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A SYSTEM AND METHOD OF IDENTIFYING A VARIATION OF A PHRASE
IN A TEXTUAL PASSAGE

CROSS-REFERENCE TO RELATED APPLICATION AND PRIORITY CLAIM
[001] This application claims priority to U.S. Patent Application 18/378,509, filed on
October 10, 2023, also titled “A System And Method Of Identifying A Variation Of A
Phrase In A Textual Passage™.

FIELD OF THE INVENTION
[002] The present invention relates generally to automated text analysis. More specifically,

the present invention relates to identifving a variation of a phrase in a textual passage.

BACKGROUND OF THE INVENTION

[003] Contact Center Representatives engage in high quantities of conversations with
various clients daily. A Contact center’s manager or analyst may wish to analyze these calls
to derive insights to improve either the services the company provides or the quality of the
contact center itself. In order to empower such analysis processes capabilities, a contact
center system can expose certain functionalities to an “administrator” role that may help the
analysis process, specifically a useful functionality for this, is to find a subset of all
conversations that deal with a specific topic of interest. In order to automatically find what
topics are included in a given conversation, one would need to describe how such topics are
defined.

[004] A useful approach to defining such topics is as a customizable set of typical phrases
that may appear in conversations entailing the topic, where a “phrase” mayv be one or more
consecutive words. Detecting an exact match of the phrase in the text of conversation is
straight-forward, however compiling lists of all possible variations of phrasing is intractable.
Therefore, such a system should aim to effectively generalize the identification of variants
of semantically similar phrases (e.g., where “get me a manager™ should be deemed similar
to “transfer me to a supervisor”), without requiring the user to envisage all possible ways to

of articulations beforehand.
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[005] Currently available search systems commonly rely on lexical matching to identify
semantic similarity. Some traditional approaches treat words as similar if they are either the
same word or derived from the same lemmatized or stemmed form.
[006] Some approaches may employ various generalization techniques such as applying
different weights to different words (e.g., by calculating Term Frequency-Inverse Document
Frequency (TF/IDF)), to evaluate the relevance of words within a document relative to a
collection of documents (corpus). Such search systems may determine that a span of text
constitutes an occurrence of a searched phrase if enough significant words common to the
examined text and a phrase of interest.
[007] Variations of such methods tend to suffer from low recall. This is because (i) words
are commonly replaced by synonyms, and (i1) concepts can be articulated in many diverse
ways. Therefore, aneed is felt for finding semantically similar variations of phrases.
SUMMARY OF THE INVENTION
[008] Neural network based approaches provide semantic distance metrics, enabling the
system to quantify similarity with close and related words, e.g., where ‘manager’ is close to
‘supervisor’, but introduce different challenges and limitations.
[009] Neural Network (NN) based approaches for detecting phrase similarity can be
divided into two branches:
[0010] Cross-encoder: In such implementations, 2 phrases may be concatenated and fed as
input to a pretrained NN model for binary classification. This technique is very
computationally intensive, as it requires a forward pass for every pair of phrases that need
to be determined for similarity. This approach is not suitable for use cases such as those of
call centers, where a user may insert many phrases to seek, and the number of sentences in
conversations mayv constantly grow, resulting in a prohibitively high numbers of possible
combinations.
[0011] Bi-encoder: This method represents all phrases as an embedding vector of the same
size produced by a pretrained model. Phrase similarity can then be calculated as cosine
distance between the vectors. This technique is designed for phrases that are relatively
similar in length, and does not extend trivially into searching within a long text such as
conversations. A naive and popular approach would include separating the text into

sentences or similar units and then producing the embeddings, yet this does not yield
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satisfactory results in the domain of natural conversations, due to their characteristics of
long, ill-formed sentences.

[0012] Additionally, bi-encoders derive embeddings from all words in the input sequence
resulting in inability to capture higher resolution nuances. Simply put, the existence of
irrelevant words in the input sequence demands lower thresholds for similarity, that in turn
limits the ability to capture important differences.

