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57 ABSTRACT

In some embodiments a processor can receive inputs asso-
ciated with a user and classify, based on a first machine
learning model using at least one input rubric, each input
from the inputs into an input type. The processor can define,
based on the input type of each input, a first set of inputs
associated with a first evaluation type and a second set of
inputs associated with a second evaluation type. The pro-
cessor can select a second machine learning model based on
the first evaluation type and can extract, using the second
machine learning model, from the first set of inputs a pattern
associated with the user, evaluate a first state of the user
based on the pattern and a second state of the user based on
the second set of inputs, and generate an assessment of the
user based on the first state and the second state.

20 Claims, 5 Drawing Sheets
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1
SYSTEMS AND METHODS FOR MACHINE
LEARNING MODELS TO ASSESS AND
EXTRACT DATA FROM USER INPUTS

CROSS REFERENCE TO RELATED
APPLICATIONS

This application claims priority to U.S. Patent Application
No. 63/581,419, filed Sep. 8, 2023, entitled “Systems and
Methods for Machine Learning Models to Assess and
Extract Information from User Inputs™, the entire contents of
which is hereby incorporated by reference in its entirety.

BACKGROUND

The embodiments described herein relate to systems and
methods for machine learning models (e.g., neural network
based models, large language models, etc.) to assess and
extract data from user inputs.

Machine learning models can be used conversationally to
provide outputs based on an input from a user. However,
some known machine learning models are unable to assess
if the inputs indicate additional information about the user or
changes in user behavior.

Inputs entered into machine learning models may include
erroneous data. The erroneous data may indicate a user
misconception or gaps in user knowledge. If the erroneous
data is not identified, the consequences can compound if the
erroneous data is related to a fundamental concept. This may
be especially dangerous for students or children.

Accordingly, a need exists for a machine learning model
(s) that can assess and extract data from user inputs to guide
a user to a desirable result.

SUMMARY

In some embodiments, a non-transitory processor-read-
able medium stores code representing instructions to be
executed by one or more processors. The instructions
include code to cause the one or more processors to receive,
a plurality of inputs associated with a behavior of a user. The
instructions include code to cause the one or more proces-
sors to classify, based on a first machine learning model
using at least one input rubric, each input from the plurality
of inputs into an input type from a plurality of input types.
The first machine learning model is configured to extract
relevant classification data from the plurality of inputs. The
instructions include code to cause the one or more proces-
sors to define, based on the input type of each input from the
plurality of inputs, a first set of inputs associated with a first
evaluation type and a second set of inputs associated with a
second evaluation type, wherein the second evaluation type
is associated with a lower computational cost than the first
evaluation type. The instructions include code to cause the
one or more processors to select a second machine learning
model based on the first evaluation type, the second machine
learning model trained based on analytical data associated
with the user. The instructions include code to cause the one
or more processors to extract, using the second machine
learning model, from the first set of inputs a pattern asso-
ciated with the user. The instructions include code to cause
the one or more processors to evaluate a first state of the user
based on the pattern and a second state of the user based on
the second set of inputs. The instructions include code to
cause the one or more processors to generate a grade of the
user based on the first state and the second state.
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In some embodiments, a method includes receiving a
plurality of inputs associated with a behavior of a user. The
method includes classifying, based on a first machine learn-
ing model, each input from the plurality of inputs into an
input type from a plurality of input types. The method
includes defining, based on the input type of each input from
the plurality of inputs, a first set of inputs associated with a
first evaluation type and a second set of inputs associated
with a second evaluation type. The method includes select-
ing a second machine learning model based on the first
evaluation type. The method includes extracting, using the
second machine learning model, from the first set of inputs
a pattern associated with the user. The method includes
evaluating a first state of the user based on the pattern and
a second state of the user based on the second set of inputs.
The method includes determining, based on the first state
and the second state, if the first state and the second state
satisfy one or more rubric conditions. The method includes
responsive to determining that the one or more rubric
conditions is not satisfied, generating, using a third machine
learning model, one or more outputs. The method includes
receiving, at least one update input associated with the one
or more outputs. The method includes updating at least one
of the first state or the second state based on the at least one
update input. The method includes, responsive to determin-
ing that the one or more rubric condition is satisfied,
generating a grade of the user based on the first state and the
second state.

In some embodiments, a method includes training a first
machine learning model, based on a set of representations of
misinformation. The method includes receiving a plurality
of inputs associated with behavior of a user. The method
includes filtering the plurality of inputs to remove duplicate
inputs. The method includes clustering, using the first
machine learning model, the plurality of inputs based on
input type to define clustered inputs. The method includes
extracting, from the clustered inputs using the first machine
learning model, one or more identified misinformation. The
method includes categorizing the one or more identified
misinformation to one or more categories to define catego-
rized misinformation. The method includes training the first
machine learning model based on the categorized misinfor-
mation to update the set of representations of misinforma-
tion with current information. The method includes gener-
ating, using a second machine learning model based on the
one or more categories, at least one output. The method
includes sending, to a user device, the at least one output.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 shows a block diagram of a system for assessing
and extracting information from user inputs, according to an
example embodiment.

FIG. 2 shows a flowchart of a system for generating an
assessment of a user, according to an example embodiment.

FIG. 3 shows a flowchart for a method of generating an
assessment of a user, according to an example embodiment.

FIG. 4 shows a flowchart for a method of generating an
assessment of a user, according to another example embodi-
ment.

FIG. 5 shows a flow chart for a system for a system for
extracting information from user inputs, according to an
example embodiment.

DETAILED DESCRIPTION

In some embodiments, a machine learning model is used
to generate an assessment (e.g., a knowledge grade) of a
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user. A method includes, receiving a plurality of inputs
associated with the behavior of the user. Each input is
classified, based on at least one input rubric, into a plurality
of input types. Each input is then defined, based on the input
type, to a first set of inputs associated with a first evaluation
type and a second set of inputs associated with a second
evaluation type. A first state (e.g., a first knowledge state) is
then evaluated based on the first set of inputs and a second
state (e.g., a second knowledge state) is evaluated based on
the second set of inputs. An assessment (e.g., a knowledge
grade) is then generated based on the first state and the
second state.

In some embodiments, a method includes receiving a
plurality of inputs associated with the behavior of a user. A
state (e.g., a knowledge state) is then evaluated based on the
plurality of inputs. Based on an analysis of the state, missing
performance evidence is then determined. The method
includes generating user prompts associated with the miss-
ing performance evidence and receiving, based on display-
ing the user prompts to the user, additional inputs associated
with the missing performance evidence. An updated state
(e.g., an updated knowledge state) is then evaluated based on
the plurality of inputs and the additional inputs. An assess-
ment (e.g., knowledge grade) of the user is then generated
based on the updated state.

Learning can be achieved using various mediums, includ-
ing reading books, watching videos, listening to audio, and
so forth. Traditionally, to determine how much a student
knows about a particular topic, students are given various
forms of tests and exams. These exams can include multiple
choice questions, essay responses, fill-in-the-blank ques-
tions, and so on. These tests are often administered at the end
of the student’s time studying a particular subject, such as at
the end of a unit, the end of a semester, or the end of a school
year.

As discussed herein, with artificial intelligence-based
conversational models, students may ask a conversational
model for answers. However, the systems and methods
described herein are configured to use user inputs with a
conversational model to determine an assessment (e.g., a
knowledge grade) of a user. The knowledge grade can
indicate how a user’s knowledge state corresponds to a
grading rubric. The user inputs can further be used to present
the user with additional information and/or prompts that
may be determined to increase the knowledge state of the
user.

When learning new material, users may encounter mis-
information that may lead to misconceptions or gaps in
knowledge. To decrease the likelihood that the misinforma-
tion has further consequences, the systems and methods
described herein can be configured to extract learned mis-
information from the user inputs and provide the user with
prompts to unlearn the misinformation.

While some systems and methods described herein are
described in reference to students and education, the system
and methods can be applied to any set of user inputs to
determine a state of a user. For example, the systems and
methods described herein can be applied to employees and
workplaces, a company and a market, and/or the like.

FIG. 1 shows a block diagram of a system 10 for
processing data to assess and extract information from user
inputs, according to an embodiment. The system 10 includes
an evaluation system 100, a network 120, a user device 130
(e.g., primary compute device, hub, superior device, first
compute device), student devices 140 (e.g., secondary com-
pute device(s), node(s), etc.), database(s) 150, and a con-
versation model 160. In some embodiments, the system 10
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is associated with an entity (e.g., commercial entity, educa-
tional entity, etc.), including and/or associated with user Ul
and/or students S.

The network 120 facilitates communication between the
components of the system 10. The network 120 can be any
suitable communication network for transferring data, oper-
ating over public and/or private networks. For example, the
network 120 can include a private network, a Virtual Private
Network (VPN), a Multiprotocol Label Switching (MPLS)
circuit, the Internet, an intranet, a local area network (LAN),
a wide area network (WAN), a metropolitan area network
(MAN), a worldwide interoperability for microwave access
network (WiMAX®), an optical fiber (or fiber optic)-based
network, a Bluetooth® network, a virtual network, and/or
any combination thereof. In some instances, the network 120
can be a wireless network such as, for example, a Wi-Fi or
wireless local area network (“WLAN™), a wireless wide area
network (“WWAN™), and/or a cellular network. In some
instances, the network 120 can be a wired network such as,
for example, an Ethernet network, a digital subscription line
(“DSL”) network, a broadband network, and/or a fiber-optic
network. In some instances, the network can use Application
Programming Interfaces (APIs) and/or data interchange for-
mats, (e.g., Representational State Transfer (REST),
JavaScript Object Notation (JSON), Extensible Markup
Language (XML), Simple Object Access Protocol (SOAP),
and/or Java Message Service (JMS)). The communications
sent via the network 120 can be encrypted or unencrypted.
In some instances, the network 120 can include multiple
networks or subnetworks operatively coupled to one another
by, for example, network bridges, routers, switches, gate-
ways and/or the like (not shown).

