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TECHNIQUES FOR RECOMMENDING ITEMS TO USERS 

CROSS-REFERENCE TO RELATED APPLICATIONS 

[0001] This application claims priority benefit of the United States Provisional 

Patent Application titled, "SHALLOW ENCODERS FOR SPARSE DATA," filed on 

5 November 1, 2018 and having Serial No. 62/754,536, and claims priority benefit of the 

United States Patent Application titled, "TECHNIQUES FOR RECOMMENDING 

ITEMS TO USERS," filed on October 25, 2019, and having Serial No. 16/664,761.  

The subject matter of these related applications is hereby incorporated herein by 

reference.  

10 BACKGROUND 

Field of the Various Embodiments 

[0002] Embodiments relate generally to computer science and recommendation 

systems and, more specifically, to techniques for recommending items to users.  

Description of the Related Art 

15 [0003] Recommendation systems are designed to predict and display items that 

are most likely to be of interest to users. These types of systems are used in many 

different contexts. For instance, recommendation systems are used by media 

services to help users decide which media items in a media catalog to watch.  

Recommendation systems also are used by on-line retailers to suggest various items 

20 to users to entice the users to purchase those items. Many recommendation systems 

generate recommendations using collaborative filtering recommendation models that 

predict the preferences of users for items based on the historical preferences of those 

users and/or other users for the same and/or similar items. In some recommendation 

systems, each historical preference is a Boolean that indicates whether a user has 

25 interacted with (eg, purchased, viewed, etc.) an item. In other recommendation 

systems, each historical preference is a value within a range, such as a rating 

provided by a user for a specific item.  

[0004] One common type of collaborative filtering recommendation model is a 

recommender deep neural network that is trained to recognize and interpret 

30 preference patterns in historical preferences in order to compute predicted 

preferences. A recommender deep neural network is a non-linear model in which 
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interconnected parameterizable units known as "neurons" are arranged sequentially 

into an input layer, at least one hidden layer, and an output layer. Training a 

recommender deep neural network is typically an iterative process, where, after each 

training iteration, parameters (..., weights and biases) for the various neurons in the 

5 neural network are automatically adjusted based on differences between the 

predicted preferences and the historical preferences. In general, the accuracy of a 

recommender deep neural network typically correlates to the number of parameters 

within the neural network, the number of historical preferences used to train the 

neural network, and the number of training iterations.  

10 [0005] One drawback of using recommender deep neural networks for 

recommendation systems is that the amount of time and/or the amount of processing 

resources required to train a recommender deep neural network to the required level 

of accuracy can be somewhat prohibitive. For example, a typical recommender deep 

neural network could include millions or even billions of parameters, and the historical 

15 data could represent millions or even more than a billion users. As a result, thousands 

or tens-of-thousands of iterations could be required to train the neural network to 

achieve the required level of accuracy, thus requiring numerous processor hours to 

train the recommender deep neural network. Furthermore, new user preferences 

may be established as users interact with the items recommended via a 

20 recommender deep neural network, which can degrade the accuracy of the 

recommender deep neural network unless the neural network is retrained to account 

for those new preferences.  

[0006] Another drawback of using recommender deep neural networks for 

recommendation systems is that, because a recommender deep neural network is a 

25 complex, non-linear model for which the parameters are automatically adjusted during 

training, understanding what a recommender deep neural network actually learned 

during training can be difficult. Such an understanding is important, for example and 

without limitation, to improving the accuracy of the recommender deep neural network 

(eg., when debugging the neural network) and to understanding and providing the 

30 reasons why a particular recommendation was generated for a user.  

[0007] As the foregoing illustrates, what is needed in the art are more effective 

techniques for generating user recommendations.  
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[0007a] Reference to any prior art in the specification is not an acknowledgement or 

suggestion that this prior art forms part of the common general knowledge in any 

jurisdiction or that this prior art could reasonably be expected to be combined with any 

other piece of prior art by a skilled person in the art.  

5 SUMMARY 

[0007b] According to a first aspect of the invention there is provided a method, 

comprising: generating a first matrix based on an interaction matrix, wherein the 

interaction matrix reflects a plurality of interactions between a plurality of users and a 

plurality of items; generating a preference prediction model based on the first matrix 

10 and a closed-form solution for minimizing a Lagrangian, wherein the preference 

prediction model is a linear regression model and the Lagrangian is formed based on 

a constrained optimization problem associated with the interaction matrix; generating 

a first application interface that is to be presented to a first user included in the 

plurality of users, wherein the first application interface includes a plurality of interface 

15 elements, and each interface element is individually selectable when the first 

application interface is displayed and is associated with a different item included in 

the plurality of items; computing one or more predicted scores using the preference 

prediction model, wherein each predicted score predicts a preference of the first user 

for a different item included in the plurality of items; determining a first item from the 

20 plurality of items to present to the first user via a first interface element included within 

the first application interface based on the one or more predicted scores; and causing 

a representation of the first item to be displayed via the first interface element 

included in the first application interface.  

[0007c] According to a second aspect of the invention there is provided one or more 

25 non-transitory computer readable media including instructions that, when executed by 

one or more processors, cause the one or more processors to perform the steps of: 

generating a first matrix based on an interaction matrix, wherein the interaction matrix 

reflects a plurality of interactions between a plurality of users and a plurality of items; 

generating a preference prediction model based on the first matrix and a closed-form 

30 solution for optimizing a Lagrangian, wherein the preference prediction model is a 

linear regression model and the Lagrangian is formed based on a constrained 

optimization problem associated with the interaction matrix; generating a first 
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application interface that is to be presented to a first user included in the plurality of 

users, wherein the first application interface includes a plurality of interface elements, 

and each interface element is individually selectable when the first application 

interface is displayed and is associated with a different item included in the plurality of 

5 items; computing one or more predicted scores using the preference prediction model, 

wherein each predicted score predicts a preference of the first user for a different item 

included in the plurality of items; determining a first item from the plurality of items to 

present to the first user via a first interface element included within the first application 

interface based on the one or more predicted scores; and causing a representation of 

10 the first item to be displayed via the first interface element included in the first 

application interface.  

[0008] One embodiment sets forth a computer-implemented method for generating 

user recommendations. The method includes generating a preference prediction 

model based on a first matrix and a closed-form solution for minimizing a Lagrangian, 

15 where the first matrix is associated with an interaction matrix that reflects a plurality of 

interactions between a plurality of users and a plurality of items, and where the 

Lagrangian is formed based on a constrained optimization problem associated with 

the interaction matrix; generating a first application interface that is to be presented to 

a first user included in the plurality of users, where the first application interface 

20 includes a plurality of interface elements, and each interface element is individually 

selectable when the first application interface is displayed and is associated with a 

different item included in the plurality of items; computing one or more predicted 

scores using the preference prediction model, where each predicted score predicts a 

preference of the first user for a different item included in the plurality of items; 

25 determining a first item from the plurality of items to present to the first user via a first 

interface element included within the first application interface based on the one or 

more predicted scores; and causing a representation of the first item to be displayed 

via the first interface element included in the first application interface.  

[0009] At least one technical advantage of the disclosed techniques relative to the 

30 prior art is that the disclosed techniques can be used to more efficiently generate 

models that accurately predict the preferences of users. In particular, because the 

disclosed techniques can be used to train a preference prediction model non

3a



1004069671 

iteratively using a computationally-efficient closed-form solution, the time and 

processing resources required for training can be reduced relative to the iterative 

processes typically employed when training deep neural networks. Another 

advantage of the disclosed techniques is that, because the preference prediction 

5 model is a linear regression model, understanding what the preference prediction 

model learned during training is simpler. Yet another advantage of the disclosed 

techniques is that a full set of weights is determined; whereas, in prior art approaches 

involving neural networks, some weight-related information can be lost, leading to 

potential inaccuracies in the predictions generated by the neural networks. These 

10 technical advantages provide one or more technological advancements over prior art 

approaches.  

[0009a] By way of clarification and for avoidance of doubt, as used herein and 

except where the context requires otherwise, the term "comprise" and variations of 

the term, such as "comprising", "comprises" and "comprised", are not intended to 

15 exclude further additions, components, integers or steps.  
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BRIEF DESCRIPTION OF THE DRAWINGS 

[0010] So that the manner in which the above recited features of the various 

embodiments can be understood in detail, a more particular description of the 

inventive concepts, briefly summarized above, may be had by reference to various 

5 embodiments, some of which are illustrated in the appended drawings. It is to be 

noted, however, that the appended drawings illustrate only typical embodiments of the 

inventive concepts and are therefore not to be considered limiting of scope in any 

way, and that there are other equally effective embodiments.  

[0011] Figure 1 is a conceptual illustration of a system configured to implement 

10 one or more aspects of the various embodiments; 

[0012] Figure 2 sets forth exemplary illustrations of the interaction data and the 

Gram matrix of Figure 1, according to various embodiments; 

[0013] Figure 3 is a more detailed illustration of the training application of Figure 1, 

according to various embodiments; and 

15 [0014] Figure 4 is a flow diagram of method steps for generating user 

recommendations, according to various embodiments.  

DETAILED DESCRIPTION 

[0015] In the following description, numerous specific details are set forth to 

provide a more thorough understanding of the various embodiments. However, it will 

20 be apparent to one skilled in the art that the inventive concepts may be practiced 

without one or more of these specific details.  

