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(57) Abstract: Personalized learning based on functional
summarization is disclosed. One example is a system includ-
ing a content processor, a plurality of summarization en-
gines, at least one meta-algorithmic pattern, an evaluator, and
a selector. The content processor provides course material to
be learned, the course material selected from a corpus of edu-
cational content, and identifies retained material indicative of
a portion of the course material retained by a user. Each of
the plurality of summarization engines provides a differential
summary indicative of differences between the course materi-
al and the retained material. The at least one meta-al-
gorithmic pattern is applied to at least two differential sum-
maries to provide a meta-summary using the at least two dif-
ferential summaries. The evaluator determines a value of
each differential summary and meta-summary. The selector
selects a meta-algorithmic pattern or a summarization engine
that provides the meta-summary or differential summary, re-
spectively, having the highest assessed value.
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PERSONALIZED LEARNING BASED ON FUNCTIONAL SUMMARIZATION

Background

{0001 Robust systems may be built by utilizing complementary, often largely
independent, machine intelligence approaches, such as functional uses of the
output of mulliple summarizations and meta-algorithmic patterns for combining
these summarizers. Summarizers are compiuter-based applications that provide
a summary of some {ype of content. Metla-algonthmic patterns are computer-
based applications that can be applied {o combine two or more summarizers,
analysis algorithms, systems, or engines 1o vield meta-summaries, Funclional
summarizaion may be used for evaluative purposes and as a dedision criterion
for analylics, including delivery of educational content.

Brief Description of the Drawings

{0002} Figure 1is a functional block diagram ustraling one example of a
system for personalized leaming based on functional summarization.

03] Figure 2A is a schematic diagram dlustrating one example of an expert
feedback pattern.

[0004] Figure 2B is a graph lilustrating one example of a feedback gain function.
[0005] Figure 20 i3 a graph fllustrating another example of a feedback gain
function.

j0086] Figure 3 is a block diagram illustrating one example of a processing
system for implementing the system for personalized learning based on
functionatl summarization,

[0007] Figure 4 is a block diagram ilustrating one example of a computer
readable medium for personalized learning based on funclional summarization.
{0008] Figure 5 is a flow diagram illustrating one exampie of a method for
personalized learning based on functional summarization.
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Detailed Description

[o009] Personalized learning based on funclional summarization is disclosed.
Education {Le., learing for knowledge) and training {i.e., learming for
proficiency} may differ in their end objectives. For example, education may be
divected at not having any "gaps” {&.¢., being able o pass a test on a topic) and
training may be dirscted at having a more innate or rote understanding of a
topic (e.g., muscle memory associated with memorizing a plece of music). As
disclosed herein, multiple summarizers —~ as distinct summarizers or fogether in
combination using meta-algorithmic pattermns ~ may be ulilized fo oplimize
learning experience based on 3 learmer's personality. Functional summarization
involves generating intelligencs from educational content and may be used as a
decision criterion for analylics related to content delivery.

[0010] As described in various examples herein, functional summarization is
performed with combinations of summarization engines and/or meta-~-algorithmic
patterns. A summarization engine is a computer-based application that receives
a document and provides a summary of the documeni. The document may be
non-textual, in which case appropriate techniques may be ulilized o convert the
non-textual document into a textual documaent prior to application of functional
summarization. A meta-algorithmic paltern is a computer-based application that
can be applied to combine two Of more summarizers, analysis algorithms,
systems, and/or engines to yield meta-summaries. in one example, multiple
meta-algorithmic patterns may be applied to combine multiple summarization
gngines.

{0011} Funclional summarization may be applied o personalize a leaming
environment. For example, course malerial related to a topic may be provided
{o a learner, and based on an evaluation of the leamer's performance on the
course material, reinforcing material, and/for additional course material may be
provided. For example, a summary of the leamer’s performance may be
compared {o summarnes of material available in a corpus of educational content
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o identify the additional course material that is most similar to the course
material andfor topic that has been leamed.

[HIE2] As described herein, meta-algorithmic patterns are themselves pattern-
defined combinations of two or more summarization engines, analysis
algorithms, systems, or engines; accordingly, they are generally robust to new
samples and are able to fine Wine personalization of a learning environment to a
learner’s ability, goal, and/or needs.

{8013] As described in various examples herein, personalized learning based on
functional summarization is disclosed. One example is a system including a
content processor, a plurality of summarization engines, at least one meta-
algorithmic pattern, an evaluator, and a selector. The content processor
provides, 1o a compuling device via a graphical user interface, course material
{0 be learned by a user, the course material selected from a corpus of
educational content, and identifies retained material indicative of a portion of the
course material retained by the user. Each of the plurality of summarization
gngines provides a differential summary indicative of differences between the
course material and the retained material. The at least one meta-algorithmic
pattern is applied to at least two differential summaries o provide a meta-
summary using the at least two differential summaries. The evaluator
determines a value of each differential summary and meta-summary. The
selector selects a meta-algorithmic patlern or a summarization engine that
provides the meta-summary or differential summary, respectively, having the
highest assessed value,

jatE 4] In the following detailed description, reference is made to the
accompanying drawings which form a part hergof, and in which is shown by way
of iflustration specific examples in which the disclosure may be practiced. Risto
be undersfood that other examples may be ulllized, and structural or logical
changes may be made without departing from the scope of the present
disclosure. The following defailed description, therefore, {s notto be takenin a
limiting sense, and the scope of the present disclosure is defined by the
appended claims. lLis 1o be understood that features of the various examples
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described herein may be combined, in part or whole, with each other, unless
specifically noted otherwise.

