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(57) System and method for context based location
prediction based on a matrix factorization model, accord-
ing to which data from sensors is received and analyzed,
to define a sparse matrix [i,j] for each context, where i
denotes the source location and j denotes the destination
location. A matrix factorization model is generated and
the error between the predicted location and the actual
location a user went to, is calculated while normalizing

the predictions provided by the model, the distance of
each predicted destination from the actual destination or
the combination of predictions and distances. Then the
matrix factorization model is trained using a machine
learning process, the model is activated and a prediction
of a location is generated using the activated model with
the data received from sensors.
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Description

Field of the Invention

[0001] The present invention relates to the field of location prediction. More specifically the invention relates to applying
matrix factorization techniques for context-based location prediction.

Background of the Invention

[0002] Location prediction is the task of predicting the future locations of users in various time-frames (30 minutes,
an hour, a day etc.). This technology, if applied successfully, paves the way to a plethora of personalized, context-aware
services. For example, a user may receive coupons for restaurants in the vicinity of the lecture she will attend in an hour.
Another example is the automated activation of the thermostat in one’ s home upon determining that one is likely to
return home in within the next 30 minutes.
[0003] The three major difficulties in the field of location prediction are:

1. The sparsity of the data - due to the large number of possible contexts (day, hour, temperature, speed etc.) and
locations, the need to produce predictions based on a limited amount of data is very common.
2. The integration of multiple contexts - even when all the various contexts (day, hour, temperature, speed etc.) are
represented using a model, there is still the task of integrating the different models into one unified framework. This
is particularly problematic as the amount of data available for each model can change drastically for each user.
3. Privacy problem - the need to maintain privacy, which may require that all data and calculations be stored and
performed on a mobile device. This constraint makes many existing algorithms un-applicable.

[0004] SVD is a well-known matrix factorization method that gained much popularity following its successful application
in the Netflix Challenge. In the domain of recommendation systems, it utilizes latent relations between users and items
and represents them in a latent factor space of dimensionality.
[0005] SVD technique has some very important advantages relating to the field of location prediction such as: efficiency
- the SVD solution requires less space and more efficient to calculation as there is no need to multiply matrices; the
ability to easily add new contexts without needing to create new matrices; the ease with which X steps backwards can
be taken into account - something that is very expensive in existing solution of location prediction and more. However,
in order to apply the SVD in the domain of location prediction, two major challenges needs to be addressed. The first
challenge is the representation of the problem, and the second is the definition of the error.
[0006] It is therefore an object of the present invention to provide a system and method for location prediction, which
require less space and more efficient to calculations to overcome the sparsity problem and the privacy problem.
[0007] It is another object of the present invention to provide a system and method for location prediction, which
integrates the different models into one unified framework easily and efficiently.
[0008] It is yet another object of the present invention to provide a system and method for context based location
prediction using SVS technique.
[0009] Further objects and advantages of this invention will appear as the description proceeds.

Summary of the Invention

[0010] In one aspect, the present invention relates to a method for context based location prediction based on a matrix
factorization model, wherein the method comprises the steps of: receiving data from sensors; analyzing the data and
defining a sparse matrix [i,j] for each context, where i denotes the source location and j denotes the destination location;
generating a matrix factorization model according to the formula: 

wherein m is the average rating, bs is the source location bias, bd is the destination location bias, qs is a vector of latent
features for the source location and pd is a vector of latent features for the destination location;
calculating the error between the predicted location and the actual location a user went to, according to one of the
following three methods:

normalizing the predictions provided by the model;
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normalizing the distance of each predicted destination from the actual destination; and
normalizing the combination of predictions and distances;

training the matrix factorization model in a machine learning process, according to: 

 wherein γ is a learning step size; λ is a regularization parameter; and e is the error;
activating the model; and generating a prediction of a location using the activated model with the received data from
sensors.
[0011] In an embodiment of the invention, i and j in the sparse matrix [i, j] are vectors.
[0012] In an embodiment of the invention, the vectors contain context data.
[0013] In an embodiment of the invention, the training is iterative.

In another aspect the present invention related to a system for context based location prediction based on a matrix
factorization model, comprising:

a processor which receives context data from sensors which are interfacing the surrounding of a user, analyses
the data and represents the data in a format adapted to location prediction;

a location prediction matrix factorization model generator;

a location prediction generator, which generates a location predication based on the generated model and
based on the analyzed context data received from the processor.

