US 20120284212A1

a9 United States

a2y Patent Application Publication o) Pub. No.: US 2012/0284212 Al

Lin et al. 43) Pub. Date: Nov. 8, 2012
(54) PREDICTIVE ANALYTICAL MODELING (52) US.Cl .ot 706/12
ACCURACY ASSESSMENT
(75) Inventors: Wei-Hao Lin, New York, NY (US); 7) ABSTRACT
Travis Green, New York, NY (US); A system includes a computer(s) coupled to a data storage
Robert Kaplow, New York, NY device(s) that stores a training function repository and a pre-
(US); Gang Fu, Kearny, NJ (US); dictive model repository that includes includes updateable
Gideon S. Mann, New York, NY trained predictive models each associated with an accuracy
(as) score. A series of training data sets are received, being train-
ing samples each having output data that corresponds to input
(73) Assignee: Google Inc., Mountain View, CA data. The training data is different from initial training data
(Us) that was used with training functions from the repository to
train the predictive models initially. Upon receiving a first
(21)  Appl. No.: 13/101,040 training data set included in the series and for each predictive
. model in the repository, the input data in the first training set
(22) Filed: May 4, 2011 is used to generate predictive output data that is compared to
R . . the output data. Based on the comparison and previous com-
Publication Classification parisons determined from the initial training data and from
(51) Int.CL previously received training data sets, an updated accuracy
GO6F 15/18 (2006.01) score for each predictive model is determined.

200\

206

A

M

Predictive
Model
Repository

Lo W

w
Training
Function

Repository

;N

v
Training
Data
Repository

213~

Dynamic Predictive Modeling Server System

2125

Model Training
Module

210~

Model Selection
Module

218~

Training
Data Queue

Predictive Model

Trained

208~

| Interface

204

202~

Client Computing
System

STRATEGY 1019



Nov. 8,2012 Sheet 1 of 9 US 2012/0284212 A1

Patent Application Publication

I "Old

0901

WalsAg
Bunndwon
welD

ovoL- ¢

eled goolL
Buluie. |

ds0l

ejed

Buiures |

s)sanbay
uoloIpald

walsAg
Bunndwon
welD

avoL- 4

IndinQ
OAIJOIpald

vl

evolL- ¢

2901 eleqg
Buiules |

walsAg
Bunndwon
IBET]lS)




Patent Application Publication

Nov. 8,2012 Sheet 2 of 9

US 2012/0284212 A1

206

215

Predictive
Model
Repository

216

Training
Function

Repository

/Z‘E}x

p’/
Training
Data
Repository

213~

Dynamic Predictive Modeling Server System

212~

Model Training
Module

210~

Model Selection
Module

218~

Training
Data Queue

Trained
Predictive Model

208~

Interface

204

202~

Client Computing
System

FIG. 2



Patent Application Publication

300\‘

302~

Nov. 8,2012 Sheet 3 of 9 US 2012/0284212 A1

Upload Training
Data

304~

y

Receive Access to Trained

Predictive Model

306~

Send Input Data and

Prediction Request

308~

y

Receive Predictive
Output

FIG. 3



Patent Application Publication

Nov. 8,2012 Sheet 4 of 9

US 2012/0284212 A1

402~
Receive Training
Data from Client
404~ y
Train Multiple
Predictive Models
406~ v

Estimate Accuracy of
Multiple Predictive Models

408\

Select a Predictive Model

410~ v

Train Selected Model

412~ v

Provide Access to Selected
Trained Predictive Model

414~ v

Receive Input Data and
Prediction Request from Client

416~ v

Generate Predictive Output Using
Selected Trained Predictive Model

418~ v

Provide Predictive

Output to Client

FIG. 4




Patent Application Publication Nov. 8,2012 Sheet 5 of 9 US 2012/0284212 A1

502~

Upload Series of Training Data Sets

504~ '

Request Predictive Model Update

906~ v

Receive Access to Trained Predictive Model

Send Input Data and Prediction Request

910~ v

Receive Predictive Output

FIG. 5



Patent Application Publication Nov. 8,2012 Sheet 6 of 9 US 2012/0284212 A1

600\

602~

Provide Access to Initial Predictive Model from Repository
of Trained Models Each Having an Accuracy Score

604~ )

Receive Series of Training Data Sets from Client

606 .
First No
Condition Satisfied

608~

Determine New Accuracy Scores of Trained Models in
Repository Based on Received Training Data Sets

610~ !

Generate Updated Trained Predictive Models

612~ !

Provide Access to a First Trained Predictive Model
Selected Based on New Accuracy Scores

FIG. 6



Patent Application Publication Nov. 8,2012 Sheet 7 of 9 US 2012/0284212 A1

702~

Provide Access to First Trained Predictive Model

706~
Generated Updated Training Data
708~ v
Generate New Set of Trained Predictive
Models Based on Updated Training Data
710~ v
Generate Accuracy Scores for New Set of Trained
Predictive Models

712\ L

Provide Access to a Selected Second
Trained Predictive Model

FIG. 7



Patent Application Publication Nov. 8,2012 Sheet 8 of 9 US 2012/0284212 A1

802~

Receive New Data Set of Data Samples

804~ v

Assign Richness Scores to Data Samples and
Re-assign Richness Scores to Previously
Received Data Samples (as Needed)

806\ ]

Rank Data Samples by Richness Scores

808\ ]

Select Test Data Based on Ranking

810~ |

Determine New
Accuracy Scores Based on Test Data

FIG. 8



Patent Application Publication Nov. 8,2012 Sheet 9 of 9 US 2012/0284212 A1
900\‘
904\A
1.0 5
O
___\f906
© X X
< |© / ><>><<>><< ‘:
g e N
© 910//><
o /O f914
(1 912 - ;(\\X X
Ci 916
/_-~\[920 918 _ f922

SO0,

{00 ! OO o¥e

\ 08 O/ / O O O

04— e’
0 1_0k902
Feature B
FIG.9

10



US 2012/0284212 A1l

PREDICTIVE ANALYTICAL MODELING
ACCURACY ASSESSMENT

TECHNICAL FIELD

[0001] This specification relates to assessing accuracy of
trained predictive models.

BACKGROUND

[0002] Predictive analytics generally refers to techniques
for extracting information from data to build a model that can
predict an output from a given input. Predicting an output can
include predicting future trends or behavior patterns, or per-
forming sentiment analysis, to name a few examples. Various
types of predictive models can be used to analyze data and
generate predictive outputs. Typically, a predictive model is
trained with training data that includes input data and output
data that mirror the form of input data that will be entered into
the predictive model and the desired predictive output,
respectively. The amount of training data that may be required
to train a predictive model can be large, e.g., in the order of
gigabytes or terabytes. The number of different types of pre-
dictive models available is extensive, and different models
behave differently depending on the type of input data. Addi-
tionally, a particular type of predictive model can be made to
behave differently, for example, by adjusting the hyper-pa-
rameters or via feature induction or selection. Multiple pred-
icative models can be trained using a same set of training data,
yet each trained model can generate outputs with varying
degrees of accuracy.

SUMMARY

[0003] In general, in one aspect, the subject matter
described in this specification can be embodied in a com-
puter-implemented system that includes one or more comput-
ers and one or more data storage devices coupled to the one or
more computers that store a repository of training functions,
a predictive model repository of trained predictive models
and instructions. The predictive model repository includes
multiple updateable trained predictive models which are each
associated with an accuracy score that represents an estima-
tion of the accuracy of the trained predictive model. The
instructions, when executed by the one or more computers,
cause the one or more computers to perform operations that
include receiving over a network a series of training data sets
for predictive modeling from a client computing system. The
training data included in the training data sets includes train-
ing samples that each include output data that corresponds to
input data. The training data included in the training data sets
is different from initial training data that was used with mul-
tiple training functions obtained from the repository to train
the trained predictive models stored in the predictive model
repository initially. Upon receiving a first training data set
included in the series of training data sets and for each trained
predictive model in the predictive model repository, the input
data included in the first training data set is used to generate
predictive output data. The predictive output data is compared
to the output data included in the first training data set. Based
on the comparison and previous comparisons that were deter-
mined from the initial training data and from previously
received training data sets, an updated accuracy score for
association with each trained predictive model in the reposi-
tory is determined. For each updateable trained predictive
model in the predictive model repository, the first training
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data set, a first training function obtained from the repository
of'training functions that was used to generate the updateable
trained predictive model and the updateable trained predic-
tive model itself are used to generate a retrained predictive
model. The updateable trained predictive model is then
replaced in the predictive model repository with the retrained
predictive model. A first trained predictive model is selected
from among the plurality of trained predictive models and
retrained predictive models included in the predictive model
repository based on the determined updated accuracy scores.
Access is provided to the first trained predictive model over
the network. Other embodiments of this aspect include cor-
responding methods and computer programs recorded on
computer storage devices, each configured to perform the
operations described above.

[0004] These and other embodiments can each optionally
include one or more of the following features, alone or in
combination. Determining the updated accuracy score for a
particular trained predictive model can include: summing a
number of correct predictive outputs included in the gener-
ated predictive output data as determined from the compari-
son; adding the sum of correct predictive outputs to previ-
ously determined sums of correct predictive outputs that were
determined when the initial training data and other training
data sets in the series of training data sets were received to
determine a total number of correct predictive outputs; and
dividing the total number of correct predictive outputs by a
sum of the number of training samples included in the first
training data set added to the number of training samples
included in the initial training data and the other training data
sets.

[0005] In other implementations, determining the updated
accuracy score for a particular trained predictive model
includes: summing a number of correct predictive outputs
included in the generated predictive output data as deter-
mined from the comparison; weighting the sum of corrective
predictive outputs with a first weight that is determined based
on time of receipt of the first training data set; adding the
weighted sum of correct predictive outputs to previously
determined weighted sums of correct predictive outputs that
were determined when the initial training data and other
training data sets in the series of training data sets were
received to determine a total number of correct predictive
outputs, wherein each weighted sum is weighted based on a
time of receipt of corresponding training data; and dividing
the total number of correct predictive outputs by the number
of training samples included in the first training data set
weighted by the first weight summed with the numbers of
training samples included in the initial training data and the
other training data sets, where each of the numbers of training
samples is weighted according to the same weight as its
corresponding sum of predictive outputs.

[0006] In other implementations, determining the updated
accuracy score for a particular trained predictive model
includes: summing a number of correct predictive outputs
included in the generated predictive output data as deter-
mined from the comparison; identifying which training data
sets from the initial training data and from the series of train-
ing data sets were received within a predetermined time-
based window; adding the sum of correct predictive outputs to
previously determined sums of correct predictive outputs that
were determined when the identified training data sets were
each received to determine a total number of correct predic-
tive outputs; and dividing the total number of correct predic-
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tive outputs by a sum of the number of training samples
included in the first training data set added to the number of
training samples included in the identified training data sets.
In one example, the predetermined time-based window indi-
cates a discrete period of time during which the training data
sets must have been received to be included in the identified
training data sets. In another example, the predetermined
time-based window indicates a discrete number of most
recently received training data sets that are to be included in
the identified training data sets.

[0007] In general, in another aspect, the subject matter
described in this specification can be embodied in a com-
puter-implemented system that includes one or more comput-
ers and one or more data storage devices coupled to the one or
more computers, storing a training data repository, a predic-
tive model repository and instructions. The training data
repository includes retained data samples that include at least
some data samples from an initial training data set and from
multiple previously received update data sets. Each data
sample includes input data and corresponding output data.
The predictive model repository includes at least one update-
able trained predictive model that was trained with the initial
training data set and retrained with the previously received
update data sets. The instructions, when executed by the one
or more computers, cause the one or more computers to
perform operations that include receiving a new data set of
data samples (each data sample including input data and
corresponding output data). The data set is new compared to
the initial training data set and to the previously received
update data sets. A richness score is assigned to each of the
data samples included in the new data set and to the retained
data samples included in the training data repository. The
richness score for a particular data sample indicates how
information rich the particular data sample is relative to other
retained data samples for determining an accuracy of the
trained predictive model. The data samples included in the
new data set and the retained data samples are ranked based
on the assigned richness scores. A set of test data is selected
from the data samples included in the new data set and the
retained data samples based on the ranking. The trained pre-
dictive model is tested for accuracy in determining predictive
output data for given input data using the set of test data and
an accuracy score is determined for the trained predictive
model based on the testing. Other embodiments of this aspect
include corresponding methods and computer programs
recorded on computer storage devices, each configured to
perform the operations described above.

