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CLAIMS

[1pre] An apparatus for machine learning results, the apparatus
comprising:

[1.1a] a predictive compiler module configured to generate machine
learning comprising program code for a plurality of learned
functions,

[1.1b] the code generated by the predictive compiler module to predict

one or more machine learning results based on one or more machine
learning parameters;

[1.2] an input module configured to receive user input identifying one
or more values for the one or more machine learning parameters;
[1.3] a pre-compute module configured to predetermine, using the

generated machine learning, permutations of the machine learning
results at one or more increments between a minimum value and a
maximum value for the one or more machine learning parameters,
prior to the input module receiving the user input;

[1.4] a display module configured to display, from the pre-compute
module, a first predetermined permutation of the one or more
predicted machine learning results for the one or more identified
machine learning parameters; and

[1.5] an update module configured to dynamically display, from the re-
compute module a second permutation of the one or more machine
learning results in response to the input module receiving additional
user input identifying one or more additional values for the one or
more machine learning parameters,

[1.6] wherein the predictive compiler module, the input module, the
pre-compute module, the display module, and the update module
comprise one or more of logic hardware and a non-transitory
computer readable storage medium storing program code executable

bi a Erocessor.

[2] The apparatus of claim 1, wherein the pre-compute module is
configured to cache the predetermined permutations of the machine
learning results for the update module in a results data structure
indexed by the one or more machine learning parameters.




Claim 3

[3]

[4]

[5]

[6]

[7]

[8]

[9]

Claim 6

The apparatus of claim 2, wherein the update module is
configured to determine the second permutation of the one or more
machine learning results by looking up the second permutation of the
one or more machine learning results in the results data structure
using the one or more additional values for the one or more machine
learning parameters.

The apparatus of claim 1, wherein the display module is
configured to display one or more attributes of a data set used by the
machine learning to determine the one or more machine learning
results and one or more impact metrics for each displayed attribute.

The apparatus of claim 1, wherein the plurality of learned
functions are from multiple machine learning classes.

The apparatus of claim 1, further comprising a recommendation
module configured to select a suggested set of machine learning
results, the display module configured to display the suggested set of
machine learning results to the user prior to the input module
receiving the user input.

The apparatus of claim 1, wherein the one or more machine
learning parameters comprise one or more of an input and an output
of the machine learning adjusted by the user input and the machine
learning results comprise one or more of an input and an output of
the machine learning determined based on the one or more machine
learning parameters.

The apparatus of claim 1, wherein the one or more machine
learning parameters comprise one or more of an attribute of a
feature, a target value for a goal, an action relating to a goal, a
confidence metric, and a target of an action.

The apparatus of claim 1, wherein the machine learning results
comprise one or more of an attribute of a feature, a target value for a
goal, an action relating to a goal, a confidence metric, and a target of
an action.




[10] The apparatus of claim 1, wherein the input module is configured

to receive the user input as an adjustment to a slider graphical user

interface element corresponding to the one or more machine learning
arameters.

[11] The apparatus of claim 1, wherein the input module is configured
to receive the user input as a user entry in a graphical table and the
display module is configured to display the one or more machine
learning results as entries in the graphical table.

[12] The apparatus of claim 1, wherein the input module is configured
to receive the user iniut as a user maniﬁulation of a disElaied ob'lect.
[13] The apparatus of claim 12, wherein the user input comprises one

or more of: an adjustment to a size of the displayed object; an
adjustment to a vertical position of the displayed object; an
adjustment to a horizontal position of the displayed object; an
adjustment to an opacity of the displayed object; an adjustment to a
color of the displayed object; an adjustment to a shape of the
displayed object; an adjustment to shading of the displayed object; a
text entry in a text box for the displayed object; and user interaction

with an animation for the disEIaied oblect.

[14] The apparatus of claim 1, further comprising a collaboration
module configured to determine an impact on the one or more
machine learning results based on different user input received from
a different user.

[15] The apparatus of claim 14, wherein the input module is
configured to receive the different user input from the different user,
the different user input identifying a different value for a different
machine learning parameter, the display module configured to
display multiple sets of one or more machine learning results to
multiple users, and the update module configured to dynamically
update the displayed multiple sets of one or more machine learning
results.

[16pre] A method for machine learning results, the method comprising:




[16.1]

generating a predictive program comprising a plurality of learned
functions from multiple machine learning classes;

[16.2]

inputting permutations of machine learning parameters
incrementally between minimum values for the machine learning
parameters and maximum values for the machine learning
parameters into the predictive program;

[16.3]

determining machine learning results from the predictive program
for the input permutations of the machine learning parameters;

[16.4]

populating a results data structure with the determined machine
learning results indexed by the machine learning parameters;

[16.5]

Claim
[17]

[18]

Claim
[19]

[20]

Claim
[21pre]

dynamically changing a display of one or more input
permutations of the machine learning parameters from the results
data structure in response to user input adjusting a displayed value
for one or more of the machine learning results from the predictive
program.
2

The method of claim 16, wherein the results data structure is
populated prior to receiving user input identifying a value for a
machine learning parameter.

The method of claim 17, further comprising dynamically
changing a display of one or more of the machine learning results
from the results data structure in response to user input selecting a
value for a machine learning parameter.
9

The method of claim 16, further comprising determining, from
the results data structure, an impact on machine learning results from
a different predictive program caused by the user input adjusting the
displayed value for the one or more of the machine learning results.

The method of claim 19, further comprising displaying the impact
on machine learning results from the different predictive program.
1

A system for machine learning results, the system comprising:

[21.1]

a predictive compiler module configured to generate a plurality of
predictive programs each comprising a plurality of learned functions;

[21.2]

a pre-compute module configured to predetermine, using the
predictive programs, permutations of machine learning results for
each of the predictive programs at predefined increments between




minimum values for machine learning parameters and maximum
values for the machine learning parameters;

[21.3]

an input module configured to receive user input from one or
more users identifying one or more values for one or more of the
machine learning parameters for a first subset of the predictive
programs;

[21.4]

a collaboration module configured to determine, using the
predetermined permutations of machine learning results, an impact
on machine learning results from a different one of the predictive
programs based on the one or more identified values for the one or
more of the machine learning parameters for the first subset of the
predictive programs; and

[21.5]

a display module configured to display at least the impact on the
machine learning results to the one or more users,

[21.6]

[22]

Claim

[23]

[24]

Eroirams of the first subset of the Eredictive Eroirams.

wherein the predictive compiler module, the pre-compute module,
the input module, the collaboration module, and the display module
comprise one or more of logic hardware and a non-transitory
computer readable storage medium storing program code executable
by a processor.

The system of claim 21, further comprising an update module
configured to dynamically update the display of the at least the
impact on the machine learning results, using the predetermined
permutations of the machine learning results, in response to the one
or more users identifying one or more different values for one or
more of the machine learning parameters.

3

The system of claim 21, wherein the one or more users comprise
multiple users, the one or more values comprise multiple values, and
the multiple users identify the multiple values for different predictive

The system of claim 23, wherein the display module is configured
to display the impact on the machine learning results on a shared
display for the multiple users and to display the machine learning
results for the different predictive programs on different displays for
the multiple users.




[25] The system of claim 23, wherein the input module is configured
to receive the user input from one or more of: separate client devices
for the multiple users over a data network; and a shared interface for
the multiple users on a single device.




I. ASSIGNMENT

1. | have been retained on behalf of Strategy Inc (“Strategy”), formerly
MicroStrategy Incorporated, to offer technical opinions related to U.S. Patent No.
9,218,574 (“the ’574 patent”) (STRATEGY-1001). | understand that Strategy is
requesting that the Patent Trial and Appeal Board (“PTAB” or “Board”) to institute
an inter partes review (“IPR”) proceeding of the *574 patent.

2. I have been asked to provide my independent analysis of the *574 patent
based on the prior art patents and publications cited in this declaration.

3. I am not and never have been, an employee of Strategy. | received no
compensation for this declaration beyond my normal hourly compensation based on
my time actually spent analyzing the *574 patent, the prior art publications cited
below, and issues related thereto, and | will not receive any added compensation
based on the outcome of any IPR or other proceeding involving the *°574 patent. My
compensation in no way depends on the outcome of this proceeding or the content

of my testimony.

II. QUALIFICATIONS AND BACKGROUND INFORMATION

4. | am over the age of 18 and am competent to write this declaration. |
have personal knowledge, or have developed knowledge of these technologies based

upon education, training, or experience, of the matters set forth herein.
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5. My qualifications are summarized here and explained in more detail in
my curriculum vitae, which is attached as Appendix A to this report. Appendix A
also includes a list of my publications and the cases in which | have testified at
deposition, hearing, or trial within the past five years.

6. I am currently employed as a Professor of Computer Science at Harvard
University. Specifically, 1 am the Thomas J. Watson, Sr. Professor of Computer
Science in the School of Engineering and Applied Sciences. | joined the faculty at
Harvard as an Assistant Professor in January 1999. | was promoted to Associate
Professor in 2002 and to Professor in 2005. In 2010, | began a three-year term as
Area Dean—equivalent to what other schools call Department Chair—of Computer
Science and held that position through June 2013. | also served as Area Co-Chair of
Computer Science for the 2018-2019 academic year.

7. | teach courses on various computer science topics to undergraduate
and graduate students at Harvard. | have regularly taught the undergraduate class on
algorithms and data structures. | have also regularly taught graduate level involving
algorithms and data structures, that include topic related to machine learning. For
example, in both courses | have covered the area of learning-augmented algorithms,
where algorithms use predictions to improve their performance.

8. | earned my undergraduate degree in Mathematics and Computer

Science from Harvard College in 1991, a Certificate of Advanced Study in
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Mathematics from Cambridge University in 1992, and a Ph.D. in Computer Science
from the University of California at Berkeley in 1996.

Q. | have published over 250 research papers in computer science
conferences and journals. | am listed as an inventor or co-inventor on 19 issued
patents covering computer technology, and | am the co-author of a textbook entitled
“Probability and Computing: Randomized Algorithms and Probabilistic Analysis”
published by Cambridge University Press. In addition, | have consulted for several
companies as a professor, such as Microsoft, Mitsubishi, Akamai, ITA Software,
Adverplex, Fluent Mobile, and e-Harmony.

10. I received my undergraduate degree summa cum laude in Mathematics
and Computer Science from Harvard College in 1991. My senior undergraduate
thesis, which related in part to cryptography, was titled “Elliptic Curves in Computer
Science: Primality Testing, Factoring, and Cryptography,” and was awarded
Harvard’s Hoopes Prize for outstanding scholarly work or research by
undergraduates. | then spent a year at Cambridge University in England as one of
ten recipients of the Churchill Fellowship, and received a Certificate of Advanced
Study in Mathematics from Cambridge University in 1992. In 1996, | received a
Ph.D. in Computer Science from the University of California at Berkeley. My

dissertation topic was “The Power of Two Choices in Randomized Load Balancing.”
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11.  From August 1996 to January 1999, | was employed as a Research
Scientist at Digital Systems Research Center in Palo Alto, where my work included
projects on algorithms for the Internet, including information retrieval on the Web,
erasure codes, error-correcting codes, on-line algorithms, and load balancing.

12. | have received numerous professional recognitions from my peers. |
am a Fellow of the Association for Computing Machinery (“ACM”) and a Fellow of
the Institute of Electrical and Electronics Engineers (“IEEE”), both of which are the
two primary professional organizations for computer scientists. ACM Fellows, for
example, are described as follows: “ACM’s most prestigious member grade
recognizes the top 1% of ACM members for their outstanding accomplishments in
computing and information technology and/or outstanding service to ACM and the

larger computing community.” See https://awards.acm.org/fellows (“About ACM

Fellows”). My citation for my induction as an ACM Fellow is: “For contributions
to coding theory, hashing algorithms and data structures, and networking
algorithms.” Among my awards, [ shared in receiving the 2020 ACM Paris
Kanellakis Theory and Practice Award for the discovery and analysis of balanced
allocations, known as the power of two choices, and their extensive applications to
practice.

13. | am the co-author of a textbook entitled “Probability and Computing:

Randomized Algorithms and Probabilistic Analysis,” which was published by
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Cambridge University Press. This textbook is used in advanced undergraduate or
beginning graduate courses at Brown University, Harvard University, the University
of California at Berkeley, the University of Victoria, Tufts University, the University
of Massachusetts at Amherst, Purdue University, the University of Pennsylvania,
and several other universities. The second edition added additional sections related
to topics in machine learning.

14. | have worked for many years on the foundations and applications of
Acrtificial Intelligence, with recent research examining the ways machine-learning
based predictions can improve the efficiency, reliability, and security of modern Al
computing systems. My experience spans large language models (LLMS),
distributed and federated learning, security issues, and specific applications such as
Al systems and models for biological analyses.

15. My curriculum vitae, included as an appendix to this declaration,
includes a list of publications on which I am a named author. It contains further
details regarding my experience, education, publications, and other qualifications to
render an expert opinion in connection with this proceeding.

16.  In writing this Declaration, | have considered the following: my own
knowledge and experience, including my work experience in the fields of computer
science and artificial intelligence/ machine learning; my experience in teaching those

subjects; and my experience in working with others involved in those fields. In
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addition, | have analyzed the following publications and materials, in addition to

other materials I cite in my declaration:

STRATEGY-1001

STRATEGY-1002

STRATEGY-1004

STRATEGY-1005
STRATEGY-1006

STRATEGY-1007

STRATEGY-1010

STRATEGY-1011

STRATEGY-1012

STRATEGY-1013

STRATEGY-1014

STRATEGY-1015

STRATEGY-1016

U.S. Patent No. 9,218,574 to Phillipps (“the ’574
Patent™)

Excerpts from the *574 Patent’s prosecution
history

U.S. Patent App. Pub. No. 2004/0138932 to
Johnson et al.(“Johnson”)

U.S. Patent No. 8,364,613 to Lin et al. (“Lin”)
U.S. Patent No. 5,727,161 to Purcell, Jr.
(“Purcell”)

U.S. Patent App. Pub. No. 2013/0024160 to
Mihaylov et al. (“Mihaylov”)

U.S. Patent App. Pub. No. 2003/0229630 to
Kamath et al. (“Kamath™)

U.S. Patent App. Pub. No. 2013/0024173 to
Brzezicki et al. (“Brzezicki”)

U.S. Patent App. Pub. No. 2014/0089908 to Dunn
et al. (“Dunn”)

U.S. Patent App. Pub. No. 2014/0337255 to Eads
et al. (“Eads”)

U.S. Provisional Patent App. No. 61/820,358 to
Eads et al. (“Eads Provisional™)

U.S. Patent App. Pub. No. 2014/0156566 to
Kabiljo et al. (“Kabiljo™)

U.S. Patent No. 8,738,425 to Basu et al. (“Basu”)
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STRATEGY-1017

STRATEGY-1018

STRATEGY-1019

STRATEGY-1020

STRATEGY-1021

STRATEGY-1022

STRATEGY-1023

STRATEGY-1024

STRATEGY-1025

U.S. Patent App. Pub. No. 2007/0203740 to Abu
El Ata et al. (“Abu El Ata”)

U.S. Patent App. Pub. No. 2010/0241596 to Lee et
al. (“Lee”)

U.S. Patent App. Pub. No. 2012/0284212 to Lin et
al. (“Lin_II")

U.S. Patent App. Pub. No. 2009/0106178 to Chu
(“Chu”)

Excerpt from “Dictionary of Computer and
Internet Terms,” 10th ed., Barron’s, 2009, by
Downing et al.

Excerpt from “A Dictionary of Computing,” 6th
ed., Oxford University Press, 2008

Excerpt from “The New Penguin Dictionary of
Computing,” Penguin Books, 2001, by Dick
Pountain

Cheng, Jimming, and Mitzenmacher, Michael,
“The MARKOV EXPERT for Finding Episodes in
Time Series,” IEEE Data Compression Conference
(DCC), 2005.

Deshpande, Prasad M., et al., “Caching
multidimensional queries using chunks,”
Proceedings of the 1998 ACM SIGMOD
International Conference on Management of Data,
pp. 259-270, 1998.

16



STRATEGY-1026

STRATEGY-1027

STRATEGY-1028

STRATEGY-1029

STRATEGY-1030

STRATEGY-1031

Graefe, Goetz, “Query evaluation techniques for
large databases,” ACM Computing Surveys
(CSUR) 25, no. 2 (1993): 73-169.

“Introduction to Machine Learning,” 2 ed., MIT
Press, 2010.

Ayodele, Taiwo Oladipupo, “Types of Machine
Learning Algorithms,” Chapter 3 of “New
Advances in Machine Learning,” InTech
Publishing, 2010.

