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(57) Abstract: Examples relate to predicting available access points. In one example, a computing device may: obtain a set of train-
ing fingerprints, each training fingerprint specitying, for a client device, i) a set of access points, and ii) cellular signal strength meas-
urements for each cellular tower in a set of cellular towers; generate a plurality of classes based on the set of training fingerprints,
each class specifying at least one access point, the access points of each class corresponding to the set of access points specitied by
at least one training fingerprint, and each combination being different from combinations specified by each other class in the plural -
ity of classes; and train a predictive model to receive, as input, an input fingerprint specifying a cellular signal strength measurement
for each cellular tower in a set of input cellular towers and produce, as output, at least one of the plurality of classes.
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PREDICTING AVAILABLE ACCESS POINTS

CROSS-REFERENCE TO RELATED APPLICATIONS
This application is related to application number _, filed on March 9, 2015, and titled
“Predicting Access Point Availability,” the entirety of which is incorporated herein by
reference.
BACKGROUND

[0001]  Cellular network communications devices, such as cellular phones and
cellular network access points, transmit data across cellular networks. While
bandwidth for transmitting data across cellular networks is limited, some cellular
network communications devices are capable of transferring data across other

networks, such as broadband or satellite networks.

BRIEF DESCRIPTION OF THE DRAWINGS

[0002] The following detailed description references the drawings, wherein:

[0003] FIG. 1 is a block diagram of an example computing device for predicting
available access points.

[0004] FIG. 2 is an example data flow for predicting available access points.
[0005] FIG. 3A is an example illustration of fingerprint distribution.
[0006] FIG. 3B is another example illustration of fingerprint distribution.

[0007] FIG. 4 is a flowchart of an example method for predicting available access

points.

DETAILED DESCRIPTION
[0008]  Cellular network communications devices, or cellular devices, may use
mobile data offloading (MDO) techniques to avoid using cellular networks to transmit
data. For example, a cell phone may connect to a broadband network using an

included Wi-Fi radio in communication with a Wi-Fi access point, offloading the
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transmission of data to the broadband network. Offloading the transmission of data to
a non-cellular network may have many advantages. For example, use of MDO may
increase available cellular network bandwidth and, in some situations, increase the
speed and/or reliability of data transmission for individual devices. For users who
have network provider enforced limits on cellular data transmission, data offloading
may allow those users’ devices to transmit data across networks that do not
contribute to the users’ cellular data limit.

[0009] For some MDO methods, cellular devices use Wi-Fi radios to scan for and
connect to available Wi-Fi access points that are connected to non-cellular networks.
However, using a Wi-Fi radio requires power, and frequent use of a Wi-Fi radio to
search for access points may drain a device’s battery, and connecting or attempting
to connect to an access point with relatively low signal strength may result in relatively
slow data transmission and/or data loss, leading to a poor user experience.
Predicting wireless access point availability allows a cellular network communications
device to predict when a Wi-Fi access point may be within range of the device and, in
some implementations, predict the quality, e.g., signal strength, of the access point.
This allows the device to leave its Wi-Fi radio off until an access point is predicted to
be within range, preserving the device’s battery and increasing the likelihood of
performing a successful handoff.

[0010] As used herein, “access point” refers to any access point to a network that
is separate from the cellular network on which a cellular device is operating. For
example, the access point may be a Wi-Fi router connected to a broadband or
satellite network, or — in some implementations — a cellular hotspot connected to a
cellular network that is separate from the cellular network on which the cellular device
is operating. Cellular devices may communicate with access points in a variety of
ways, including Wi-Fi, Wi-Fi Direct, and Bluetooth, to name a few.

[0011] By way of example, a wireless availability prediction device may predict

available wireless access points by gathering cellular fingerprints from cellular
2
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devices. Cellular fingerprints include data specifying cellular signal strength, e.g.,
measured in decibel-milliwatts (dBm), for nearby cellular towers, or cells. The
fingerprints also specify a set of nearby access points, e.g., access points that are
within range of the cellular device at the time the fingerprint is created by the device.
In some implementations, cellular fingerprints may be gathered after successful
wireless handoffs, e.g., successful connections to Wi-Fi access points. For example,
a cell phone may generate a wireless fingerprint at the time the cell phone connects
to a Wi-Fi access point, and the fingerprint may specify the dBm of three nearby cells

and two nearby access points at the time of the connection.

[0012] After gathering cellular fingerprints, the wireless availability prediction
device creates classes for the fingerprints based on the access points specified by
the fingerprints. In some implementations, a class may be created for each unique
combination of access points specified by a fingerprint. Using the created class and
the gathered fingerprints, the wireless availability prediction device may then train a
predictive model, such as a single label classification model, to classify fingerprints.
The predictive model may be trained to accept, as input, cellular signal strength
measurements for a set of cell towers and produce, as output, a likely class to which
the fingerprint belongs. Details regarding the training of the classification model are
described in further detail below.