[0008] These and other embodiments can each optionally
include one or more of the following features, alone or in
combination. The trained predictive model can be included in
a repository of trained predictive models that were all trained
using the same initial training data set and at least some of
which are updateable and were retrained using the received
update data sets. Each of the trained predictive models in the
repository can be tested for accuracy using the set of test data
and accuracy scores determined based on the testing for each
of the trained predictive models. A first trained predictive
model can be selected from the repository of trained predic-
tive models based on the accuracy scores. Access can be
provided to the first trained predictive model to a client com-
puting system for generating predictive output data based on
input data received from the client computing system.

[0009] After determining accuracy scores for each of the
trained predictive models, each of the updateable trained
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predictive models included in the repository can be retrained
using the new data set. The repository can be updated to
replace the updateable trained predictive models with the
retrained predictive models. Each retrained predictive model
can be associated with the accuracy score determined for the
trained predictive model from which the retrained predictive
model was derived. Assigning a richness score to the particu-
lar data sample can include determining the richness score
based on how many data samples have similar input data but
different output data than the particular data sample and based
onhow many data samples have similar input data and similar
or different output data than the particular data sample.
Selecting a set of test data from the data samples can include
selecting the top n” ranked data samples where n is an integer
greater than one.

[0010] Testing how accurate the trained predictive model is
in determining predictive output data for given input data
using the set of test data can include generating predictive
output data for the input data included in the data samples of
the test data set. Determining an accuracy score based on the
testing can include comparing the predictive output data to
the output data included the data samples that correspond to
the input data used to generate the predictive output data and
determining the accuracy score based on the comparison.
After determining the accuracy score for the trained predic-
tive model, the trained predictive model can be retrained
using the new data set of data samples.

[0011] Particular embodiments of the subject matter
described in this specification can be implemented so as to
realize one or more of the following advantages. Accuracy
scores can be determined that are reflective of more recently
received data samples. As input data to be input into a trained
predictive model to generate a predictive output changes over
time, the accuracy of the trained predictive model may also
change. Determining the accuracy score based on data
samples that are representative of current input data can help
to select the most accurate trained predictive model at a given
time. Memory space can limit the volume of data samples that
can beretained. Determining which data samples are the most
information-rich can be useful in selecting a set of test data
and/or training data to be used and/or retained in memory.
[0012] The details of one or more embodiments of the
subject matter described in this specification are set forth in
the accompanying drawings and the description below. Other
features, aspects, and advantages of the subject matter will
become apparent from the description, the drawings, and the
claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0013] FIG.1isaschematic representation of a system that
provides a predictive analytic platform.

[0014] FIG. 2 is a schematic block diagram showing a
system for providing a predictive analytic platform over a
network.

[0015] FIG. 3 is a flowchart showing an example process
forusing the predictive analytic platform from the perspective
of the client computing system.

[0016] FIG. 4 is a flowchart showing an example process
for serving a client computing system using the predictive
analytic platform.

[0017] FIG. 5 is a flowchart showing an example process
forusing the predictive analytic platform from the perspective
of the client computing system.
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[0018] FIG. 6 is a flowchart showing an example process
for rescoring accuracy of trained predictive models and
retraining updateable trained predictive models using the pre-
dictive analytic platform.

[0019] FIG. 7 is a flowchart showing an example process
for generating a new set of trained predictive models using
updated training data.

[0020] FIG. 8 is a flowchart showing an example process
for selecting test data to use in determining accuracy scores.
[0021] FIG.9isaschematic representation of data samples
classified by two dimensions.

[0022] Like reference numbers and designations in the
various drawings indicate like elements.

DETAILED DESCRIPTION

[0023] Methods and systems are described that provide
accuracy assessments of trained predictive models. The
trained predictive models can be included in a dynamic
repository of trained predictive models, at least some of
which can be updated as new training data becomes available.
As new training data is received and used to update the trained
predictive models, the accuracy of the models can change. As
such, accuracy assessments are also updated to reflect the
current state of the trained predictive models included in the
dynamic repository. A trained predictive model from the
dynamic repository can be provided and used to generate a
predictive output for a given input. As a particular client
entity’s training data changes over time, the client entity can
be provided access to a trained predictive model that has been
trained with training data reflective of the changes. Selection
of' the trained predictive model to provide to the client entity
can be based on the updated accuracy assessments of the
trained predictive models included in the repository. As such,
the repository of trained predictive models from which a
predictive model can be selected to use to generate a predic-
tive output is “dynamic”, as compared to a repository of
trained predictive models that are not updateable with new
training data and are therefore “static”.

[0024] FIG.11isaschematic representation of a system that
provides a predictive analytic platform. The system 100
includes multiple client computing systems 104a-c that can
communicate with a predictive modeling server system 109.
In the example shown, the client computing systems 104a-c
can communicate with a server system front end 110 by way
of a network 102. The network 102 can include one or more
local area networks (LLANs), a wide area network (WAN),
such as the Internet, a wireless network, such as a cellular
network, or a combination of all of the above. The server
system frontend 110 is in communication with, or is included
within, one or more data centers, represented by the data
center 112. A data center 112 generally is a large numbers of
computers, housed in one or more buildings, that are typically
capable of managing large volumes of data.

[0025] A client entity—an individual or a group of people
or a company, for example—may desire a trained predictive
model that can receive input data from a client computing
system 104a belonging to or under the control of the client
entity and generate a predictive output. To train a particular
predictive model can require a significant volume of training
data, for example, one or more gigabytes of data. The client
computing system 104a may be unable to efficiently manage
such a large volume of data. Further, selecting and tuning an
effective predictive model from the variety of available types
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of models can require skill and expertise that an operator of
the client computing system 104a may not possess.

[0026] The system 100 described here allows training data
1064 to be uploaded from the client computing system 104a
to the predictive modeling server system 109 over the net-
work 102. The training data 106a can include initial training
data, which may be a relatively large volume of training data
the client entity has accumulated, for example, if the client
entity is a first-time user of the system 100. The training data
1064 can also include new training data that can be uploaded
from the client computing system 104q as additional training
data becomes available. The client computing system 104a
may upload new training data whenever the new training data
becomes available, e.g., on an ad hoc basis, periodically in
batches, in a batch once a certain volume has accumulated,
streamed from a client computing system or otherwise.
[0027] The server system front end 110 can receive, store
and manage large volumes of data using the data center 112.
One or more computers in the data center 112 can run soft-
ware that uses the training data to estimate the effectiveness
(i.e., accuracy) of multiple types of predictive models and
make a selection of a trained predictive model to be used for
data received from the particular client computing system
1044. The selected model can be trained and the trained
model made available to users who have access to the predic-
tive modeling server system 109 and, optionally, permission
from the client entity that provided the training data for the
model. Access and permission can be controlled using any
conventional techniques for user authorization and authenti-
cationand for access control, if restricting access to the model
is desired. The client computing system 104a can transmit
prediction requests 108a over the network. The selected
trained model executing in the data center 112 receives the
prediction request, input data and request for a predictive
output, and generates the predictive output 114. The predic-
tive output 114 can be provided to the client computing sys-
tem 104aq, for example, over the network 102.

[0028] Advantageously, when handling large volumes of
training data and/or input data, the processes can be scaled
across multiple computers at the data center 112. The predic-
tive modeling server system 109 can automatically provide
and allocate the required resources, using one or more com-
puters as required. An operator of the client computing sys-
tem 104a is not required to have any special skill or knowl-
edge about predictive models. The training and selection of a
predictive model can occur “in the cloud”, i.e., over the net-
work 102, thereby lessening the burden on the client comput-
ing system’s processor capabilities and data storage, and also
reducing the required client-side human resources.

[0029] The term client computing system is used in this
description to refer to one or more computers, which may be
at one or more physical locations, that can access the predic-
tive modeling server system. The data center 112 is capable of
handling large volumes of data, e.g., on the scale of terabytes
or larger, and as such can serve multiple client computing
systems. For illustrative purposes, three client computing
systems 104a-c are shown, however, scores of client comput-
ing systems can be served by such a predictive modeling
server system 109.

[0030] FIG. 2 is a schematic block diagram showing a
system 200 for providing a dynamic predictive analytic plat-
form over a network. For illustrative purposes, the system 200
is shown with one client computing system 202 communicat-
ing over a network 204 with a predictive modeling server
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system 206. However, it should be understood that the pre-
dictive modeling server system 206, which can be imple-
mented using multiple computers that can be located in one or
more physical locations, can serve multiple client computing
systems. In the example shown, the predictive modeling
server system includes an interface 208. In some implemen-
tations the interface 208 can be implemented as one or more
modules adapted to interface with components included in
the predictive modeling server system 206 and the network
204, for example, the training data queue 213, the training
data repository 214, the model selection module 210 and/or
the trained model repository 218.

[0031] FIG. 3 is a flowchart showing an example process
300 for using the predictive analytic platform from the per-
spective of the client computing system 202. The process 300
would be carried out by the client computing system 202
when the corresponding client entity is uploading the initial
training data to the system 206. The client computing system
202 uploads training data (i.e., the initial training data) to the
predictive modeling server system 206 over the network 204
(Step 302). In some implementations, the initial training data
is uploaded in bulk (e.g., a batch) by the client computing
system 202. In other implementations, the initial training data
is uploaded incrementally by the client computing system
202 until a threshold volume of data has been received that
together forms the “initial training data”. The size of the
threshold volume can be set by the system 206, the client
computing system 202 or otherwise determined. In response,
the client computing system 202 receives access to a trained
predictive model, for example, trained predictive model 218
(Step 304).

[0032] Intheimplementation shown, the trained predictive
model 218 is not itself provided. The trained predictive model
218 resides and executes at a location remote from the client
computing system 202. For example, referring back to FIG. 1,
the trained predictive model 218 can reside and execute in the
data center 112, thereby not using the resources of the client
computing system 202. Once the client computing system
202 has access to the trained predictive model 218, the client
computing system can send input data and a prediction
request to the trained predictive model (Step 306). In
response, the client computing system receives a predictive
output generated by the trained predictive model from the
input data (Step 308).

[0033] From the perspective of the client computing system
202, training and use of a predictive model is relatively
simple. The training and selection of the predictive model,
tuning of the hyper-parameters and features used by the
model (to be described below) and execution of the trained
predictive model to generate predictive outputs is all done
remote from the client computing system 202 without
expending client computing system resources. The amount of
training data provided can be relatively large, e.g., gigabytes
or more, which is often an unwieldy volume of data for a
client entity.

[0034] The predictive modeling server system 206 will now
be described in more detail with reference to the flowchart
shown in FIG. 4. FIG. 4 is a flowchart showing an example
process 400 for serving a client computing system using the
predictive analytic platform. The process 400 is carried out to
provide access of a selected trained predictive model to the
client computing system, which trained predictive model has
been trained using initial training data. Providing accessing to
the client computing system of a predictive model that has
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been retrained using new training data (i.e., training data
available after receiving the initial training data) is described
below in reference to FIGS. 5 and 6.

[0035] Referring to FIG. 4, training data (i.e., initial train-
ing data) is received from the client computing system (Step
402). For example, the client computing system 202 can
upload the training data to the predictive modeling server
system 206 over the network 204 either incrementally or in
bulk (i.e., as batch). As described above, if the initial training
data is uploaded incrementally, the training data can accumu-
late until a threshold volume is received before training of
predictive models is initiated. The training data can be in any
convenient form that is understood by the modeling server
system 206 to define a set of records, where each record
includes an input and a corresponding desired output. By way
of'example, the training data can be provided using a comma-
separated value format, or a sparse vector format. In another
example, the client computing system 202 can specify a pro-
tocol buffer definition and upload training data that complies
with the specified definition.

