10

15

20

-1-

FILTERING A DATASET
FIELD

[0001] The present disclosure generally relates to data processing and, in particular, to

filtering a dataset for processing using machine learning routines.

BACKGROUND

[0002] Data analytics has become essential in many industries and organizations. Large
amounts of data are collected and analyzed to obtain useful information about domain-specific
problems. Processing such large amounts of data can be computationally expensive (e.g.,
processing power, memory, etc.) and time-intensive. Furthermore, the data may have to be
processed in real-time or near real-time, thereby requiring the data to be analyzed in a timely
manner; for example, a production pipeline needs to decide, based on data collected, which
products to inspect in detail for defects. In another domain, online advertising, advertisers bid
on display ads in real-time via online auctions, deciding on what to bid by evaluating a large
number of requests. In both instances, the data volume is significant and needs to be processed

promptly.

[0003] The aforementioned problem of consumption of substantial amount of time and/or
resources in data processing can be addressed by scaling resources. However, this is expensive
and often not possible. The methods described herein propose a solution to reduce time and

required resources in data processing, thereby providing an alternative to scaling resources.
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SUMMARY

[0004] In this context, methods, systems and computer program products are presented as

defined by the independent claims.

[0005] More specifically, a computerized method of filtering a dataset for processing,
wherein the dataset comprises a plurality of data records, is presented. The method comprises
determining, by an estimation module, selection estimation values for the data records,
determining, by a pass-through function, pass-through probabilities for the data records based
on the selection estimation values, generating a subset of data records by discarding at least a
portion of the dataset based on the pass-through probabilities, processing, by a selection
module, the subset of data records, wherein the selection module selects one or more data
records of the subset of data records, assigning weights and labels to the data records of the
subset of data records, wherein the weights reflect a data distribution of the data records with
respect to the subset of data records, and wherein the labels represent a selection of the data
records by the selection module, and updating the estimation module and the pass-through

function based on the subset of data records including the weights and labels.

[0006] Yet another aspect concerns a system of filtering a dataset configured to execute the

method as described herein.

[0007] Finally, a computer program is presented that comprises instructions which, when
the program is executed by a computer, cause the computer to carry out the methods described

herein.
[0008] Further refinements are set forth by the dependent claims.

[0009] These and other objects, embodiments and advantages will become readily apparent
to those skilled in the art from the following detailed description of the embodiments having
reference to the attached figures, the disclosure not being limited to any particular

embodiments.
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BRIEF DESCRITPTION OF THE DRAWINGS

[0010] The foregoing and further objects, features and advantages of the present subject
matter will become apparent from the following description of exemplary embodiments with
reference to the accompanying drawings, wherein like numerals are used to represent like

elements, in which:

[0011] Fig. 1 depicts a high-level system architecture implementing the functionalities

described herein.

[0012] Fig. 2 is a flowchart of filtering a dataset for processing.

[0013] Fig. 3 is a flowchart of filtering a dataset for processing according to an embodiment.
[0014] Fig. 4 is a diagrammatic representation of a pass-through function.

[0015] Fig. 5 is a graphical representation of an example of application of filtering.

[0016] Fig. 6 is a flowchart depicting the flow of data through the various modules

implementing the filtering a dataset for processing.

[0017] Fig.71is aflowchart indicating training, operation and retraining of machine learning

routines.

[0018] Fig. 8 is diagrammatic representation of a computing system implementing the

functionalities described herein.
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DETAILED DESCRIPTION

[0019] The present disclosure relates to methods and systems of filtering a dataset for
processing. Data filtering aims to reduce the amount of data that need to be processed and
analyzed in order to increase efficiency in terms of computational resources and speed while
maintaining the relevance and accuracy of the filtered data with respect to the provided original

data.

[0020] Due to large-scale data acquisition, the volume of data to be processed is very large.
Such big datasets often contain redundant, inconsistent, or irrelevant data for a particular
domain-specific objective. In data filtering, data that is identified as redundant, inconsistent, or
irrelevant is discarded. Therefore, filtering datasets results in smaller datasets that need to be
processed using computation-intensive methods, leading to a more efficient system without

compromising accuracy.

[0021] A second key challenge in data analysis is velocity of the data arriving at the data
processing systems, i.e., the frequency of data streams. In order to avoid bottlenecks and
achieve objectives timely, datasets need to be processed promptly. In this scenario, the
reduction in the size of datasets due to data filtering results in faster processing, thereby

addressing the challenge of high frequency of data streams.