[0013]  The trained classifier may be used on new fingerprints, e.g., fingerprints not
included in the set of fingerprints used to train the classifier, to predict a classification
for each new fingerprint. As each class specifies a set of access points, the
classification of a new fingerprint may provide an indication of which access point(s)
the device that produced the new fingerprint may be able to connect to. For example,
in situations where the classifier produces output indicating that a fingerprint provided
by a mobile device is likely to be in a class that include access points AP1 and AP2,

the mobile device may, in response to receiving the output, enable a wireless radio
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and attempt to connect to AP1 and/or AP2. Further details regarding the use of a

trained classifier for predicting wireless access point availability are discussed below.

[0014] Referring now to the drawings, FIG. 1 is a block diagram 100 of an
example computing device 110 for predicting available access points. Computing
device 110 may be, for example, a cellular device, such as a cell phone, a personal
computer, a server computer, or any other similar electronic device capable of cellular
communications or communicating with cellular devices. In the example
implementation of FIG. 1, the computing device 110 includes a hardware processor,

120, and machine-readable storage medium, 130.

[0015] Hardware processor 120 may be one or more central processing units
(CPUs), semiconductor-based microprocessors, and/or other hardware devices
suitable for retrieval and execution of instructions stored in machine-readable storage
medium, 130. Hardware processor 120 may fetch, decode, and execute instructions,
such as 132-136, to control processes for predicting available access points. As an
alternative or in addition to retrieving and executing instructions, hardware processor
120 may include one or more electronic circuits that include electronic components

for performing the functionality of one or more instructions.

[0016] A machine-readable storage medium, such as 130, may be any electronic,
magnetic, optical, or other physical storage device that contains or stores executable
instructions. Thus, machine-readable storage medium 130 may be, for example,
Random Access Memory (RAM), an Electrically Erasable Programmable Read-Only
Memory (EEPROM), a storage device, an optical disc, and the like. In some
implementations, storage medium 130 may be a non-transitory storage medium,
where the term “non-transitory” does not encompass transitory propagating signals.
As described in detail below, machine-readable storage medium 130 may be
encoded with a series of executable instructions: 132-136, for predicting available

access points.
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[0017]  Asshown in FIG. 1, the computing device 110 obtains, from client device(s)
140, a set of training fingerprints 142 (132). Each training fingerprint specifies, for a
client device, i) a set of access points, and ii) cellular signal strength measurements
for each cellular tower in a set of cellular towers. For example, a cell phone may, in
response to successfully connecting to an access point, create and provide to the
computing device 110 a training fingerprint that includes i) a set of access points
within range of the cell phone, and ii) signal strength measurements for each of three
cells within range of the cell phone at the time it connected to the access point. The
client device 140 may be any device in communication with the computing device 110,
such as a cellular communications device, personal computer, server computer, or

another device capable of sending data across cellular and Wi-Fi networks.

[0018] In some implementations, each training fingerprint further specifies, for the
corresponding client device, an access point signal strength for the access points
included in the set of access points. For example, in addition to specifying the dBm of
each nearby cell, a fingerprint may also specify the dBm of each access point within
range of the cell phone. In some implementations, each training fingerprint may also
specify a registered cell tower to which the client device was registered. As described
in further detail below, the registered cell may be used, for example, to determine

which predictive model(s) to use when predicting available access points.

[0019] The computing device 110 generates multiple classes based on the set of
training fingerprints (134). Each class specifies at least one access point, and the
access points of each class correspond to the set of access points specified by at
least one training fingerprint. Each class also specifies a different combination of
access points. For example, one class may be created for all training fingerprints that
specify access points AP1 and AP2 only, while another class may be created for all
training fingerprints that specify access points AP1, AP2, and AP3 only. In this

implementation, each training fingerprint belongs to exactly one class.

[0020] In implementations where each training fingerprint specifies access point

signal strength measurements for the set of access points, each class may specify,
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for each access point of the class, an access point signal strength. The access point
signal strength of each access point of each class corresponds to the access point
signal strength measurement specified by at least one training fingerprint. Access
point signal strength, in this situation, may be in dBm or another measurement, e.g.,
received signal normalized to levels, e.g., levels 1-5, 5 being the strongest signal
strength range and 1 being the weakest signal strength range. By way of example, a
first fingerprint may specify access points AP1 and AP2, and also a signal strength for
each access point, e.g., AP1 strength of 5 and AP2 strength of 3, on a scale from 1-5.
The first fingerprint may, in this situation, be classified as belonging to a class that
includes AP1 (strength 5) and AP2 (strength 3). A second fingerprint that also
specifies AP1 and AP2, but with different signal strength measurements, e.g., AP1
strength of 4 and AP2 strength of 5, may be in a class that is different from the first
fingerprint. More granular classes, e.g., classes that specify AP signal strength in

addition to the access points, may result in more granular classification results.