Chapter 1 of Murphy, Kevin P., “Machine
Learning: A Probabilistic Perspective,” MIT, 2012.
U.S. Patent App. Pub. No. 2007/0282793 to
Majors et al. (“Majors™)

Bier, Eric A. et al., “MMM: A User Interface
Architecture for Shared Editors on a Single
Screen,” pp. 79-86, ACM Symposium on User
Interface Software and Technology (UIST) 1991.

III. OVERVIEW OF CONCLUSIONS FORMED

17.  This declaration explains the conclusions that | have formed based on

my analysis of all of the considered materials and my personal experience. To

summarize those conclusions, based upon my knowledge and experience and my

review of the prior art references listed above, | believe that:
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e Claims 1-3, 5, 8-10, 12, and 13 of the *574 patent are rendered
obvious by Johnson in view of Lin (Ground 1A).

e Claims 7,11, and 16-18 of the *°574 patent are rendered obvious by
Johnson in view of Lin and Purcell (Ground 1B).

e Claims 21-25 of the *574 patent are rendered obvious by Johnson in
view of Lin and Mihaylov (Ground 1C).

e Claims 4, 6, 14, 15, 19, and 20 of the *574 patent are rendered obvious

by Johnson in view of Lin, Purcell, and Mihaylov (Ground 1D).

IV. TECHNOLOGY BACKGROUND

18.  The ’574 patent refers to various techniques that were common and
widely known as of the May 29, 2013 when the ’574 patent was filed. For
example, a POSITA would have been familiar with techniques for training
machine learning models, forming ensembles of machine learning models, and
implementing those ensembles as computer programs. Similarly, a POSITA would
have been familiar with the techniques of precalculating and retrieving results,
including for finding the inputs or conditions that would achieve a desired output.
In addition, a POSITA would have been familiar with the techniques to compare

different models and model results, to assess the performance of different models

18



and differences resulting from different scenarios. | discuss these techniques in

more detail below.

A.  Training Ensembles of Machine Learning Models

19. At the time the *574 patent was filed, it was well-understood that a
collection or ensemble of machine learning models could produce more accurate
results than an individual model. For example, one patent application filed in 2002
describes creating ensembles of decision trees, noting that “it is possible to
Improve the accuracy of classifiers, such as decision trees, by creating more than
one classifier and [combining] their results through a voting scheme. There are
several ways in which these ensembles of decision trees can be created and their
results combined.” STRATEGY-1010, [0020]; see also id. §1[0027], [0040]-

[0041], [0044]; STRATEGY-1024, 1.

20. Inaddition, using multiple machine learning models together was
known to improve forecasts by increasing accuracy and reducing variability.
STRATEGY-1011, f[0075] (“For example, forecast accuracy may often be
significantly improved by combining forecasts of individual predictive models.
Combined forecasts also tend to produce reduced variability compared to the
individual forecasts that are components of a combined forecast.””). Taken
together, the forecasts of multiple models “allow for better predicting systematic

behavior of an underlying data generating process that cannot be captured by a

19



single model forecast alone. Frequently, combinations of forecasts from simple

models outperform a forecast from a single, complex model.” 1d.

B.  Compiling Machine Learning Models as Computer Programs

21. It was also well-known to compile machine learning models as
computer programs, whether individually or as ensembles. STRATEGY-1012,
110003]-[0005] (discussing how “a decision tree may be translated into machine
code suitable for execution on computing systems statically””); STRATEGY-1013,?
110007]-[0008], [0026], [0055]-[0056], [0061] (discussing “implementing a
learning ensemble of decision trees” through compilation); STRATEGY-1014, 2-
3; STRATEGY-1015, 1[0070] (generating a model, where the “model may
comprise executable code that can be invoked™), [0081]-[0083]. An executable
format was desirable because a computer program is a convenient format for

distributing and running predictive models. STRATEGY-1012, [0005] (“The

! Eads (STRATEGY-1013) is prior art by virtue of its priority claim to the Eads
Provisional (STRATEGY-1014) filed on May 7, 2013. Eads is entitled to this priority because
Eads’s claim 1 is taught by the Eads Provisional (STRATEGY-1014) at pages 2-3 (discussing
the single-machine environment), 9 (discussing inlining and the contiguous buffer), and 10 and

19-21 (discussing type constraints).

20



machine code is distributed to various computing systems for execution as

needed.”)

22. Inaddition, implementing machine learning models as computer
programs was known to significantly improve performance. Without
Implementation as a computer program, predictive models often need to run in an
interpreted mode, where there is significant overhead at runtime to translate
Instructions into a form that is executed by a processor. See STRATEGY-1012,
10037] (“Evaluating decision trees in the interpreted mode is relatively slow.”).
By contrast, a computer program with executable code can run directly on the
processor without the translation overhead. See STRATEGY-1012, [0037] (“To
improve performance, in particular embodiments, a decision tree may be
represented as software source code using an appropriate programming language
(e.g., C or C++). The source code is then compiled into machine code using an
appropriate compiler....”). The computer program can also include optimizations
that make execution more efficient, e.g., with streamlined logic and more efficient
use of memory. STRATEGY-1013, 11[0007]-[0008], [0026] (discussing
“implementing a learning ensemble of decision trees” by compiling it as an
executable program, with optimizations like inlining and memory buffer contiguity

that provide “an enhancement of processing speed and memory usage in analyzing

21



large data sets in a time-effective and cost-effective manner.”); STRATEGY-1014,

2-3 (same disclosure).

C.  Precomputing Results

23. A POSITA would also have been familiar with the technique of
precomputing results before they are needed, then retrieving and displaying the
results when requested. Precomputation and caching of results were well-known
techniques in computing and data processing. STRAEGY-1025, 259 (discussing
“Ip]Jrecomputation and the use of specialized indexing structures™), 261-262
(discussing caching strategies for precomputed results); STRATEGY-1026, 150-
153 (discussing precomputation and retrieval to improve performance). These
techniques were also known to be used for machine learning systems in particular.
As an example, Basu describes a system that can make a projections or forecasts
for performance indicators using machine learning. STRATEGY-1016, Abstract,
2:54-67, 7:32-50 (demonstrating machine learning with “algorithms to form
regression models, Markov chains, time series models, state space models,
Bayesian models, neural networks, or any other appropriate model, or any
combination thereof”). Basu describes that, in the forecasting system, “some or all
computation of results may be done in the background and stored in database (i.e.
results may be pre-computed). In that case, results (for example, displayed in

FIGS. 3-5 and 7) are just fetched from the database and displayed when the user
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interacts with the GUL.” 1d., 29:44-51. Beyond predicting the future values of
performance indicators, Basu’s system also determines the conditions or inputs that
would be needed to achieve preferred or target values for the performance
indicators. 1d., 21:56 to 22:56 (where the system provides “calculated deviating
influencer values” specifying changes predicted to bring performance into the

user’s target performance indicator range).

24.  As another example, Abu el Ata describes a system that helps manage
business performance for metrics such as cost, quality of service, and throughput.
STRATEGY-1017, Abstract, 11[0009]-[0012]. Abu el Ata’s system creates a
“precalculated table” of potential future situations and the corresponding solutions,
so that when a problem arises, the system can look up the appropriate precalculated
solution: “From the modeled performance metrics, a business ephemeris (a
precalculated table with specific data structure and content cross referencing
situation and remedy) is provided for on line (real time) and off line analysis of the
subject enterprise. Preferably the business ephemeris/predetermined table is in
terms of cost versus (with respect to) quality of service versus throughput. Given a
current state (“situation”) of the enterprise information system architecture, the
table provides an indication of remedies predefined by the mathematical model,

that is modifications, corrections and/or optimizations to the IS architecture to
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achieve target performance and meet enterprise requirements.” 1d., 1[0009],

[0065].

D. Comparing Models and Model Outputs

25.  In addition to training machine learning models and ensembles, as
discussed above, it was also well-known to compare different trained models and
to compare outputs for different inputs or situations. Comparison functionality
was often provided to assist the user to understand the accuracy levels and
limitations of trained models, so the user can select the most accurate models,
build accurate ensembles, and obtain the best forecasts. STRATEGY-1011,
Abstract, 11[0032]-[0033] (““The forecast model selection graph may be used to
generate combined forecasts as well as comparisons among competing generated
forecasts to select a best forecast.”), [0075]; STRATEGY-1019, FIG. 6, {1[0023],
[0043]-[0047] (scoring models for accuracy), [0107]-[0109] (selecting the most
accurate models); STRATEGY-1020, FIGS 14A-14B (showing model
comparisons), [0082], [0116]-[0123] (noting the need to compare model prediction

accuracy).

26.  For example, Brzezicki describes “an example interface for
comparing models” that “enables comparison of selected model combinations in
graphical form,” as well as “a table that enables comparison of selected model

combinations statistically in text form.” STRATEGY-1011, FIGS. 28-29, {[0073].
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By scoring and comparing different model combinations and their forecasts,
Brzezicki assists users to select the model or forecast that is the best fit or highest

accuracy. 1d., 19[0028], [0033], [0036]-[0039], [0086].

27.  As another example, Lee describes a system for generating ensemble
classifiers that provides “real-time visual feedback™ as a user changes properties of
an ensemble. STRATEGY-1018, Abstract. Lee’s system uses a confusion matrix
to show the results of ensembles, and provides interfaces for users to adjust
ensemble parameters and see the results on individual models and the ensemble as
awhole. Id., FIGS. 6, 10-14, 1[0032]-[0035] (discussing confusion matrix
properties), [0054] (discussing a comparison view for ensemble components),
[0085]-[0088] (indicating changes in accuracy for different ensemble

configurations).

V. LEVEL OF ORDINARY SKILL IN THE ART

28.  Inmy opinion, a person of ordinary skill in the art (“POSITA”) relating
to the subject matter of the *574 patent as of May 29, 2013, would have had (1) a
bachelor’s degree in computer science, data science, or a related field, and (2) two
years of industry experience in machine learning applications and software.

Additional education could substitute for industry experience, and vice versa. Id.
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Further, all positions in this declaration are from the vantage point of a POSITA as
of May 29, 2013.

29. Based on my experiences, | have a good understanding of the
capabilities of a POSITA as of May 29, 2013. Indeed, | have taught, participated in
organizations, and worked closely with many such persons over the course of my
career. Based on my knowledge, skill, and experience, | understand the capabilities
of a POSITA in the context discussed herein. For example, from my industry
experience, | am familiar with what a POSITA would have known and found
predictable in the art. From teaching and supervising undergraduate students,
graduate students, post-graduate students, and students from industry, 1 also have an
understanding of the knowledge that people of various levels of academic experience
have, including the knowledge that a person with bachelor’s degree in computer
science, data science, or a related field possesses. Furthermore, | possess those
capabilities of a POSITA myself.

VI. LEGAL PRINCIPLES

A.  Terminology

30. I have been informed by Counsel and understand that the best indicator
of claim meaning is its usage in the context of the patent specification as understood
by one of ordinary skill. I further understand that the words of the claims should be

given their plain meaning unless that meaning is inconsistent with the patent
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specification or the patent’s history of examination before the Patent Office.
Counsel has also informed me, and | understand that, the words of the claims should
be interpreted as they would have been interpreted by one of ordinary skill at the
time of the invention was made (not today).

31. | have been informed by Counsel that the 574 patent’s earliest priority
date is May 29, 2013 (“the “Critical Date”). Thus, Counsel has instructed me that |
should use Critical Date as the point in time for claim interpretation purposes.
Because | do not know at what date the invention as claimed was made, if ever, |
have used the Critical Date of the °574 patent as the point in time for claim
interpretation purposes. My opinion does not change if the invention date is earlier.

B. Claim Construction

32. My analysis addresses what counsel has informed are claim terms that
represent means-plus-function limitations under 35 U.S.C. § 112(f). Counsel has
informed me that a means-plus-function limitation is expressed in the claim by its
function rather than by particular structure, material, or actions recited in the claim.
In this circumstance, the scope of the claim element is defined by the corresponding
structures, materials, and actions (and any equivalents) that the patent’s specification
describes for performing the function of the means-plus-function limitation. | have
also been informed that, for means-plus function limitations that are performed by a

generic computing device or processor, the corresponding structure can include a
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processor programmed to perform an algorithm to perform the recited function as
disclosed in the specification. Similarly, | have been informed that algorithm steps
can serve as the corresponding structure for means-plus-function limitations that
include or represent software.

33.  While means-plus-function interpretation is a legal construct and not an
engineering concept, my interpretation of the claim elements of the ’574 patent is
substantially consistent with counsel’s interpretation of these features, unless stated
otherwise in my declaration. Below are specific portions of the specification that
counsel indicates describe structures that correspond to the recited function of each
means-plus-function limitation under 8 112(f).

34. For example, in claims 1, 6, and 21, claim elements that include the
word “module” are interpreted by counsel as means-plus-function terms. Counsel
has informed me that although these elements do not recite the phrase “means for,”
the presumption against means-plus-function interpretation is nevertheless
overcome because of the term (1) “module” and the recitation of (2) a “function
without reciting sufficient structure for performing that function.”

35. In more detail, the ’574 patent describes a system with a “results
module 102,” e.g., a computer system, that creates and outputs machine learning
results. STRATEGY-1001, FIG. 1, 6:11-63. An embodiment of the results module

102 illustrated in FIG. 2B includes each of the modules recited in claims 1, 6, and
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21. STRATEGY-1001, 18:5-11. Counsel has interpreted the structures and
algorithms that the specification describes for these modules as corresponding to the

claim terms having the same names.

Results Module

102
Pre-Compute
Input Module Display Module Update Module Module
202 204 208 208
Predictive
Compiler Module
Machine Learning Module 210
212
Recommendation
Module
Machine Machine Machine 214
Learning Leamning Learning —
Ensemble Ensemble Ensemble Collaboration
222a 222b 222¢ Module
216

FIG. 2B
STRATEGY-1001, FIG. 2B

FIG. 2B of the ’°574 patent, with modules mentioned in the claims marked

36. The specification of the ’574 patent describes “modules” as being
implemented with any of “a hardware circuit,” “discrete components,”
“programmable hardware devices,” ‘“‘software,” ‘“computer instructions,”

“executable code,” a “computer,” and a “server.” STRATEGY-1001, 3:37-4:41.

29



37. Claims 1 and 21 both also describe recited modules to “comprise one
or more of logic hardware and a non-transitory computer readable storage medium
storing program code executable by a processor.” STRATEGY-1001, 36:54-58,
38:62-67. In addition, additional corresponding structure for specific elements is
discussed below.

1. Predictive Compiler Module (Claims 1 and 21)

38. In discussing the “predictive compiler module 210,” the *574 patent
discloses algorithm steps to achieve functions such as generating machine learning
(claim 1) and generating multiple predictive programs (claim 21). STRATEGY-
1001, 19:13-21 (discussing module 210), 20:7-15 (summarizing algorithm). The
algorithm steps include (i) receiving training data (id., 20:24-38), (ii) generating
learned functions from the training data (id., 21:17-35), and (iii) forming a machine
learning ensemble from the learned functions (id., 23:28-38), where the output is
executable program code (id., 19:22-33, 6:55-63).

39. Asanexample of what a POSITA would have understood from the term
“compiler,” I reviewed the corresponding term in several dictionaries, which
indicate that the term “compiler” refers to software that translates a module or
algorithm into machine language that a computer can run. STRATEGY-1021, 103;

STRATEGY-1022, 93; STRATEGY-1023, 91. This is consistent with the
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description in the ’574 patent stating that the predictive compiler module outputs
executable program code. STRATEGY-1001, 19:22-33, 6:55-63.

2. Input Module (Claims 1 and 21)
40.  In discussing the “input module 202,” the 574 patent discloses a user
interface that receives user input of values through user manipulation of “a slider

29 <6

graphical user interface element,” “a graphical table,” or a “displayed object.”
STRATEGY-1001, 15:60-16:42.

3. Pre-Compute Module (Claims 1 and 21)

41. In discussing the “pre-compute module 208,” the 574 patent discloses
algorithm steps to predetermine various machine learning results. STRATEGY-
1001, 16:51-57. The algorithm steps include (i) computing multiple results over a
range before the results are requested by a user (id., 18:12-27), and (ii) caching the
results indexed by the inputs (id., 18:46-61). The results are stored in a “results data
structure” which may include “a lookup table, a tree, a linked list, a heap, a stack, or
another indexable data structure.” Id., 18:51-53.

4, Display Module (Claims 1 and 21)

42. Indiscussing the “display module 204,” the 574 patent discloses a user
interface that displays information about precomputed results, including machine
learning results (claim 1) or machine learning parameters (claim 21). STRATEGY-

1001, 17:14-36. Similar to the input module 202, the display module can display
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information using a “graphical table,” a “slider graphical user interface element,” or
a “displayed object.” Id.

5. Update Module (Claim 1)

¢

43. In discussing the “update module 206,” the ’574 patent discloses
algorithm steps to update displayed information in response to user input.
STRATEGY-1001, 17:37-61. The algorithm steps include (i) detecting user input
(id., 17:45-55), (ii) looking up information that corresponds to the user input in a
data structure (id., 17:56-61), and (iii) updating information displayed by the display
module (id., 17:37-44).