[0016] A typical media services uses a recommendation system to help users 

decide which media items in a media catalog to watch. In general, a recommendation 

system predicts items that are most likely to be of interest to users based on a 

25 recommendation model that predicts preferences of users for items. For example, a 

recommendation system could compute predicted ratings of Mary for media items in a 

media catalog using a recommendation model. Subsequently, the recommendation 

system could rank the media items that Mary has not yet rated by the predicted 

ratings to determine the twenty media items that are most likely to be of interest to 
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Mary. One common type of recommendation model is a recommender deep neural 

network that is trained to recognize and interpret preference patterns in historical 

preferences (eg., ratings, viewing history, etc.) between media items and users in 

order to compute predicted preferences. Training a recommender deep neural 

5 network is typically an iterative process, where, after each training iteration, 

parameters are automatically adjusted based on differences between the predicted 

preferences and the historical preferences.  

[0017] One drawback of using recommender deep neural networks for 

recommendation systems is that the amount of time and/or the amount of processing 

10 resources required to train a recommender deep neural network to the required level 

of accuracy can be somewhat prohibitive. Furthermore, new user preferences may 

be established as users interact with the items recommended via a recommender 

deep neural network, which can degrade the accuracy of the recommender deep 

neural network unless the neural network is retrained to account for those new 

15 preferences.  

[0018] Another drawback of using recommender deep neural networks for 

recommendation systems is that, because a recommender deep neural network is a 

complex, non-linear model for which the parameters are automatically adjusted during 

training, understanding what a recommender deep neural network actually learned 

20 during training can be difficult.  

[0019] With the disclosed techniques, however, a preference prediction model is 

trained to predict preferences of users for items as a linear combination of weights in 

a weight matrix that has the dimensions of N by N, where N is the total number of 

items. In operation, a training application implements a closed-form solution for 

25 learning a non-identity weight matrix that configures the preference prediction model 

to replicate an input of historical preferences for a user as an output of predicted 

preferences for the user. A closed-form solution is a mathematical expression that 

can be evaluated using a finite number of operations, and the training application 

computes the closed-form solution a single time to train the preference prediction 

30 model. Subsequently, a service application receives an interaction request from a 

user and, in response, computes predicted preferences for the user for the media 

items using the historical preferences for the user and the preference prediction 

5



WO 2020/092488 PCT/US2019/058742 

model. The service application ranks the media items that the user has not previously 

viewed based on the predicted preferences. The service application then displays 

thumbnails representing the highest ranked media items to the user via an application 

interface.  

5 [0020] At least one technical advantage of the disclosed techniques relative to the 

prior art is that the disclosed techniques can be used to more efficiently train models 

that accurately predict the preferences of users. In particular, because the training 

application trains the preference prediction model non-iteratively using a 

computationally-efficient closed-form solution, the time and processing resources 

10 required for training can be reduced relative to the iterative processes typically 

employed when training deep neural networks. Another advantage of the disclosed 

techniques is that the preference prediction model is a linear regression model and 

various techniques for understanding the learned parameters in linear regression 

models exist. Consequently, understanding what the preference prediction model 

15 learned during training is simpler. These technical advantages provide one or more 

technological advancements over prior art approaches.  

System Overview 

[0021] Figure 1 is a conceptual illustration of a system 100 configured to 

implement one or more aspects of the various embodiments. The system 100 

20 includes, without limitation, any number of compute instances 110 and interaction 

data 120. For explanatory purposes, multiple instances of like objects are denoted 

with reference numbers identifying the object and parenthetical numbers identifying 

the instance where needed.  

[0022] Any number of the components of the system 100 may be distributed 

25 across multiple geographic locations or implemented in one or more cloud computing 

environments (ie, encapsulated shared resources, software, data, etc.) in any 

combination. In alternate embodiments, the system 100 may include any number of 

compute instances 110 in any combination.  

[0023] As shown, each of the compute instances 110 includes, without limitation, a 

30 processor 112 and a memory 116. The processor 112 may be any instruction 

execution system, apparatus, or device capable of executing instructions. For 
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example, the processor 112 could comprise a central processing unit ("CPU"), a 

graphics processing unit ("GPU"), a controller, a micro-controller, a state machine, or 

any combination thereof. The memory 116 stores content, such as software 

applications and data, for use by the processor 112 of the compute instance 110. In 

5 alternate embodiments, each of any number of compute instances 110 may include 

any number of processors 112 and any number of memories 116 in any combination.  

In particular, any number of the compute instances 110 (including one) may provide a 

multiprocessing environment in any technically feasible fashion.  

[0024] The memory 116 may be one or more of a readily available memory, such 

10 as random access memory ("RAM"), read only memory ("ROM"), floppy disk, hard 

disk, or any other form of digital storage, local or remote. In some embodiments, a 

storage (not shown) may supplement or replace the memory 116. The storage may 

include any number and type of external memories that are accessible to the 

processor 112. For example, and without limitation, the storage may include a 

15 Secure Digital Card, an external Flash memory, a portable compact disc read-only 

memory (CD-ROM), an optical storage device, a magnetic storage device, or any 

suitable combination of the foregoing.  

[0025] Each of the compute instances 110 is configured to implement one or more 

applications or subsystems of applications. For explanatory purposes only, each 

20 application is depicted as residing in the memory 116 of a single compute instance 

110 and executing on a processor 112 of the single compute instance 110. However, 

in alternate embodiments, the functionality of each application may be distributed 

across any number of other applications that reside in the memories 116 of any 

number of compute instances 110 and execute on the processors 112 of any number 

25 of compute instances 110 in any combination. Further, the functionality of any 

number of applications or subsystems may be consolidated into a single application 

or subsystem.  

[0026] In particular, the compute instances 110 are configured to implement a 

recommendation system that recommends items that are most likely to be of interest 

30 to users using a preference prediction model 170. The preference prediction model 

170 is a collaborative filtering recommendation model that computes predicted scores 

of users for items based on an interaction matrix 126 that represents historical 

7
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preferences of the users for the items. Each predicted score represents a predicted 

preference of a user for an item.  

[0027] As described previously herein, a common type of collaborative filtering 

recommendation model is a recommender deep neural network that is trained based 

5 on historical preferences of users for items. One drawback of using recommender 

deep neural networks for recommendation systems is that the amount of time and/or 

the amount of processing resources required to train a recommender deep neural 

network to the required level of accuracy can be somewhat prohibitive. Another 

drawback of using recommender deep neural networks for recommendation systems 

10 is that, because a recommender deep neural network is a complex, non-linear model 

for which the parameters are automatically adjusted during training, understanding 

what a recommender deep neural network actually learned during training can be 

difficult. Such an understanding is important, for example and without limitation, to 

improving the accuracy of the recommender deep neural network (gg., when 

15 debugging the neural network) and to understanding and providing the reasons why a 

particular recommendation was generated for a user.  

Linear Preference Prediction Model 

[0028] To address the above problems, the compute instance 110(2) implements a 

training application 150 that executes a single linear regression to train the preference 

20 prediction model 170 based on the interaction data 120. The preference prediction 

model 170 is a linear model that, after training, generates a predicted score of a user 

for an item based a weighted aggregation of the historical preferences of the user for 

other items. The predicted score predicts a degree of preference of the user for the 

item. A degree of preference is also referred to herein as a preference.  

25 [0029] As shown, the interaction data 120 includes, without limitation, a user set 

122, an item set 124, and an interaction matrix 126. The user set 122 includes, 

without limitation, M users and the item set 124 includes, without limitation, N items, 

where M and N are positive integers. Each of the users and each of the items may be 

identified in any technically feasible fashion. The interaction matrix 126 has a 

30 different row for each of the users included in the user set 122 and a different column 

for each of the items included in the item set 124. Consequently, the interaction 

8
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matrix 126 is a user-item matrix that has the dimensions of M by N and includes, 

without limitation, M by N entries.  

[0030] The interaction matrix 126 is denoted as X, the entry in the row u and the 

column j of the interaction matrix 126 is denoted as X(uj), the row u of the 

5 interaction matrix 126 is denoted as X(u,*), and the column j of the interaction matrix 

126 is denoted as X(*,j). The entries in the uth row of the interaction matrix 126 

correspond to theU user in the user set 122 and represent ground-truth scores of 

theU user for each of the items in the item set 124. If the uth user has interacted 

with the th item, then X(uj) is positive. Otherwise, X(uj) is zero.  

10 [0031] The interaction data 120 may be generated in any technically feasible 

fashion. For instance, in some embodiments, each item in the item set 124 is an item 

on a retail website, the interaction matrix 126 is a binary matrix, X(u,j) is one when 

theU user has purchased the th item, and X(uj) is zero when theU user has not 

purchased the th item. In other embodiments, each item in the item set 124 is a 

15 movie, X(uj) is a score when theU user has rated the th movie, and X(u,j) is zero 

when theu user has not rated the th movie In various embodiments, each item in 

the item set 124 is a movie, X(uj) is a viewing time when theu user has watched at 

least a portion of the th movie, and X(uj) is zero when theU user has not watched 

any portion of the th movie.  