[0021]  The computing device 110 trains a predictive model to receive, as input, an
input fingerprint specifying a cellular signal strength measurement for each cellular
tower in a set of input cellular towers and produce, as output, at least one of the
classes (136). A number of training methods and/or classifiers may be used to train a
predictive model. For example, single label classification methods, such as a support
vector machine or C4.5 classification model, may be trained to produce the most
likely class for a given input fingerprint. A C4.5 decision tree model may be trained,
for example, which may be traversed using cellular signal strength measurements for
decisions at each branch, with each leaf node ending in a particular class. Some
classification methods, such as the C4.5 classification model may, in some
implementations, be enhanced by additional processes. For example the RAKEL
(Random-k Labelsets) method may be used to randomize classes and train multiple
classification models, each classification model being trained using a different set of
randomized classes. In this situation, an input fingerprint may be provided to each of

the multiple trained classification models to produce multiple outputs, which may be
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combined — e.g., by averaging — to identify a most likely class for the input fingerprint.
Other methods for generating a trained predictive model, such as a support vector

machine mentioned above, may also be used.

[0022] In some implementations, the predictive model is trained to produce, as
output for each class, a measure of likelihood that the input fingerprint belongs to the
class. For example, a trained C4.5 decision tree may indicate, for each leaf node that
represents a class, a probability that a given input fingerprint would be classified as

the class represented by the leaf node.

[0023] The trained predictive model may be used, e.g., by the computing device
110, to identify the mostly likely class for a given fingerprint, which may in turn be
used to predict which access point(s) are likely to be available. For example, the
predictive model may receive an input fingerprint generated by a cellular device, the
input fingerprint specifying received signal strength (RSS) measurements from three
nearby cell towers. The output provided by the trained predictive model may specify
a class for the query fingerprint, e.g., a class that includes access points AP1 and
AP2. In this example, the predicted available access points for the cellular device are
AP1 and AP2.

[0024] In some implementations, the set of training fingerprints includes only
training fingerprints received from a single client device 140. This allows predictive
models to be trained for each client device. In some implementations, the set of
training fingerprints includes training fingerprints received from multiple different client

devices. This facilitates generation of crowd-sourced predictive models.

[0025] While the computing device 110 is shown separately from the client
device(s) 140 in FIG. 1, in some implementations, some or all of the instructions 132-
136 may be performed by a client device, alone or in combination with a separate
computing device 110. For example, a client device may obtain training fingerprints
and generate classes, and a server computer may use the generated classes and

training fingerprints to train a predictive model. Further details regarding the training



WO 2016/141527 PCT/CN2015/073874

of the predictive model and prediction of access point availability are provided in the

example described with respect to FIG. 2, below.

[0026] FIG. 2 is an example data flow 200 for predicting available access points.
The example data flow 200 depicts the classification and modeling of training
fingerprints 202 and also depicts predicting available access points using the trained
predictive model. The data flow 200 depicts client devices(s) 140 and a query client
device 230 in communication with a wireless availability prediction device 210. The
wireless availability prediction device 210 is depicted separately from the client and
query client devices, and is connected to a data storage device 220, such as a local
hard drive. As noted above, in some implementations the wireless availability
prediction device 210 may be included within a query client device 230, which may

also be one of the client device(s) 140.

[0027] The client device(s) 140 provide training fingerprints 202 to the wireless
availability prediction device 210. Each training fingerprint includes a set of access
points and cellular signal strength measurements for each of a plurality of cellular
towers. In some implementations, the training fingerprints 202 also specify a
registered cellular tower and/or access point signal strength measurements for each
of the access points specified by the fingerprint. An example set of training
fingerprints 202 is provided in Table 1, below:

Fingerprint Cell_1 Cell_2 Cell_3 Cell_4 AP1 AP2 AP3 AP4 Registered Cell

Table 1

[0028] The example training fingerprints shown in Table 1 are from devices that

were all registered to Cell_1. In some implementations, fingerprints specifying

different registered cells would be used to generate separate predictive models, e.qg.,
8
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models specific to each registered cell. To train the predictive model 230, the
wireless availability prediction device 210 first transforms multi-label classification task
to a single label classification task, e.g., transforms the multi-label classification task
of classifying/labeling each fingerprint as one particular access point of multiple
access points into a single label classification task of classifying a fingerprint as a
class that represents multiple labels/access points. The transformation to a single-
label classification task may be performed, for example, using a labeled powersets
method, where each unique combination of access points specified by the training
fingerprints is a separate class. In the example data flow 200, each set of access
points specified by each training fingerprint is classified as belonging to one class.
For example, access point labels 222, which specify the access points of each
fingerprint, are assigned a class label 224. The transformation of the multi-label
classification task, e.g., the process of creating classes based on the training

fingerprints, is also shown in Table 2, below.

