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DECISION-BASED DATA COMPRESSION BY MEANS OF DEEP LEARNING

TECHNOLOGIES

BACKGROUND
[0001] The present disclosure relates to computer learning, and more specifically, to the
application of computer learning to digital data compression.
[0002] An Artificial Neural Network (ANN) may be an information processing paradigm,
inspired by the way the biological nervous system, from an individual neuron to a brain,
processes information. An important element of the ANN paradigm is the structure of the
information processing system. The system may be composed of a large number of highly
interconnected processing elements (representing individual neurons in the biological model).
These interconnected processing elements may work in unison to solve specific problems.
ANNS may learn by example.
[0003] As the technological capacity for the creation, tracking, and retention of data
continues to grow, data compression has developed as a technology for improving transmission
and storage of the vast amounts of a data being created and shared. Data compression may
allow for the reduction of data size by representing data differently. The data may be restored at
a later time (for example, following transmission or recall from memory) for further processing.
At times, the ability to select a compression technique and effectively perform a data
compression may be limited by resource constraints, as data compression can be quite

burdensome on a system’s resources.

SUMMARY
[0004] Embodiments of the present disclosure may be directed toward a method for
handling data based on compressibility. This system may perform pre-compression analysis on
data, in order to determine whether or not the data can be further compressed. In instances
where the data cannot be further compressed, the data may be rerouted directly to storage. Data
that may be compressed or further compressed may be sent to data compression. This provides
an advantage by decreasing wasted processing and memory resourced by providing for the
reduction in storage hardware, data transmission time and communication bandwidth associated
with data compression, without wasting resources attempting to compress data that is not

further compressible.
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[0005] The pre-compression analysis may be performed by a computer system using a
supervised learning model, like an artificial neural network (ANN) that is trained with known
sample data. The trained and validated model can then evaluate unclassified data, in order to
determine if the data may or may not be further compressed. Based on the determination, the
data may bypass compression (if it is not further compressible) or be sent to a data compressor
(if further compressible).

[0006] Embodiments of the present disclosure may also be directed toward an improved
computer system with at least one computer processing circuit the can perform pre-compression
data analysis and direct data according to the analysis. Embodiments may also be directed
toward a computer program product for similarly handling the data based on a supervised
learning model -informed analysis. The computer program product may have program
instructions embodied therewith and may not be a transitory signal per se. The program
instructions may be executable by a computer processing circuit to perform a method, for
example, the method described above.

[0007] Embodiments of the present disclosure may be directed toward a method for
handling data based on compressibility of the data. The method may identify a first and second
training data stream. The first stream may comprise fully compressed data and the second
stream may comprise data that can be further compressed. An ANN may be used to evaluate the
training data, generating weights and biases for the ANN, and tagging, as fully compressed and
compressible, the data streams, respectively. Once the ANN has been trained, the improved
system executing the method may evaluate unclassified data, in order to determine that the data
stream should be sent to a data compressor for further compression, or to storage.

[0008] The above summary is not intended to describe each illustrated embodiment or

every implementation of the present disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS
[0009] The drawings included in the present application are incorporated into, and form
part of, the specification. They illustrate embodiments of the present disclosure and, along with
the description, serve to explain the principles of the disclosure. The drawings are only
illustrative of certain embodiments and do not limit the disclosure.
[0010] Fig. 1A depicts a diagram of a sample artificial neuron, consistent with
embodiments. In embodiments, an artificial neural network (ANN) may be comprised of a

number of interconnected artificial neurons.
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[0011] Fig 1B depicts a diagram of a sample feed forward artificial neural network (ANN),
consistent with embodiments.

[0012] Fig. 2 depicts a flow diagram of a method for training an ANN for data compression
detection, consistent with embodiments.

[0013] Fig. 3 depicts a system flow diagram of a process for testing incoming data streams
using cognitive analysis, consistent with embodiments.

[0014] Fig. 4 depicts a set of sample training data inputs and response or outputs, according
to embodiments.

[0015] Fig. SA depicts a set of test data and its corresponding inputs, consistent with
embodiments.

[0016] Fig. 5B depicts an example set of output data, consistent with embodiments.

[0017] Fig. 6 depicts a process flow for a method of refining an ANN, consistent with
embodiments.

[0018] Fig. 7 depicts the representative major components of an example computer system
that may be used, according to embodiments.

