
work to recognize that image x is closer to image x+ than to 
image x-. 

10 efficient visual product discovery for a customer. 

15 

Specifically, the back propagation adjusts the weights W, 

K-Net Network Architecture 
FIG. 11 illustrates a modified triplet network structure that 

utilizes a K-Net network architecture, according to an 
embodiment of the present invention. 

Referring to FIG. 11, a modified triplet network 1100 is 

of the network Net starting with the weights nearest to the 
outputs of the network Net and working backwards to the 
weights nearest to the inputs of the network Net. The 
weights can be adjusted in dependence on the total loss of 20 

the network Net and/or similarities or distances between any 

illustrated, where a set of K+2 images is fed into a K-Net 
network, K being an integer greater than 1. This set of K+2 
images can be used as training data to train the K-Net 
network. 

In an implementation, the set of K+2 images can be 
defined as {x', xs,x,U, ... , xKu}, wherex,U, ... , xKurepresent 
a set ofK images (i.e., the "K" portion of the set ofK+2) for 
i= 1 to K and K> 1. Further, x' ( e.g., a target image or 
document) and xs (e.g., a favored image or document) 
represents the "+2" portion of the set of K+2 images. 
Accordingly, the set of images feed into the K-Net network 

of the embeddings output from the network Net. The 
weights W, of the network Net can be adjusted using known 
techniques for performing back propagation. Typically, if 
the network Net implements, for example, a sigmoid feed- 25 

forward function, then the back propagation is also per­
formed using the same sigmoid function. Other examples of 
functions used for feed-forward and back propagation 
include gradient descent and stochastic gradient descent. 
Additionally, the learning rate for the back propagation can 30 

be set to a predetermined value and/or can be adjusted while 
training the network Net based on any other factors. This can 

can be represented as {x', xs, xt, ... , xKu}, where x' is a 
target image or document, xs is a selected (favored) image or 
document and x 1 u, ... , xKu are unselected images of the set 
of K+2 images. Because K>l, there must be at least four 
images or documents as part of the training set. An alterna-
tive implementation could involve the use of only three 
images or documents in the training set, which would 
include x', xs, xKu, where K=l. However, this may not be the 
optimal implementation, because it is essentially the triplet 
approach described with reference to FIG. 2. 

be done over and over again using the same training data 
until satisfactory results ( e.g., the calculated losses are 
minimal based on some type of predetermined threshold) are 35 

achieved. 
In contrast to the architecture illustrated in FIG. 2, which 

utilizes a distance function, the modified triplet network 
1000 illustrated in FIG. 10 utilizes a similarity function. The 
similarity function, which is used to determine a measure of 
similarity, can be any function having kernel properties, 
such as but not limited to a dot product function, a linear 
function, a polynomial function, a Gaussian function, an 
exponential function, a Laplacian function, an analysis of 
variants (ANOVA) function, a hyperbolic tangent function, 
a rational quadratic function, a multiquadratic function, an 
inverse multiquadratic function, a circular function, a wave 
function, a power function, a log function, a spline function, 

The set ofK+2 images can be obtained by displaying the 
target image x' along with a screen of K + 1 images to a user 
or a probability model, such as an oracle, that simulates the 

40 user. The K+l images can be randomly selected or prese­
lected based on any type of criteria and the behavior of the 
oracle can be based on a probability model. The user or the 
oracle then selects an image from the screen ofK+l images 
that is most similar to the target image x'. The image selected 

45 by the user or the oracle is the selected image xs. The 
remaining unselected images from the screen of K + 1 images 
are identified as x,U for i=l to K (equally represented as 
x/, ... 'xKu). 

a B-spline function, a Bessel function, a Cauchy function, a 
chi-square function, a histogram intersection function, a 50 

generalized histogram intersection function, a generalized 
T-student function, a Bayesian function and a wavelet func-

As an outcome of the above-described process of deter-
mining the set ofK+2 images, the set {x', xs, xt, ... , xK-l u} 
ofK+2 images is obtained. This set {x', xs, x1u, ... , xKu} 
of images is then and fed into and propagated through the 
K-Net network. Each image of the set {x', xs, x1 u, ... , xKu} 
ofK+2 images is composed of many pixels. Referring to the 

tion. 
In the above-described context, using similarity functions, 

as opposed to using distance functions, is better because 
neural networks are often trained with regularizers that, for 
example penalize and/or adjust for larger weights W,. This 
adds an ever increasing cost in order to reach the training 
objective as the weights of the neural network get larger. 
These regularizers are added to prevent overfitting, where 
the network pays undue attention to details in the training 
data, instead of identifying broad trends. Further, these 
regularizers may be viewed as applying pressure toward a 
default behavior, which must be overcome by the training 
data. When used for learning embeddings, standard regular­
izers have an effect of pushing the embeddings toward an 
origin, which tends to push them closer together. If one uses 

55 example above, each image could include 64 individual 
pixels, each having an RGB value. Therefore, for example, 
196 pixel values representing image x', are input into 196 
different input nodes (neurons) of the neural network Net. 
For the sake of illustration, each of the 196 nodes (neurons) 

60 is not represented in FIG. 5. The same holds for each image 
of the set. A benefit of feeding the set {x', xs, xt, ... , xKu} 
images into K-Net network architecture illustrated in FIG. 
11 is that when combined with an appropriate objective 
function the K-Net network preserves information regarding 

65 conditional probabilities of user choices, whereas the triplet 
approach, as illustrated in FIG. 2, utilizes the similarity 
function that only preserves ordinal relationships for pairs of 
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ferences corresponds to a likelihood that a favored (selected) 
document will be selected over the unfavored (unselected) 
documents. 

Specifically, the back propagation adjusts the weights W, 

images. In other words, the K-net network can compute the 
conditional probability, for each of the candidate images, 
that a user would consider them the most similar to a target 
image given the set of candidate images. This concept is 
described in greater detail below. 

Referring to FIG. 11, when the set ofK+l images {x', xs, 
xt, ... , xKu} is fed into the K-Net network, the set {x', xs, 
x 1 u, ... , xKu} of images is propagated through the neural 
network Net with shared weights W, to obtain a set of 
corresponding embeddings ( e.g., vectors or matrices) {y', ys, 
and y,U, ... , y Ku}, where y'=Net(x'), y5=Net (xs), and 
y,U=Net(x,U). The obtained set of corresponding embeddings 
may also be identified as {y', ys, and y 1 U, ... , y Ku}. The 
dimensionality of the vectors or matrices output from the 
neural network Net will depend upon architecture of the 
neural network Net. For example, a vector output from the 
neural network Net could have 128 dimensions as a result of 

5 of the network Net starting with the weights nearest to the 
outputs of the network Net and working backwards to the 
weights nearest to the inputs of the network Net. The 
weights can be adjusted in dependence on the total loss of 
the network Net and/or distances between any of the embed-

10 dings output from the network Net. The weights W, of the 
network Net can be adjusted using known techniques for 
performing back propagation. Typically, if the network Net 
implements, for example, a sigmoid feed-forward function, 
then the back propagation is also performed using the same 

the input image having any number of pixels. The example 
discussed above was with respect to an 8-by-8 pixel having 

15 sigmoid function. Other examples of functions used for 
feed-forward and back propagation include gradient descent 
and stochastic gradient descent. Additionally, the learning 
rate for the back propagation can be set to a predetermined 
value and/or can be adjusted while training the network Net 

20 based on any other factors. This back propagation can be 
done over and over again using the same training data until 
satisfactory results (e.g., the calculated losses are minimal 
based on some type of predetermined threshold) are 
achieved 

a total of 64 pixels and a total of 196 inputs to the neural 
network Net. Another example would include a 256-by-256 
pixel image having a total of 65,536 pixels and a total of 
196,608 inputs to the neural network Net. Additionally, the 
smaller the dimensionality of the output vector (e.g., 128 25 

dimensions) the easier the output vectors are to use ( e.g., 
compute the distance between the two vectors). However, if 

For the reasons described above, this K-Net Architecture 
not only takes into account the image selected by the user, 
but also takes into account all of the other images that were 
presented on the screen and not selected by the user. For 
example, when users are actually looking for something 

the number of dimensions of the output vector is too small, 
then it will become harder for the neural network Net to 
capture the complexity of the images in the embedding. 30 ( e.g., clicking on an image) the desire of the user cannot be 

accurately reflected when only triplets are considered. This 
is because the triplets merely provide a result that indicates 
this one image of the triplet is closer to the target image than 

Further, a distance function can be applied to the obtained 
embeddings to calculate a distance between a target embed­
ding y' and a selected embedding ys and to calculate dis­
tances between the target embedding y' and each of the 

35 
remaining embeddings y t, ... , y Ku· These distances can be 
calculated using any of the method described above or any 
other distance that would be apparent to a person of ordinary 
skill in the art. A result of this application of the distance 
function is a set ofK pairwise distance measurements, which 40 

can be further propagated to a loss function, such as, for 
example loss L=log(l +~,~i KeD(y' .y')-D(y' ,y;")). This loss func-

the other image of the triplet. In contract, using the K-Net 
Architecture, an entire screen of images is taken into account 
when training the neural network. 

