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An Explainable Natural Language Understanding Platform
Technical Field

The present invention relates to natural language understanding, computational
linguistics, machine representation of meaning. Specifically to methods, computer
programs and systems for human-analogous understanding of natural language data
for the full range of automated natural language understanding tasks.

Background
Natural language content makes up a large portion of content both on the public

internet and in private content repositories. Understandably therefore, there is
considerable need and interest in the automated machine processing of natural
language content. Almost all the technologies available today for machine processing
of natural language rely on large neural language models of word patterns including
patterns based on a real-value vector representation of each word. Such approaches
are not designed to understand the text in its complete compositional context.

Humans understand the text in its full compositional context.

All current language models learn to predict the probability of a sequence of words.
The generated sequence of words are related to a query by the user. The next word
with the highest probability is selected as the output by the model. These models are
trained on very large amounts of raw text. Two categories of statistical methods have
been used for building language models — one uses hidden markov models and the
other uses neural networks. Both are statistical approaches that rely on large corpus
of natural language text (input data) for their prediction. In terms of the input data, the
bag of words approach has been very popular. However, a bag of words model while
appealing because of its simplicity, does not retain any context and different words
have different representations each time regardless of how they are used. This has
led to the development of a novel technique called word embeddings in an attempt to
create similar representations for similar words. The popular saying, “A word is known
by the company it keeps’ is the motivation for word embeddings. The proponents of
word embeddings believe this is analogous to capturing the semantic meaning of
those words and their usage.
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Word embeddings suffer from several significant limitations which primarily have to do
with the corpus dependent nature of such embeddings and the inability to handle the
different senses in which words are used. Learned word representations based on a
corpus to determine similar words, is not equivalent to human analogous machine

representation of the meaning of the complete text.

Current language models suffer from significant limitations — inability to retain
compositional context, lack of explainability and the need for large task-specific data
to be combined with the neural language model. Besides, the current crop of language
models are far from being universal in their ability to ‘learn’ or ‘transfer’ knowledge

from one field to the next.

More recently, here has been a trend towards integration of external knowledge into
these models to address some of their limitations especially context retention and
context-specific global knowledge.  While these enhancements improve the
performance of language models, they are still based on word level patterns. They
have not addressed the fundamental issues of full contextual understanding of the
composition, explainability and the need for large scale task-specific data. In the real
world, for most natural language processing or understanding tasks, there is often a
paucity of large amounts of data.

As an exemplary illustration of the need for natural language understanding by
machines, consider a common task most knowledge workers perform routinely —
research. It is estimated that there are roughly 1 billion knowledge workers in the
world today and growing. Examples of knowledge workers include students, teachers,
academic researchers, analysts, consultants, scientists, lawyers, marketers and so
on. The research or knowledge acquisition work they perform today involves the use
of search engines on the internet and the use of search technologies on internal or
private document collections. While search engines have provided immense value in
providing access to information where there was no access before, that is just the
starting point for research.

Because today’s search engines are still unable to fully understand the text inside
documents, there are both false positive and false negatives in the result set. Based
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on the query, irrelevant results can be seen as early as the first page in a display
setting of 10 items on a page and most certainly in subsequent pages. Similarly, highly
relevant results can be seen listed much later like on pages 10-20.

More importantly, today’s technologies provide no assistance in the remaining steps
— determine relevance, organize, read, understand and synthesize the knowledge in
each document and develop an aggregate understanding across all documents.
Current search technologies or language models are incapable of providing automated
assistance for the full research or knowledge acquisition process because they are
incapable of understanding the complete text in these documents.

There are other exemplary use cases which require full understanding of unstructured
content — tagging unstructured content, comparing multiple documents to each other
to detect plagiarism or duplicates, and automating the generation of intelligent natural
language output. For avoidance of doubt, unstructured content can be videos or audio
data which can be transcribed to text.

It is clear therefore that there is a need for a method and system to automate a human-

analogous understanding of textual discourse in its full compositional context in an

explainable, tractable manner and even in situations where there is sparse data.

Summary of the Invention

A system and method (NLU Platform) are disclosed for a real time, human-analogous
natural language understanding engine. The NLU Platform understands natural
language content in its full compositional context, is completely explainable and is
effective with no or little training data. The invention discloses a novel method of
machine representation of natural language to enable human-analogous
understanding by machines. The invention combines knowledge-based linguistics,
discourse models, compositionality and the rhetorical structure in language. It
incorporates global knowledge about a concept to improve its representation and
understanding. The invention does not utilize statistically derived distributional
semantics. The invention disclosed is usable for the complete range of natural
language understanding tasks that are performed universally.
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In one exemplary application, the NLU Platform is used for automated knowledge
acquisition or as an automated research engine for any topic or set of topics from one
or more document repositories like the internet. This includes determining the degree
of relevance for each item, organizing relevant items into a table of contents or
automatically deriving a table of contents from its human-analogous understanding of
each item, creating a multi-level summary of each relevant item, creating a multi-level
semantic meaning graph of each item and identifying the key topics in each item. It
synthesizes the content of multiple content items to create a synthesized cross-
document multi-level meaning representation and a multi-level synthesized summary
across documents. The NLU Platform automatically discovers new knowledge
continuously on any aspect of the initially discovered knowledge such as a key topic.

Brief Description of the Drawings

One or more aspects of the present invention are specifically pointed out and distinctly
claimed as examples in the claims at the conclusion of the specification. The foregoing
and other objects, features, and advantages of the invention are apparent from the
following detailed description in conjunction with the accompanying drawings in which:

Fig. 1 presents the results of an analysis of relevance in 10 search queries using a

popular search engine on the internet;

Fig. 2 illustrates the NLU Platform High Level Architecture in accordance with one or

more embodiments set forth herein;

Fig. 3 presents the NLU Platform Pipeline in accordance with one or more
embodiments set forth herein;

Fig. 4 presents an exemplary NLU Platform Meaning Representation Graph Main

Layer in accordance with one or more embodiments set forth herein;

Fig. 5 presents the NLU Platform Meaning Representation Graph Sentence Level in

accordance with one or more embodiments set forth herein;
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Fig. 6 presents the NLU Platform Meaning Representation Graph Concept Level Layer

in accordance with one or more embodiments set forth herein;

Fig. 7 illustrates several discourse models in accordance with one or more

embodiments set forth herein;

Figs. 8A, 8B, 8C and 8D presents an example news article;

Figs. 9a and 9B illustrate the determination of the degree of relevance of a document
to the topic of interest by the NLU Platform 200;

Fig. 10A and 10B presents an analysis of results from the NLU Platform 200 for the
same 10 queries reported in Fig. 2, Note: After concept-detection (occurrence of the
concept in the SKG of the Document), for a complex concept (multiple topics), apart
from Sentence Importance (main idea, main cluster, etc.) and Concept

Importance (subject, etc.), NLU Platform 200 also determines Context

Strength. Context Strength will determine how well the document is referring to the
multiple concepts in the complex concept in each other’s context.