The user device 130 is configured to generate, view,
and/or complete actions by a user Ul. The user device 130
includes a processor 132, a memory 134, an output 136, and
an input 138, each operatively coupled to one another (e.g.,
via a system bus) and each in communication with the
network 120. In some implementations, the user device 130
is associated with (e.g., owned by, accessible by, operated
by, etc.) the user Ul. The user Ul can be any type of user,
such as, for example, a teacher, a professor, a school, an
administrator, a manager, an employee, a customer, an
operator, and/or the like. While the system 10 is shown in
FIG. 1 as including one user device 130, in some embodi-
ments the system 10 includes multiple user devices, each
associated with one or more users and each in communica-
tion with the evaluation system 100 via the network 120.

The processor 132 of the user device 130 may be a
hardware-based integrated circuit (IC) or any other suitable
processing device configured to run and/or execute a set of
instructions or code. In some implementations, the processor
132 is a general-purpose processor, a central processing unit
(CPU), an accelerated processing unit (APU), an application
specific integrated circuit (ASIC), a field programmable gate
array (FPGA), a programmable logic array (PLA), a com-
plex programmable logic device (CPLD), a programmable
logic controller (PLC) and/or the like. The processor 132 is
operatively coupled to and in communication with the
memory 134, the output 136, the input 138, and the network
120, such as through a system bus (e.g., address bus, data
bus, control bus, etc.) and/or a wireless connection.

The memory 134 of the user device 130 may be a
random-access memory (RAM), a memory buffer, a hard
drive (e.g., solid state drive (SSD), hard disk drive (HDD),
etc.), a read-only memory (ROM), an erasable program-
mable read-only memory (EPROM), and/or the like. In
some instances, the memory 134 can store, for example, one
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or more software programs and/or code that can include
instructions to cause the processor 132 to perform one or
more processes, functions, and/or the like. In some imple-
mentations, the memory 134 includes extendable storage
units that can be added and used incrementally. In some
implementations, the memory 134 can be a portable memory
(e.g., a flash drive, a portable hard disk, and/or the like) that
can be operatively coupled to the processor 132. In some
embodiments, the memory 134 can be remotely operatively
coupled with a compute device separate from (e.g., detached
from) the user device 130. For example, a remote database
device can serve as a memory and be operatively coupled to
the user device 130.

The output 136 is operatively coupled to the processor
132 and is configured to present (e.g., display, provide, etc.)
information to user Ul. For example, in response to the
evaluation system 100 generating a future student skill
prediction, processor 132 can receive the future student skill
prediction and the output 136 can present the future student
skill prediction to the user U1. In some implementations, the
output 136 is a display, such as a Cathode Ray tube (CRT)
display, Liquid Crystal Display (LCD), Light Emitting
Diode (LED) display, Organic Light Emitting Diode
(OLED) display, and/or other displays configured to present
information visually. In some implementations, the output
136 is a speaker or other audio output device configured to
present information to the user U1, such as the future student
skill prediction, aurally. In some implementations, the out-
put 136 is configured to provide feedback to the user U1 via
haptic feedback.

The input 138 is operably coupled to the processor 132
and is configured to provide a signal to the processor 132 to
complete a task. In some implementations, the input 138 is
a peripheral device, such as a mouse, keyboard, global
positioning system (GPS), microphone, touch screen,
speaker, scanner, headset, camera, and/or the like. In some
instances, the user Ul can use the input 138 to send
information to the evaluation system 100 via the network
120, such as a knowledge graph or a location of the user
device 130. In some instances, the input 138 is configured to
provide a request for information (e.g., query) to the evalu-
ation system 100 via the network, such as a request for a
knowledge grade of a student S.

In some implementations, each of the student devices 140
can be substantially similar to the user device 130. The
student devices 140 can include a processor similar to the
processor 132, a memory similar to the memory 134, an
output device similar to the output 136, and an input device
similar to the input 138. The student devices 140 are
configured to send and receive information from the evalu-
ation system 100 via the network 120. The information
provided to the evaluation system 100 by the student devices
140 may include device data (e.g., battery health, network
connectivity speed, geographic location, etc.), student
engagement data (e.g., screentime, keylogger information,
login and logout times, shutdown and start up times, etc.),
and other raw data input to the student devices 140.

The databases 150 store information related to the system
10 and the processes described herein. For example, the
databases 150 can store organizational strategy information,
change logs, change triggers, digital calendars, communi-
cations, activity reports, direct engagement information,
digital artifacts (e.g., email messages, calendar appoint-
ments, documents, text messages, reports, etc.), conversa-
tion data, assessment data, assignment data, user and/or
student profiles, data on content explored by users and/or
students and/or similar information. The databases 150 can
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be any device or service configured to store signals, infor-
mation, and/or data (e.g., hard-drive, server, cloud storage
service, etc.). The databases 150 can receive and store
signals, information and/or data from the other components
(e.g., the user device 130, the student device(s) 140, the
conversation model 160, the evaluation system 100, etc.) of
the system 10. The databases 150 can include a local storage
system associated with the evaluation system 100, such as a
server, a hard-drive, or the like or a cloud-based storage
system. In some implementations, the databases 150 can
include a combination of local storage systems and cloud-
based storage systems. In some implementations, the data-
bases 150 include different databases for storing different
information. For example, the databases 150 can include a
database for storing information used to determine a knowl-
edge grade for a student and a database for storing infor-
mation used to extract misinformation from student inputs.
In some implementations, the databases can include infor-
mation associated with multiple entities and/or the user U1.

The system 10 further includes a conversational artificial
intelligence (AI) model, shown as a conversation model 160.
The conversation model 160 can receive inputs from and
provide outputs to one or more users or students S. The
conversation model 160 can be used as a chatbot by the
students S to aid in their learning of particular topics. The
conversation model 160 can record and save chat informa-
tion (e.g., from conversations with the student) in the
databases 150. In some implementations, the conversation
model 160 includes a large language model, and/or the like
to generate outputs based on the inputs from the one or more
users or students S.

In some implementations, the conversation model 160 can
provide prompts to one or more users or students to obtain
information (e.g., user information, student information,
knowledge information) and can use the one or more inputs
to update a knowledge graph, train a model (e.g., the
classifier 106, the grading model 108, the misinformation
extractor 118, etc.) or as input to a model (e.g., classifier 106,
misinformation extractor 518, etc.). In some implementa-
tions, the conversation model 160 stores students’S inputs
and associated outputs in the database(s) 150. The conver-
sation model 160 can be configured to receive inputs form
the evaluation system 100 and to display prompts to the
students S based on the inputs.

The evaluation system 100 is configured to receive a
plurality of inputs (e.g., from the conversation model 160,
from the database(s) 150, from the student device(s) 140,
from the user device 130, etc.) and to determine a knowledge
grade and extract misinformation from the plurality of
inputs. The evaluation system includes a processor 102 and
a memory 104, each operatively coupled to one another
(e.g., via a system bus). The memory 104 may include a
classifier 106, a grading model 108, a heuristic grader 110,
a video processor 112, a scoring model 116, and a misin-
formation extractor 118. In some implementations, the video
processor 112 is optional. In some implementations, the user
device 130 is associated with (e.g., owned by, accessible by,
operated by, etc.) an organization, and the evaluation system
100 is associated with (e.g., owned by, accessible by, oper-
ated by, etc.) the same organization. In some implementa-
tions, the user device 130 is associated with (e.g., owned by,
accessible by, operated by, etc.) a first organization, and the
evaluation system 100 is associated with (e.g., owned by,
accessible by, operated by, etc.) a second organization,
different than a first organization. In some implementations,
the evaluation system 100 and the user device 103 may be
components of the same computing system.
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The processor 102 of the evaluation system 100 can be,
for example, a hardware based integrated circuit (IC), or any
other suitable processing device configured to run and/or
execute a set of instructions or code. For example, the
processor 102 can be a general-purpose processor, a central
processing unit (CPU), an accelerated processing unit
(APU), an application specific integrated circuit (ASIC), a
field programmable gate array (FPGA), a programmable
logic array (PLA), a complex programmable logic device
(CPLD), a programmable logic controller (PLC) and/or the
like. The processor can be operatively coupled to the
memory 104 through a system bus (e.g., address bus, data
bus, and/or control bus).

The memory 104 of the of the evaluation system 100 can
be, for example, a random-access memory (RAM), a
memory buffer, a hard drive, a read-only memory (ROM), an
erasable programmable read-only memory (EPROM), and/
or the like. In some instances, the memory 104 can store, for
example, one or more software programs and/or code that
can include instructions to cause the processor 102 to
perform one or more processes, functions, and/or the like. In
some implementations, the memory 104 can include extend-
able storage units that can be added and used incrementally.
In some implementations, the memory 104 can be a portable
memory (e.g., a flash drive, a portable hard disk, and/or the
like) that can be operatively coupled to the processor 102. In
some instances, the memory 104 can be remotely opera-
tively coupled with a compute device (not shown). For
example, a remote database device can serve as a memory
and be operatively coupled to the compute device.