20 [0032] To initiate the training of the preference prediction model 170, a pre-training 

application 130 generates a Gram matrix 140 based on the interaction matrix 126. As 

shown, the pre-training application 130 resides in the memory 116(1) of the compute 

instance 110(1) and executes on the processor 112(1) of the compute instance 

110(1). In some embodiments, because computing the Gram matrix 140 can be 

25 computationally-intensive, the compute instance 110(1) is a big-data pre-processing 

system.  

[0033] The Gram matrix 140 is denoted as G, and the entry in the row i and the 

column j of the Gram matrix 140 is denoted as G(ij). In some embodiments, the 

Gram matrix 140 is equal to the interaction matrix 126 pre-multiplied by the transpose 

30 of the interaction matrix 126 and can therefore be expressed as the following equation 

(1): 

9
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G = XTX (1) 

[0034] The Gram matrix 140 is an item-item matrix that has the dimensions of N by 

N and includes, without limitation, N2 entries. As exemplified in conjunction with 

Figure 2, in many recommendation systems, the number of users M is significantly 

5 greater than the number of items N. Consequently, the total number of entries in the 

Gram matrix 140 may be significantly less than the total number of entries in the 

interaction matrix 126. The pre-training application 130 may compute the Gram 

matrix 140 in any technically feasible fashion. In alternate embodiments, the pre

training application 130 may transform the interaction matrix 126 into any type of 

10 Gram matrix 140 using any definition (eg, equation) for the Gram matrix 140.  

[0035] Subsequently, the training application 150 generates a weight matrix 160 

based on the Gram matrix 140. Notably, the training application 150 neither receives 

nor directly uses the interaction matrix 126. The training application 150 resides in 

the memory 116(2) of the compute instance 110(2) and executes on the processor 

15 112(2) of the compute instance 110(2). In operation, the training application 150 

executes a single linear regression to generate the weight matrix 160. The 

dimensions of the weight matrix 160 match the dimensions of the Gram matrix 150.  

Therefore, the weight matrix 160 has the dimensions of N x N and includes, without 

limitation, N2 entries.  

20 [0036] Each entry in the weight matrix 160 is also referred to herein as a weight 

and is a parameter of the preference prediction model 170. The weight matrix 160 is 

denoted as B, the ih row of the weight matrix 160 is denoted as B(i,*), the th column 

of the weight matrix 160 is denoted as B(*,j), and the weight in the th row and the th 

column of the weight matrix 160 is denoted as B(ij). The weights included in the 

25 weight matrix 160 are the parameters of the preference prediction model 170.  

Accordingly, generating the weight matrix 160 is also referred to herein as training the 

preference prediction model 170.  

[0037] As shown, the training application 150 includes, without limitation, a 

constrained convex optimization problem 152, a closed-form solver 154, and the 

30 weight matrix 160. The constrained convex optimization problem 152 is based on an 

overall objective of training the preference prediction model 170 to reproduce the 

10
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input as the output. In some embodiments, the input to the preference prediction 

model 170 is a user vector 182 and the output of the preference prediction model 170 

is a predicted score vector 184. The user vector 182 is a row of the interaction matrix 

126 corresponding to one of the users included in the user set 122. The predicted 

5 score vector 184 includes, without limitation, N predicted scores, where each score 

corresponds to a different item included in the item set 124. Accordingly, when the 

user vector 182 X(u,*) that corresponds to the user u is inputted into the preference 

prediction model 170, the preference prediction model 170 computes and outputs the 

predicted score vector 184, denoted as S(u,*), that includes N predicted scores for 

10 the user u.  

[0038] In the same or other embodiments, the entire interaction matrix 140 X is 

inputted into the preference prediction model 170 and, in response, the preference 

prediction model 170 outputs a predicted score matrix (not shown). The predicted 

score matrix is denoted as S, has the dimensions of M by N, and includes, without 

15 limitation, MxN predicted scores. In the same or other embodiments, the user vector 

182 X(u,*) and an item identifier jare inputted into the preference prediction model 

170 and, in response, the preference prediction model 170 computes and outputs a 

single predicted score that is denoted as S(uj). The predicted score S(uj) 

represents a predicted preference of the th user in the user set 122 for the jthitem 
20 in the item set 124. In general, the preference prediction model 170 can be 

expressed as one or more of the following equations (2a), (2b), or (2c): 

S= XB (2a) 

S(u,*) =X(u,*) B (2b) 

S(u,j)= X(u,*) B( *,j) (2c) 

25 [0039] To avoid overfitting the preference prediction model 170, the constrained 

convex optimization problem 152 includes regularization of the weights to be learned.  

And to ensure that the preference prediction model 170 learns to generalize instead 

of learning the trivial solution of the identity matrix, the constrained convex 

optimization problem 152 includes a self-similarity prevention constraint (not shown in 

30 Figure 1). The self-similarity prevention constraint constrains the entries along the 

diagonal of the weight matrix 160, denoted as B(j,j), to zero. More generally, the 
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self-similarity prevention constraint ensures that the entry X(u,j) of the interaction 

matrix 140 is not used to compute the predicted score S(uj).  

[0040] Accordingly, a convex objective (not shown in Figure 1) included in the 

constrained convex optimization problem 152 can be expressed as minimizing an 

5 objective function that includes, without limitation, a loss function and a regularization 

term subject to the self-similarity prevention constraint. To render the constrained 

convex optimization problem 152 amenable to a closed-form solution, the loss 

function is defined as the square loss between the input interaction matrix 260 and 

the predicted score matrix. In alternate embodiments, the convex objective may 

10 include any type of objective function, any type of regularization, any type of loss 

function, and any number and type of constraints. In such embodiments, the 

techniques described herein are modified accordingly.  

[0041] To efficiently generate the weight matrix 160, the closed-form solver 154 

uses the method of Lagrange multipliers to reformulate the constrained convex 

15 optimization problem 152 as an unconstrained optimization problem. More precisely, 

the closed-form solver 154 incorporates the self-similarity prevention constraint into 

the objective function to generate a Lagrangian that includes, without limitation, a 

vector of N Lagrangian multipliers. To solve the unconstrained optimization problem, 

the closed-form solver 154 estimates the weight matrix 160 using a closed-form 

20 solution (not shown in Figure 1) that minimizes the Lagrangian. In this fashion, the 

closed-form solver 154 estimates the weight matrix 160 that solves the constrained 

convex optimization problem 152 using a single linear regression that is usually 

significantly less time consuming that the iterative approach typically used to train 

recommender deep neural networks.  

25 [0042] For explanatory purposes only, the training application 150 (including the 

closed-form solver 154) is described as if the training application 150 derives and 

then uses the closed-form solution. However, in operation, the training application 

150 does not perform any derivation operations. Instead, the closed-form solver 154 

implements an estimation algorithm (not shown in Figure 1) that uses the closed-form 

30 solution to estimate the weight matrix 160 based on the Gram matrix 140.  
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[0043] Advantageously, and as described in greater detail in conjunction with 

Figure 3, the only variable in the estimation algorithm is the Gram matrix 140. As a 

result, to train the preference prediction model 170, the training application 150 

requires the Gram matrix 140 but not the typically larger interaction matrix 126.  

5 Furthermore, the time required to execute the estimation algorithm and, consequently, 

the time required to train the preference prediction model 170 depends only on the 

size of the item set 124 and is independent of both the size of the user set 122 and 

the number of user-item interactions represented in the interaction matrix 126.  

[0044] After the closed-form solver 154 generates the weight matrix 160, the 

10 training application 150 generates the preference prediction model 170. The training 

application 150 may generate the preference prediction model 170 in any technically 

feasible fashion. The training application 150 is described in greater detail in 

conjunction with Figure 3.  

[0045] As shown, the preference prediction model 170 resides in the memory 

15 116(3) of the compute instance 110(3) and executes on the processor 112(3) of the 

compute instance 110(3). As also shown, the preference prediction model 170 

includes, without limitation, the weight matrix 160 and a scoring engine 172. The 

scoring engine 172 implements, without limitation, the equations (2a)-(2c) to compute 

predicted scores based on the weight matrix 160 and at least a portion of the 

20 interaction matrix 126. For explanatory purposes only, Figure 1 depicts a scenario in 

which preference prediction model 170 uses equation (2b) S(u,*) = X(u,*) - B to 

compute the predicted score vector 184 S(u,*) based on the uth row of the 

interaction matrix 120 X(u,*). In alternate embodiments, the preference prediction 

model 170 may compute predicted scores based on the weight matrix 160 and 

25 relevant portions of the interaction matrix 126 in any technically feasible fashion.  

[0046] Advantageously, the preference prediction model 170 is a linear regression 

model that computes the score S(u,j) based on a linear combination of the N weights 

included in the jth column of the weight matrix 170, where N is the number of items 

included in the item set 124. Various standard approaches exist for understanding 

30 the learned parameters in linear regression models. Consequently, understanding 

what the preference prediction model 170 has learned during training is easier than 

understanding what a typical deep neural network has learned during training.  
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[0047] Subsequently, a service application 180 uses the preference prediction 

model 170 to generate recommendations of items for users and then displays the 

recommendations to the users. Recommendations of items for users are also 

referred to herein as "user recommendations." The service application 180 resides in 

5 the memory 116(4) of the compute instance 110(4) and executes on the processor 

112(4) of the compute instance 110(4). As shown, the service application 180 

includes, without limitation, the user vector 182, the predicted score vector 184, a 

ranking engine 186, and an application interface 190.  