001 5] Figure 1 is a functional block diagram Hlustraing one example of a
system 100 for personalized learning based on functional summarization. The
system 100 provides, to a computing device via a graphical user interface,
course material to be learned by a user, the course material selecled from a
corpus of educational content, and identifies retained malerial indicative of a
portion of the course material refained by the user. System 100 applies a
plurality of summarization engines, each summarization engine to provide a
differential summary indicative of differences between the course material and
the refained material. The summaries may be further processed by at least one
meta-algorithimic pattern to be applied o at least two differential summaries
provide a meta-summary using the at least two differential summaries. System
100 determines a value of each differential summary and meta-summary, and
selects a meta-algorithmic pattern or a summarization engine that provides the
meta-summary or differential summary, respectively, having the highest
assessed value.

016} Meta-summaries are summarizations created by the intelligent
combination of two or more standard or primary summaries. The intelligent
combination of mulliple intelligent algorithms, systems, or engines is termed
*meta-algorithmics”, and first-order, second-order, and third-order patterns for
meta-algorithmics may be defined.

[0017] System 100 accesses a corpus of educational content 102 and course
material 106A, and identifies retained material 1068, System 100 includes a
content pracessor 104, summarization engines 108, summaries 110013-110(x},
at least one meta-algorithmic pattern 112, a meta-summary 114, an evaluator
118, and a selector 118, where “X” is any suitable numbers of summaries.
{0018] The corpus of educational content 102 may include textual andfor non-
textual content. Generally, the corpus of educational content 102 may include
any material that a leamer may want to feamn. {n one example, the corpus of
educational content 102 may include material related 1o a subjed! such as
History, Geography, Mathematics, Literature, Physics, Art, and so forth. Inone
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example, a subject may further include a plurality of fopics. For example,
History may include a plurality of topics such as Ancient Civilizations, Medieval
England, World War I, and so forth. Also, for example, Physics may include a
plurality of topics such as Semiconduciors, Nuclear Physics, Oplics, and so
forth. Generally, the plurality of topics may also be sub-topics of the topics
listed. in one example, the plurality of topics may be separate chaptersina
hook.
{8019] Non-textual content may include an image, audio and/or video content.
Video content may include one video, portions of a video, a plurality of videos,
and so forth, In one example, the non-textual content may be converted o
provide a plurality of tokens suitable for processing by summarization engines
108.
{0020] The content processor 104 provides, 1o a computing device via a
graphical user interface, course material 106A 1o be leamed by a user, the
course material 108A accessed from the corpus of educational content 102. For
example, a user may want {0 learn about Ancient Civilizations. The content
processor 104 may refrieve related content from the corpus of educational
content 102, In ane example, the content processar 104 may provide a list of
learning material, and provide the user an option {o select the course material
106A. For example, the content processor 104 may provide a fist of books
related to Ancient Civilizations, and receive a selection of a book from the list of
books. Accordingly, material from the selected book may be provided as course
material 106A. Also, for example, the content processor 104 may identify
salient subject material related to Ancient Civilizations, and provide a subset of
the salient subject material as initial course material 106A. In one example,
supplemental material from the salient subject material may be provided later,
hased at least in part on the summarization technigues disclosed herein.
{0021} In one example, the corpus of educational content 102 may include 3
collection of topics, 74,..., Ty, The collection of topics may be represented as a
topic vactor T. Sallent subject material may be representad by a vector M, and
for each of the topics Th...., Tk, the salient subject material may be given by:
M= (T M T MO
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{0022] The content processor 104 may provide initial course material 106A for
each topic, €, the inifial course material 106A denoted by a vector:
C = {73, CF 3 O

{0231 The material of the salient subject material that is not included in the
initial couwrse material 108A may be identified as reserve malerial, R, and may
be denoted by a vector:
IRCT LR, hon RUTE
Thus, M(T) = C({T} + R(T)
MM GMT N =[O RO Y RO LGOI BRI

{0024} As described herein, C{T) and R(T) are functions of the topics T, in this
way, the system is flexible, and in each eration C and T may progressively shift
to different topics, as nesded andior desired. For example, in the first ileration
with the user, € may cover anly Ty, while in the second iteration, i may cover Ty
and Ts.

[0025] in one example, the course material 106A may be aggregated and there
may be no segmeniation by topic. In this example, salient subject material M
may be a scalar, the course material 106A may be a scalar G, and the reserve
material may be a scalar R, As before, M = C + R. Also, there may be a single
grade g.

j026] Summarization engines 108 summarize the course material 105A and
the refained material 1068 fo provide a plurality of summaries 110{1)-11000. In
ohe example, summarization engines 108 provide differential summaries
indicative of differences between the retained material 106B and the corpus of
educational content 102. Generally, the differential summary is indicative of
differences between the material to be leamed and the material relained. In
one example, differential summary is indicative of differences between the
material retained and any additional material that may be provided, in one
example, differential summary is indicative of differences between the retained
material 1088 and course material 108A.
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{027} In one example, the differential summary may be based on differences
betwaen the course material 108A and the reserve matedal. In one example,
the differential summary may be based on differences between the retained
material 1068 and the reserve material. Alsg, for example, the differential
summary may be based on differences between the course material 108A and
the salienf subject material. As another example, the differential summary may
be based on differences between the reserve malerial 1068 and the salient
subject material.
0028} The differential summaries may include at least one of the faollowing
summarization outputs.