Furthermore, for example, when a first user is shown a 
target image and a screen of 10 images, the first user will 
pick one particular image. However, when a second user is 
shown the same target image and screen of 10 images, the 
second user may pick a different image and so on and so on. 
Even though each user might have different results, the 
training data and the K-Net Architecture makes it possible to 
superimpose all of the results by preserving data for the 
selected images and the unselected images for each user and 
then training the neural network using this preserved data. 
This can make it possible to calculate a probability, for each 
image on the screen that the user will select that image as 
being the most similar to the target, because the calculated 
loss L for each image is actually the probability of a user 
clicking on that image on the screen. Such results cannot be 
achieved using the above-described triplet architecture. 

In another implementation, the K+2 set could be unrolled 
to K sets of triplets, such as (x', xs, x 1 u), ... , (x', xs, xKu). 
The resulting sets of triplets can be used to find a distance 
or similarity function by training the triplet network struc-
tures illustrated in FIGS. 2 and 10. 

In an embodiment, there are K+2 copies of a neural 
network, such that a single copy of the neural network is 
associated with an image x ( e.g., neural network t is asso­
ciated with image x', neural network s is associated with 
image xs, and so forth). The weights W, are adjusted differ­
ently for each neural network by back propagation, as 
described above. This can result in each neural network 

tion can be interpreted as the log-likelihood of a probability 
model for predicting the probability that the image xs will be 
clicked on, given that x' is the target. Other known loss 45 

functions, or variations thereof, can be adapted to this 
particular implementation of the K-NetArchitecture, such as 
mean-squared error, cross-entropy function, etc. Further, the 
loss function can be summarized or abbreviated as an 
average over all of the output vectors y,U of [D(y', y5)-D(y', 50 

y,U)], where Dis a distance between two vectors. The loss L 
gets smaller as xs gets closer to x' and the loss gets larger for 
some other xu as xu is further away from x'. For this type of 
model it is convenient to apply Bayes' rule to derive 
probabilities that various products (images) are the targets, 55 

given past clicks of the user. When training the K-Net 
network, it is possible to obtain a choice of parameters that 
provide an accurate model. The K-Net network can be 
trained by propagating back errors (i.e., the loss) of this 
objective function, otherwise known as back propagation. 60 

This way, the weights of the neural network Net can be 
continually adjusted based on the loss L. In other words, the 
back propagation repeatedly adjusts parameters of the neural 
network until a sum of differences calculated from (i) a 
distance between the vector y' and the vector ys and (ii) 
distances between the vector y' and each of the vectors y,U 
satisfies a predetermined criteria, wherein the sum of dif-

65 being pulled in a different direction. By summing these 
changes, the system at large is modified to improve the 
overall loss. 
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Better than Random Regularization 
Training deep neural networks is a challenging task and 

for successful results large amounts of data are necessary. As 
mentioned above, the architectures illustrated in FIGS. 2, 10 
and 11 are even more challenging to train because (i) the 5 

number of triplets that can be used for training when there 
are N images in the training data is N3 and (ii) typically the 
images from the training data are unlabeled ( e.g., not clas­
sified). 

Regarding the challenge of dealing with N3 sets of triplets, 10 

for large sets of training data this is far too many triplets. 
Accordingly, smaller subsets of data must be obtained from 

20 
original image or might the same original image with an 
altered background. The purpose of creating image x to train 
the neural network is so that the neural network is stable to 
an altered version of the same image. The noisy or perturbed 
version x of the same image x must always be closer to the 
original image x than the other random image. Applying the 
noise or perturbation to image x in various different marmers 
enables the generation of a set of much larger training data 
that will compensate for the overfitting issues described 
above. In an implementation, while training a neural net­
work, a batch of random sets of triplets can be augmented 
using far from random triplets (x, x, y). These random 
triplets can be fed into various neural network architectures, 
such as the architectures illustrated in FIGS. 2 and 10, or 
even the architecture illustrated in FIG. 11. 
Better than Random Unsupervised Learning 

Another approach to addressing the above-described 
problem related to the generation of training data for triplet 
and K-Net type models is better than random unsupervised 
learning. As mentioned above, smaller sets of data must be 
identified from the training data if the training data is large 
and this can still result in inefficient training if the data (e.g., 
the images) is not labeled. 

In order to address these above-described challenges, the 

the training data in order to efficiently train the neural 
networks. One method of obtaining smaller subsets of data 
from the training data is to randomly select images to be 15 

included in each of the triplets. However, this can cause a 
problem in that the randomly selected images are not close 
enough (e.g., in the same neighborhood) such that small 
differences between very similar images cannot be used for 
training the neural network. This results in the neural 20 

network being able to capture broad differences but not 
subtle differences between more similar images. The goal 
here is for the neural network to be able to compute 
embeddings so that the most similar embeddings are the 
most similar items (e.g., products). 25 better than random unsupervised learning approach of gen­

erating triplets on completely new sets of data can be used. 
This approach implements a model or a previously trained 
neural network that was trained using a different data set and 

Regarding the challenge of dealing with unlabeled train­
ing data, note that without having labeled images in the 
training data, it is difficult to identify images that are in a 
same or similar class, resulting in using triplets for training 
that use images that are far too different. Note that if the 30 

images from the training data are labeled, then it is easier to 
identify an image from the same "neighborhood" of classi­
fication. As a result, triplets can be sampled from labeled 
training data, such that such that image x and image x+ 
belong to same class and image x- is randomly chosen from 35 

another class. However, typically this is not the case because 
labeled training data is generally not available. Again, 
because of this challenge of not having labeled training data, 
the result is that the neural network does not learn how to 
compare similar items. 

These problems are illustrated in FIG. 12 in which a 
random set of triplets is selected from a large catalog of 
unlabeled training data. With respect to selecting triplets of 
images from training data, there is an assumption that if the 
images are randomly sampled from a catalog, each of the 
images will be far from each other. One pair of images with 
certainly be closer to each other than another pair of images. 
However, it is likely that each of the images will not even be 
in the same neighborhood. Referring to FIG. 12, a catalog 
1200 is illustrated, wherein three image triplets "i," 'T' and 
"k" are randomly selected. As illustrated image "i" is much 
closer to image 'T' than to image "k." It is clear that image 
"k" is the outlier. However, images "j" and "k" are not even 
in the same neighborhood 1212 as image "i." The same goes 
for the neighborhood 1214 of image "k" and the neighbor­
hood 1218 of image ')." An effective way to address this 
issue of obtaining subsets of data that are more useful (i.e., 
in the same neighborhood) is to use better than random 
regularization, which is discussed in more detail below. 