[0048] In operation, the service application 180 receives a request from a user 

10 included in the user set 122 for services related to the item set 124. The service 

application 180 generates the application interface 190 that includes, without 

limitation, any number and type of interface elements 192. Each interface element 

192 is individually selectable when the application interface 190 is displayed and is 

associated with a different item included in item set 124. Note that the total number of 

15 the interface elements 192 included in the application interface 190 is often far fewer 

than the total number of items included in the item set 124. Each interface element 

192 may be associated with an item in any manner and in any technically feasible 

fashion. For instance, in some embodiments, each item included in the item set 124 

is a media item, and a thumbnail representing a different media item is displayed via 

20 each of the interface elements 192. In various embodiments, each item included in 

the item set 124 is a selectable item that is available for purchase, and a 

representation of a different selectable item is displayed via each of the interface 

elements 192.  

[0049] In response to the request, the service application 180 sets the user vector 

25 182 equal to the row in the interaction matrix 126 that corresponds to the user 

associated with the request. Thus, the size of the user vector 182 is N. The service 

application 180 may determine the proper row in the interaction matrix 126 in any 

technically feasible fashion. Subsequently, the service application 180 inputs the user 

vector 182 into the preference prediction model 170. In response, the scoring engine 

30 172 computes the predicted score vector 184 based on the weight matrix 160 and the 

user vector 182. The preference prediction model 170 outputs the predicted score 

vector 184 to the service application 180. The ranking engine 186 ranks the items in 
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the item set 124 based on the associated predicted scores included in the predicted 

score vector 184 to generate a recommended item list (not shown) that includes, 

without limitation, N items ordered from highest predicted score to lowest predicted 

score.  

5 [0050] The service application 180 filters the recommended item list to remove any 

items with which the user specified in the request has interacted (as per the 

interaction matrix 126). The service application 180 removes the lowest-ranked 

recommendation items from the filtered recommended item list to reduce the size of 

the recommended item list to equal the amount of the interface elements 192. The 

10 service application 180 then assigns each item in the filtered recommended item list 

to a different interface element 192 as per the ranking of the item. The service 

application 180 may assign the items in the filtered recommended item list to the 

interface elements 192 in any technically feasible fashion, For instance, in some 

embodiments, the service application 180 assigns the highest ranked item to the 

15 interface element 192 that is at the most prominent location in the application 

interface 190 

[0051] The service application 180 then causes the application interface 190 to be 

displayed to the user associated with the request. The service application 180 may 

cause the application interface 190 to be displayed to the user in any technically 

20 feasible fashion. For instance, in some embodiments, the compute instance 110(4) is 

a server machine and the service application 180 transmits the application interface 

190 to an application executing on a compute instance 110(5) (not shown) that is 

local to the user for display purposes. In some embodiments, the compute instance 

110(4) is local to the user and the service application 180 displays the application 

25 interface 190 via a local display device. In alternate embodiments, the service 

application 180 may generate any number of application interfaces 190, where each 

application interface 190 may be customized to a different user.  

[0052] In alternate embodiments, the system 100 may include, in addition to or 

instead of the service application 180, any number and type of software applications 

30 that communicate with and use the preference prediction model 170 in any technically 

feasible fashion. Each of the software applications may use the preference prediction 
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model 170 to make user recommendations or as part of performing any number and 

type of other activities for which predicted preferences of users for items are relevant.  

[0053] Note that the techniques described herein are illustrative rather than 

restrictive, and may be altered without departing from the broader spirit and scope of 

5 the embodiments. Many modifications and variations will be apparent to those of 

ordinary skill in the art without departing from the scope and spirit of the described 

embodiments and techniques. Further, in various embodiments, any number of the 

techniques disclosed herein may be implemented while other techniques may be 

omitted in any technically feasible fashion.  

10 [0054] For instance, in alternate embodiments, the Gram matrix 140 is not defined 

via equation (1) (j., as XTX) and the pre-training application 130 may transform the 

interaction matrix 126 into any type of Gram matrix 140 using any definition (..., 

equation) for the Gram matrix 140. For instance, in some embodiments, the 

interaction matrix 126 is a binary matrix and the pre-training application 130 

15 transforms the interaction matrix 126 into the Gram matrix 140 based on a definition 

of a co-occurrence matrix. In other embodiments, the pre-training application 130 

pre-processes each column of the interaction matrix 126 to have zero mean and then 

transforms the pre-processed interaction matrix 126 to the Gram matrix 140 based on 

the definition of a covariance matrix. In yet other embodiments, the pre-training 

20 application 130 pre-processes each column of the interaction matrix 126 to have zero 

mean and unit variance and then transforms the pre-processed interaction matrix 126 

to the Gram matrix 140 based on the definition of the correlation matrix.  

[0055] Irrespective of the definition of the Gram matrix 140, the closed-form solver 

154 executes an estimation algorithm to estimate the weight matrix 160 using a 

25 closed-form solution. If the Gram matrix 140 is not defined via equation (1), then the 

preference prediction model 170 or the service application 180 may perform post

processing operations to transform the predicted score vector 184 back to the original 

space as defined by the interaction matrix 126.  

[0056] For instance, in some alternate embodiments, the pre-training application 

30 130 maps the items included in the item set 124 to tags and then generates a tag-tag 

Gram matrix 140 instead of the item-item Gram matrix 140. The training application 
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130 then generates the weight matrix 160 and the preference prediction model 170 

based on the tag-tag Gram matrix 140. Subsequently, the preference prediction 

model 170 generates the predicted score vector 184 that includes a different 

predicted score for each tag. The service application 180 maps the highest-scoring 

5 tags to the corresponding items included in the item set 124 to generate the 

recommended item list.  

[0057] It will be appreciated that the system shown herein is illustrative and that 

variations and modifications are possible. The connection topology, including the 

location, and arrangement of the interaction data 120, the pre-training application 130, 

10 the Gram matrix 140, the training application 150, the weight matrix 160, the 

preference prediction model 170, the number and type of service applications 180, 

and the number and type of compute instances 110 maybe modified as desired. In 

certain embodiments, one or more components shown in Figure 1 may not be 

present.  

15 [0058] In particular, the pre-training application 130, the training application 150, 

the preference prediction model 170, and the service application 180 may be 

implemented across any number (including one) of software applications that reside 

and execute on any number (including one) of compute instances 110 in any 

combination. For instance, alternate embodiments, the pre-training application 130 is 

20 subsumed by the training application 150.  

[0059] Figure 2 sets forth exemplary illustrations of the interaction data 120 and 

the Gram matrix 140 of Figure 1, according to various embodiments. As shown, the 

interaction data 120 includes, without limitation, a user set 122 that includes users 

222(1)-222(M), an item set 124 that includes items 224(1)-224(N), and an interaction 

25 matrix 126. Each of the users 222 and each of the items 224 may be identified in any 

technically feasible fashion. For instance, in some embodiments, each of the users 

222 is assigned an integer user identifier and each of the items 224 is assigned an 

integer item identifier. As described previously herein, the interaction matrix 126 has 

a different row for each of the users 222 included in the user set 122 and a different 

30 column for each of the items 224 included in the item set 124. Consequently, the 

interaction matrix 126 is a user-item matrix that has the dimensions of M by N and 

includes, without limitation, MxN entries.  
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[0060] For explanatory purposes only, the number of users 222 included in the 

user set 122 is 463,435, the number of items 224 included in the item set 124 is 

17,769, and the interaction matrix 126 represents approximately five million 

interactions between the users 222 and the items 224. Accordingly, the dimensions 

5 of the interaction matrix 126 are 463,435 by 17,769 and the interaction matrix 126 

therefore includes, without limitation, 8,234,776,515 entries.  

[0061] To generate the Gram matrix 140, the pre-training application 130 pre

multiplies the interaction matrix 126 by the transpose of the interaction matrix 126 as 

per equation (1). As shown, the dimensions of the Gram matrix 140 are 17,769 by 

10 17,769 and the Gram matrix 140 therefore includes, without limitation, 315,737,361 

entries. As described in greater detail in conjunction with Figure 3, the Gram matrix 

140 is the only variable in the estimation algorithm used to compute the weight matrix 

160. Therefore the time required to train the preference prediction model 170 

depends only on the size of the item set 134 (17,769) and is independent of both the 

15 size of the user set 132 (463,435) and the number of user-item interactions 

(approximately five million) represented in the interaction matrix 126.  

Closed-Form Solution for Weight Matrix 

[0062] Figure 3 is a more detailed illustration of the training application 150 of 

Figure 1, according to various embodiments. The input to the training application 150 

20 is the Gram matrix 140 and the output of the training application 150 is the preference 

prediction model 170 that includes the weight matrix 160. As shown, the training 

application 150 includes, without limitation, the constrained convex optimization 

problem 152, the closed-form solver 154, and the weight matrix 160.  