{1} & set of key words;

{2} a set of key phrases;

{3} a set of key images,;

{4} a set of key audio;

{58} an extractive set of clauses;

{6) an extractive sel of sentences;

{7} an extractive set of video clips

{8} an extractive set of clustered sentences, paragraphs, and other text

chunks;

{9} an abslractive, or semantic, summarization.
{0029] In other examples, a summarizalion engine may provide g summary
including another suitable summarization output. Different statistical language
processing ("SLP"Y and natural language processing (“NLP™} techniguies may be
used to generate the summaries. For example, a textual transcript of a video
may be utilized to provide a summary. in one example, portions of the video
may be extracited based on the summary.
{0030] System 100 includes at least one meta-algorithmic pattern 112 used to
summarize summaries 110(1)-110(x) fo provide a meta-summary 114. Each
meta-algorithmic patfern is applied to at least two differential summaries o
provide a meta-summary using the at least two differential summaries. Inone
example, the at least one metla-algorithmic paltern is based on one or more of

the following approaches, as descrnibed herein:
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{1) Expert Feedback;

{2} Sequential Try;

{3) Sensitivity Analysis; and

{4) Proof by Task Completion.
In other examples, a meta-algorithmic pattern may be based on ancther suitable
approach. The four meta-algorithmic patterns enumerated herein are described
in more detail.
[0031] System 100 indudes an evaluator to determine a value of each
differential summary and meta-summary. Evaluator 116 determines a value or
relevance of each summary 110{1}-110(x) and each meta-summary 114. Each
110111004 and meta-summary 114 may be evaluated for ils relative value in
the task of providing personalized learning material. The relative value, {i.e., the
relevance or utility for providing personalized learning material}, may be
evaluated based on a ground truth set, and the feedback received from a
learner, or othey suitable criteria.
[a032] Selector 118 selects the summary or meta-summary based on the
assessed value, {or ulility or relevance), to the {ask of providing personalized
learning material o provide recommended deployment seftings. In ong
example, selector 118 selects the stmmary or meta-summary having the
highest assessed value 1o the task of providing personalized learning material to
provide recommended deployment seltings. in other examples, selecior 118
selects the summary or meta-stmmary having an assessed value over a
predefined threshold for the task of providing personatlized learning material to
provide recommended deployment setlings. The recommended deployments
setlings include the simmarization engines and/or meta-algornthmic palterns
that provide the optimum summarization architecture for the task of providing
personalized fearning material. The oplimuny summarization architecture can
be integrated into a system real-time. The system can be re-configured per
preference, schedule, need, or upon the completion of a significant amount of
new ingtances of tasks of providing personalized leaming material.
j0032} Education is learing tied 1o proof of understanding. As disclosed herein,

gducational materials are delivered to users followed by grading the proficiency
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of the users {2.9., by using tests, quizees, or other means of assessing material
familiarity/confluence). For the education task, the summaries and meta-
summaries are evaluated {o determine the summarization architecture that
provides the educational matenials that result in the highest absolute and/or
relative scores. The summuarization architecture is then selected and
recommended for deployment.

{0033] Closely related to education, is educational fraining. Training is leaming
tied to measurable proof of ability. Training materials are delivered to users
followed by scoring of the capability of the users {.g., by the ability to perform a
task}). For the training fask, the summaries and mela-summaries are evaluated
o determine the summarization archifecture that provides the training maternials
{hat result in the highest absolute and/ar relative scores, The summarization
architecture is then selected and recommended for deployment.

[0034] Text chunking/segmentation is a method of summarizing or presenting
text that splits concepts into small pieces of information to make reading and
understanding more efficacious. Chunking includes bulleted lists, shori
subheadings, condensed sentences with one or two ideas per sentence,
condensead paragraphs, scan-friendly text (e.g., with key words and concepls
italicized or boldfaced), and graphics designed to guide the eyes to key
sections. For the text chunking/segmentation task, the summaries and meta-
summaries are evaluated o determine the summarization architecture that
resuits in betler understanding of the course material and/or fraining material, or
results in better matching to an expert-provided chunking/segmentation (e.g., a
blurb). The summarization architecture is then selected and recommended for
deploymaent.

{0035} In one example, a vecltor space model (“WEM™) may be utilized to
compute the values, and in this case the similarities of a summarization vector
based on a differential sumimary, and reinforcement veciors based on the
corpus of educational content. In one example, the reinforcement vectors may
be based on the salient subject matter, and/or topics from a collection of {opics
that remain to be leamed.
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[0036] The vector space itseif is an N-dimensional space in which the
occurrences of each of N terms {e.g. terms in a query, substrings of a binary
string) are the values plotied along sach axis for each of D tokenized content.