6. Collaboration Module (Claim 21)

44. Indiscussing the “collaboration module 216,” the *574 patent discloses
algorithm steps to indicate an impact that different factors or values have on machine
learning results. STRATEGY-1001, 19:45-20:1. The algorithm steps include (i)
accessing data relating to different models or different user inputs (id., 19:1-10), and
(if) determining an impact (e.g., difference or change) in results from the accessed
data (id., 19:45-20:1).

7. Recommendation Module (Claim 6)

45. In discussing the “recommendation module 214,” the ’574 patent
discloses an algorithm step to “select a suggested or optimal set of machine learning

results” such as “a set of default or recommended machine learning results or the

like.” STRATEGY-1001, 19:39-44.
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46. Counsel’s interpretation does not impose an engineering or scientific
constraint on my analysis. My analysis iS not inconsistent with counsel’s
interpretation of these features unless | explicitly stated otherwise.

C. Legal Standards for Obviousness

47. | have been informed by Counsel and understand that documents and
materials that qualify as prior art can render a patent claim unpatentable as being
anticipated or obvious.

48. | am informed by Counsel and understand that all prior art references
are to be looked at from the viewpoint of a person of ordinary skill in the art at the
time of the invention, and that this viewpoint prevents one from using his or her own
insight or hindsight in deciding whether a claim is anticipated or rendered obvious.

D. Anticipation

49. lunderstand that patents or printed publications that qualify as prior art
can be used to invalidate a patent claim as anticipated or as obvious.

50. I understand that, once the claims of a patent have been properly
construed, the second step in determining anticipation of a patent claim requires a
comparison of the properly construed claim language to the prior art on a limitation-

by-limitation basis.
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51. I understand that a prior art reference “anticipates” an asserted claim,
and thus renders the claim invalid, if all elements of the claim are disclosed in that
prior art reference, either explicitly or inherently (i.e., necessarily present).

E. Obviousness

52. 1 understand that even if a patent is not anticipated, it is still invalid if
the differences between the claimed subject matter and the prior art are such that the
subject matter as a whole would have been obvious at the time the invention was
made to a POSITA.

53. | have been informed by Counsel and understand that a claim is
unpatentable for obviousness and that obviousness may be based upon a
combination of references. | am informed by Counsel and understand that the
combination of familiar elements according to known methods is likely to be
obvious when it does no more than yield predictable results. However, | am
informed by Counsel and understand that a patent claim composed of several
elements is not proved obvious merely by demonstrating that each of its elements
was, independently, known in the prior art.

54. | am informed by Counsel and understand that when a patented
invention is a combination of known elements, a court determines whether there was
an apparent reason to combine the known elements in the fashion claimed by the

patent at issue by considering the teachings of prior art references, the effects of

34



demands known to people working in the field or present in the marketplace, and the
background knowledge possessed by a person having ordinary skill in the art.

55. laminformed by Counsel and understand that a patent claim composed
of several elements is not proved obvious merely by demonstrating that each of its
elements was independently known in the prior art. |1 am informed by Counsel and
understand that identifying a reason those elements would be combined can be
Important because inventions in many instances rely upon building blocks long since
uncovered, and claimed discoveries almost of necessity will be combinations of
what, in some sense, is already known. | am informed by Counsel and understand
that it is improper to use hindsight in an obviousness analysis, and that a patent’s
claims should not be used as a “roadmap.”

56. 1 am informed by Counsel and understand that an obviousness inquiry
requires consideration of the following factors: (1) the scope and content of the prior
art, (2) the differences between the prior art and the claims, (3) the level of ordinary
skill in the art, and (4) any so called “secondary considerations” of non-obviousness,
which include: (i) “long felt need” for the claimed invention, (ii) commercial success
attributable to the claimed invention, (iii) unexpected results of the claimed
invention, and (iv) “copying” of the claimed invention by others.

57. 1 have been informed by Counsel and understand that an obviousness

evaluation can be based on a single reference or a combination of multiple prior art

35



references. | understand that the prior art references themselves may provide a
suggestion, motivation, or reason to combine, but that the nexus linking two or more
prior art references is sometimes simple common sense. | have been informed by
Counsel and understand that obviousness analysis recognizes that market demand,
rather than scientific literature, often drives innovation, and that a motivation to
combine references may be supplied by the direction of the marketplace.

58. I have been informed by Counsel and understand that if a technique has
been used to improve one device, and a person of ordinary skill at the time of
invention would have recognized that it would improve similar devices in the same
way, using the technique is obvious unless its actual application is beyond his or her
skill.

59. 1 have been informed by Counsel and understand that practical and
common sense considerations should guide a proper obviousness analysis, because
familiar items may have obvious uses beyond their primary purposes. | have been
informed by Counsel and understand that a person of ordinary skill looking to
overcome a problem will often be able to fit together the teachings of multiple prior
art references. | have been informed by Counsel and understand that obviousness
analysis therefore considers the inferences and creative steps that a person of

ordinary skill would have employed at the time of invention.
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60. | have been informed by Counsel and understand that a proper
obviousness analysis focuses on what was known or obvious to a person of ordinary
skill at the time of invention, not just the patentee. Accordingly, | understand that
any need or problem known in the field of endeavor at the time of invention and
addressed by the patent can provide a reason for combining the elements in the
manner claimed.

61. | have been informed by Counsel and understand that a claim can be
obvious in light of a single reference, without the need to combine references, if the
elements of the claim that are not found explicitly or inherently in the reference can
be supplied by the common sense of one of skill in the art.

62. | have been informed by Counsel and understand that there must be a
relationship between any such secondary considerations and the invention, and that
contemporaneous and independent invention by others is a secondary consideration
supporting an obviousness determination.

63. In sum, my understanding is that prior art teachings are properly
combined where one of ordinary skill having the understanding and knowledge
reflected in the prior art and motivated by the general problem facing the inventor,
would have been led to make the combination of elements recited in the claims.

Under this analysis, the prior art references themselves, or any need or problem
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known in the field of endeavor at the time of the invention, can provide a reason for
combining the elements of multiple prior art references in the claimed manner.

64. | have been informed by Counsel and understand that in an inter partes
review, “the petitioner shall have the burden of proving a proposition of
unpatentability,” including a proposition of obviousness, “by a preponderance of the
evidence.” 35 U.S.C. §316(e).

VII. MATERIALS CONSIDERED

65. My analysis and conclusions set forth in this declaration are based on
my educational background and experiences in the field (see Sec. I1). Based on my
knowledge and experience, | believe that | am considered to be an expert in the field.
Also, based on my knowledge and experience, | understand and know of the
capabilities of persons of ordinary skill in the field around 2013, and | taught,
participated in organizations, and worked closely with many such persons in the field
during that time frame.

66. As part of my independent analysis for this declaration, | have
considered the following: the background knowledge/technologies that were
commonly known to persons of ordinary skill in this art during the time before the
earliest claimed priority date for the ‘574 patent; my own knowledge and

experiences gained from my work experience in the field of the ‘574 patent and
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STRATEGY-1004, FIG. 2 (modified); STRATEGY-1005, FIG. 2 (partial), FIG. 4
(partial)

FIG. 2 of Johnson, with features from Lin from the Johnson-Lin combination,
further configured to add error analysis logic to calculate and attribute error
based on Mihaylov. As discussed above, combination uses Johnson’s
preloading logic 230 to pre-calculate error information (e.g., holdout values
showing error attributable to models), which is stored with other
precalculated results in the database 234. The cockpit interface 134 displays
the impact of using different models (e.g., including the difference in error for
a forecast for using the current model compared to a previous model) based
on error information retrieved from the database 234.
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145. In the Johnson-Lin-Mihaylov combination, the error analysis interface
shows how different sources of error affect forecasting, including the impact on
forecast results of changing predictive programs, as Mihaylov teaches, where the
predictive programs are ensemble models and are implemented as computer
programs, as Lin teaches. STRATEGY-1007, FIGS. 11-12, {{[0050]-[0051],
[0043]-[0045]; STRATEGY-1005, 3:65-4:20, 9:15-38. The error analysis interface
would therefore receive user input to determine the input assumptions used for
forecasting, to specify historical or hypothetical values, using interactive controls,
based on Johnson and Mihaylov. STRATEGY-1004, 1[0030], [0052], [0089];
STRATEGY-1007, 11[0033]-[0034] (noting how assumptions affect results and
may contribute to error). Providing a user interface to show error attribution is an
obvious way to apply Mihaylov’s technique to improve the forecasting system of
Johnson and Lin, which has a similar purpose to provide users business forecasts.
The error attribution interface would be used in the same way it is used in Mihaylov,
e.g., to show the error resulting from various sources, and it would achieve the same
predictable benefits of a more fine-grained view of the sources of error that affect a
forecast.

146. Johnson and Mihaylov both describe making forecasts for different
metrics, which involve different trained functions or models. STRATEGY-1004,

1110047] (“one or more Y variables”), [0100] (each Y wvariable can have
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corresponding functions defined), [0130] (listing various forecasted items);
STRATEGY-1007, 11[0002], [0024] (noting different functions for different
metrics). This results in different predictive programs for different metrics when
Implemented as computer programs, as informed by Lin’s disclosure. STRATEGY -
1005, 3:65-4:5, 9:15-38.

147. In the Johnson-Lin-Mihaylov combination, the error analysis interface
would include controls that receive user input to select a metric, and thereby select
the predictive program that forecasts that metric. STRATEGY-1007, FIGS. 10-12,
11[0050]-[0051] (discussing metric drop-down menu 1003). As discussed below,
there are typically multiple programs (implementing predictive models) for each
metric, a current program representing the current or most-recent predictive model
version and a previous program representing the previous predictive model version.
Id., 11[0043]-[0045].* The set of current programs across the different metric types

represent one subset (e.g., a subset of programs for the most up-to-date predictive

4 Mihaylov uses various terms to refer to different versions of models,
including “original modeling function” for a previous model version and “changed
modeling function” for the current or most recent model version. STRATEGY -
1007, f11[0043]-[0045]. For clarity, I refer simply to the current model or current

predictive program and the previous model or previous predictive program.
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models), and for each metric there is also a different, previous program for which

model change impact can be determined and displayed. Id.

Example User Interface for the Johnson-Lin-Mihaylov Combination
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FIG. 11
STRATEGY-1007, FIG. 11, STRATEGY-1004, FIG. 13 (partial).

FIG. 11 of Mihaylov augmented to include user input controls from FIG. 13 of
Johnson. The drawing is annotated to show areas receiving user inputs in green

and blue, and with graphical and text regions indicating model change impact
in red.

H. Johnson, Lin, Purcell, and Mihaylov Combination

148. A POSITA implementing the Johnson-Lin combination as discussed

above in Section X.C would have been motivated to and would have found it obvious
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to apply features of Purcell (as discussed in Section X.E) and Mihaylov (as discussed
in Section X.G), to achieve the benefits of both Purcell and Mihaylov.

149. In the Johnson-Lin-Purcell-Mihaylov combination, it would have been
obvious based on Purcell to display inputs corresponding to user-selected goal
values, to describe an interface where “the user is able to move to various what-if
graph points and at each graph point have factor and goal values displayed.”
STRATEGY-1006, 2:53-3:4; 5:29-45 (displaying input values “required to meet the
designated goal value”); see Sections X.D-E.1. It also would have been obvious to
display data sets and associated information, including in spreadsheet format based
on Purcell, so that the simple and familiar format “facilitates wider business-
financial use.” STRATEGY-1006, 12:14-28, FIG. 47 (showing values along with
results graphs), FIGS. 3, 4, 13, 17 (showing data sets); see Section X.E.2.

150. In the Johnson-Lin-Purcell-Mihaylov combination, it would have been
obvious based on Mihaylov to pre-calculate and store error information that
attributes error among distinct sources, to determine “whether . . . errors flow from
the models themselves” or from other sources and determine “how well various
models are performing,” as this is the type of result presented to the user.
STRATEGY-1007, {[0004]; see Section X.G.l; Section X.H.  Providing
information about the source of errors enhances Johnson’s interface, which is

already taught to include “error information” and confidence metrics for predictions.
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STRATEGY-1004, 1[0066]. Johnson also clearly expresses an intent to reduce the
delay in presenting information presented on the user interface (STRATEGY-1004,
11[0071], [0152]), and storing pre-calculated error information in the database 234
would ensure that error information, like Johnson’s other results, can be retrieved
and displayed with minimal delay.

151. It would have been obvious to provide a user interface that shows the
impact of different factors, such as changes between two different models or
predictive programs, or the impact of different data set components on accuracy.
STRATEGY-1007, FIG. 6 (showing error impact for different data set elements),
FIG. 7 (showing error impact of different models), Figs. 11-12 (showing user
interfaces), 11[0044]-[0046], [0050]-[0051]; see Section X.G.2.

152. Drawings representing examples of a system configuration and user
interfaces for the Johnson-Lin-Purcell-Mihaylov combination are shown below. As
shown below, user interfaces as discussed above for both the Johnson-Lin-Purcell
combination (Section X.E above) and the Johnson-Lin-Mihaylov combination

(Section X.G above) would have been obvious for the combined system.
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Example Configuration of the Johnson-Lin-Purcell-Mihaylov Combination
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STRATEGY-1004, FIG. 2 (modified); STRATEGY-1005, FIG. 2 (partial), FIG. 4
(partial)

FIG. 2 of Johnson, with features from Lin from the Johnson-Lin combination,
further configured to add error analysis logic to calculate and attribute error
based on Mihaylov. As discussed above, combination uses Johnson’s
preloading logic 230 to pre-calculate error information (e.g., holdout values
showing error attributable to models), which is stored with other
precalculated results in the database 234. The cockpit interface 134 displays
the impact of using different models (e.g., including the difference in error for
a forecast for using the current model compared to a previous model) based
on error information retrieved from the database 234.
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Example User Interface for the Johnson-Lin-Purcell-Mihaylov Combination

Calculated
1312~ Value
| "
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) Added
Control Panel  (from Purcell Fig. 45}
On Cockpit Interface ¢ P
\ 1306
e Display of Probability
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At 6‘7 ; g
1\?»‘5__,_ 1308 HDrizon_taI Scroll Independent 7‘9‘ f 3
\4 Bar, Line, and Variable, .9., X,

Walue Meter Added
(from Purcell Fig. 45)

STRATEGY-1004, FIG. 13 (modified); STRATEGY-1006, FIG. 45 (partial)

FIG. 13 from Johnson, configured to add the scroll bar, horizontal goal-line,
vertical factor value line, and value meters from FIG. 45 of Purcell. In the
Johnson-Lin-Purcell combination, user adjustment of the vertical slider to

adjust the displayed the output result or goal value causes the system to adjust
the horizontal scroll bar and indicated X-variable value to indicate the input
value that will achieve the user-specified goal value.
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Example User Interface for the Johnson-Lin-Purcell-Mihaylov Combination
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STRATEGY-1007, FIG. 11; STRATEGY-1004, FIG. 13 (partial).

FIG. 11 of Mihaylov augmented to include user input controls from FIG. 13 of
Johnson. The drawing is annotated to show areas receiving user inputs in
green and blue, and with graphical and text regions indicating model change
Impact in red.

l. Applicability of References

153. The Johnson, Lin, Purcell and Mihaylov references are all analogous
art, since they are all directed to the same field of endeavor (e.g., making predictions
with predictive models), and they are also reasonably pertinent to at least one
problem that the inventors of the *574 patent sought to address (e.g., providing an

accessible user interface for machine learning results). For example, the *574 patent
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“relates to a dynamic user interface for machine learning results” (STRATEGY-
1001, 1:6-7), and addresses the need for “an accessible user interface for machine
learning results” to “display machine learning results during runtime, with little or
no delay” (id., 1:32-37). The ’574 patent is intended to “predict future events,
recommended actions, or the like” (id., 7:54-65) using predictive analytics “to
identify behavior and trends in future events” (id., 9:55-62). This is the same field
of Johnson’s disclosure, which describes “predictive analysis logic 226 for
generating business forecasts based on historical information.” STRATEGY-1004,
[0066]; see also id., 1[0030] (“generate a prediction by formulating a forecast based
on the course of the business thus far””). Johnson also directly addresses the need for
a user interface that “provides the results to the user substantially instantaneously,
as opposed to imposing a delay.” STRATEGY-1004, 1[0152]; see also id., Title,
11[0068], [0071], [0124], [0151]-[0160]. Lin is also directed to the same field and
addresses the need to facilitate access to machine learning results, specifically stating
that “[a]ccess to predictive models and/or machine learning algorithms can be
granted to users through web applications” and other user interfaces. STRATEGY-
1005, 5:34-46; see also id., 1:12-37 (“predictive models ... to analyze data and
generate predictive outputs”). Purcell is also directed to making predictions, for
example, using “business-financial plans and other models,” to evaluate various

scenarios and possibilities. STRATEGY-1006, 12:29 to 13:13. Purcell also
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addresses the need to provide results with minimal delay, discussing how a “plan-
model can be rapidly changed from one combination of input and output values to
another,” with a “version manager or scenario manager” that “enables users to, for
a particular spreadsheet plan-model, create, manage, and view multiple input-output
value combinations or what-if scenarios more efficiently and quickly.” 1d., 12:65 to
13:13; see also id. Abstract (“Graphic analyses are displayed on a computer display
screen”), 5:4-21 (“on a single graphic analysis the user can move to any of a large
number of combined variant values of two factors (graph line and horizontal axis
position), and for each such what-if possibility see the resultant goal value”).
Mihaylov is also directed to predictive modeling, such as defining a “modeling
function” that can be used “in predicting one or more trends.” STRATEGY-1007,
[0025]. Mihaylov also discusses user interfaces to display forecast results and error
attribution for forecasts. Id., FIGS. 10-12, 1f[0013], [0048]-[0051] (‘“user
interfaces” for evaluating models and forecasts).