[0036] The process 400 and system 200 can be used in
various different applications. Some examples include (with-
out limitation) making predictions relating to customer sen-
timent, transaction risk, species identification, message rout-
ing, diagnostics, churn prediction, legal docket classification,
suspicious activity, work roster assignment, inappropriate
content, product recommendation, political bias, uplift mar-
keting, e-mail filtering and career counseling. For illustrative
purposes, the process 400 and system 200 will be described
using an example that is typical of how predictive analytics
are often used. In this example, the client computing system
202 provides a web-based online shopping service. The train-
ing data includes multiple records, where each record pro-
vides the online shopping transaction history for a particular
customer. The record for a customer includes the dates the
customer made a purchase and identifies the item or items
purchased on each date. The client computing system 202 is
interested in predicting a next purchase of a customer based
on the customer’s online shopping transaction history.

[0037] Various techniques can be used to upload a training
request and the training data from the client computing sys-
tem 202 to the predictive modeling server system 206. In
some implementations, the training data is uploaded using an
HTTP web service. The client computing system 202 can
access storage objects using a RESTful API to upload and to
store their training data on the predictive modeling server
system 206. In other implementations, the training data is
uploaded using a hosted execution platform, e.g., AppEngine
available from Google Inc. of Mountain View, Calif. The
predictive modeling server system 206 can provide utility
software that can be used by the client computing system 202
to upload the data. In some implementations, the predictive
modeling server system 206 can be made accessible from
many platforms, including platforms affiliated with the pre-
dictive modeling server system 206, e.g., for a system affili-
ated with Google, the platform could be a Google App Engine
or Apps Script (e.g., from Google Spreadsheet), and plat-
forms entirely independent of the predictive modeling server
system 206, e.g., a desktop application. The training data can
be large, e.g., many gigabytes. The predictive modeling
server system 206 can include a data store, e.g., the training
data repository 214, operable to store the received training
data.
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[0038] The predictive modeling server system 206 includes
a repository of training functions for various predictive mod-
els, which in the example shown are included in the training
function repository 216. At least some of the training func-
tions included in the repository 216 can be used to train an
“updateable” predictive model. An updateable predictive
model refers to a trained predictive model that was trained
using a first set of training data (e.g., initial training data) and
that can be used together with a new set of training data and a
training function to generate a “retrained” predictive model.
Theretrained predictive model is effectively the initial trained
predictive model updated with the new training data. One or
more of the training functions included in the repository 216
can be used to train “static” predictive models. A static pre-
dictive model refers to a predictive model that is trained with
a batch of training data (e.g., initial training data) and is not
updateable with incremental new training data. If new train-
ing data has become available, a new static predictive model
can be trained using the batch of new training data, either
alone or merged with an older set of training data (e.g., the
initial training data) and an appropriate training function.
[0039] Some examples of training functions that can be
used to train a static predictive model include (without limi-
tation): regression (e.g., linear regression, logistic regres-
sion), classification and regression tree, multivariate adaptive
regression spline and other machine learning training func-
tions (e.g., Naive Bayes, k-nearest neighbors, Support Vector
Machines, Perceptron). Some examples of training functions
that can be used to train an updateable predictive model
include (without limitation) Online Bayes, Rewritten Win-
now, Support Vector Machine (SVM) Analogue, Maximum
Entrophy (MaxEnt) Analogue, Gradient based (FOBOS) and
AdaBoost with Mixed Norm Regularization. The training
function repository 216 can include one or more of these
example training functions.

[0040] Referring again to FIG. 4, multiple predictive mod-
els, which can be all or a subset of the available predictive
models, are trained using some or all of the training data (Step
404). In the example predictive modeling server system 206,
a model training module 212 is operable to train the multiple
predictive models. The multiple predictive models include
one or more updateable predictive models and can include
one or more static predictive models.

[0041] Theclient computing system 202 can send a training
request to the predictive modeling server system 206 to ini-
tiate the training of a model. For example, a GET or a POST
request could be used to make a training request to a URL. A
training function is applied to the training data to generate a
set of parameters. These parameters form the trained predic-
tive model. For example, to train (or estimate) a Naive Bayes
model, the method of maximum likelihood can be used. A
given type of predictive model can have more than one train-
ing function. For example, if the type of predictive model is a
linear regression model, more than one different training
function for a linear regression model can be used with the
same training data to generate more than one trained predic-
tive model.

[0042] For a given training function, multiple different
hyper-parameter configurations can be applied to the training
function, again generating multiple different trained predic-
tive models. Therefore, in the present example, where the
type of predictive model is a linear regression model, changes
to an L1 penalty generate different sets of parameters. Addi-
tionally, a predictive model can be trained with different
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features, again generating different trained models. The
selection of features, i.e., feature induction, can occur during
multiple iterations of computing the training function over the
training data. For example, feature conjunction can be esti-
mated in a forward stepwise fashion in a parallel distributed
way enabled by the computing capacity of the predictive
modeling server system, i.e., the data center.

[0043] Considering the many different types of predictive
models that are available, and then that each type of predictive
model may have multiple training functions and that multiple
hyper-parameter configurations and selected features may be
used for each of the multiple training functions, there are
many different trained predictive models that can be gener-
ated. Depending on the nature of the input data to be used by
the trained predictive model to predict an output, different
trained predictive models perform differently. That is, some
can be more accurate than others in predicting outputs for
given inputs.

[0044] The accuracy of each of the trained predictive mod-
els is estimated (Step 406). For example, a model selection
module 210 is operable to estimate the accuracy of each
trained predictive model to determine an initial accuracy
score and subsequent new accuracy scores, as new data is
received. In some implementations, cross-validation is used
to estimate the accuracy of each trained predictive model. In
a particular example, a 10-fold cross-validation technique is
used. Cross-validation is a technique where the training data
is partitioned into sub-samples. A number of the sub-samples
are used to train an untrained predictive model, and a number
of the sub-samples (usually one) is used to test the trained
predictive model. Multiple rounds of cross-validation can be
performed using different sub-samples for the training
sample and for the test sample. K-fold cross-validation refers
to portioning the training data into K sub-samples. One of the
sub-samples is retained as the test sample, and the remaining
K-1 sub-samples are used as the training sample. K rounds of
cross-validation are performed, using a different one of the
sub-samples as the test sample for each round. The results
from the K rounds can then be averaged, or otherwise com-
bined, to produce a cross-validation score. 10-fold cross-
validation is commonly used.

[0045] In some implementations, the accuracy of each
trained predictive model is initially estimated by performing
cross-validation to generate a cross-validation score that is
indicative of the accuracy of the trained predictive model, i.e.,
the number of exact matches of output data predicted by the
trained model when compared to the output data included in
the test sub-sample. In other implementations, one or more
different metrics can be used to estimate the accuracy of the
trained model. For example, cross-validation results can be
used to indicate whether the trained predictive model gener-
ated more false positive results than true positives and ignores
any false negatives. The accuracy of the multiple predictive
models that is estimated at Step 406 is the initial accuracy.
That is, the initial accuracy of a predictive model is the accu-
racy of the predictive model that has been trained using an
initial set of training data.

[0046] In some implementations, the predictive modeling
server system 206 operates independently from the client
computing system 202 and selects and provides the trained
predictive model 218 as a specialized service. The expendi-
ture of both computing resources and human resources and
expertise to select the untrained predictive models to include
in the training function repository 216, the training functions
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to use for the various types of available predictive models, the
hyper-parameter configurations to apply to the training func-
tions and the feature-inductors all occurs server-side. Once
these selections have been completed, the training and model
selection can occur in an automated fashion with little or no
human intervention, unless changes to the server system 206
are desired. The client computing system 202 thereby benefits
from access to a trained predictive model 218 that otherwise
might not have been available to the client computing system
202, due to limitations on client-side resources.

[0047] Referring again to FIG. 4, each trained model is
assigned a score that represents the accuracy of the trained
model. As discussed above, the criteria used to estimate accu-
racy can vary. In the example implementation described, the
criterion is the accuracy of the trained model and is estimated
using a cross-validation score. Based on the scores, a trained
predictive model is selected (Step 408). In some implemen-
tations, the trained models are ranked based on the value of
their respective scores, and the top ranking trained model is
chosen as the selected predictive model. Although the
selected predictive model was trained during the evaluation
stage described above, training at that stage may have
involved only a sample of the training data, or not all of the
training data at one time. For example, if k-fold cross-valida-
tion was used to estimate the accuracy of the trained model,
then the model was not trained with all of the training data at
one time, but rather only K-1 partitions of the training data.
Accordingly, if necessary, the selected predictive model is
fully trained using the training data (e.g., all K partitions)
(Step 410), for example, by the model training module 212. A
trained model (i.e., “fully trained” model) is thereby gener-
ated for use in generating predictive output, e.g., trained pre-
dictive model 218. The trained predictive model 218 can be
stored by the predictive modeling server system 206. That is,
the trained predictive model 218 can reside and execute in a
data center that is remote from the client computing system
202.

[0048] Of the multiple trained predictive models that was
trained as described above, some or all of them can be stored
in the predictive model repository 215. Each trained predic-
tive model can be associated with its respective accuracy
score. One or more of the trained predictive models in the
repository 215 are updateable predictive models. In some
implementations, the predictive models stored in the reposi-
tory 215 are trained using the entire initial training data, i.e.,
all K partitions and not just K-1 partitions. In other imple-
mentations, the trained predictive models that were generated
in the evaluation phase using K-1 partitions are stored in the
repository 215, so as to avoid expending additional resources
to recompute the trained predictive models using all K parti-
tions.

[0049] Access to the trained predictive model is provided
(Step 412) rather than the trained predictive model itself. In
some implementations, providing access to the trained pre-
dictive model includes providing an address to the client
computing system 202 or other user computing platform that
can be used to access the trained model; for example, the
address can be a URL (Universal Resource Locator). Access
to the trained predictive model can be limited to authorized
users. For example, a user may be required to enter a user
name and password that has been associated with an autho-
rized user before the user can access the trained predictive
model from a computing system, including the client com-
puting system 202. If the client computing system 202 desires
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to access the trained predictive model 218 to receive a pre-
dictive output, the client computing system 202 can transmit
to the URL a request that includes the input data. The predic-
tive modeling server system 206 receives the input data and
prediction request from the client computing system 202
(Step 414). In response, the input data is input to the trained
predictive model 218 and a predictive output generated by the
trained model (Step 416). The predictive output is provided;
it can be provided to the client computing system (Step 418).

[0050] Insome implementations, where the client comput-
ing system is provided with a URL to access the trained
predictive model, input data and a request to the URL can be
embedded in an HTML document, e.g., a webpage. In one
example, JavaScript can be used to include the request to the
URL in the HTML document. Referring again to the illustra-
tive example above, when a customer is browsing on the
client computing system’s web-based online shopping ser-
vice, a call to the URL can be embedded in a webpage that is
provided to the customer. The input data can be the particular
customer’s online shopping transaction history. Code
included in the webpage can retrieve the input data for the
customer, which input data can be packaged into a request
that is sent in a request to the URL for a predictive output. In
response to the request, the input data is input to the trained
predictive model and a predictive output is generated. The
predictive output is provided directly to the customer’s com-
puter or can be returned to the client computer system, which
can then forward the output to the customer’s computer. The
client computing system 202 can use and/or present the pre-
dictive output result as desired by the client entity. In this
particular example, the predictive output is a prediction of the
type of product the customer is most likely to be interested in
purchasing. If the predictive output is “blender”, then, by way
of'example, an HTML document executing on the customer’s
computer may include code that in response to receiving the
predictive output cause to display on the customer’s computer
one or more images and/or descriptions of blenders available
for sale on the client computing system’s online shopping
service. This integration is simple for the client computing
system, because the interaction with the predictive modeling
server system can use a standard HTTP protocol, e.g. GET or
POST can be used to make a request to a URL that returns a
JSON (JavaScript Object Notation) encoded output. The
input data also can be provided in JSON format.

[0051] The customer using the customer computer can be
unaware of these operations, which occur in the background
without necessarily requiring any interaction from the cus-
tomer. Advantageously, the request to the trained predictive
model can seamlessly be incorporated into the client com-
puter system’s web-based application, in this example an
online shopping service. A predictive output can be generated
for and received at the client computing system (which in this
example includes the customer’s computer), without expend-
ing client computing system resources to generate the output.