The evaluation system 100 can receive inputs from the
database(s) 150, the student device(s) 140, the user device
130, and/or the conversation model 160 and determine an
assessment (e.g., a knowledge grade) based on the inputs.
The inputs can be associated with the behavior and/or
knowledge of the students S. In some implementations, the
inputs can include student S questions and conversation
model 160 answers. For example, the inputs can include a
question a student S asked the conversation model 160 such
as, “What is photosynthesis?”, “solve X*-4=0,” and asso-
ciated answers from the conversation model 160. In some
implementations, the inputs can include prompts sent to the
student device(s) by the conversation model 160 and asso-
ciated student S answers. For example, the prompts can
include questions for checking concept understanding
including procedural questions in math and physics, con-
ceptual questions in biology and chemistry, critical thinking
questions in science and math, and/or the like. The student
S answer can include full answers or can include informa-
tion indicating that the conversation model 160 guided the
student S through the answer. In some implementations, the
inputs can include quiz submissions associated with the
students S. The quiz submissions can include quiz sub-
stance, student S answers, if the conversation model 160
provided hints and/or learning material, the associated hints
and/or learning material, and/or the like. In some implemen-
tations, the quiz submissions can include student S uploads
of physical quizzes taken outside of the context of the
system 10. In some implementations, the inputs can include
learning interactions, which can include information regard-
ing how much time the students S spend on a section,
concept, question, etc., how the students S interact with the
conversation model 160 (e.g., tone of the student’s ques-
tions, such as student becoming frustrated, number of times
a student poses a question, different ways a student asks a
question, etc.), how the students S interact with learning
content, how many times a student S changes their answer
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to a specific question, and/or the like. In some implemen-
tations, the inputs can include visual inputs (e.g., from a
camera on the student device(s) 140, etc.), which can include
a camera feed, images, and/or the like.

In some implementations, the evaluation system 100 is
configured to extract misinformation and/or identify gaps in
knowledge from the inputs. In some implementations, based
on at least one of the extracted misinformation and the
knowledge grade associated with a student S, the evaluation
system 100 can be configured to send one or more outputs
to the conversation model 160 and/or the student device(s)
140 to provide additional information to increase the knowl-
edge grade and/or correct the misinformation. In some
implementations, the evaluation system 100 may be config-
ured to send one or more output to the conversation model
160 and/or the student device(s) 140

The classifier 106 receives the inputs and classifies the
inputs based on at least one rubric. In some implementa-
tions, the classifier 106 is a machine learning model (e.g.,
deep learning model, neural network, natural language pro-
cessing (NLP) model, reinforcement learning model, etc.).
The at least one rubric can include a plurality of taxonomies
that are associated with input types. The classifier 106
receives the inputs and maps the inputs to an input type as
dictated by the at least one rubric. In some implementations,
the at least one rubric can include Bloom taxonomy, state or
national standards, a taxonomy specific to a school or
district, and/or the like. In some implementations, the input
types can include procedural, conceptual, human-written
response, multiple choice response, specific subject (e.g.,
math, physics, etc.), chemical equation balancing, mental
health, unit conversion, and/or the like. In some implemen-
tations, the classifier 106 can classify inputs that are not
relevant to the evaluation system 100 as being out of scope.
In some implementations, the classifier 106 can include a
transformer model (e.g., LLM model) trained to determine
relevant portions of an input. In some implementations, the
transformer model can be trained on curated content (e.g.,
curated by a subject matter expert). In some implementa-
tions, the output of the transformer can be modified,
changed, and/or augmented by a large language model. In
some implementations, the classifier 106 can use a large
language model (LLM) for student S’s written inputs to
extract information relevant for classification. In some
implementations, the classifier 106 can classity at least one
of the inputs to more than one input type. In some imple-
mentations, the classifier 106 can classify the inputs based
on evaluation type. For example, a first evaluation type can
be associated with a type of input that may be evaluated by
a machine learning algorithm (e.g., a complex input type)
and a second evaluation type can be associated with a type
of input that may be evaluated heuristically (e.g., a simple
input type). For example, the first input type can include
inputs such as student S conversations and/or student gen-
erated answers, and/or the like, and the second input type
can include inputs such as student S answers to multiple-
choice questions.

The grading model 108 is configured to receive the
classified inputs. In some implementations, the classified
inputs include a first set of inputs classified as being asso-
ciated with the grading model 108. The grading model 108
determines a knowledge state (e.g., a first knowledge state)
of at least one student S based on the classified inputs. The
knowledge state indicates whether and/or how much the
student S has demonstrated to understand one or more
concepts. For example, if a student S answers a question
correctly, the grading model 108 generates an indication that
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the student S understands a concept and if the student S
answers a question incorrectly, the grading model 108
generates an indication that the student S does not fully
understand the concept. For another example, if the student
S asks a question in a certain way, the grading model 108 can
generate an indication that the student S does not understand
a concept and if the student S asks a different question in a
different way, the grading model 108 can generate an
indication that the student S understands the concept. The
grading model 108 uses at least one machine learning model
(e.g., NLP model, LLM model, etc.) to determine, based on
the classified inputs, the knowledge state. The at least one
machine learning model is trained to determine a knowledge
state from complex inputs, such as student S’s written
answers, student S’s conversations with conversation model
160 and/or the like. This allows for a variety of inputs, not
just inputs to which a knowledge state is directly correlated,
to be used by the evaluation system 100. In some imple-
mentations, the grading model 108 is trained based on
learning analytics based on responses from the students S. In
some implementations, training the at least one machine
learning model can include tuning outputs and/or providing
suitable examples to the at least one machine learning
model. In some implementations, the at least one machine
learning model is a pretrained model that is tuned (e.g.,
customized) based on an organization’s preferences. Pre-
training can include masked token prediction on data such as
educational content (e.g., lesson corpus, etc.). Tuning can
include using a smaller set of samples in the form of
example user inputs evaluated by subject matter experts.

In some implementations, determining the knowledge
state can include first extracting a pattern associated with the
at least one student S and then evaluating the knowledge
state based on the pattern. The pattern can be associated with
user-generated answers and/or questions related to certain
topics, concepts, question types, and/or the like. In some
implementations, the pattern is extracted with the at last one
machine learning model.

The heuristic grader 110 is configured to receive the
classified inputs. In some implementations, the classified
inputs include a second set of inputs classified as being
associated with the heuristic grader 110. The heuristic grader
110 determines the knowledge state (e.g., a second knowl-
edge state) of the at least one student S based on the
classified inputs. The heuristic grader 110 determines the
knowledge state of the classified inputs based on heuristics.
For example, for an input that include a multiple-choice
question, the input can be evaluated using heuristics to
determine the knowledge state. Using the heuristic grader
110 on simpler inputs can reduce the computing resources
used by the grading model 108, thus saving computing
power, time, and/or cost. In some implementations, the
knowledge state of an input can be determined by both the
grading model 108 and the heuristic grader 110. In some
implementations, the evaluation system 100 may include
additional models to determine the knowledge state. In some
implementations, the evaluation system 100 may define a
composite knowledge state based on at least the first knowl-
edge state and the second knowledge state. In some imple-
mentations, the heuristic grader 110 and the grading model
108 may be the same model. In some implementations, the
heuristic grader 110 may include reinforcement learning.

The video processor 112 is configured to receive a visual
signal (e.g., camera signal, etc.) associated with the user
(e.g., student). The video processor 112 is configured to
determine, based on the visual signal, a user engagement of
an associated student S. In some implementations, the video
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processor 112 uses optical character recognition (OCR),
computer vision, and/or the like. In some implementations,
the video processor 112 uses a vision transformer model to
determine the behavior of the user. The behavior can indi-
cate if the user is engaged during a learning procedure (e.g.,
when engaging with the conversation model 160, taking a
quiz, reviewing study materials, etc.). For example, the
video processor 112 can determine if a user is getting
frustrated with a certain concept or if a certain style of
learning (e.g., videos, text, etc.) is more effective at keeping
the user engaged. In some implementations, the video pro-
cessor can use video analytics and/or facial analysis to
identify facial and/or body expressions. Such expressions
can include a timestamp so that the time of an expression can
be correlated to what was being presented to the user at that
time. In such a manner, the video processor 112 can identify
a user’s reaction to content being presented to the user. In
some implementations, the video processor 112 is optional.

In some implementations, the video processor 112 may be
configured to receive images of physical learning materials
(e.g., quizzes, worksheets, homework, etc.). The video pro-
cessor 112 is configured to receive the images and convert
the images to text that may be used as an input by the
evaluation system 100 (e.g., as an input to the classifier 106).

The evidence evaluator 114 is configured to receive the
knowledge state(s) as determined by the grading model 208
and the heuristic grader 210. The evidence evaluator 114
determines if there is a sufficient amount of data to deter-
mine a knowledge grade for each student S based on one or
more rubrics. In some implementations, a sufficient amount
of data may be a total amount of data on a specific concept,
topic or subject exceeding a predetermined threshold. In
some implementations, determining whether a sufficient
amount of data on a concept for a student S can be identified
to sufficiently evaluate the student can be based on heuristic
rules.