Better than random regularization chooses two random 
images, x and y for a triplet. The third component of the 
triplet is x, such that the triplet is represented by (x, x, y). 
The third component xis a noisy or perturbed version of the 
original image x. In an implementation, the noise or pertur­
bation applied to x is not so drastic that the altered version 
of image x is unrecognizable to the neural network. In some 
implementations image x might be a rotated version of the 

then applying a new data set (e.g., training data) to that 
model/network in order to predict which items of the new 
data set are similar or dissimilar to each other. Once these 
initial similarities (or dissimilarities) are identified, then 
better triplets (e.g., more similar triplets) can be selected. 
Furthermore, once the training data has been ran through the 
model or neural network for identifying similarities, the 
better than random regularization approach can be imple-
mented to perturb one of the images of the triplet. Alterna­
tively, triplets generated from the new training data using the 
better than random regularization approach can be used to 

40 train a triplet model. 
There are several advantages of this approach. First, an 

oracle or labeled data is not necessary to create the triplets, 
which will potentially save money. Second, a larger amount 
of training data can be generated. Third, once the model is 

45 trained, the model can be used to generate a next set of 
triplets. These triplets generated by the model will not be 
random anymore, because the model will learn some simi­
larity measure. Accordingly, this better than random 
approach with unsupervised learning can be used to pick 

50 images for generating triplets from their local neighbor­
hoods so as to increase an amount of valuable information 
per each training example. 
Autoencoder Regularization in a Triplet Network 

As discussed above the triplet and K-Net architectures are 
55 challenging to train due to overfitting. In other words, the 

goal is for the network to learn how to recognize shapes and 
attributes in a way that makes generalizations or generalizes 
to previously unseen items. In an implementation, an effi­
cient way to regularize these networks is to include auto-

60 encoder type of regularization. The concept of autoencoding 
is to train the neural network to be able to encode an image 
x through forward propagation, then decode the encoded 
image using an inverse of the neural network to output, for 
example, image x. Then the original image x is compared to 

65 image x. Ideally the original image x will be similar to the 
decoded image x. The difference or loss between the two 
images can be used to further train the neural network to 
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make the two images as similar as possible. This can be 
more complex than is sounds because the original image x 

22 
the raw data. A Turk is a crowdsourced Internet marketplace 
enabling individuals and businesses to coordinate the use of 
human intelligence to perform tasks that computers are 
currently unable to do. Here, employers are able to post jobs 

is encoded into a low dimensional embedding by the neural 
network before being decoded. For example, a vector output 
from the neural network might have less dimensions than the 
original image x. As a result, when reconstructing the image 
from the encoded image (i.e., the vector output from the 
neural network) using the inverse neural network the result-

5 known as Human Intelligence Tasks (HITs), such as choos­
ing the best among several photographs of a storefront, 
writing product descriptions, or identifying performers on 
music CDs. 

ing image might be different from the original image x. As 
such, the neural network must be properly trained so that the 10 

decoded image x and the original image x are similar. In 
other words, even though there is a loss of dimensions from 
the original image x, it is still possible to determine whether 
or not the decoded image x is similar to the original image 
x. This ensures that the neural network learns to capture the 15 

most important information of the original image in the 
embedding (or encoded image). 

The proposed architecture of autoencoder regularization 
in a triplet network is illustrated in FIG. 13, where the 
architecture is similar to the triplet architecture illustrated in 20 

FIGS. 2 and 11. FIG. 13 illustrates an implementation of 
autoencoder regularization for training a neural network, 
according to an embodiment of the present invention. 

Referring to FIG. 13, an implementation of autoencoder 
regularization in a triplet network 1300 is illustrated, where, 25 

similar to FIG. 2, an input of the triplet network 1300 is an 
image triplet (x, x+, x-). After forward propagation through 
neural network Net with shared weights W, an embedding 
(e.g., a vector or matrix representation) y, y+, r can be 
obtained and then a distance between embeddings y+=Net 30 

(x+) and y-=Net(x-) and the reference y=Net(x) can be 
calculated. Referring to FIG. 13, the distance between 
embeddings y and y+ is identified as D(y, y+) and the 
distance between embeddings y and r is identified as D(y, 
y-). After calculating the distances between the embeddings, 35 

a loss L (or error) can be calculated as L=[l+D(y, y+)-D(y, 
y-)]. As the loss L becomes closer to zero, the lower the 
error. The weights W, of the neural network Net can be 
trained using back propagation, as described above. 

The main difference between the architectures illustrated 40 

in FIGS. 2 and 11 and the architecture illustrated in FIG. 13 

The Turk can be used to generate the initial training data 
by showing a person (Turker) a target image x and N other 
related images and asking the Turker to choose one image 
out of the N images that is closest to the target image x. The 
use of a Turk is considered supervised learning, because a 
person is involved in the process. Alternatively, an imple-
mentation can use unsupervised learning. Rather than using 
a person, an algorithm can be created that selects, from the 
N related images, the most similar image to the target image 
x. The algorithm determines which image is most similar 
through a distance measure, for instance, created using 
labels if available or the image embeddings computed from 
a previously trained neural network. Sometimes this "algo-
rithm" is referred to as model or as general purpose model, 
which is described in more detail later on. 

In operation 1440 the outcome of the process performed 
by the Turk can be arranged as training data for training the 
model. The training data obtained in operation 1440 is 
essentially a "screen" of data including the target image x, 
the selected image and the unselected images. This "screen" 
of data can be identified as {target, selected, unselected(!), 
unselected(2), ... , unselected(N-1)}. This provides data 
that is ordered/organized in such a way that it is known that 
the distance between the target image and the selected image 
should be smaller than the distance between the target image 
and any unselected image. 

In operation 1450 the training data is input into the neural 
network (e.g., model) that is being trained. In an implemen­
tation, the training data can be used to train a K-Net network 
or a triplet network as described above. 

One disadvantage to the operations of the flowchart 1400 
illustrated in FIG. 14 is the use of random screens and/or 
triplets, because the random screens and/or triplets contains 
less information than non-random screens and/or triplets that 
contain similar products. Another disadvantage is that ran­
dom screens do not necessarily resemble a distribution of 

is that the output embedding (vector or matrix) y=Net(x) is 
propagated to a decoder type network NeC 1 which produces 
image x, which is a reconstruction of image x. A loss 
between image x and image x can be calculated as 
L=(llx-xll). Based on the calculated loss between image x 
and image x, the weights of the neural network Net can be 
adjusted using back propagation, as described above, so that 
image x and image x essentially match or come closer to 
matching. Again, through this process the autoencoder is 
trained through back propagation, as described above, to 
reconstruct the original image x as closely as possible. 
Training Data Generation 

45 "real data." FIGS. 15-17, discussed below describe 
improved methods for obtaining and developing training 
data, in comparison to the operations illustrated in FIG. 14. 

Regarding "real data," one of the most challenging 
aspects of generating training data is that the training data 

50 should resemble an underlying distribution of "real data." In 
an implementation "real data" is data that represents what a 
user would select (e.g., which documents or images a user 
would select) when a user is presented with documents or 

FIG. 14 illustrates a flowchart describing a generation of 
random training data for a neural network. One of the most 55 

important aspects of training a model is acquiring appropri-
ate training data and test data. 

Referring to FIG. 14, a flowchart 1400 describing a 
generation of random training data for a neural network is 
illustrated, where in operation 1410 raw data ( e.g., unlabeled 60 

data with no distances or similarities associated therewith) is 
obtained and in operation 1420 random screens ofN images 
are determined from the raw data. 

images on a screen. 
FIG. 15 illustrates a flowchart describing an overall 

process of providing a service using a trained model. 
Referring to FIG. 15, a flowchart 1500 describing an 

overall process of providing a service using a trained model 
is illustrated, where a trained model 1510 uses algorithms 
for generating predictions and/or screens 1520 to provide a 
service 1530 to the customer in the form of images and/or 
screens that are believed to draw the customer to their target 
image ( e.g., an image in their mind that they are trying to 
reach, such as a specific product). The images and/or screens Next, in operation 1430 a "Mechanical Turk" (hereinafter 

Turk or Mechanical Turk) such as an "Amazon® Mechani­
cal Turk" (https://www.mturk.com/mturk/welcome) can be 
implemented to start the generation of the training data from 

65 that are provided to the customer are based on the algorithms 
for generating predictions and/or screens 1520, which uses 
embeddings produced by the model 1510. The outcome of 
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the service 1530 is only as good as the trained model 1510. 
As discussed above, the use of better or more comprehensive 
training data allows for the creation of a better (e.g., more 
accurate or realistic) model, because the model is only as 
"smart" as the data that was used for training. This is why 5 

it is important to improve the above-described training data 
generating process. When generating training data, there are 
two important aspects, (i) generating training data for a new 
domain ( e.g., a set of images for which a model has not been 
developed), and (ii) generating training data for an existing 10 

domain ( e.g., a set of images for which a model has been 
developed), where there might be a new customer or new set 

24 
target image. In operation 1630 the (non-production) 
embeddings ( e.g., non-production vectors representing coor­
dinates in an embedding space) that are obtained from the 
general purpose model are presented to a production system 
and the production system utilizes randomly generated tar­
get images to generate screens (e.g., a group or groups) of 
images. In other words, certain documents from the non­
production embeddings are identified as document predic­
tions ( e.g., a screen of images). This group of documents can 
be represented as intermediary vectors that are obtained 
from the non-production embeddings identified in operation 
1620, where the intermediary (documents) vectors are iden­
tified by the algorithms of the production system based on 
the randomly generated target images. In this operation, 

of products for the existing domain for which the model 
based on the existing domain needs to be or should be 
further trained. 