Fingerprint Access Points (Labels) AP Class

Class 1 = {AP1, AP2}

fa AP2, AP3, AP4 Class 3 = {AP2, AP3, AP4}

Table 2

[0029] As shown in the examples above, each new combination of access points
specified by a fingerprint would result in the creation of a new class. In this example,
each fingerprint belongs to only one class, and every class has at least one fingerprint

belonging to the class.

[0030] After generating class labels 224 for the training fingerprints 202, the
wireless availability prediction device 210 trains the predictive model 230. The
predictive model 230 may be any predictive model capable of performing a single-
label classification task, such as a support vector machine or C4.5 decision tree

9
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model. In the example data flow 200, the predictive model 230 is trained to receive
fingerprint input that specifies cellular signal strength measurements and to produce,

for at least one class, the probability that the fingerprint input belongs to that class.

[0031] In some implementations, for example, the wireless availability prediction
device 210 may train multiple predictive models that each implement a respective
decision tree and receive, as input, an input fingerprint and produce, as output, at
least one class. Each predictive model may be trained using a different subset of
classes generated using at least one pseudo-random subset of the access points
specified by the set of training fingerprints. Implementing RAKEL, for example, in
conjunction with the C4.5 decision tree model, results in multiple pseudo-randomly
generated predictive models. In response to receiving an input fingerprint, the output
of the multiple predictive models may be combined to identify at least one predicted
access point for the input fingerprint. Using the output of one or more predictive
models to predict a particular access point is described in further detail in the

paragraphs that follow.

[0032] Trained predictive models, such as the example predictive model 230, may
be stored in the data storage device 220. In situations where a predictive model is
produced for each registered cell specified by training fingerprints 202, additional

predictive models may also be stored in the data storage device 220.

[0033] To predict available access points using the trained model, the wireless
availability prediction device 210 receives a query fingerprint 242 from a query client
device 240. The query client device 240 may be, for example, a cellular device that is
currently using a cellular tower for communications. In an attempt to offload the
communications to a separate network via an access point, and without turning on
Wi-Fi to check for nearby access points, the cellular device may send the query
fingerprint 242 to the wireless availability prediction device 210 to determine if any
nearby access points may be available. The cell towers and RSS measurements
included in the query fingerprint 242 of the example data flow are reproduced in Table

3, below.

10
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Cell Tower RSS (dBm) Registered

Cell_2 -51 No

Table 3

[0034] The data included in the query fingerprint 242 indicates that the query client
device 240 was within range of and received signal strength measurements for three
cell towers: Cell_1, Cell_2, and Cell_4. When the query fingerprint was generated,

the query client device 240 was registered to Cell_1.

[0035] The wireless availability prediction device 210 classifies the query
fingerprint 242 based on the cellular signal strength measurements specified by the
query fingerprint 242. In the example data flow 200, the wireless availability
prediction device 210 classifies the query fingerprint 242 by providing the query
fingerprint 242 as input to the predictive model 230. The predictive model 230
provides, as output, candidate classes 244 and, for each candidate class, probability

that the query fingerprint 242 belongs to the class.

[0036] In some implementations, the query fingerprint 242 may be classified as
the class with the highest probability output by the predictive model 230. In the
example data flow, Class 1 has the highest probability among the candidate classes
244, with a probability of 0.7. In some implementations, one or more access points
are selected from the class to which the query fingerprint 242 belongs. For example,
the wireless availability prediction device 210 may select AP1 and AP2 — the two
access points included in Class 1 — and provide those access points to the query

client device 240 as access points predicted to be available.

[0037] In some implementations, and as shown in the example data flow 200, the
wireless availability prediction device 210 determines, for each access point specified
in the candidate classes 244 output by the predictive model 230, a measure of
likelihood that the query client device will successfully connect to the access point.

The likelihood that a device will successfully connect may not, in some

11
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implementations, be an actual probability of successful connection, e.g., due to
environmental reasons and standard errors in model training, but may provide an
indication of whether a successful connection to an access point is likely, e.g., relative

to the likelihood of successfully connecting to another access point.

[0038] The example data flow 200 depicts probabilities 246 determined for each
access point, AP1-AP4, which are the access points included in candidate classes
Class1, Class2, and Class3. The probabilities 246, or measures of likelihood, may be
determined in a variety of ways. For example, the wireless availability prediction
device 210 may calculate, for each access point included in the candidate classes,
the sum of each measure of likelihood received for each of the candidate classes 244
that contain the access point. Table 4, below, illustrates the summation of class

probabilities for the access points AP1-AP4.

Class P(Class) AP1 AP2 AP3 AP4

Class2 0.2 1 1 1 0

SUM(P(Class)) 0.9 1.0 0.3 0.1

Table 4

[0039]  Access point AP1, for example, is included in Class1 and Class2. Class1
has a probability of 0.7, while Class2 has a probability of 0.2. The sum of these is 0.9,
which may be used as the measure of likelihood that the query client device 240 will
successfully connect to access point AP1. Access point AP2 has a sum of 1.0, AP3

has a sum of 0.3, and AP4 has a sum of 0.1.