[0063] The training application 150 trains the preference prediction model 170 

25 based on a goal of reproducing the input as the output, where the input is the 

interaction matrix 126 and the output is a predicted score matrix 300 that is denoted 

as S. As per the preference prediction model 170, the predicted score matrix is equal 

to the interaction matrix 126 post-multiplied by the weight matrix 160. Importantly, to 

ensure that the training application 150 trains the preference prediction model 170 to 

30 generalize, the training application 150 does not allow the weight matrix 160 to be the 

identity matrix.  
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[0064] The goal of the training application 150 can be expressed as solving the 

constrained convex optimization problem 152 for learning the weights of the weight 

matrix 160. As shown, the constrained context optimization problem 152 includes, 

without limitation, the predicted score matrix 300, a loss function 310, a regularization 

5 term 320, a self-similarity prevention constraint 330, and a convex objective 358. The 

loss function 310 is the square loss between the interaction matrix 126 and the 

predicted score matrix 300 and can be expressed as IX - XBIIF 2 . The symbol 

||-||F2 denotes the Frobenius norm. Advantageously, using the loss function 310 of 

the square loss allows for a closed-form solution to the constrained convex 

10 optimization problem 152 as described below. In alternate embodiments, the loss 

function 310 may be any loss function that allows for a closed-form solution to the 

constrained context optimization problem 152.  

[0065] To avoid overfitting the preference prediction model 170, the training 

application uses L2-norm regularization of the weights to be learned. The 

15 regularization term 320 represents the L2-norm regularization and is associated with 

a single regularization hyperparameter. The value of the regularization 

hyperparameter (eg., 500) may be determined in any technically feasible fashion.  

For instance, in some embodiments, the value of the regularization hyperparameter is 

optimized on a validation set. As shown, the regularization term 320 can be 

20 expressed as the term A IBI|IF| . In alternate embodiments, the constrained convex 

optimization problem 152 may include any number and type of regularization terms 

320 that are associated with any number of regularization hyperparameters. For 

instance, in some alternate embodiments, the constrained convex optimization 

problem 152 includes a second regularization term that represents the L-norm 

25 regularization of the weights to be learned and is associated with a second 

regularization hyperparameter.  

[0066] The self-similarity prevention constraint 330 constrains the diagonal 

elements of the weight matrix 160 to zero. The diagonal elements of the weight 

matrix 160 are also referred to herein as the "diagonal weights" and the remaining 

30 elements are also referred to herein as the "off-diagonal weights." The diagonal 

weights are denoted as B(jj),where j = 1 to N. The self-similarity prevention 

constraint 330 ensures that the weight matrix 160 is not the identity matrix where 
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each item 224(j) recommends itself. The self-similarity prevention constraint 330 also 

ensures that interaction matrix 260 entry X(uj) is not used to compute the predicted 

score matrix 300 entry S(uj) Notably, the self-similarity prevention constraint 330 is 

the only constraint on the weights of the weight matrix 160 and, consequently, any 

5 number of the off-diagonal weights in the weight matrix 160 may be positive (or zero) 

and the remaining off-diagonal weights may be negative. In alternate embodiments, 

the constrained convex optimization problem 152 may include any number and type 

of constraints and the techniques described herein are modified accordingly.  

[0067] As shown, the convex objective 358 of the training application 150 is to 

10 minimize, over the weight matrix 160, the sum of the loss function 310 and the 

regularization term 320 subject to the self-similarity prevention constraint 330.  

Accordingly, the convex objective 358 corresponds to an objective function and a 

constraint that can be expressed, respectively, as the following equations (3a) and 

(3b): 

15 minimize over B: IIX - XBIIF 2 + A • ||BiF2  (3a) 

subject to: diag(B) = 0 (3b) 

[0068] As used herein, diag(B) denotes the diagonal of the weight matrix 160.  

[0069] To decrease the training time, the closed-form solver 154 solves the 

constrained convex optimization problem 152 for learning the weight matrix 160 in 

20 closed-form. As shown, the closed-form solver 154 includes, without limitation, a 

Lagrangian function 140 and an estimation algorithm 360. The closed-form solver 

154 uses the method of Lagrange multipliers to reformulate the constrained convex 

optimization problem 152 as an unconstrained optimization problem. More precisely, 

the closed-form solver 154 incorporates the constraint expressed as the equation (3b) 

25 into the objective function expressed as the equation (3a) to generate the Lagrangian 

function 140. The closed-form solver 154 then executes a Lagrangian minimization 

350 that minimizes the Lagrangian 140.  

[0070] As shown, the Lagrangian function 140 is denoted as L and can be 

expressed as the following equation (4): 
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L= IIX-XBIIF 2 +A • IIBII F2 + 2. yT -diag(B) (4) 

[0071] As used herein, y denotes a vector of Lagrangian multipliers 

(y(1),...,y(N))T, where N is the number of items in the item set 124.  

[0072] The closed-form solver 154 selects the values for the vector of Lagrangian 

5 multipliers such that the constraint in the equation (3b) is satisfied. To select the 

values for the vector of Lagrangian multipliers, the closed-form solver 154 sets the 

derivative of the Lagrangian 140 equal to zero. After re-arranging the terms of the 

derivative of the Lagrangian 140, the closed-form solver 154 obtains an estimate for 

the weight matrix 160 that can be expressed as the following equation (5): 

10 b = (XTX + A)- 1 . (XTX - diagMat(y)) (5) 

[0073] As used herein, B denotes the weight matrix 160, denotes an estimate for 

the weight matrix 160, diagMat(y) denotes a diagonal matrix corresponding to the 

vector of Lagrangian multipliers, and I denotes the identity matrix.  

[0074] The closed-form solver 154 then defines (for sufficiently large A, such as 

15 five hundred) an estimate for a regularized precision matrix 370 as per the following 

equation (6): 

p (XTX+ AI)- 1  (6) 

[0075] As used herein, P denotes the estimate for the regularized precision matrix 

370 (denoted as P).  

20 [0076] The closed-form solver 154 substitutes the equation (6) into the equation 

(5) to derive, successively, the following equations (7a), (7b), and (7c) that each 

expresses the estimate of the weight matrix 160: 

B = P ( 1- AI - diagMat(y)) (7a) 

5= I - P(AI+ diagMat(y)) (7b) 

25 5= I - diagMat() (7c) 

[0077] As used herein, the vector y is defined as Al + y, where I denotes a 

vector of ones. The values of the Lagrangian multipliers in the vector of Lagrangian 
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multipliers y and therefore the values in the vector y are determined by the constraint 

diag(B) = 0. Based on the equation (7c), the closed-form solver 154 expresses the 

constraint diag(B) = 0 as the following equation (8): 

0 = diag() = i - diag(P) D p (8) 

5 [0078] As used herein, the symbol D denotes the elementwise product. Based on 

the equation (8), the closed-form solver 154 expresses the vector f as the following 

equation (9): 

S=i odiag(P) (9) 

[0079] As used herein, the symbol 0 denotes the elementwise division. Note that 

10 because the regularized precision matrix 370 is invertible, the elementwise division in 

the equation (9) is well-defined.  

[0080] The closed-form solver 154 substitutes the equation (9) into the equation 

(7c) to generate a closed-form solution 380 for the constrained convex optimization 

problem 152 for learning the weight matrix 160. The closed-form solution 380 can be 

15 expressed as the following equation (10): 

b = I - P diagMat(i O diag(P) (10) 

[0081] Accordingly, the weights in the estimate of the weight matrix 160 can be 

expressed as the following equation (11): 

0 if i is equal toj (11) 

- t _ ( ) otherwise 
20 P(j,j) 

[0082] As per equation 11, the diagonal weights are equal to zero and the off

diagonal weights are determined by the estimate of the regularized precision matrix 

370. More precisely, the estimated off-diagonal weights for the th column of the 

weight matrix 160 are determined by the estimated off-diagonal elements in the th 

25 column of the regularized precision matrix 370 divided by the estimated value of the 

diagonal element in the th column of the regularized precision matrix 370.  

22



WO 2020/092488 PCT/US2019/058742 

[0083] For explanatory purposes only, the equations (3)-(11) are described as if 

the equations (3)-(11) are derived and implemented by the training application 150 

and the closed-form solver 154. However, in operation, neither the training 

application 150 nor the closed-form solver 154 derives any equations. Instead, the 

5 closed-form solver 154 executes the estimation algorithm 360 to estimate the 

regularized precision matrix 370 based on the Gram matrix 140 and then estimate the 

weight matrix 160 based on the regularized precision matrix 370.  

[0084] More precisely, the closed-form solver 154 sets the regularized precision 

matrix 370 equal to the estimate of the regularized precision matrix 370 defined in the 

10 equation (6) with the Gram matrix 140 substituted in for the term XTX. The closed

form solver 154 then sets the weight matrix 160 equal to the estimate of the weight 

matrix 160 defined in the equation (10). Consequently and as shown, the estimation 

algorithm 360 that the closed-form solver 154 executes can be expressed as the 

following equations (12a) and (12b): 

15 P = (G + AI)- 1  (12a) 

B = I - P -diagMat(i diag(P)) (12b) 

[0085] The closed-form solver 154 may execute the estimation algorithm 360 in 

any technically feasible fashion. In general, the amount of time required to execute 

the estimation algorithm 360 and, consequently, the amount of time required to train 

20 the preference prediction model 170 depends only on the number of items 224 and is 

independent of both the number of users 222 and the number of user-item 

interactions.  