FIG. 16 illustrates a flowchart describing a generation of 
training data for a new data domain ( e.g., a set of images for 
which a model has not been developed) and the creation of 
production embeddings or a production embedding space, 
according to an embodiment of the present invention. 

15 algorithms for generating the predictions of images and/or 
screens of images are applied to the embeddings generated 
from the general purpose model. In other words, the embed­
dings representing the images are fed into the production 
system so that the production system can apply algorithms 

Referring to FIG. 16, a flowchart 1600 describing a 
generation of training data for a new data domain is illus­
trated, where a general purpose model is used to create 
embeddings that generate smarter or more relevant inputs 

20 and identify embeddings that represent a realistic distribu­
tion of images with respect to the randomly selected target 
image. The embeddings identified from this process are 
image vectors representing N images that are predicted to 

for the Mechanical Turk. This provides the Mechanical Turk 25 

with a better starting point, rather than just using randomly 
selected images. 

As illustrated in FIG. 16, in operation 1610 raw data (e.g., 
images or documents) are obtained from the new data 
domain. The images or documents are raw data in the sense 30 

that there is no information regarding a measure of dissimi­
larity or collective closeness between the images or docu­
ments, even though the images or documents could be 
related to a particular catalog (e.g., apparel, vehicles, etc.). 
Again, this is a new data domain, meaning that the model 35 

that is eventually going to be trained using this data has not 
been previously trained in this particular data domain. For 
example, the model may have previously been trained on 
athletic shoes, but not formal shoes. 

In operation 1620 the raw data is fed into a general 40 

purpose model. This general purpose model can be, for 
example, a previously generated and publicly available 
model, such as an ImageNet Model® generated from images 
stored on ImageNet® or a GoogleNet® model generated 
from images stored on Google®. Rather than applying the 45 

general purpose model to the raw data, variational autoen­
coding (VAE), which is described in more detail below can 
be applied to the raw data to obtain embeddings. This 
approach of using the VAE has the advantage of generating 
embeddings from a network trained on this specific dataset, 50 

which could provide a better initial encoding of the images 
as opposed to using the general purpose model. 

most closely resemble (e.g., lowest dissimilarity) a target 
image. 

In other words, this operation can be implemented to 
simulate users looking for different images. For each ran­
domly generated target image, the production system alter­
natively generates a screen (based on previous simulated 
clicks if any) and predicts which item would be clicked on. 
An initial screen presents items that are far apart from each 
other. But as the production system continues to simulate 
clicks toward a specific target, items presented in the screens 
get closer and closer to each other. The algorithm stops when 
the target item is found, or after an arbitrary maximum 
number of simulated clicks is reached. 

These algorithms applied to the embeddings in operation 
1630 can be the same as or similar to algorithms that are or 
will be applied to "live" data once the model has been 
trained. For example, the algorithms may be the same 
algorithms that, in production service, provide a screen to a 
potential customer, where the customer clicks on an image 
or product that is the closest to an imaginary target product 
that the customer is trying to find. However, rather than 
using an actual customer ( e.g., supervised learning) at this 
point, the role of the customer is performed using the 
embeddings and an embedding model and the algorithms 
( e.g., unsupervised learning). 

In operation 1640, the predictions and/or screens of N 
images obtained in operation 1630 along with the target 
images are provided to a Mechanical Turk. Operations 1610, 
1620 and 1630 essentially provide the Mechanical Turk with 
a better starting point than just randomly choosing a screen 
of images for the Mechanical Turk to examine and provide 
a result, as illustrated in FIG. 14. As a result of operation 
1640, new training data is obtained from the Mechanical 
Turk. The new training data obtained from the Mechanical 
Turk can include the target image ( or a representation 
thereof, such as a vector), the image (or representation 

As a result of operation 1620, embeddings (e.g., vectors 
that can be interpreted as coordinates in an embedding 
space) can be obtained from the output of the general 55 

purpose model. The embeddings can be, for example, a 
vectors obtained from a triplet network, a K-Net Network, 
etc., as discussed above. These vectors can be 128-bit 
vectors resulting from neural network processing, as dis­
cussed above. 

Operation 1630 is performed in order to generate or 
identify screens or groups of images to be presented at a later 
point, to a Mechanical Turk, for example. A goal of this 
operation is to generate/identify the screens/groups of 
images so that the screens/groups include a realistic distri- 65 

bution of images ( e.g., a realistic distribution of distances 
between embeddings) with respect to a randomly selected 

60 thereof) selected by the Mechanical Turk and the predicted 
images ( or representations thereof) that were provided to the 
Mechanical Turk but not selected by the Mechanical Turk. 
In other words, as described above with reference to FIG. 
14, the new training data obtained in operation 1640 is 
essentially a "screen" or group of data including represen­
tations of a target image x, the selected image and the 
unselected images. This "screen" or group of data can 
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simply be identified as { target, selected, unselected(!), unse­
lected(2), ... , unselected(N-1)}. Other implementations 
could include multiple target images and/or multiple 
selected images being identified and utilized as the "screen" 
of data. 

Then, in operation 1650 the new training data obtained 
from the Mechanical Turk is used to train a new model in 
order to eventually obtain a "trained new domain model." 
The new training data is input into the new model that is 
being trained. In an implementation, the new training data 10 

can be used to train the new model in a K-Net network as 

26 
The embeddings can be, for example, a vectors obtained 

from a triplet network, a K-Net Network, etc., as discussed 
above. These vectors can be 128-bit vectors resulting from 
neural network processing, as discussed above. 

The difference between operation 1720 and operation 
1620 is that in operation 1720, the model has already been 
trained for the particular domain from which the raw data is 
obtained. The output of the model can be considered non-
production embeddings that are represented as non-produc­
tion vectors. 

Operation 1730 is performed in order to generate or 
identify screens or groups of images to be presented at a later 
point to a Mechanical Turk, for example. A goal of this 
operation is to generate/identify the screens/groups of 

described above and can also be used to create triplets, such 
as { target, selected, unselected(!)}, { target, selected, unse­
lected(2)}, ... , {target, selected, unselected(N-1)}, for 
training the new model using a triplet network, as described 
above. Once this training is complete, the "trained new 
domain model" is available. 

After the new model is trained to obtain the "trained new 

15 images so that the screens/groups include a realistic distri­
bution of images (e.g., a realistic distribution of distances 
between embeddings) with respect to a randomly selected 
target image. In operation 1730 the (non-production) 

domain model," in operation 1650, the raw data and/or new 
data can be fed into the "trained new domain model" so that 20 

the "new trained domain model" can generate production 
embeddings in operation 1660. The generated production 
embeddings are used to choose products as explained in the 
above-described references incorporated herein. 

embeddings ( e.g., non-production vectors representing coor­
dinates in an embedding space) that are obtained from the 
existing model are used in a production system and the 
production system utilizes randomly generated or selected 
target images to generate screens (e.g., a group or groups) of 
images. In other words, certain documents from the non-

FIG. 17 illustrates a flowchart describing a generation of 
training data for an existing data domain (e.g., generating a 
set of new images for a specific domain for a model that has 
already been trained), according to an embodiment of the 
present disclosure. An example implementation is a situation 
where there might be a new customer or new set of products 
for an existing domain for which the ( already trained) model 
needs to be or should be further trained. 