154. In addition, Johnson, Lin, Purcell, and Mihaylov are all analogous art
because they, like the *574 patent, are directed to providing predictions for managing
a business and predicting financial outcomes. STRATEGY-1001, 7:24-40 (provides
results “for a business to a business person, sales person, or another user to predict
business actions or outcomes, provide business recommendations, or the like”),

11:47-59; STRATEGY-1004, Abstract (“generating output results for presentation
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in a business information and decisioning control system”), {1[0002]-[0007]
(“making business forecasts™), [0029]-[0031] (“business intelligence interface”),
[0066]-[0067]; STRATEGY-1005, 5:63 to 6:8 (“financial tools™), 7:34-44
(“accounting worksheet”); STRATEGY-1006, 1:6-10 (“providing economic
information”), 1:14-27 (“planning and managing economic investments and
operations,”), 21:44-64 (results displayed so “typical business users can understand
them”), 27:39-50 (illustrating “business plans”); STRATEGY-1007, 1[0001]
(“computer software that may be used by an organization, such as a financial
institution, or other entity in evaluating models, such as financial models™), [0002]
(“statistical models to forecast revenues, losses, and a variety of other metrics so as
to better plan for the future and make more informed business decisions”), [0004],
[0021], [0025].

155. The examiner’s search notes for the *574 patent list various search
queries that the examiner performed. STRATEGY-1002, 22-30. | repeated some
of the examiner’s searches using the USPTQO’s public search tool available at the

web site https://ppubs.uspto.gov/pubwebapp/. For example, the search query

designated “S67” is listed as “(predictive with (analytics or modeling)),” and when

I ran this query, the Lin and Mihaylov references were included in the results
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https://ppubs.uspto.gov/pubwebapp/

(6]

(shown below), but Johnson and Purcell were not included in the results.

(2] Dstabases

(predictive WITH (analytics OR modeling)) AND @fd<"20130529"
@ Selectall
A US-PGPUB
& usPaT
& UsoCR

= Sel1.61

Defaul Operator. | OR ~| Highights: | Single Color =

@ ShowEmors [ Plals () Bultish Equivalents

(@ ot ERa - |

I3 Search Rosults x E Search History
& & | A Setings v | & Find Withn ar.
Highight modeling  predictive | analytics analytic modelling | modelings | modellings | predictives. Hit Terms.
LS 7445 rosals ound. Curronty displaying o recults. Filrod by Family 10 (4114 famibios)
Selct +  Res.. X  DocumentiD - Date Publish... FamilylD  Tida cPal Inventor
[u] 1 1118 ] US 8364588 B2 2013.01.20 40073287 System and method for automated delection of never-pay data sets GOGQ4D! . Celka; Christopher J. etal *
O (1) 119 O US 8364510 B1 2013.01-26 47562357  Apparatus, systom and method for processing, analyzing or displaying dat . GO6QO/ . Basu; Atanu etal
O (e1) #1200 US 8364520 B1 20130129 47562358  Method for measuring offsctivenass of samping activity and providing pre- . GOGQ30/ . Eichom; Matthew Patrick _ g
a 121 O US 8364578 B 20130128 47562365  Simultansous customer/account strategy execution in a decision managem . G06Q30/02  Honarvar, Laurence
(=] 122 O USB64613B1 20130128 47562370 Hosling prediciive models GOGNT/O1  Lin; Wei-Hao et al
a 1123 O US 8364631 B 20130128 47562373 Database migration GOSF16/2... Gulti; Srinath et al.
O ei) 1124 0) US20130023054A1 20130124 44065749  LIPID BIOMARKERS FOR STABLE AND UNSTABLE HEART DISEASE  GON3XS... Meikle; Peter Jon ef al.
O (+1 M25 0 US20130024415A1 20130124 46513854 Monitoring Method Using Kemel Regression Modeling With Pattern Seque... GUSB230... Herzog, James P.
A L oo e a0 1t 04 AAESANNG_ Mnnitnsinn Guctam | cinn Karnal Banroccinn Madoinn with Datlor Samia  ANRRIAN  Hervan: lamee &
i —

USPTO Search Screenshot, showing search results for the original “S67”

search query, showing Lin as a result

® As shown in the images below, I added an extra criterion “ AND @fd<"20130529" ” to
each search query I ran, which limits results to those with a filing date before the *574 patent,

simply to view results relevant to the ’574 patent. Screenshots show items sorted in descending

order by date published.
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Highlight user | interface | analysis users model dynamic interfaces analyzed models analyzing | analyze | modeling analyses | analyzer analyzes modeled predictive | dynamics analytics | analysed Hit Terms

a +2 220 045806 A1 2013-02-21 47713026  SYSTEMS AND METHODS FOR PREDICTING PERFORMANCE OF SP. HO4wW4/1...  Bloodworth, Diane

8] 22 0041781 A1 2013-02-14 47676144 DIGITAL PERSONAL MARKET AND SHOPPING NETWORK G0BQ10/..  FREYDBERG, Mary-Stua

0 (+1) 22 0360B0AT 2013-02-07 46551907 Method And Apparatus For A Predictive Tracking Davice AB1BS5/72. . Kane-Esrig; Yana

O (i) 223 US 8364519 B1 2013-01-29 47562357  Apparatus, system and method for processing, analyzing or displaying dat... GOGQ10/... Basu, Atanu et al.

() 224 0 US 8364613 B1 2013-01-29 47562370  Hosting predictive models GO6NTIO1  Lin, Wei-Hao el al

O (+1) 2% US 20130024307 A1 2013-01-24 47506944 Systems and Methods to Communicate with Transaction Terminals GOBQ20/.  Fuerstenberg; Zack et al

O (+i 226 us GOAT 2013-01-24 47555509 Interactive Hair Grooming Apparatus, System, and Method B26B19/3... Burdoucci; Romello J.

o 227 US € 2 2013.01-22 41340437 System and method for context and community based customization fora . GOBQ30/_  Dalal, Vipul C. et al

[u] +1 228 us G5A1 2013-01-17 47519486 Multi-Channel Data Driven, Real-Time Fraud Determination System For El..  G0GQ20/... Kolhatkar, Jayashree S

0 (+i) 220 006724 A1 2013-01-03 47391528 TOLLING USING MOBILE DEVICE GO7B15/0... Simanek; Michael E. et al

] 230 006725 A1 2013-01-03 47391528 TOLLING INTEGRATION TECHNOLOGY GOTB15/0... Simanek; Michael E_ etal. .
. .

USPTO Search Screenshot, showing search results for the modified “S68”

search query, showing Lin as a result

XI. MANNER IN WHICH THE PRIOR ART REFERENCES RENDER
THE °574 CLAIMS UNPATENTABLE

A. GROUND 1A: Johnson and Lin Render Obvious Claims 1-3, 5, 8-
10, 12, and 13

[1pre] An apparatus for machine learning results, the apparatus comprising:

158. To the extent the preamble is limiting, the Johnson-Lin combination
describes this feature. Johnson describes generating forecasts using models 136 that
can use “regressive analysis techniques,” “artificial intelligence analyses,”
“extrapolation,” and other machine learning techniques. STRATEGY-1004,
11[0047], [0147]. Johnson teaches that the models can represent a function that is

“a mathematical equation or other function fitted to empirical data,” and thus is

112

















































































include display update functionality that is separate from or additional to the pre-
loading logic 230 and display presentation logic 236, and so would serve as an
update module by handling the functions of responding to user input and updating
the display in response. This would have been obvious as a separate instance or
copy of at least the display update functionality Johnson describes being performed
by the preloading logic 230 and display presentation logic 236. STRATEGY-1004,
10072], [0101], [0105], [0167]-[0170]. A POSITA would have been motivated to
implement the display functionality running in parallel in this way to increase the
capacity of the system to concurrently handle multiple tasks. For example, Johnson
describes that the pre-loading logic 230 pre-calculates results and stores them in a
database 234 (STRATEGY-1004, {1[0071], [0157]), and after a request is received
the pre-loading logic 230 also “determines that the results have already been
performed, and then retrieves the results from the pre-loaded database 234” (id.,
[0153]). A POSITA would have found it obvious to improve throughput and
versatility of Johnson’s system by implementing multiple instances of the data
retrieval functionality described for the pre-loading logic 230 (e.g., including
retrieval capability in both a precompute module and a separate update module), to
increase capacity through parallel processing, which Lin describes. Johnson’s

display presentation logic 236 is also involved in multiple tasks, and not just
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performing display updates, it would be obvious similarly to include multiple
modules or multiple instances to handle the various tasks concurrently. Id., 1[0072].

198. Increasing the capacity and responsiveness of Johnson’s system in this
manner was an obvious way to “support[] the overarching aim” of Johnson’s system,
“which is to provide timely and accurate results” to the user. STRATEGY-1004,
[0071]. Indeed, implementing Johnson’s functionality in parallel-operating
modules represents the application of a known technique, e.g., parallel processing
discussed by Lin and as was well-known to a POSITA, to Johnson’s device that is
ready for improvement, which would yield the predictable result of multiple
concurrently-operating modules. STRATEGY-1005, 10:3-19, 15:5-26. An
example of this arrangement with an additional update module representing the
display update functionality of the preloading logic 230 and the display presentation

logic 236 running in parallel with other application logic 218 is shown below.
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Example Showing Johnson’s Display Update Functionality
as a Separate or Additional Instance Operating In Parallel
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STRATEGY-1004, FIG. 2 (modified); STRATEGY-1005, FIG. 2 (partial), FIG. 4

FIG. 2 of Johnson, modified to show another example configuration for the
Johnson-Lin combination, annotated to show elements corresponding to the
update module, the display module, and the precompute module. In this
example, the display update functionality of the display presentation logic 236

Training
Data
az0

Displayed Second /
Permutation of
Results From

Precompute Module

(partial)

and the preloading logic 230 is shown as a separate or additional update
module that operates in parallel with the application logic 218 that Johnson
describes.

199. Regarding updating of the display, Johnson describes that “the cockpit
user 138 adjusts the input devices (318, 320, 322, 324) to select a particular

permutation of actionable X variables. Johnson’s digital cockpit 104 responds

141




by simulating how the business 102 would react to this combination of input
actionable X variables as if these actionable X variables were actually implemented
within the business 102.” STRATEGY-1004, 1[0101]; see also id., 11[0105], [0118],
[0167]. Moreover, “the digital cockpit 104 can be configured to dynamically
display changes to the response surface 312 while the cockpit user 138 varies
one or more input mechanisms (318, 320, 322, 324). The real-time coupling
between actuations made in the control window 316 and changes presented to the
response surface 312 allows the cockpit user 138 to gain a better understanding of
the characteristics of the response surface 312.” STRATEGY-1004, {1[0102],

[0118], [0179].
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Example of Update Module Operation
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STRATEGY-1004, FIG. 3

FIG. 3 of Johnson, showing an example user interface annotated to show how
user input provided to the input module, illustrated as window 316, causes the
update module to display updated results in the windows 308, 310.

200. When the user enters additional values to change the scenario for

simulation, “if the digital cockpit 104 determines that the results have been pre-

calculated, then the digital cockpit 104 retrieves and supplies those results to

the cockpit user 138 (in step 1020).”

Id., 1[0170], FIG. 10, 11[0167]-[0168]

(discussing identification of requested results). Thus, the update to the displayed
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results can present a second permutation of results from the preloading module 230

(e.g., precompute module). Id., §[0170] (noting that retrieval can be done by the

preloading module 230), FIG. 10.

Operations to Update the Display

Fig. 10
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STRATEGY-1004, FIG. 10

FIG. 10 of Johnson, annotated to show the portions of Johnson’s process that
involve caching of precomputed permutations of machine learning results and
subsequent retrieval of stored results for updating a display.
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201. Thus, a user adjustment to the knobs or sliders in the control window
316 (e.g., input module) identifies additional values for the actionable X variables
(e.g., machine learning parameters). STRATEGY-1004, {1[0101], [0105], [0117]-
[0118]. In response to the changed values for the X variables, the system will
“dynamically display” a changed set of results (e.g., second permutation) for the new
scenario the user indicated. 1d., 11[0102], [0179]. The updated results are from the
preloading logic 230 (precompute module), retrieved from pre-calculated results
cached in the database 234. Id., FIG. 2 (database 234), FIG. 10 (element 1020),
19[0071], [0153], [0166]-[0167].

202. The Johnson-Lin combination provides and renders obvious the same
structure that the 574 patent teaches for the update module, e.g., algorithm steps of
(i) detecting user input (STRATEGY-1004, 11[0167]-[0168], [0101]-[0102]), (ii)
looking up information that corresponds to the user input in a data structure (id.,
FIG. 10, 11[0152]-[0153], [0167]-[0168], [0170]), and (iii) updating information
displayed by the display module (id., 11[0102], [0085], [0179], [0197], [0203]).

203. A POSITA would have considered the Johnson-Lin combination to
perform the claimed function of the update module as discussed above. Moreover,
a POSITA would consider the Johnson-Lin combination to operate in substantially
the same way described by the 574 patent, since the Johnson-Lin combination is

performing the same algorithm steps. The result of these steps is that the Johnson-
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Lin combination achieves substantially the same result as the pre-compute module
of the °574 patent, e.g., updating the machine learning results displayed on a user
interface to show a stored set of results.

[1.6] wherein the predictive compiler module, the input module, the pre-compute
module, the display module, and the update module comprise one or more of

logic hardware and a non-transitory computer readable storage medium storing
program code executable by a processor.

204. In the Johnson-Lin combination, the cockpit control module 132
includes the predictive compiler module, the input module, the pre-compute module,
the display module, and the update module. The cockpit control module 132 has
one or more of logic hardware and a non-transitory computer readable storage
medium storing program code executable by a processor. STRATEGY-1004,
11[0065]-[0066]; STRATEGY-1005, 12:38-14:25.

205. As Johnson describes, the cockpit control module 132 “can be
implemented as any kind of computer device, including one or more processors
210, various memory media (such as RAM, ROM, disc storage, etc.),” and “other
computer architecture features that are known in the art.” STRATEGY-1004,
10065]. The memory media stores “application logic 218" that can include
“different modules of program instructions.” Id., 1[0066], Claim 40 (“‘computer-
readable medium including instructions for carrying out the control module logic™).
Implementing the modules in computer hardware and/or a computer-readable

medium storing program code was also obvious in view of Lin’s disclosure of
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computer-implemented features. STRATEGY-1005, 12:3 to 14:44. Accordingly,
the Johnson-Lin combination provides and renders obvious implementation of the
various modules as logic hardware and/or a non-transitory computer readable
storage medium storing program code executable by a processor.

First Example Showing Modules
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STRATEGY-1004, FIG. 2 (modified); STRATEGY-1005, FIG. 2 (partial), FIG. 4
(partial)

FIG. 2 of Johnson, modified to show an example configuration for the
Johnson-Lin combination, annotated to show elements corresponding to the
predictive compiler module, precompute module, display module, input
module, and update module, all of which are implemented using hardware
logic and/or stored program code based on Johnson’s teachings.
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Second Example Showing Modules
(Separate Update Module Instance)
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(partial)

FIG. 2 of Johnson, modified to show another example configuration for the
Johnson-Lin combination in which the update module is separate from or
additional to Johnson’s preloading logic 230 and display presentation logic
236 and operates in parallel with other application logic 218. The figure is
annotated to show elements corresponding to the predictive compiler module,
precompute module, display module, input module, update module, all of
which are implemented using hardware logic and/or stored program code
according to Johnson.
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[Claim 2] The apparatus of claim 1, wherein the pre-compute module is
configured to cache the predetermined permutations of the machine learning
results for the update module in a results data structure indexed by the one or
more machine learning parameters.