[0086] As persons skilled in the art will recognize, the most computationally

intensive potion of the estimation algorithm 360 is the matrix inversion associated with 

25 the computation of the regularized precision matrix 370. In some embodiments, the 

closed-form solver 154 uses the Coppersmith-Winograd algorithm to perform the 

matrix inversion and therefore the computational complexity of the matrix inversion is 

approximately O(N2. 3 7 6), where N is the number of items 224 in the item set 124. In 

the same or other embodiments, the closed-form solver 154 avoids explicitly 

30 instantiating the diagonal matrix in the equations (12a) and (12b) to further reduce the 

training time.  
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[0087] After the closed-form solver 154 generates the weight matrix 160, the 

training application 150 generates the preference prediction model 170 that uses the 

weight matrix 160. The training application 150 may generate the preference 

prediction model 170 in any technically feasible fashion. For instance, in some 

5 embodiments, the training application 150 generates the entire preference prediction 

model 170 (including the weight matrix 160 and the scoring engine 172). In other 

embodiments, the training application 150 transmits the weight matrix 160 to an 

untrained preference prediction model 170, thereby training the preference prediction 

model 170. In yet other embodiments, the training application 150 transmits the 

10 weight matrix 160 to a location (eg, accessible via the Internet) from which the 

preference prediction model 170 acquires the most recently generated weight matrix 

160.  

[0088] As described previously herein, in response to receiving the input of the 

user vector 182, the preference prediction model 170 performs a vector-matrix 

15 multiplication between the user vector 182 and the weight matrix 160 to compute the 

predicted score vector 184 for the user 222 associated with the user vector 182. The 

preference prediction model 170 then outputs the predicted score vector 184. In 

alternate embodiments, the preference prediction model 170 may generate predicted 

scores at any level of granularity (eg., a single predicted score for a specific user 

20 212, a predicted score matrix for the entire interaction matrix 126) based on the 

associated portion of the interaction matrix 126.  

[0089] Advantageously, the closed-form solver 154 efficiently computes an precise 

optimum for the weight matrix 160 using the closed-form solution 380. By constraint, 

the gradient descent iterative techniques typically used to training a recommender 

25 deep neural network may converge slowly or get "stuck" at a local optimum of the 

training objective for the recommender deep neural network. Accordingly, the amount 

of time and/or the amount of processing resources required to train the preference 

prediction model 170 can be substantially lower than, respectively, the amount of time 

and/or the amount of processing resources required to train a comparable 

30 recommender deep neural network. For example, empirical results have shown that 

the interaction data 120 described previously herein in conjunction with Figure 2 was 

used to compare the performance of the preference prediction model 170 and a 
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Variational Autoencoder (a deep neural network with three hidden layers) using 

comparable processors. The training time for the preference prediction model 170 

was one minute and thirty-four seconds and the training time for the Variational 

Autoencoder was one hour and twenty-six minutes (more than fifty-four times longer).  

5 [0090] Furthermore, the number of inputs to the preference prediction model 170 

is equal to the number of outputs from the preference prediction model 170. By 

contrast, in many recommender deep neural networks, while the input and output 

layers may have many neurons (..., N, where N is the number of the items 224), 

each of the hidden layers typically have less neurons. As a result, the overall shape 

10 of many recommender deep neural networks is an hourglass and some information 

that could otherwise be conveyed from the input layer to the output layer is lost at the 

neck of the neural network. This types of information loss can reduce the accuracy of 

the recommender deep neural network. In contrast, the preference prediction model 

170 learns a full set of weights (N by N). As a result, the accuracy of the preference 

15 prediction model 170 may be improved relative to a typical recommender deep neural 

networks. Empirical results have also shown that the accuracy of the preference 

prediction model 170 is comparable or better than the accuracy of a typical 

recommender deep neural network. In particular, empirical results have shown that 

the accuracy of the preference prediction model 170 can be more than 20% higher 

20 than the accuracy of the Variational Autoencoder when the number of the items 224 is 

relatively high.  

[0091] Figure 4 is a flow diagram of method steps for generating user 

recomendations, according to various embodiments. Although the method steps are 

described with reference to the systems of Figures 1-3, persons skilled in the art will 

25 understand that any system configured to implement the method steps, in any order, 

falls within the scope of the embodiments.  

[0092] As shown, a method 400 begins at step 402, where the pre-training 

application 130 computes the Gram matrix 140 based on the interaction matrix 126.  

At step 404, the training application 150 computes the regularized precision matrix 

30 370 based on the Gram matrix 140. At step 406, the training application 150 

computes the weight matrix 160 based on the regularized precision matrix 370. At 
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step 408, the training application 150 generates the preference prediction model 170 

that includes the weight matrix 160.  

[0093] At step 410, the service application 180 receives a request from one of the 

users 122 included in the user set 122 and generates the application interface 190.  

5 At step 412, the service application 180 sets the user vector 182 equal to the row of 

the interaction matrix 126 that is associated with the user 222. At step 414, the 

service application 180 inputs the user vector 182 into the preference prediction 

model 170.  

[0094] At step 416, the scoring engine 172 performs a vector-matrix multiplication 

10 between the user vector 182 and the weight matrix 160 to compute the predicted 

score vector 184 for the user 222. The preference prediction model 170 then outputs 

the predicted score vector 184. At step 418, the service application 180 ranks, by 

predicted score, the items 224 in the item set 124 and optionally filters the ranked 

items 124 to remove the items 224 with which the user 122 has interacted to generate 

15 the recommended item list. At step 420, the service application 180 assigns the 

highest ranked items 124 as per the recommended item list to the interface elements 

192 and causes the application interface 190 to be displayed to the user.  

[0095] At step 422, the service application 180 determines whether to continue 

processing new requests. If, at step 422, the service application 180 determines to 

20 continue processing new requests, then the method 400 returns to step 410, where 

the service application 180 receives a new request and generates a new application 

interface 190. The service application 180 and the preference prediction model 170 

continue to cycle through steps 410-422 until the service application 180 determines, 

at step 422, not to continue processing new requests. If, however, at step 422, the 

25 service application 180 determines not to continue processing new requests, then the 

method 400 terminates.  

[0096] In sum, the disclosed techniques may be used to efficiently and accurately 

predict preferences of users for items. In one embodiment, a pre-training application 

generates an item-item Gram matrix based on a user-item interaction matrix that 

30 represents the historical preferences of users for items. The Gram matrix has the 

dimensions of N by N and the interaction matrix has the dimensions of M by N, where 
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N is the number of items and M is the number of users represented in the interaction 

matrix. Using the Gram matrix, the training application trains a preference prediction 

model to reproduce an input (the interaction matrix) as the output (a predicted score 

matrix).  

5 [0097] The preference prediction model is a linear model that is parameterized via 

a weight matrix that has the dimensions of N by N and includes N 2 weights. Training 

the linear preference prediction model can be expressed as the constrained convex 

optimization problem of learning the weight matrix that minimizes an objective 

function subject to a self-similarity prevention constraint. The objective function 

10 includes, without limitation, a square loss function that measures the error of the 

preference prediction model and an L2-norm regularization term that reduces the 

likelihood of overfitting the preference prediction model. The self-similarity prevention 

constraint ensures that the preference prediction model does not learn the trivial 

solution of a weight matrix that is equal to the identity matrix (self-similarity of items) 

15 by constraining the diagonal elements of the weight matrix to be zero, Using the 

method of Lagrange multipliers, the constrained convex optimization problem can be 

reformulated as an unconstrained convex optimization problem. More precisely, the 

self-similarity prevention constraint can be incorporated into the objective function to 

generate a Lagrangian that includes a vector of N Lagrangian multipliers. The 

20 constrained convex optimization problem can then be solved using a closed-form 

solution that minimizes the Lagrangian and has a single variable - the Gram matrix.  

[0098] In operation, upon receiving the Gram matrix from the pre-training 

application, the training application computes the weight matrix based on the closed

form solution and the Gram matrix. The training application then generates the 

25 preference prediction model that includes the weight matrix. To compute the 

predicted score for a user u and an item j, the preference prediction model computes 
th .th 

the dot product between the u row of the interaction matrix and the L column of the 

weight matrix. The preference prediction model may compute and output predicted 

preferences at any level of granularity based on the weight matrix and at least a 

30 portion of the interaction matrix. For instance, in some embodiments, the input to the 

preference prediction model is a row of the interaction matrix and the output of the 

preference prediction model is a predicted score vector. The predicted score vector 
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includes, without limitation, N predicted scores, where each predicted score 

represents a preference of the user associated with the inputted row for a different 

item included in the item set. Any number of software applications can use the 

trained preference prediction model to accurately generate predicted scores of users 

5 for items for any number of purposes.  

[0099] For instance, in some embodiments, a service application receives a 

request associated with the item set from a user included in the user set. The service 

application inputs the row of the interaction matrix that corresponds to the user into 

the preference prediction model. The preference prediction model outputs predicted 

10 preferences for the user for the items in the item set. The service application ranks 

the items with which the user has not previously interacted based on the predicted 

preferences. The service application then displays representations of the highest 

ranked items to the user via an application interface.  