[0040] The probabilities 246 determined for each access point included in the
candidate classes 244 are, in the example data flow 200, used to rank the access
points for the query client device 240. For example, output from the wireless
availability prediction device 210 specifies access points 250 and a list of ranked

access points 252. Access points may, in some implementations, be ranked using

12
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other methods, e.g., access points may be ranked based on how often the access

point appears in candidate classes.

[0041]  The manner in which the wireless availability prediction device determines
which access point(s) to provide in response to the query fingerprint 242 may vary. In
some implementations, access points are only provided in response to a query
fingerprint if their corresponding measure of likelihood exceeds a threshold. For
example, with a sample threshold of 0.8, in the example data flow 200 only AP1 and
AP2 would be provided to the query client device 240. In some implementations, only
the access point with the highest measure of likelihood is provided, e.g., in the
example data flow 200, only AP2 would be provided to the query client device 240.

[0042] Other methods, or combinations of methods, may also be used, such as
providing the top N access points, where N is a positive integer, or providing the top N
access points above a threshold measure of likelihood. In some implementations, the
wireless availability prediction device 210 may not provide any access points in
response to a query fingerprint, e.g., in situations where it is relatively unlikely that the

querying client device will be able to successfully connect to an access point.

[0043] The access point(s) 250 provided by the wireless availability prediction
device 210 may be used by the query client device 240 to determine whether to
enable a wireless communications radio, such as the Wi-Fi radio on a cell phone, and
attempt to connect to an access point. The output may also be used to determine
which access point the query client device 240 attempts to connect to first. For
example, in the example data flow 200, the query client device 240 may attempt to
connect to access points in the ranked order provided in the output provided by the
wireless availability prediction device 210. In some implementations, the client device
may perform the operations described above related to determining which access
points, if any, the client device will attempt to connect to. lllustrations provided in
FIGs. 3A and 3B, described in further detail below, depict example situations in which

a query client device may obtain a prediction for available access points.

13
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[0044] FIG. 3A is an example illustration 300 of fingerprint distribution, while FIG.
3B is another example illustration of fingerprint distribution. The illustrations 300 and
350 shown in FIGs. 3A and 3B depict an example physical distribution of the above
example training fingerprints: f1-f5, as well as the example query fingerprint QF. FIGs.
3A and 3B both depict four cell towers, Cell_1 302, Cell_2 304, Cell_3 306, and
Cell_4 308; four access points, AP1 310, AP2 320, AP3 330, and AP4 340; and a
representation of the Wi-Fi range of each access points, e.g., circle 315 for AP1, 325
for AP2, 335 for AP3, and 345 for AP4. The illustration 350 of FIG. 3B also includes
an example cross-section of a building 360 in which the access points are located.
The illustrations 300 and 350 are different visual representations of the same
fingerprints.  Differences between the illustrations 300 and 350 are designed to
indicate demonstrate that predicting access point availability in the manner described
above may work in a variety of environments, both indoor and outdoor, and may be
able to account for a variety of factors, including signal interference, geographic
topology, and blocking structures, e.g., buildings and walls made of a variety of
materials.

[0045] FIG. 4 is a flowchart of an example method 400 for predicting available
access points. The method 400 may be performed by a computing device, such as a
computing device described in FIG. 1, e.g., in the form of a cellular phone. Other
computing devices may also be used to execute method 400. Method 400 may be
implemented in the form of executable instructions stored on a machine-readable
storage medium, such as the storage medium 130, and/or in the form of electronic

circulitry.

[0046] A query fingerprint is generated that specifies, for each cellular tower in a
set of cellular towers, a cellular signal strength measurement (402). For example, a
cell phone may generate a query fingerprint by recording the signal strength of nearby
cell towers. The query fingerprint may be generated, for example, periodically at set
intervals, in response to user input, and/or in response to receiving a request for a

query fingerprint, e.g., from a cellular network carrier.
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[0047] Foreach of at least one classes that each specify a different combination of
access points, a measure of likelihood that the query fingerprint will be classified as
being of the class is determined (404). For example, the cellular signal strength
measurements of the query fingerprint may be provided to a support vector machine
that was trained to produce, as output, at least one access point class and a measure
of likelihood that the query fingerprint belongs to each access point class. As

described above, each access point class specifies a set of access points.

[0048] Based on the measure of likelihood for each class, a particular access
point is selected from the combination of access points specified by the at least one
classes (406). For example, five different classes may specify seven different access
points, and a particular access point of those seven access points may be selected
based on the measures of likelihood associated with each class that contains the

particular access point.

[0049] In some implementations, a score or other measure may be generated for
each access point specified by one of the classes, and each access point may be
ranked based on its corresponding score, with the selection of the particular access
point being based on the rank, e.g., selection of the highest ranked access point. The
score may, in some implementations, be generated by calculating, for each access
point, the sum of each measure of likelihood determined for each of the classes that

contain the access point.