[0052] Inother implementations, the client computing sys-
tem can use code (provided by the client computing system or
otherwise) that is configured to make a request to the predic-
tive modeling server system 206 to generate a predictive
output using the trained predictive model 218. By way of
example, the code can be a command line program (e.g.,
using cURL) or a program written in a compiled language
(e.g., C, C++, Java) or an interpreted language (e.g., Python).
In some implementations, the trained model can be made
accessible to the client computing system or other computer
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platforms by an API through a hosted development and
execution platform, e.g., Google App Engine.

[0053] Intheimplementations described above, the trained
predictive model 218 is hosted by the predictive modeling
server system 206 and can reside and execute on a computer
at a location remote from the client computing system 202.
However, in some implementations, once a predictive model
has been selected and trained, the client entity may desire to
download the trained predictive model to the client comput-
ing system 202 or elsewhere. The client entity may wish to
generate and deliver predictive outputs on the client’s own
computing system or elsewhere. Accordingly, in some imple-
mentations, the trained predictive model 218 is provided to a
client computing system 202 or elsewhere, and can be used
locally by the client entity.

[0054] Components of the client computing system 202
and/or the predictive modeling system 206, e.g., the model
training module 212, model selection module 210 and trained
predictive model 218, can be realized by instructions that
upon execution cause one or more computers to carry out the
operations described above. Such instructions can comprise,
for example, interpreted instructions, such as script instruc-
tions, e.g., JavaScript or ECMAScript instructions, or execut-
able code, or other instructions stored in a computer readable
medium. The components of the client computing system 202
and/or the predictive modeling system 206 can be imple-
mented in multiple computers distributed over a network,
such as a server farm, in one or more locations, or can be
implemented in a single computer device.

[0055] As discussed above, the predictive modeling server
system 206 can be implemented “in the cloud”. In some
implementations, the predictive modeling server system 206
provides a web-based service. A web page at a URL provided
by the predictive modeling server system 206 can be accessed
by the client computing system 202. An operator of the client
computing system 202 can follow instructions displayed on
the web page to upload training data “to the cloud™, i.e., to the
predictive modeling server system 206. Once completed, the
operator can enter an input to initiate the training and select-
ing operations to be performed “in the cloud”, i.e., by the
predictive modeling server system 206, or these operations
can be automatically initiated in response to the training data
having been uploaded.

[0056] Theoperator of the client computing system 202 can
access the one or more trained models that are available to the
client computing system 202 from the web page. For
example, if more than one set of training data (e.g., relating to
different types of input that correspond to different types of
predictive output) had been uploaded by the client computing
system 202, then more than one trained predictive model may
be available to the particular client computing system. Rep-
resentations of the available predictive models can be dis-
played, for example, by names listed in a drop down menu or
by icons displayed on the web page, although other represen-
tations can be used. The operator can select one of the avail-
able predictive models, e.g., by clicking on the name or icon.
Inresponse, a second web page (e.g., a form) can be displayed
that prompts the operator to upload input data that can be used
by the selected trained model to provide predictive output
data (in some implementations, the form can be part of the
first web page described above). For example, an input field
can be provided, and the operator can enter the input data into
the field. The operator may also be able to select and upload
a file (or files) from the client computing system 202 to the
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predictive modeling server system 206 using the form, where
the file or files contain the input data. In response, the selected
predicted model can generate predictive output based on the
input data provided, and provide the predictive output to the
client computing system 202 either on the same web page or
a different web page. The predictive output can be provided
by displaying the output, providing an output file or other-
wise.

[0057] Insome implementations, the client computing sys-
tem 202 can grant permission to one or more other client
computing systems to access one or more of the available
trained predictive models of the client computing system. The
web page used by the operator of the client computing system
202 to access the one or more available trained predictive
models can be used (either directly or indirectly as a link to
another web page) by the operator to enter information iden-
tifying the one or more other client computing systems being
granted access and possibly specifying limits on their acces-
sibility. Conversely, if the client computing system 202 has
been granted access by a third party (i.e., an entity controlling
a different client computing system) to access one or more of
the third party’s trained models, the operator of the client
computing system 202 can access the third party’s trained
models using the web page in the same manner as accessing
the client computing system’s own trained models (e.g., by
selecting from a drop down menu or clicking an icon).

[0058] FIG. 5 is a flowchart showing an example process
500 for using the predictive analytic platform from the per-
spective of the client computing system. For illustrative pur-
poses, the process 500 is described in reference to the predic-
tive modeling server system 206 of FIG. 2, although it should
be understood that a differently configured system could per-
form the process 500. The process 500 would be carried out
by the client computing system 202 when the corresponding
client entity was uploading the “new” training data to the
system 206. That is, after the initial training data had been
uploaded by the client computing system and used to train
multiple predictive models, at least one of which was then
made accessible to the client computing system, additional
new training data becomes available. The client computing
system 202 uploads the new training data to the predictive
modeling server system 206 over the network 204 (Box 502).
[0059] Insome implementations, the client computing sys-
tem 202 uploads new training data sets serially. For example,
the client computing system 202 may upload a new training
data set whenever one becomes available, e.g., on an ad hoc
basis and/or by streaming. In another example, the client
computing system 202 may upload a new training data set
according to a particular schedule, e.g., at the end of each day.
In some implementations, the client computing system 202
uploads a series of new training data sets batched together
into one relatively large batch. For example, the client com-
puting system 202 may upload a new batch of training data
sets whenever the batched series of training data sets reach a
certain size (e.g., number of mega-bytes). In another
example, the client computing system 202 may upload a new
batch of training data sets accordingly to a particular sched-
ule, e.g., once a month.

[0060] Table 1 below shows some illustrative examples of
commands that can be used by the client computing system
202 to upload a new training data set that includes an indi-
vidual update, a group update (e.g. multiple examples within
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an API call), an update from a file and an update from an
original file (i.e., a file previously used to upload training
data).

TABLE 1

Type of

Update Command

Individual curl -XPOST-H...-d

Update “{\"data\’:{\"input\”:{\’csvInstance\”:[0,2] }
\"label\”:[0]}} }*https . . . /bucket%2Ffile.csv/update

Individual ~ curl -X POST -H .. . -d “{\"data\":{\”data\”:

Update [0,0,2]}} https . . . /bucket%2Ffile.csv/update

Group curl -X POST-H ...

Update -d*{\*data\"’:{\"input\’:{\’csvInstance\”:
[[0,21,1,2] . . . [x,y]]}\label\:[0, 1 .. . 2]} }}”
https.../bucket%2Ffile.csv/update

Group curl - X POST -H . . . -d“{\"data\":{\”data\":

Update [[0,0,.21,[1,1,2] . .. [zx,¥]]}}
https.../bucket%2Ffile.csv/update

Update from curl -X POST -H .. . - d “bucket%2Fnewfile”

File https .../bucket%?2Ffile.csv/update

Update from  curl -X POST -H .. . https . . . /bucket%2Ffile.csv/update

Original File

[0061] In the above example command, “data” refers to

data used in training the models (i.e., training data); “input”
and “label” refers to data to be used to update the model (i.e.,
new training data), “bucket” refers to a location where the
models to be updated are stored, “x”, “y” and “z” refer to
other potential data values for a given feature.

[0062] The series of training data sets uploaded by the
client computing system 202 can be stored in the training data
queue 213 shown in FIG. 2. In some implementations, the
training data queue 213 accumulates new training data until
an update of the updateable trained predictive models
included in the predictive model repository 215 is performed.
In other implementations, the training data queue 213 only
retains a fixed amount of data or is otherwise limited. In such
implementations, once the training data queue 213 is full, an
update can be performed automatically, a request can be sent
to the client computing system 202 requesting instructions to
perform an update, or training data in the queue 213 can be
deleted to make room for more new training data. Other
events can trigger a retraining, as is discussed further below.
[0063] The client computing system 202 can request that
the system’s trained predictive models be updated (Box 504).
For example, when the client computing system 202 uploads
the series of training data sets (either incrementally or in batch
or a combination of both), an update request can be included
or implied, or the update request can be made independently
of uploading new training data.

[0064] In some implementations, an update automatically
occurs upon a condition being satisfied. For example, receiv-
ing new training data in and of itself can satisfy the condition
and trigger the update. In another example, receiving an
update request from the client computing system 202 can
satisfy the condition. Other examples are described further in
reference to FIG. 5.

[0065] As described above in reference to FIGS. 2 and 4,
the predictive model repository 215 includes multiple trained
predictive models that were trained using training data
uploaded by the client computing system 202. At least some
of the trained predictive models included in the repository
215 are updateable predictive models. When an update of the
updateable predictive models occurs, retrained predictive
models are generated using the data in the training data queue
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213, the updateable predictive models and the corresponding
training functions that were used to train the updateable pre-
dictive models. Each retrained predictive model represents an
update to the predictive model that was used to generate the
retrained predictive model.

[0066] Each trained predictive model in the repository 215
has an associated accuracy score, as was described above.
New accuracy scores can be determined for the trained pre-
dictive models in the repository 215 as new training data is
received. More recently received training data may be more
representative of the input data that will be received with
prediction requests from a particular client computing sys-
tem. Accordingly, the performance of the trained predictive
models using the most representative data may be a better
indicator of the current accuracy than the accuracy scores
determined from the initial training data. The new accuracy
scores can be determined each time new training data is
received, when a certain quantity of new data is received, at
periodic intervals or otherwise. The new accuracy scores can
be determined based on a set of “test data”. There are various
techniques that can be used to determine what constitutes the
test data and how the test data is used in the determination of
the new accuracy scores. In the example system shown, the
model selection module 210 can determine the new accuracy
scores.

[0067] Insomeimplementations,the test data used to deter-
mine the new accuracy score of a trained predictive model is
a combination of the initial training data and the new training
data. The following is a formula that can be used to calculate
the new accuracy score after receiving n new data sets, where
n is an integer greater than O:

A, =[CeHCr . .. C/THTi+ ... T,

[0068] where:

[0069] C,=number ofcorrect predictions from initial cross-
validation

[0070] C,=number of correct predictions from new data set
®

[0071] C,=number of correct predictions from new data set
(n)

[0072] n=integer greater than O

[0073] T,=total number of data samples in initial cross-
validation

[0074] T,=total number of new data samples in new data set
®

[0075] T, =total number of new data samples in new data set
(n)

[0076] A, =new accuracy score after receiving n new data
sets

[0077] The above formula uses a tally (i.e., C,) of the

results from the initial cross-validation that was based on the
initial training data and adds in the trained predictive model’s
score on each new data set received since then (i.e.,C, ... C,).
The values of C, through C,, _, are values that were calculated
in previous iterations of determining the accuracy score for a
particular trained predictive model. These values can be
stored and then later accessed by the model selection module
210 when the model selection module 210 is determining the
new accuracy score A,,. The values can be stored, for example,
in the training data repository 214 or elsewhere. The value C,,
is a new value calculated by the model selection module at the
time of determining the new accuracy score A,,. The value C,,
is determined by testing the accuracy of the trained predictive
model in predicting outputs that correspond to the inputs
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included in the n” new data set. The value of C,, is determined
by applying the inputs in the n” data set against a predictive
model that was trained with the initial data and new data sets
1 through n-1, but not trained with the n™ data set.

[0078] By way of illustrative example, consider Model A
that was trained with a batch of 100 training samples and has
an estimated 67% accuracy as determined from cross-valida-
tion. New training data is then received and the training data
queue 213 has 10 new training samples. The new training data
is used to test the accuracy of Model A. In this example,
Model A gets 5 predictive outputs correct and 5 predictive
outputs incorrect when tested with the 10 new training
samples. The new accuracy score that estimates the accuracy
of Model A can be calculated as:

A4,=[67+5]/[100+10]=65%.