3

Fig. 11 illustrates a partial NLU Platform Meaning Representation Graph Concept
Layer for the example news article in Fig. 3 in accordance with one or more

embodiments set forth herein;

Fig. 12 illustrates an exemplary summary for the document in Fig. 9 created by the
NLU Platform 200 in accordance with one or more embodiments set forth herein;

Fig. 13 illustrates an exemplary knowledge collection on the topic of Electric Vehicles
using the NLU Platform 200;

Fig. 14 illustrates an exemplary real time knowledge discovery process where the NLU
Platform proactively finds and integrates new knowledge on any topic with the existing
Meaning Representation graph in accordance with one or more embodiments set forth

herein;
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Fig. 15 illustrates the creation of top topics across a collection of documents wherein
NLU Platform 200 has combined top topics across multiple documents in accordance

with one or more embodiments set forth herein;

Fig. 16 illustrates an exemplary aggregate Meaning Representation wherein the NLU
Platform 200 has consolidated Meaning Representation Structures for individual
documents by eliminating redundant meaning in accordance with one or more

embodiments set forth herein;

Fig. 17 illustrates how the user can input global knowledge for a topic for consideration
by the NLU Platform 200 in determining relevance or synopsis in accordance with one

or more embodiments set forth herein;

Fig. 18 illustrates how the user can input symbolic rules for identifying specific word
sense for different words for consideration by the NLU Platform 200 in accordance

with one or more embodiments set forth herein;
Fig. 19 illustrates the ACL Platform | Learning Content Authoring/Assembly
Component which enables any institution to rapidly assemble learning content on a

new topic or topics related to a specific skill.

Fig. 20 presents the results ACL Platform | of the pilot. As seen, the peer grades
were perfect scores for all 10 students.

Detailed Description of the preferred Embodiments

Background

There are innumerable use cases for automated machine processing of natural
language content in the world. Almost all the technologies available today for machine
processing of natural language rely on neural language models of word patterns
including patterns based on a semantic representation of each word. This approach
does not understand the text in its complete compositional context. Humans
understand the text in its full compositional context. For avoidance of doubt,
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unstructured content can be videos or audio data which are transcribed to text for

processing.

Traditionally, the ‘bag of words’ method has been the popular approach for natural
language processing (NLP) tasks. The bag-of-words model is commonly used in NLP
problems which require classification. A large majority of NLP tasks, e.g., internet
search, are classification problems. In the bag-of-words (BoW) model a text (such as
a sentence or a document) is represented as the bag of its words, disregarding
grammar and word order. Across a collection of documents, the frequency of
occurrence of each word is used as a feature for training a classifier. The classifier is
then used on a new document to classify it into a set of categories or to identify its
topic or to determine its match with a search query, e.g., search query for a search
engine. Since the method only focuses on the frequency of words occurring in a
document, a BoW model does not retain any context of where and how the words
have been used, and has no understanding of the meaning of the document it is

processing.

To overcome the limitations of the popular ‘bag of words’ method, several large scale
pre-trained language models have been introduced. Two categories of statistical
methods have been used for building language models — one uses probabilistic
approaches like hidden Markov models and the other uses neural networks. Both rely
on large corpus of natural language text for their prediction. In a bag of words model,
different words have different representations regardless of how they are used. This
has led to the development of a novel technique called word embeddings in an attempt
to create similar representations for similar words. The popular saying, “A word is
known by the company it keeps’ is the motivation for word embeddings. The
proponents of word embeddings believe this is analogous to capturing the semantic
meaning of those words and their usage.

Word embeddings suffer from several significant limitations which primarily have to do
with the corpus dependent nature of such embeddings and the inability to handle the
different senses in which words are used. Besides, learned word representations
based on a corpus to determine which are similar words, is hardly akin to human
analogous meaning representation of the complete text.

7
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A language model learns to predict the probability of a sequence of words. The next
word with the highest probability is selected as the output by the model. These models
are trained on very large amounts of raw text. The probability of a sequence of words
given prior words or other word characteristics is clearly not a representation of
meaning of the text. These models carry all the bias in the data used to train the
model. For e.g., Marcus and David (2021) found that one of the more powerful
language models, GPT3, output the bold, italicized text below as continuation of the

passage it was provided:

“You poured yourself a glass of cranberry juice, but then you absentmindedly poured
about a teaspoon of grape juice into it. It looks okay. You try sniffing it, but you have a
bad cold, so you can’t smell anything. You are very thirsty. So you drink it. You are
now dead.”

It is also well-known fact that NLP applications such as chat bots which rely on
language models can sometimes spew out racist or sexist comments, as Microsoft
found out with the release of their chat bot Tay. It has also been pointed out that
prompting GPT2 with ‘three muslims’ will often lead to text where they are depicted as
terrorist or criminals. These examples are illustrative of the bias introduced by the
training data set.

The current crop of language models are far from being universal in their ability to
‘learn’ or ‘transfer’ knowledge from one application to the next. These models suffer
from the same significant limitations — inability to retain full context, lack of
explainability, the need for large task-specific data to be combined with the neural
language model and the bias from the data.

More recently, here has been a trend towards integration of external knowledge into
these models to address some of their limitations. This work has commonly advocated
for integration of some form of external knowledge for pre-training large-scale
knowledge enhanced LMs. While these enhancements improve the performance of
language models, they have not at all addressed the fundamental issue of an
explainable meaning representation of natural language text. Bender and Koller

8
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(2017) argue that language models cannot in principle lead to learning of meaning.
They appropriately define ‘meaning’ to be human-analogous natural language
understanding and argue it is disingenuous to suggest that these language models

are close to understanding meaning.

Natural language discourse involves composition of an author’s ideas and knowledge
using rhetorical expressions as needed. A good discourse will be coherent and follow
well accepted principles and rules for discourse structure and content. At a higher
level, there are different types of discourse models — news articles, blogs, research
papers, legal documents, email, social media posts to name some. Each of these
have a well-defined discourse model which is understood by people skilled in that field,
e.g., lawyers understand the discourse model underlying legal contracts; most of us
understand the model for an email; news articles follow a discourse model and so on.
A human-analogous meaning representation model has to recognize the discourse
model underlying the composition. Besides, such a representation has to be
explainable. This cannot be achieved by any of the current methods.

As an exemplary illustration of the need for natural language understanding by
machines, consider a common task most knowledge workers perform routinely —
research. It is estimated that there are roughly 1 billion knowledge workers in the
world today and growing. Examples of knowledge workers include students, teachers,
academic researchers, analysts, consultants, scientists, lawyers, marketers and so
on. Knowledge workers can be found in every field. The research or knowledge
acquisition work they perform today involves the use of search engines on the internet
and the use of search technologies on internal or private document collections.
Search engines have provided immense value in providing access to information
where there was no access before. But they only provide access and that is the
starting point for research. However, even in providing access, current search
engines, whether on the internet or private document repositories, generate
substantial false positives because of the limitations outlined above.

When a user queries using a search engine, say Google, the results are commonly
displayed as 1-10 items out of a large number of hits! Because today’s search engines
are still unable to fully understand the text inside documents, there are both false
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positive and false negatives in the result set. Based on the query, irrelevant results
can be seen as early as the first page in a display setting of 10 items on a page and
most certainly in subsequent pages irrespective of the nature of the query. Similarly,
highly relevant results listed much later in the list like on pages 10-20 for a query. In
processing the results from today’s search technologies, the user has to open each
item to first determine which of the search results are truly relevant to their query.