[0100] At least one technical advantage of the disclosed techniques relative to the 

15 prior art is that the training application can more efficiently train models that 

accurately predict the preferences of users. In particular, since the training 

application computes the weight matrix non-iteratively using a computationally

efficient closed-form solution, the time and processing resources required for training 

can be reduced relative to the iterative processes typically employed when training 

20 deep neural networks. Another advantage of the disclosed techniques is that the 

preference prediction model is a linear regression model and various standard 

approaches exist for understanding what linear regression models learned during 

training. Yet another advantage of the disclosed techniques is that the preference 

prediction model learns a full set of weights; whereas, in prior art approaches 

25 involving neural networks, some weight-related information can be lost, leading to 

potential inaccuracies in the predictions generated by the neural networks. These 

technical advantages provide one or more technological advancements over the prior 

art.  

[0101] 1. In some embodiments, a method comprises generating a preference 

30 prediction model based on a first matrix and a closed-form solution for minimizing a 

Lagrangian, wherein the first matrix is associated with an interaction matrix that 

reflects a plurality of interactions between a plurality of users and a plurality of items, 
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and wherein the Lagrangian is formed based on a constrained optimization problem 

associated with the interaction matrix; generating a first application interface that is to 

be presented to a first user included in the plurality of users, wherein the first 

application interface includes a plurality of interface elements, and each interface 

5 element is individually selectable when the first application interface is displayed and 

is associated with a different item included in the plurality of items; computing one or 

more predicted scores using the preference prediction model, wherein each predicted 

score predicts a preference of the first user for a different item included in the plurality 

of items; determining a first item from the plurality of items to present to the first user 

10 via a first interface element included within the first application interface based on the 

one or more predicted scores; and causing a representation of the first item to be 

displayed via the first interface element included in the first application interface.  

[0102] 2. The method of clause 1, wherein determining the first item from the 

plurality of items comprises ranking the items that are associated with the one or 

15 more predicted scores based on the one or more predicted scores to generate a 

ranked item list; and determining that the first item is the highest-ranked item included 

in the ranked item list with which the first user has not interacted.  

[0103] 3. The method of clauses 1 or 2, wherein each item included in the 

plurality of items comprises a media item, and a first interaction included in the 

20 plurality of interactions comprises a rating that the first user assigned to a second item 

included in the plurality of items via a second application interface.  

[0104] 4. The method of any of clauses 1-3, wherein each item included in the 

plurality of items comprises a selectable item, and a first interaction included in the 

plurality of interactions comprises a purchase that a second user included in the 

25 plurality of users made of the first item via a second application interface.  

[0105] 5. The method of any of clauses 1-4, wherein the preference prediction 

model comprises a linear regression model that includes a weight matrix, and 

generating the preference prediction model comprises computing the weight matrix 

using the closed-form solution and the first matrix.  
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[0106] 6. The method of any of clauses 1-5, wherein the preference prediction 

model comprises a linear regression model that includes a weight matrix having at 

least one negative weight.  

[0107] 7. The method of any of clauses 1-6, wherein the preference prediction 

5 model comprises a linear regression model that includes a square weight matrix 

having an order that is equal to the number of items included in the plurality of items, 

and wherein each of the diagonal elements of the square weight matrix is equal to 

zero.  

[0108] 8. The method of any of clauses 1-7, wherein the preference prediction 

10 model includes a weight matrix, and wherein computing the one or more predicted 

scores comprises performing a vector-vector multiplication operation between a row 

of the interaction matrix associated with the first user and a column of the weight 

matrix associated with the first item.  

[0109] 9. The method of any of clauses 1-8, wherein the constrained optimization 

15 problem comprises a convex objective that includes a square loss function computed 

using a Frobenius norm.  

[0110] 10. The method of any of clauses 1-9, wherein the first matrix comprises a 

Gram matrix, and further comprising pre-multiplying the interaction matrix by the 

transpose of the interaction matrix to compute the first matrix.  

20 [0111] 11. In some embodiments, one or more non-transitory computer readable 

media include instructions that, when executed by one or more processors, cause the 

one or more processors to perform the steps of generating a preference prediction 

model based on a first matrix and a closed-form solution for optimizing a Lagrangian, 

wherein the first matrix is associated with an interaction matrix that reflects a plurality 

25 of interactions between a plurality of users and a plurality of items, and wherein the 

Lagrangian is formed based on a constrained optimization problem associated with 

the interaction matrix; generating a first application interface that is to be presented to 

a first user included in the plurality of users, wherein the first application interface 

includes a plurality of interface elements, and each interface element is individually 

30 selectable when the first application interface is displayed and is associated with a 

different item included in the plurality of items; computing one or more predicted 
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scores using the preference prediction model, wherein each predicted score predicts 

a preference of the first user for a different item included in the plurality of items; 

performing one or more ranking operations on the plurality of items based 

on the one or more predicted scores to determine a first item from the plurality of 

5 items to present to the first user via a first interface element included within the first 

application interface; and causing a representation of the first item to be displayed 

via the first interface element included in the first application interface.  

[0112] 12. The one or more non-transitory computer readable media of clause 11, 

wherein performing the one or more ranking operations comprises ranking the items 

10 that are associated with the one or more predicted scores based on the one or more 

predicted scores to generate a ranked item list; and determining that the first item is 

the highest-ranked item included in the ranked item list with which the first user has 

not interacted.  

[0113] 13. The one or more non-transitory computer readable media of clauses 11 

15 or 12, wherein each item included in the plurality of items comprises a media item, 

and a first interaction included in the plurality of interactions comprises a rating that 

the first user assigned to a second item included in the plurality of items via a second 

application interface.  

[0114] 14.The one or more non-transitory computer readable media of any of 

20 clauses 11-13, wherein each item included in the plurality of items comprises a 

selectable item, and a first interaction included in the plurality of interactions 

comprises a purchase that a second user included in the plurality of users made of 

the first item via a second application interface.  

[0115] 15. The one or more non-transitory computer readable media of any of 

25 clauses 11-14, wherein the preference prediction model includes a square weight 

matrix that, as a solution to the constrained optimization problem, optimizes the 

preference prediction model with respect to the inference matrix subject to the 

constraint that each of the diagonal elements of the square weight matrix is equal to 

zero.  

30 [0116] 16. The one or more non-transitory computer readable media of any of 

clauses 11-15, wherein computing the one or more predicted scores comprises 
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inputting a row of the interaction matrix that corresponds to the first user into the 

preference prediction model.  

[0117] 17. The one or more non-transitory computer readable media of any of 

clauses 11-16, wherein the preference prediction model includes a weight matrix, and 

5 wherein computing the one or more predicted score comprises performing a vector

matrix multiplication operation between a row of the interaction matrix associated with 

the first user and the weight matrix.  

[0118] 18. The one or more non-transitory computer readable media of any of 

clauses 11-17, wherein the constrained optimization problem comprises a convex 

10 objective that includes an L2-norm regularization term.  

[0119] 19. The one or more non-transitory computer readable media of any of 

clauses 11-18, further comprising performing one or more preprocessing operations 

on the interaction matrix to generate a preprocessed matrix; and pre-multipying the 

preprocessed matrix by the transpose of the preprocessed matrix to generate the first 

15 matrix.  

[0120] 20. In some embodiments, a system comprises one or more memories 

storing instructions; and one or more processors that are coupled to the one or more 

memories and, when executing the instructions, are configured to generate a 

preference prediction model based on an interaction matrix and a closed-form 

20 solution for minimizing a Lagrangian, wherein the interaction matrix reflects a plurality 

of interactions between a plurality of users and a plurality of items, and wherein the 

Lagrangian is formed based on a constrained optimization problem associated with 

the interaction matrix; generate a first application interface that is to be presented to a 

first user included in the plurality of users, wherein the first application interface 

25 includes a plurality of interface elements, and each interface element is individually 

selectable when the first application interface is displayed and is associated with a 

different item included in the plurality of items; compute one or more predicted scores 

using the preference prediction model, wherein each predicted score predicts a 

preference of the first user for a different item included in the plurality of items; 

30 determining a first item from the plurality of items to present to the first user via a first 

interface element included within the first application interface based on the one or 
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more predicted scores, and cause a representation of the first item to be displayed via 

the first interface element included in the first application interface.  

[0121] Any and all combinations of any of the claim elements recited in any of the 

claims and/or any elements described in this application, in any fashion, fall within the 

5 contemplated scope of the embodiments and protection.  

[0122] The descriptions of the various embodiments have been presented for 

purposes of illustration, but are not intended to be exhaustive or limited to the 

embodiments disclosed. Many modifications and variations will be apparent to those 

of ordinary skill in the art without departing from the scope and spirit of the described 

10 embodiments.  

[0123] Aspects of the present embodiments may be embodied as a system, 

method or computer program product. Accordingly, aspects of the present disclosure 

may take the form of an entirely hardware embodiment, an entirely software 

embodiment (including firmware, resident software, micro-code, etc.) or an 

15 embodiment combining software and hardware aspects that may all generally be 

referred to herein as a "module," a "system," or a "computer." In addition, any 

hardware and/or software technique, process, function, component, engine, module, 

or system described in the present disclosure may be implemented as a circuit or set 

of circuits. Furthermore, aspects of the present disclosure may take the form of a 

20 computer program product embodied in one or more computer readable medium(s) 

having computer readable program code embodied thereon.  