[0013] For example, a phrase such as “I called you twice earlier” is semantically very
different from “T’ll call them later” in the context of call centers, yet a low threshold may
hinder the ability to detect such differences efficiently even with domain finetuning,

[0014] Embodiments of the invention may provide high, token-level resolution of semantic
representation such as that of a cross-encoder, without the high computational cost involved
in running a ‘forward pass’ for all pair-wise comparisons required in the cross-encoder
setting.

[0015] As explained herein, by producing vector embeddings for each n-gram or word,
embodiments of the invention may calculate distance for vector embeddings between the
search terms and the n-grams (e.g.., words) in the text, thereby eliminating the need for a
quadric amount of forward passes.

[0016] Additionally, embodiments of the invention may effectively find relevant phrases in
large, dynamic textual representations, e.g., originating from call center conversations,
without the need to define the topics or phrases in advance. This may be beneficial, for
example, by allowing different contact centers to define unique phrases of interest, and
update them at will with a higher degree of accuracy than any currently available method.
[0017] Embodiments of the invention may include a method of identifying occurrence of a
semantic variation of a phrase in a passage by at least one processor.

[0018] According to some embodiments, the at least one processor may calculate a phrase
embedding vector, representing a semantic meaning of the phrase based on a textual
representation of the phrase; obtain a textual representation of the passage that includes a
plurality of words: and extract, from the textual representation of the passage, at least one
hierarchical set of nested sequences of words, where each sequence of a hierarchical set
forms a subset of words of a subsequent sequence in the hierarchical set.

[0019] The at least one processor may subsequently calculate, for one or more (e.g., each)

sequence, a corresponding sequence embedding vector, representing a semantic meaning of

3



WO 2025/080343 PCT/US2024/043377

the sequence. For one or more sequence embedding vectors, the at least one processor may
calculate a corresponding vector similarity value, representing similarity with the phrase
embedding vector. The at least one processor may then identify a sequence corresponding
to a maximal vector similarity value of the one or more vector similarity values, and
determine the identified sequence as a semantic variation of the phrase, based on the
maximal vector similarity value.

[0020] According to some embodiments, the at least one hierarchical set may include a
plurality of hierarchical sets. The at least one processor may extract the plurality of
hierarchical sets by selecting a plurality of kernel sequences, each including one or more
words of the passage, and for each kernel sequence, producing a respective hierarchical set
of nested sequences. Each nested sequence may include the kemel sequence and subsequent,
monotonically increasing, nesting sequences of words.

[0021] According to some embodiments, the textual representation of the passage may
include a transcript of a conversation. The at least one processor may select the kemel
sequences by choosing a section of the transcript, associated with a specific speaker in the
conversation; and selecting the kernel sequences to comprise one or more words of the
chosen section.

[0022] Additionally, or alternatively, the at least one processor may select the kemel
sequences by calculating, for one or more words of the passage. one or more respective
labels representing parts of speech (POS): and selecting the kemel sequences to comprise
one or more words of the passage based on the calculated POS labels.

[0023] Additionally, or alternatively, the at least one processor may select the kemel
sequences by calculating, for one or more words of the passage. one or more respective
metrics of term relevance; and selecting the kernel sequences to comprise one or more words
of the passage based on the calculated metrics of term relevance.

[0024] According to some embodiments, the at least one processor may calculate a
sequence embedding vector of a specific sequence by obtaining a machine-learning (ML)
based model, pretrained to map between textual representations of words and corresponding
word embedding vectors; inferring the ML based model on one or more words of the specific
sequence, to produce one or more corresponding word embedding vectors, based on said
training; and calculating the sequence embedding vector as a function of the one or more

word embedding vectors.
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[0025] The at least one processor may train the ML model by inferring the ML based model
on a first word, to produce a first interim word embedding vector, representing a semantic
meaning of the first word; inferring the ML based model on a second word, to produce a
second interim word embedding vector, representing a semantic meaning of the second
word; receiving a first annotation data element, representing semantic similarity between the
first word and the second word; calculating a vector similarity value, representing similarity
between the interim word embedding vectors; calculating a first loss function value,
representing a difference between the vector similarity value and the semantic similarity, as
represented by the first annotation data element; and training the ML model so as to
minimize the {irst loss function value.