The vector o may be a differential summarization vector based on tokens
extracted from a differential summary, while the vector ¢ is a reinforcement
vector. The dof product of 4 and ¢ , OF dec . 18 given by:

dec=Yde, (Eq. 1)
Wit

0037} In one example, the similarity value between a reinforcement vector and

the differential summarization vector may be determined based on the cosine

between the reinforcement vector and the differential summarization vector:

cOs{d, €} = popey 5 i ; {Eq. 2)
- 1 P O &
RO ICANOI
\ £33 ) ¥ e

[338] The selector 118 may select for deployment the meta-algorithmic
patterns and/or the summarization engines which provide the meta-summaries
and/or differential summaries, respectively, having the highes! assessed
simifanity values. In one example, the content processor 104 further identifies,
based on the deployed meta-algorithmic patterns andfor the summarization
engines, potential materiat 1o be provided 1o the user, the potential material
selected from the corpus of educational confent 102, In one example, the
content proacessor 104 personalizes the potential material {o the user, as
described for each of the meta-algorithmic algorithms described hersin. inone
example, the content processor 104 personalizes the potential material to
identify reinforcement maternial of the course matenal 106A.

{0039 in one example, the course malerial 108A includes a collection of topics
from the corpus of educational content 102, and the content processor 104
personalizes the potential material to generale a seqguence of topics based on
the collection of topics. For example, similarity values between differential
summarization vectors and reinforcement vectors based on the collection of
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topics may be determined. A topic of the collection of topics may be selected
based on the similarity values. For example, g topic that is most similar to the
retained material 1068 may be identified and provided to the user,

{8048 In one example, the fopics in the collection of fopics may be ranked
based on respective similarity values to generate a sequence of topics based on
the collection of topics. Such a seguence may be iteratively provided to the
user. For example, after a first topic is mastered by the user, a next topic from
the generated sequence of topics may be provided. iIn one example, a
continuous feedback process may update values for the summaries and/or
mela-summaries, and the sequence may be dynamically changed and adapted
o a learner's needs and/or leaming abilities.

1988411 In one example, Ty, Ty, Ts may be three fopics to be learned, and M may
dencte the available material for these topics. The material may be provided to
the user based on performance. Among several possible strategies, one may
be to expose the learner to material for topic Ty first. if the leamer performs well
and does not need o see any more Ty material for proficiency, then the content
pracessor 104 has an option of providing material for just T, for just T, or both.
if the learner performs reasonably on Ty, content processor 104 may provide
some additional Ty material. in one example, some material from T; may also
he provided. Content processor 104 may determine the material to be provided,
based for example, on the similarity values for topics Ty, Tz, T3 and the retained
material on Ty, Providing the most similar topic after achieving proficiency in a
given fopic is a form of sensitivity analysis actionability.

j8042] Such an approach may be employed for each of the meta-algorithmic
algorithms described herein in addition {0 each of the individual summarizers.
10043} In one example, the at least one meta-algorithmic pattern 112 includes
an expert feedback pattern. The Expert Feedback pattern is used 1o feed back
a portion of an output {in this case, performance on the material o be learned)
to an input {in this case, the course matenal 106A — either primary or
supplementary ~ to be learned). The manner in which leaming is augmented
may be governed by a feedback gain funclion, whereas a relative amount of
supplementary material may be governet by a forward gain funclion.
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jo044] Figure 2Ais a schematic diagram #lustrating one example of an expert
fecdback pattern. The Expert Feadback pattern uses a control loop where
output feedback is fed 1o the input to allow comparison of input 1o a gain
glement. For example, course material 108A (from Figure 1) may be denoted
by input X, The retained material 1088 {from Figure 1) may be denoted by
output Y. A forward gain, A, and a Teedback gain, (Y}, are also Hlustrated. In
one example, instead of adding the negative (Y} to the input as ~{Y), a positive
(Y} may be subtracted from the input. A functional relation between the course
material and the retained material may be determined. In one example, the
output Y relates {o the inputl, X, according o the following:

¥ dlX - oY)
Y s AX ~ AF (F)Y
s arn]= ax

[H345] Accordingly, the functional relation between the course material and the
retained material may be determined as:

S oA -
e T
AR

fode] A transfer function may be obtained as:

YIX = ]i 35
e A (Y

[847] The gain of the system is a funclion of (Y}, and is given by !si}ir (“I

where [[{{Y )] is the magnitude of the feedback gain (Y}, Generally, {Y) may
not be a constant. For example, in a broad salient subject material, the
feedhack may be inversely proportional {o a person’s understanding of the
stbject material. For example, in Biology, a typical course material 106A may
include 100 chapters. Also, for example, in Literature, a typical course material
106A may include 10-15 long reading assignments. Accordingly, for a given
topic, the topics for which the user has the best understanding may be
presumably the topics requinng the least reinforcement in the fulure. Such a
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reinforcement strategy may be converted into the feedback gain function #Y)
plotted against Y, the user's current proficiency in an area.