[0050] Scores and/or rankings may be calculated in a variety of other ways, and
may take into account a variety of factors. For example, in implementations where
classes specify access point signal strength levels for each access point, the access
point level may affect its ranking, or score. E.g., a first access point having a
measure of likelihood of successful connection of 0.9 may be ranked lower than a
second access point having a measure of likelihood of successful connection of 0.85
if the first access point has a lower predicted signal strength level than the second

access point.
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[0051] Access points may be ranked using any combination of the above
methods and may also be ranked using additional methods. For example, user
and/or carrier preferences may result on one access point being ranked higher
than another access point, and access point bandwidth congestion — if known or

estimated — may also be used to rank access points.

[0052] The computing device enables a previously disabled access point
communications radio (308). The computing device may, for example, enable a Wi-Fi
radio in response to determining that a Wi-Fi access point is predicted to be within
range. E.g., a cell phone may enable the Wi-Fi radio in response to determining that
a ranking score and/or measure of likelihood of successful connection for a particular

access point meets a threshold ranking score.

[0053] The computing device causes the access point communications radio to
attempt to establish communications with the selected access point (310). For
example, a cell phone may cause the included Wi-Fi communications radio to attempt
to connect to the highest ranking access point. In some implementations, if the
highest ranking access point is unavailable, or attempted connection fails, the cell

phone may attempt to connect to the second highest ranking access point.

[0054] In some implementations, an access point signal strength for each of one
or more access points is obtained. For example, after activating a Wi-Fi radio and
successfully connecting to an access point, the cell phone may measure signal
strength to the connected access point as well as other access points within range.
The cell phone may then generate a training fingerprint that specifies the access point
signal strength measurements as well as cellular signal strength measurements, e.g.,
the measurements provided to the predictive model. The training fingerprint may
then be provided to a prediction device, such as a third party server device, where it

may be used to retrain the predictive model.

[0055]  While the method 400 is described with respect to a cellular device, other
computing devices may also be used for some or all of the steps. For example, a

server computer may determine measures of likelihood with respect to classes, select
16
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one or more access points from one or more classes, and provide the cellular device
with a ranked list of access points to choose from.

[0056] The foregoing disclosure describes a number of example implementations
for predicting available access points. As detailed above, examples provide a

mechanism for identifying access points that are likely to be good candidates for
MDO handoffs.
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CLAIMS

We claim:
1. A computing device for predicting available access points, the computing
device comprising:

a hardware processor; and

a data storage device storing instructions that, when executed by the
hardware processor, cause the hardware processor to:

obtain a set of training fingerprints, each training fingerprint specifying, for a
client device, i) a set of access points, and ii) cellular signal strength
measurements for each cellular tower in a set of cellular towers;

generate a plurality of classes based on the set of training fingerprints, each
class specifying at least one access point, the at least one access point of each
class corresponding to the set of access points specified by at least one training
fingerprint, and each class specifying a different combination of access points; and

train a predictive model to receive, as input, an input fingerprint specifying a
cellular signal strength measurement for each cellular tower in a set of input

cellular towers and produce, as output, at least one of the plurality of classes.

2. The computing device of claim 1, wherein the predictive model is trained to
produce, as output for each class in the at least one of the plurality of classes, a
measure of likelihood that the input fingerprint belongs to the class.

3. The computing device of claim 1, wherein each training fingerprint further
specifies, for a client device, access point signal strength measurements for each
access point in the set of access points specified for the client device, and wherein
each class specifies, for each access point of the class, an access point signal
strength, the access point signal strength of each access point of each class
corresponding to the access point signal strength measurement specified by at
least one training fingerprint.
18
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4, The computing device of claim 1, wherein the predictive model implements a
decision tree that, when provided with data representing the input fingerprint,

provides output specifying one of the plurality of classes.

5. The computing device of claim 4, wherein the instructions further cause the
hardware processor to:

train a plurality of different predictive models that each implement a
respective decision tree and receive, as input, the input fingerprint and produce, as
output, at least one of the plurality of classes, each different predictive model being
trained based on a different plurality of classes generated using at least one
pseudo-random subset of the access points specified by the set of training
fingerprints; and

responsive to receiving the input fingerprint, combine output from the
predictive model and the plurality of different predictive models to identify at least
one predicted access point for the input fingerprint.

6. A method for predicting available access points, implemented by a hardware
processor, the method comprising:

receiving, from a client device, a query fingerprint that specifies, for each
cellular tower included in a set of cellular towers, a cellular signal strength
measurement;

classifying the query fingerprint as one of a plurality of classes based on the
cellular signal strength measurements specified by the query fingerprint, each of
the plurality of classes specifying a combination of one or more access points,
each combination being different from combinations specified by each other class
in the plurality of classes;

selecting at least one access point from the combination of one or more
access points specified by the classified class; and

providing the client device with data specifying the at least one access point.
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7. The method of claim 6, further comprising:

generating, for each selected access point, a measure of likelihood that the
client device will successfully connect to the selected access point; and

ranking each selected access point based on the measure of likelihood

generated for the selected access point.