[0019] Fig. 8 depicts a flow of a method for using a supervised learning model for
classifying data as further compressible or non-compressible, according to embodiments.
[0020] While the invention is amenable to various modifications and alternative forms,
specifics thereof have been shown by way of example in the drawings and will be described in
detail. It should be understood, however, that the intention is not to limit the invention to the
particular embodiments described. On the contrary, the intention is to cover all modifications,

equivalents, and alternatives falling within the spirit and scope of the invention.

DETAILED DESCRIPTION
[0021] Aspects of the present disclosure relate to computer learning, more particular
aspects relate to computer learning applications to data compression. While the present
disclosure is not necessarily limited to such applications, various aspects of the disclosure may
be appreciated through a discussion of various examples using this context.
[0022] Data compression may allow for a reduction in hardware storage, data transmission
time, and communication bandwidth. Thus, data compression may result in cost savings. Data
compression may be performed by a software program running on a computer system. The
software program may use a formula or algorithm to determine how to shrink the size of the

data. For example, an algorithm may represent a string of bits (i.c., Os or 1s) with a smaller
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string of 0s and 1s, by using a dictionary for conversion between them. The software program
may use a formula that inserts a reference or pointer to a string of 0s and 1s that the program
has already seen. In this way, data may be compressed.

[0023] Data compression may be a lossless or lossy process. For example, a file
compressed using lossless compression may allow for a restoration of the file to its original
state without the loss of a single bit of data when the file is compressed and/or uncompressed.
Lossy compression, however, may permanently eliminate bits of data that may have been
deemed redundant, unimportant, or imperceptible. As discussed herein, data compression may
reduce data transmission time and hardware storage, but it may also result in a performance
impact, due to the use of central processing unit (CPU) and memory resources needed to
compress and decompress the data.

[0024] As indicated above, data compression can often have a significant impact on
performance. Data compression may require much CPU usage and memory resources to both
compress and decompress the data. Often, much of the data in a data set intended for
compression is already compressed, or is not further compressible. For example, jpeg files,
mpeg files, and many encrypted files cannot be further compressed, and will thus just be stored
without further compression. In these cases, additional in-line compression is either very
ineffective or not possible. Thus, attempts to compress segments of data that are not further
compressible can be costly, burdensome, and ineffective.

[0025] To reduce expensive attempts at compressing already compressed or not further
compressible data, a computer system may perform a cognitive high performance pre-analysis
of digital data to determine its compressibility (i.c., if the data is further compressible or not). In
this way, the computer system can avoid an undue performance impact for data that will not
benefit from compression. The computer system may determine the compressibility of a
particular data set to be further compressible or not further compressible (i.e., non-
compressible). If the computer system determines that the data is non-compressible, subsequent
data compression steps may not be performed. In embodiments, the cognitive high performance
pre-analysis of the data may occur through the use of a supervised or semi-supervised learning
model. The learning model may be, for example, an artificial neural network (ANN), or other
trainable learning model.

[0026] The system may first build and train the supervised learning model. The model may
be built through the use of a set or sets of known sample data. For example, the sample data

may be generated using one or more known lossless data compression algorithms, for example
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the Lempel-Ziv-Welch (LZW) algorithm. Using this known sample data, the model may be
developed, including the determination of weighting factors and bias for the model. A computer
system using the supervised learning model trained and generated in this way provides an
advantage over a more generalized computer system in that it may greatly improve
performance, through decreasing an adverse performance impact. The use of the trained
supervised learning model may allow for a pre-compression determination of the data, as to
whether it will benefit from compression (i.e., further compressible) or would not benefit from
compression (i.¢., not further compressible, non compressible). Thus, the improved computer
system would be able to avoid unnecessary taxation on its CPU usage and memory resources,
by circumventing ineffective or unhelpful data compression attempts.

[0027] In training of an ANN, the connections within the network can be systematically
adjusted based on inputs and outputs. These connections between the nodes or neurons may be
assigned numbers called ‘weights’. In some literature, these weights may also be referred to as
parameters. In training, a randomly selected set of weights may be applied to the first set of
inputs (e.g., forward propagation). For example, weights may be applied to each first input
(byte) in the set or sets of sample data. Biases, or error, may then be measured based on the
output, and the weights may be adjusted accordingly (e.g., back propagation). As new data, for
example, the data in the set or sets of sample data, is fed into the neural network, the weights
may change (i.c., increase or decrease), and biases may be adjusted based on iterative error
evaluation. When a trained network is being used, the synapses take the input and multiply it by
the weight or weights to determine the output.