[0079] In this particular example, Model A has performed
less accurately with the 10 new training samples and the
overall accuracy score has decreased from 67% to 65%.
[0080] The new accuracy score is determined before the
trained predictive model is updated with the data in the train-
ing data queue 213 to generate a retrained predictive model, if
the trained predictive model is updateable. The predictive
model repository 215 is updated, that is, the updateable
trained predictive models are retrained using the training data
queue 213 (the static trained predictive models are
unchanged) and each trained predictive model is associated
with its corresponding new accuracy score. The new accuracy
score was determined using the previous set of trained pre-
dictive models in the repository 215, i.e., before the updating,
but was determined using the more recently received training
data. That is, the accuracy score was generated using the
previous-iteration of trained predictive model (i.e., pre-up-
dating with the new training data that is used as the test data).
[0081] Insomeimplementations,the test dataused to deter-
mine the new accuracy score of a trained predictive model is
a weighted combination of the initial training data and the
new training data. The following is a formula that can be used
to calculate the new accuracy score:
A, =[(C*W)+(C "W )+ .. (CFW)VI(T*Wo)+
(Ty* W)+ .. . (Th*W,)]

[0082] where:

[0083] C,=number of correct predictions from initial cross-
validation

[0084] C,=number of correct predictions from new data set
1)

[0085] C,=number of correct predictions from new data set
(n)

[0086] W, =weight assigned to the initial test data

[0087] W, ,=weight assigned to the new data set (1)

[0088] W, =weight assigned to the new data set (n)

[0089] T,=total number of data samples in initial cross-
validation

[0090] T,=total number of new data samples in new data set
1

[0091] T, =total number of new data samples in new data set
(n)

[0092] n=integer greater than 1

[0093] A, =new accuracy score after receiving n new data
sets

[0094] In this implementation, different weights are

assigned to the n different data sets that are used in determin-
ing the accuracy score. For example, if the newer data is
assumed to be more representative of the input data that will
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be received with future prediction requests, then a higher
weight can be assigned to the new test data, i.e., W, than is
assigned to the initial test data, i.e., W,,.

[0095] In some implementations, the weights to be
assigned to the new data sets can be calculated based on an
exponential fall-off, with higher weights assigned to the
newer data and lower weights assigned to older data. In some
implementations, the weight is time-based. For example, the
weight for a particular new data set can be based on how many
new data sets ago the particular new data set was received. By
way of illustration, if n=12, meaning 12 new data sets have
been received, and the particular new data set is new data set
#5, the weight assigned to new data set #5, i.e., W, is less than
the weight that is assigned to new data set #11 (i.e., the
second-last new data set received), i.e., W,,. Other tech-
niques can be used to assign the weights, and the ones
described above are illustrative and non-limiting.

[0096] Insomeimplementations, the addition of a new data
set means that all previously received data sets are weighed
less than before the new addition by a given factor. Over time,
this means that the oldest data is weighted significantly less
than the newer data. In an illustrative example three new data
sets of equal size will be received and weights are determined
based on an exponential fall-oft of 0.9. When the first new
data setisreceived, i.e., data set (1), the data set (1) is assigned
a weight (W) of 1. When the second data set (2) is received,
the data set (1) is now assigned a weight (W,) of 0.9 (i.e.,
0.9*1) and data set (2) is assigned a weight (W,) of 1. When
the third data set (3) is received, the data set(1) is now
assigned a weight (W,) of 0.81 (i.e., (0.9%0.9)) and data set
(2) is now assigned a weight (W,) of 0.9, and data set (3) is
assigned a weight (W) of 1. As is illustrated by this example,
each previous data set is weighted by a factor of 0.9 less with
the introduction of each new data set, an effect that com-
pounds over time.

[0097] Insomeimplementations, the test data used to deter-
mine the new accuracy score of a trained predictive model is
a combination of the most recently received new data set and
some, but not all, of the previously received data sets. A
sliding time-based window is used to select which data to
include in the test data. By way of illustrative, Table 2 below
is represents data sets received from a particular client com-
puting system at five different times.

TABLE 2
Data Set Time Received Time Received
No. (relative) (actual)
0 to Jan. 1, 2011
(initial data set)
1 t Jan. 14,2011
2 t Jan. 21,2011
3 ty Jan. 22,2011
4 ty Jan. 25,2011

[0098] In this example, 4 new data sets were received after
receipt of the initial data set. In one example, the “sliding
window” can move to include a particular number of data
sets, for example, three. If the three most recent data sets are
used as the “test data”, then at time t,,, the data sets #2, #3 and
#4 are used. The initial data set and the data set #1 are not
included in the test data used to determine the accuracy score
attimet,. In another example, the “sliding window” can move
to include only data sets received within a particular time
period. For example, the time period can be two weeks. In this
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example, at time t,, which is Jan. 25, 2011, only data sets
received since Jan. 11, 2011 are included in the test data.
Accordingly, the initial data set, which was received outside
of'the time period, is not included in the test data, and the data
sets received at t;, t,, t; and t, are included in the test data.
[0099] Once the data to be included in the test data is
determined, the accuracy score at time t, can be determined
according to the formula below:

AL Cr -yt Crn2yt -+ Cotomomd I Tsom- 1yt T omenyt
* Lxomm
[0100] where:
[0101] m=number of data sets to be included in test data
at time t,
[0102] C_=number of correct predictions from a” data
set(e.g..forC,_,, ,, ax-(m-1)andC_,, ,,is thenum-
ber of correct predictions from the [x—(m—1)]? data set);
[0103] T =total number of data samples in a” data set
(e.g., for T, (, 1y, a=x=(m-1) and T, ,, ,, is the total
number of data samples in the [x—(m-1)]” data set);
[0104] A =new accuracy score at time t_
[0105] The value of C, is determined by testing the x data
set on a predictive model that was trained with data sets 0
through x-1.
[0106] Three different implementations are described
above for determining what data to include in the test data,
where “test data” refers to the data used to determine an
accuracy score for a trained predictive model. The test data
includes at least some new test data (i.e., test data received
after the initial training data) and is determined after receiving
the new test data. The new test data can also be used, either
alone or together with previously received test data, to update
an updateable predictive model included in the repository
215. The repository 215 is updated to include the updated,
i.e., retrained updateable predictive models and any static
trained predictive models that were also in the repository 215;
the previous iteration of updateable trained predictive models
are replaced with the new iteration of updateable trained
predictive models (i.e., the retrained models). Each trained
predictive model included in the updated repository is asso-
ciated with the new accuracy score, which was determined
pre-model-updating. Thus, the accuracy scores associated
with the trained predictive models are the accuracy scores of
the trained predictive models one-iteration-previous in terms
of update-iterations, with respect to the updateable models.
For example, an updateable predictive model that has under-
gone a third iteration of updating with a third new training
data set (i.e., was retrained with the third new training data
set) is associated with an accuracy score that was determined
using the updateable predictive model after having been
retrained with the second new training data set.
[0107] Ifthe predictive model repository 215 includes one
or more static predictive models, that is, trained predictive
models that are not updateable with incremental new training
data, then those models are not updated during this update
phase (i.e., the update phase where an update of only the
updateable predictive models occurs). From the trained pre-
dictive models available to the client computing system 202,
including the “new” retrained predictive models and the “old”
static trained predictive models, a trained predictive model
can be selected to provide to the client computing system 202.
For example, the new accuracy scores associated with the
available trained predictive models can be compared, and the
most accurate trained predictive model selected. Referring
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again to FIG. 5, the client computing system 202 can receive
access to the selected trained predictive model (Box 506).

[0108] In some instances, the selected trained predictive
model is the same trained predictive model that was selected
and provided to the client computing system 202 after the
trained predictive models in the repository 215 were trained
with the previous iteration of training data from the training
data queue. That is, the most accurate trained predictive
model from those available may remain the same even after
an update. In other instances, a different trained predictive
model is selected as being the most accurate.

[0109] Changing the trained predictive model that is acces-
sible by the client computing system 202 can be invisible to
the client computing system 202. That is, from the perspec-
tive of the client computing system 202, input data and a
prediction request is provided to the accessible trained pre-
dictive model (Box 508). In response, a predictive output is
received by the client computing system 202 (Box 510). The
selected trained predictive model is used to generate the pre-
dictive output based on the received input. However, if the
particular trained predictive model being used system-side
changes, this can make no difference from the perspective of
the client computing system 202, other than, a more accurate
model is being used and therefore the predictive output
should be correspondingly more accurate as a prediction.

[0110] From the perspective of the client computing system
202, updating the updateable trained predictive models is
relatively simple. The updating can be all done remote from
the client computing system 202 without expending client
computing system resources. In addition to updating the
updateable predictive models, the static predictive models
can be “updated”. The static predictive models are not actu-
ally “updated”, but rather new static predictive models can be
generated using training data that includes new training data.
Updating the static predictive models is described in further
detail below in reference to FIG. 7.

[0111] FIG. 6 is a flowchart showing an example process
600 for rescoring accuracy of trained predictive models and
retraining updateable trained predictive models using the pre-
dictive analytic platform. For illustrative purposes, the pro-
cess 600 is described in reference to the predictive modeling
server system 206 of FIG. 2, although it should be understood
that a differently configured system could perform the pro-
cess 600. The process 600 begins with providing access to an
initial trained predictive model (e.g., trained predictive model
218) that was trained with initial training data (Box 602). That
is, for example, operations such as those described above in
reference to boxes 402-412 of FIG. 4 can have already
occurred such that a trained predictive model has been
selected (e.g., based on accuracy) and access to the trained
predictive model has been provided, e.g., to the client com-
puting system 202.

[0112] A series of training data sets are received from the
client computing system 202 (Box 604). For example, as
described above, the series of training data sets can be
received incrementally or can be received together as a batch.
The series of training data sets can be stored in the training
data queue 213. When a first condition is satisfied (“yes”
branch of box 606), then an update of updateable trained
predictive models stored in the predictive model repository
215 occurs. Until the first condition is satisfied (“no” branch
of'box 606), access can continue to be provided to the initial
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trained predictive model (i.e., box 602) and new training data
can continue to be received and added to the training data
queue 213 (i.e., box 604).

[0113] The first condition that can trigger an update of
updateable trained predictive models can be selected to
accommodate various considerations. Some example first
conditions were already described above in reference to FIG.
5. That is, receiving new training data in and of itself can
satisfy the first condition and trigger the update. Receiving an
update request from the client computing system 202 can
satisfy the first condition. Other examples of first condition
include a threshold size of the training data queue 213. That
is, once the volume of data in the training data queue 213
reaches a threshold size, the first condition can be satisfied
and an update can occur. The threshold size can be defined as
a predetermined value, e.g., a certain number of kilobytes of
data, or can be defined as a fraction of the training data
included in the training data repository 214. That is, once the
amount of data in the training data queue is equal to or
exceeds X % of the data used to initially train the trained
predictive model 218 or x % of the data in the training data
repository 214 (which may be the same, but could be differ-
ent), the threshold size is reached. In another example, once a
predetermined time period has expired, the first condition is
satisfied. For example, an update can be scheduled to occur
once a day, once a week or otherwise. In another example, if
the training data is categorized, then when the training data in
aparticular category included in the new training datareaches
a fraction of'the initial training data in the particular category,
then the first condition can be satisfied. In another example, if
the training data can be identified by feature, then when the
training data with a particular feature reaches a fraction of the
initial training data having the particular feature, the first
condition can be satisfied (e.g., widgets X with scarce prop-
erty Y). In yet another example, if the training data can be
identified by regression region, then when the training data
within a particular regression region reaches a fraction of the
initial training data in the particular regression region (e.g.,
10% more in the 0.0 to 0.1 predicted range), then the first
condition can be satisfied. The above are illustrative
examples, and other first conditions can be used to trigger an
update of the updateable trained predictive models stored in
the predictive model repository 215.

[0114] Before the updateable trained predictive models that
are stored in the repository 215 are “updated” with the train-
ing data stored in the training data queue 213, each trained
predictive model in the repository 215 can be rescored for
accuracy. That is, new accuracy scores of the trained models
in the repository are determined based on the received train-
ing data sets stored in the training data queue 213 (Box 608).
The new accuracy scores are determined using test data. The
test data can include the data in the training data queue 213 in
addition to previously received training data that is stored in
the training data repository 214. The techniques described
above in reference to FIG. 5 to determine what to include in
the test data and how to calculate the new accuracy scores can
be employed here to determine the new accuracy scores. For
example, the test data can be a combination of all previously
received training data weighted equally or weighted differ-
ently, or a sliding window can be used to select only more
current data sets to include in the test data.

[0115] The updateable trained predictive models that are
stored in the repository 215 are “updated” with the training
data stored in the training data queue 213. That is, retrained
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predictive models are generated (Box 610) using: the training
data queue 213; the updateable trained predictive models
obtained from the repository 215; and the corresponding
training functions that were initially used to train the update-
able trained predictive models, which training functions are
obtained from the training function repository 216.