The evidence evaluator 114 may determine that a student
S has not interacted with enough learning content associated
with one or more concepts as indicated in the one or more
rubrics. The evidence evaluator 114 may then generate new
learning materials so that more information regarding the
student S’s familiarity with the one or more concepts can be
collected and processed. Generating new learning materials
can, in some implementations, include pulling learning
materials from the database(s) 150 that includes learning
materials associated with and/or designed to evaluate the
student S’s knowledge of the one or more concepts. In some
implementations, the evidence evaluator 114 may generate
additional learning materials. In some implementations, the
evidence evaluator 114 may use a machine learning model
(e.g., an LLM, a reinforcement learning model, etc.) to
generate the additional learning materials. In some imple-
mentations, the generated additional learning materials can
include user prompts. In some implementations, the gener-
ated user materials can include a series of questions that
progressively increase in difficulty for the student S. In some
implementations, the additional learning materials can be
tailored (e.g., rephrased, reduced, etc.) towards the deter-
mined knowledge state of the student S. In some implemen-
tations, the evidence evaluator 114 can use reinforcement
learning to generate additional learning materials. The addi-
tional learning materials may then be outputted so that they
may be displayed to the student S via the student devices 240
and/or the conversation model 160. The evaluation system
100 then processes the resulting inputs from the student S to
update the knowledge states.
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In some implementations, a determination on whether a
sufficient amount of data on a concept for a student S has
been received and obtaining additional information from
that student S can be based on a reinforcement learning
model. In such implementations, the reinforcement learning
model can be activated based on a determination that there
is insufficient evidence (e.g., amount of data is below a
predetermined threshold) for a specific concept. The rein-
forcement learning model can be configured to determine
how to increase evidence gained (e.g., maximize evidence,
optimize evidence, etc.) based on a plurality of evidence
increasing actions (e.g., generated learning content, prede-
termined learning content, etc.) such as questions, action
types (e.g., conversation model, notifications, emails, texts,
etc.), personalization (e.g., location, preferences, hobbies,
interests, goals, etc.) and/or the like. The reinforcement
learning model can be configured to select one or more of
the evidence increasing actions based on which of the
actions is likely to increase student engagement the most.
For example, the reinforcement learning model can be
configured to determine a question (e.g., data) and how the
question will be sent (e.g., transmission type, email, notifi-
cation, conversation model, etc.). More specifically, a node
in the reinforcement learning model’s environment can
represent a state of the student (e.g., an agent of the
reinforcement learning model). The reinforcement learning
model can then work to maximize a reward (e.g., student S
engagement and evidence gained on a student S’s under-
standing of a concept) as the student traverses nodes the
environment. Similarly stated, the reinforcement learning
model can be configured to obtain sufficient evidence on the
concept with the least number of actions and the highest
amount of student S engagement. Next actions for the
student S in the reinforcement learning model can be
selected based on which next action is most likely increase
student S’s engagement and the amount of evidence the
evidence evaluator 114 has for the student on a concept. This
can be based on data (e.g., question presented, information
presented, interactions, etc.) and how the data is presented
(e.g., transmission type, email, notification, conversation
model, etc.). Based on the response to that action, the next
subsequent action can be taken to maximize the reward (e.g.,
engagement and evidence gained) for that student S. Such a
reward and the data to train the reinforcement learning
model can be specific to the student S and/or generalized
based on characteristics of the student S. As such, the
decisions made by the reinforcement learning model can be
tailored to that particular student S.

During execution of the reinforcement learning model,
hyperparameters can be tuned such that a balance is main-
tained between exploration and exploitation. Specifically, as
an agent (e.g., the student S) traverses the reinforcement
learning model, the next step and/or action (e.g., node) can
be selected not necessarily based on what appears to be the
best next action. Instead, based on a weighting factor, the
agent may explore actions other than the likely best action
a percentage of the time. The reinforcement learning model
can then be further trained based on a result of this explo-
ration. In this manner, the reinforcement learning model can
be updated and refined based on exploration and testing
different actions.

In some implementations, the evidence evaluator 114 may
use outputs from the video processor 212 to determine if
there is sufficient data to determine the knowledge grade.
For example, if a user appears to be confused about a
concept based on the output from the video processor 212,
the evidence evaluator 114 may generate additional learning
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materials associated with that concept. The evidence evalu-
ator 114 can also determine that there is sufficient data to
determine a knowledge grade for the student S. In some
implementations, if the evidence evaluator 114 determines
that there is sufficient data as identified in the one or more
rubric, the evidence evaluator 114 does not generate addi-
tional learning materials.

The scoring model 116 generates a knowledge grade
based on the knowledge states. Generating the knowledge
grade may include comparing the knowledge states to one or
more rubric and determining the knowledge grade from the
one or more rubrics. The knowledge grade indicates to a user
(e.g., a student S, teacher, parents, etc.) how proficient the
student S is at an associated concept based on the one or
more rubrics. The knowledge grade can be used to determine
a lesson plan for the student S that is suitable for the student
S. In such a manner, a knowledge grade can be generated for
a student using information from various interactions with a
student (e.g., using conversations with conversation model
160 in addition to tests and assignments). In such a manner,
a knowledge grade can be more wholistic and/or more
indicative of a student’s knowledge on a topic.

The misinformation extractor 118 is configured to extract
misinformation from the inputs. Misinformation can include
student S misunderstandings, gaps in student knowledge,
incomplete information, incorrect information, inaccurate
conceptions of concepts, misidentifying concepts, and/or the
like. For example, misinformation can be mistaking simi-
larities in nomenclature, such as, for example, mistaking
stem and leaf in biology and stem and leaf in statistical plots.
As another example, misinformation can include mistaking
surface similarities in perception, such as, for example,
mistaking the sun’s heat and brightness for burning instead
of nuclear fusion. As another example, misinformation can
include pigeonholed concepts, such as, for example, think-
ing that electrons orbit the atomic nucleus the same way
planets orbit the Sun. As another example, misinformation
including gaps in knowledge can include identifying a
missing prerequisite for understanding a concept.

The misinformation extractor 118 receives the inputs and
processes the inputs. Processing can include clustering stu-
dent S questions and answers to reduce redundancy in input
data. Clustering can include clustering inputs based on
question type, concept, and/or the like. In some implemen-
tations, the misinformation extractor 118 can use a trans-
former to cluster the inputs. Processing can include merging
the clustered inputs with other inputs, such as student S quiz
submission, offline quiz results, offline learning information,
learning interactions (e.g., conversations with conversation
model), and/or other similar inputs. The misinformation
extractor 118 can extract misinformation form the inputs. In
some implementations, misinformation is extracted using a
machine learning model trained to extract information. The
machine learning model may be trained using historical
and/or common misinformation information. In some imple-
mentations, the outputs of the misinformation extractor 118
can be used to further train the machine learning model. In
some implementations, the machine learning model includes
a large language model (LLM), an NLP model, a reinforce-
ment learning model, and/or the like. In some implementa-
tions, an NLP model can be used to extract misinformation
(e.g., by recognizing and/or identifying natural language
text) and a large language model can be used to process and
distill the extracted misinformation, as described herein.
Based on the extracted misinformation, the misinformation
extractor 118 may be configured to send a signal to an
associated student device 140 to indicate to a student S that
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their understanding may include potential misinformation.
This allows the student S to unlearn, relearn, etc., the
concept that included the misinformation. In some imple-
mentations, the misinformation extractor 118 can send learn-
ing materials associated with the misinformation to the
associated student device 140. In such a manner, misinfor-
mation extractor 118 can obtain sufficient information to
provide a knowledge grade to a student S.

In some implementations, the misinformation extractor
118 also distills the misinformation that has been extracted.
Distilling the information can include categorizing the mis-
information. The categorized misinformation may be stored
in at least one database 150. In some implementations, the
misinformation extractor 118 distills the misinformation into
a report that can be sent to the user device 130 for review by
the user U1. The user U1 may be a teacher, a parent, and/or
the like. In some implementations, the report can be tailored
to the type of user Ul. For example, the report for a teacher
may be different than a report for a parent. In some imple-
mentations, the report can be stored in the at least one
database 150. In some implementations, the misinformation
extractor 118 includes a second machine learning model to
distill the misinformation. In some implementations, the
second machine learning model is a large language model,
an NLP model, and/or the like. In some implementations, the
second machine learning model can be seeded with example
categories to train the second machine learning model.

In some implementations, the misinformation extractor
118 can determine that no misinformation is present. The
misinformation extractor 118 may generate a report or signal
indicating that there is no misinformation present to the
student S or the user Ul.

FIG. 2 shows a flowchart of a system 20 for generating a
knowledge grade of a student, according to an example
embodiment. In some implementations, the system 20 is
structurally and/or functionally similar to the system 10 of
FIG. 1. The system 20 includes an evaluation system 200
(e.g., structurally and/or functionally similar to the evalua-
tion system 100 of FIG. 1), a user device 230 (e.g., func-
tionally and/or structurally similar to the user device 130 of
FIG. 1) associated with a user U2, student device 240 (e.g.,
structurally and/or functionally similar to the student device
140 of FIG. 1) associated with students S, a conversation
model 260 (e.g., functionally and/or structurally similar to
the conversation model 160 of FIG. 1), and database(s) 250
(e.g., structurally and/or functionally similar to the database
(s) 150 of FIG. 1).