[0028] The model may then be tested using the sample data and a set of test data. In this
way, the accuracy of the supervised learning model may be verified prior to its use in
determining whether or not the data to be processed is further compressible. For example, some
data, despite having previously been compressed, may still be responsive to further
compression. Other data, however, may be fully compressed, and thus would not benefit from
being subjected to further compression attempts. Once the model has been both trained, tested,
and verified, a set of unclassified data may be evaluated, as described herein, using the model.
[0029] In embodiments, based on the evaluating, a subset of the unclassified data may be
determined to be non-compressible, or not further compressible, indicating it need not be sent
to a data compressor. This indication could thus allow the identified not further compressible

data to bypass processing by the data compressor, improving processing rates, conserving
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processing power, or both. The subset of not further compressible data may be added directly in
storage, for example in memory.

[0030] In embodiments, based on the evaluating, the system may determine that a subset of
the unclassified data is further compressible (e.g., it is uncompressed or not fully compressed).
Responsive to this determination, the system may pass this further compressible subset of data
to a data compressor for compression. The system may then choose to store this compressed
data, or proceed with some other action.

[0031] Fig. 1A depicts a diagram of a sample artificial neuron, consistent with
embodiments. In embodiments, an artificial neural network (ANN) may be comprised of a
number of interconnected artificial neurons 100. An artificial neuron 100 may be conceptually
modeled after a biological cell of the nervous system (neuron). A biological neuron, like an
artificial neuron, may exist in a broader interconnected network. The biological neuron may
consist of several dendrites, which receive signals from previous neurons at points of
connection called synapses. The signals may pass through the cell body and be transferred
through a single portion of the cell called a dendrite to the next neuron or neurons. Like the
biological cell, the artificial neuron may receive several signal (inputs 104) at points of contact
known as synapses. These inputs 104 may be shown by the various arrows converging on the
artificial neural cell body 106. Each of these inputs 104 may be multiplied by a particular
weight 102 (including W1 102A, W2 102B, W3 102C, W4 102D to Wn 102E). Each of these
weights 102 may be analogous to the varying strengths of incoming signals (inputs 104). The
weighted inputs 104 may then be processed by one or more mathematical functions,
represented at the artificial neural cell body 106, to determine the activation of the cell body. In
the artificial neuron, the activation (e.g., activated or not activated) may be represented by an
output 108 (e.g., on or off, 1 or 0).

[0032] Fig. 1B depicts a diagram of a sample feed forward artificial neural network (ANN),
consistent with embodiments. In embodiments, the ANN 116 may be comprised of several
interconnected artificial neurons, for example artificial neuron 100 depicted in Fig. 1A. In
embodiments, the ANN 116 may comprise several layers comprised of nodes including an
input layer 110, a hidden layer 112, and an output layer 114. In embodiments, an ANN may
have one or several hidden layers 112. The ANN 116 depicted here may be referred to as a
“feed forward” ANN, as the signals (or inputs) are fed at the input layer 110, passed to the
hidden layer 112, and to the output layer 114, moving in a single forward direction. Other ANN

types may exist.
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[0033] The ANN depicted here, ANN 116, has a single input layer 110, which comprises
binary input of one byte (inputs 1-8). The ANN 116 has a single hidden layer 112 which
contains 10 neurons. The output or response layer 114 may provide binary output of either a 1
or 0, with one indicating the data is not further compressible and 0 indicating the data is further
compressible.

[0034] In embodiments, ANN usage may be divided into three phases: a training phase, a
testing and verification phase, and a usage phase. Initially, the ANN may first be trained, then
tested and verified, then used. Throughout the use of the model, the system may consistently
test and retest the validity of the ANN model. In the event that the model fails a testing and
validation iteration, the ANN may be retrained or refined using sample or testing data. Thus,
the ANN may be subjected to consistent refinement via a feedback loop, which may use known
training data in order to test the accuracy of the ANN throughout the testing process.

[0035] Fig. 2 depicts a flow diagram of a method 200 for training an ANN for data
compression detection, consistent with embodiments. In embodiments, the ANN may be trained
for both non-compressible (i.c., not further compressible) and compressed data. The training
may begin at 202. A limited length of binary data may be used as sample data, and may be
designated as in input for the ANN, per 204. As described herein, the sample data may be
generated using a known algorithm for data compression, including for example, one for
lossless data compression. In embodiments, the input data may be fed to a feed forward
network like the ANN 116 in Fig. 1B. The input sample binary data may be run through the
ANN, per 206. The system may then mark the output of the ANN-evaluated sample data as
further compressible (i.e., 0) or not further compressible (i.e., 1), per 208.