[H04R] Figure 2B is a graph illustrating one example of a feedback gain function.
The example feedback gain function #{Y} is plotted against Y. Y in the curve
flustrated here 1s a measure of the proficiency of the person in the given sulyject
of knowledge. In this example, the curve takes the form of a Sigmeid. For the
graph illustrated herein, {(Y) is the ordinate axis and Y is the abscissa, the
following relationship is given for the feedback gain, Ge=f{Y}):

where Gs is a Sigmoid Gain, which confrols the relative slope of the curve, and
Gs = 4.0 for the curve Blustrated herein. The value G is the overall gain, which
determinegs a maximum rate of reinforcement of material, and in the eguation
above, G is setto 1.0, Accordingly, if a user fails to demonstrate understanding
of course material 106A {in Figure 1}, then the user is sent the same amount of
course material to re-learn. The value y is the mean or pivot value for the
Sigmoid curve, and g = 0.5 in the curve illustrated herein, representing a
centered distribution. This equation allows multiple mechanisms for
personalization, {o be described herein. The feetback as described herein
captures personalized reinforcement of the materiatl.

{8049] In one example, G, the overall gain, may determine the maximum
amount of reinforcement {(.g., reserve) material to deliver for leaming purposss.

Yeud

Since the value of ¢ is confined to the range (0,+«), this means that
max{G,. )= . For the given values in the example - where G=1, Gs=4.0 and
u=0.5 — this value of G may not be aftainable. in fact, if the leamer were fo get
a grade of 0.0 (corresponding {o no learning, e.q., refained material 106B is
zero), the value of ¢, = Fl¥ )=~ G - 1o - = .88, This means that a

PIPREE B

learner who learned nothing will receive 7/8" (88%) as much reserve material
as they received of original course material 106A. Of the three settings, G, Gs,
and p, G is the typically most sensitive to the learner. G may be tuned to have
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any reasonable value; for example, a grade of 0.0 means a new set of material
egual in size 1o the original material will be sent thers, G=1.14).

[0S0} In one example, Gs, the Sigmoid gain, may delermine the slope of the
curve and is most sensitive {i.e. has the highes! slope) immediately to each side
of the pivot, or mean 4. The value of Gg may be topic sensitive in addition to
being learner-sensitive. For example, cerain topics, which may be more diffuse
in knowledge {e.g., History), may benefif from a gentler slope (e.g., a lower
value of Gg), and whereas a more technical topic (e.g., Thenmodynarmics) may
requires a higher slope. This may be because below a certain level of
praficiency, sighificant incremental reinforcement {e.q. through additional
problem sels) may be required. in such a case, more than one function may be
determined: a first funclion per topic together with a second function that
combines the respective learming cufpuls. Accordingly, there may be
constraints on how much material may be returned o a leamer at any given
point or ime constraints as discussed herein.

j8031} In one example, the pivotl value, or mean |, may determine the relative
proficiency a leamer must have hefore moving on to another topic. A value of
0.7, for example, may correspond roughly 1o 70% being a “passing grade”. A
value of 0.2 may mean that a higher proficiency may be required. For example,
in a mission-critical learming situation {i.e. picking up a skill required for safety),
a higher proficiency may be necessary before addifional material may be
provided. The value of Gg, it high encugh, may prevent a leamer from moving
on before reaching a required proficiency.

J8052] In one example, the course material 106A may be graded resulting in the
following set of grades g:

i regl gl

10053] The set of grades g may be utilized {o determineg a delivery of the reserve
material 1068 indicative of a portion of the course material retained by the user,
In one example, the content processor 104 may identify refained material 1068

based on the set of grades g. In one example, the course material 108A may
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be aggregated and there may be no segmentation by topic. Accordingly, there
may be a single grade g.
[0054] Each g{T) may be ulilized as Y in the curve illustrated in Figure 2B, and

S0.

G AT = flg ) = —

e

[B055] The learner may be provided the set of GF{Ti) for all i=1,.. N {opics. In
this case, each of the {opics is managed independently. The amount of
additional learning material that is provided for reinforcement is GF(Ti}, which is
a function of the grade g{i).

{0056} In this example, it is assumed that the oulput (and through the feedback
function it becomes again part of the input) Y is the measured success in
learning, and the general assumption is that f{Y) will be inversely proportional to
Y during leaming; that is, that reinforcement will focus on topics where the
learner is weak.

100571 In one example, a different approach may be required for two different
types of learning. The learning of true mastery, and separately sequentially
focused in-depth learning often asscciated with, for example, research, and may
require the skill Y to be made directly proportional to (Y}

FOUSR] i such in-depth proficiency is desired, the approach above may be used.
However, the relationship for the feedback gain, GF=KY), will take on a different
curve. It may still be a Sigmoid curve, but will monotonically increase rather
than monolonically decrease across the Y range of [0,11

{0039] Figure 2C s a graph illustrating another example of a feedback gain
function. In this example, the feedback gain function KY) plofted against Y is
tailored for a "mastery” of proficiency learning application. As an example, the
fesdback function f{Y)} may be as follows:

5 1.5

; esenar AR
4 g BERRY gt Q¥

G f(T) =

where in this example Gg= -8, G =1.5and p = 0.8, Since G is greater than 1.0,
the amount of reinforcement/reserve material, R, exceeds the previous amount
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delivered, G, wherever Gy is grealer than 1.0, In the graph llustraled herein,
this occurs for a proficiency score above 0.91585, and peaks at R=1.183C when
the learner learns 100% of the original content. In other words, a highly
proficient student is rewarded for proficiency with an ever-increasing amount of
new material. This process may be continuad iteratively until the reserve
content R is exhausted, and/or 8 measurable learning objective is achieved.
[0060] As described herein, in one example, the content processor 104 may
personalize the potential material based on a functional relation between the
course material 108A and the retained material 106B (as evaluated by the
grades g). In one example, the feedback function, such as the Sigmoid
functions described herein, may be ulilized {0 support multiple types of
personalized learning. Differential summarization is usable for assessing the
value of Y. The individual assignmentis may be graded with a3 numerical score
of [0, 1.0], and these scores used as weightings for the atomic components
{words, efc.} of each assignment. These weightings may be used to direct the
final weightings of the summarization {or key word extraction) engines. The
extraction summary obtained for the output may then be compared {subtractad
from) the surmmary obtained for the reserve material. Content in reserve thatis
not in the summary of successful learning will then be preferentially delivered.
Various maching learning and dynamic programming technigues may be used
to determine personalized values of, for example, the settings for the feedback
parameters (G, Gs, 4}

0061} in one example, the content processor 104 may personalize the potential
material to optimize the best learning experience from the learner’s perspective.
There may be some related parameters that could be possibly involved. Inone
example, the content processor 104 may personalize the potential matenial to
minimize learning time. I minimizing learning time is important, then the
problem may be an optimization problem for reinforcement learming, where the
purpose may be to cover the course material 106A as best as possible in the
given time period. A plurality of constraints may be used to describe different
forms of the problem. For example, one obiective may be to cover most of the
material in the given Hme, or to cover at least 2/3 of the material with
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performance above a predetermined threshold in performance in a given time
period, etc. Based on time, content processor 104 may identify the potential
material, and the speed at which the potential material is provided, Also, for
example, content processor 104 may determing which topic of a sequence of
topics {o move to. For example, different topics may be assaciated with
different tearning times, and the content processor 104 may determine a next
topic based on the associated ime. In one example, conlent processor 104
may balance compsting constraints of ime taken and level of difficulty {o
determine the potential material. In one example, the content processor 104
may personalize the polential material based on resource allocation per
fteration. For example, the content processor 104 may identify how much
material may be provided at each increment. This factor may affect cost,
licensing, etc. In one example, content processor 104 may balance compsting
constraints of time taken, amount of maternial, and level of difficulty to determine
the potential material.

jana2] in one example, the at least one mela-aigorithmic pattern 112 includes a
Sequential Try pattern to identify potential material until one potential material is
selected with a given confidence relative {0 the other potential materials. oo
potential material is obvious after the sequential set of tries is exhausted, the
next pattern may be selectad. This pattern comprises trying one algorithm after
ancther until success is achieved. As such, the Sequential Try paltern for
learning comprises reinforcement to help master related content. A strategy in
the sequence may be, for example, a different tetrad of (A, G, Gg, ). Strategies
may be ordered based on predicled a priorf accuracy, and aftempted one after
the other until proficiency is achieved. As with expert feedback, proficiency may
be determined through successful completion of a test question, task, set of
guestions, setl of tasks, and so forth. As described herein, differential
summarization may be utilized 1o determine which of the reinforcing/reserve {o
delver.

{0063} In one example, the at least one meta-algorithmic pattern 112 includes
sensifivity analysis. Sensitivity Analysis is a broad meta-algorithmic paltern that
looks for correlation or reduced entropy situations that are generally indicative,
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in learning, of related material that may reinforce learning in more than one
area. Sensitivity Analysis may be used to assass which content {o provide as
reservelreinforcement content, as described herein. The reinforcement content
with the highest dot product {sum of multiplied weights) with the differential
summarization {s next in the queue for delivery.

{0064] In one example, the at least one meta-algorithmic pattern 112 includes
proof by task completion. Proof by Task Completion is related {o Sequential Try
inasmuch as the successiul completion of a test question, task, etc., is used {0
train the system. However, for this pattern, the successes in learning may be
used to automatically train the setlings of the personalized learning ecosysiem;
e.g. the telrad of (A, G, Gg, ). As described herein, differential summarization
may be utilized {o determine which of the reinforcing/reserve to deliver.

{0065] Figure 3 is a block diagram illustrating one example of a processing
system 300 for implementing the system 100 for personalized learning based on
functional summarization. Processing system 300 includes a processor 302, a
memory 304, input devices 314, and output devices 318. Processor 302,
memory 304, input devices 314, and oulput devices 318 are coupled fo each
other through communication link (e.g., a bus).

{0066} Processor 302 includes a Central Processing Unit ({CPU) or another
suitable processor. in one example, memory 304 stores machine readable
instructions executed by processor 302 for operating processing system 300
Memory 304 includes any suilable combination of volatile and/or non-volatile
rmemory, such as combinations of Random Access Memary (RAM), Read-Only
Memory (ROMj}, flash memory, and/or other suitable memary.

367 Memory 304 stores instructions {0 be exscuted by processor 302
including instructions for a content processor 306, summarization engines
and/or meta-aigorithimic patterns 308, an evaluator 310, and a selector 312, In
one example, memory 304 also stores the differential summarization vecior and
reinforcement vectors. In one example, content processor 308, summarization
engines andfor meta-algorithmic patterns 308, evaluator 310, and selector 312,
include content processor 104, summarization engines 108, and/or meta-
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algorithmic patterns 112, evaluator 116, and selector 118, respectively, as
previously described and llustrated with reference to Figure 1.