The evaluation system 200 includes a classifier 206 (e.g.,
functionally and/or structurally similar to the classifier 106
of FIG. 1), a grading model 208 (e.g., functionally and/or
structurally similar to the grading model 108 of FIG. 1), a
heuristic grader 210 (e.g., functionally and/or structurally
similar to the heuristic grader 110 of FIG. 1), an evidence
evaluator 214 (e.g., functionally and/or structurally similar
to the evidence evaluator 114 of FIG. 1), a video processor
212 (e.g., functionally and/or structurally similar to the
video processor 112 of FIG. 1), and a scoring model 216
(e.g., functionally and/or structurally similar to the scoring
model 116 of FIG. 1).

The classifier 206 receives a plurality of inputs from at
least one of the databases 250, the conversation model 260
and/or the student devices 240. The inputs from the data-
bases 250 can include user quiz submissions, offline quizzes,
offline learning materials, user information, conversation
information, and/or the like. In some implementations, the
inputs can include an input rubric for classification. The
inputs from the conversation model 260 can include student
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S inputted answers and conversation model 260 answers,
conversation model 260 questions and student S answers,
conversations with the student S, and/or the like. The inputs
from the student devices 240 can include student S usage
information. For example, the inputs from the student
devices 240 can include signals from a camera, device
orientation, and/or the like.

The classifier 206 is configured to classify the plurality of
inputs based on at least one rubric. In some implementa-
tions, the classifier 206 can update the at least one rubric
based on the plurality of inputs. Classifying the plurality of
inputs can include classifying the plurality of inputs based
on input type based on the rubric. In some implementations,
the classifier 206 includes a machine learning model to
classify the plurality of inputs. In some implementations, the
machine learning model is a large language model, an NLP
model, and/or the like. In some implementations, the clas-
sifier 206 includes a transformer. In some implementations,
the classifier 206 classifies, based on the at least one rubric,
the plurality of inputs to a first evaluation type and a second
evaluation type. In some implementations, the first evalua-
tion type is associated with the grading model 208 and the
second evaluation type is associated with the heuristic
grader 210. For example, inputs that are desirable to be
processed by the grading model 208 are classified to a first
set of inputs associated with a first evaluation type and
inputs that are desirable to be processed by the heuristic
grader 210 are classified to a second set of inputs associated
with a second evaluation type. The classifier 206 can send
the respective classified inputs to the grading model 208 and
the heuristic grader 210.

The grading model 208 receives, from the classifier 206,
a set of inputs that is classified to have an input type
associated with the grading model (e.g., first evaluation
type). The grading model 208 determines a knowledge state
of the associated student S based on the set of inputs. In
some implementations, the grading model 208 can be
trained to determine the knowledge state. In some imple-
mentations, the grading model 208 is a machine learning
model. In some implementations, the machine learning
model is a large language model, an NLP model, and/or the
like. In some implementations, the grading model 208 can
determine the knowledge state based on a rubric. The
grading model 208 is configured to grade inputs that should
be processed to determine the knowledge state. For example,
the inputs may be written by a user and the grading model
208 may be configured to extract a pattern associated with
the user from the inputs. The pattern may be associated with
and/or indicative of how familiar the user is with a certain
concept. The grading model 208 may then evaluate the
knowledge state based on the pattern and the inputs.

The heuristic grader 210 receives, from the classifier 206,
a set of inputs that is classified to have an input type
associated with the heuristic grader 210 (e.g., second evalu-
ation type). The heuristic grader 210 is configured to deter-
mine a knowledge state of the associated student S based on
the set of inputs. In some implementations, the heuristic
grader 210 uses at least one rubric to determine the knowl-
edge state. In some implementations, the at least one rubric
includes, for example, Bloom’s Taxonomy, state or national
standards, a taxonomy specific to a school or district, and/or
the like. After determining the knowledge state, the grading
model 208 and the heuristic grader 210 send their outputs to
the evidence evaluator 214.

The evidence evaluator 214 determines if a sufficient
amount of evidence (e.g., inputs, etc.) exists to determine a
knowledge score based on the knowledge states from the
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grading model 208 and the heuristic grader 210. In some
implementations, the evidence evaluator 214 may determine
if there is sufficient evidence based on the at least one rubric.
If the evidence evaluator 214 determines there is insufficient
evidence, the evidence evaluator 214 then determines what
type of evidence can be used to supplement the existing
evidence to reach a sufficient amount of information. The
evidence evaluator 214 then generates additional user
prompts associated with the evidence to supplement the
existing evidence. The additional user prompts can include
questions, activities, conversations and/or lessons that can
be presented to the student S and with which the student S
can engage. In some implementations, the evidence evalu-
ator 214 can generate the additional user prompts by access-
ing predefined and/or prestored user prompts on the subject.
In some implementations, the evidence evaluator 214 can
use a machine learning model to dynamically generate the
additional user prompts. In some implementations, the
machine learning model includes a large language model, an
NLP model, and/or the like.

The evidence evaluator 214 can send the additional user
prompts to the conversation model 260. The conversation
model 260 displays, via the student devices 240, the addi-
tional user prompts to the associated student S. The conver-
sation model 260, can receive additional inputs from the
student S associated with the additional user prompts. The
conversation model 260 can send the additional inputs to the
classifier 206 for classification. After classification, the
classifier 206 sends the classified additional inputs to the
grading model 208 and/or the heuristic grader 210. The
grading model 208 and/or the heuristic grader 210 generate
updated knowledge states based on the classified additional
input. The updated knowledge states can be sent to the
evidence evaluator 214, which determines if there is now
sufficient evidence to generate knowledge grade. If the
evidence evaluator 214 determines, again, that there is
insufficient evidence, the evidence evaluator 214 again gen-
erates additional user prompts which can be sent to the
conversation model 260.

The evidence evaluator 214 may, in some implementa-
tions, receive information from the video processor 212. The
video processor 212 may be configured to receive camera
signals from the student device 240, the camera signals
including a recording (e.g., live feed, recorded video, etc.) of
the associated student S. The video processor 212 can
determine, based on the camera signals, student S behavior.
For example, the video processor 212 can determine if the
student S is, based on body language, engaged, confused,
frustrated, and/or the like. The video processor 212 can then
send the student S behavior to the evidence evaluator 214.
The evidence evaluator 214 can use the student S behavior
to determine if there is sufficient evidence. For example, if
the student S behavior indicates that a student S appears to
be confused about a certain concept, the evidence evaluator
214 may increase the threshold for sufficient evidence.

If the evidence evaluator 214 determines that there is
sufficient evidence, the knowledge states are sent to the
scoring model 216. The scoring model 216 receives the
knowledge states and generates a knowledge score based on
the knowledge states. In some implementations, the scoring
model 216 generates the knowledge score using the at least
one rubric. The scoring model 216 then sends the knowledge
score to the user device 230 for review by the user U2.

FIG. 3 shows a flowchart for a method 300 of generating
a knowledge grade of a user, according to an example
embodiment. The method 300 includes receiving a plurality
of inputs associated with the behavior of a user, at 302;
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classifying, based on at least one input rubric, each input
from the plurality of inputs into a plurality of input types, at
304; defining, based on the input type of each input from the
plurality of inputs, a first set of inputs associated with a first
evaluation type and a second set of inputs associated with a
second evaluation type, at 306; evaluating a first knowledge
state of the user based on the first set of inputs, at 308;
evaluating a second knowledge state of the user based on the
second set of inputs, at 310; generating a knowledge grade
of'the user based on the first knowledge state and the second
knowledge state, at 312; and, optionally, displaying the
knowledge grade on a user device, at 314. In some imple-
mentations, the method 300 can be executed by a system,
such as the system 10 of FIG. 1 and/or the system 20 of FIG.
2.

At 302, the method 300 includes receiving a plurality of
inputs associated with the behavior of a user. In some
implementations, the user may be a student. The plurality of
inputs can include user generated questions, user generated
answers to conversation model generated questions, student
quiz submissions, offline quiz and learning information,
learning interactions, camera data, and/or the like. The
behavior of the user can include user knowledge level, user
actions during learning, and/or the like.

At 304, the method 300 includes classifying, based on at
least one input rubric, each input from the plurality of inputs
into a plurality of input types. The at least one input rubric,
in some implementations, can include Bloom’s Taxonomy,
state or national standards, a taxonomy specific to a school
or district, and/or the like. The at least one input rubric
includes information for how the plurality of inputs should
be classified. In some implementations, classifying can be
executed by at least one machine learning model. In some
implementations, the at least one machine learning model is
a large language model. The plurality of inputs can be
classified to the plurality of input types based on the at least
one rubric. For example, the plurality of input types can
include a “remember,” “understand,” “apply,” “analyze,”
“evaluate,” “create,” and/or similar category. In some imple-
mentations, the plurality of input types can include sub-
types. For example, a “remember” input type can include
“define,” “identify,” “describe,” “label,” “list,” “outline,”
“recall,” and/or similar sub-type.

At 306, the method 300 includes defining, based on the
input type of each input from the plurality of inputs, a first
set of inputs associated with a first evaluation type and a
second set of inputs associated with a second evaluation
type. In some implementations, the first evaluation type is
associated with a machine learning evaluation. In some
implementations, the second evaluation type is associated
with a heuristic evaluation. Defining the first set of inputs
and the second set of inputs allows for inputs to be evaluated
differently based on the type of data of each input from the
plurality of inputs (e.g., free form and/or natural language
data can be analyzed using a machine learning model while
more objective data such as multiple choice answers can be
evaluated using a heuristic model). In some implementa-
tions, 306 can include defining additional sets of inputs
associated with at least one additional evaluation type.