[0026] Additionally, or altematively, the at least one processor may train the ML model by
inferring the ML based model on a first sequence, to produce a first interim sequence
embedding vector; inferring the ML based model on a second sequence, to produce a second
interim sequence vector; receiving a second annotation data element, representing sequence
semantic similarity between the first sequence and the second sequence; calculating a second
vector similarity value, representing similarity between the interim sequence embedding
vectors; calculating a second loss function value, representing a difference between the
second vector similarity value and the sequence semantic similarity, as represented by the
second annotation data element; and training the ML model so as to minimize the second
loss function value.

[0027] Additionally, or alternatively, the at least one processor may train the ML model by
receiving a textual representation of a phrase; receiving a passage annotation data element,
indicating existence of a variation of the phrase in the passage; inferring the ML based model
on a hierarchical set of sequences obtained from said passage, to calculate an interim
maximal vector similarity value; and training the ML model such that a value of the interim
maximal vector similarity value corresponds to occurrence of a variation of the phrase in the
passage, as represented by the passage annotation. It may be appreciated that the passage
annotation data element may be devoid of information indicating location of the variation of
the phrase within the received passage.

[0028] Embodiments of the invention may include a system for identifying occurrence of a
semantic variation of a phrase in a passage. Embodiments of the system may include: a non-

transitory memory device, wherein modules of instruction code are stored, and at least one
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processor associated with the memory device, and configured to execute the modules of
instruction code.

[0029] Upon execution of said modules of instruction code, the at least one processor may
be configured to: based on a textual representation of the phrase, calculate a phrase
embedding vector, representing a semantic meaning of the phrase; obtain a textual
representation of the passage, may include a plurality of words; extract, from the textual
representation of the passage, at least one hierarchical set of nested sequences of words,
wherein each sequence of a hierarchical set forms a subset of words of a subsequent
sequence in the hierarchical set; for each sequence, calculate a corresponding sequence
embedding veclor, representing a semantic meaning of the sequence; for one or more
sequence embedding vectors, calculate a corresponding vector similarity value, representing
similarity with the phrase embedding vector; identify a sequence corresponding to a
maximal vector similarity value of the one or more vector similarity values; and determine
the identified sequence as a semantic variation of the phrase, based on the maximal vector
similarity value.

[0030] Embodiments of the invention may include a method of identifying occurrence of a
semantic variation of a phrase in a passage by at least one processor. Embodiments of the
method may include: based on a textual representation of the phrase, calculating a phrase
embedding vector, representing a semantic meaning of the phrase; receiving a textual
representation of the passage, may include a plurality of n-grams, extracting, from the textual
representation of the passage, a plurality of sequences of n-grams; for each sequence,
calculating a corresponding sequence embedding vector, representing a semantic meaning
of the sequence; for one or more sequence embedding vectors. calculating a similarity with
the phrase embedding vector; and determining the identified sequence as a semantic

variation of the phrase, based on the calculated similarity.

BRIEF DESCRIPTION OF THE DRAWINGS
[0031] The subject matter regarded as the invention is particularly pointed out and distinctly
claimed in the concluding portion of the specification. The invention, however, both as to
organization and method of operation, together with objects, features, and advantages
thereof, may best be understood by reference to the following detailed description when read