[0124] Any combination of one or more computer readable medium(s) may be 

utilized. The computer readable medium may be a computer readable signal medium 

or a computer readable storage medium. A computer readable storage medium may 

25 be, for example, but not limited to, an electronic, magnetic, optical, electromagnetic, 

infrared, or semiconductor system, apparatus, or device, or any suitable combination 

of the foregoing. More specific examples (a non-exhaustive list) of the computer 

readable storage medium would include the following: an electrical connection having 

one or more wires, a portable computer diskette, a hard disk, a random access 

30 memory (RAM), a read-only memory (ROM), an erasable programmable read-only 

memory (EPROM or Flash memory), an optical fiber, a portable compact disc read
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only memory (CD-ROM), an optical storage device, a magnetic storage device, or any 

suitable combination of the foregoing. In the context of this document, a computer 

readable storage medium may be any tangible medium that can contain, or store a 

program for use by or in connection with an instruction execution system, apparatus, 

5 or device.  

[0125] Aspects of the present disclosure are described above with reference to 

flowchart illustrations and/or block diagrams of methods, apparatus (systems) and 

computer program products according to embodiments of the disclosure. It will be 

understood that each block of the flowchart illustrations and/or block diagrams, and 

10 combinations of blocks in the flowchart illustrations and/or block diagrams, can be 

implemented by computer program instructions. These computer program 

instructions may be provided to a processor of a general purpose computer, special 

purpose computer, or other programmable data processing apparatus to produce a 

machine. The instructions, when executed via the processor of the computer or other 

15 programmable data processing apparatus, enable the implementation of the 

functions/acts specified in the flowchart and/or block diagram block or blocks. Such 

processors may be, without limitation, general purpose processors, special-purpose 

processors, application-specific processors, or field-programmable gate arrays.  

[0126] The flowchart and block diagrams in the figures illustrate the architecture, 

20 functionality, and operation of possible implementations of systems, methods and 

computer program products according to various embodiments of the present 

disclosure. In this regard, each block in the flowchart or block diagrams may 

represent a module, segment, or portion of code, which comprises one or more 

executable instructions for implementing the specified logical function(s). It should 

25 also be noted that, in some alternative implementations, the functions noted in the 

block may occur out of the order noted in the figures. For example, two blocks shown 

in succession may, in fact, be executed substantially concurrently, or the blocks may 

sometimes be executed in the reverse order, depending upon the functionality 

involved. It will also be noted that each block of the block diagrams and/or flowchart 

30 illustration, and combinations of blocks in the block diagrams and/or flowchart 

illustration, can be implemented by special purpose hardware-based systems that 
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perform the specified functions or acts, or combinations of special purpose hardware 

and computer instructions.  

[0127] While the preceding is directed to embodiments of the present disclosure, 

other and further embodiments of the disclosure may be devised without departing 

5 from the basic scope thereof, and the scope thereof is determined by the claims that 

follow.  
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WHAT IS CLAIMED IS: 

1. A method, comprising: 

generating a first matrix based on an interaction matrix, wherein the interaction 

5 matrix reflects a plurality of interactions between a plurality of users and 

a plurality of items; 

generating a preference prediction model based on the first matrix and a 

closed-form solution for minimizing a Lagrangian, wherein the 

preference prediction model is a linear regression model and the 

10 Lagrangian is formed based on a constrained optimization problem 

associated with the interaction matrix; 

generating a first application interface that is to be presented to a first user 

included in the plurality of users, wherein the first application interface 

includes a plurality of interface elements, and each interface element is 

15 individually selectable when the first application interface is displayed 

and is associated with a different item included in the plurality of items; 

computing one or more predicted scores using the preference prediction model, 

wherein each predicted score predicts a preference of the first user for a 

different item included in the plurality of items; 

20 determining a first item from the plurality of items to present to the first user via 

a first interface element included within the first application interface 

based on the one or more predicted scores; and 

causing a representation of the first item to be displayed via the first interface 

element included in the first application interface.  

25 

2. The method of claim 1, wherein the determining the first item from the plurality 

of items comprises: 

ranking the items that are associated with the one or more predicted scores 

based on the one or more predicted scores to generate a ranked item 

30 list; and 

determining that the first item is the highest-ranked item included in the ranked 

item list with which the first user has not interacted.  

36



1004069671 

3. The method of claim 1 or claim 2, wherein each item included in the plurality of 

items comprises a media item, and a first interaction included in the plurality of 

interactions comprises a rating that the first user assigned to a second item included 

5 in the plurality of items via a second application interface.  

4. The method of claim 1 or claim 2, wherein each item included in the plurality of 

items comprises a selectable item, and a first interaction included in the plurality of 

interactions comprises a purchase that a second user included in the plurality of users 

10 made of the first item via a second application interface.  

5. The method of any one of the preceding claims, wherein the linear regression 

model includes a weight matrix, and generating the preference prediction model 

comprises computing the weight matrix using the closed-form solution and the first 

15 matrix.  

6. The method of any one of claims 1 to 4, wherein the linear regression model 

includes a weight matrix having at least one negative weight.  

20 7. The method of any one of claims 1 to 4, wherein the linear regression model 

includes a square weight matrix having an order that is equal to the number of items 

included in the plurality of items, and wherein each of the diagonal elements of the 

square weight matrix is equal to zero.  

25 8. The method of any one of claims 1 to 4, wherein the preference prediction 

model includes a weight matrix, and wherein computing the one or more predicted 

scores comprises performing a vector-vector multiplication operation between a row 

of the interaction matrix associated with the first user and a column of the weight 

matrix associated with the first item.  

30 

9. The method of any one of the preceding claims, wherein the constrained 

optimization problem comprises a convex objective that includes a square loss 

function computed using a Frobenius norm.  
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10. The method of any one of the preceding claims, wherein the first matrix 

comprises a Gram matrix, and further comprising pre-multiplying the interaction matrix 

by the transpose of the interaction matrix to compute the first matrix.  

5 

11. One or more non-transitory computer readable media including instructions 

that, when executed by one or more processors, cause the one or more processors to 

perform the steps of: 

generating a first matrix based on an interaction matrix, wherein the interaction 

10 matrix reflects a plurality of interactions between a plurality of users and 

a plurality of items; 

generating a preference prediction model based on the first matrix and a 

closed-form solution for optimizing a Lagrangian, wherein the 

preference prediction model is a linear regression model and the 

15 Lagrangian is formed based on a constrained optimization problem 

associated with the interaction matrix; 

generating a first application interface that is to be presented to a first user 

included in the plurality of users, wherein the first application interface 

includes a plurality of interface elements, and each interface element is 

20 individually selectable when the first application interface is displayed 

and is associated with a different item included in the plurality of items; 

computing one or more predicted scores using the preference prediction model, 

wherein each predicted score predicts a preference of the first user for a 

different item included in the plurality of items; 

25 determining a first item from the plurality of items to present to the first user via 

a first interface element included within the first application interface 

based on the one or more predicted scores; and 

causing a representation of the first item to be displayed via the first interface 

element included in the first application interface.  

30 

12. The one or more non-transitory computer readable media of claim 11, wherein 

the determining the first item from the plurality of items comprises: 
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ranking the items that are associated with the one or more predicted scores 

based on the one or more predicted scores to generate a ranked item 

list; and 

determining that the first item is the highest-ranked item included in the ranked 

5 item list with which the first user has not interacted.  

13. The one or more non-transitory computer readable media of claim 11 or claim 

12, wherein each item included in the plurality of items comprises a media item, and a 

first interaction included in the plurality of interactions comprises a rating that the first 

10 user assigned to a second item included in the plurality of items via a second 

application interface.  

14. The one or more non-transitory computer readable media of claim 11 or claim 

12, wherein each item included in the plurality of items comprises a selectable item, 

15 and a first interaction included in the plurality of interactions comprises a purchase 

that a second user included in the plurality of users made of the first item via a second 

application interface.  

15. The one or more non-transitory computer readable media of any one of claims 

20 11 to 14, wherein the preference prediction model includes a square weight matrix 

that, as a solution to the constrained optimization problem, optimizes the preference 

prediction model with respect to an inference matrix subject to the constraint that 

each of the diagonal elements of the square weight matrix is equal to zero.  

25 

16. The one or more non-transitory computer readable media of any one of claims 

11 to 15, wherein computing the one or more predicted scores comprises inputting a 

row of the interaction matrix that corresponds to the first user into the preference 

prediction model.  

30 

17. The one or more non-transitory computer readable media of any one of claims 

11 to 14, wherein the preference prediction model includes a weight matrix, and 

wherein computing the one or more predicted score comprises performing a vector
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matrix multiplication operation between a row of the interaction matrix associated with 

the first user and the weight matrix.  

18. The one or more non-transitory computer readable media of any one of claims 

5 11 to 17, wherein the constrained optimization problem comprises a convex objective 

that includes an L2-norm regularization term.  

19. The one or more non-transitory computer readable media of any one of claims 

11 to 18, further comprising: 

10 performing one or more preprocessing operations on the interaction matrix to 

generate a preprocessed matrix; and 

pre-multipying the preprocessed matrix by the transpose of the preprocessed 

matrix to generate the first matrix.  

15 20. A system, comprising: 

one or more memories storing instructions; and 

one or more processors that are coupled to the one or more memories and, 

when executing the instructions, are configured to perform the method 

of any one of claims 1-10.  

20 
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