[0116] A trained predictive model is selected from the mul-
tiple trained predictive models based on their respective new
accuracy scores. That is, the new accuracy scores of the
trained predictive models stored in the repository 215 can be
compared and the most accurate model, i.e., a first trained
predictive model, selected. Access is provided to the first
trained predictive model to the client computing system 202
(Box 612). As was also discussed above, the first trained
predictive model may end up being the same model as the
initial trained predictive model that was provided to the client
computing system 202 in Box 602. That is, even after rescor-
ing the accuracy, the initial trained predictive model may still
be the most accurate model. In other instances, a different
trained predictive model may end up being the most accurate,
and therefore the trained predictive model to which the client
computing system 202 has access changes after the update.
Of the multiple retrained predictive models that were trained
as described above, some or all of them can be stored in the
predictive model repository 215.

[0117] Inthe above example process 600, the new accuracy
scores are determined once the first condition is satisfied and
before the updateable trained predictive models are updated
(i.e., retrained). In other implementations, determining new
accuracy scores and selecting the most accurate model based
on the new accuracy scores occurs independent of updating
the updateable trained predictive models. That is, the new
accuracy scores can be calculated each time new data is
received into the training data queue 213, whether or not the
first condition has been satisfied to trigger an updating of the
updateable predictive models in the repository 215. If, based
on the new accuracy scores, a trained predictive model is
found the most accurate that is different than the trained
predictive model being provided at that time to the client
computing system, then the client computing system can be
provided access to the different trained predictive model that
is found, at that time, to have the highest accuracy score. As
such, the trained predictive model to which the client com-
puting system is provided access can change even if an update
to the updateable trained predictive models has not yet
occurred.

[0118] In the implementations described above, the first
trained predictive model is hosted by the dynamic predictive
modeling server system 206 and can reside and execute on a
computer at a location remote from the client computing
system 202. However, as described above in reference to FIG.
4, in some implementations, once a predictive model has been
selected and trained, the client entity may desire to download
the trained predictive model to the client computing system
202 or elsewhere. The client entity may wish to generate and
deliver predictive outputs on the client’s own computing sys-
tem or elsewhere. Accordingly, in some implementations, the
first trained predictive model 218 is provided to a client com-
puting system 202 or elsewhere, and can be used locally by
the client entity.

[0119] FIG. 7 is a flowchart showing an example process
700 for generating a new set of trained predictive models
using updated training data. For illustrative purposes, the
process 700 is described in reference to the predictive mod-
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eling server system 206 of FIG. 2, although it should be
understood that a differently configured system can perform
the process 700. The process 700 begins with providing
access to a first trained predictive model (e.g., trained predic-
tive model 218) (Box 702). That is, for example, operations
such as those described above in reference to boxes 602-612
of FIG. 6 can have already occurred such that the first trained
predictive model has been selected (e.g., based on accuracy)
and access to the first trained predictive model has been
provided, e.g., to the client computing system 202. In another
example, the first trained predictive model can be a trained
predictive model that was trained using the initial training
data. That is, for example, operations such as those described
above in reference to boxes 402-412 of FIG. 4 can have
already occurred such that a trained predictive model has
been selected (i.e., the first trained predictive model) and
access to the first trained predictive model has been provided.
Typically, the process 700 occurs after some updating of the
updateable trained predictive models has already occurred
(i.e., after process 600), although that is not necessarily the
case.

[0120] Referring again to FIG. 7, when a second condition
is satisfied (“yes” branch of box 704), then an “update” of
some or all the trained predictive models stored in the predic-
tive model repository 215 occurs, including the static trained
predictive models. This phase of updating is more accurately
described as a phase of “regeneration” rather than updating.
That is, the trained predictive models from the repository 215
are not actually updated, but rather a new set of trained pre-
dictive models are generated using different training data then
was used to initially train the models in the repository (i.e., the
different than the initial training data in this example).

[0121] Updated training data is generated (Box 706) that
will be used to generate the new set of trained predictive
models. In some implementations, the training data stored in
the training data queue 213 is added to the training data that is
stored in the training data repository 214. The merged set of
training data can be the updated training data. Such a tech-
nique can work well if there are no constraints on the amount
of data that can be stored in the training data repository 214.
However, in some instances there are such constraints, and a
data retention policy can be implemented to determine which
training data to retain and which to delete for purposes of
storing training data in the repository 214 and generating the
updated training data. The data retention policy can define
rules governing maintaining and deleting data. For example,
the policy can specify a maximum volume of training data to
maintain in the training data repository, such that if adding
training data from the training data queue 213 will cause the
maximum volume to be exceeded, then some of the training
data is deleted. The particular training data that is to be
deleted can be selected based on the date of receipt (e.g., the
oldest data is deleted first), selected randomly, selected
sequentially if the training data is ordered in some fashion,
based on a property of the training data itself, or otherwise
selected.

[0122] A particular illustrative example of selecting the
training data to delete based on a property of the training data
can be described in terms of a trained predictive model that is
a classifier and the training data is multiple feature vectors.
An analysis can be performed to determine ease of classifi-
cation of each feature vector in the training data using the
classifier. A set of feature vectors can be deleted that includes
a larger proportion of “easily” classified feature vectors. That
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is, based on an estimation of how hard the classification is, the
feature vectors included in the stored training data can be
pruned to satisfy either a threshold volume of data or another
constraint used to control what is retained in the training data
repository 214.

[0123] For illustrative purposes, in one example the
updated training data can be generated by combining the
training data in the training data queue together with the
training data already stored in the training data repository 216
(e.g., the initial training data). In some implementations, the
updated training data can then be stored in the training data
repository 214 and can replace the training data that was
previously stored (to the extent that the updated training data
is different). In some implementations, the training data
queue 213 can be cleared to make space to new training data
to be received in the future.

[0124] A new set of trained predictive models is generated
using the updated training data and using training functions
that are obtained from the training function repository 216
(Box 708). The new set of trained predictive models includes
at least some updateable trained predictive models and can
include at least some static trained predictive models.

[0125] The accuracy of each trained predictive model in the
new set can be estimated, for example, using techniques
described above (Step 710) and an accuracy score generated.

[0126] A second trained predictive model can be selected to
which access is provided to the client computing system 202
(Box 712). In some implementations, the accuracy scores of
the new trained predictive models and the trained predictive
models stored in the repository 215 before this updating
phase began are all compared and the most accurate trained
predictive model is selected as the second trained predictive
model. In some implementations, the trained predictive mod-
els that were stored in the repository 215 before this updating
phase began are discarded and replaced with the new set of
trained predictive models, and the second trained predictive
model is selected from the trained predictive models currently
stored in the repository 215. In some implementations, the
static trained predictive models that were stored in the reposi-
tory 215 before the updating phase began are replaced by their
counterpart new static trained predictive models. The update-
able trained predictive models that were stored in the reposi-
tory 215 before the updating phase are either replaced by their
counterpart new trained predictive model or maintained,
depending on which of the two is more accurate. The second
trained predictive model then can be selected from among the
trained predictive models stored in the repository 215.

[0127] In some implementations, only a predetermined
number of predictive models are stored in the repository 215,
e.g., n (where n is an integer greater than 1), and the trained
predictive models with the top n accuracy scores are selected
from among the total available predictive models, i.e., from
among the new set of trained predictive models and the
trained predictive models that were stored in the repository
215 before the updating phase began. Other techniques can be
used to determine which trained predictive models to store in
the repository 215 and which pool of trained predictive mod-
els is used from which to select the second trained predictive
model.

[0128] Referring again to Box 704, until the second condi-
tion is satisfied which triggers the update of all models
included in the repository 215 with updated training data
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(“No” branch of box 704), the client computing system 202
can continue to be provided access to the first trained predic-
tive model.

[0129] FIG. 8 is a flowchart showing an example process
800 for selecting test data to use in determining accuracy
scores. Example techniques are described above for selecting
and/or weighting test data that is used to determine accuracy
scores for trained predictive models stored in the repository
215. The example process 800 is another technique for select-
ing test data that is based on a “richness score” assigned to
each retained data sample. For example, the retained data
samples can be previously received data samples stored in the
training data repository 214 and newly received data samples
stored in the training data queue 213.

[0130] The “richness score” is a score that indicates how
information-rich a particular data sample is in comparison to
other retained data samples for purposes of testing the accu-
racy of a trained predictive model. A test data set can be
selected based on the richness scores, where the test data set
is optimized to give an estimate of the trained predictive
model’s accuracy across an entire data set from which the
trained predictive model is derived. An updateable trained
predictive model may have been retrained in multiple itera-
tions using multiple updates of training data (i.e., which com-
prise, together with the initial training data, the entire data set
from which the trained predictive model is derived) received
at multiple different times. The richness scores of data
samples can be used to select a test data set that is a represen-
tative sample of the entire data set from which the trained
predictive model is derived, and an accuracy score deter-
mined using such a test data set can be in turn be a better
estimate of the accuracy of the trained predictive model.
[0131] By way of example, if multiple data samples are
clustered together, e.g., exhibit a high degree of similarity in
features, then a small number of the data samples in the
cluster can be given a relatively higher richness score then the
restinthe cluster, which can be given a relatively low richness
score on account of their redundancy. By comparison, a data
sample whose nearest neighbor (when comparing features) is
a data sample having a different output value is considered an
information-rich data sample. That is, two data samples that
are highly similar but have different outputs are a rich source
of information, e.g., for a classifier type trained predictive
model, and should be assigned relatively high richness scores.
[0132] FIG.9isaschematic representation of data samples
900 classified by two dimensions. In this illustrative example,
the trained predictive model is a classifier and, in response to
receiving a particular input, an output is generated that makes
a classification based on the input. The example shown is
simple in that a classification is made based on two features,
i.e., feature A and feature B. In this example, the trained
predictive model predicts whether an input describes a giraffe
ordoesn’tdescribe a giraffe (i.e., the classification is “giraffe”
or “not a giraffe”). Feature A is a neck length and feature B is
a density of spots on an animal. Generally speaking, a giraffe
has a relatively long neck length and a relatively dense num-
ber of spots. In the schematic representation in FIG. 9, a neck
length (feature A) is given a value ranging from O to 1, where
0 indicates no neck and 1 indicates a long neck. The density of
spots, feature B, is also given a value ranging from 0 to 1,
where 0 indicates no spots and 1 indicates high density of
spots. Each data sample in a set of training samples includes
input data and corresponding output data. In this example, the
input data includes an A value and a B value for a given animal
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and the corresponding output data indicates whether the ani-
mal having these A and B values is a giraffe or is not a giraffe.
[0133] Data samples that represent a “giraffe” are shown as
an X in FIG. 9 and data samples that represent “not a girafte”
are shown as an O in FIG. 9. As might be expected, there is a
cluster of X data samples that have a relatively high feature A
value and a relatively high feature B value. That is, a number
of'animals that have a long neck length and high spot density
are classified as giraftes and shown as X’s, for example, those
in the cluster 906. Also as might be expected, there is a cluster
of O data samples that have a relatively low feature A value
and a relatively low feature B value. That is, a number of
animals that have a short neck length and a low spot density
are classified as “not a giraffe”” and shown as O’s, for example,
those in cluster 920. Additionally, a number of animals that
have a short neck length and a high spot density are classified
as “not a giraffe” and shown as O’s, e.g., those in cluster 922.
An example of such an animal is a leopard, which although
has a high density of spots has a short neck relative to a giraffe
and is classified as “not a giraffe” (because it is in fact a
leopard).

[0134] When there are a number data samples within a
cluster, e.g., clusters 906, 920 and 922, there is value in
retaining a portion of these data samples, however, retaining
all of them is of less value on account of the redundancy
between the data samples. Accordingly, a portion of the data
samples in a cluster can be assigned a relatively high richness
score as compared to the rest of the data samples in the cluster.
Various techniques can be used to determine which data
samples in the cluster are assigned the relatively high richness
scores. In one example, a time-based approach can be used,
where the portion is selected based on how recently they were
received, with a preference to the more recent data samples. In
other examples, the data samples at the edge of a cluster can
be scored higher than those in the middle or visa versa or a
random selection of data samples from a cluster can be scored
higher.