25 production embeddings are identified as document predic­
tions ( e.g., a screen of images). This group of documents can 
be represented as intermediary vectors that are obtained 
from the non-production embeddings identified in operation 
1720, where the intermediary (documents) vectors are iden-

Referring to FIG. 17, a flowchart 1700 describing a 
generation of training data for an existing data domain is 
illustrated, where an existing domain model is used to create 
embeddings that are then used to generate smarter or more 
relevant inputs for the Mechanical Turk. This provides the 
Mechanical Turk with a better starting point, rather than just 
using randomly selected images. 

30 tified by the algorithms of the production system based on 
the randomly generated target images. In this operation, 
algorithms for generating the predictions of images and/or 
screens of images are applied to the embeddings generated 
from the general purpose model. In other words, the embed-

35 dings representing the images are fed into the production 
system so that the production system can apply algorithms 
and identify embeddings that represent a realistic distribu­
tion of images with respect to the randomly selected target 
image. The embeddings identified from this process are 

40 image vectors representing N images that are predicted to 
most closely resemble (e.g., lowest dissimilarity) a target 

As illustrated in FIG. 17, in operation 1710 raw data (e.g., 
images or documents) are obtained from an existing data 
domain. The images or documents are raw data in the sense 
that there is no information regarding a measure of dissimi­
larity or collective closeness between the images or docu­
ments, even though the images or documents could be 45 

related to a particular catalog (e.g., apparel, vehicles, etc.). 
Again, this is an existing data domain, meaning that the 
model has already been trained on data from this data 
domain. For example, the model may have previously been 
trained on athletic shoes using a first set of images or 50 

documents, but not using a second set of images or docu­
ments ( e.g., the second set of images or documents could 
simply be an updated set of images or documents that 
represent a new line of products for an upcoming year). 

In operation 1720 the raw data is fed into the existing 55 

( e.g., previously trained) model. This existing model can, for 
example, be a model that has been previously used to create 
a production embedding or simply GoogleNet®. As a result 
of operation 1720, embeddings ( e.g., vectors that can be 
used to form an embedding space) can be obtained from the 60 

output of the existing model. Rather than applying the 
general purpose model to the raw data, variational autoen­
coding (V AE), which is described in more detail below, can 
be applied to the raw data to obtain embeddings. This 
approach of using the VAE has an advantage of generating 65 

embeddings from a network trained on this specific dataset, 
which might result in a better initial encoding of the images. 

image. 
In other words, this operation can be implemented to 

simulate users looking for different images. For each ran­
domly generated target image, the production system alter­
natively generates a screen (based on previous simulated 
clicks if any) and predicts which item would be clicked on. 
An initial screen presents items that are far apart from each 
other. But as the production system continues to simulate 
clicks toward a specific target, items presented in the screens 
get closer and closer to each other. The algorithm stops when 
the target item is found, or after an arbitrary maximum 
number of simulated clicks is reached. 

These algorithms applied to the embeddings in operation 
1730 can be the same as or similar to algorithms that are or 
will be applied to "live" data once the model has been 
trained. For example, the algorithms may be the same 
algorithms that, in production service, provide a screen to a 
potential customer, where the customer clicks on an image 
or product that is the closest to an imaginary target product 
that the customer is trying to find. However, rather than 
using an actual customer ( e.g., supervised learning) at this 
point, the role of the customer is performed using the 
embeddings and an embedding model and the algorithms 
( e.g., unsupervised learning). 

In operation 1740, the predictions of N images and/or 
screens of N images obtained in operation 1730 along with 
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the target image are provided to a Mechanical Turk. Opera­
tions 1710, 1720 and 1730 essentially provide the Mechani-

28 
can be used to train the existing model in a K-Net network 
as described above and can also be used to create triplets, 
such as { target, selected, unselected(!)}, { target, selected, 
unselected(2)}, ... , {target, selected, unselected(N-1)}, for 

cal Turk with a better starting point than just randomly 
choosing a screen of images for the Mechanical Turk to 
examine and provide a result, as illustrated in FIG. 14. As a 
result of operation 1740, new training data is obtained from 
the Mechanical Turk. The new training data obtained from 

5 training the existing model using a triplet network, as 
described above. Once this training is complete, the 
"updated existing domain model" is available. In an imple­
mentation, rather than training an existing model in opera-the Mechanical Turk can include the target image ( or a 

representation thereof, such as a vector), the image (or 
representation thereof) selected by the Mechanical Turk and 10 

the predicted images ( or representations thereof) that were 
provided to the Mechanical Turk but not selected by the 
Mechanical Turk. In other words, as described above with 
reference to FIG. 14, the new training data obtained in 
operation 17 40 is essentially a "screen" or group of data 
including representation of a target image x, the selected 
image and the unselected images. This "screen" or group of 
data can simply be identified as { target, selected, unselected 

tion 1760, a new model can be trained. 
After the existing model is trained to obtain the "updated 

existing domain model," in operation 1760, the raw data 
and/or new data can be fed into the "updated existing 
domain model" so that the "updated existing domain model" 
can generate production embeddings in operation 1770. The 

15 generated production embeddings are used as explained in 
the disclosures incorporated herein by reference. 
Variational Autoencoding 

As briefly mentioned above, gathering data (e.g., selec­
tions) from crowdsourced users is a typical way to start a (1 ), unselected(2), ... , unselected(N-1)}. Other implemen­

tations could include multiple target images and/or multiple 
selected images being identified and utilized as the "screen" 
of data. 

Then, in operation 1750 a determination is made as to 
whether the new training data needs to be further refined 
and/or updated. This determination can be based on several 
factors, such as, for example, visual inspection of similarity 
judgments produced by the model and statistical evaluation 

20 collection of training data to be eventually fed into the neural 
network or model. This can be done many different ways. A 
good example is using a "Mechanical Turk" (hereinafter 
Turk or Mechanical Turk) such as an "Amazon® Mechani­
cal Turk" (https://www.mturk.com/mturk/welcome), which 

of the model used in the context of the larger overall system. 

25 can be implemented to start the generation of the training 
data from raw data. In order to speed up the collection of 
information (data) it would be helpful to generate screens of 
similar items to have an initial unsupervised embedding, as 

If it is determined in operation 1750 that there is still a 
need to further refine and/or update the new training data, 30 

then the new training data is sent back to operation 1720 to 
further continue the above described operations 1720, 1730 
and 17 40 using the new training data ( the new training data 

opposed to a random initial embedding. 
For example, consider what would happen with a com-

pletely random initial embedding. Users searching for an 
item would be presented with a random screen with every 
click, never narrowing down (e.g., getting closer to a target 
item or image). While training data obtained using these 

35 methods would give some information, it would be very 
difficult for the model being trained to learn fine-grained 
distinctions between similar items or images (this problem is 
discussed in more detail above). As a result, one would need 
to train a model on the random screens, use that model to 

is processed in operation 1720 rather than the raw data). In 
other words, the new training data can be input back into the 
existing domain model utilized in operation 1720. Based on 
this structure, a feedback loop can be created such that the 
training data generated in operation 1740 can be used to 
further improve the existing domain model and further 
improve the new training data. This feedback loop can be 
repeated until the required model quality is achieved. In 
other words, a determination is made as to whether required 
model quality is achieved. This can be done before operation 
1760, as illustrated in FIG. 17, or alternatively after opera­
tion 1760. Model quality can be achieved when the trained 45 

model outputs a satisfactory measure of similarity between 
products. A way of verifying this is to compute the embed­
ding of every item of a catalog, and then sample a set of 
random items and display its nearest neighbors in the 
embedding space. If for each sampled item its nearest 50 

neighbors look very similar (e.g., a human can make this 
judgement), then it is an indication that the trained model is 
working as designed. If it is not working as designed, then 
the process returns to operation 1720. 

40 collect more training data, and loop that process until the 
model used to collect data was sufficiently fine-tuned 
enough for the users to accurately explore the space and find 
the target item or image. This process could take any number 
of iterations. 