[0036] Fig. 3 depicts a system flow diagram of a process 300 for testing incoming data
streams using cognitive analysis, consistent with embodiments. In embodiments, the process
may use cognitive or deep learning processes, like the ANN described herein, to determine if
incoming data is already compressed. The process 300 may allow a system to bypass
compression of already compressed data, in order to reduce wasted processing time and
resources. The process 300 may begin when binary data 302 is fed to a cognitive compression
module 304. In embodiments, the cognitive compression module 304 may be an ANN which
has been trained according to the method 200, as pictured in Fig. 2. The cognitive compression
module 304 may evaluate the incoming binary data 302 by receiving the data as input, running
it through the ANN, and generating an output based on the training. The system may detect

whether the cognitive compression module 304 output is tagged as compressed or
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uncompressed, per 306. If the data is uncompressed, the data may be sent to a data compressor
module 308, for compression, and subsequent storage, per 310. If the data is compressed, the
data may bypass the data compressor, and instead be stored, per 310, in memory or elsewhere.
[0037] Fig. 4 depicts a set of sample training data inputs and response or outputs, according
to embodiments. The data 400 may comprise a set of sample data 404 and a set of response data
402. In embodiments, the set of sample data 404 may be generated through the use of a known
algorithm, for example, the Lempel-Ziv-Welch algorithm was used to generate the sample data
404. The Lempel-Ziv-Welch is a universal lossless data compression algorithm and it may be
used to create the sample data for use in training the ANN (model). The inputs, as indicated at
the top row of each of the columns of sample data 404 may correlate with each of the inputs of
the ANN depicted at Fig. 1B. The sample data 404 may then be run through the ANN with the
depicted responses 402 being output by the ANN (model). In embodiments, the responses 402
may be the output generated by the ANN, for example, the ANN depicted at Fig. 1B.

[0038] Fig. 5A depicts a set of test input data S00A, consistent with embodiments. In
embodiments, this set of test data may be used to test an ANN, for example ANN 116 depicted
in Fig. 1B. The inputs, as labeled at the top of each column 502, could correspond to each of the
inputs at input layer 110 in Fig. 1B. Each row 504 could be one byte of sample data, with the
column label indicating the input location for the ANN 116.

[0039] Fig. 5B depicts an example set of output data, consistent with embodiments.

An example of testing data that may be used in the second phase of the ANN usage model, the
testing and verification phase, is depicted at Fig. 5. Once the model has been trained, a set of
test data may be used to verify or validate the accuracy of the model (e.g., the determined
weights and biases of the model). The outputs 500B depicted here correspond to each of byte of
test data, depicted in each row 504 of Fig. SA. The ANN output for the test data showsa 1, 1, 1,
0, 0, 0. This indicates that the first three bytes fed to the system were not further compressible
(as indicated by “1” output), and the final three bytes were further compressible (as indicated
by “0” output). The output 500B also shows example numerical results, prior to conversion to
binary output. In embodiments, the system may establish an error threshold for the net
(numerical) result. The error threshold may be a particular variance from 1 or 0 at which the
system converts to a testing mode, as described in Fig. 6.

[0040] Fig. 6 depicts a process flow for a method 600 of refining an ANN, consistent with
embodiments. In embodiments, a set of binary data 602 for testing may be input into a

cognitive compression module 604. The binary data 602 may be compressed or uncompressed



WO 2018/171925 PCT/EP2017/083023

and is fed to the cognitive compression module 604 for testing. In embodiments, the data 602
and cognitive compression module 604 may be similar to those in Fig. 3, with the cognitive
compression module 604 comprising an ANN which has been trained and may determine
whether the data has already been compressed.

[0041] In embodiments, the system may be set to train the module at particular time
increments, at a particular point in a processing cycle, after a set number of cycles, based on a
user setting, or in another suitable way. When a testing cycle is triggered, the system may still
determine whether or not the output from the cognitive compression module 604 indicates that
the data is compressed or not, per 606, but regardless of the determination, the data will still be
passed to a data compressor, 608, for compression. The data can then be stored, per 610. The
data can also be analyzed for performance results, per 612, to identify any discrepancies
between ANN-predicted compression and actual compression. If the discrepancies indicate that
the ANN (the cognitive compression module) is no longer accurately predicting compression
(based on, for example, a predetermined error threshold), then the results can be fed back to the
module 604, and they system can be retrained or retested to refine the ANN evaluation.