[0135] In another example, a data sample is selected to be
assigned a richness score of 0 (i.e., to effectively remove the
data sample from the test data) based on whether removal of
the data sample will increase the overall score of the data
samples. That is, if the data sample had a richness score of x
and is removed from the test data (i.e., assigned a richness
score of 0), then a determination can be made as to whether
removing the data sample will have the effect of increasing
the sum of richness scores of those data samples near the data
sample will increase by a total value of x. For example, if the
data sample had a richness score of 0.2 and is near two other
data samples with richness scores of 0.25, then if once the
data sample’s richness score is reduced to 0, the two neigh-
boring data samples’ scores increase by a total 0 0.2 (e.g., 0.1
each or otherwise), then the data sample can be removed but
the information retained (i.e., by the increase in scores of
neighboring data samples).

[0136] A data sample whose nearest neighbor in the sche-
matic representation is a data sample having a different clas-
sification is an information-rich data sample. For example,
consider the data samples at 908, being data sample X 910
and data sample Y 912. Data sample X has a “giraffe” clas-
sification whereas data sample O has a “not a girafte” classi-
fication. However, the input data for both data sample 910 and
data sample 912 are relatively similar. That is, these data
samples have relatively similar feature A and feature B val-
ues, yet they correspond to different classifications of animal,
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one being a giraffe and the other not being a giraffe. If input
data was received with a predication request that had similar
feature A and feature B values, the input data could be bor-
derline “giraffe” or “not a giraffe”, i.e., a hard classification to
make. Having data samples that have borderline features val-
ues can therefore be informative when testing the accuracy of
atrained predictive model in making predictions, particularly
in borderline cases. Accordingly, these data samples are con-
sidered information-rich and are assigned relatively high
richness scores. The data samples at 914, i.e., data sample X
916 and data sample O 918 are also considered information-
rich for the same reason and assigned relatively high richness
scores.

[0137] Other data samples shown in FIG. 9 that are not
included in any of the clusters or pairings discussed above
may also be information-rich, as these data samples are rela-
tively far away from their nearest neighbor. The richness
score can be assigned to the data samples as a value between
0 and 1, for example, where a 1 is assigned for the most
information-rich data samples and a 0 is assigned for data
samples that are not desired to be included in the test data,
e.g., some of the data samples included in a cluster.

[0138] In some implementations, the richness score (RS)
for a data sample can be determined as follows:

RS=[1+No. of Nearby Different]/[No. of Nearby

Total]
[0139] where:
[0140] RSA=Richness score for Data Sample A;

[0141] No. of Nearby Different=number of data samples
near data sample A that have a different output value than data
sample A (i.e., are different);

[0142] No. of Nearby Total=total number of data samples
that are near data sample A

[0143] Insome implementations, the formula above can be
modified to include a constant, e.g., 1, added to the denomi-
nator. The RS for a data sample that has no nearby data
samples thereby ends up with an RS of 1, which is suiting
because such a lone data sample can be information rich.
Other formulas can be used to determine the richness score
and the formula described above is but one example.

[0144] Referring again to FIG. 8, as was previously dis-
cussed, new data sets of data samples can be received peri-
odically, continually or on an ad hoc basis. The process 800
begins with the receipt of a new data set of data samples (Step
802). A richness score is assigned to the data samples
included in the new data set (Step 804). Additionally, because
the receipt of the new data samples may change the richness
score of one or more other data samples that were previously
received and retained, the richness scores of the one or more
other data samples may be re-assigned (Step 806). By way of
illustrative example, if the new data set included data sample
X 910, and the data sample O 912 was previously received,
then the richness score of data sample O 912 may change.
Data sample O 912, after the receipt of data sample X 910, is
now positioned very near a data sample having an opposite
output value, i.e., “giraffe” as compared to the “not a giraffe”
output of data sample O 912. Accordingly, as discussed
above, because of these pairing of opposite data samples, the
richness of data sample O 912 increases and the richness
score for previously received data sample O 912 is re-as-
signed (Step 804).

[0145] The data samples can be ranked based on their
assigned richness scores (Step 806), where the highest ranked
data samples have the highest richness scores. A set of test
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data to be used to test the accuracy of trained predictive
models, e.g., the trained predictive models in the repository
215, is selected based on the ranking (Step 808). For example,
the top “n” data samples can be selected, being the data
samples having the top “n” richness scores, where
integer greater than 1.

[0146] The trained predictive models are then tested using
the selected test data to access their accuracy and to assigned
an updated new accuracy score (Step 810). In some imple-
mentations, a tally of the correct predictive outputs generated
using the selected test data can be used to determine the new
accuracy score, which replaces a previously determined accu-
racy score.

[0147] Various techniques are described above for deter-
mining accuracy scores of trained predictive models retained
in the repository 215 in reference to FIGS. 5 and 8. In some
implementations, more than one technique can be used. After
a series of new data sets with a relatively small number of data
samples are received and used to update the updateable
trained predictive models, an updateable trained predictive
model can tend to drift away from the initial training data set.
Accordingly, it can be advantageous to periodically test the
updateable trained predictive model using a sampling of the
previously received data, including data samples from the
initial training data. At these times, the richness score tech-
nique for ranking data samples and selecting a set of test data
based on the highest richness score can be used to determine
the accuracy scores. That is, for every “m” new data sets
received (where m is an integer greater than 0), the new
accuracy scores can be determined using various techniques,
including those described above in reference to FIG. 5. Then
after the m™ new data set, accuracy score can then be deter-
mined using the richness score technique described above in
references to FIGS. 8 and 9. The process can then repeat, that
is, for the next m™ data sets received, the new accuracy scores
can be determined using a technique such as described above
in reference to FIG. 5, and then again after the next m” data
set, a richness score technique can be used.

[0148] The various techniques described above for deter-
mining an accuracy score for a trained predictive model
describe using a new data set as test data, which data can then
later be used as training data to retain the trained predictive
model. That is, for a new data set (x) received at time t,, the
new data set (x) can be used to test a trained predictive model
that was trained at time t_, with data sets O through x-1. In
some implementations, when a new data set (x) is received,
the new data set can be apportioned into a new test data set (x)
and a new training data set (x). The portion allocated as the
new test data set (x) can be used to test a trained predictive
model that was trained at time t,_, with data sets 0 through
x-1, as described above. Alternatively, the trained predictive
model can be first updated (i.e., retrained) using portion allo-
cated as the new training data set (x). The retrained predictive
model then can be tested using the new test data set (x). Thus
in this implementation, the new test data (x) is used to test the
trained predictive model that was trained at time t, with data
sets 0 through x (or at least a portion of each such data set).
[0149] Referring again to FIG. 9, a schematic representa-
tion of data samples 900 that are classified by two dimensions
is shown and described in the context of assigning a richness
score to each data sample. The richness score is assigned to a
data sample to indicate how information-rich the data sample
is when used as test data to test a trained predictive model. In
some implementations, a second richness score can be

[Tt}

n” is an
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assigned to each data sample to indicate how information-rich
the data sample is when used as training data to train (or
re-train) a predictive model. The second richness score is
referred to herein as the training-richness-score, so as to
differentiate from the richness score described above for test
data purposes.

[0150] The training-richness-score can indicate how infor-
mation-rich a particular data sample is in comparison to other
retained training data samples. For example, referring again
to FIG. 2, if training data is accumulating in the training data
queue 213 of system 200, and has not yet been used to retrain
the updateable trained predictive models in the repository
215, the training-richness-scores can be used to rank the
training data samples in the queue 213. Based on the ranking,
a set of training data can be selected from the training data
queue 213 and used to retrain the updateable trained predic-
tive models or regenerate a new set of static trained predictive
models from the repository 215 (e.g., as described in refer-
enceto FIG. 7). The training data samples that are not selected
to be used can be discarded or otherwise ignored, e.g., if there
is a limitation on memory space.

[0151] The training-richness-score for a particular data
sample can be different than the richness score determined for
testing purposes. That is, the criteria for a data sample to be
information-rich for training purposes can be different from
the criteria for a data sample to be information-rich for testing
purposes. Training data may be scored for richness so that the
amount of training data retained in the training data reposi-
tory 214 can be kept to a desired volume, e.g., on account of
memory space restrictions. The training-richness-score can
be also used to optimize what training samples are used to
train and retrain models, so as to provide optimally trained
predictive models in view of the input data expected to be
received going forward with prediction requests. As is already
described above, the test data set is used to test the accuracy of
atrained predictive model before the data samples included in
the test data set are used to train (or retrain) the trained
predictive model. As such, whether the same richness scores
are assigned to a particular data sample for testing or training
purposes or not, when selecting data samples for either data
set (i.e., for test or training data sets), adherence to the rule of
testing before training can avoid conflicts.

[0152] Various implementations of the systems and tech-
niques described here may be realized in digital electronic
circuitry, integrated circuitry, specially designed ASICs (ap-
plication specific integrated circuits), computer hardware,
firmware, software, and/or combinations thereof. These vari-
ous implementations may include implementation in one or
more computer programs that are executable and/or interpret-
able on a programmable system including at least one pro-
grammable processor, which may be special or general pur-
pose, coupled to receive data and instructions from, and to
transmit data and instructions to, a storage system, at least one
input device, and at least one output device.

[0153] These computer programs (also known as pro-
grams, software, software applications or code) include
machine instructions for a programmable processor, and may
be implemented in a high-level procedural and/or object-
oriented programming language, and/or in assembly/ma-
chine language. As used herein, the terms “machine-readable
medium” “computer-readable medium” refers to any com-
puter program product, apparatus and/or device (e.g., mag-
netic discs, optical disks, memory, Programmable Logic
Devices (PLDs)) used to provide machine instructions and/or
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data to a programmable processor, including a machine-read-
able medium that receives machine instructions as a machine-
readable signal. The term “machine-readable signal” refers to
any signal used to provide machine instructions and/or data to
a programmable processor.

[0154] To provide for interaction with a user, the systems
and techniques described here may be implemented on a
computer having a display device (e.g., a CRT (cathode ray
tube) or LCD (liquid crystal display) monitor) for displaying
information to the user and a keyboard and a pointing device
(e.g., a mouse or a trackball) by which the user may provide
input to the computer. Other kinds of devices may be used to
provide for interaction with a user as well; for example,
feedback provided to the user may be any form of sensory
feedback (e.g., visual feedback, auditory feedback, or tactile
feedback); and input from the user may be received in any
form, including acoustic, speech, or tactile input.

[0155] The systems and techniques described here may be
implemented in a computing system that includes a back end
component (e.g., as a data server), or that includes a middle-
ware component (e.g., an application server), or that includes
a front end component (e.g., a client computer having a
graphical user interface or a Web browser through which a
user may interact with an implementation of the systems and
techniques described here), or any combination of such back
end, middleware, or front end components. The components
of'the system may be interconnected by any form or medium
of digital data communication (e.g., a communication net-
work). Examples of communication networks include a local
area network (“LAN”), a wide area network (“WAN”), and
the Internet.

[0156] The computing system may include clients and
servers. A client and server are generally remote from each
other and typically interact through a communication net-
work. The relationship of client and server arises by virtue of
computer programs running on the respective computers and
having a client-server relationship to each other.

[0157] While this specification contains many specific
implementation details, these should notbe construed as limi-
tations on the scope of any invention or of what may be
claimed, but rather as descriptions of features that may be
specific to particular embodiments of particular inventions.
Certain features that are described in this specification in the
context of separate embodiments can also be implemented in
combination in a single embodiment. Conversely, various
features that are described in the context of a single embodi-
ment can also be implemented in multiple embodiments sepa-
rately or in any suitable subcombination. Moreover, although
features may be described above as acting in certain combi-
nations and even initially claimed as such, one or more fea-
tures from a claimed combination can in some cases be
excised from the combination, and the claimed combination
may be directed to a subcombination or variation of a sub-
combination.

[0158] Similarly, while operations are depicted in the draw-
ings in a particular order, this should not be understood as
requiring that such operations be performed in the particular
order shown or in sequential order, or that all illustrated
operations be performed, to achieve desirable results. In cer-
tain circumstances, multitasking and parallel processing may
be advantageous. Moreover, the separation of various system
components in the embodiments described above should not
be understood as requiring such separation in all embodi-
ments, and it should be understood that the described program
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components and systems can generally be integrated together
in a single software product or packaged into multiple soft-
ware products.