[HO6R] In one example, processor 302 executes insfructions of content
processor 306 o provide, 1o a computing device via a graphical user interface,
course material to be leamed by a user, the course material selected from a
corpus of educational content. Processor 302 executes instructions of content
processor 308 identify retained matertal indicative of a portion of the course
material retained by the user. Processor 302 executes instructions of a pluratity
of summarization engines and/or meta-algorithmic patterns 308 {o provide a
differential summary indicative of differences between the retained material and
the corpus of educational content, and to provide a meta-summary using at
least two differential summaries. Processor 302 executes instructions of an
evaluator 310 {o determine a value of each differential summary and meta-
summary. in one example, the values may be based on the cosine similarity
between a differential summarization vector and reinforcement vectors.
Processor 302 executes instructions of a selector 312 o select a meta-
algorithmic paftern or a summarization engine that provides the meta-summary
or differential summary, respectively, having the highest assessed value, In one
example, processor 302 executes instructions of a selector 312 to select for
deployment the meta-algorithmic patterns and/or the summarization engines
which provide the meta-summaries and/or differential summarigs, respectively,
having the highest assessed values.

0069} in one example, processor 302 executes instructions of a content
processor 306 to identify, based on the deployed meta-algorithmic patterns
and/ar the summarization engines, potential material to be provided {0 the user,
the potential material selected from the corpus of educational content. Inone
example, processor 302 executes instructions of a content processor 306 {o
personalize the potential material to the user. In one example, processor 302
executes instructions of a content processor 306 to personalize the potential
material to minimize learning time.  In one example, processor 302 executes
instructions of a content processor 306 to personalize the potential material to
generate a sequence of topics based on the collection of {opics. inone
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example, processor 302 executes instructions of a content processor 306 o
identify reinforcement material of the course material.

070} Input devices 314 include a keyboard, mouse, data ports, and/or other
stitable devices for inpudling information into processing system 300, inone
example, input devices 314 are used to input feedback frony users for evaluating
the course material. Quiputl devices 318 include a monifor, speakers, data
ports, and/ar other suitable devices for outputting information from processing
system 300. in one example, outpul devices 318 are used to output
reinforcement materiat {o users.

[71] Figure 4 is a block diagram Hllustrating one example of a computer
readable medium for personalized learning based on funclional summarization.
Processing system 400 includes a processor 402, a computer readable medium
408, a plurality of summarization engines 404, and at least one meta-algarithmic
patiem 406, in one example, the a least one metg-algonthmic pattern 408
includes the Expert Feedback 408A, Sensitivity Analysis 408B, Proof by
Completion 4080, and Seguential Try 408D, Processor 402, computer readable
medium 408, the plurality of summarization engines 404, and the at least one
mela-algorithmic pattern 406 are coupled {0 each other through communication
fink {&.g., a bus).

{0072 Processor 402 executes instructions included in the computer readable
medium 408. Compuler readable medium 408 includes course material
providing instructions 410 to provide, to a computing device via a graphical user
interface, course material to be learned by a user, the course material selected
from a corpus of educational content. Computer readable medium 408 includes
retained material identifying instructions 412 to identify retained material
indicative of a portion of the course material retained by the user. Computer
readable medium 408 includes summarization instructions 414 of a plurality of
summarization engines 404 to provide a differential summary indicative of
differences between the retained material and the corpus of educational
content. Computer readable medium 408 includes meta-algorithmic patiern
instructions 416 of at least one meta-algorithmic pattem 406 to provide a meta-

summary using at least two differential summaries. Computer readable medium
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408 includes value determination instructions 418 {0 determine a value of each
differential summary and mela~-summary. In one exampie, computer readable
medium 408 includes deployment instructions 420 to deploy, 1o provide a
personalized learning plan to the user, the meta-algorithmic pafterns and/or the
summarization engines which provide the meta-summaries and/or differential
summaries, respectively, having the highest assessed values, In one example,
computer readable medium 408 includes deployment insfructions 420 to
determine, based on the deployed meta-algorithmic patterns and/or the
summarization engines, potential material to be provided to the user, the
potential material selected from the corpus of educational content,

{073} Figure 5 is a flow diagram illustrating one example of a method for
personalized learning based on funclional summarization. At 500, course
material associated with a given topic of a collection of topics is provided {o a
computing device via a graphical user interface, the course matenial fo be
learned by a user. At 502, retained material associated with the given topic is
identified, the refained material indicative of a portion of the course material
retained by the user, A, 504, a plurality of combinations of meta-algorithmic
patterns and summarization engines are applied to provide a mefa-summary.
At 506, a value of each combination of meta-algorithmic patterns and
summarization engines is determined based on values of each differential
summary and meta~summary. At 508, a combination of meta-aigorithmic
patterns and summarization engines is selected for deployment of a
personalized learning plan, the selected combination of meta-algorithmic
patterns and summarization engines having the highest assessed value.

74} in one example, potential material to be provided 1o the computing device
is determined based on the deploved mela-algorithmic patterns and/or the
summarization engines, the potential matenial selected from the corpus of
educational content.

[0075] In one example, based on the deployed combination of meta-algorithmic
patterns and summarization engines, a next topic of the collection of topics is
identified, and the next {opic is provided o the compuling device,
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{0076} In one example, the meta-algorithmic patterns are based on an expert
feedback, sequential try, sensitivity analysis, or proof by task complstion.