206. In the Johnson-Lin combination, the preloading logic 230 (e.g.,
precompute module) is configured to cache the predetermined permutations of the
machine learning results. STRATEGY-1004, FIG. 2 (database 234, labeled “Cache
of Pre-stored Analytical Results”), FIG. 10 (database 234), 11[0071], [0094], [0153],
[0164], [0166]-[0167]. The results are stored for the update module, so they can be
later used and described when a user describes an input scenario that calls for those
results. STRATEGY-1004, 1[0170] (display is updated from stored results),

[0166]-[0167], Abstract.
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STRATEGY-1004, FIG. 10

FIG. 10 of Johnson, annotated to show operations to cache precomputed
results in data structures of the database 234, for later retrieval and display
on a user interface.

207. The preloading logic 230 stores results in a results data structure
indexed by the one or more machine learning parameters. In the Johnson-Lin
combination, the record storage 220, which includes database 234 storing cached

results, is for “storing different groups of records using appropriate data

structures.” Id., [0066]. Storing results involves “codifying the output results
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for storage to enable the output results to be retrieved at a later point in time.” Id.,
[0124]. The structure of the database 234 links results to a corresponding set of
input assumptions for X variables (e.g., machine learning parameters), so that a set
of conditions defining these input assumptions “are used as a key to search the
database 234" for results from “a prior analysis session” or for “retrieving pre-
calculated results.” Id., §1[0167], [0070] (noting input assumptions refer to values
for X variables). The fact that the values for the input assumptions “are used as a
key” indicates that the results are indexed by those input values to facilitate lookup
by the input values.

208. Storing results indexed to the machine learning parameters was also
obvious based on Johnson’s use of indexing as a general storage technique. Id.,
f[0063]. Johnson notes that the architecture can use “multi-dimensional data
structures” in which “dimensions serve as indices for retrieving information from a
multi-dimensional array of information.” Id. Although Johnson does not refer to
the database 234 specifically when mentioning these multi-dimensional data
structures, a POSITA would have recognized that these common database
techniques discussed for the architecture 200 are broadly applicable and are obvious
to apply to the database 234.

[Claim 3] The apparatus of claim 2, wherein the update module is configured to

determine the second permutation of the one or more machine learning results
by looking up the second permutation of the one or more machine learning
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results in the results data structure using the one or more additional values for
the one or more machine learning parameters.

209. Supra Section XI.A.[1.5], Claim 2. In response to user input, the
additional input values “are used as a key to search the database 234 to determine
the corresponding second permutation of results. STRATEGY-1004, [0167], FIG.
10. Johnson’s update module performs this task, which includes the preloading logic
230 that can look up results from the database 234. STRATEGY-1004, 1[0170].

[Claim 5] The apparatus of claim 1, wherein the plurality of learned
functions are from multiple machine learning classes.

210. The ’574 patent describes “different machine learning classes™ to
represent applying different types of machine learning models or algorithms, such

29 <6

as “decision trees,” “decision forests,” “regression machines,” and so on.
STRATEGY-1001, 21:36-49.

211. In the Johnson-Lin combination, the plurality of learned functions
include models from multiple machine learning classes. STRATEGY-1004, 1[0041]
(transfer functions of models can represent “various statistical techniques, rule-based
techniques, artificial intelligence techniques, etc.”). Johnson additionally discloses
that model types represent “discrete event simulations, continuous simulations,
Monte Carlo simulations[,] regressive analysis techniques, time series analyses,

artificial intelligence analyses, extrapolation and logic analyses, etc.”). Id., 1[0147];

see also STRATEGY-1005, 1:21-26 (discussing various types of models, including
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“Naive Bayes classifiers, k-nearest neighbor classifiers, support vector machines,
and logistic regression techniques”), 4:16-25 (discussing accuracy advantage of
combining multiple models).

212. A POSITA would have found it obvious to use multiple types of
machine learning models together in a predictive program, for many of the same
reasons that an ensemble of models is often preferred over a single model. For
example, a POSITA would have recognized that an ensemble with multiple types of
machine learning models can provide higher predictive accuracy than single models
by reducing variance, mitigating individual model biases, and improving
generalization to unseen data. Using multiple types of models adds additional
robustness to noise and model failure, beyond what an ensemble of the same type of
model may provide, since different types of models respond differently to different
patterns and conditions.

[Claim 8] The apparatus of claim 1, wherein the one or more machine learning

parameters comprise one or more of an attribute of a feature, a target value for a
goal, an action relating to a goal, a confidence metric, and a target of an action.

213. The Johnson-Lin combination provides and renders obvious machine
learning parameters that comprise one or more of an attribute of a feature, a target
value for a goal, an action relating to a goal, a confidence metric, and a target of an
action. In particular, the machine learning parameters include Johnson’s “X

variables.” The values of these X variables affect the results that are calculated and
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displayed, and the values of the X variables and are adjusted by user input.
STRATEGY-1004, 11[0047], [0070], [0100]-[0102], [0105], [0113]-[0117]. These
X variables provide and render obvious the machine learning parameters including
an attribute of a feature, since values and ranges of input variables are attributes
according to the 574 patent (STRATEGY-1004, 11[0047], [0070], [0100]-[0102]
(discussing user input setting X variable values), [0061], [0160] (discussing range
of input variables); STRATEGY-1001, 12:37-57, 14:28-51, 8:5-13).

214. The “X variables” described by Johnson also provide and render
obvious the machine learning parameters including an action relating to a goal,
where the variable is “actionable” because it “corresponds to an aspect of the
business 102 that the business 102 can deliberately manipulate” to achieve a goal
(STRATEGY-1004, 11[0100], [0105], [0113]-[0117], [0067] (discussing user’s
“predefined goal”).

215. The “X variables” described by Johnson also provide and render
obvious the machine learning parameters including a target of an action, since X
variables can represent the “target resources” that will receive a command or
adjustment. STRATEGY-1004, 4[0056], [0090], [0089] (noting “desired target”
of adjustments).

216. Based on Johnson, it also would have been obvious to a POSITA for

the machine learning parameters to include a target value for a goal, such as a
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“predefined goal” or “desired target results” as Johnson describes. STRATEGY -
1004, 11[0067], [0092], [0117], [0161] (human analyst designating desirable
outcomes). It also would have been obvious for the machine learning parameter to
include a confidence metric, since Johnson explains that “desired target results”
include achieving ‘“suitable confidence” in the results. STRATEGY-1004,
11[0105]-[0106], [0117], [0161].

217. The X variables described by Johnson provide an attribute of a feature,
where the values of the X variables and ranges of for the X variables are attributes.
STRATEGY-1004, 11[0047], [0070], [0100]-[0102] (discussing user input setting
X variable values), [0061], [0160] (discussing range of input variables). The ’574
patent gives examples of attributes that include “minimum and maximum values”
and ““a set of defined values, or another set of attribute values.” STRATEGY-1001,
12:37-57; see also id., 14:28-51, 8:5-13. A POSITA would recognize that Johnson’s
ranges indicate “maximum and minimum values” and that the values for X values
similarly count as attribute values.

218. The X variables described by Johnson can also represent actions
relating to a goal, because Johnson describes that X variables can be “actionable” so
that each variable “corresponds to an aspect of the business 102 that the business
102 can deliberately manipulate” to achieve a goal. STRATEGY-1004, {1[0100],

[0105], [0113]-[0117], [0067] (discussing user’s “predefined goal”). Thus, setting
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or changing an actionable X variable represents taking an action to adjust operation
of the business, which is done to achieve a business objective. Id., 1 [0053], [0092],
[0105], claim 42. As an example, Johnson describes the “size of the workforce” of
a business as an actionable X variable because it affects the output Y variable and
the business “can control the size of the workforce by hiring additional staff,
transferring existing staff to other divisions, laying off staff, etc.” Id., §[0100],
[0114] (workforce size can be set with an adjustment knob), [0117] (adjustments
are made to achieve “desired target results™).

219. As described by Johnson, one or more X variables can also represent a
target of an action, for example, when the X variables correspond to the “target
resources” that will receive a command or adjustment. STRATEGY-1004,
19[0056], [0084] (based on analysis, instructions are propagated to “target
processes” of the business, to cause “specified changes in the business”), [0089]-
[0090] (noting “desired target” of adjustments).

220. It would have been obvious to a POSITA for the machine learning
parameters of the Johnson-Lin combination to include a target value for a goal based
on Johnson’s disclosure. Johnson describes that users often have a “predefined goal”
or “desired target results” that they are attempting to achieve through use of the
digital cockpit interface. STRATEGY-1004, f1[0067], [0092], [0117], [0161].

Johnson further describes that a user input can specify the desirable outcomes to
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guide result generation. STRATEGY-1004, f[0161] (human analyst specifies
desirable portions of the result surface). Thus, it was obvious to specify the target
value for a goal, e.g., a desired point on the result surface to be achieved, so the
calculations can “determine the optimal performance of the business” as Johnson
describes. 1d.

221. It would have been obvious to a POSITA for the machine learning
parameters of the Johnson-Lin combination to include a confidence metric based on
Johnson’s disclosure. Johnson describes that it is important for results to have a
“satisfactory level of confidence” is important for robust forecasting. STRATEGY -
1004, 9[0161], [0149]. Johnson also notes that the user can have a minimum level
of confidence, so there is “adequate assurance that the process 500 can realize the
desired target results (e.g., 70% confidence 80% confidence, etc.).” Id., 11[0117],
[0105]-[0106] (desirable results are “on-target” and have “suitable confidence”).
Thus, it would have been obvious for the system of the Johnson-Lin combination to
receive user input of a user’s desired confidence level (e.g., “70% confidence” or
“80% confidence”) as a machine learning parameter that guides the generation and
presentation of results. Id.

[Claim 9] The apparatus of claim 1, wherein the machine learning results

comprise one or more of an attribute of a feature, a target value for a goal, an
action relating to a goal, a confidence metric, and a target of an action.
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222. In the Johnson-Lin combination, the machine learning results include
confidence metrics. STRATEGY-1004, FIG. 9 (showing results representing
different confidence levels), FIGS. 13-17, {f]0178], [0066] (forecasts include
“degrees of confidence” for predictions), [0020]-[0025], [0072], [0106], [0149], ,
11[0185]-[0187]. For example, as Johnson teaches, forecasting done by the analysis
logic 222 includes predicting business performance and also “generating error
information indicating the degrees of confidence associated with its predictions.”
Id., 1[0066]. Confidence information, which is a result of machine learning
processing, is also presented to users on the user interfaces that show results. Id.,
1[0020]-[0025], [0080] (“the cockpit control module 132 can also calculate and
present information regarding the level of confidence associated with the business
predictions™), [0178]-[0187]. Anexample is shown in FIG. 12, copied below, where

confidence bands for 10%, 50%, and 90% confidence are shown. Id., 1[0178].
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STRATEGY-1004, FIG. 12

FIG. 12 of Johnson, annotated to indicate examples of confidence metrics
displayed on a user interface as type of machine learning result of the
Johnson-Lin combination.

223. In the Johnson-Lin combination, the machine learning results can also
include an action relating to a goal. As Johnson describes, based on the processing
of the models, the cockpit control module 132 ‘“generates a series of
recommendations regarding different courses of action[] that the cockpit user 138

might take....” STRATEGY-1004, 11[0056], [0092] (system performs optimization
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to recommend commands that change business operation). The recommendations
relate to a goal because they are made through optimization to achieve a “predefined
goal (such as an optimized revenue value, or optimized sales volume, etc.).”
STRATEGY-1004, 11[0067], [0092] (optimization achieves a “predefined objective
(such as maximizing profitability, minimizing risk, etc.)”).

[Claim 10] The apparatus of claim 1, wherein the input module is configured to

receive the user input as an adjustment to a slider graphical user interface
element corresponding to the one or more machine learning parameters.

224. The input module receives adjustment to a slider graphical user
interface element corresponding to the one or more machine learning parameters.
Johnson discloses that a “cockpit interface 134 can include various graphical knobs,
slide bars, switches, etc. for receiving the user's commands.” STRATEGY-1004,
[0075]; see also id., f[0082] (control window 316 includes “a collection of
graphical input slider bars 3207), FIG. 3, 11[0083], [0167], [0179] (control

window 316 controls vary values for “X variables” (machine learning parameters)).
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FIG. 3 of Johnson, annotated to show an example of the input module,
illustrated with window 316, including slider graphical user interface elements
configured to receive user input.

[Claim 12] The apparatus of claim 1, wherein the input module is configured to
receive the user input as a user manipulation of a displayed object.

225. Inthe Johnson-Lin combination, the interactive display 266 (e.g., input
module) configured to receive user input as a user manipulation of a displayed
object, such as a knob, slider, switch, data entry box, etc. STRATEGY-1004,
11[0082], [0101], [0105], FIG. 3 (showing objects in window 316), Figs. 12, 13, 18.
[Claim 13] The apparatus of claim 12, wherein the user input comprises one or

more of: an adjustment to a size of the displayed object; an adjustment to a
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vertical position of the displayed object; an adjustment to a horizontal position of
the displayed object; an adjustment to an opacity of the displayed object; an
adjustment to a color of the displayed object; an adjustment to a shape of the
displayed object; an adjustment to shading of the displayed object; a text entry in
a text box for the displayed object; and user interaction with an animation for
the displayed object.

226. In the Johnson-Lin combination, there are several types of user input.
The user input includes, among other inputs, an adjustment to a horizontal position
of a displayed object, with horizontal sliders. STRATEGY-1004, {[0075] (“slide
bars”), [0082] (“graphical input slider bars 320), FIG. 3 (showing the slider bars 320
move horizontally). In addition, the user input includes an adjustment to a vertical
position of the displayed object, for vertical switches. Id., 1[0075] (“switches™),
[0082] (“toggle switches 322”), FIG. 3 (showing toggle switches 32 move up and
down). The user input also includes text entry in a text box for the displayed object,
for values entered in data entry boxes. Id., 11[0075], [0082]-[0083], FIG. 3. A
POSITA would have understood Johnson’s reference to “data entry boxes™ to refer
to text boxes that can receive text, including numbers or other values typed by a user.
In addition, text entry was an obvious method of data entry in view of Johnson’s
statement that “other graphical input devices 324” can be used (STRATEGY-1004,
[0082]), that Johnson’s input device 270 can be a “keyboard” (id., 1[0078]) which
is known to provide text as input, and further that Lin describes a “spreadsheet web
application” that receives user input (STRATEGY-1005, 5:63-6:13, 7:34-56, FIG.

1).
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STRATEGY-1004, FIG. 3

FIG. 3 of Johnson, annotated to show examples of types of user input that the
input module is configured to receive.

B. GROUND 1B: Johnson, Lin, and Purcell Render Obvious Claims
7, and 16-18

[Claim 7] The apparatus of claim 1, wherein the one or more machine learning
parameters comprise one or more of an input and an output of the machine
learning adjusted by the user input and the machine learning results comprise
one or more of an input and an output of the machine learning determined
based on the one or more machine learning parameters.

227. In the Johnson-Lin-Purcell combination, user input to the knob panel

1312 can adjust input values for X variables (input to machine learning) to produce
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a predicted Y-variable output value (output of machine learning) as a result based
on the input values. STRATEGY-1004, {1[0101], [0105], [0167]-[0170].

228. In addition, user input to the vertical slider can adjust an output “goal value”
for the Y variable (output of machine learning) to produce corresponding X-variable
input values (input to machine learning) as a result based on the goal value, which
shows the function inputs that would achieve the user-specified goal value.
STRATEGY-1006, 5:29-55, 37:1-21. See Sections X.G (above) and XI.B.[16.5]
(below).

User Interface Enables Users to Adjust Input (e.g., X
Variables) and Output (Y Variable), to View Resulting
Changes to Input and Output

User Input Changes X
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FIG. 13 of Johnson, modified to show an example user interface for the
Johnson-Lin-Purcell combination having horizontal and vertical scroll bars
and corresponding value meters added based on Purcell’s FIG. 45. The
drawing is annotated to show how, according to Purcell’s techniques, user
input to the vertical scroll bar changes the value of machine learning output
(the Y variable result) and user input to the horizontal scroll bar changes the
value of machine learning parameter (the X variable input). Changes to the
input and output scroll bars cause the user interface to be updated to show the
updated positions of input and output for the scenario the user has entered.

[Claim 11] The apparatus of claim 1, wherein the input module is configured to
receive the user input as a user entry in a graphical table and the display module
Is configured to display the one or more machine learning results as entries in
the graphical table.