with the accompanying drawings in which:
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[0032] Fig. 1is a block diagram, depicting a computing device which may be included in a
system for identifying a variation of a phrase in a textual passage according to some
embodiments of the invention;
[0033] Fig. 2 is a block diagram, depicting a system for identifying a variation of a phrase
in a textual passage, according to some embodiments of the invention;
[0034] Fig. 3 is a schematic diagram, depicting a process of calculating an embedding
vector, according to some embodiments of the invention;
[0035] Fig. 4 is a schematic diagram, depicting a process of calculating sequence
embedding vectors for hierarchical sets of nested sequences of words, according to some
embodiments of the invention; and
[0036] Fig. 5 is a flow diagram, depicting a method of identifying a variation of a phrase
in a textual passage, according to some embodiments of the invention.
[0037] It will be appreciated that for simplicity and clarity of illustration, elements shown
in the figures have not necessarily been drawn to scale. For example, the dimensions of some
of the elements may be exaggerated relative to other elements for clarity. Further, where
considered appropriate, reference numerals may be repeated among the figures to indicate
corresponding or analogous elements.

DETAILED DESCRIPTION OF THE PRESENT INVENTION
[0038] One skilled in the art will realize the invention may be embodied in other specific
forms without departing from the spirit or essential characteristics thereof. The foregoing
embodiments are therefore to be considered in all respects illustrative rather than limiting of
the invention described herein. Scope of the invention is thus indicated by the appended
claims, rather than by the foregoing description, and all changes that come within the
meaning and range of equivalency of the claims are therefore intended to be embraced
therein.
[0039] In the following detailed description, numerous specific details are set forth in order
to provide a thorough understanding of the invention. However, it will be understood by
those skilled in the art that the present invention may be practiced without these specific
details. In other instances, well-known methods, procedures, and components have not been
described in detail so as not to obscure the present invention. Some features or elements

described with respect to one embodiment may be combined with features or elements
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described with respect to other embodiments. For the sake of clarity, discussion of same or
similar features or elements may not be repeated.
[0040] Although embodiments of the invention are not limited in this regard, discussions

utilizing terms such as, for example, “processing,” “computing,” “calculating,”

EERA4 EE IS

“determining,” “establishing™, “analyzing”, “checking”, or the like, may refer to operation(s)
and/or process(es) of a computer, a computing platform, a computing system, or other
electronic computing device, that manipulates and/or transforms data represented as
physical (e.g., electronic) quantities within the computer’s registers and/or memories into
other data similarly represented as physical quantities within the computer’s registers and/or
memories or other information non-transitory storage medium that may store instructions (o
perform operations and/or processes.

[0041] Although embodiments of the invention are not limited in this regard, the terms
“plurality” and “a plurality” as used herein may include, for example, “multiple” or “two or
more”. The terms “plurality” or “a plurality” may be used throughout the specification to
describe two or more components, devices, elements, units, parameters, or the like. The term
“set” when used herein may include one or more items.

[0042] Unless explicitly stated, the method embodiments described herein are not
constrained to a particular order or sequence. Additionally, some of the
described method embodiments or elements thereof can occur or be performed
simultaneously, at the same point in time, or concurrently.

[0043] Reference is now made to Fig. 1, which is a block diagram depicting a computing
device, which may be included within an embodiment of a system for identifying a variation
of a phrase in a textual passage, according to some embodiments.

[0044] Computing device 1 may include a processor or controller 2 that may be, for
example, a central processing unit (CPU) processor, a chip or any suitable computing or
computational device, an operating system 3, a memory 4, executable code 5, a storage
system 6, input devices 7 and output devices 8. Processor 2 (or one or more controllers or
processors, possibly across multiple units or devices) may be configured to carry out
methods described herein, and/or to execute or act as the various modules, units, etc. More
than one computing device 1 may be included in, and one or more computing devices 1 may

act as the components of, a system according to embodiments of the invention.
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[0045] Operating system 3 may be or may include any code segment (e.g., one similar to
executable code 5 described herein) designed and/or configured to perform tasks involving
coordination, scheduling, arbitration, supervising, controlling or otherwise managing
operation of computing device 1, for example, scheduling execution of software programs
or tasks or enabling software programs or other modules or units to communicate. Operating
system 3 may be a commercial operating system. It will be noted that an operating system 3
may be an optional component, e.g., in some embodiments, a system may include a
computing device that does not require or include an operating system 3.