[0042] Fig. 7 depicts the representative major components of an example computer system
700 that may be used, according to embodiments. It is appreciated that individual components
may vary in complexity, number, type, and\or configuration. The particular examples disclosed
are for example purposes only and are not necessarily the only such variations. The computer
system 700 may comprise a processor 710, memory 720, an input/output interface (herein I/0O
or I/O interface) 730, and a main bus 740. The main bus 740 may provide communication
pathways for the other components of the computer system 700. In some embodiments, the
main bus 740 may connect to other components such as a specialized digital signal processor
(not depicted).

[0043] The processor 710 of the computer system 700 may be comprised of one or more
cores 712A, 712B, 712C, 712D (collectively 712). The processor 710 may additionally include
one or more memory buffers or caches (not depicted) that provide temporary storage of
instructions and data for the cores 712. The cores 712 may perform instructions on input
provided from the caches or from the memory 720 and output the result to caches or the
memory. The cores 712 may be comprised of one or more circuits configured to perform one or
more methods consistent with embodiments of the present disclosure. In some embodiments,
the computer system 700 may contain multiple processors 710. In some embodiments, the

computer system 700 may be a single processor 710 with a singular core 712.
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[0044] The memory 720 of the computer system 701 may include a memory controller 722.
In some embodiments, the memory 720 may comprise a random-access semiconductor
memory, storage device, or storage medium (either volatile or non-volatile) for storing data and
programs. In some embodiments, the memory may be in the form of modules (e.g., dual in-line
memory modules). The memory controller 722 may communicate with the processor 710,
facilitating storage and retrieval of information in the memory 720. The memory controller 722
may communicate with the I/O interface 730, facilitating storage and retrieval of input or output
in the memory 720.

[0045] The 1/0 interface 730 may comprise an I/O bus 750, a terminal interface 752, a
storage interface 754, an I/0O device interface 756, and a network interface 758. The I/O
interface 730 may connect the main bus 740 to the I/0 bus 750. The /O interface 730 may
direct instructions and data from the processor 710 and memory 720 to the various interfaces of
the 1/0 bus 750. The I/O interface 730 may also direct instructions and data from the various
interfaces of the 1/0 bus 750 to the processor 710 and memory 720. The various interfaces may
include the terminal interface 752, the storage interface 754, the I/0 device interface 756, and
the network interface 758. In some embodiments, the various interfaces may include a subset of
the aforementioned interfaces (e.g., an embedded computer system in an industrial application
may not include the terminal interface 752 and the storage interface 754).

[0046] Logic modules throughout the computer system 700 — including but not limited to
the memory 720, the processor 710, and the I/0 interface 730 — may communicate failures and
changes to one or more components to a hypervisor or operating system (not depicted). The
hypervisor or the operating system may allocate the various resources available in the computer
system 700 and track the location of data in memory 720 and of processes assigned to various
cores 712. In embodiments that combine or rearrange elements, aspects and capabilities of the
logic modules may be combined or redistributed. These variations would be apparent to one
skilled in the art.

[0047] Fig. 8 depicts a flow of a method 800 for using a supervised learning model for
classifying data as further compressible or non-compressible, according to embodiments. The
method 800 may start 802 when a system builds a supervised learning model 804. In
embodiments, this supervised learning model may be an ANN. The model may be built using
sample data which may have been generated by a known lossless data compression algorithm,
or in some other way. The training may include generating weighting factors and bias for the

supervised learning model. The system may then test the model, per 806. In embodiments, the
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model may be tested using a set of test data, wherein the further compressibility of the data is
known. The model may then be used to evaluate the unclassified data, per 808. In
embodiments, the system may end, per 810, once the data has been classified as further
compressible or not further compressible.

[0048] In embodiments, the system may use the classifications of the data (e.g., as either
further compressible or not further compressible) to determine the next actions for the data. If
the data is determined to be not further compressible, the data may bypass a data compression
set and instead be stored directly in memory, or handled in some other way that allows it to
bypass attempts at further compression. If the data is determined to be further compressible, the
system may pass the data to a data compressor, for compression, and then stored.

[0049] In embodiments, the supervised learning model may be tested and refined during its
use. For example, the system may identify and sort a set of data according to the method 800,
and determine that the data is not further compressible. In a testing mode or a testing cycle, the
system may then send the data to the data compressor for compression. Following its
processing by the data compressor, the system may then detect that the classification was false,
for example, if the data subset was further compressed by the data compressor despite being
classified as not further compressible. The system may then refine or retrain the model using
modified training data, in order to return the model to an accurate classifier.