In an experiment, a search was conducted for ‘Data Science and Ethics’ in MIT’s
popular Open Courseware content collection. In the results, 80% and more were
irrelevant including 5 out 10 results on the first page. Similarly, Figure 1 shows the
results of an analysis of 10 random queries using a popular search engine. Selected
queries had one, two and three words and some had highly ambiguous words. For
each query, a human expert reviewed all the 1,785 articles in the entire result set from
the search engine to label the articles as relevant and irrelevant. The analysis
considered home pages, index pages, audio, video pages, books, shopping pages as
irrelevant. Figure 1 shows relevant and irrelevant results by default page display on
the browser. Across all the 10 queries, Google returned only 59% relevant results.
As can be seen, there are a lot of relevant results in later pages and vice versa. The

user will have to read every document first to determine relevance.

The level of inaccuracy in search engine results is only the first issue. This step is the
‘access’ step of the research task. Today’s technologies provide no assistance with
the remaining steps. Once a knowledge worker identifies and obtains relevant
documents, the next step is to organize them for effective manual processing. This
can be in the form of organizing them into sub-topics. Then the human has to read
each document, understand and synthesize the knowledge in each document and
develop an aggregate understanding across all documents. Further, knowledge
acquisition is not one time and therefore, the research output will need to be
continuously updated with fresh knowledge on the topic. Current search technologies
are incapable of providing automated assistance for the full research or knowledge

acquisition process from unstructured content.

Text summarization is another NLU task which requires a full understanding of the
contents of the document. It can be the synthesis task in the research workflow above.

10
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The growing volume of text on the internet and in private corpuses has to be
summarized for it to be useful. Of course, the need is to summarize text in an
automated way without losing meaning and coherence. Automatic text summarization
is the task of producing a concise and fluent summary without any human help while

preserving the meaning of the original text document.

There are two types of text summarization — extractive and abstractive. In extractive
text summarization, the summary retains original sentences from the content. In the
case of abstractive summarization, an attempt is made to replicate how a human might
summarize the document using their own global knowledge. Current technologies are
only partially successful in extractive summarization and very poor in abstractive
summarization. Effective extractive summaries are very useful for the knowledge

worker.

Topic Modeling is another very common NLU task. Current technologies are
inadequate to identify the top topics in a document because they are not designed to
understand the content of the document in its full compositional context. A popular
digital publishing site wanted to enhance the ability of the user or subscriber to find
articles and content of interest to them. The organization defined a topic ontology into
which they wanted to classify their content documents. A popular language model
achieved only 20% correct classification. The model is not explainable and has been
trained on a very large corpora. Obviously, its training data may not be adequate for
classifying the site’s content and its model is not focused on understanding the
complete content of each document before it identifies top topics.

There are other exemplary use cases which require full understanding of unstructured
content — tagging unstructured content, comparing multiple documents to each other
to detect plagiarism or duplicates, and automating the generation of intelligent natural

language output.

There is thus a clear need for a platform to automatically interpret natural language
content in complete compositional context, operate with little or no data, and be
explainable and tractable. The method and system should also be able to integrate
pertinent knowledge outside the textual discourse. In the research or knowledge

11
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acquisition example above, the platform should be able to automate or substantially
assist the knowledge worker with all the research tasks. And in the topic modeling
example, the platform should be able to improve the identification of top topics from
each document on the basis of complete understanding of its content including

compositionality.

Summary of the Current Invention

In this section, a natural language understanding platform [NLU Platform] based on
deep learning with knowledge-based computational linguistics [CL] is disclosed. This
platform is also referred to as a compositional language model. The platform retains
complete context, traceability and does not necessarily require any data to operate.
Thus, while the invention relies on deep linguistic learning, it does not require learning
from data as in conventional machine learning which need to be trained on data to
operate. If any data is available, the platform can leverage it and the platform will only
require a fraction of the data that contemporary machine learning technologies will
require. This is observed from the several sets of results provided later in this
disclosure.

The NLU Platform generates a meaning representation for natural language. The
representation allows for zero-shot or few-shot learning. The use of the NLU Platform
is illustrated for an exemplary NLU task — for automated research requiring human-
analogous understanding. While the word ‘document’ is used extensively in the
disclosure, the definition includes video or audio content which are transcribed to text
for processing. The words ‘document’ and ‘content item’ are used interchangeably in
this disclosure.

Generally, the task of understanding and therefore representation becomes more
complex with the length of the text. The longer the text, the more complex it is to
understand by humans and any machine representation will also inherit that
complexity. Understanding is conceptualized in terms of ‘layers’, starting with a high
level understanding of the document’s main idea expanding to understanding of
additional details or layers. The user might want to understand the essence of a

discourse; the distinct themes in a discourse; from a certain prior perspective; an

12
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individual’s point of view expressed in the article; and so on. This suggests that the
user needs a flexible and layered representation for ‘understanding’ a discourse.

A universal meaning representation of natural language involves decomposing the text
back into the concepts and discourse relations used by authors to express their ideas.
This requires reverse engineering the text back to its fundamental ideas and the
phrases and compositional elements that were connected together to form sentences
and paragraphs leading to the full document. And to fully understand it the way

humans do, it needs to integrate prior/global knowledge.

More specifically, the machine representation should be capable of answering or
supporting the following needs:

¢ What is the main idea in the document

¢ What are the other ideas in the document?

¢ How are the ideas supported by other ideas and reasoning?

¢ Can it be used to create a summary of the document content to avoid reading
the entire document?

¢ Can it be used to create a idea-specific summary of the document based on
our interest in a specific idea in the document?

¢ Can it be used to create a layered understanding representation so the reader
can unpeel layers based on their interest and at their own pace?

¢ Can it be used to reduce cognitive load through a multi-layered representation
and visually effective displays such as graphs?

¢ Can the representation be enhanced with global knowledge outside of the
document just like humans do in the natural course?

¢ Can it be used to dynamically create a knowledge collection on any topic?

e Can it be used to aggregate understanding/synthesize across multiple
documents or a knowledge collection?

¢ Can it be used to identify the main topics across a collection of documents or a
knowledge collection?

¢ Can it be used to generate natural language response?

13
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Figure 2 describes the NLU platform 200 at a high level. Figure 2 outlines the NLU
platform’s major components and their relationships according to the preferred
embodiment of this invention. Users 205 interact with the NLU Platform Application
210 for conducting research or discovering knowledge on an ongoing basis. The
Application 210 forwards the one or more topics that users 205 are interested in to the
NLU Platform 215. The NLU Platform 200 encapsulates all Document Level 250 and
Document Collection Level components shown in Figure 2 on the right. The NLU
Platform 200 uses any of the popular search engines on the Internet 220 to find content
for the topic(s). The NLU Platform 200 can also aggregate content from the public
internet 220, private or internal document repositories 225 and public document
repositories 228 like PubMed, USPTO, and others. The NLU Platform 200 then
processes the results to generate output shown as Document Level 250 and
Document Collection level 280 components. Stored Knowledge 240 contains
previously created knowledge by the user at a topic or concept level. Gilobal
Knowledge 260 contains knowledge that is available to all the users about concepts
and relationships. Discourse Models 290 contain the discourse structure for different
discourse types such as emails, contracts, research documents among others. Both
stored knowledge and global knowledge are not explicitly present in the documents
being processed e.g., “can you Xerox this document” implies copying the document.