[0022] Fig. 1 depicts a high-level system architecture implementing the functionalities, i.e.,
the filtering of data described herein. The system 100 comprises a data processing system 102
that receives one or more input datasets 101 and produces one or more output values 108. The

data processing system comprises a data filtering module 103 and data processing module 106.

[0023] In some embodiments, multiple data processing systems 102 may be included. In
some further embodiments, multiple input datasets 101 or multiple output values 108 may be
present. Moreover, the modules presented here may be combined; for example, the data filtering
module 103 and data processing module 106 may be present as a combined single module.
Alternatively, the data filtering module 103 and data processing module 106 may be provided
on different servers that are located apart from each other. In such an embodiment, the data
processing system 102 may be a distributed system, in which the components or modules

communicated via a network.

[0024] Generally, the data processing system 102 may be a single computing system hosted

by a server or may comprise a plurality of distributed computing systems hosted by a plurality
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of servers. The data processing system 102 may include a processor, a memory, a mass storage
memory device, an input/output (I/O) interface, and a Human Machine Interface (HMI). The
data processing system 102 may also be operatively coupled to one or more external resources
via a network or I/O interface. External resources may include, but are not limited to, servers,
databases, mass storage devices, peripheral devices, cloud-based network services, or any other
suitable computer resource that may be used by the data processing system 102. The data
processing system 102 may comprise a plurality of functional modules that fulfil different tasks
for enabling the methods as described herein, such as the data filtering module 103 and data

processing module 106.

[0025] Data acquisition, storage, and processing in system 100, may be achieved on-site, on
remote systems, or by means of cloud-computing services, which enable on-demand access to
a shared pool of computing resources that can be rapidly provisioned and released via the

Internet, e.g., Platform as a service (PaaS), Software as a Service (SaaS).

[0026] The system 100, and all encompassed and associated modules and devices, may
exchange information via one or more wired and/or wireless communication networks. A
communication network may include a cellular network, local area network (LAN), a wide area
network (WAN), a metropolitan area network (MAN), a telephone network (e.g., the Public
Switched Telephone Network (PSTN)), a proprietary network, a wireless application protocol
network (WAP) , a Bluetooth network, a wireless LAN network, an adhoc network, a fiber-
optic based network, a cloud computing network, an internet protocol (IP) network such as

internet, an intranet, or an extranet, or similar network as is known in the art.

[0027] An operator or a user may access the system 100, directly or via a remote device to
view, modify and manage the information, as described in the embodiments herein. The remote
device may include a tablet, a smartphone, a personal computer, or any similar device as is
known in the art. A user interface, textual or graphical, may be used to display, operate, and
interact with the system 100. For example, an operator may view the input data 101, change

parameters of the data filtering system 103, and view the output 108.

[0028] As shown in Fig. 1, the input dataset 101 is received and forwarded to the data
processing system 102 for processing. The dataset 101, may be provided by various systems
and/or databases. The dataset may be gathered or generated by one or a plurality of systems,
input by users of one or a plurality of systems, or the like. The datasets may be received in

various configurations. For example, in some embodiments, the datasets maybe gathered or
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generated, stored, and provided as a batch on reaching a certain threshold. In another
embodiment, the dataset 101 may be received, as the data is gathered or generated, in real-time
or near real-time. Additionally, the datasets may be received periodically, according to a

schedule, on-demand, and the like.

[0029] A dataset comprises a plurality of data records. Data records comprise fields and
values. Data records may comprise structured data, which is data with a pre-defined structure;
for example, sensor data from various sensors gathered for each product in a manufacturing
plant is placed in a pre-defined format in a file. Structured data may be language-neutral,
platform-neutral, and extensible. Data records with defined fields are examples of structured
data. Data records may also be of a semi-structured form. Semi-structured data refers to what

would typically be considered unstructured data but with a pre-defined metadata structure.

[0030] As described above, the data processing system 102 comprises the data filtering
module 103 and the data processing module 106. The input dataset 101 is processed by the data
filtering module 103 before being passed on to the data processing module 106 that processes
the data to generate an output 108. The data processing module 106 also provides data to the
data filtering module 103, thereby providing an intelligent feedback mechanism to improve

future filtering.