[1077] Examples of the disclosure provide a generalized system for
personglized {earning based on functional summarization. The generalized
system provides a pattern-based, automatable approach {o generate a
personalized fearning plan through individually-optimized delivery of reinforcing
learning materials based on summarization that may learn and improve over
time, and is not fixed on a single technology or machine learning approach. in
this way, the content used to represent a larger body of educational content,
suitable to a wide range of applications, may be provided in a personalized
manner.

{H78] Although specific examples have been illustrated and described herein, a
variety of alternate andfor egquivalent implementations may be substituted for the
specific exampiles shown and described without departing from the scope of the
present disclosure. This application is intended to cover any adaptations or
variations of the specific examples discussed herein. Therefore, i is intended
that this disclosure be limited only by the claims and the equivalents thersof.
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CLAIMS

1. A system comprising:
a content pracessor (o
provide, to a computing device via a graphical user
interface, course material {o be leamed by a user, the course material
selected from a corpus of educational content, and
identify retained material indicative of a portion of the
course maternal retained by the user;

a plurality of summarization engines, each summarization engine
fo provide a differential summary indicative of differences between the
retained material and the corpus of educational content;

at least one meta-gigorithmic pattern to be applied to al least two
differential summaries to provide a meta-summary using the at least two
differential summaries;

an evaluaior to determine a value of each differential summary
and meta-summary; and

a selector o select a meta-algorithmic pattern or a summarization
engine that provides the metfa-summary or differential summary,
respectively, having the highest assessed value.

2. The system of claim 1, wherein the selector selects for deployment the
meta-algorithmic patterns and/or the summarization engines which
provide the meta-summaries and/or differential summaries, respectivaly,
having the highest assessed values.

3. The system of claim 2, wherein the content processor further identifies,
based on the deployed meta-aigorithmic pattermns and/or the
summarization engines, potential material to be provided {o the user, the
potential material selected from the corpus of educational content.
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4. The system of claim 3, wherein the content processor personalizes the
potential material o the user.

5. The system of claim 4, wherein the content processor personalizes the

potential material to minimize leaming time.

8. The systen of claim 4, wherein the course material includes a coliection
of topics from the corpus of educational content, and the content
processar personalizes the potential material o generate a sequence of
fopics based on the collection of {opics.

7. The system of claim 4, wherein the content processor personalizes the
potential material to identify reinforcement matedal of the course

material.

8. The system of claim 4, wherein the ai least one meta-algorithmic pattern
is based on an expert feedback, and the content processor personalizes
the potential material based on a functional relation hetween the course

material and the refained material.

8. The system of claim 1, wherein the at least one meta-algorithmic patlern
is based on an expert feedback, sequential try, sensitivity analysis, or
proof by task completion.

10.A method fo generate a personalized learning plan based on a mela-
algorithm pattern, the method comprising:
providing to a computing device via a graphical user interface, for
a given topic of a collection of topics, course material associated with the
given topic, the course material {o be learned by a user;
identifying retained maternial associated with the given topic, the
retained material indicative of a portion of the course material retained by

the user;
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applying a plurality of combinations of meta-algorithmic patterns
and summarization angines, wherein:
gach summarization engine provides a differential summary
indicative of differences between the retained material and the corpus of
educational content for the given {opic, and
each meta-algorithmic patter is applied to atleast two
differential summaries to provide, via the processor, a meta-summary,;
determining a value of each combination of meta-algotithmic
patterns and summarization engines based on values of each differential
summary and meta-summary; and
salecting, for deployment of a personalized feaming plan, a
combination of meta-aigorithmic patterms and summarization engines

having the highest assessed value.

11. The method of claim 10, further comprising determining, based on the
deployed meta-algorithmic patterns andf/or the summarization engines,
potential matenal to be provided fo the computing device, the potential
material selected from the corpus of educational content.

12. The method of claim 11, further comprising:
identifying, based on the deployed combination of meta-
algorithmic patterns and summarization engines, a next fopic of the
cotlection of topics; and
providing the next topic to the computing device.

13. The method of claim 10, wherein the meta-algonthmic pattemns are based
on an expert feedback, sequential try, sensitivily analysis, or proof by
task completion,

14, A non-transitory computer readable medium comprising executable
instructions o
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provide, 1o a computing device via a graphical user interface,
course material {o be learned by a user, the course material selected
from a corpus of sducational conlent;

dentify retained material indicative of a portion of the course
material retained by the user;

apply a plurality of summarization engines, each summarization
engine o provide a differential summary indicative of differences
between the retained material and the corpus of educational content;

apply a plurality of meta-algorithmic patterns, each meta-
algorithmic pattern {0 be applied {0 at least two differential summaries to
provide a meta-summary using the at least two differential summaries;

determine a value of each differential summary and meta-
summary;

deploy, to provide a personalized learning plan fo the user, the
meta-algorithmic patterns and/or the summanzation engines which
provide the meta-summaries andfor differential summaries, respectively,
having the highest assessed values.

15. The non-transitory computer readable medium of claim 14, further
comprising executable instructions {o determine, based on the deployed
meta-algorithmic palterns and/or the summarization engines, potential
material {o be provided to the user, the potential maternial selected from
the corpus of educational content.
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