Figure 3 describes the NLU Platform’s processing flow. Once the NLU Platform 200
receives the user’s topic(s) or query from the NLU Platform Application 210, the query
is normalized by the Query Normalizer 302. The Query Normalizer 302 examines the
query and extracts the concepts and if present in the user’s query the intent of the user
expressed in any rhetorical expression in the query. As an example, if the query is
‘does coffee cause an increase in blood pressure?’, the Query Normalizer 302 will
extract ‘coffee’, ‘blood pressure’ and also “cause an increase’ as the specific rhetorical
relationship of interest between ‘coffee’ and ‘blood pressure’. Consider another
example where the query is ‘Coffee and Cancer’. In this case, the Query Normalizer
302 will normalize a query as a compound concept of interest to the user and default
to finding all types of rhetorical relationships between the two simple concepts —
‘coffee’ and ‘cancer’.

14
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Document Aggregator 305 executes the query on the sources it has access to for the
users 205. In an exemplary embodiment, the Document Aggregator 305 has access
to the Internet 220, Public Doc Repositories 228 and Pvt Doc Repositories 225. On
the internet 220, the Document Aggregator uses a search engine like Google. The
Document Aggregator 305 passes the results to the Document Pre-Processor 307
which performs a series of pre-processing steps on each of the documents. Examples
of such pre-processing actions include stripping or cleansing the document of any htmi
tags, any extraneous information which is not part of the document content. The
Document Pre-Processor 307 provides a clean document to Determine Discourse
Model 300 which examines the document structure to determine its discourse model.
Determine Discourse Model 300 loads available discourse model structures from
Discourse Models 290. Common examples of discourse models are emails, articles,
blogs, and research reports. Administrators can add new discourse models using an
abstract discourse model structure without any programming. If a new discourse
model requires changes in the abstract discourse model structure, the Determine
Discourse Model 300 component is enhanced. The discourse model structure is

explained more detail later in this section.

Once the NLU Platform 200 has determined the discourse model, the document is
parsed using the Document Parser 310. Document parsing takes the discourse model
as input, performs format-specific native document parsing, and converts the data into
a format-independent representation. Examples of formats include HTML, Docx, PDF,
Pptx, and eBook. Parsing includes explicit parsing of native elements including
headers, footers, footnotes, paragraphs, bulleted lists, navigational Links, and
graphics. After parsing, the Document Parser 310 organizes the contents into a
hierarchy graph, with sufficient attributes to maintaining absolute traceability of every

element.

Once basic processing is completed, the document goes through the Iterative Shallow
Linguistic Parser 320. The lterative Shallow Linguistic Parser 430 performs shallow-
NLP tasks to evaluate mechanical and linguistic attributes of every chunk of text from
the hierarchy graph representation of the document. It identifies paragraphs,
sentences, clauses and tokenizes the sentences by words. It determines Sections
(child-sections), Paragraphs (child paragraphs), Sentences, Words, Parts-of-speech
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(POS) Tags, Lemmas, Phrases, and Linguistic Attributes (see the expanded taxonomy
in Wikipedia Page on Grammatical Category). Every attribute has a role to play in

subsequent steps of the pipeline. These attributes form the components of linguistic
rules in subsequent steps.

The lterative Shallow Linguistic Parser 320 is iterative because of the common errors
produced by out-of-the-box shallow-NLP parsers. This is done to prevent common
errors in parts of speech tags from popular part of speech taggers. These rules are a
function of the word itself or the words preceding or succeeding the word, clauses and
their attributes, sentence type and sentence attributes. Such rules are stored as meta
data and can be enhanced by the user or administrator without any programming.

Linguistic Simplifier 330 performs further simplification using linguistic and structural
rules (at various levels) to improve the accuracy of the parsed output. The linguistic
simplifier 430 also incorporates external knowledge to detect real-world concepts
(through light sense disambiguation) to aggregate words to generally simplify the
sentence’s length. Mechanical sub-sentence detection (and separate processing) to
further normalize sentence lengths, while maintaining the information and relation is
also performed by this component. The Simplifier 330 also performs mechanical
substitutions to present the parsers with familiar words and semantic substitutions to
present parsers with a 1-2 word for entire sub-clauses or phrases in order to prevent
common errors. Substitutions are identified using KnowledgeNet and Linguistic
Attributes (from Shallow Parsing), parallel boundaries are expanded (e.g., legal and
constitutional rights = legal rights and constitutional rights) and subordinate clauses

are simplified (e.g., single families that own homes = single family home-owners).

Iterative Deep Parser 340 performs a deeper parsing of sentences. It is iterative to
correct specific errors in parse-trees due to mis-judgement by POS-taggers. After
correction, the process is re-initiated. The Deep Parser 440 also determines concepts
and their co-references. Co-referential relationships are pronomical, e.g., the use of
pronouns to refer to nouns used earlier or later in a document or they can be pragmatic
relationships e.g., the use of ‘xerox’ to refer to copying. To enable deeper co-
referential and other rhetorical relationships between concepts, the Deep Parser 340
also integrates additional contextual real-world knowledge, e.g. Civil Rights Movement
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also signifies a ‘Time-Period’ when present with prepositions like during, after,
etc. Wikipedia tells us that this time-period is from 1954 to 1968. Also provides us the
fact that Rights is a Noun here, not a Verb or Adjective because of its reference (direct
or implied) throughout that document. This component also determines sentence
structures including qualifications and constraints in the structure, if any, e.g., Civil
Rights Movement during Kennedy Administration.

Iterative Meaning Encoder 350 creates the human analogous meaning representation
layers using all the output of the preceding components. This includes detection of
ideas, the rhetorical relationship among ideas both within an idea and across ideas.
The Meaning Encoder 350 also determines important linguistic metrics like importance
of ideas/rhetorical expressions, central themes, and primary topics. The Meaning
Encoding process performed by the lterative Meaning Encoder 350 outputs a
combined Meaning Representation hyperGraph (MR)that combines and preserves
the following: Hierarchy, Ideas, Arguments/Rhetorical Expressions, Sentences,
Clauses, Concepts. The MR is completely invertible, and the entire document can be
generated from it and vice-versa. The Meaning Encoder 450 also derives attributes
(importance, layers, summaries, etc.) to enable more selective analysis and

specialized understanding needs.

There is wide acceptance that graphs present an effective way of mirroring the way
humans organize and view information. Graph-based representation of discourse
preserving its compositionality can effectively allow us to proxy the above levels of
understanding of text by a computer. Meaning Representation Graphs [MRs] provide
a meaning representation for any document or collection of documents consistent with

the above multi-layered definition of meaning.

An MR graph should be distinguished from other graph forms in the literature such as
Knowledge Graphs, Concept Graphs and AMR graphs. While there is overlap in all
these graph representations, the MR Graph represents the complete document in
terms of its compositionality [sentences, phrases, clauses], concepts, and rhetorical
linkages between concepts in their surface form. MR maps the surface rhetorical

phrases to an abstract rhetorical relationship type but remains invertible.
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MR is a multi-layered meaning representation for any document. Meaning is defined
to be an understanding of the concepts and relationships between concepts as
described in the discourse. This is, of course, supplemented in the human mind with
existing knowledge about the concepts and inter-relationships. The layered
representation of meaning in the NLU Platform 200 is presented first and later it is
expanded that to include knowledge outside the document that is germane to
understanding the document.

Conceptually, a document can be defined to be a set of ideas on a subject that the
author intends to communicate to an audience. The ideas in turn are expressed in the
form of sentences where each sentence expresses a relationship between certain
concepts using rhetorical linkages. Thus a simple sentence can be thought of as

having a subject and an object which are linked through a verb.