[0031] The data filtering module 103 comprises an estimation module 104 and a pass-
through function 105. The input dataset 101 is reduced to a subset of data once processed by
the data filtering module 103. The estimation module 104 and pass-through function 105
comprise trainable entities. In some embodiments, the data filtering module 103 provides

training and re-training processes for the trainable components, which are described herein

[0032] The data processing module 106 processes the data and generates an output 108. The
data processing module 106 may provide predictions or decisions based on the input data 101.
For example, every search transaction generates metrics, technical (e.g., response time, message
size, error message) and functional (e.g., number of fares loaded, activation of heuristics). In an
alerting and monitoring system, the data processing module 106 may decide when alerts should
be triggered based on the metrics which form the input dataset 101. Alerts may be triggered on
the metrics passing a certain threshold in a particular context. The cost of this alerting and

monitoring process can be reduced by filtering the input dataset by methods described herein.
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[0033] An overview of the basic method according to the disclosure is presented in the
flowchart of Fig. 2. The flowcharts described herein do not imply a fixed order of the processes
described herein or a fixed number of iterations. As known by the skilled person, the order of
processes can be changed and/or only those processes that are deemed necessary may be

implemented.

[0034] Filtering and processing a dataset comprising a plurality of data records starts with
determining selection estimation values for the data records as depicted in box 201. The
selection estimation values are determined by an estimation module, such as the estimation
module 104 of Fig. 1. The estimation module 104 may be a machine learning routine trained to
determine selection estimation values for the data records. The estimation module 104 may also
be any logistic regression model. In some embodiments, the estimation module 104 may be a

gradient-boosted decision tree.

[0035] Gradient boosting is a machine learning algorithm, used for both classification and
regression problems. It is a popular model because of its accuracy and efficiency. In gradient
boosting, an ensemble of weak models is created that together form a strong model. These weak
learners are usually shallow decision trees. The weak learners are built sequentially, whereby
each new weak learner tries to improve on the error from the previous weak learner model. This
iterative process is repeated until a desired level of complexity is reached. Gradient boosted
regression trees capture non-linear relationships well, have a relatively quick training time, and

it is highly scalable.

[0036] Afterwards, a pass-through function, such as the pass-through function 105 of Fig. 1,
is used to determine pass-through probabilities for the data records based on the selection
estimation values as depicted in box 202. For example, selection utilization values assigned to
the data records may be mapped to pass-through probabilities using a trained pass-through
function. The pass-through function 105 may be constructed such that it is a monotonously
increasing function. An example graphical representation of such a monotonously increasing
pass-through function is presented in Fig. 4. The pass-through function 105 may assign a higher
pass-through probability to data records with high selection utilization values, implying high
utilization data is almost always present in the filtered subset. Data records with low selection

utilization values may be mapped to lower but non-zero pass-through probabilities.

[0037] When the selection utilization values have been mapped to pass-through probabilities

by the pass-through function 105, a subset of data records is generated by discarding at least a
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portion of the dataset based on the pass-through probabilities as depicted in box 203. This
results in a subset with a large proportion of data-records in this subset being assigned high
selection utilization values. This subset then forms the input to the data processing module,
such as the data processing module 106 of Fig. 1. Reducing the dataset to a smaller subset of

data records reduces the time and computational resources required to process a dataset.

[0038] The selection module, such as the selection module 107 of Fig. 1, then processes the
subset of data as shown in box 204. The selection module selects one or more data records
based on some process, computation, or algorithm. The selected one or more data records form
the output 108 of the overall data filtering and processing. For example, in order to train
machine learning models for optimization, thousands of search requests (input and output
messages) are sampled regularly. They are based on timestamps with the assumption that it will
be representative of the whole search traffic. These requests are then processed to select the
targeted type of search requests. The selected requests form the output of the system. With
methods described herein, the requests can be dynamically sampled using the filtering module
103 of Fig. 1, instead of relying on the static timestamp approach before being processed,
thereby reducing the number of requests captured as well as making the sampling process

dynamic.

[0039] Periodically, based on the preceding iterations, weights and labels are assigned to the
subset of data records as depicted in box 205. The weights reflect a data distribution of the data
records with respect to the subset of data records, and the labels represent a selection of the data
records by the selection module 107. The labels depend on the selection by the selection module
107 of Fig. 1. In some embodiments, the labels may be binary. For example, a value of 1 may
be assigned to a data record selected by the selection module 107. Conversely, a value of 0 may
be assigned to a data record that was not selected. The weights depend on the pass-through
probabilities. A data record with a low pass-through probability may be assigned a higher
weight. For example, a weight of 10 would be assigned to a data record with a pass-through
probability of 0.1. Similarly, a weight of 5 will be assigned to a data record with a pass-through
probability of 0.2.