In contrast to suing a completely random initial embed-
ding, a reasonable unsupervised initial embedding can be 
used. Such an initial embedding would allow user to, on the 
very first data collection effort, narrow in on their target item 
or item and find it. This allows data to be collected from all 
granularities, both at the high level between very different 
items or images and also at the low level, between items or 
images that appear similar. This approach eliminates various 
iterations of the loop of collecting data----;,refining the mod­
el----;,collecting data loop, which in tum provides a saving on 

Alternatively, this feedback loop can continue even after 55 

the production embeddings are generated in operation 1770. 
costs and time. 

Previously, as opposed to using a completely random 
embedding as a basis for developing training data, pre­
trained image recognition models, which are widely 
accepted as giving strong recognition results, have been 

For example, trends and opinions of Mechanical Turks can 
change over time, based on how people are changing their 
perceptions. This continuous feedback can be useful for 
continuously updating the existing domain model. 

If it is determined in operation 1750 that there is no need 
to further refine and/or update the training data, then in 
operation 1760 the new training data obtained from the 
Mechanical Turk is used to train the existing model in order 

60 implemented. While these pre-trained image recognition 
models are not trained particularly to identify the types of 
items or images of interest, their general abstract shape 
recognition abilities tends to result in similar items being 

to eventually obtain an "updated existing domain model." 65 

The new training data is input into the existing model that is 
being trained. In an implementation, the new training data 

mapped to a similar point in embedding space. However, if 
the shapes in this data set are different than what the general 
purpose model is used to process, then the general purpose 
model might not be able to predict similar items accurately. 
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To solve these above-described problems, a variational 
autoencoder (VAE) is used to create the initial embedding 
Kingma et al., "Auto-Encoding Variational Bayes" (1 May 
2014), incorporated herein by reference). In general, an 
autoencoder is a neural network that simply attempts to 5 

recreate its input, with the constraint that somewhere in the 
network, a bottleneck is introduced with less dimensions 
than the input itself. The autoencoder then must learn the 
most efficient way to represent the input (the encoder) 
through this bottleneck, such that it can reconstruct the input 10 

(the decoder) as closely as possible. The bottleneck is, for 
example, represented by some n-dimensional dense vector. 
The bottleneck itself can be treated as an embedding for the 
original input image. 

that is farthest in the embedding space (and displayed 
farthest from the primary result) is a different color, but the 
same brand as the primary result. This implementation 
maintains a stack of constraints. Each constraint requires the 
candidate to be closer to a user-selected image than one 
non-selected image. Thus at each iteration multiple con-
straints, e.g., 11, may be added. In one implementation, these 
constraints are treated as soft constraints in that each can­
didate suffers a penalty for each broken constraint. The 
candidate results are those with smaller penalties. In this 
implementation the stack of selected images is displayed at 
1805 with the oldest user selection at the left and newer ones 
to the right. The user may click on any image in this stack. 
This will removed all images (and their associated con­
straints) to the right of the clicked image off the stack. This 
has the effect of taking the user back to a previous search 

Fundamentally, a VAE attempts to perform the same task 15 

as the general autoencoder, but it uses a twist. Rather than 
using some n-dimension dense vector as the bottleneck 
between the encoding and decoding parts of the network, the 
VAE tries to learn n probability distributions (generally 
Gaussians) with the encoder, and samples from those dis- 20 

tributions to get a vector to pass to the decoder for recon-

state, defined by the set of constraints that were in effect 
before the clicked image was selected. 
Computer System 

FIG. 19 is a block diagram of an example computer 
system, according to one implementation, that can used to 
implement software incorporating any of the above-de­
scribed operations regarding content embedding and train­
ing data generation, etc. For example, the example computer 

struction. 
The VAE can be used to train a model in a completely 

unsupervised manner by attempting to encode documents/ 
images into n-Gaussian distributions. The Gaussian distri­
butions can then be used as initial embeddings, since docu­
ments/images that would have needed to be reconstructed 
similarly (and hence appear similar) would have been 
encoded with similar distributions. There are a number of 
options for measuring the distance between vectors of 
distributions, such as a simple Euclidean distance between 
the vectors comprised of the distributions' means (more 
reasonable in this case since the distributions' variances are 
encouraged to be similar by the loss function), or a Bhat­
tacharyya distance. Other options will be apparent to a 
person of ordinary skill in the art. This approach appears to 
be as good or better than other approaches for generating the 
initial embedding from which training data is eventually 
obtained. 
Implementations of Production Embeddings for a Visual 
Interactive Search for Physical and/or Digital Products 

FIG. 18 illustrates a visual interface that enables searching 
for shoes using a visual interactive search environment on a 
mobile device according to an implementation of the pro­
duction embedding, or any other embedding, developed or 
created as described within the present disclosure. In this 
implementation the catalog ( e.g., the document catalog 
database 316 or 318, as illustrated in FIG. 3) is maintained 
and candidate results are identified on a server (e.g., the 
server computer 312, as illustrated in FIG. 3), while con­
straints applied to the production embedding can be main­
tained on a mobile device 1801. 

In this example implementation, the shoes are embedded 
in a high dimensional space (e.g., the production embed­
ding) by applying any of the neural networks described 
above and trained to capture the visual similarity between 
shoes. Other contributions can be made to the embedding 
using Kernels that compare meta-data about the shoe, e.g., 
its brand. The primary result 1802 is displayed prominently 

25 system could be the server computer 312 or the user com­
puter 310 or a combination thereof, as illustrated in FIG. 3. 
The processor can be an ASIC, CISC, or RISC processor. It 
can be an FPGA or other logic or gate array. It can include 
graphic processing unit (GPU) resources. Computer system 

30 1910 typically includes at least one processor subsystem 
1914 that communicates with a number of peripheral 
devices via bus subsystem 1912. These peripheral devices 
can include a storage subsystem 1924 including, for 
example, memory devices and a file storage subsystem 

35 1928, user interface input devices 1922, user interface 
output devices 1920, and a network interface 1916. The 
input and output devices allow customer interaction with 
computer system 1910. Network interface 1916 provides an 
interface to outside networks, including an interface to 

40 corresponding interface devices in other computer systems. 
The communication network 1918 may comprise many 

interconnected computer systems and communication links. 
These communication links may be wireline links, optical 
links, wireless links, or any other mechanisms for commu-

45 nication of information, but typically the communication 
network 1918 is an internet protocol (IP)-based communi­
cation network. While in one implementation, the commu­
nication network 1918 is the Internet, in other implementa­
tions, the communication network 1918 may be any suitable 

50 computer network. 
Physical hardware components of network interfaces 

(e.g., the network interface 1916 and the communication 
network 1918) are sometimes referred to as network inter­
face cards (NI Cs), although they need not be in the form of 

55 cards: for instance they could be in the form of integrated 
circuits (ICs) and connectors fitted directly onto a mother­
board, or in the form of macrocells fabricated on a single 
integrated circuit chip with other components of the com-
puter system. 

User interface input devices 1922 can include a keyboard; 
pointing devices such as a mouse, trackball, touchpad, or 
graphics tablet; a scanner; a touch screen incorporated into 
the display; audio input devices such as voice recognition 
systems and microphones; and other types of input devices. 

as a large image in the top left corner. The shoe 1803 that is 60 

closest to the primary result in the embedded space (i.e., is 
most similar) is displayed closest to the primary result. A 
discriminative set of results that satisfies the current con­
straints is then displayed. These constraints may be hard or 
soft constraints in different implementations, or some may 65 In general, use of the term "input device" is intended to 

include all possible types of devices and ways to input 
information into computer system 1910. 

be hard constraints and others soft constraints. Note that 
these results retain significant diversity, e.g., the shoe 1804 
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User interface output devices 1920 can include a display 
subsystem, a printer, a fax machine, or non-visual displays 
such as audio output devices. The display subsystem can 
include a cathode ray tube (CRT), a flat-panel device such as 

32 
and processes occurring across any number of storage units 
or volumes. The technology disclosed can apply to an 
environment with server computers and client computers 
deployed in a network environment, having remote or local 

5 storage. The technology disclosed can also apply to a 
standalone computing device, having programming lan­
guage functionality, interpretation and execution capabili­
ties. 

a liquid crystal display (LCD), a projection device, or some 
other mechanism for creating a visible image. The display 
subsystem can also provide a non-visual display such as 
audio output devices. In general, use of the term "output 
device" is intended to include all possible types of devices 
and ways to output information from computer system 1910 10 

to the user or to another machine or computer system. 