8. The method of claim 7, wherein the data specifying the at least one access
point specifies each selected access point and the corresponding ranking of each

selected access point.

9. The method of claim 7, wherein the data specifying the at least one access
point specifies the selected access point with the highest ranking relative to the

rankings of other selected access points.

10.  The method of claim 6, wherein:
classifying the query fingerprint as one of a plurality of classes comprises:
providing the query fingerprint as input to a support vector machine
that was trained using a plurality of training fingerprints;
receiving, as output from the support vector machine, a plurality of
candidate classes and, for each candidate class, a measure of likelihood that the
query fingerprint belongs to the class; and
classifying the query fingerprint as being of a particular candidate
class of the plurality of candidate classes, the particular candidate class having a
highest measure of likelihood relative to other measures of likelihood for other
candidate classes of the plurality of candidate classes; and
selecting at least one access point from the combination of one or more
access points specified by the classified class comprises:
calculating, for each access point included in the particular candidate
class, the sum of each measure of likelihood received for each of the candidate
20
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classes that contain the access point; and
selecting, as the at least one access point, the access point having a
highest sum relative to the sum of each other access point included in the

particular candidate class.

11. A non-transitory machine-readable storage medium encoded with
instructions executable by a hardware processor of a computing device for
predicting available access points, the machine-readable storage medium
comprising instructions to cause the hardware processor to:

generate a query fingerprint that specifies, for each cellular tower in a set of
cellular towers, a cellular signal strength measurement;

determine, for each of at least one class of a plurality of classes that each
specify a different combination of access points, a measure of likelihood that the
query fingerprint will be classified as being of the at least one class;

select, based on the measure of likelihood for each of the at least one class,
a particular access point from the combination of one or more access points
specified by the at least one class;

cause the computing device to enable a previously disabled access point
communications radio; and

cause the access point communications radio to attempt to establish

communications with the particular access point.

12. The storage medium of claim 11, wherein the instructions further cause the
hardware processor to:

determine, for each access point specified by the at least one class, a score
for the access point; and

rank each access point specified by the at least one class based on the
score for the access point, and wherein the selection of the particular access point

is based on the rank of the particular access point.
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13. The storage medium of claim 12, wherein the score generated for each
access point is generated by calculating, for each access point, the sum of each
measure of likelihood determined for each of the at least one class that contains

the access point.

14.  The storage medium of claim 11, wherein the measure of likelihood that the
query fingerprint will be classified as being of the at least one class is determined
by:

providing the query fingerprint as input to a trained classification model that
was trained using a plurality of training fingerprints to receive, as input, cellular
signal strength measurements and provide, as output, a measure of likelihood, for
each of the at least one class, that the query fingerprint will be classified as being

of the class.

15.  The storage medium of claim 11, wherein the instructions further cause the
hardware processor to:

obtain, for each of a plurality of access points, an access point signal
strength measurement;

generate a training fingerprint that specifies i) for each cellular tower in the
set of cellular towers, the cellular signal strength measurement, and ii) the access
point signal strength measurement for each of the plurality of access points; and

provide the training fingerprint to a third party computing device.

22



WO 2016/141527 PCT/CN2015/073874
1/5

100
_Q

110~

COMPUTING DEVICE
120] HARDWARE PROCESSOR

TRAINING 130 :
AR MACHINE-READABLE STORAGE MEDIUM
k% 2 INSTRUCTIONS TO OBTAIN A SET OF
CLIENT 13%V'CE(S) > TRAINING FINGERPRINTS
1344
INSTRUCTIONS TO GENERATE A PLURALITY
OF CLASSES BASED ON THE SET OF
TRAINING FINGERPRINTS
136+

INSTRUCTIONS TO TRAIN A PREDICTIVE
MODEL TO RECEIVE, AS INPUT, AN INPUT
FINGERPRINT SPECIFYING A CELLULAR
SIGNAL STRENGTH MEASUREMENT FOR
EACH CELLULAR TOWER IN A SET OF INPUT
CELLULAR TOWERS AND PRODUCE, AS
OUTPUT, AT LEAST ONE OF THE PLURALITY
OF CLASSES