[0040] The modified subset of the data records including the weights and labels is used to
update the estimation module 104 and pass-through function 105. The estimation module 104
uses the subset of data records as a training set for its machine learning routine. Moreover, the

weights and the filtered data are used to re-train the pass-through function 105. The herein
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described feedback loop providing the subset of data with weights and labels to the filtering
module 103, i.e., to the estimation module 104 and pass-through function 105, allows the

filtering module 103 to be dynamic and capable of self-learning

[0041] Fig. 3 depicts another flowchart of the method according to an embodiment. At first,
the dataset, i.e., an input is received as depicted in box 301. The dataset received comprises a
plurality of data records. The data records may comprise fields and values. For example, in real-
time bidding for advertisements, bid requests are received from several supply-side platforms
(SSPs). A plurality of bid requests forms a dataset and a data record comprises information for
a particular bid request. A data record, in this example, may contain several fields and values,
such as user identifier, user country, device browser, device operating size, device screen size,
webpage URL, auction type, auction minimum bid, and other information pertinent to the
request. All or some fields in the data record may be essential for filtering and processing; for
instance, in the example above, device type, country code, browser may be some of the fields

utilized.

[0042] Next, as shown in box 302, the dataset is pre-processed. In various embodiments,
pre-processing is performed before filtering the dataset and prior to training the machine
learning routines and trainable functions present in the data filtering module 103. In the pre-
processing, the data may be enriched by merging data records with additional information from
a database or adding further information determined based on the data records. The amount of
information in data records may also be reduced by removing information not essential to the

filtering or the processing of data.

[0043] The input that is received in 301 and pre-processed in 302 is filtered in 303, e.g., by
the data filtering module 103 of Fig. 1. A dataset may be filtered by using machine learning
routines and trainable functions. The machine learning routines and trainable functions may be
trained in advance with training data set mirroring the data structure of the input data received.
Filtering reduces the size of the initial input data set, with at least a portion of the dataset
discarded. For example, considering the real-time bidding example from the filtering process,
the initial dataset of potential bid requests may be reduced to a subset containing data records

that lead to bids with the highest likelihood of success or utilization.

[0044] Next, the filtered data is processed in 304. The processing of the filtered data leads
to a utilizable output 108. The processing of the filtered data may consist of any process

resulting in the desired output. For example, in the real-time bidding scenario described earlier,
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a filtered subset of the original dataset may be presented to the selection module 107 for
processing. The selection module 107, which may be a time-intensive algorithm, may select a

portion of the subset for bidding.

[0045] After processing the subset of the data, filter functions, e.g., implemented in the
filtering module 103, are updated. The output 108 of the selection module 107, in combination
with the filtered subset, is used to update the models of the filtering module 103. For example,
in the real-time-bidding scenario described earlier, the filtered subset used as an input for the
selection module 107 combined with weights and labels is used to retrain the machine learning
routines and the trainable function comprised by the filtering module 103. By filtering the bid
requests, computational resources and associated costs may be reduced, the average processing
time of an incoming bid request may be reduced, and additionally, the saved resources may be
allocated to more sophisticated valuation logic leading to an improvement of the relevant key

performance indicators (KPIs).

[0046] Now turning to Fig 4, in which a graph is depicted that represents a pass-through

e 9

function. The x-axis “p”, 401, represents the selection utilization probabilities, and the y-axis
“g”, 402, the pass-through probabilities. It may be observed that selection utilization probability
p = 0 or pjuin, 403, is mapped to a non-zero value. In the example of Fig. 4, this non-zero value
of the pass-through probabilities is 0.1, or — in other words — py,;n 18 set to 10%. The percentage
of potentially selected data records passed through is a constant and may be set to 90% in some

embodiments.

[0047] Insome embodiments, the pass-through function may be defined as g(p) = Pmin +

g~ () -g7(0)
g (1) - g (0)’

g*(0) =0 and g*(1) = 1. g(p) is constructed such that g(0) = pyi, and g(1) = 1. The

(1 — Pmin) - 9" (), where g*(p) = The function g*(p) is constructed such that

function g** (p) = tan_l(,B “(p — a)) may be any monotonically increasing function.