Mathematically this idea can be represented as follows:

Document D = {I} where | is a set of Ideas or Themes,

where,

| = {S} where S is a set of sentences,

S ={C, R} where C is a set of concepts and R is a set of rhetorical expressions

The NLU Platform 200 enumerates the above definition computationally to generate
the MR graph. As noted before, the generated MR graph is multi-layered allowing a
gradual unpeeling of meaning. ‘ldeas’, ‘themes’, ‘topics, are used interchangeably in
the remainder of the disclosure.

Consider a hypothetical document D comprising many sentences {S1,...Sn}. At the
highest level, the NLU Platform 200 MR is a graph of the ideas in the document. Figure
4 shows this conceptually. In the case of short documents, the document may reflect
only 1 idea. The longer the document, the greater the number of ideas. Most
documents though are likely to have a main theme and several sub-themes. In some
cases, like analyst reports, the sub-themes can be relatively independent of each
other.
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Conceptually, sentences that reflect an idea or theme should be together and each
new theme should ideally manifest in a new collection of sentences. Remember that
since all the sentences are from the same document, all sentences are going to be
related. However, it is of interest to detect the major sub-themes expressed in the

document.

The NLU Platform 200 detects ideas through a deep examination of the linguistic
structure/attributes of the document at the word, clause, sentence, paragraph, section
and whole document levels. All the parts of the document are analyzed to determine
how they are related rhetorically and linguistically to other parts of the document.

Each idea comprises multiple sentences in the discourse with the main sentence
introducing the idea being the head sentence for that idea. The idea can be
represented through the sentence or the main concept in the main sentence.

Figure 5 shows the meaning representation of Figure 4 with expanded representation
for Idea 1. The expanded representation shows that Idea 1 comprises a number of
sentences in the document from the first and second paragraphs. The NLU Platform
200 uses a comprehensive set of linguistic attributes at the word, clause, sentence,
paragraph, section and whole document levels as well as discourse model elements
to detect the start of an idea or theme. An example of a discourse model element is
the ‘new paragraph’ marker.

Figure 5 displays Idea 1 as comprising S1, S2, S3 of paragraph P1, S1 of paragraph
2 and so on. Figure 5 also indicates the rhetorical relationship between sentences,
e.g., R12. R12 indicates the relationship between sentence S1(P1) and S2(P1).
Examples of such relationships are elaboration, temporal among others. Very simply,
if R12 is identified as ‘elaboration’, S2 is judged to be an elaboration of S1(P1). The
NLU Platform 200 has the ability to detect a complete set of such rhetorical
relationships.

Next, the MR is expanded to a concept level representation of the document. A NLU
Platform 200 Concept Graph is a complete cognitive representation of the document
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at a concept level. The NLU Platform 200 expands the sentences to reveal their
compositional structure in the form of concepts and relationships between them.
Relationships between sentences are also effectively relationships between the
subjects of those sentences. For example, a sentence starting with a pronoun refers
to a person in the sentence it is related to. A concept can be a noun or a phrase and
in some cases, it can be a normalized form of a noun or verb phrase. It is a directed
graph consisting of nodes and edges where nodes are concepts and edges are the
text phrases that connect a concept to another concept.

The NLU Platform 200 Concept Graph, GG, can be formally defined as:

GG = {V, E}

Where GG = Concept Graph,

V = set of vertices {A, B, C, D, E, ...} in GG and

E = set of edges with surface level rhetorical phrases,

Ei = edges between i and jt" vertices

R = Abstract relationship types for the surface level rhetorical phrases, E

Figure 6 shows an illustrative directed graph with concept nodes {C+,...Cs} and Edges
E. Each Edge in E is denoted by Ej where i is the source and j is the target. Ej is
mapped to an abstract relationship type, Rij where Rj belongs to a set of abstract
relationship types R. Edges E can have a weight associated with them which can
indicate their semantic importance in interpreting the overall meaning of the document.
The NLU Platform 200 uses default weights based on the abstract relationship type R
to which the edge is mapped to. For clarity, Figure 6 does not show the edge weights,
RW.

Figure 7 displays four typical discourse models for news article 710, research article
720, email 730 and a legal contract 740. As can be sheen the discourse models have
a hierarchical structure. Any node in the hierarchy in the discourse models is optional
with the nodes with [...] discretionary and the other nodes typically always present.
Structurally though, the administrator can create any number of discourse models in
Discourse Models 290 with a unique label to name the discourse model. Similarly, the
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administrator can create any level of depth in the hierarchy. To illustrate, the legal
contract DM 740 has a node titled ‘Clause 1 Test’ and a child node titled ‘[sub-clause]’.
The Administrator can create a child node for the sub-clause if desired. The NLU
Platform 200 attempts to find the discourse model which matches the document the
closest.

Figure 8 displays a sample news article related to immigration enforcement. For
illustrative purposes and ease of reference, each sentence is labeled as S1, S2,
S3...5n.

Figure 9a-b presents the analysis from the NLU Platform on the results of the 10
queries reported in Figure 1. The results from the search engine were processed
using the NLU Platform 200. The NLU Platform’s output are displayed in Figs 9a-b.
There is substantial improvement in detecting relevant documents using the NLU
Platform 200. Figure 9a shows accuracy metrics for the NLU Platform 200 vs the
search engine. The precision with which relevant items were detected improved
significantly by 29% from 59% to 88%. F1 score also improved from 74% to 89%. A
Mean Square Error [MSE] statistic is also shown based on the ranking of an item
based on relevance according to the NLU Platform 200 and the sequence of the item
in Google results. Figure 9b shows this graphically. It shows the frequency distribution
of page difference computed as the [Google Page - NLU Platform Page]. The results
are striking — the NLU Platform 200 can detect relevance much more accurately.

Figure 10 describes the process of determining relevance of a document to the query
topic by the NLU Platform 200. Concept 1010 and Document 1015 are input to the
NLU Platform 200 which goes through a 3 step process to determine the relevance of
that document to the query. After concept-detection (occurrence of the concept in the
MR graph of the Document), for a complex concept (multiple topics), apart
from Sentence Importance (main idea, main idea sentence set) and Concept
Importance (subject), NLU Platform 200 also determines Context Strength. Context
Strength will determine how integral the concepts are to each other in the context of
the document. For example, are each of the words in the complex concept occurring
in various places in the document without directly in each other’s context or are they

occurring in direct contextual relation to each other.
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Figure 11 shows the concept level representation for the first sentence in the
document in Figure 8. The nodes in the Figure represent concepts in the sentence

and edges reflect the expressed rhetorical relationship.

Figure 12 displays the summary for the document shown in Figure 8. The NLU
Platform 200 found 7 out of 27 sentences to reflect the essence of the document. |If
the user wants to expand any of the 7 distinct ideas/themes from the document
contained in the summary in Figure 12, the NLU Platform 200 will expand that idea
with the sentences that are part of that idea. The expansion can be filtered by a
specific set of rhetorical relations the user is interested in, e.g., ‘causal’. The synopsis
will be at the level of granularity that the user is interested in. In a similar vein, it can
reflect only the types of rhetorical relationships the user is interested in. For example,
a user may only be interested in the main ideas in the document and may not be
interested in any ‘elaboration’. The NLU Platform 200 also generates a summary for
any document topic that is of interest to the user. For example, a user may be
interested in the main topic of the document or one of the other topics in the document.
The summaries generated by the NLU Platform 200 will be different based on the

user’s preferences.