At 308, the method 300 includes evaluating a first knowl-
edge state of the user based on the first set of inputs.
Evaluating the first knowledge state can include evaluating
the first set of inputs using the first evaluation type associ-
ated with the first set of inputs. In some implementations,
such as when the first evaluation type is associated with a
machine learning evaluation, evaluating the first knowledge
state includes using a machine learning model (e.g., large



US 12,277,154 Bl

17

language model, natural language processing, etc.). In some
implementations, 308 can include extracting, from the first
set of inputs, a pattern associated with the user. The first
knowledge state may be determined based on the first set of
inputs and the pattern. The pattern can indicate information
related to a user’s familiarity with a concept.

At 310, the method 300 includes evaluating a second
knowledge state of the user based on the second set of
inputs. Evaluating the second knowledge state can include
evaluating the second set of inputs using the second evalu-
ation type associated with the second set of inputs. In some
implementations, such as when the second evaluation type is
associated with a heuristic grader, evaluating the second
knowledge state include using a heuristic grader.

At 312, the method 300 includes generating a knowledge
grade of the user based on the first knowledge state and the
second knowledge state. The knowledge grade can be gen-
erated, in some implementations, based on the at least one
rubric. At 314, the method 300 optionally includes display-
ing the knowledge grade on a user device. This knowledge
grade may be sent to a user device and displayed on a display
of'the user device. In some implementations, the user device
may be associated with a second user, different from the
user. The user can review the knowledge grade and deter-
mine if changes are desired to reach a desired outcome.

FIG. 4 shows a flowchart for a method 400 of generating
a knowledge grade of a user, according to another example
embodiment. The method 400 includes receiving a plurality
of inputs associated with the behavior of a user, at 402;
evaluating a knowledge state of a user based on the plurality
of inputs, at 404; determining, based on an analysis of the
knowledge state, missing performance evidence, at 406;
generating user prompts associated with the missing perfor-
mance evidence, at 408; receiving, based on displaying the
user prompts to the user, additional inputs associated with
the missing performance evidence, at 410; evaluating an
updated knowledge state of the user based on the plurality of
inputs and the additional inputs, at 412; and generating a
knowledge grade of the user based on the updated knowl-
edge state, at 414. In some implementations, the method 300
can be executed by a system, such as the system 10 of FIG.
1 and/or the system 20 of FIG. 2.

At 402, the method 400 includes receiving a plurality of
inputs associated with the behavior of a user. In some
implementations, the user may be a student. The plurality of
inputs can include user generated questions, user generated
answers to conversation model generated question, student
quiz submissions, offline quiz and learning information,
learning interactions, camera data, and/or the like. The
behavior of the user can include user knowledge level, user
actions during learning, and/or the like. In some implemen-
tations, the plurality of inputs can be preprocessed. For
example, 402 can include classifying the plurality of inputs.
For example, the plurality of inputs can be classified based
on at least one rubric.

At 404, the method 400 includes evaluating a knowledge
state of a user based on the plurality of inputs. Evaluating the
knowledge state can include evaluating using one or more
evaluation type. For example, an evaluation type can include
a machine learning evaluation, a heuristic evaluation, and/or
the like. In some implementations, the knowledge state can
include knowledge states generated by one or more evalu-
ation methods. For example, the knowledge state can
include a first knowledge state generated by a machine
learning grader and a second knowledge state generated by
a heuristic grader.
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At 406, the method 400 includes determining, based on an
analysis of the knowledge state, missing performance evi-
dence. In some implementations, missing performance evi-
dence can be associated with performance evidence that is
not included in the knowledge state based on the one or more
rubrics. If] at 406, performance evidence is not determined
to be missing, the method 400 may proceed to 414. At 408,
the method 400 includes generating user prompts associated
with the missing performance evidence. The user prompts
can be prompts that may be displayed to a user that instruct
the user to input additional inputs to supplement the perfor-
mance evidence. In some implementations, generating user
prompts includes using a machine learning model. In some
implementations, the machine learning model is a large
language model, NLP model, and/or the like. In some
implementations, generating the user prompts includes
searching for and choosing prompts from a database of user
prompts.

At 410, the method 400 includes receiving, based on
displaying the user prompts to the user, additional inputs
associated with the missing performance evidence. At 412,
the method 400 includes evaluating an updated knowledge
state of the user based on the plurality of inputs and the
additional inputs. In some implementations, the method 400
can return to 406 to again determine if there is missing
performance evidence. The method 400 may repeat this
process until performance evidence is determined to not be
missing. At 414, the method 400 includes generating a
knowledge grade of the user based on the updated knowl-
edge state. The knowledge grade can indicate how the
knowledge of a user maps against at least one rubric.

FIG. 5 shows a flow chart for a system 50 for a system for
extracting information from user inputs, according to an
example embodiment. The system 50 includes user device
(s) 530 (e.g., structurally and/or functionally similar to the
user device 130 of FIG. 1 and/or the user device 230 of FIG.
2) associated with users U5, student devices 540 (e.g.,
functionally and/or structurally similar to the student devices
140 of FIG. 1 and/or the student devices 240 of FIG. 2)
associated with students S, a conversation model 560 (e.g.,
functionally and/or structurally similar to the conversation
model 160 of FIG. 1 and/or the conversation model 260 of
FIG. 2), databases 550 (e.g., functionally and/or structurally
similar to the databases 150 of FIG. 1 and/or the databases
250 of FIG. 2), and a misinformation extractor 518 (e.g.,
structurally and/or functionally similar to the misinforma-
tion extractor 118 of FIG. 1). The misinformation extractor
518 includes an artificial intelligence model 518a, a misin-
formation distiller 5184, and a feedback generator 518c.

The artificial intelligence model 518a is configured to
receive inputs form the conversation model 560 and/or the
student devices 540. In some implementations, the inputs
can include questions asked by the students S to the con-
versation model 560, student S answers to questions dis-
played by the conversation model 560, student quiz submis-
sions, offline quizzes, learning interactions, and/or the like.
In some implementations, the misinformation extractor 518
receives the inputs and preprocesses the inputs. In some
implementations, preprocessing can include clustering and/
or merging of inputs to reduce redundancy and group
together the inputs.

The artificial intelligence model 518a is an artificial
intelligence model configured to extract misinformation
from the inputs. Misinformation can include student S
misunderstandings, gaps in student knowledge, incomplete
information, incorrect information, inaccurate conceptions
of concepts, misidentifying concepts, and/or the like. For
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example, misinformation can be mistaking similarities in
nomenclature, such as, for example, mistaking stem and leaf
in biology and stem and leaf in statistical plots. As another
example, misinformation can include mistaking surface
similarities in perception, such as, for example, mistaking
the sun’s heat and brightness for burning instead of nuclear
fusion. As another example, misinformation can include
pigeonholed concepts, such as, for example, thinking that
electrons orbit the atomic nucleus the same way planets orbit
the Sun. As another example, misinformation including gaps
in knowledge can include identifying a missing prerequisite
for understanding a concept. In some implementations, the
artificial intelligence model 518a is a large language model.
After extracting the misinformation from the inputs, the
artificial intelligence model 518a sends the extracted mis-
information to the misinformation distiller and the feedback
generator 518c.

The misinformation distiller 5185 receives the extracted
misinformation and distills the misinformation. Distilling
can include categorizing the misinformation into predeter-
mined or dynamically generated categories. In some imple-
mentations, the misinformation distiller 5185 can include a
machine learning model. In some implementations, the
machine learning model is a language model. The misinfor-
mation distiller 5185 sends the distilled information to the
feedback generator 518¢ and at least one of the databases
550. The databases 550 can include a repository of misin-
formation that may be accessed to determine trends in
misinformation or similar information.

The feedback generator 518¢ receives extracted misinfor-
mation from the artificial intelligence model 518« and the
misinformation distiller 5185. The feedback generator 518¢
generates feedback for the students S based on the extracted
misinformation from the artificial intelligence model 518a.
The feedback generator 518c¢ sends the feedback to the
student devices 540 to display the feedback to the students
S. The feedback can include a report of the misinformation,
information correcting the misinformation, sources with
accurate information, indication identifying the misinforma-
tion, and/or the like.

The feedback generator 518¢ generates feedback for the
users U5 (e.g., teachers, parents, etc.) based on the extracted
misinformation and/or information stored in the databases
550. The feedback can include reports on the presently
extracted misinformation and/or broader information
regarding patterns in misinformation associated with the
students S. For example, if a majority of students S are
misunderstanding the same concept or gaps in understand-
ing, the report can indicate the misunderstanding and/or the
gaps and a teacher can adjust a lesson plan accordingly. The
reports can be sent to the user device(s) 530 to be displayed
to the users US5.

While shown and described herein as being used to
determine a student’s knowledge grade and/or extract mis-
information in an educational setting and/or context, in other
implementations, the systems and methods described herein
can be used for any other suitable purpose. For example, the
predictive systems and methods described herein can be
used to grade an individual in a particular role and/or job,
grade the performance of a company, grade the performance
of'a system for a particular task, and/or the like. The systems
and methods described herein can also be used to extract
misinformation in other settings or contexts such as on the
internet, etc.