[0159] A number of embodiments have been described.
Nevertheless, it will be understood that various modifications
may be made without departing from the spirit and scope of
the invention.

[0160] Inaddition, the logic flows depicted in the figures do
not require the particular order shown, or sequential order, to
achieve desirable results. In addition, other steps may be
provided, or steps may be eliminated, from the described
flows, and other components may be added to, or removed
from, the described systems. Accordingly, other embodi-
ments are within the scope of the following claims.

What is claimed is:
1. A computer-implemented system comprising:
one or more computers; and
one or more data storage devices coupled to the one or
more computers, storing:
a repository of training functions,
a predictive model repository of trained predictive mod-
els, including a plurality of updateable trained predic-
tive models, and wherein each trained predictive
model is associated with an accuracy score that rep-
resents an estimation of the accuracy of the respective
trained predictive model, and
instructions that, when executed by the one or more
computers, cause the one or more computers to per-
form operations comprising:
receiving over a network a series of training data sets
for predictive modeling from a client computing
system, wherein training data included in the train-
ing data sets includes training samples that each
comprise output data that corresponds to input data
and wherein the training data included in the train-
ing data sets is different from initial training data
that was used with a plurality of training functions
obtained from the repository to train the trained
predictive models stored in the predictive model
repository;

upon receiving a first training data set included in the
series of training data sets and for each trained
predictive model in the predictive model reposi-
tory, using the input data included in the first train-
ing data set to generate predictive output data and
comparing the predictive output data to the output
data included in the first training data set, and based
on the comparison and previous comparisons that
were determined from the initial training data and
from previously received training data sets, deter-
mining an updated accuracy score for association
with each trained predictive model in the reposi-
tory;

for each updateable trained predictive model in the
predictive model repository, using the first training
data set, a first training function obtained from the
repository of training functions that was used to
generate the updateable trained predictive model
and using the updateable trained predictive model,
to generate a retrained predictive model and replac-
ing the updateable trained predictive model in the
predictive model repository with the retrained pre-
dictive model;
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selecting a first trained predictive model from among
the plurality of trained predictive models and
retrained predictive models included in the predic-
tive model repository based on the determined
updated accuracy scores; and

providing access to the first trained predictive model
over the network.

2. The system of claim 1, wherein determining the updated
accuracy score for a particular trained predictive model com-
prises:

summing a number of correct predictive outputs included

in the generated predictive output data as determined
from the comparison;

adding the sum of correct predictive outputs to previously

determined sums of correct predictive outputs that were
determined when the initial training data and other train-
ing data sets in the series of training data sets were
received to determine a total number of correct predic-
tive outputs; and

dividing the total number of correct predictive outputs by a

sum of the number of training samples included in the
first training data set added to the number of training
samples included in the initial training data and the other
training data sets.

3. The system of claim 1, wherein determining the updated
accuracy score for a particular trained predictive model com-
prises:

summing a number of correct predictive outputs included

in the generated predictive output data as determined
from the comparison;

weighting the sum of corrective predictive outputs with a

first weight that is determined based on time of receipt of
the first training data set;

adding the weighted sum of correct predictive outputs to

previously determined weighted sums of correct predic-
tive outputs that were determined when the initial train-
ing data and other training data sets in the series of
training data sets were received to determine a total
number of correct predictive outputs, wherein each
weighted sum is weighted based on a time of receipt of
corresponding training data; and

dividing the total number of correct predictive outputs by

the number of training samples included in the first
training data set weighted by the first weight summed
with the numbers of training samples included in the
initial training data and the other training data sets,
where each of the numbers of training samples is
weighted according to the same weight as its corre-
sponding sum of predictive outputs.

4. The system of claim 1, wherein determining the updated
accuracy score for a particular trained predictive model com-
prises:

summing a number of correct predictive outputs included

in the generated predictive output data as determined
from the comparison;
identifying which training data sets from the initial training
data and from the series of training data sets were
received within a predetermined time-based window;

adding the sum of correct predictive outputs to previously
determined sums of correct predictive outputs that were
determined when the identified training data sets were
each received to determine a total number of correct
predictive outputs; and
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dividing the total number of correct predictive outputs by a
sum of the number of training samples included in the
first training data set added to the number of training
samples included in the identified training data sets.

5. The system of claim 4, wherein the predetermined time-
based window indicates a discrete period of time during
which the training data sets must have been received to be
included in the identified training data sets.

6. The system of claim 4, wherein the predetermined time-
based window indicates a discrete number of most recently
received training data sets that are to be included in the
identified training data sets.

7. A computer-implemented method comprising:

receiving over a network a series of training data sets for
predictive modeling from a client computing system,
wherein training data included in the training data sets
includes training samples that each comprise output data
that corresponds to input data and wherein the training
data included in the training data sets is different from
initial training data that was used with a plurality of
training functions obtained from a repository of training
functions to train a plurality of trained predictive models
stored in a predictive model repository wherein each
trained predictive model is associated with an accuracy
that indicates an accuracy of the trained predictive
model in generating predictive outputs;

upon receiving a first training data set included in the series
of training data sets and for each trained predictive
model in the predictive model repository, using the input
data included in the first training data set to generate
predictive output data and comparing the predictive out-
put data to the output data included in the first training
data set, and based on the comparison and previous
comparisons that were determined from the initial train-
ing data and from previously received training data sets,
determining an updated accuracy score for association
with each trained predictive model in the repository;

for each updateable trained predictive model in the predic-
tive model repository, using the first training data set, a
first training function obtained from the repository of
training functions that was used to generate the update-
able trained predictive model and using the updateable
trained predictive model, to generate a retrained predic-
tive model and replacing the updateable trained predic-
tive model in the predictive model repository with the
retrained predictive model;

selecting a first trained predictive model from among the
plurality of trained predictive models and retrained pre-
dictive models included in the predictive model reposi-
tory based on the determined updated accuracy scores;
and

providing access to the first trained predictive model over
the network.

8. The method of claim 7, wherein determining the updated
accuracy score for a particular trained predictive model com-
prises:

summing a number of correct predictive outputs included

in the generated predictive output data as determined
from the comparison;

adding the sum of correct predictive outputs to previously

determined sums of correct predictive outputs that were
determined when the initial training data and other train-

17

27

Nov. &, 2012

ing data sets in the series of training data sets were
received to determine a total number of correct predic-
tive outputs; and

dividing the total number of correct predictive outputs by a

sum of the number of training samples included in the
first training data set added to the number of training
samples included in the initial training data and the other
training data sets.

9. The method of claim 7, wherein determining the updated
accuracy score for a particular trained predictive model com-
prises:

summing a number of correct predictive outputs included

in the generated predictive output data as determined
from the comparison;

weighting the sum of corrective predictive outputs with a

first weight that is determined based on time of receipt of
the first training data set;

adding the weighted sum of correct predictive outputs to

previously determined weighted sums of correct predic-
tive outputs that were determined when the initial train-
ing data and other training data sets in the series of
training data sets were received to determine a total
number of correct predictive outputs, wherein each
weighted sum is weighted based on a time of receipt of
corresponding training data; and

dividing the total number of correct predictive outputs by

the number of training samples included in the first
training data set weighted by the first weight summed
with the numbers of training samples included in the
initial training data and the other training data sets,
where each of the numbers of training samples is
weighted according to the same weight as its corre-
sponding sum of predictive outputs.

10. The method of claim 7, wherein determining the
updated accuracy score for a particular trained predictive
model comprises:

summing a number of correct predictive outputs included

in the generated predictive output data as determined
from the comparison;
identifying which training data sets from the initial training
data and from the series of training data sets were
received within a predetermined time-based window;

adding the sum of correct predictive outputs to previously
determined sums of correct predictive outputs that were
determined when the identified training data sets were
each received to determine a total number of correct
predictive outputs; and

dividing the total number of correct predictive outputs by a

sum of the number of training samples included in the
first training data set added to the number of training
samples included in the identified training data sets.

11. The method of claim 10, wherein the predetermined
time-based window indicates a discrete period of time during
which the training data sets must have been received to be
included in the identified training data sets.

12. The method of claim 10, wherein the predetermined
time-based window indicates a discrete number of most
recently received training data sets that are to be included in
the identified training data sets.

13. A computer-readable storage device encoded with a
computer program product, the computer program product
comprising instructions that when executed on one or more
computers cause the one or more computers to perform
operations comprising:
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receiving over a network a series of training data sets for
predictive modeling from a client computing system,
wherein training data included in the training data sets
includes training samples that each comprise output data
that corresponds to input data and wherein the training
data included in the training data sets is different from
initial training data that was used with a plurality of
training functions obtained from a repository of training
functions to train a plurality of trained predictive models
stored in a predictive model repository wherein each
trained predictive model is associated with an accuracy
that indicates an accuracy of the trained predictive
model in generating predictive outputs;

upon receiving a first training data set included in the series
of training data sets and for each trained predictive
model in the predictive model repository, using the input
data included in the first training data set to generate
predictive output data and comparing the predictive out-
put data to the output data included in the first training
data set, and based on the comparison and previous
comparisons that were determined from the initial train-
ing data and from previously received training data sets,
determining an updated accuracy score for association
with each trained predictive model in the repository;

for each updateable trained predictive model in the predic-
tive model repository, using the first training data set, a
first training function obtained from the repository of
training functions that was used to generate the update-
able trained predictive model and using the updateable
trained predictive model, to generate a retrained predic-
tive model and replacing the updateable trained predic-
tive model in the predictive model repository with the
retrained predictive model;

selecting a first trained predictive model from among the
plurality of trained predictive models and retrained pre-
dictive models included in the predictive model reposi-
tory based on the determined updated accuracy scores;
and

providing access to the first trained predictive model over
the network.

14. The computer-readable storage device of claim 13,
wherein determining the updated accuracy score for a par-
ticular trained predictive model comprises:

summing a number of correct predictive outputs included
in the generated predictive output data as determined
from the comparison;

adding the sum of correct predictive outputs to previously
determined sums of correct predictive outputs that were
determined when the initial training data and other train-
ing data sets in the series of training data sets were
received to determine a total number of correct predic-
tive outputs; and

dividing the total number of correct predictive outputs by a
sum of the number of training samples included in the
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first training data set added to the number of training
samples included in the initial training data and the other
training data sets.

15. The computer-readable storage device of claim 13,
wherein determining the updated accuracy score for a par-
ticular trained predictive model comprises:

summing a number of correct predictive outputs included

in the generated predictive output data as determined
from the comparison;

weighting the sum of corrective predictive outputs with a

first weight that is determined based on time of receipt of
the first training data set;

adding the weighted sum of correct predictive outputs to

previously determined weighted sums of correct predic-
tive outputs that were determined when the initial train-
ing data and other training data sets in the series of
training data sets were received to determine a total
number of correct predictive outputs, wherein each
weighted sum is weighted based on a time of receipt of
corresponding training data; and

dividing the total number of correct predictive outputs by

the number of training samples included in the first
training data set weighted by the first weight summed
with the numbers of training samples included in the
initial training data and the other training data sets,
where each of the numbers of training samples is
weighted according to the same weight as its corre-
sponding sum of predictive outputs.

16. The computer-readable storage device of claim 13,
wherein determining the updated accuracy score for a par-
ticular trained predictive model comprises:

summing a number of correct predictive outputs included

in the generated predictive output data as determined
from the comparison;
identifying which training data sets from the initial training
data and from the series of training data sets were
received within a predetermined time-based window;

adding the sum of correct predictive outputs to previously
determined sums of correct predictive outputs that were
determined when the identified training data sets were
each received to determine a total number of correct
predictive outputs; and

dividing the total number of correct predictive outputs by a

sum of the number of training samples included in the
first training data set added to the number of training
samples included in the identified training data sets.

17. The computer-readable storage device of claim 16,
wherein the predetermined time-based window indicates a
discrete period of time during which the training data sets
must have been received to be included in the identified
training data sets.

18. The computer-readable storage device of claim 16,
wherein the predetermined time-based window indicates a
discrete number of most recently received training data sets
that are to be included in the identified training data sets.
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