In an embodiment of the invention, the processor generates context data using dynamic context splitting.

In an embodiment of the invention, the location prediction matrix factorization model generator generates the model
according to: 

 wherein m is the average rating, bs is the source location bias, bd is the destination location bias, qs is a vector of
latent features for the source location and pd is a vector of latent features for the destination location.

[0014] All the above and other characteristics and advantages of the invention will be further understood through the
following illustrative and non-limitative description of embodiments thereof, with reference to the appended drawings.

Brief Description of the Drawings

[0015]

- Fig. 1 schematically shows the system of the present invention according to an embodiment of the invention;
- Fig. 2 schematically shows the method of the present invention according to an embodiment of the invention;
- Fig. 3 shows the learning phase of the SVD algorithm;
- Fig. 4 shows a visual representation of the location prediction based matrix factorization model;
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- Fig. 5 schematically shows an example of values of predictions of the model of the present invention in the training
phase;

- Fig. 6 schematically shows an example of normalized values of predictions of the model of the present invention in
the training phase;

- Fig. 7 schematically shows the pseudo-code of normalizing the predictions provided by the model of the invention;
- Fig. 8 schematically shows the pseudo-code of normalizing the distance of each predicted destination from the

actual destination; and
- Fig. 9 schematically shows the pseudo-code of normalizing the combination of predictions and distances.

Detailed Description of the Embodiments of the Invention

[0016] The present invention relates to applying matrix factorization techniques for context-based location prediction.
[0017] The present invention is a method and system for context based location prediction based on a matrix factor-
ization model. The system of the invention is schematically described in Fig. 1. In system 100 a, receives data from
sensor that are interfacing the surrounding of the user and analyses the data and represent the data in a format adapted
to location prediction. Then a receives the analyzed data from the processor component 101 and generates the matrix
factorization model adapted to location prediction. A location prediction generator 103 receives the analyzed data from
the processor component 101 and the matrix factorization model from the model generator 102 and generated a prediction
of a location.
[0018] The method of the invention is schematically described in Fig. 2 and comprises the following steps: in step 101,
the system receives data from sensors (for example data from sensors of a smartphone such as GPS); in step 202, a
processor component analyzes the data and represents the data in a format adapted to the a location prediction. In step
203 a model generator generates a matrix factorization model, based on the analyzed data received from the processor
component. In step 204 the processor component calculates the error between the predicted location and the actual
location a user went to and in step 205 the matrix factorization model is trained and then activated in step 206. Eventually
in step 207 a location prediction generator uses the activated model and the analyzed data received from the processor
component and generates a prediction of a location.
[0019] The present invention addresses both of the abovementioned problems of sparsity and the integration of multiple
contexts simultaneously by leveraging a technique called Singular Value Decomposition (SVD). This technique has
been successfully applied in recent years in the domain of recommendation systems, where it has been utilized on highly
sparse data representations. The present invention demonstrate how the problem of location prediction can be re-
modeled so it is applicable for the SVD model, thus addressing both the problem of sparsity and the difficulty of integrating
multiple contexts.
[0020] SVD is a well-known matrix factorization method that gained much popularity following its successful application
in the Netflix Challenge. In the domain of recommendation systems, it utilizes latent relations between users and items
and represents them in a latent factor space of dimensionality.
[0021] In its most popular version, SVD computes predictions for unknown items using the following base model: 

[0022] Where m is the average rating, bu and bi are the item and user biases (respectively), and qi and pu are vectors
of latent features for the item and the user (respectively). The parameters of this model can be trained by a stochastic
gradient descent algorithm: 
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[0023] Where γ is the learning step size and λ is a regularization parameter. e is the error (the difference between the
prediction and the actual outcome) that is used to iteratively modify the various values of the parameters.
[0024] In recent years many versions of the algorithm have been proposed. The modifications to the basic algorithm
include additional parameters and incremental learning.
[0025] The main advantages of the present invention over the other location prediction solution in the art are:

1) Efficiency - the SVD solution requires less space and more efficient to calculation as there is no need to multiply
matrices;

2) A unique adaptation of the gradient descent calculation, to account for the fact that there is no fixed error (nor-
malization is used, values below 0 are ignored etc.);

3) The ability to easily add new contexts without needing to create new matrices;

4) The ease with which X steps backwards can be taken into account - something that is very expensive in existing
solution; and

5) Using dynamic context splitting method as a way to generate context and as a way to save space.