The technology disclosed can be implemented in the 
context of any computer-implemented system including a 
database system, a multi-tenant environment, or the like. 
Moreover, this technology can be implemented using two or 
more separate and distinct computer-implemented systems 
that cooperate and communicate with one another. The 

Storage subsystem 1924 stores programming and data 
constructs that provide the functionality of some or all of the 
modules and methods described herein. These software 
modules are generally executed by one processor subsystem 
1914 alone or in combination with other processors. 

Memory 1926 used in the storage subsystem can include 

15 disclosed technology can be implemented in numerous 
ways, including as a process, a method, an apparatus, a 
system, a device, a computer readable medium such as a 
computer readable storage medium that stores computer 
readable instructions or computer program code, or as a 

a number of memories including a main random access 
memory (RAM) 1930 for storage of instructions and data 
during program execution and a read only memory (ROM) 
1932 in which fixed instructions are stored. A file storage 
subsystem 1928 can provide persistent storage for program 
and data files, and can include a hard disk drive, a floppy 
disk drive along with associated removable media, a CD­
ROM drive, an optical drive, or removable media cartridges. 25 

The modules implementing the functionality of certain 
implementations can be stored by file storage subsystem 
1928 in the storage subsystem 1924, or in other machines 
accessible by the processor. 

20 computer program product comprising a computer usable 
medium having a computer readable program code embod­
ied therein. 

Applicant hereby discloses in isolation each individual 
feature described herein and each combination of two or 
more such features, to the extent that such features or 
combinations are capable of being carried out based on the 
present specification as a whole in light of the common 
general knowledge of a person skilled in the art, irrespective 
of whether such features or combinations of features solve 
any problems disclosed herein, and without limitation to the 
scope of the claims. Applicant indicates that aspects of the 
present invention may consist of any such feature or com­
bination of features. In view of the foregoing description it 
will be evident to a person skilled in the art that various 

Bus subsystem 1912 provides a mechanism for letting the 30 

various components and subsystems of computer system 
1910 communicate with each other as intended. Although 
bus subsystem 1912 is shown schematically as a single bus, 
alternative implementations of the bus subsystem can use 
multiple busses. 35 modifications may be made within the scope of the inven-

The computer system 1910 itself can be of varying types 
including a personal computer, a portable computer, a work­
station, a computer terminal, a network computer, a televi­
sion, a mainframe, a server farm, or any other data process-
ing system or user device. In particular, it is envisaged that 40 

the computer system 1910 may be a hand-held device such 
as a tablet computer or a smart-phone. In another imple­
mentation, a "system" performs all the operations described 
herein, and the "system" can be implemented as a single 
computer or multiple computers with any desired allocation 45 

of operations among the different member computers. Due 
to the ever-changing nature of computers and networks, the 
description of the computer system 1910 depicted in FIG. 19 
is intended only as a specific example for purposes of 
illustrating the preferred implementations of the present 50 

disclosure. Many other configurations of the computer sys­
tem 1910 are possible having more or less components than 

tion. 
As used herein, the "identification" of an item of infor­

mation does not necessarily require the direct specification 
of that item of information. Information can be "identified" 
in a field by simply referring to the actual information 
through one or more layers of indirection, or by identifying 
one or more items of different information which are 
together sufficient to determine the actual item of informa­
tion. In addition, the term "specify" is used herein to mean 
the same as "identify." 

Also as used herein, a given event or value is "responsive" 
to a predecessor event or value if the predecessor event or 
value influenced the given event or value. If there is an 
intervening processing element, step or time period, the 
given event or value can still be "responsive" to the prede­
cessor event or value. If the intervening processing element 
or step combines more than one event or value, the signal 
output of the processing element or step is considered 
"responsive" to each of the event or value inputs. If the given 

the computer system depicted in FIG. 19. This computer 
system 1910 may perform any of the methods and/or func­
tions described above with reference to FIGS. 1-18. 

The examples described above should not be taken as 
limiting or preferred. These examples sufficiently illustrate 

55 event or value is the same as the predecessor event or value, 
this is merely a degenerate case in which the given event or 
value is still considered to be "responsive" to the predeces­
sor event or value. "Dependency" of a given event or value the technology disclosed without being overly complicated, 

and are not intended to illustrate all embodiments of the 
technology disclosed. A person having ordinary skill in the 60 

art will appreciate that there are many potential applications 
for one or more implementations of this disclosure. 

One of ordinary skill in the art can appreciate that a 
computer or other client device can be deployed as part of 
a computer network. In this regard, the technology disclosed 
pertains to any computer system having any number of 
memory or storage units, and any number of applications 

upon another event or value is defined similarly. 
The terms and expressions employed herein are used as 

terms and expressions of description and not of limitation, 
and there is no intention, in the use of such terms and 
expressions, of excluding any equivalents of the features 
shown and described or portions thereof. In addition, having 

65 described certain implementations of the technology dis­
closed, it will be apparent to those of ordinary skill in the art 
that other implementations incorporating the concepts dis-
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closed herein can be used without departing from the spirit 
and scope of the technology disclosed. Accordingly, the 
described implementations are to be considered in all 
respects as only illustrative and not restrictive. 

The invention claimed is: 
1. A method of training a neural network to create an 

embedding space including a catalog of documents, the 
method comprising: 

providing a plurality of training sets of K+2 training 10 

documents to a computer system, K being an integer 
greater than 1, each training document being repre­
sented by a corresponding training vector x, each set of 
training documents including a target document repre­
sented by a vector x', a favored document represented 15 

by a vector xs, and K unfavored documents represented 
respectively by vectors x,U, where i is an integer from 
1 to K, and each of the vectors including a plurality of 
input vector elements; 

for each given one of the training sets, passing, by the 20 

computer system, the vector representing each docu­
ment of the training set through a neural network to 
derive a corresponding output vector y' a corresponding 
output vector y5, and corresponding output vectors y,U, 
each of the output vectors including a plurality of 25 

output vector elements, the neural network including a 
set of adjustable parameters which dictate an amount of 
influence that is imposed on each input vector element 
of an input vector to derive each output vector element 
of the output vector; 30 

adjusting the parameters of the neural network so as to 
reduce a loss L, which is an average over all of the 
output vectors y,U of [D(y',y5)-D(y',y,U)], where Dis a 
distance wherein the vectors, wherein the loss L is 
log(l +~,~i KeD(y' ,y')-D(y'.y;")); and 35 

for each given one of the training sets, passing the vector 
representing each document of the training set through 
the neural network having the adjusted parameters to 
derive the output vectors. 

2. The method of claim 1, wherein the parameters of the 40 

neural network include weights and the weights of the neural 
network are adjusted by back propagation as a function of 
the loss L. 

3. The method of claim 1, 
wherein for each given one of the trammg sets, K+2 45 

identical neural networks are implemented, such that 
each document of a respective training set passes 
through a corresponding neural network of the K+2 
identical neural networks. 

4. The method of claim 3, wherein the parameters of the 50 

neural networks include weights and the weights of each 
respective neural network, of the K+2 neural networks, are 
adjusted by back propagation as a function of the loss Land 
in dependence on the output vector output from the respec-
tive neural network. 55 

5. The method of claim 1, 
wherein for each given one of the trammg sets, K+2 

neural networks are implemented, such that each docu­
ment of a respective training set passes through a 
corresponding neural network of the K+2 identical 60 

neural networks. 
6. The method of claim 5, wherein the parameters of the 

neural networks include weights and the weights of each 
respective neural network, of the K+2 neural networks, are 
adjusted by back propagation as a function of the loss Land 65 

in dependence on the output vector output from the respec­
tive neural network. 

34 
7. The method of claim 1, further comprising: 
repeatedly passing each given one of the training sets 

through the neural network to adjust the parameters 
until a value of the loss Lis satisfactory and identify the 
neural network as a production model; 

obtaining raw data representing documents from a par­
ticular data domain for which the production model has 
been trained, the documents represented by the raw 
data being unlabeled with no information regarding a 
measure of dissimilarity between any the documents; 
and 

passing the raw data through the production model to 
create a production embedding of documents. 