229. In the Johnson-Lin-Purcell combination, the display presentation logic
236 describes the cockpit interface 134 with the interactive display (e.g., display
module) that can present output results in “spread sheet format,” and thus is
configured to display results as entries in a graphical table. STRATEGY-1004,
[0083]. The spreadsheet interface also receives user input, allowing users can “see
and test changes” to input values that define “what-if” scenarios and see the
corresponding result values. STRATEGY-1006, 14:47-57, 2:1-21, 3:5-30; see

Section X.E.2.
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[16pre] A method for machine learning results, the method comprising:

230. To the extent the preamble is limiting, the Johnson-Lin-Purcell
combination describes this feature by the method performed by the cockpit control
device 134. Supra Section XI.A.[1pre].

[16.1] generating a predictive program comprising a plurality of learned
functions from multiple machine learning classes;

231. Supra Section XI.A.[1.1a], XI.A.[Claim 5].
[16.2] inputting permutations of machine learning parameters incrementally

between minimum values for the machine learning parameters and maximum
values for the machine learning parameters into the predictive program;

232. Supra Section XI1.A.[1.3]. Inthe Johnson-Lin-Purcell combination, the
preloading logic 230 inputs permutations of X variable values (machine learning
parameters) incrementally into the predictive program that implements a trained
machine learning ensemble.  As discussed above for Element [1.3], Johnson
describes calculating results by “sequencing through a great number of permutations
of actionable X variables” that serve as machine learning parameters (STRATEGY -
1004, 1[0151]), which can involve computing results for various “permutations of
input assumptions (e.g., specific combinations of input X variables)” (id., 1[0153]).
Johnson also explains that “the preloading logic 230 can probe the response surface
900 in an orderly way, for instance, by selecting sample points for investigation at

regular intervals within the response surface 900.” STRATEGY-1004, {[0159].
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233. A POSITA would have understand that generating output results for
different permutations of input values, as Johnson describes, involves inputting the
different permutations to the predictive model or predictive program that generates
the output results. As Johnson and Lin describe, a predictive model—and thus the
program implementing the predictive model—maps inputs to outputs.
STRATEGY-1004, [0047] (“transfer function of a model 136 maps one or more
independent variables (e.g., one or more X variables) into one or more dependent
variables (e.g., one or more Y variables)”), [0100]-[0101], [0123], [0155];
STRATEGY-1005, 3:39-47 (trained model will “map a feature vector to a predictive
outcome according to the inferred function”), 3:60 to 4:15 (system can “output the
predictive model in a suitable computer readable and executable format”).
Accordingly, with predictive models implemented as a predictive program, it was
obvious for the input values to be input to, e.g., provided to, the predictive program
to obtain the output of the predictive program.

234. A POSITA would have understood Johnson to describe and render
obvious inputting the different permutations of input values incrementally, both in
the sense of inputting permutations sequentially and at regular increment sizes. See
STRATEGY-1004, 11[0118], [0122]-[0123], [0151]. Johnson describes the system
iteratively changing values that are input to a predictive function or model, such as

by a “loop” where “where a different permutation of input assumptions is selected”
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each time (STRATEGY-1004, 1[0122]), by “sequencing through” the input value
combinations (id., §1[0118], [0123], [0151]), and by acting to “parametrically vary”
the X variable that serve as inputs (id., § [0123]). Claim 16 does not require
increments to be of equal size, but this would nonetheless have been obvious based
on Johnson’s discussion of moving through different permutations “in an orderly
way” and “at regular intervals,” both of which would indicate to a POSITA that a
consistent increment size can be used. STRATEGY-1004, 1[0159].

235. As discussed above, for Element [1.3], Johnson’s FIG. 9 shows that
pre-calculation of results is performed for input values in a defined range, and
POSITA would understand and find it obvious that a range has a minimum value
and a maximum value. For example, Johnson’s FIG. 9 shows that there is a
minimum value and maximum value for the “X” input variable and for the time
variable. STRATEGY-1004, f1[0151], [0159]. Further, Johnson describes that the
calculations are performed for a defined “scope” or range of values for input
variables, including using existing “empirical business information” to describe
“guidance on the kinds of ranges of input variables that are typically used in
exploring the behavior of the particular business sector.” STRATEGY-1004,
10160]. The determination of which calculations to perform, and thus which range
of input values to use, can be made by “an automated routine” or “human business

analysts,” further demonstrating that the input values are bounded within the
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minimum and maximum values of a range. Id., 1[0160]; see also id., [0101]
(discussing “pre-analysis on the response surface” to select regions or ranges for pre-
calculations).

236. More generally, a POSITA implementing pre-calculation of results as
Johnson describes would consider variable values to have a minimum and maximum
(e.g., a well-defined range) for each variable value and/or for variable values
generally. A POSITA would understand that computation and storage resources are
not unlimited, and so performing pre-calculation over a defined range is valuable for
efficiency and for a system that would be useable in practice. Moreover, Johnson
describes that certain portions of the output response surface are more useful or
valuable than others, further motivating a POSITA to perform pre-calculation for
combinations of input values in a range where the results are useful and desirable.
STRATEGY-1004, 11[0157]-[0161].

237. Johnson’s FIG. 9, shown below, shows precalculated results between
minimum and maximum values for machine learning parameters of variable X as
well as time. With Johnson’s disclosure of “sequencing through” the different
permutations, this shows inputting permutations of machine learning parameters

incrementally over the range. STRATEGY-1004, 11[0118], [0123], [0151].
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STRATEGY-1004, FIG. 9

FIG. 9 of Johnson, showing an example of pre-calculations performed that
define a response surface 900, which shows the precalculated values of the Y
variable output results (an example of machine learning results) for different
combinations of values for an X variable and time. The figure is annotated to

show ranges indicated in the figure, including maximum and minimum
values, for the X variable and for the time variable, which are both examples
of machine learning parameters.

[16.3] determining machine learning results from the predictive program for the
input permutations of the machine learning parameters;

238. Supra Section XI.A.[1.3].

[16.4] populating a results data structure with the determined machine learning
results indexed by the machine learning parameters;

239. Supra Sections XI.A.[1.3], XI.A.[Claim 2].

170



[16.5] dynamically changing a display of one or more input permutations of the
machine learning parameters from the results data structure in response to user
input adjusting a displayed value for one or more of the machine learning results
from the predictive program.

240. Supra Section X.E. In the Johnson-Lin-Purcell combination, user input
to the vertical scroll bar adjusts a displayed goal value for the Y variable (machine
learning results) from the predictive program. STRATEGY-1006, 5:29-45, 38:1-21.
In response, the system dynamically changes the displayed value of the X variable
(machine learning parameters), by retrieving and displaying the Xi value that from
the database 234 (results data structure) that stores pre-computed analysis results.
STRATEGY-1004, 11[0153], [0170], [0068]; STRATEGY-1006, 5:29-45, 38:1-21.
By changing the displayed value for the X; variable, the displayed input permutation

Is different from the permutation before adjustment to the goal value.
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User Adjustment to a Displayed Result (Y Value) Changes
the Input Permutation (X Values)
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STRATEGY-1004, FIG. 13 (modified); STRATEGY-1006, FIG. 45 (partial)

FIG. 13 from Johnson, showing an example of a user interface configured to
include vertical and horizontal scroll bars and corresponding value meters
and line indicators based on FIG. 45 of Purcell. User adjustment of the
vertical slider to adjust the displayed goal value for the output result (Y-
variable value), which causes the system to adjust the horizontal scroll bar
and displayed input value (X-variable value) to indicate the input value that
will achieve the user-specified goal value.

[Claim 17] The method of claim 16, wherein the results data structure is

populated prior to receiving user input identifying a value for a machine
learning parameter.

241. Supra Section XI1.A.[1.3].
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[Claim 18] The method of claim 17, further comprising dynamically changing a
display of one or more of the machine learning results from the results data
structure in response to user input selecting a value for a machine learning
parameter.

242. Supra Section XI1.A.[1.5].

C. GROUND 1C: Johnson, Lin, and Mihaylov Render Obvious
Claims 21-25

[21pre] A system for machine learning results, the system comprising:

243. To the extent the preamble is limiting, the Johnson-Lin-Mihaylov
combination describes a system for machine learning results, e.g., generating
forecasts using functions trained using machine learning algorithms. Supra Section
X.G; supra Section X1.A.[1pre].

[21.1] a predictive compiler module configured to generate a plurality of
predictive programs each comprising a plurality of learned functions;

244. The Johnson-Lin-Mihaylov combination describes a predictive
compiler module configured to generate a plurality of predictive programs. Supra
[1.1a]. Different forecasting models, implemented as predictive programs, are
described for different metrics to be forecasted. Supra Section X.G; STRATEGY-
1004, 11[0100] (each forecasted Y variable can have corresponding functions
defined), [0130] (listing various forecasted items); STRATEGY-1007, FIGS. 10-12,
1[0002], [0024], [0050]-[0051]. In addition, as Mihaylov teaches that models are
changed and recalibrated so there are multiple models, and thus predictive programs,

for each metric. STRATEGY-1007, 1[0043]-[0044]; STRATEGY-1004, 1[0200]
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(where tracking results of “a particular version of a model,” indicates multiple
versions exist).

245. Each predictive program includes a plurality of learned functions, for
example, each predictive program can be an ensemble of predictive models. Supra
[1.1a]; STRATEGY-1004, f[0047] (“plural transfer functions”); STRATEGY-

1005, 4:16-35, 5:8-22 (discussing ensemble models).

Example Configuration of the Johnson-Lin-Mihaylov Combination
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(partial)
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FIG. 2 of Johnson, modified to show an example configuration for the
Johnson-Lin-Mihaylov combination where error analysis logic is included
based on Mihaylov, with the figure annotated to show elements included
based on Lin that correspond to the predictive compiler module.

[21.2] a pre-compute module configured to predetermine, using the predictive
programs, permutations of machine learning results for each of the predictive
programs at predefined increments between minimum values for machine
learning parameters and maximum values for the machine learning parameters;

246. The pre-compute module is described in detail above with respect to
claim element [1.3], and with features as further described with respect to claim

element [16.2].

Example Configuration of the Johnson-Lin-Mihaylov Combination
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STRATEGY-1004, FIG. 2 (modified); STRATEGY-1005, FIG. 2 (partial), FIG. 4

(partial)

FIG. 2 of Johnson, modified to show an example configuration for the
Johnson-Lin-Mihaylov combination where error analysis logic is included
based on Mihaylov, with the figure annotated to show Johnson’s preloading
logic 230 corresponding to the precompute module. The dashed lines
represent interaction of the preloading logic 230 to store and retrieve pre-
computed results from the database 234.

247. The Johnson-Lin-Mihaylov combination describes preloading logic
230 (precompute module), which determines permutations of forecasted results for
each of the predictive programs, including for programs that forecast different
metrics and for different versions of programs that forecast the same metric.
STRATEGY-1004, 11[0068], [0071], [0151]-[0152], [0167] (noting “database 234
can store different versions of the output results”); Section X.G. As discussed above,
it was obvious to pre-compute and store error information as part of the precalculated
results, so that error information, like other results, can be presented to a user
“substantially instantaneously, as opposed to imposing a delay.” STRATEGY-
1004, f[0152]; Section X.G.1. In the Johnson-Lin-Mihaylov combination, the
system is configured to provide error information for multiple versions of models,
and to provide comparisons of the accuracy of different models. Accordingly, it was

obvious to precompute and store the error information (e.g., holdout values
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indicating error attributable to the various models, for the various forecasts made)
for these different predictive programs (e.g., for current and previous predictive
programs, for each of the various metrics forecasted).

248. Johnson describes and renders obvious that results are determined for
predefined increments in a range for the input variables (machine learning
parameters). STRATEGY-1004, 11[0159], [0160] (“ranges of input variables”
defined for precomputation); see supra Sections XI.A.[1.3] and XI.B.[16.2]. As
discussed above, a POSITA would have understood that a range specifies a
minimum value and a maximum value, and would have found it obvious to perform
precomputation in a bounded range for efficiency. In addition, Johnson states that
precomputation “in an orderly way,” with “sample points for investigation at regular
intervals.” STRATEGY-1004, §[0159]. A POSITA would have understood this use
of “regular intervals” to indicate or at least render obvious consistent increments or
equally sized intervals.

249. Inaddition, even in cases where the intervals between values are not all
equal, Johnson still shows intervals being predefined to be spaced appropriately for
the response surface being analyzed. STRATEGY-1004, 11[0156]-[0163]. For
example, as Johnson’s FIG. 9 shows, the system can predetermine to use smaller
intervals for “relatively fine-grained pre-calculation for the portion 904 that rapidly

changes,” and predetermine to use larger intervals “for the flat portion 902 of FIG.
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9.” Id., 11[0157], [0161] (noting “pre-analysis” to characterize the response surface
for arranging precalculation). Thus, even unequal intervals represent an obvious
type of predefined intervals that can be used in the Johnson-Lin-Mihaylov

combination. Johnson’s FIG. 9 is included below.
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STRATEGY-1004, FIG. 9

FIG. 9 of Johnson, showing an example of pre-calculations performed that
define a response surface 900, which shows the value of the Y variable output
result (an example of machine learning results) for different combinations of

values for an X variable and time. The figure is annotated to show ranges

indicated in the figure, including maximum and minimum values, for the X

variable and for the time variable, which are both examples of machine
learning parameters.
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[21.3] an input module configured to receive user input from one or more users
identifying one or more values for one or more of the machine learning
parameters for a first subset of the predictive programs;

250. Supra [1.2]. The Johnson-Lin-Mihaylov combination describes an
input module, including an interactive display 266 presented locally or over a
network 216 through a communication interface 212, that is configured to receive
user input that identifies values for input variables (machine learning parameters)
for predictive programs. STRATEGY-1004, Figs. 2, 3 (control window 316), 12
(knob panel 1210), 13 (knob panel 1312), {1[0052], [0070], [0077], [0101]-[0102],
[0105]. Johnson shows that it was obvious for user input to represent actual
conditions or hypothetical scenarios for a forecast, noting that “the what-if field 146
allows the cockpit user 138 to enter information into the cockpit interface 134
regarding hypothetical or actual conditions within the business 102.” STRATEGY -

1004, [0052].
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Example Configuration of the Johnson-Lin-Mihaylov Combination
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FIG. 2 of Johnson, altered to show an example configuration of the Johnson-
Lin-Mihaylov combination. The annotation identifies elements corresponding

FIG. 4 (partial)
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to an input module including the interactive display 266 and the

communication interface 212. See STRATEGY-1004, [0077]. Dashed lines

indicate interactions with the display module, such as user interface
information and user input being exchanged with the display presentation

logic 236. Id.
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251. Claim 21 mentions “a plurality of predictive programs” ([21.1]) and
later mentions a “first subset of the predictive programs™ ([21.3]) and a “different
one of the predictive programs” ([21.4]). From this I interpret the “first subset” to
include at least one of the predictive programs, but not all of the predictive programs.
Consequently, the “different one” would refer to a predictive program outside the
“first subset.” Claim 21 does not make any further requirements of the relationship
between the “first subset” and the “different one” of the programs. For example,
claim 21 does not require the “first subset” or the “different one” to be selected by
the user or to be designated on a user interface.

252. As discussed above, in the Johnson-Lin-Mihaylov combination, there
are predictive programs for each of multiple different metrics as Mihaylov describes.
STRATEGY-1007, FIGS. 10-12 (showing Metrics 1-17), §9[0002], [0024], [0051]-
[0052]. For each metric there are multiple predictive programs, including (1) a
current version implementing the current or most-recent predictive model for the
metric and (2) a previous version implementing the previous predictive model for
the metric. STRATEGY-1007, 1[0043]-[0045]. The various predictive programs
for the various metrics can be subdivided into subsets in different ways. One way is
for the “first subset” to include the current predictive programs for the metrics, and
to exclude the prior predictive programs for those metrics. This is the example that

I will use for discussing claim 21 and 23 below. (Of course, other groupings of the
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predictive models also show the features of the claims, such as by instead
considering the “first subset” to be the set of previous predictive programs for the
metrics and excluding the current predictive programs.)

253. In the error analysis interface of the Johnson-Lin-Mihaylov
combination, selecting a metric to analyze chooses a corresponding predictive
program. STRATEGY-1007, FIG. 11, 11[0050]-[0051]. When a metric is selected
by a wuser, as shown in Mihaylov’s FIG. 11 (where “Metric 17
has been selected), a corresponding predictive program (e.g., a predictive model for
the selected metric, implemented as a computer program) is part of a “first subset”
of the predictive programs. Id. In other words, there is a “first subset” that includes
at least the current predictive program for the selected metric, and can include one
or more of the current predictive programs for other metrics. (In this case, there is
also a different program that is excluded from this first subset, the program that
implements the previous version of the predictive model for the same selected
metric.) As discussed further below with respect to claim 23, the “first subset” can
include multiple programs, such as one or more of the current programs for various
metrics, while programs for previous versions of these models are excluded from the
first subset.