[0048] The pass-through probabilities may be categorized into two classes, low pass-through
probabilities, and high pass-through probabilities. Two parameters of the function may be
trainable. These two parameters may control the position of the sudden transition from low to
high pass-through probabilities and the slope. In this example, the first trainable parameter, £,
controls the slope of the transition from low to high pass-through probabilities; the higher the
B, the steeper the transition. The second trainable parameter, a, is responsible for the location

of the transition from low to high pass-through probabilities; an increase in a shifts the
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transition towards the right. In other embodiments, more parameters, such as three, four, or

even more, may be trainable and adapted to the structure of the dataset.

[0049] In further embodiments, the two trainable parameters of the pass-through function,

P and the a, may be set so that the fraction of potential selected data records passed through

the pass-through function (n,) is constant, where n, = Eily L with y;representing the

g

outcome of the selection module. If the data record was selected y; = 1, otherwise y; = 0. All

sums are over the elements in the filtered dataset. To find the new parameters, 8 and a’, (n..")

g @)
i N Vi . . .
may be computed, where n,” = # . In this case, for each data record i, p; is the

g

selection utilization value from the initially trained estimation module, p’; is the selection
utilization value from the retrained estimation module, g(p;) is the pass-through probability
assigned by the original pass-through function, g’(p’;) is the pass-through probability
obtained using the new parameters £~ and the a’, and y; is the outcome of the selection

module.

[0050] Figs5. illustrates a use-case in a manufacturing plant. A manufacturing plant that
manufactures a particular product needs to assess for product abnormalities. Assessing each
product is time intensive and requires considerable resources. In scenario A, each product is
assessed individually. The white gears as represented by 502 in the illustration represent
"good" products without issues, whereas the black gears, 501, represent products with
abnormalities. In the example, all ten manufactured entities, as in the box 504 in scenario A
and box 508 in scenario B, need to be inspected individually, resulting in three products with
abnormalities being detected, as seen in box 506 and box 513 in scenario A and scenario B

respectively.

[0051] A datarecord in the example embodiment contains information about a product
manufactured. Examples of information in the data record could be environmental, such as
humidity, temperature, time of manufacture, or product-specific, such as height, width, and
other sensor measurements. All products manufactured in one particular batch are grouped to
form a dataset. In the illustrated scenario, the dataset contains ten data records, one for each

product manufactured in a particular batch.

[0052] The data records may be pre-processed. For each of the ten data records, a selection

estimation value is determined by an estimation module, such as the estimation module 104 of
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Fig. 1. For example, product 1 is assigned the value 1, and product 2 is assigned a selection
estimation value of 0.01, indicating that product 1 is very likely to have abnormalities and to

be selected.

[0053] Thereafter, the selection estimation values are mapped to pass-through probabilities
using a pass-through function, such as the pass-through function 105 of Fig. 1. In the example
of ten data records, each selection estimation value for each product is mapped to a pass-
through probability, such that product 1, with a selection estimation value of 1, has been
assigned a pass-through probability 1, and product 2, with a selection estimation of 0.01, has

been assigned a pass-through probability of 0.1.

[0054] Next, a subset of the data records is generated based on the values of pass-through
probabilities. In the current example, all products with the pass-through probability 1 will be
included in the subset; none will be discarded. However, only 10% of the products with a
pass-through probability of 0.1 will be included in the subset with 90% of the products with
such a pass-through probability being discarded. This is depicted in scenario B, 515. in Fig. 5,
where after the filtering 509, two sets of products are available, discarded, as in box 511, and
filtered, as in box 510. The discarded set contains products with very low selection utilization
probability that are not expected to have any abnormalities. The filtered set contains products
with abnormalities and products with no abnormalities, albeit a much smaller number than the

original dataset.

[0055] The filtered dataset is then processed, wherein the resource-intensive algorithm
selects the products with abnormalities. As depicted in Fig. 5, the input to the selection
module 512 is significantly smaller in scenario B than in scenario A. This reduction in the

input to the selection module saves significant time and computation resources.