Figure 13 displays Electric Vehicles Knowledge Collection produced by the NLU
Platform 200. The table of contents — COP26, Government, Corporation, Small
Business, Individual, and Justice are generated by the NLU Platform 200 based on its
complete understanding of the content of all the documents it found relevant. Each of
the table of content topics has the number of content items that the NLU Platform 200
has classified into that topic. A content item can be classified under more than one
table of content topics. It should be noted that in such cases the synopsis for the
different topics will be different. Selecting or clicking any of the table of content topics
results in the NLU Platform Application 310 displaying relevant articles for that topic.
Selecting the root topic, ‘Climate Action’, results in the NLU Platform Application 210
displaying all relevant articles for ‘Climate Action’.

Figure 14 shows an example of continuous knowledge discovery and update. It shows
that auto discovery is turned on for a specific node. The NLU Platform 200 then
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automatically seeks and finds relevant new content items for that node and all its child
nodes. The newfound content items are then processed by the NLU Platform 200 and
integrated into the current ‘Knowledge Collection’ using its normal processing steps.
In one embodiment of the invention, the newfound knowledge can be staged for a
super user or author to review and decide which of the newly found items should be
integrated.

Figure 15 illustrates top topics or tags produced by the NLU Platform 200 for an
exemplary collection of 7 documents. Top topics can be produced for the entire
content item or separately for different sections of the content item. Figure 16 is an
illustration of the NLU Platform 200’s zero-shot learning capability. The NLU Platform
200 was applied to these 7 documents to determine if it could detect topics in the
document correctly matching manually generated tags. The use case was to
maximize discoverability of such documents by customers/prospects when they
search by keywords. Figure 16 also shows that the NLU Platform found 80% match
with no training data, orders of magnitude better than contemporary Language Models.
A leading Language Model with no task specific training found only 20% of the tags
on the same data.

Figure 16 illustrate the consolidated meaning representation graph generated by the
NLU Platform in more detail. It shows meaning representation from three content
items which are intelligently aggregated by the NLU Platform to generate a
consolidated meaning representation graph shown in Figure 17. The Figure does not
display each of the three meaning representation graphs for brevity. Figure 17 also
illustrates the use of global knowledge from the Global Knowledge Store. This is
evident in how ‘Biden’s immigration policy’ is related to ‘Biden’s Executive Order on
Public Charge Rule’.

Figure 17 illustrates the structure of global knowledge input which can be used by the
NLU Platform 200 in its processing. The format of the input is flexible and reflects
relationships between any pair of concepts. The Relation column reflects the
rhetorical relation type which is from a set of extensible relationship types. Changing
relationship types does not require any programming and is governed by data integrity
principles like orphan control. Cue phrases with direction (before or after) can be
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associated with that relationship. The Sense column reflects the sense in which the
concepts are being referred to in the specified relationship. Sense is an extensible
attribute. The NLU Platform 200’s sense list for any concept (or word) can be
expanded without any programming. Global knowledge can be specified to be
applicable across all Knowledge Collections, specific Knowledge Collections or
domains or just for a content item. If needed, the NLU Platform 200 can also invoke
an automated knowledge acquisition system or access a global knowledge store which
contains global knowledge on concepts.

Similar to Figure 17, Figure 18 allows the NLU Platform Application 310 user to input
sense disambiguation rules. These rules can be a combination of linguistic
characteristics of the word, a set of words occurring before and after the word in any
sentence containing the word, part of speech tags for those words, cue phrases, and
substance words for example a proper noun or an unambiguous noun. The NLU
Platform 200 can also invoke an automated classifier if one exists to disambiguate
sense. Such an automated classifier will automatically identify the sense in which a
word is being used in a specific instance. As in the case of global knowledge, scope
refers to how broadly the rule applied — all Knowledge Collections, specific Knowledge

Collections or domains or just for a document.

In another embodiment, an exemplary method and use for the automated, natural
language understanding tasks performed by the NLU Platform of the invention in agile

continuous learning processes is described below;

Agile continuous learning platform (ACL Platform):
An effective framework for agile continuous learning platform include processes that
provides the user with the following core element requisites:

1. The ability for learners to self-learn from a continuously refreshed knowledge

portal, with or without assessment and micro-credentials

2. The ability to rapidly assemble, organize and synthesize new learning content from
within and outside an institution’s content library and keep it constantly updated
(Rapid Learning Content Assembly).
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3. Automated, explainable assessment of open responses scored against a rubric
(Scalable Open Text Response Assessment.

4. Skills based, career and demand driven personalization of the learning journey.

The ACL platform application of the automated NLU Platform of the invention
automatically creates continuous knowledge collections on any topic in its Continuous

Knowledge Portal as also illustrated in Figures 13-14.

The ACL Platform application of the invention comprises one or more Portals that
facilitates self-learning on a collection of topics. For example, a third party institution
can provide the Portal to its lifelong learners by coupling the Portal with assessments
and credentials. Faculty or course designers can manage the content which learners
have access to. Faculty can annotate the ACL content as they see fit to impart their
knowledge and pedagogy.

The ACL Platform Portal can also be integrated with the institution’s learning delivery

infrastructure and learning management systems.

Rapid Learning Content Assembly (Course Authoring)

The ACL Platform | Learning Content Authoring/Assembly Component (Figure 19)
enables any institution to rapidly assemble learning content on a new topic or topics
related to a specific skill. The ACL Platform uses its natural language understanding
engine to disaggregate the content down to a concept level. It can ingest existing
learning content in all formats. It can also augment the content with new content from
external repositories like other private learning content collections or the public

internet.

At a major global educational institution, Gyan is being used to rapidly decompose
massive amounts of existing content to granular levels of learning units and
supplemented with external content in order to enable the creation of new learning
modules on demand. The institution can mix and match its granular learning units to

meet new learning needs. The content can be personalized to individual learner as
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needed. Personalization can be based on the individual learner's learning
preferences.

The platform also has the intelligence to build the learning outline, create assessments
based on a desired scope, and integrate the final course or learning content with
popular learning management solutions (LMS).

Scalable Open Text Response Assessment

Human grading of essays and open text responses [ORA] is time consuming and
subject to inconsistencies and biases. Extant research on automated grading of
essays [AES], has been criticized for lack of context awareness, the need for large
volume of training data, data driven biases and their black box nature. Further, in
online courses like MOOCs, the common practice is to use peer grading. Peer grading
has serious drawbacks as a grading method, not the least of which is a natural agency
for grade inflation. The ACL Platform of the invention addresses these challenges
effectively. ACL Platform evaluates the essay or ORA in its context, gathers
intelligence from a sparse data set of labeled essays, is transparent in its reasoning
or logic and is tractable so it can be improved in an understandable manner. Further,
the ACL Platform can be configured rapidly to reflect course-specific requirements.

A prominent, globally respected higher educational institution currently uses peer
grading in its online courses for open text response assessment. An assignment from
a course that was already graded was selected for evaluation of the ACL Platform of
the invention. For the chosen assignment, the peer graders had given each other

perfect scores.

The ACL Platform was configured with the rubric the professor had specified. After
ACL Platform was configured, all of the submitted assignments of 10 students were

assessed through it.