[0026] In order to apply the SVD in the domain of location prediction, two major challenges needs to be addressed.
The first challenge is the representation of the problem, and the second is the definition of the error. Next each of the
two challenges is addressed.

Representation of the problem:

[0027] The challenge is the need to represent the probability of transitioning from one location to another for each of
the used contexts. This is done as follows:

1. In the first step, for each context, a sparse matrix [i,j] is defined, where i denotes the "source" location and j
denotes the "destination" location.
2. In the second step, the representation can be adapted in order to represent more detailed contexts. For example,
if the speed in which a user is moving is wished to be taken into account, the speed of the user (which is a numeric-
continuous value) will undergo a process of discretization. Using this process, a numeric (continuous) value is
transformed into one of several of possible discrete values. For example, the speed can be converted into one of
four discrete values: [0], | 0-1], | 1-3] and |3-∞]. In this case, the value of the speed will be replaced by the index of
the relevant discretized value, and integer of the range [0,3].
Once the speed (or any other context, for that matter) is represented in such a fashion, it can be easily assigned to
the user’s current and destination location. In the previous section it was shown that a transition from a source i to
a destination j is represented using [i,j]. In order to represent the speed in this context, we simply add another set
of parameters to this space matrix, presented by [i,j]→[s]. [s] will contain a set of several values (the number of
values is equal to the number of possible discrete values for the context), and only the relevant values (those that
match the relevant context) are updated at any given time. A visual representation of the model is presented in Fig.
4, which schematically shows a visual representation of the hierarchical data object used to store the speed context.
i represents the "source" location, j represents the "destination" location and s represents the speed of the user (s
is divided into "buckets" of various speeds).
3. An additional adaptation of the model is the representation of several previous locations in which the user has
been. This can be represented as [[i1, i2 ... in,j], where in denotes the most frequent location and i1 denotes the
earliest location denoted by the model of the present invention and j is the destination location. This representation
can also be combined with the representation presented in section 2, above.

[0028] Eventually, the (adapted) model for predicting location is: 

[0029] Where m is the average rating, bs and bd are the source location and destination location biases (respectively),
and qs and pd are vectors of latent features for the source location and destination location (respectively).



EP 3 188 087 A1

6

5

10

15

20

25

30

35

40

45

50

55

[0030] The parameters of the model of the present invention can be trained by a stochastic gradient descent algorithm: 

[0031] Where γ is the learning step size and λ is a regularization parameter. e is the error (the difference between the
prediction and the actual outcome) that is used to iteratively modify the various values of the parameters.

Modeling the error:

[0032] Unlike the domain of recommendation systems, where the error can be easily quantified as the distance between
the predicted rating and the actual rating provided by the user, modeling the error in location prediction is more compli-
cated. Three possible methods are presented for error calculation:

1. Normalizing the predictions provided by the model - for each possible destination, the system produces a prediction.
This destination has a numeric value [-∞,∞]. These predictions are then normalized, and the normalized value is
considered to be the error. Fig. 7 schematically shows the pseudo-code of this method.

2. Normalizing the distance of each predicted destination from the actual destination - by doing this, it is strive to
minimize the distance between the predicted destination and the "true" destination. Predictions that result in larger
error will produce larger errors, something that in turn would result in more significant modifications of their corre-
sponding parameters.
Fig. 8 schematically shows the pseudo-code of this method.

3. Normalizing the combination of predictions and distances - for each possible destination, this approach combines
both the numeric prediction provided by the model for that destination and its distance from the true destination.
One possibility is multiplication (followed by the normalization of all values to 1) but other possibilities also exist.
Fig. 9 schematically shows the pseudo-code of this method.
One of the three options is chosen every time the system generates a prediction for location according to the scenario
and the parameters given in each time. In all cases the system sums all the values that are greater than 0 and
divides all values by the sum. The goal is always to get to a point where the sum of normalized probability is 1. The
difference is the way the score of each destination is calculated, which can be seen in the pseudo-codes of each
method presented in Figs 7, 8 and 9 accordingly.