In some embodiments, a non-transitory processor-read-
able medium stores code representing instructions to be
executed by one or more processors. The instructions

10

15

20

25

30

35

40

45

50

55

60

65

20

include code to cause the one or more processors to receive,
a plurality of inputs associated with a behavior of a user. The
instructions include code to cause the one or more proces-
sors to classify, based on a first machine learning model
using at least one input rubric, each input from the plurality
of inputs into an input type from a plurality of input types.
The first machine learning model is configured to extract
relevant classification data from the plurality of inputs. The
instructions include code to cause the one or more proces-
sors to define, based on the input type of each input from the
plurality of inputs, a first set of inputs associated with a first
evaluation type and a second set of inputs associated with a
second evaluation type, wherein the second evaluation type
is associated with a lower computational cost than the first
evaluation type. The instructions include code to cause the
one or more processors to select a second machine learning
model based on the first evaluation type, the second machine
learning model trained based on analytical data associated
with the user. The instructions include code to cause the one
or more processors to extract, using the second machine
learning model, from the first set of inputs a pattern asso-
ciated with the user. The instructions include code to cause
the one or more processors to evaluate a first state of the user
based on the pattern and a second state of the user based on
the second set of inputs. The instructions include code to
cause the one or more processors to generate a grade of the
user based on the first state and the second state.

In some implementations, the non-transitory processor-
readable medium further includes code to cause the one or
more processors to send, to a user device, the grade.

In some implementations, the non-transitory processor-
readable medium further includes code to cause the one or
more processors to determine, based on the first state and the
second state, missing performance data based on a third
machine learning model using a rubric mapped to the first
state and the second state, generate user prompts associated
with the missing performance data, send the user prompts to
the user, receive, from the user, additional inputs associated
with the missing performance data, and evaluate an updated
state of the user based on the plurality of inputs and the
additional inputs.

In some implementations, the first evaluation type is a
machine learning evaluation and the second evaluation type
is a heuristic evaluation.

In some implementations, the second machine learning
model includes a large language model (LLM).

In some implementations, the plurality of inputs includes
at least one of user questions, user answers, generated
questions, or generated answers.

In some implementations, the non-transitory processor-
readable medium further includes code to cause the one or
more processors to provide the plurality of inputs as an input
to a third machine learning model trained with representa-
tions of common misinformation, identify, misinformation
associated with the user, based on the output of the third
machine learning model, and provide feedback associated
with the misinformation to the user.

In some embodiments, a method includes receiving, a
plurality of inputs associated with a behavior of a user. The
method includes classifying, based on a first machine learn-
ing model, each input from the plurality of inputs into an
input type from a plurality of input types. The method
includes defining, based on the input type of each input from
the plurality of inputs, a first set of inputs associated with a
first evaluation type and a second set of inputs associated
with a second evaluation type. The method includes select-
ing a second machine learning model based on the first
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evaluation type. The method includes extracting, using the
second machine learning model, from the first set of inputs
a pattern associated with the user. The method includes
evaluating a first state of the user based on the pattern and
a second state of the user based on the second set of inputs.
The method includes determining, based on the first state
and the second state, if the first state and the second state
satisfy one or more rubric condition. The method includes
responsive to determining that the one or more rubric
condition is not satisfied, generating, using a third machine
learning model, one or more outputs. The method includes
receiving, at least one update input associated with the one
or more outputs. The method includes updating at least one
of the first state or the second state based on the at least one
update input. The method includes responsive to determin-
ing that the one or more rubric condition is satisfied,
generating a grade of the user based on the first state and the
second state.

In some implementations, the first evaluation type is a
machine learning evaluation and the second evaluation type
is a heuristic evaluation.

In some implementations, the second evaluation type is
associated with a lower computational cost than the first
evaluation type.

In some implementations, the third machine learning
model includes at least one of a large language model or a
reinforcement learning model.

In some implementations, the one or more rubric condi-
tion includes a total amount of data associated with a subject
exceeding a predetermined threshold.

In some implementations, the one or more output is
associated with the subject.

In some implementations, the method further includes
receiving a visual signal associated with the user, the visual
signal associated with a user engagement, determining,
based on a vision transformer model, a visual user behavior,
and updating, based on the visual user behavior, at least one
of the first state or the second state.

In some implementations, the method further includes
determining, using the third machine learning model based
on the visual user behavior, a user response behavior asso-
ciated with the plurality of inputs and determining, based on
the user response behavior, if the user response behavior
satisfied the one or more rubric condition.

In some embodiments, a method includes training, a first
machine learning model, based on a set of representations of
misinformation. The method includes receiving a plurality
of inputs associated with behavior of a user. The method
includes filtering the plurality of inputs to remove duplicate
inputs. The method includes clustering, using the first
machine learning model, the plurality of inputs based on
input type to define clustered inputs. The method includes
extracting, from the clustered inputs using the first machine
learning model, one or more identified misinformation. The
method includes categorizing the one or more identified
misinformation to one or more categories to define catego-
rized misinformation. The method includes training the first
machine learning model based on the categorized misinfor-
mation to update the set of representations of misinforma-
tion with current information. The method includes gener-
ating, using a second machine learning model based on the
one or more categories, at least one output. The method
includes sending, to a user device, the at least one output.

In some implementations, the first machine learning
model is a large language model.
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In some implementations, the at least one output includes
at least one of a report, information, sources, or an indication
of identified misinformation.

In some implementations, the method further includes
generating a feedback report based on the categorized mis-
information and information associated with the categorized
misinformation.

In some implementations, the method further includes
customizing the feedback report based on the user associated
with the user device.

It should be understood that the disclosed embodiments
are not intended to be exhaustive, and functional, logical,
operational, organizational, structural and/or topological
modifications may be made without departing from the
scope of the disclosure. As such, all examples and/or
embodiments are deemed to be non-limiting throughout this
disclosure.

All definitions, as defined and used herein, should be
understood to control over dictionary definitions, definitions
in documents incorporated by reference, and/or ordinary
meanings of the defined terms.

Examples of computer code include, but are not limited
to, micro-code or micro-instructions, machine instructions,
such as produced by a compiler, code used to produce a web
service, and files containing higher-level instructions that
are executed by a computer using an interpreter. For
example, embodiments can be implemented using Python,
Java, JavaScript, C++, and/or other programming languages
and development tools. Additional examples of computer
code include, but are not limited to, control signals,
encrypted code, and compressed code.

The drawings primarily are for illustrative purposes and
are not intended to limit the scope of the subject matter
described herein. The drawings are not necessarily to scale;
in some instances, various aspects of the subject matter
disclosed herein can be shown exaggerated or enlarged in
the drawings to facilitate an understanding of different
features. In the drawings, like reference characters generally
refer to like features (e.g., functionally similar and/or struc-
turally similar elements).

The acts performed as part of a disclosed method(s) can
be ordered in any suitable way. Accordingly, embodiments
can be constructed in which processes or steps are executed
in an order different than illustrated, which can include
performing some steps or processes simultaneously, even
though shown as sequential acts in illustrative embodiments.
Put differently, it is to be understood that such features may
not necessarily be limited to a particular order of execution,
but rather, any number of threads, processes, services,
servers, and/or the like that may execute serially, asynchro-
nously, concurrently, in parallel, simultaneously, synchro-
nously, and/or the like in a manner consistent with the
disclosure. As such, some of these features may be mutually
contradictory, in that they cannot be simultaneously present
in a single embodiment. Similarly, some features are appli-
cable to one aspect of the innovations, and inapplicable to
others.

Where a range of values is provided, it is understood that
each intervening value, to the tenth of the unit of the lower
limit unless the context clearly dictates otherwise, between
the upper and lower limit of that range and any other stated
or intervening value in that stated range is encompassed
within the disclosure. That the upper and lower limits of
these smaller ranges can independently be included in the
smaller ranges is also encompassed within the disclosure,
subject to any specifically excluded limit in the stated range.
Where the stated range includes one or both of the limits,
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ranges excluding either or both of those included limits are
also included in the disclosure.

The phrase “and/or,” as used herein in the specification
and in the embodiments, should be understood to mean
“either or both” of the elements so conjoined, i.e., elements
that are conjunctively present in some cases and disjunc-
tively present in other cases. Multiple elements listed with
“and/or” should be construed in the same fashion, i.e., “one
or more” of the elements so conjoined. Other elements can
optionally be present other than the elements specifically
identified by the “and/or” clause, whether related or unre-
lated to those elements specifically identified. Thus, as a
non-limiting example, a reference to “A and/or B”, when
used in conjunction with open-ended language such as
“comprising” can refer, in one embodiment, to A only
(optionally including elements other than B); in another
embodiment, to B only (optionally including elements other
than A); in yet another embodiment, to both A and B
(optionally including other elements); etc.

As used herein in the specification and in the embodi-
ments, “or” should be understood to have the same meaning
as “and/or” as defined above. For example, when separating
items in a list, “or” or “and/or” shall be interpreted as being
inclusive, i.e., the inclusion of at least one, but also including
more than one of a number or list of elements, and, option-
ally, additional unlisted items. Only terms clearly indicated
to the contrary, such as “only one of” or “exactly one of,” or,
when used in the embodiments, “consisting of,”” will refer to
the inclusion of exactly one element of a number or list of
elements. In general, the term “or” as used herein shall only
be interpreted as indicating exclusive alternatives (i.e., “one
or the other but not both™) when preceded by terms of
exclusivity, such as “either,” “one of,” “only one of,” or
“exactly one of.” “Consisting essentially of,” when used in
the embodiments, shall have its ordinary meaning as used in
the field of patent law.