[0056] An example data flow through the various modules implementing the methods
described herein is visualized in Fig. 6. Input data 101 is received by and filtered in the
filtering module 103. The filtering module 103 may comprise the estimation module 104 and
pass-through function 105 as depicted in Fig. 1. A portion of the input data 101 is discarded
(as depicted by the arrow 601) by the filtering module 103. The remaining data forms the
subset of data records 602, which serves as input for the selection module 107. The selection
module 108 selects one or more data records that are the data output 108. Following the
selection, subset and selection information 604 is augmented with new labels and weights as

shown in box 605, creating a new subset 606 for training in the filtering module.
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[0057] Fig. 7 presents a flowchart depicting the methods described herein with respect to
machine learning operations, training, operations, and re-training. The estimation module 104
is trained using a training set 701. The training set is a dataset containing data records and
labels that are the ground truth. The ground truth or the true labels for the data records in a
training set is known by processing the entire dataset in the selection module 107. A training
set that includes a diversity of data records provides a good model. This, however, is not
always possible. Hence, re-training is an essential process for a good machine-learning model.
The estimation module and the pass-through function are trained 702 before operation.

Training is essential before operation and generally takes place once in the beginning.

[0058] Once the data filtering module 103 has been trained, it can be used in operation.
The operation consists of receiving new dataset 703, applying filtering 704, and processing
dataset 705. Periodically, the machine learning modules 103 are improved by using new
training datasets. As evident in Fig. 7, the re-training dataset is compiled using filtered and
processed data from the operation. This training data-set is then used to re-train the filtering

module, thereby making the methods described herein self-learning.

[0059] Generally speaking, the methods presented herein reduce the time and computational
resources needed to process data for a prediction or a decision. It therewith reduces the time to
output and provides accurate, timely processing of data. Due to machine learning routines, 104
and 106, a tailored solution is possible for various use cases. The filtering process can take place
without human intervention, allowing for automation. The intelligent loop-back mechanism
allows for re-training the filtering module 103, keeping the machine learning models current

and the methods described herein adaptable to changing data.

[0060] Fig. 8 is a diagrammatic representation of internal components of a computing
system 800 implementing the functionality as described herein. The computing system 800
includes at least one processor 801, a user interface 802, a network interface 803 and a main
memory 806, that communicate with each other via a bus 805. Optionally, the computing
system 800 may further include a static memory 807 and a disk-drive unit (not shown) that also
communicate with each via the bus 805. A video display, an alpha-numeric input device and a
cursor control device may be provided as examples of user interface 802. Furthermore, the

computing system 800 may also comprise one or more graphics processing units (GPU) 804.

[0061] The GPUs 804 may also comprise a plurality of GPU cores or streaming

multiprocessors, which comprise many different components, such as at least one register, at
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least one cache and/or shared memory, and a plurality of ALUs, FPUs, tensor processing unit
(TPU) or tensor cores, and/or other optional processing units. GPUs can perform multiple
simultaneous computations, thereby enabling the distributing of training processes and
speeding up machine learning operations. Th machine learning modules in the data filtering

module, 103 in Fig. 1, may be trained on the GPU.

[0062] The main memory 806 may be a random-access memory (RAM) and/or any further
volatile memory. The main memory 806 may store program code. The main memory 806, may
also store the filtering module, 103 in Fig. 1 and the data processing module, 106 in Fig. 1.
Other modules needed for further functionalities described herein may be stored in the memory
806, too. The memory 806 may also store additional program data 808 required for providing

the functionalities described herein.

[0063] According to an aspect, a computer program comprising instructions is provided.
These instructions, when the program is executed by a computer, cause the computer to carry
out the methods described herein. The program code embodied in any of the systems described
herein is capable of being individually or collectively distributed as a program product in a
variety of different forms. In particular, the program code may be distributed using a computer
readable storage medium having computer readable program instructions thereon for causing a

processor to carry out aspects of the embodiments described herein.

[0064] Computer readable storage media, which are inherently non-transitory, may include
volatile and non-volatile, and removable and non-removable tangible media implemented in
any method or technology for storage of information, such as computer-readable instructions,
data structures, program modules, or other data. Computer readable storage media may further
include random access memory (RAM), read-only memory (ROM), erasable programmable
read-only memory (EPROM), electrically erasable programmable read-only memory
(EEPROM), flash memory or other solid state memory technology, portable compact disc read-
only memory (CD-ROM), or other optical storage, magnetic cassettes, magnetic tape, magnetic
disk storage or other magnetic storage devices, or any other medium that can be used to store

the desired information and which can be read by a computer.

[0065] A computer readable storage medium should not be construed as transitory signals
per se (e.g., radio waves or other propagating electromagnetic waves, electromagnetic waves
propagating through a transmission media such as a waveguide, or electrical signals transmitted

through a wire). Computer readable program instructions may be downloaded to a computer,



10

15

20

25

30

-15 -

another type of programmable data processing apparatus, or another device from a computer

readable storage medium or to an external computer or external storage device via a network.