[0046] Memory 4 may be or may include, for example, a Random-Access Memory (RAM),
a read only memory (ROM), a Dynamic RAM (DRAM), a Synchronous DRAM (SD-
RAM), a double data rate (DDR) memory chip, a Flash memory, a volatile memory, a non-
volatile memory, a cache memory, a buffer, a short term memory unit, a long term memory
unit, or other suitable memory units or storage units. Memory 4 may be or may include a
plurality of possibly different memory units. Memory 4 may be a computer or processor
non-transitory readable medium, or a computer non-transitory storage medium, e.g., a RAM.
In one embodiment, a non-transitory storage medium such as memory 4, a hard disk drive,
another storage device, etc. may store instructions or code which when executed by a
processor may cause the processor to carry out methods as described herein.

[0047] Executable code 5 may be any executable code, e.g., an application, a program, a
process, task, or script. Executable code 5 may be executed by processor or controller 2
possibly under control of operating system 3. For example, executable code 5 may be an
application that may identify a variation of a phrase in a textual passage as further described
herein. Although, for the sake of clarity, a single item of executable code 5 is shown in Fig.
1, a system according to some embodiments of the invention may include a plurality of
executable code segments similar to executable code 5 that may be loaded into memory 4
and cause processor 2 to carry out methods described herein.

[0048] Storage system 6 may be or may include, for example, a flash memory as known in
the art, a memory that is internal to, or embedded in, a micro controller or chip as known in
the art, a hard disk drive, a CD-Recordable (CD-R) drive, a Blu-ray disk (BD), a universal
serial bus (USB) device or other suitable removable and/or fixed storage unit. Textual data
may be stored in storage system 6 and may be loaded from storage system 6 into memory 4

where it may be processed by processor or controller 2. In some embodiments, some of the

9



WO 2025/080343 PCT/US2024/043377

components shown in Fig. 1 may be omitted. For example, memory 4 may be a non-volatile
memory having the storage capacity of storage system 6. Accordingly. although shown as a
separate component, storage system 6 may be embedded or included in memory 4.

[0049] Input devices 7 may be or may include any suitable input devices, components, or
systems, e.g., a detachable keyboard or keypad, a mouse and the like. Output devices 8 may
include one or more (possibly detachable) displays or monitors, speakers and/or any other
suitable output devices. Any applicable input/output (I/0) devices may be connected to
Computing device 1 as shown by blocks 7 and 8. For example, a wired or wireless network
interface card (NIC), a universal serial bus (USB) device or external hard drive may be
included in input devices 7 and/or output devices 8. It will be recognized that any suitable
number of input devices 7 and output device 8 may be operatively connected to Computing
device 1 as shown by blocks 7 and 8.

[0050] A system according to some embodiments of the invention may include components
such as, but not limited to, a plurality of central processing units (CPU) or any other suitable
multi-purpose or specific processors or controllers (e.g., similar to element 2), a plurality of
input units, a plurality of output units, a plurality of memory units, and a plurality of storage
units.

[0051] The term neural network (NN) or artificial neural network (ANN), e.g., a neural
network implementing a machine leaming (ML) or artificial intelligence (AI) function, may
be used herein to refer to an information processing paradigm that may include nodes,
referred to as neurons, organized into layers, with links between the neurons. The links may
transfer signals between neurons and may be associated with weights. A NN may be
configured or trained for a specific task, e.g., pattern recognition or classification. Training
a NN for the specific task may involve adjusting these weights based on examples. Each
neuron of an intermediate or last layer may receive an input signal, e.g., a weighted sum of
output signals from other neurons, and may process the input signal using a linear or
nonlinear function (e.g., an activation function). The results of the input and intermediate
layers may be transferred to other neurons and the results of the output layer may be provided
as the output of the NN. Typically, the neurons and links within a NN are represented by
mathematical constructs, such as activation functions and matrices of data elements and

weights. At least one processor (e.g., processor 2 of Fig. 1) such as one or more CPUs or
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graphics processing units (GPUs), or a dedicated hardware device may perform the relevant
calculations.