254. The user-identified input values discussed for element [21.2] above are

“for” the first subset of predictive programs, because those input values define the

182



forecasting scenario (e.g., the set of inputs or input assumptions used to make a
forecast) for which the predictive programs are analyzed in the error analysis
interface. STRATEGY-1004, [0030], [0052], [0067]; STRATEGY-1007, [0004],
[0040]-[0041]. In other words, the error information shown in the interface will
represent error for the forecast generated based on the user-identified input values.
When the user has selected a metric, the error information indicates error for the
current predictive program (which is included in the “first subset™) for the scenario
defined by the user-identified input values. If the user selects a different metric, the
error information would indicate error for the same scenario for the newly-selected

metric’s current predictive program (which is also part of the “first subset”).
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Example User Interface for the Johnson-Lin-Mihaylov Combination
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STRATEGY-1007, FIG. 11; STRATEGY-1004, FIG. 13 (partial)

FIG. 11 of Mihaylov, showing an example user interface that is modified to
include additional input controls from FIG. 13 of Johnson, with various
controls that receive user input marked in red and green.

[21.4] a collaboration module configured to determine, using the predetermined
permutations of machine learning results, an impact on machine learning
results from a different one of the predictive programs based on the one or more
identified values for the one or more of the machine learning parameters for the
first subset of the predictive programs; and

255. The Johnson-Lin-Mihaylov combination describes a collaboration
module, including error analysis logic included based on Mihaylov, that is

configured to attribute error to different sources, including determining an amount
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of error attributable to changing to the current predictive program from the previous
predictive program. STRATEGY-1007, 11[0043]-[0044]. The previous predictive
program for a metric represents a “different one” of the predictive programs that is
outside the “first subset” of predictive programs, which is the group of current
predictive programs.

256. As I discuss above in Section X.F, Mihaylov’s error analysis involves
the generation of “holdout values” that are used to attribute error. Mihaylov uses
the term “holdout values” differently from some other references in the field, where
Mihaylov’s holdout values are not example data that was withheld from training of
the models. Instead, Mihaylov’s holdout values represent alternative prediction
results made using correct input values for each forecasting time step. STRATEGY -
1007, 11[0031]-[0032]. Because the holdout values are based on time series data
that is known to be correct, the holdout values represent predictions that eliminate
many sources of error, allowing the contribution of specific error sources such as
modeling error to be determined. Id. For example, Mihaylov describes comparing
the holdout values and actual results to allow a determination of “model error,”
which represents “the extent that the holdout values deviate from the actual
performance data” (e.g., “the deviation between the actual performance data and the
results of the modeling function” when model inputs are correct). Id., 1[0034].

Mihaylov’s model error shows the “consequence of flaws in the model itself, rather
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than a consequence of flaws in the forecasts and assumptions about input values.”
Id.

257. Mihaylov uses the holdout values and model error values to compare
the accuracy of different models, including showing how ‘“changes in the model
function definition itself” leads to different forecast results or levels of error.
STRATEGY-1007, §[0045]. This allows Mihaylov’s technique to compare the error
from a current or most-recent predictive program (e.g., based on a new “changed
modeling function’) with the error from previous predictive program (e.g., based on
an “original modeling function”). Id., 11[0043]-[0044]. By comparing the holdout
values for different models, Mihaylov determines a “model change impact” (FIG. 7)
that indicates the difference in error that results from changing from one model
version to another. 1d., FIG. 7, {1[0043]-[0045].

258. As Mihaylov describes, error analysis includes determining holdout
values for the current model that are compared with holdout values for the previous
model. Id., FIG. 7, 11[0043]-[0044], [0034] (“holdout values” measure the extent
that deviation from actual performance is “a consequence of flaws in the model
itself”). Comparing the holdout values determines the impact (e.g., difference in
accuracy) on machine learning results of the current predictive program from a
different predictive program, e.g., the program for the previous model version.

STRATEGY-1007, FIG. 7 (“model change impact”), FIG. 11.
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259. The error analysis logic performs the same algorithm as the
collaboration module described in the *574 patent, including accessing data relating
to different models (e.g., holdout values for different models), and determining an
impact on results (e.g., determining model change impact). The current version of
the model represents the “first subset of the predictive programs, and the prior
version of the model represents the “different one of the predictive programs.”

260. In the Johnson-Lin-Mihaylov combination, the user determines the
parameters for the “what-if” scenario to be assessed, and so the holdout values for
both the current model and the prior model—and this the model change impact—are
“based on the one or more identified values for the one or more of the machine
learning parameters” specified by user input. Even when actual outcomes (e.g.,
historical data) describe some inputs for generating the holdout values, the user’s
input defining the “what-if” scenario nevertheless identifies “one or more” of the
parameters that affect model output. For example, Johnson describes that the user
can enter “actual conditions within the business” as inputs that are used to define the
scenario for forecasting, or the scenario can reflect user-specified hypothetical
conditions. STRATEGY-1004, [0052].

261. In the Johnson-Lin-Mihaylov combination, the system pre-calculates
and caches machine learning results, including error information such as the holdout

values that are generated using the predictive programs. Johnson describes that its

187



predictions include forecasted values and associated ““error information indicating
the degrees of confidence” for the forecasts. STRATEGY-1004, 1[0066]; see also
id., 11[0072] (result display includes displaying confidence), [0080], [0106]
(example of prediction including confidence measures), [0133] (error measures used
by a user or algorithm). It was obvious to pre-calculate and store error information
in the database 234, so the system can avoid delay and present results with associated
error information “substantially instantaneously,” as Johnson teaches. Id., 1[0152].
Thus, the holdout values used to determine the model change impact are
predetermined permutations of machine learning results, retrieved from the database

234 of cached results.
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Example Configuration of the Johnson-Lin-Mihaylov Combination
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(partial)

FIG. 2 of Johnson, modified to show an example configuration for the
Johnson-Lin-Mihaylov combination where error analysis logic is included
based on Mihaylov, with the figure annotated to show the error analysis logic
corresponding to the collaboration module. The dashed line from the
database 234 shows represents how pre-computed results include error
information such as holdout values described by Mihaylov, which the error

analysis logic uses to calculate the impact on machine learning results, such as

the model change impact.
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262. The Johnson-Lin-Mihaylov combination provides and renders obvious
the same structure that the *574 patent teaches for the collaboration module, e.g.,
algorithm steps of (i) accessing data relating to different models or different user
inputs (STRATEGY-1004, |f[0071], [0153], [0166]-[0168] (accessing
precomputed data); STRATEGY-1007, FIGS. 6-7, 10-12, 11[0026]-[0027], [0040]-
[0044], [0050]-[0051] (accessing data for different models or input assumptions)),
and (ii) determining an impact on results from the accessed data (STRATEGY-1007,
FIGS. 7, 10-12, 11[0034]-[0035], [0043]-[0044], [0050]-[0051]).

263. A POSITA would have considered the Johnson-Lin-Mihaylov
combination to perform the claimed function of the collaboration module as
discussed above. Moreover, a POSITA would consider the Johnson-Lin-Mihaylov
combination to operate in substantially the same way described by the *574 patent,
since the Johnson-Lin combination is performing the same algorithm steps. The
result of these steps is that the Johnson-Lin-Mihaylov combination achieves
substantially the same result as the pre-compute module of the °574 patent, e.g.,
determining an impact of a change on machine learning results.

[21.5] a display module configured to display at least the impact on the machine
learning results to the one or more users,

264. The Johnson-Lin-Mihaylov combination describes a display module
configured to display the impact on the machine learning results to the one or more

users. The display module includes the display presentation logic 236 and the user
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interface of the cockpit interface 234, configured to additionally show the impact of

model change based on Mihaylov.

STRATEGY-1004, f1[0072], [0077];

STRATEGY-1007, FIG. 11, 11[0051], [0044]-[0046]. The user interface can show

model change impact in a displayed object, such as a graph, and in a graphical table,

as shown in Mihaylov’s FIG. 11. STRATEGY-1007, FIG. 11.

Example Configuration of the Johnson-Lin-Mihaylov Combination
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FIG. 2 of Johnson, modified to show an example configuration for the
Johnson-Lin-Mihaylov combination where error analysis logic is included
based on Mihaylov. The display presentation logic 236 is identified as
corresponding to the display module, and in the Johnson-Lin-Mihaylov
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combination the display presentation logic 236 displays error information,
including model change impact on the cockpit user interface 134.

Example User Interface for the Johnson-Lin-Mihaylov Combination
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FIG. 11 of Mihaylov, showing an example of a user interface that presents
error information that is a display of impact on machine learning results. The
user interface is modified to include input controls based on Johnson’s FIG.
13. The user interface is annotated to show how the impact of changing
models (e.g., error resulting from using one model version rather than
another) is displayed graphically and numerically.
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[21.6] wherein the predictive compiler module, the pre-compute module, the
input module, the collaboration module, and the display module comprise one or
more of logic hardware and a non-transitory computer readable storage medium
storing program code executable by a processor.

265. Supra Section XIL.A.[1.6]. STRATEGY-1004, Y1[0065]-[0066];
STRATEGY-1005, 12:38-14:25; STRATEGY-1007, {1[0015]-[0023]. As
discussed above in for claim 1, Johnson explains that the cockpit control module 132
“can be implemented as any kind of computer device, including one or more
processors 210, various memory media (such as RAM, ROM, disc storage,
etc.),” and “other computer architecture features that are known in the art.”
STRATEGY-1004, [0065]. The memory media stores “application logic 218" that
can include “different modules of program instructions.” Id., 1[0066], Claim 40
(“computer-readable medium including instructions for carrying out the control
module logic”). Implementing the modules in computer hardware and/or a
computer-readable medium storing program code was also obvious in view of Lin’s
disclosure of computer-implemented features. STRATEGY-1005, 12:3 to 14:44.
Accordingly, the Johnson-Lin-Mihaylov combination provides and renders obvious
implementation of the various modules as logic hardware and/or a non-transitory

computer readable storage medium storing program code executable by a processor.
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Example Configuration of the Johnson-Lin-Mihaylov Combination
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FIG. 2 of Johnson, modified to show an example configuration for the
Johnson-Lin-Mihaylov combination, annotated to show elements

corresponding to the predictive compiler module, precompute module, display

module, input module, and collaboration module, all of which are
implemented using hardware logic and/or stored program code based on

Johnson’s teachings.

[Claim 22] The system of claim 21, further comprising an update module
configured to dynamically update the display of the at least the impact on the
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machine learning results, using the predetermined permutations of the machine
learning results, in response to the one or more users identifying one or more
different values for one or more of the machine learning parameters.

266. The Johnson-Lin-Mihaylov combination describes an update module
configured to dynamically update the display of information in response to users
changing values for machine learning parameters. Supra [1.5]; STRATEGY-1004,
1[0072], [0101], [0105], [0167]-[0170]. The update module includes the display
presentation logic 236 and the pre-loading logic 230, which perform the same
algorithm described in the *574 patent. Johnson’s process includes (i) detecting user
input that changes parameter values (e.g., changes to the “X” variables or a “what-
if” scenario) (STRATEGY-1004, 11[0182]-[0184], [0102]), (ii) retrieving cached
information corresponding to the input (STRATEGY-1004, {[0007], [0153],
[0167]-[0170], FIG. 10), and (iii) displaying the updated information on the cockpit
interface 134 (STRATEGY-1004, 11[0007], [0153], [0167]-[0170], FIG. 10).

267. The system is configured to “dynamically display changes” to the
displayed results “while the cockpit user 138 varies one or more input mechanisms
(318, 320, 322, 324).” STRATEGY-1004, [0152]; see also id., 11[0102], [0118],
[0179]. In the Johnson-Lin-Mihaylov combination, which pre-calculates and
displays error information such as model change impact, the “real-time coupling
between actuations made in the control window 316 and changes presented” in the

interface 134 extends to error information, such as the model change impact, in
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addition to the forecasted values. Thus, as users vary parameters with the input
mechanisms, the impact on results described as model change impact is also updated.
[Claim 23] The system of claim 21, wherein the one or more users comprise

multiple users, the one or more values comprise multiple values, and the multiple

users identify the multiple values for different predictive programs of the first
subset of the predictive programs.

268. The Johnson-Lin-Mihaylov combination supports multiple users, with users
138 and 250 at respective workstations 246 and 248. STRATEGY-1004, FIG. 2
(showing), 11[0076]-[0078]. Multiple users can also use the same workstation or
same display screen, e.g., sitting physically at the same desk. A POSITA would
have understood that it was common for multiple users to view and provide input at
the same computer or workstation. STRATEGY-1030, [0003] (“For a computer
user to share [a] document with other users, traditionally the two users would view

29 ¢

the same screen while being at the same physical location;” “such sharing is
convenient when both users are in the same vicinity”); STRATEGY-1031, 79
(“Users may wish to collaborate on the same workstation screen”). When multiple
users are collaborating at the same computer, it would be obvious and expected for
multiple users to each provide some of the input parameter values that define the
scenario to be forecast, especially as scenarios are incrementally updated and
changed during the collaboration.

269. The Johnson-Lin-Mihaylov combination also allows predictions and

forecasts to be based on multiple values for input parameters, such as values for
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multiple “X” variables to define a scenario to forecast (STRATEGY-1004, FIG. 13
(showing a panel of five knobs to separately adjust five different X variables),
1[0101]-[0105], [0121], [0167], [0184], [0202]) as well as selecting a product, time
period, and other parameters (STRATEGY-1007, FIGS. 10-12, 11[0050]-[0051]).
See STRATEGY-1004, q[0121] (system enables “selecting a set of input
assumptions, such as a particular combination of actionable X variables associated
with a set of input knobs provided on the cockpit interface 134”).

270. Any of the multiple users can set multiple values for the machine
learning parameters. These values define the “what-if” scenario to be forecasted,
e.g., the input assumptions or input case to analyze, and can be used for multiple
different programs in the first subset of predictive programs. STRATEGY-1004,
[0069]-[0070], [0083], [0167]. For example, the first subset can be the set of all
current programs for the different metrics that can be predicted. STRATEGY-1007,
FIG. 11-17 (showing metrics 1-17), [0050] (selecting a metric “allow[s] a user to
view and/or analyze a different model”).

271. When users specify the input scenario, e.g., the values for multiple X
variables that Johnson describes, the user-specified input scenario would be used for
any of the different programs corresponding to the different metrics, which are
respectively based on current and previous models as Mihaylov describes

(STRATEGY-1007, 11[0043]-[0045]). After defining a scenario with user input,
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any of the current programs would use those values for the parameters that specify
those parameters, until the users change the parameter values to define a new
scenario to be forecasted. Based on Mihaylov, it was obvious to enable users to
select different metrics to forecast, with each metric having different corresponding
programs. STRATEGY-1007, FIGS. 10-12 (showing metric drop-down menu
1003), 11[0050]-[0051] (“metric drop-down menu 1003, which may allow a user to
view and/or analyze a different model and data associated therewith™). Accordingly,
the same input parameter values that define a forecasting scenario are used and
maintained “for” different predictive programs in the first subset (e.g., the set of
current predictive programs across the different metrics). In other words, it is
obvious that when users select different metrics, or change from one metric to
another, the same multiple input values are being used to provide results for different
predictive programs.

[Claim 24] The system of claim 23, wherein the display module is configured to
display the impact on the machine learning results on a shared display for the

multiple users and to display the machine learning results for the different
predictive programs on different displays for the multiple users.

272. In the Johnson-Lin-Mihaylov combination, the display module displays the
Impact on the machine learning results on a shared display, e.g., a single window or
view shows the model change impact. A POSITA would have recognized that it
was common for multiple users to view the same display or to share a workstation.

STRATEGY-1030, 1[0003] “For a computer user to share [a] document with other
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users, traditionally the two users would view the same screen while being at the same
physical location,” and “such sharing is convenient when both users are in the same
vicinity”’); STRATEGY-1031, 79 (“Users may wish to collaborate on the same
workstation screen.”). Two users sharing a workstation would both see the display,
e.g., by being in the same office or conference room and viewing the same screen,
and would have a shared display. Id. When users use a shared display, the impact
on machine learning results (such as the model change impact indicating error or
accuracy differences for models) is shown on the shared display.

273. In addition to supporting multiple users viewing a shared display, the
display module in the Johnson-Lin-Mihaylov combination is also configured to
display the machine learning results for different predictive programs on different
displays for the multiple users. For example, Johnson describes multiple users 138
and 250 at different workstations 246 and 248. STRATEGY-1004, FIG. 2, 1[0076].
A POSITA would have understood that different users with different workstations,
which Johnson describes, can provide different inputs and select different metrics to
view. Id., FIG. 2, §[0076]. When different users select different metrics, they will
be shown corresponding results for different programs, e.g., the programs that
implement the current model for the respectively-selected metric. See STRATEGY-
1007, Figs. 10-12 (showing metric drop-down menu 1003), ff[0050]-[0051]

(“metric drop-down menu 1003, which may allow a user to view and/or analyze a
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different model and data associated therewith™). Accordingly, it was obvious that
two users at different workstations, able to separately select the metrics and thus
programs to be used for forecasting, would have different results displayed to them
as a result of their selections.