8. The method of claim 1, wherein each training set of 
K+2 documents is obtained by: 

providing, to a user, the K+2 training documents includ­
ing the target document; receiving, from the user, a 
selection of the favored document determined to most 
closely match the target document; and 

identifying the unfavored documents of the K+2 training 
documents as the unfavored documents. 

9. The method of claim 1, wherein each training set of 
K+2 documents is obtained by: 

providing, to a model replicating user behavior, the K+2 
training documents including the target document; 

receiving, from the model, a selection of the favored 
document determined to most closely match the target 
document; and 

identifying the unfavored documents of the K+2 training 
documents as the unfavored documents. 

10. A method of training a neural network to create an 
embedding space including a catalog of documents, the 
method comprising: 

obtaining a set of K+2 training documents, K being an 
integer greater than 1, the set of K+2 documents 
including a target document represented by a vector x', 
a favored document represented by a vector xs and 
unfavored documents represented by vectors x,U, where 
i is an integer from 1 to K; 

passing each of the vector representations of the set of 
K+2 training documents through a neural network to 
derive corresponding output vectors, including vector 
y' derived from the vector x', vector ys derived from the 
vector xs and vectors y,U respectively derived from 
vectors x,U; and 

repeatedly adjusting parameters of the neural network 
through back propagation until a sum of differences 
calculated from (i) a distance between the vector y' and 
the vector ys and (ii) distances between the vector y' and 
each of the vectors y,U satisfies a predetermined criteria, 
wherein the sum of differences corresponds to a like­
lihood that the favored document will be selected over 
the unfavored documents and further wherein the cal­
culated sum of differences is a loss L function calcu­
lated as log(l+~,~ 1KeD(y',y')-D(y',y;")) and wherein the 
parameters of the neural network include weights and 
the weights of the neural network are adjusted by back 
propagation as a function of the loss L. 

11. The method of claim 10, wherein the obtaining of the 
set of training documents includes: 

providing, to a user, the K+2 training documents includ­
ing the target document; 

receiving, from the user, a selection of the favored docu­
ment determined to most closely match the target 
document; and 

identifying the unfavored documents of the K+2 training 
documents as the unfavored documents. 
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12. The method of claim 10, wherein the obtaining of the 
set of training documents includes: 

providing, to a model replicating user behavior, the K+2 
training documents including the target document; 

receiving, from the model, a selection of the favored 5 

document determined to most closely match the target 
document; and 

identifying the unfavored documents of the K + 2 training 
documents as the unfavored documents. 

13. A non-transitory computer readable storage medium 10 

impressed with computer program instructions to train a 
neural network to create an embedding space including a 
catalog of documents, the instructions, when executed on a 
processor, implement a method comprising: 

providing a plurality of training sets of K+2 training 15 

documents to a computer system, K being an integer 
greater than 1, each training document being repre­
sented by a corresponding training vector x, each set of 
training documents including a target document repre­
sented by a vector x', a favored document represented 20 

by a vector xs, and K> 1 unfavored documents repre­
sented respectively by vectors x,U, where i is an integer 
from 1 to K, and each of the vectors including a 
plurality of input vector elements; 

for each given one of the training sets, passing, by the 25 

computer system, the vector representing each docu­
ment of the training set through a neural network to 
derive a corresponding output vector y' a corresponding 
output vector y5, and corresponding output vectors y,U, 
each of the output vectors including a plurality of 30 

output vector elements, the neural network including a 
set of adjustable parameters which dictate an amount of 
influence that is imposed on each input vector element 
of an input vector to derive each output vector element 
of the output vector; 35 

adjusting the parameters of the neural network so as to 
reduce a loss L, which is an average over all of the 
output vectors y,U of [D(y',ys)-D(y', y,U)], where Dis a 
distance between two vectors, wherein the loss L is 
log(l +~,~

1 
KeD(y' ,y')-D(y'.y;")); and 40 

for each given one of the training sets, passing the vector 
representing each document of the training set through 
the neural network having the adjusted parameters to 
derive the output vectors. 

14. A non-transitory computer readable storage medium 45 

impressed with computer program instructions to train a 
neural network to create an embedding space including a 
catalog of documents, the instructions, when executed on a 
processor, implement a method comprising: 

obtaining a set of K+2 training documents, K being an 50 

integer greater than 1, the set of K+2 documents 
including a target document represented by a vector x', 
a favored document represented by a vector xx and 
unfavored documents represented by vectors x,U, where 
i is an integer from 1 to K; 55 

passing each of the vector representations of the set of 
K+2 training documents through a neural network to 
derive corresponding output vectors, including vector 
y' derived from the vector x', vector ys derived from the 
vector xs and vectors y,U respectively derived from 60 

vectors x,U; and 
repeatedly adjusting parameters of the neural network 

through back propagation until a sum of differences 
calculated from (i) a distance between the vector y' and 
the vector y5 and (ii) distances between the vector y' and 65 

each of the vectors y,U satisfies a predetermined criteria, 
wherein the sum of differences corresponds to a like-

36 
lihood that the favored document will be selected over 
the unfavored documents and further wherein the cal­
culated sum of differences is a loss L function calcu­
lated as log(l+~,~ 1KeD(y',y')-D(y',y;")) and wherein the 
parameters of the neural network include weights and 
the weights of the neural network are adjusted by back 
propagation as a function of the loss L. 

15. A system including one or more processors coupled to 
memory, the memory loaded with computer instructions to 
train a neural network to create an embedding space includ­
ing a catalog of documents, the instructions, when executed 
on the processors, implement actions comprising: 

providing a plurality of training sets of K+2 training 
documents to a computer system, K being an integer 
greater than 1, each training document being repre­
sented by a corresponding training vector x, each set of 
training documents including a target document repre­
sented by a vector x', a favored document represented 
by a vector xs, and K> 1 unfavored documents repre­
sented respectively by vectors y,U, where i is an integer 
from 1 to K, and each of the vectors including a 
plurality of input vector elements; 

for each given one of the training sets, passing, by the 
computer system, the vector representing each docu­
ment of the training set through a neural network to 
derive a corresponding output vector y' a corresponding 
output vector y5, and corresponding output vectors y,U, 
each of the output vectors including a plurality of 
output vector elements, the neural network including a 
set of adjustable parameters which dictate an amount of 
influence that is imposed on each input vector element 
of an input vector to derive each output vector element 
of the output vector; 

adjusting the parameters of the neural network so as to 
reduce a loss L, which is an average over all of the 
output vectors y,U of [D(y',y5)-D(y', y,U)], where Dis a 
distance between two vectors, wherein the loss L is 
log(l +~,~

1 
Ken(l.y')-D(l.y;")); and 

for each given one of the training sets, passing the vector 
representing each document of the training set through 
the neural network having the adjusted parameters to 
derive the output vectors. 

16. A system including one or more processors coupled to 
memory, the memory loaded with computer instructions to 
train a neural network to create an embedding space includ­
ing a catalog of documents, the instructions, when executed 
on the processors, implement actions comprising: 

obtaining a set of K+2 training documents, K being an 
integer greater than 1, the set of K+2 documents 
including a target document represented by a vector x', 
a favored document represented by a vector xs and 
unfavored documents represented by vectors x,U, where 
i is an integer from 1 to K; 

passing each of the vector representations of the set of 
K+2 training documents through a neural network to 
derive corresponding output vectors, including vector 
y' derived from the vector x', vector ys derived from the 
vector xs and vectors y,U respectively derived from 
vectors x,U; and 

repeatedly adjusting parameters of the neural network 
through back propagation until a sum of differences 
calculated from (i) a distance between the vector y' and 
the vector ys and (ii) distances between the vector y' and 
each of the vectors y,U satisfies a predetermined criteria, 
wherein the sum of differences corresponds to a like­
lihood that the favored document will be selected over 
the unfavored documents and further wherein the cal-
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culated sum of differences is a loss L function calcu­
lated as log(l+~,~ 1K.PCY',y')-D(y',y;")) and wherein the 
parameters of the neural network include weights and 
the weights of the neural network are adjusted by back 
propagation as a function of the loss L. 5 

* * * * * 