FIG. 1



PCT/CN2015/073874

WO 2016/141527

2/5

¢ OIA

10 pdv
£0 £dv
0l zdv
60 LY M
MGeq@d | av e N 18 | IR0
N 15 | 2o
_ A €9 | 1Ieo
_ pomysbey | SSY | 1MoL
10 £sse|n ~ /// \\\ —
20 | esseo | <[ epow | ole
10 ssep _| smorpag 40 [ eomeq uonaipaid
fmqeqoid | Sssep -7 Rilgelleny ssajalp
ommh Nvmlﬂ
e
| Sse|D Zdv ‘Ldv 94
gsse|n vdv ‘edV ‘¢dv ¢4
gsse|n vdV ‘€dV ‘2dV 4 077
Zssen edV ZdV ‘1dv ¢4 90IAS(]
|sse|) ¢dv hr”_< cd abelo)g eleQ
| SSE[D ¢dv 1dv 14
SPqeTSSen SPAET dv EE]
Ui R

rdv 14
£dv €
ldY 4
¢dvy | Mlmmm
dv | Yuey o7
// . 201A9(
/
052 N wal0 Aenp
|NI (s)dv \
~
40 Mo
gl
cve N 18 7IIeD
N IS Zled
A €9 HiI®d
poldlsibey | SS9y | Temor
(s)dL
ks o

|||||||| S

[Wbueng [eubls julod $$800Y] |
[1omo] Jejnjje) pasasifoy] !

(s)eomaq ual|D

-

[(s)wpbuang |eubis (s)iemoy Jen|jeo] |

[(shutog sseooy] |

00¢



PCT/CN2015/073874

WO 2016/141527

3/5

V€ ‘OId

00¢



PCT/CN2015/073874

WO 2016/141527

4/5

AN =

q¢ OIAd

£V

@)%

0ge

€}

bd¥

R

¥ a0

LD



WO 2016/141527

5/5

400

Generate a query fingerprint that specifies, for
each cellular tower in a set of cellular towers, a
cellular signal strength measurement

PCT/CN2015/073874

L —402

4

Determine, for each of at least one class of a
plurality of classes that each specify a different
combination of access points, a measure of
likelihood that the query fingerprint will be
classified as being of the at least one class

|

Select, based on the measure of likelihood for
each of the at least one class, a particular access
point from the combination of one or more access

points specified by the at least one class

—404

L —406

l

Cause the computing device to enable a
previously disabled access point communications
radio

408

|

Cause the access point communications radio to
attempt to establish communications with the
particular access point

410

FIG. 4



INTERNATIONAL SEARCH REPORT

International application No.

PCT/CN2015/073874

A. CLASSIFICATION OF SUBJECT MATTER
HO4W 64/00(2009.01)i

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

HO4AW; HO4Q; HO4L

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

CNABS; CNTXT; VEN; 3GPP; IEEE; CNKI:fingerprints, access,BS, base w station,strength,class

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.
A WO 2014172090 A2 (QUALCOMM INC) 23 October 2014 (2014-10-23) 1-15
description, paragraphs [00112]-[00172], figures 1-8
A CN 104093203 A (HHLITER#) 08 October 2014 (2014-10-08) 1-15
the whole document
A CN 103150628 A (J& R30) 12 June 2013 (2013-06-12) 1-15
the whole document
A CN 104302000 A (E#AFEA2£) 21 January 2015 (2015-01-21) 1-15
the whole document

D Further documents are listed in the continuation of Box C.

See patent family annex.

#  Special categories of cited documents:

. document defining the general state of the art which is not considered

to be of particular relevance

earlier application or patent but published on or after the international

filing date

“ document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

, document referring to an oral disclosure, use, exhibition or other
means

«pr document published prior to the international filing date but later than
the priority date claimed
P! y

wp later document published after the international filing date or priority
date and not in conflict with the application but cited to understand the
principle or theory underlying the invention

wx document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive step
when the document is taken alone

wy» document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

“«&” document member of the same patent family

Date of the actual completion of the international search

Date of mailing of the international search report

06 December 2015 11 December 2015
Name and mailing address of the ISA/CN Authorized officer
STATE INTELLECTUAL PROPERTY OFFICE OF THE
P.R.CHINA L1,Bing

6, Xitucheng Rd., Jimen Bridge, Haidian District, Beijing
100088, China

Facsimile No. (86-10)62019451

Telephone No. (86-10)62411327

Form PCT/ISA/210 (second sheet) (July 2009)




INTERNATIONAL SEARCH REPORT
Information on patent family members

International application No.

PCT/CN2015/073874
. Patf:nt document Publication date Patent family member(s) Publication date
cited in search report (day/month/year) (day/month/year)
WO 2014172090 A2 23 October 2014 uUs 2014308976 Al 16 October 2014
US 2014308973 Al 16 October 2014
WO 2014172091 A2 23 October 2014
WO 2014172090 A3 11 December 2014
WO 2014172091 A3 11 December 2014
oN 104093203 A 080October20(4  None
oN 103150628 A 12June 2013
oN 104302000 A 21 Jamary2015  Neme

Form PCT/ISA/210 (patent family annex) (July 2009)




	Page 1 - front-page
	Page 2 - description
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - claims
	Page 20 - claims
	Page 21 - claims
	Page 22 - claims
	Page 23 - claims
	Page 24 - drawings
	Page 25 - drawings
	Page 26 - drawings
	Page 27 - drawings
	Page 28 - drawings
	Page 29 - wo-search-report
	Page 30 - wo-search-report