[0066] It should be appreciated that while particular embodiments and variations have been
described herein, further modifications and alternatives will be apparent to persons skilled in
the relevant arts. In particular, the examples are offered by way of illustrating the principles,
and to provide a number of specific methods and arrangements for putting those principles into

effect.

[0067] In certain embodiments, the functions and/or acts specified in the flowcharts,
sequence diagrams, and/or block diagrams may be re-ordered, processed serially, and/or
processed concurrently without departing from the scope of the disclosure. Moreover, any of
the flowcharts, sequence diagrams, and/or block diagrams may include more or fewer blocks

than those illustrated consistent with embodiments of the disclosure.

[0068] The terminology used herein is for the purpose of describing particular embodiments
only and is not intended to be limiting of the embodiments of the disclosure. It will be further
understood that the terms "comprise" and/or "comprising," when used in this specification,
specify the presence of stated features, integers, processes, operations, elements, and/or
components, but do not preclude the presence or addition of one or more other features, integers,
processes, operations, elements, components, and/or groups thereof. Furthermore, to the extent
that the terms "include", "having", "has", "with", "comprised of", or variants thereof are used
in either the detailed description or the claims, such terms are intended to be inclusive in a

manner similar to the term "comprising".

[0069] While a description of various embodiments has illustrated the method and while
these embodiments have been described in considerable detail, it is not the intention of the
applicants to restrict or in any way limit the scope of the appended claims to such detail.
Additional advantages and modifications will readily appear to those skilled in the art. The
disclosure in its broader aspects is therefore not limited to the specific details, representative
apparatus and method, and illustrative examples shown and described. Accordingly, the
described embodiments should be understood as being provided by way of example, for the
purpose of teaching the general features and principles, but should not be understood as limiting

the scope, which is as defined in the appended claims.
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CLAIMS:

1. A computerized method of filtering a dataset for processing, wherein the dataset
comprises a plurality of data records, the method comprising:
determining, by an estimation module, selection estimation values for the data records;
determining, by a pass-through function, pass-through probabilities for the data records
based on the selection estimation values;
generating a subset of data records by discarding at least a portion of the dataset based
on the pass-through probabilities;
processing, by a selection module, the subset of data records, wherein the selection
module selects one or more data records of the subset of data records;
assigning weights and labels to the data records of the subset of data records, wherein
the weights reflect a data distribution of the data records with respect to the subset of data
records, and wherein the labels represent a selection of the data records by the selection
module;
updating the estimation module and the pass-through function based on the subset of

data records including the weights and labels.

2. The method of claim 1 wherein the weights are determined on the pass-through

probabilities.

3. The method of any of the claims 1 to 2, wherein the pass-through function is a
trainable function, wherein updating the pass-through function comprises retraining
the pass-through function based on the subset of data records including the weights

and labels.

4. The method of any of the claims 1 to 3, wherein the estimation module is a machine
learning routine, wherein updating the estimation module comprises retraining the
estimation module based on the subset of data records including the weights and
labels.

5. The method of any of the preceding claims, wherein the estimation module and the

pass-through function are periodically updated.
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11.

12.

13.

14.
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The method of any of the preceding claims, wherein the data records are preprocessed
before determining the selection estimation values, wherein preprocessing comprises
at least one of merging a data record with additional information from a database,
reducing the amount of data in a data record, and adding further information

determined based on the data record to the data record.

The method of any of the preceding claims, wherein the data records comprise fields

and values.

The method of any of the preceding claims, wherein the estimation module is a trained

predictive model.

The method of any of the preceding claims, wherein the estimation module is a

gradient boosted decision tree or a logistic regression model.

The method of any of the preceding claims, wherein the pass-through function is a

monotonically increasing function.

The method of any of the preceding claims, wherein the pass-through probabilities are

non-zero probabilities above a threshold.

The method of any of the preceding claims, wherein the pass-through function

comprises two or more trainable parameters.

The method of claim 12, wherein two trainable parameters of the two or more
trainable parameters are the slope of the transition from low to high pass-through

probabilities and the location of the transition.

A system of filtering a dataset configured to execute the method according to any one

of the preceding claims.
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15. A computer program comprising instructions which, when the program is executed by

a computer, cause the computer to carry out the method of any one of claims 1 to 13.