Three teaching assistants (TAs) were requested to grade the same essays manually
for obtaining and comparing the output grading provided by the ACL Platform against
a human baseline. Figure 20 presents the results of the pilot. As seen, the peer
grades were perfect scores for all 10 students. The TAs had a wide dispersion for the
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same essay. For each of the ACL Platform assessments, a detailed reasoning report
was provided to the professor/institution explaining how the ACL Platform arrived at
the final score/grade. In all the cases, the professor and TAs were in agreement with
ACL Platform’s assessment.

Personalized Learning Pathways

There is a growing willingness among employers to hire people who have the
necessary skills for the jobs disregarding the traditional 4-year college degree.
Leading employers are working with educational institutions to create learning
programs to develop the talent and workforce they need.

The ACL Platform enables the automated creation of personalized learning pathways
for individuals. This is being used by a global higher educational institution and a
startup focused on career guidance for unemployed adults.

The process of determining personalized learning pathways starts with the input by
the individual user by uploading their resume or profile. The ACL Platform extracts
the individual’s skills from the resume. The ACL Platform processes various sections
in the resume — education, experience, purpose, and skills if they are explicitly
mentioned. In addition to skills, the ACL Platform also determines a proficiency level
for each of the skills. The ACL Platform can be integrated with any skills taxonomy,
for example, ONET, EMSI Burning Glass or a proprietary taxonomy, that is specific to
the recruiting employer.

The ACL Platform identifies the skill gap between the person’s skills as indicated in
the resume and a desired occupation. The skills extracted from the resume are
normalized by the ACL Platform using a chosen skills taxonomy like ONET. The
normalized skills are then compared to a desired occupation to identify the person’s
skill gap for that specific occupation.

Document Discoverability Tag
Improving discoverability of content offered by an institution typically requires the
manual creation of tags and / or a manually created content organization structure

(e.g. a hierarchical set of topics). Staying ahead of this tagging process as new content
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arrives is equally challenging. Automatically generating high quality tags would not
only make this process much more efficient, it would also make tagging content at a
much larger scale feasible.

The ACL Platform of the invention was evaluated in a pilot project which required the
Platform to generate tags that best describe a document to maximize discoverability
in search by customers/prospects.

As shown in Figure 15, for a sample size constituting 7 articles, the ACL Platform found
80% match with its tags with no training data, which was orders of magnitude better
than contemporary Al based Machine Learning systems (LMs). A currently used
leading LM with no task specific training found only 20% of the tags accurately on the

same data compared to the ACL Platform application of the invention.

In conclusion, the present invention is directed to a system and method for natural
language understanding (comprehension) the system includes a processor
configured to automatically carry out a task of human-analogous natural language
understanding of natural language content from one or more text documents, the
system has a natural language understanding engine which creates a machine
representation of the meaning of a document using a compositional language model.
The engine creates its machine meaning representation for a document by
decomposing the entire document into its compositional structure to reflect multiple
layers of meaning, and doing so in an invertible manner by parsing the document
according to a discourse model identified for the document, identifying the main idea
of the document, and identifying the start of new ideas in the document,
decomposing the document into sub-documents by ideas, and creating meaning
representation for the whole document by decomposing the sub-documents into
their compositional elements; the computing system may include one or more virtual
or dedicated servers or similar computing devices and programmed with executable

instructions.

The method of the invention automatically performs the function of human-

analogous natural language understanding of natural language content from one or
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more text documents, the method by  generating a machine representation of the
meaning of a document using a compositional language model; then generating the
machine meaning representation for a document by decomposing the entire
document into its compositional structure to reflect multiple layers of meaning, and
doing so in an invertible manner by parsing the document according to a discourse
model identified for the document, identifying the main idea of the document, and
identifying the start of new ideas in the document, decomposing the document into
sub-documents by ideas, and creating meaning representation for the whole

document by decomposing the sub-documents into their compositional elements.

The compositional language model does not utilize statistical machine learning or
statistically derived distributional semantics like word embeddings, for creating its
meaning representation. The natural language understanding engine utilizes
computational linguistics, compositionality and rhetorical structure in language and
can process one or more documents without any training or training data.The
natural language understanding engine works entirely in natural language and does

not convert any part of the document into real valued vector encodings.
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Claims

The invention claimed is:

1. A natural language understanding system comprising at least one processor
configured to automatically carry out a task of human-analogous natural
language understanding of natural language content from one or more text

documents, the system comprising:

a computer system hosting a natural language understanding engine which
creates a machine representation of the meaning of a document using a

compositional language model;

the engine creating its machine meaning representation for a document by
decomposing the entire document into its compositional structure to reflect

multiple layers of meaning, and doing so in an invertible manner;

the engine decomposing the document into its compositional structure by
parsing the document according to a discourse model identified for the
document, identifying the main idea of the document, and identifying the start
of new ideas in the document, decomposing the document into sub-documents
by ideas, and creating meaning representation for the whole document by

decomposing the sub-documents into their compositional elements; and

the computing system comprising one or more virtual or dedicated servers or

similar computing devices and programmed with executable instructions.
2. The system of claim 1, where the compositional language model does not utilize

statistical machine learning or statistically derived distributional semantics like
word embeddings, for creating its meaning representation graph;
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The system of claim 1, where the natural language understanding engine utilizes
computational linguistics, compositionality and rhetorical structure in language

and can process one or more documents without any training or training data.

The system of claim 1, where the natural language understanding engine works
entirely in natural language and does not convert any part of the document into

real valued vector encodings.

The system of claim 1, where a new discourse model is created and integrated

without any programming.

The system of claim 1, where the main idea of the document is determined
based on concept importance using a combination of linguistic and rhetorical
structure, attributes and discourse model

The system of claim 1, where the start of a new idea can be determined based
on determining the nature of relationship between each successive
compositional element including a paragraph, a sentence, and a clause based
on linguistic attributes and nature of rhetorical expressions linking the
compositional elements including a plurality of linguistic rules, rhetorical relations

and co-referential relationships

The system of claim 1, where decomposing the sub-documents includes at the
first level, identifying sentence level compositional elements and the
relationships amongst them that make up the sub-documents using linguistic
attributes and the nature of the linguistic relationship of the compositional
elements to the primary sentence of the sub-document and each other

The system of claim 8, where decomposing the sub-documents at the next level,
includes identifying within sentence level compositional elements and the nature
of the rhetorical and linguistic relationships amongst them using linguistic and
rhetorical attributes and rules
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The system of claim 9, where the decomposition continues until every single
compositional unit including at the word level is part of the meaning
representation graph

The system of claim 8, where new rules can be added to detect relationships

between and among compositional elements without any programming

The system of claim 1, where the meaning representation is in the form of a
multi-layered graph comprising the decomposed compositional elements which
can be queried by concept, surface form of the rhetorical expression or abstract
rhetorical relationship types

The system of claim 12, where the meaning representation graph is invertible
back into the complete document

The system of claim 1, where the decomposing the compositional structure
includes establishing co-referential relationships between words and the
detection of such co-referential relationships are improved by external
knowledge stored in the global knowledge store

The system of claim 14, where the global knowledge store can store knowledge
at a sense level for each concept and continuously improved without any

programming

The system of claim 14, where the global knowledge store can store knowledge
at a sense level for each concept

The system of claim 1, where a document can be a text document of any length
in any format including text, html, pdf based on any discourse model and also

videos transcribed into text

The system of claim 1, where a document is not grammatically complete

including cryptic social media messages.
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The system of claim 1, where the engine identifies the rhetorical phrases
between sentences and within each sentence among compositional units
including between subject and object, and also maps such identified rhetorical
phrases to a set of normalized rhetorical relations,

The system of claim 12, where the map between rhetorical expressions and
abstract rhetorical relations are configurable and can be a function of cue words,
cue phrases and linguistic attributes of the discourse including parts of speech,
sentence type, and co-referential relationships.