As used herein in the specification and in the embodi-
ments, the phrase “at least one,” in reference to a list of one
or more elements, should be understood to mean at least one
element selected from any one or more of the elements in the
list of elements, but not necessarily including at least one of
each and every element specifically listed within the list of
elements and not excluding any combinations of elements in
the list of elements. This definition also allows that elements
can optionally be present other than the elements specifically
identified within the list of elements to which the phrase “at
least one” refers, whether related or unrelated to those
elements specifically identified. Thus, as a non-limiting
example, “at least one of A and B” (or, equivalently, “at least
one of A or B,” or, equivalently “at least one of A and/or B”)
can refer, in one embodiment, to at least one, optionally
including more than one, A, with no B present (and option-
ally including elements other than B); in another embodi-
ment, to at least one, optionally including more than one, B,
with no A present (and optionally including elements other
than A); in yet another embodiment, to at least one, option-
ally including more than one, A, and at least one, optionally
including more than one, B (and optionally including other
elements); etc.

In the embodiments, as well as in the specification above,
all transitional phrases such as “comprising,” “including,”
“carrying,” “having,” “containing,” “involving,” “holding,”
“composed of,” and the like are to be understood to be
open-ended, i.e., to mean including but not limited to. Only
the transitional phrases “consisting of” and “consisting
essentially of” shall be closed or semi-closed transitional
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phrases, respectively, as set forth in the United States Patent
Office Manual of Patent Examining Procedures, Section
2111.03.

Some embodiments described herein relate to a computer
storage product with a non-transitory computer-readable
medium (also can be referred to as a non-transitory proces-
sor-readable medium) having instructions or computer code
thereon for performing various computer-implemented
operations. The computer-readable medium (or processor-
readable medium) is non-transitory in the sense that it does
not include transitory propagating signals per se (e.g., a
propagating electromagnetic wave carrying information on a
transmission medium such as space or a cable). The media
and computer code (also can be referred to as code) can be
those designed and constructed for the specific purpose or
purposes. Examples of non-transitory computer-readable
media include, but are not limited to, magnetic storage
media such as hard disks, floppy disks, and magnetic tape;
optical storage media such as Compact Disc/Digital Video
Discs (CD/DVDs), Compact Disc-Read Only Memories
(CD-ROMs), and holographic devices; magneto-optical
storage media such as optical disks; carrier wave signal
processing modules; and hardware devices that are specially
configured to store and execute program code, such as
Application-Specific Integrated Circuits (ASICs), Program-
mable Logic Devices (PLDs), Read-Only Memory (ROM)
and Random-Access Memory (RAM) devices. Other
embodiments described herein relate to a computer program
product, which can include, for example, the instructions
and/or computer code discussed herein.

Some embodiments and/or methods described herein can
be performed by software (executed on hardware), hard-
ware, or a combination therecof. Hardware modules may
include, for example, a processor, a field programmable gate
array (FPGA), and/or an application specific integrated
circuit (ASIC). Software modules (executed on hardware)
can include instructions stored in a memory that is operably
coupled to a processor and can be expressed in a variety of
software languages (e.g., computer code), including C, C++,
Java™, Ruby, Visual Basic™, and/or other object-oriented,
procedural, or other programming language and develop-
ment tools. Examples of computer code include, but are not
limited to, micro-code or micro-instructions, machine
instructions, such as produced by a compiler, code used to
produce a web service, and files containing higher-level
instructions that are executed by a computer using an
interpreter. For example, embodiments may be implemented
using imperative programming languages (e.g., C, Fortran,
etc.), functional programming languages (Haskell, Frlang,
etc.), logical programming languages (e.g., Prolog), object-
oriented programming languages (e.g., Java, C++, etc.) or
other suitable programming languages and/or development
tools. Additional examples of computer code include, but are
not limited to, control signals, encrypted code, and com-
pressed code.

What is claimed is:
1. A non-transitory processor-readable medium storing
code representing instructions to be executed by one or more
processors, the instructions comprising code to cause the
one or more processors to:
receive, a plurality of inputs associated with a behavior of
a user;

classify, based on a first machine learning model and
using at least one input rubric, each input from the
plurality of inputs into an input type from a plurality of
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input types, the first machine learning model config-
ured to extract relevant classification data from the
plurality of inputs;
define, based on the input type of each input from the
plurality of inputs, a first set of inputs associated with
a first evaluation type and a second set of inputs
associated with a second evaluation type, wherein the
second evaluation type is associated with a lower
computational cost than the first evaluation type;

select, based on the first evaluation type, a second
machine learning model, the second machine learning
model trained based on analytical data associated with
the user;
extract, using the second machine learning model, from
the first set of inputs a pattern associated with the user;

evaluate a first state of the user based on the pattern and
a second state of the user based on the second set of
inputs; and

generate a grade of the user based on the first state and the

second state.
2. The non-transitory processor-readable medium of
claim 1, further comprising code to cause the one or more
processors to:
send, to a user device, the grade.
3. The non-transitory processor-readable medium of
claim 1, further comprising code to cause the one or more
processors to:
determine, based on the first state and the second state,
missing performance data based on a third machine
learning model, the third machine learning model using
a rubric mapped to the first state and the second state;

generate user prompts associated with the missing per-
formance data;

send the user prompts to the user;

receive, from the user, additional inputs associated with

the missing performance data; and

evaluate an updated state of the user based on the plurality

of inputs and the additional inputs.

4. The non-transitory processor-readable medium of
claim 1, wherein the first evaluation type is a machine
learning evaluation and the second evaluation type is a
heuristic evaluation.

5. The non-transitory processor-readable medium of
claim 1, wherein the second machine learning model
includes a large language model (LLM).

6. The non-transitory processor-readable medium of
claim 1, wherein the plurality of inputs includes at least one
of user questions, user answers, generated questions, or
generated answers.

7. The non-transitory processor-readable medium of
claim 1, further comprising code to cause the one or more
processors to:

provide the plurality of inputs as an input to a third

machine learning model trained with representations of
common misinformation;

identify, based on an output of the third machine learning

model, user misinformation associated with the user;
and

provide feedback associated with the user misinformation

to the user.

8. A method, comprising:

receiving, a plurality of inputs associated with a behavior

of a user;

classitying, based on a first machine learning model, each

input from the plurality of inputs into an input type
from a plurality of input types;
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defining, based on the input type of each input from the
plurality of inputs, a first set of inputs associated with
a first evaluation type and a second set of inputs
associated with a second evaluation type;

selecting, based on the first evaluation type, a second

machine learning model;

extracting, using the second machine learning model,

from the first set of inputs a pattern associated with the
user;

evaluating a first state of the user based on the pattern and

a second state of the user based on the second set of
inputs;

determining, based on the first state and the second state,

if the first state and the second state satisfy one or more
rubric condition;
responsive to determining that the one or more rubric
condition is not satisfied, generating, using a third
machine learning model, one or more outputs;

receiving, at least one update input associated with the
one or more outputs;
updating at least one of the first state or the second state
based on the at least one update input; and

responsive to determining that the one or more rubric
condition is satisfied, generating a grade of the user
based on the first state and the second state.

9. The method of claim 8, wherein the first evaluation type
is a machine learning evaluation and the second evaluation
type is a heuristic evaluation.

10. The method of claim 8, wherein the second evaluation
type is associated with a lower computational cost than the
first evaluation type.

11. The method of claim 8, wherein the third machine
learning model includes at least one of a large language
model or a reinforcement learning model.

12. The method of claim 8, wherein the one or more rubric
condition includes a total amount of data associated with a
subject exceeding a predetermined threshold.

13. The method of claim 12, wherein the one or more
outputs is associated with the subject.

14. The method of claim 8, further comprising:

receiving a visual signal associated with the user, the

visual signal associated with a user engagement;

determining, based on a vision transformer model, a

visual user behavior; and

updating, based on the visual user behavior, at least one

of the first state or the second state.
15. The method of claim 14, further comprising:
determining, using the third machine learning model and
based on the visual user behavior, a user response
behavior associated with the plurality of inputs; and

determining, based on the user response behavior, if the
user response behavior satisfied the one or more rubric
condition.

16. A method, comprising:

training, a first machine learning model, based on a set of

representations of misinformation;

receiving a plurality of inputs associated with behavior of

a user;

filtering the plurality of inputs to remove duplicate inputs;

clustering, using the first machine learning model, the

plurality of inputs based on input type to define clus-
tered inputs;

extracting, from the clustered inputs using the first

machine learning model, one or more identified mis-
information;
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categorizing the one or more identified misinformation to
one or more categories to define categorized misinfor-
mation;
training the first machine learning model based on the
categorized misinformation to update the set of repre- 5
sentations of misinformation with current information;
generating, using a second machine learning model and
based on the one or more categories, at least one output;
and
sending, to a user device, the at least one output. 10
17. The method of claim 16, wherein the first machine
learning model is a large language model.
18. The method of claim 16, wherein the at least one
output includes at least one of a report, information, sources,
or an indication of identified misinformation. 15
19. The method of claim 16, further comprising:
generating a feedback report based on the categorized
misinformation and information associated with the
categorized misinformation.
20. The method of claim 19, further comprising: 20
customizing the feedback report based on the user.

#* #* #* #* #*
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