[0050] The present invention may be a system, a method, and/or a computer program
product at any possible technical detail level of integration. The computer program product may
include a computer readable storage medium (or media) having computer readable program
instructions thereon for causing a processor to carry out aspects of the present invention.
[0051] The computer readable storage medium can be a tangible device that can retain and
store instructions for use by an instruction execution device. The computer readable storage
medium may be, for example, but is not limited to, an electronic storage device, a magnetic
storage device, an optical storage device, an electromagnetic storage device, a semiconductor
storage device, or any suitable combination of the foregoing. A non-exhaustive list of more
specific examples of the computer readable storage medium includes the following: a portable
computer diskette, a hard disk, a random access memory (RAM), a read-only memory (ROM),
an erasable programmable read-only memory (EPROM or Flash memory), a static random
access memory (SRAM), a portable compact disc read-only memory (CD-ROM), a digital
versatile disk (DVD), a memory stick, a floppy disk, a mechanically encoded device such as

punch-cards or raised structures in a groove having instructions recorded thereon, and any
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suitable combination of the foregoing. A computer readable storage medium, as used herein, is
not to be construed as being transitory signals per se, such as radio waves or other freely
propagating electromagnetic waves, electromagnetic waves propagating through a waveguide
or other transmission media (e.g., light pulses passing through a fiber-optic cable), or electrical
signals transmitted through a wire.

[0052] Computer readable program instructions described herein can be downloaded to
respective computing/processing devices from a computer readable storage medium or to an
external computer or external storage device via a network, for example, the Internet, a local
arca network, a wide area network and/or a wireless network. The network may comprise
copper transmission cables, optical transmission fibers, wireless transmission, routers, firewalls,
switches, gateway computers and/or edge servers. A network adapter card or network interface
in each computing/processing device receives computer readable program instructions from the
network and forwards the computer readable program instructions for storage in a computer
readable storage medium within the respective computing/processing device.

[0053] Computer readable program instructions for carrying out operations of the present
invention may be assembler instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions, microcode, firmware instructions, state-
setting data, configuration data for integrated circuitry, or either source code or object code
written in any combination of one or more programming languages, including an object
oriented programming language such as Smalltalk, C++, or the like, and procedural
programming languages, such as the "C" programming language or similar programming
languages. The computer readable program instructions may execute entirely on the user's
computer, partly on the user's computer, as a stand-alone software package, partly on the user's
computer and partly on a remote computer or entirely on the remote computer or server. In the
latter scenario, the remote computer may be connected to the user's computer through any type
of network, including a local area network (LAN) or a wide area network (WAN), or the
connection may be made to an external computer (for example, through the Internet using an
Internet Service Provider). In some embodiments, electronic circuitry including, for example,
programmable logic circuitry, field-programmable gate arrays (FPGA), or programmable logic
arrays (PLA) may execute the computer readable program instructions by utilizing state
information of the computer readable program instructions to personalize the electronic

circuitry, in order to perform aspects of the present invention.
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[0054] Aspects of the present invention are described herein with reference to flowchart
illustrations and/or block diagrams of methods, apparatus (systems), and computer program
products according to embodiments of the invention. It will be understood that each block of
the flowchart illustrations and/or block diagrams, and combinations of blocks in the flowchart
illustrations and/or block diagrams, can be implemented by computer readable program
instructions.

[0055] These computer readable program instructions may be provided to a processor of a
general purpose computer, special purpose computer, or other programmable data processing
apparatus to produce a machine, such that the instructions, which execute via the processor of
the computer or other programmable data processing apparatus, create means for implementing
the functions/acts specified in the flowchart and/or block diagram block or blocks. These
computer readable program instructions may also be stored in a computer readable storage
medium that can direct a computer, a programmable data processing apparatus, and/or other
devices to function in a particular manner, such that the computer readable storage medium
having instructions stored therein comprises an article of manufacture including instructions
which implement aspects of the function/act specified in the flowchart and/or block diagram
block or blocks.

[0056] The computer readable program instructions may also be loaded onto a computer,
other programmable data processing apparatus, or other device to cause a series of operational
steps to be performed on the computer, other programmable apparatus or other device to
produce a computer implemented process, such that the instructions which execute on the
computer, other programmable apparatus, or other device implement the functions/acts
specified in the flowchart and/or block diagram block or blocks.

[0057] The flowchart and block diagrams in the Figures illustrate the architecture,
functionality, and operation of possible implementations of systems, methods, and computer
program products according to various embodiments of the present invention. In this regard,
cach block in the flowchart or block diagrams may represent a module, segment, or portion of
instructions, which comprises one or more executable instructions for implementing the
specified logical function(s). In some alternative implementations, the functions noted in the
blocks may occur out of the order noted in the Figures. For example, two blocks shown in
succession may, in fact, be executed substantially concurrently, or the blocks may sometimes
be executed in the reverse order, depending upon the functionality involved. It will also be

noted that each block of the block diagrams and/or flowchart illustration, and combinations of
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blocks in the block diagrams and/or flowchart illustration, can be implemented by special
purpose hardware-based systems that perform the specified functions or acts or carry out
combinations of special purpose hardware and computer instructions.