The system of claim 1, wherein the engine creates an expandable multi-level
summary of a document corresponding to the multi-level meaning representation

graph.

The system of claim 1, wherein the engine creates an expandable multi-level
summary of a document according to user preferences expressed as rules

operating on the rhetorical relations identified in the document.

The system of claim 1, wherein the engine can process one or a plurality of

documents without requiring any training or training document set,

A system capable of creating a Knowledge Collection of relevant documents

using the meaning representation of system of claim 1.

The system of claim 24, where the Knowledge Collection can be based on a
query using internet search engines, private document collections and sources

or a combination,

The system of claim 25, the engine organizing the collection of relevant
documents into a pre-determined set of sub-topics by determining the most

relevant match for each document;

and where a pre-determined set of sub-topics is not available, the engine

surfacing an intrinsic set of topics from the collection of relevant documents
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32.

33.

WO 2023/212524 PCT/US2023/066123

using the meaning representation of the system of claim 1 for each of the

documents in the collection.

The system of claim 26, where the intrinsic set of sub-topics is determined as
the most representative ideas across the collection of documents by aggregating
the ideas in each of the document.

The system of claim 27, where the process of determining the most
representative ideas across the document collection integrates knowledge from
the global knowledge store to enable the engine to recognize relationships
across ideas not explicitly present in the documents, uses linguistic
characteristics including its role in the documents it is found in.

The system of claim 26, where the degree of relevance of each article in the
document collection to each of the pre-defined sub-topics is determined using a

combination of concept importance, sentence importance and context strength.

The system of claim 24, where the engine creates an combined meaning
representation graph for the entire collection of documents by aggregating
meaning representation graphs for each of the documents after removing
redundant concepts across meaning representation graphs at the document

level.

The system of claim 24, where the engine creates an aggregate summary for
the entire collection of documents by aggregating summaries for each of the

documents and removing redundant content.
The system of claim 24, where the engine creates an aggregate summary for
each of the sub-topics by aggregating summaries of the documents classified in

that sub-topic.

The system of claim 1, wherein the co-referential relationships between

concepts in two sentences can be the use of the exact same concept or a
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pronomical or a pragmatic reference to the concept contained in an external

global knowledge store.

A method of automatically performing the function of human-analogous natural
language understanding of natural language content from one or more text

documents, the method comprising:

generating a machine representation of the meaning of a document using a

compositional language model;

generating the machine meaning representation for a document by
decomposing the entire document into its compositional structure to reflect

multiple layers of meaning, and doing so in an invertible manner; and

decomposing the document into its compositional structure by parsing the
document according to a discourse model identified for the document,
identifying the main idea of the document, and identifying the start of new ideas
in the document, decomposing the document into sub-documents by ideas, and
creating meaning representation for the whole document by decomposing the

sub-documents into their compositional elements.

35. The method of claim 34, where the compositional language model does not

utilize statistical machine learning or statistically derived distributional semantics

like word embeddings, for creating its meaning representation graph.

36. The method of claim 34, where the compositional language model utilizes

computational linguistics and rhetorical structure in language and can process

one or more documents without any training or training data.

37. The method of claim 34, where the method works entirely in natural language

and does not convert any part of the document into real valued vector

encodings.
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. The method of claim 34, where a new discourse model is created and integrated

without any programming.

The method of claim 34, where the main idea of the document is determined
based on concept importance using a combination of linguistic and rhetorical

structure, attributes and discourse model.

The method of claim 34, where the start of a new idea can be determined based
on determining the nature of relationship between each successive
compositional element including a paragraph, a sentence, and a clause based on
linguistic attributes and nature of rhetorical expressions linking the
compositional elements including a plurality of linguistic rules, rhetorical

relations and co-referential relationships

The method of claim 34, where decomposing the sub-documents includes at the
first level, identifying sentence level compositional elements and the
relationships amongst them that make up the sub-documents using linguistic
attributes and the nature of the linguistic relationship of the compositional

elements to the primary sentence of the sub-document and each other.

The method of claim 41, where decomposing the sub-documents at the next
level, includes identifying within sentence level compositional elements and the
nature of the rhetorical and linguistic relationships amongst them using linguistic

and rhetorical attributes and rules.

The method of claim 42, where the decomposition continues until every single
compositional unit including at the word level is part of the meaning

representation graph.

The method of claim 41, where new rules can be added to detect relationships

between and among compositional elements without any programming.
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52.
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The method of claim 34, where the meaning representation is in the form of a
multi-layered graph comprising the decomposed compositional elements which
can be queried by concept, surface form of the rhetorical expression or abstract

rhetorical relationship types.

The method of claim 34, where the decomposing the compositional structure
includes establishing co-referential relationships between words and the
detection of such co-referential relationships are improved by external

knowledge stored in the global knowledge store.

The method of claim 46, where the global knowledge store can store knowledge
at a sense level for each concept and continuously improved without any

programming.

The method of claim 34, where a document is not grammatically complete

including cryptic social media messages.

The method of claim 45, where the map between rhetorical expressions and
abstract rhetorical relations are configurable and can be a function of cue words,
cue phrases and linguistic attributes of the discourse including parts of speech,

sentence type, and co-referential relationships.

The method of claim 34, wherein the method creates an expandable multi-level
summary of a document corresponding to the multi-level meaning

representation graph.
The method of claim 1, wherein it creates an expandable multi-level summary of

a document according to user preferences expressed as rules operating on the

rhetorical relations identified in the document.
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53. The system of claim 1, wherein the engine can process one or a plurality of

documents without requiring any training or training document set,

54. A method capable of creating a Knowledge Collection of relevant documents

using the meaning representation of method of claim 34.

55. The method of claim 54, where the Knowledge Collection can be based on a

query using internet search engines, private document collections and sources

or a combination.

56. The method of claim 55, where it organizes the collection of relevant documents

into a pre-determined set of sub-topics by determining the most relevant match

for each document.

and where a pre-determined set of sub-topics is not available, the method
surfacing an intrinsic set of topics from the collection of relevant documents
using the meaning representation of the method of claim 34 for each of the

documents in the collection.

57. The method of claim 56, where the intrinsic set of sub-topics is determined as

the most representative ideas across the collection of documents by aggregating

the ideas in each of the document.

58. The method of claim 57, where the process of determining the most

representative ideas across the document collection also integrates knowledge
from the global knowledge store to enable the method to recognize relationships

across ideas not explicitly present in the documents.

59. The method of claim 56, where the degree of relevance of each article in the

document collection to each of the pre-defined sub-topics is determined using a

combination of concept importance, sentence importance and context strength.
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60. The method of claim 34, where the method creates a combined meaning
representation graph for the entire collection of documents by aggregating
meaning representation graphs for each of the documents after removing
redundant concepts across meaning representation graphs at the document

level.
61. The method of claim 34, where the method creates an aggregate summary for

the entire collection of documents by aggregating summaries for each of the

documents and removing redundant content.
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