[0033] Following the normalization, the final stage consists of updating the parameters for each possible combination
of the current location and destination. This is carried out as follows: for each destination that is incorrect (i.e. the user
was not present in it within the time frame for which the algorithm provided the prediction), the error is the normalized
error of the prediction. For the "true" destination location, the error is : -(1-err).
[0034] The logic of this step is as follows: in a perfect scenario, the algorithm would produce a normalized score of 1
for the correct destination and a normalized score of 0 for all other cells. As this scenario is the ideal scenario, the error
for each incorrect destination is its distance from 0 - that is, the normalized prediction value. For the correct destination,
it is aimed for the opposite -it is wished to increase the value of its parameters so they reach 1. For this reason, the error
is the difference between 1 and the normalized predicted value. The sign of this error is opposite, as it is aimed to
increase the value of the parameters instead of reducing it.
[0035] Fig. 3 schematically shows the algorithm describing the method of the Learning Phase of the SVD and the
error calculation as a part of the algorithm.
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Use case:

[0036] In this section an example is provided for context generation and location prediction based on the extracted
representation.

Modeling the context

[0037] Assuming that it is interested to utilize the following contexts in the present invention location prediction appli-
cation:

a. General context - the a-priori "score" assigned to the likelihood of the user moving from location X to location Y.
This is modeled using Gen[i,j] where i and j are the current location and a prospective destination, respectively.
b. Duration - the amount of time the user spent in the current location (i.e. the time that passed since the user’ s
arrival in the current location until "now" - the moment where the prediction is made). The duration is divided into
"buckets" of 30 minutes each - 48 buckets overall (a duration of more than a day will be mapped to the last bucket).
This context is modeled using Dur[i,j][t], where i and j are the current location and a prospective destination, respec-
tively, and t is the index of the "bucket" to which the current reading was mapped.
c. Speed - the speed of the user at the moment that the sample was taken. Similarly to duration, the speed will be
divided into "buckets" of various speeds. This context will be represented using Speed[i,j][s], where s is the index
of the corresponding bucket.
d. Day - the day of the week in which the sample was taken. This context will be represented by Day[i,j][d]. Naturally,
this context will contain seven buckets for each current location/destination combination.
e. Part of day - this context represents the time of day, with different hours divided into different sections. A possible
partition, for example would be to create a new bucket for every two hours, thus creating 12 buckets overall. Buckets
for different time spans can also be created (for example, from 2AM to 7 AM). This context will be represented by
Pod[i,j][p].

[0038] Using these contexts, the prediction for each current location/destination will be calculated as follows: 

Error Modeling:

[0039] This use case demonstrates the first option proposed above for the training of the prediction model - error
normalization. Assuming that for a given user and a given current location, a prediction for ten possible destinations is
produced (denoted 1-10). The values of these predictions are described in Fig. 5.
[0040] Given that this is the training phases of the model, it is determined that the "correct" prediction is destination #7.
[0041] The first step of the model is to retrieve all the destinations whose prediction value is greater than 0. The reason
for determining 0 as a minimum, except for the fact that it is complicated to calculate all the other thousands or more
destination in the matrix, is that using all possible destinations would " skew the curve" and make the top destinations
to have smaller differences. Finally, this prevents the divergence of the function.
[0042] Therefore, destinations 3, 5 and 8 will be retrieved. Since destination 7’ s prediction value is smaller than 0, it
was only added due to its being the true destination, with a predicted value of 0. The normalized prediction scores of
these four destinations are shown in Fig. 6.
[0043] Therefore, the error for destination 7 would be -1 and the error for the other three destinations will be their
normalized scores. Finally, the parameters of the corresponding locations will be updated. Assuming that the current
location’ s ID number is 11. For destination 3, for example, the parameters will be updated in the following manner: 
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[0044] This process is carried out for every GPS reading and repeated for multiple iterations until the model converges
(i.e. the error of the model ceases to decrease in a significant manner).
[0045] The processor component generates new contexts and filters non-suitable samples using a novel method of
method dynamic context splitting.
[0046] While it is interested in utilizing many different contexts of the data in order to improve the accuracy of the
location prediction, a large number of contexts also inevitably increases data sparsity. The reason is clear - a larger
number of contexts created more possible unique context combination and this leads to spreading the available infor-
mation "thinner".
[0047] The dynamic partitioning of context method overcomes this problem. This approach enables to create high
granularity where multiple data points are available and low granularity when the data is sparse. The context generation
is done automatically and it can be modified following the obtainment of additional information.
[0048] The implementation according to one embodiment of the invention is as follows:

a) Setting all the contexts at their maximal degrees of granularity (i.e. the maximal degree of specificity as was
defined by the system’s parameters). The following steps are then applied:
b) All contexts for which there are no data points are merged with adjacent contexts. By adjacent we mean consecutive
values or values that are defined closest using a predefined metric. This process is done iteratively.
c) For all remaining contexts, a chi-square test is used to determine whether a given pair of contexts are sufficiently
similar to be merged. This is done in the following manner for each pair of contexts:

• For each pair of source and destination locations a unique identifier is assigned
• For each context, the number of times the users (or user, if this is calculated on the user level) have transitioned

from the the source to the the destination is counted, in that particular context.
• All unique identifiers that have at least a single movement are included in the list of the items that are to be

examined.
• For each contexts, the unique IDs and the number of occurrences are represented using an array of n cells,

where n is the number of IDs and the value of each cell is the number of occurrences.
• These two arrays are compared using a statistical test (in this case, paired chi-squared test) to determine

whether they are similar above a predefined threshold. If they are, the two contexts are joined.

d) The process is iterative and will continue to be applied on all contexts as long as a single merging took place.

Dealing with partial contextual match:

[0049] As the merging of the contexts takes place during the training of the prediction model, it is possible that during
the test phase a combination of contexts that is not represented fully by the current context representation will be
encountered. For example, we may combine the contexts [speed between 1-3 km/h] and [day=Thursday], but encounter
a case where the user has a speed of 2km/h on a Friday.
two possible methods for dealing with this case are implemented:

a) Ignore all contexts that do not have a full match - in the example presented above, this will lead to the day and
speed contexts to be ignored in the prediction process.
b) Enable partial matching - in this case all contexts that have a partial match to the context of the analyzed data
point is included. In the above example, this will lead to the inclusion of two contexts: the joined "[speed between
1-3 km/h] and [day=Thursday]" context and the "[day=Friday]" context.

[0050] It should be pointed out that this situation is temporary, because a sufficient number of such samples will lead
to a different joining of contexts the next time the model is retrained.
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Claims

1. A method for context based location prediction based on a matrix factorization model, said method comprises the
steps of:

a. receiving data from sensors;
b. analyzing said data and defining a sparse matrix [i,j] for each context, where i denotes the source location
and j denotes the destination location;
c. generating a matrix factorization model according to the formula: 

wherein m is the average rating, bs is the source location bias, bd is the destination location bias, qs is a vector
of latent features for said source location and pd is a vector of latent features for said destination location;
d. calculating the error between the predicted location and the actual location a user went to, according to one
of the following three methods:

i. normalizing the predictions provided by the model;
ii. normalizing the distance of each predicted destination from the actual destination; and
iii. normalizing the combination of predictions and distances;

e. training said matrix factorization model in a machine learning process, according to: 

wherein γ is a learning step size;
λ is a regularization parameter; and
e is the error;

f. activating said model; and
g. generating a prediction of a location using said activated model with said received data from sensors.

2. A method according to claim 1, wherein i and j in said sparse matrix [i, j] are vectors.

3. A method according to claim 2, wherein said vectors contain context data.

4. A method according to one of the preceding, wherein said training is iterative.

5. A system for context based location prediction based on a matrix factorization model, comprising:

a. a processor which receives context data from sensors which are interfacing the surrounding of a user, analyses
said data and represents said data in a format adapted to location prediction;
b. a location prediction matrix factorization model generator;
c. a location prediction generator, which generates a location predication based on said generated model and
based on said analyzed context data received from said processor.
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6. A system according to claim 5, wherein said processor generates context data using dynamic context splitting.

7. A system according to claim 5 or 6, wherein the location prediction matrix factorization model generator generates
said model according to: 

wherein m is the average rating, bs is the source location bias, bd is the destination location bias, qs is a vector of
latent features for said source location and pd is a vector of latent features for said destination location.



EP 3 188 087 A1

11



EP 3 188 087 A1

12



EP 3 188 087 A1

13



EP 3 188 087 A1

14



EP 3 188 087 A1

15



EP 3 188 087 A1

16



EP 3 188 087 A1

17

5

10

15

20

25

30

35

40

45

50

55



EP 3 188 087 A1

18

5

10

15

20

25

30

35

40

45

50

55


	bibliography
	abstract
	description
	claims
	drawings
	search report