[0058] The descriptions of the various embodiments of the present disclosure have been
presented for purposes of illustration, but are not intended to be exhaustive or limited to the
embodiments disclosed. Many modifications and variations will be apparent to those of
ordinary skill in the art without departing from the scope and spirit of the described
embodiments. The terminology used herein was chosen to explain the principles of the
embodiments, the practical application or technical improvement over technologies found in the
marketplace, or to enable others of ordinary skill in the art to understand the embodiments

disclosed herein.
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CLAIMS

1. A method for handling data based on compressibility, wherein the method comprises:

training, using sample data, a supervised learning model, wherein the training comprises
determining weighting factors and bias for the supervised learning model, and wherein the
sample data comprises a set of known further compressible data and a set of known non-
compressible data; and

evaluating, using the trained supervised learning model, a set of unclassified data.

2. The method of claim 1, further comprising:

classifying, based on the evaluating, a subset of the set of unclassified data as non-
compressible data; and

storing, in response to the classifying, the subset of non-compressible data directly in

storage.

3. The method of claim 1 or 2, further comprising:
classifying, based on the evaluating, a subset of the set of unclassified data as further
compressible data; and

compressing, using a data compressor, the subset of data.

4. The method of claim 1,2 or 3, further comprising:
classifying, based on the evaluating, a subset of the set of unclassified data as non-
compressible data;
compressing, using a data compressor, the subset of non-compressible data;
determining, based on the compressing, the classifying of the subset of data was false;
building, using modified weighting and bias, a modified set of training data; and

retraining, using the modified set of training data, the supervised learning model.

5. The method of any preceding claim, wherein the supervised learning model comprises

an input layer, a set of one or more hidden layers, and an output layer.

6. The method of any preceding claim, wherein the supervised learning model is an

artificial neural network (ANN).
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7. The method of any preceding claim, further comprising: testing, responsive to the
training, the supervised learning model, wherein the testing comprises:

providing, to the model, a set of non-compressible test data and a set of further
compressible test data;

identifying, based on processing by the model, a set of outputs for the non-compressible
data and a set of outputs for the further compressible data;

verifying, based on an error threshold and the outputs, the accuracy of the model.

8. The method of any preceding claim, further comprising: testing responsive to the
training the supervised learning model, wherein the testing comprises:

providing, to the model, a set of non-compressible test data and a set of further
compressible test data

identifying, based on processing by the model, a set of outputs for the non-compressible
data and a set of outputs for the further compressible data;

determining, based on the outputs and an error threshold value, the supervised learning
model has exceeded the error threshold; and

training, responsive to the determining, the supervised learning model, using a modified

set of sample data.

9. A method for creating a model for handling data based on compressibility of the data,
the method comprising:

identifying, by a computer system, a first training data stream input, the first data stream
input comprising a sample of fully compressed data;

identifying, by the computer system, a second training data stream input, the second
data stream input comprising a sample of compressible data;

evaluating, using an artificial neural network (ANN), the first training data stream input
and the second training data stream input;

tagging, as fully compressed, the first training data stream output; and

tagging, as compressible, the second training data stream output.

10. The method of claim 9, further comprising:
identifying, following the evaluating of the first and second training data stream inputs

and by the computer system, a digital data stream to be compressed by the computer system;
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evaluating, using the ANN, the digital data stream to be compressed by the computer
System,;

determining, based on the evaluating, the data in the digital data stream is not further
compressible;

storing the fully compressed digital data in the digital data stream.

11.  The method of claim 9 or 10, further comprising:

identifying, following the evaluating of the first and second training data stream inputs
and by the computer system, a digital data stream to be compressed by the computer system;

evaluating, using the ANN, the digital data stream to be compressed by the computer
System,;

determining, based on the evaluating, a subset of data in the digital data stream is further
compressible data; and

transmitting, to a data compressor module, the subset of data.

12. The method of claim 9, 10 or 11, further comprising:

identifying, following the evaluating of the first and second training data stream inputs
and by the computer system, digital data to be compressed by the computer system;

evaluating, using the ANN, the digital data to be compressed;

determining, based on the evaluating, a subset of the digital data is fully compressed;

transmitting, to a data compressor module and for compression, the subset of fully
compressed data;

determining, based on the fully compressed data from the data compressor module, data
compression performance; and

refining, based on the data compression performance, the ANN evaluating.