[Claim 25] The system of claim 23, wherein the input module is configured to
receive the user input from one or more of: separate client devices for the

multiple users over a data network; and a shared interface for the multiple users
on a single device.

274. The Johnson-Lin-Mihaylov combination describes an input module
configured to receive user input from separate client devices, e.g., workstations 246
and 248, over a data network, e.g., network 216. STRATEGY-1004, FIG. 2,
1[0076]-[0078], [0065]. The input module obtains user input through the
communication interface 212. Id. Itis obvious that users at separate client devices,
as Johnson describes, provide input to their respective devices, and that to support
these multiple devices the input module of the cockpit control module 132 would be
able to receive input from both devices, e.g., an interactive display 266 is provided
to each device, and the communication interface 212 and display presentation logic
236 handle input from multiple devices. See id.

275. In the Johnson-Lin-Mihaylov combination, the input module also
describes a shared interface for the multiple users on a single device. Multiple users
sitting at a single workstation or display would share the interface 134, including the

interactive display 266. As discussed above, a POSITA would have understood that
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it was obvious for multiple users to share the interface of a single device. See, e.g.,
STRATEGY-1030, §[0003] (“For a computer user to share [a] document with other
users, traditionally the two users would view the same screen while being at the same
physical location;” “such sharing is convenient when both users are in the same
vicinity”); STRATEGY-1031, 79 (“Users may wish to collaborate on the same
workstation screen”).

D. GROUND 1D: Johnson, Lin, Purcell, and Mihaylov Render
Obvious Claims 4, 6, 14, 15, 19, and 20

[Claim 4] The apparatus of claim 1, wherein the display module is configured to
display one or more attributes of a data set used by the machine learning to
determine the one or more machine learning results and one or more impact
metrics for each displayed attribute.

276. In the Johnson-Lin-Purcell-Mihaylov combination, the display module
Is configured to display one or more attributes of a data set used by the machine
learning to determine the one or more machine learning results. Mihaylov states that
models can receive inputs of “statistics, metrics, sub-metrics, and/or other data”
(e.g., attributes) “that are loaded from one or more account information tables and/or
databases” (e.g., data sets). STRATEGY-1007, f[0026]. As an example, a model
may “rel[y] on the current house price index,” which represents one attribute of the
data set. Id. Purcell shows that it was obvious to display the input values to
modeling functions, including displaying values, labels, and other information in

spreadsheet format. STRATEGY-1006, FIG. 47.
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277. Inaddition, a POSITA would have recognized that Johnson’s X variables used
as input to predictive models are also attributes of a data set and that it is obvious for
these attributes to be displayed. The ’574 patent demonstrates that attributes of a
data set include the features that are considered or are selected as the types of inputs
to use for machine learning. STRATEGY-1001, 16:58 to 17:3. In Johnson, the X
variables represent the features that have been selected as inputs to the predictive
modeling, and thus represent attributes (e.g., types of data or data set components)
of the “empirical data” (and thus a data set) used in modeling and prediction.
STRATEGY-1004, 11 [0069]-[0070].

278. Johnson expressly discloses data sets whose elements possess identifiable
attributes that are used for analysis, filtering, and presentation. In describing how
business data is processed, Johnson explains that its lead-generation functionality
“attempts to determine those customers who are likely to be successfully processed
by the remainder of the process,” and does so by identifying candidates that “share
a common attribute or combination of attributes” relevant to business decision-
making (STRATEGY-1004, 1[0135]). Johnson further makes explicit that the
entities flowing through its system have descriptive properties that are used for
conditional processing, stating that “the resources (or other entities) fed to the
process ... have descriptive attributes that allow the resources to be processed using

conditional decisioning mechanisms.” 1d., J[0112]. These disclosures describe
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what claim 4 of the 574 patent calls “attributes of a data set,” such as characteristics
or properties associated with the data that are used to organize, analyze, or control
how the data is processed and presented, including in making predictions.

279. In the Johnson-Lin-Purcell-Mihaylov combination, the display module
Is also configured to display one or more impact metrics for each displayed attribute.
For example, Mihaylov teaches determining an error attribution measure for each of
various different attributes or inputs that a model relies on, “so as to attribute various
components of the assumption error to particular input variables.” STRATEGY-
1007, 1[0040]. Mihaylov’s gives an example of apportioning “particular error
amounts” to errors for “unemployment” and “house price index (HPI),” both of
which are specified as “economic inputs” to the forecasting process. 1d., 11[0040]-
[0041]. This demonstrates Mihaylov’s technique of determining and displaying an
impact metric for each input value (e.g., attribute of the data set), where the impact
metrics represent an amount of error resulting from the corresponding input or
metric. Id. Based on Mihaylov’s technique, it was obvious to also determine and
display similar error information (e.g., impact metrics) for the different X variables
that Johnson describes as inputs to predictive models. Thus, it was obvious to
determine error measures for particular attributes, which indicate the impact or
influence of those attributes on forecasting, and display those measures to the user

“so as to facilitate the analysis of and/or the preparation of reports regarding one or
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more modeling functions and their corresponding forecast error analyses.” Id.,
1[0048].

280. Display of impact metrics in this way is consistent with and obvious in
view of Johnson’s disclosure. Johnson also expressly discloses the use and
presentation of metrics derived from data sets and their attributes. Johnson explains
that its system generates predicted outputs together with quantitative measures such
as confidence and probability, stating that the digital cockpit provides results along
with “an indication of the statistical confidence associated with this prediction,” and
presents probability distributions showing the “prevalence at which different
predicted output values are encountered.” STRATEGY-1004, 11[0106]-[0111].
Johnson further identifies business outputs in terms of measurable metrics,
explaining that the output of its business processes includes dependent variables
such as “a revenue-related metric, profitability-related metric, or other metric” that
Is presented to the user for decision-making. STRATEGY-1004, {[0142]. Thus,
Johnson discloses using and displaying attributes of a data set (e.g., customer
characteristics, resource attributes, and process variables and other inputs to
predictive modeling) and computing and presenting metrics (e.g., revenue,
profitability, cycle time, probability, and confidence) corresponding to those
attributes.

[Claim 6] The apparatus of claim 1, further comprising a recommendation
module configured to select a suggested set of machine learning results, the
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display module configured to display the suggested set of machine learning
results to the user prior to the input mod-ule receiving the user input.

281. The Johnson-Lin-Purcell-Mihaylov  combination  describes a
recommendation module configured to select a suggested set of machine learning
results. Johnson describes an “automated optimization routine 428 that “can
automatically sequence through a number of case assumptions and then select one
or more case assumptions that best accomplish a predefined objective (such as
maximizing profitability, minimizing risk, etc.). The cockpit user 138 can use the
recommendation generated by the automated optimization routine 428 to select an
action to take for the business. STRATEGY-1004, 11[0092], [0093] (noting that the
routine 428 can be “automatically triggered” without manual user action).

282. In the Johnson-Lin-Purcell-Mihaylov combination, the display module
is configured to display the suggested set of machine learning results to the user prior
to the input module receiving the user input. As Johnson explains, the generation of
recommended results (e.g., optimized results) can be “automatically triggered”
based on “predefined events” or “collected data,” and thus can be selected and
displayed before the user provides user input. STRATEGY-1004, f[0093]. A
POSITA would understand that the recommended results would be displayed on the
cockpit interface 134 so that the “cockpit user 138 can use the recommendation
generated by the automated optimization routine 428 to select an appropriate do-

what command.” 1d., 1[0092].
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283. The Johnson-Lin-Purcell-Mihaylov combination provides and renders
obvious the same structure that the ’574 patent teaches for the recommendation
module, e.g., an algorithm step to select a suggested or optimal set of machine
learning results that is recommended (STRATEGY-1004, {1[0067], [0092]-[0097]).

284. A POSITA would have considered the Johnson-Lin-Purcell-Mihaylov
combination to perform the claimed function of the recommendation module as
discussed above. Moreover, a POSITA would consider the Johnson-Lin-Purcell-
Mihaylov combination to operate in substantially the same way described by the
’574 patent, since the Johnson-Lin combination is performing the same algorithm
steps. The result of these steps is that the Johnson-Lin-Purcell-Mihaylov
combination achieves substantially the same result as the pre-compute module of the
’574 patent, e.g., selecting a recommended or optimized machine learning result to
provide to a user.

[Claim 14] The apparatus of claim 1, further comprising a collaboration module

configured to determine an impact on the one or more machine learning results
based on different user input received from a different user.

285. The Johnson-Lin-Purcell-Mihaylov includes a collaboration module as
discussed in Section X.G and XI.C.[21.4]. The collaboration module is configured
to determine an impact on the one or more machine learning results, and that impact
can be determined based on different user input (e.g., an additional or separate user

input from what is described in claim 1) that is received from a different user. For
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example, Mihaylov describes determining and displaying the impact, such as error
measurements, resulting from any of various different sources of error, including
model changes, assumptions, management decisions, and more. STRATEGY-1007,
FIGS. 5-12, 11[0004], [0042]-[0052].

286. It is obvious for the determined impact on results to be based on input
from a different user in several ways. For example, a POSITA knew that it was
common for multiple users to collaborate at a single workstation or screen.
STRATEGY-1030, §[0003] (“traditionally ... two users would view the same screen
while being at the same physical location ... such sharing is convenient when both
users are in the same vicinity”); STRATEGY-1031, 79 (“Users may wish to
collaborate on the same workstation screen”). In this common situation, where a
second user provides additional user input that alters or supplements the input
scenario or other assumptions, it was obvious for the system to determine and display
the corresponding change or impact to the results. This is consistent with Johnson’s
stated goal to show updates in response to changes in input. STRATEGY-1004,
11[0085], [0102], [0197].

287. As another example, Mihaylov contemplates multiple users providing
user input that affects forecasts, noting that “the one or more user interfaces may
enable one or more users to view, interact with, and/or modify any and/or all of the

modeling function, the actual performance data, and one or more of the trend lines.”
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STRATEGY-1007, [0048]. A POSITA would recognize that where multiple users
can make changes to a model or forecast, one user’s change can affect the output
viewed by another user. For example, when one user modifies the “modeling
function,” this affects forecasts and will be indicated in the model change impact
shown to another user. Id. Similarly, when a user modifies performance data or
trend lines, that similarly alters the error attribution results, e.g., the impact of
various error sources, shown to other users.

288. As another example, Mihaylov describes that one factor that affects
forecasts is a “forecast adjustment created by management,” and this also
demonstrates or renders obvious a user input from a different user, e.g., an
adjustment from a management user. STRATEGY-1007, FIG. 8, [0047].
Mihaylov describes that error impact determination can include determination of
error corresponding to these management adjustments, labeled with an “Overlays &
Initiatives” trend line in Mihaylov’s FIG. 8. Id. Mihaylov explains that including
the error contribution of the management adjustments can be beneficial to include
“in forecast error attribution graphs in order to assess the accuracy and effectiveness
of management decisions.” 1d. This shows that it was obvious to show, to a user
attempting to assess a forecast, the impact of a different user’s input (e.g., a
management user’s adjustment) on the forecast. For example, the “Overlays and

Initiatives” line shows the trend line based on the management’s adjustments, so the
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user can see how that trend compares to the actual trend line and forecasted trend
line without the adjustments. Id.

[Claim 15] The apparatus of claim 14, wherein the input module is configured to
receive the different user input from the different user, the different user input
identifying a different value for a different machine learning parameter, the
display module configured to display multiple sets of one or more machine
learning results to multiple users, and the update module configured to

dynamically update the displayed multiple sets of one or more machine learning
results.

289. The Johnson-Lin-Purcell-Mihaylov combination includes an input
module as discussed in Section XI.A.[1.2] above. The Johnson-Lin-Purcell-
Mihaylov allows input from multiple users 138 and 250 that may use different
devices (STRATEGY-1004, FIG. 2., 1[0076]; STRATEGY-1007, [0048]), and as
discussed above for claim 15 it also would have been obvious for multiple users to
provide input at the same workstation or screen (STRATEGY-1030, [0003];
STRATEGY-1031, 79). Consequently, it was obvious for the input module, e.g.,
including the interactive display 266 and potentially other components such as the
communication interface 212, to receive user input from a different user than the one
that described the user input recited in claim 1.

290. In the Johnson-Lin-Purcell-Mihaylov combination, the “different user
Input” can represent adjustments to “what-if”” scenarios or forecasts (“the different
user input”), as discussed above for claim 14. STRATEGY-1004, [0101]. For

example, when two users are together at the same workstation or computer screen,
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it is obvious that one user can supply a value for one machine learning parameter
(e.g., an input to the predictive program), and the other user can provide the value
for a different machine learning parameter.

291. Inaddition, it was also obvious for the “different user input” to include
input to change a “modeling function, the actual performance data, [or] one or more
of the trend lines,” as well as to incorporate adjustments from others such as from
“management,” as Mihaylov describes, and as discussed above for claim 14.
STRATEGY-1007, FIG. 8, 11[0047]-[0048]. In this case, even if two users are using
different workstations or screens, when a first user enters inputs for a forecasting
scenario, the changes that a second user makes to performance data that serves as
input to modeling, or to trend lines that affect further forecasting results, represents
an input by the second user that identifies a different value different machine
learning parameter than the first user specified.

292. As another example, the “different user input” discussed for Claim 14
can include a “forecast adjustment” that causes a change from the scenario or
assumptions that were otherwise present. STRATEGY-1007, FIG. 8, {[0047].
Thus, the “forecast adjustment” represents a “different value” (e.g., a change from
the value that would otherwise have been used for generating the forecast) for a
“different machine learning parameter” (e.g., a parameter that affects the forecasted

result from a predictive program other than the parameters the user set for generating
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the standard unadjusted forecast). 1d. In Mihaylov’s example “management,” which
indicates or at least renders obvious a different management user, provides the
forecast adjustment, and this serves as a machine learning parameter because it is
used in the predictive program to determine the forecasted result. STRATEGY-
1007, FIG. 8, 1[0047].

293. The Johnson-Lin-Purcell-Mihaylov combination includes an update
module as discussed in Section XI.A.[1.5] above. In the Johnson-Lin-Purcell-
Mihaylov combination, the display module is configured to display multiple sets of
one or more machine learning results to multiple users, including with different
views at each of multiple workstations 246 and 248. STRATEGY-1004, FIG. 2. In
addition, as Johnson shows in FIG. 3, a single user interface can show multiple
windows and thus provide multiple sets of results to the multiple users even on a
single user interface. Id., FIG. 3, 11[0079]-[0086] (discussing multiple windows,
including multiple windows of results “on a single display presentation”). The
update module is configured to dynamically update the displayed multiple sets of
one or more machine learning results, e.g., with each display being dynamically
adjusted for the corresponding user’s inputs. 1d., 11[0101], [0105], [0118], [0167].
It would have been obvious to apply Johnson’s technique to provide dynamic
updates to each of multiple users that interact with the system through user interfaces

(e.g., the interactive display 266 of the cockpit interface 134).
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[Claim 19] The method of claim 16, further comprising determining, from the
results data structure, an impact on machine learning results from a different
predictive program caused by the user input adjusting the displayed value for the
one or more of the machine learning results.

294. The Johnson-Lin-Purcell-Mihaylov combination determines an impact
on machine learning results from a different predictive program, e.g., a model
change impact. Sections X.G, XI.C.[21.4]. The model change impact is determined
from the results data structure because the data for determining the impact is taken
from the database 234 of pre-calculated results. Id.

295. In the Johnson-Lin-Purcell-Mihaylov combination, the user is able to
identify a goal value, and thus adjust the displayed value for machine learning
results. See Sections X.E.1, X1.B.[16.5]. By changing the goal value (“displayed
value for machine learning results”), the user changes the set of results and
corresponding error information that are applicable. Thus, changing the goal value
causes determination of impact of the model change impact for the particular goal
value adjusted by the user.

[Claim 20] The method of claim 19, further comprising displaying the impact on
machine learning results from the different predictive program.

296. The Johnson-Lin-Purcell-Mihaylov combination displays the impact
on machine learning results from the different predictive program. See Section

XI1.C.[21.5], Section X1.D.[Claim 19]. In the combination, the impact determined
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using the features discussed for claim 19 is displayed in a user interface such as is

disclosed by Mihaylov. STRATEGY-1007, FIGS. 10-12, 11[0050]-[0051].

XI. CONCLUSION

297. | currently hold the opinions set expressed in this declaration. But my
analysis may continue, and | may acquire additional information and/or attain
supplemental insights that may result in added observations.

298. | declare that all statements made herein of my own knowledge are
true and that all statements made on information and belief are believed to be true;
and further that these statements were made with the knowledge that willful false
statements and the like so made are punishable by fine or imprisonment, or both

under Section 1001 of Title 18 of the United States Code.
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