13. The method of any of claims 9 to 12, wherein the evaluating using an ANN comprises:
determining a set of weighting factors describing the ANN;
applying, to the first training data stream input and the second training data stream
input, the set of weighting factors; and
generating, by the applying, the first training data stream output and the second training

data stream output.
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14. A computer system for handling data based on compressibility, the system comprising
at least one computer processor circuit configured to perform a method comprising:

training, using sample data, a supervised learning model, wherein the training comprises
determining weighting factors and bias for the supervised learning model, and wherein the
sample data comprises a set of known further compressible data and a set of known non-
compressible data; and

evaluating, using the trained supervised learning model, a set of unclassified data.

15.  The computer system of claim 14, wherein the method further comprises:
classifying, based on the evaluating, a subset of the set of unclassified data as non-
compressible data; and
storing, in response to the classifying, the subset of non-compressible data directly in

storage.

16.  The computer system of claim 14 or 15, wherein the method further comprises:
classifying, based on the evaluating, a subset of the set of unclassified data as further
compressible data; and

compressing, using a data compressor, the subset of data.

17.  The computer system of claim 14, 15 or 16, wherein the supervised learning model is an

artificial neural network (ANN).

18. The computer system of any of claims 14 to 17, wherein the method further comprises:

testing, responsive to the training, the supervised learning model, wherein the testing
comprises:

providing, to the model, a set of non-compressible test data and a set of further
compressible test data;

identifying, based on processing by the model, a set of outputs for the non-compressible
data and a set of outputs for the further compressible data; and

verifying, based on an error threshold and the outputs, the accuracy of the model.

19.  The computer system of any of claims 14 to 18, wherein the method further comprises:
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testing responsive to the training the supervised learning model, wherein the testing
comprises:

providing, to the model, a set of non-compressible test data and a set of further
compressible test data

identifying, based on processing by the model, a set of outputs for the non-compressible
data and a set of outputs for the further compressible data;

determining, based on the outputs and an error threshold value, the supervised learning
model has exceeded the error threshold; and

training, responsive to the determining, the supervised learning model, using a modified

set of sample data.

20. A computer program product for handling data based on compressibility, the computer
program product comprising a computer readable storage medium having program instructions
embodied therewith, wherein the computer readable storage medium is not a transitory signal
per se, the program instructions executable by a computer processing circuit to cause the circuit
to perform the method comprising;:

training, using sample data, a supervised learning model, wherein the training comprises
determining weighting factors and bias for the supervised learning model, and wherein the
sample data comprises a set of known further compressible data and a set of known non-
compressible data; and

evaluating, using the trained supervised learning model, a set of unclassified data.

21.  The computer program product of claim 20, wherein the method further comprises:
classifying, based on the evaluating, a subset of the set of unclassified data as non-
compressible data; and
storing, in response to the classifying, the subset of non-compressible data directly in

storage.

22. The computer program product of claim 20 or 21, wherein the method further
comprises:

classifying, based on the evaluating, a subset of the set of unclassified data as further
compressible data; and

compressing, using a data compressor, the subset of data.
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23. The computer program product of claim 20, 21 or 22, wherein the method further
comprises:
classifying, based on the evaluating, a subset of the set of unclassified data as non-
compressible data;
compressing, using a data compressor, the subset of non-compressible data;
determining, based on the compressing, the classifying of the subset of data was false;
building, using modified weighting and bias, a modified set of training data; and

retraining, using the modified set of training data, the supervised learning model.

24. The computer program product of any of claims 20 to 23, wherein the method further
comprises:

testing, responsive to the training, the supervised learning model, wherein the testing
comprises:

providing, to the model, a set of non-compressible test data and a set of further
compressible test data;

identifying, based on processing by the model, a set of outputs for the non-compressible
data and a set of outputs for the further compressible data; and

verifying, based on an error threshold and the outputs, the accuracy of the model.

25. The computer program product of any of claims 20 to 24, wherein the method further
comprises:

testing responsive to the training the supervised learning model, wherein the testing
comprises:

providing, to the model, a set of non-compressible test data and a set of further
compressible test data

identifying, based on processing by the model, a set of outputs for the non-compressible
data and a set of outputs for the further compressible data;

determining, based on the outputs and an error threshold value, the supervised learning
model has exceeded the error threshold; and

training, responsive to the determining, the supervised learning model, using a modified

set of sample data.
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