[0052] Reference is now made to Fig. 2. which depicts a system 10 for identifying a
variation of a phrase in a textual passage, according to some embodiments.

[0053] According to some embodiments of the invention, system 10 may be implemented
as a software module, a hardware module, or any combination thereof. For example, system
may be or may include a computing device such as element 1 of Fig. 1, and may be adapted
to execute one or more modules of executable code (e.g., element 5 of Fig. 1) to identify a
variation of a phrase in a textual passage, as further described herein.

[0054] As shown in Fig. 2, arrows may represent {low of one or more data elements to and
from system 10 and/or among modules or elements of system 10. Some arrows have been
omitted in Fig. 2 for the purpose of clarity.

[0055] As shown in the example of Fig. 2, system 10 may include a preprocessing module
200, and an analysis module 100.

[0056] Preprocessing module 200 may be configured to obtain textual information, such as
a textual representation of a passage (“passage text 25PT") and a textual representation of a
phrase (“phrase text 27PH”). to be analyzed so as to identify a variation of a phrase of
interest in a textual passage. Analysis module 100 may receive textual information
25PT/27PH, from preprocessing module 200 and may in turn analyze textual information
25PT/27PH to identify, or ascertain appearance of a phrase of interest in the passage. as
elaborated herein.

[0057] According to some embodiments, preprocessing module 200 may receive at least
one of passage text 25PT and phrase text 27PH as input, e.g., via input device 7 of Fig. 1.
[0058] Additionally, or altematively, preprocessing module 200 may receive information
from a plurality of sources, in a variety of formats, and apply any logic to process this
information into textual representation (e.g., passage text 25PT and phrase text 27PH).
[0059] For example, preprocessing module 200 may receive audio data 20A (e.g., an audio
file, or streaming audio data) which includes human speech, e.g., via input device 7 of Fig.
1, and/or from storage 6 of Fig. 1. Preprocessing module 200 may employv a speech-to-text
220 process or module on the incoming audio data 20A, as known in the art, to obtain
passage text 25PT and/or phrase text 27PH as a textual representation of the speech in audio
data 20A.

11
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[0060] As known in the art, word embedding vectors are numerical representations of words
in a high-dimensional vector space. This representation is designed to capture the semantic
meaning and relationships between words based on their context in a corpus of text. Word
embeddings have become a fundamental tool in Natural Language Processing (NLP) and
Machine Learning (ML) techniques because they enable algorithms to work with words as
continuous vectors rather than discrete symbols. Words in a vocabulary are typically
assigned unique, numerical word embedding vectors, chosen so that they encode semantic
relationships between words, where similar words are represented as vectors that are close
together in the vector space.

[0061] As shown in Fig. 2, system 10 may include an ML-based word embedding model
110 (or “model 1107 for short). configured to map between a textual representation of a
word, and a corresponding word embedding vector 1 10WE. The structure and configuration
of model 110 is elaborated herein, e.g., in relation to Figs. 3 and 4.

[0062] As shown in Fig. 2, system 10 may further include a sequence embedding module
140, configured to calculate an embedding vector of a sentence, or sequence of words, based
on, or as a function of word embedding vectors 110WE of words that comprise that
sequence.

[0063] For example sequence embedding module 140 may receive (i) the textual
representation, phrase text 27PH, of a phrase of interest, and (ii) word embedding vectors
110WE of words 27W in phrase text 27PH, and calculate a phrase embedding vector 140PE
representing a semantic meaning of the phrase, based on (i) and (ii1). For example, phrase
embedding vector 140PE may be a point-average vector, where each entry of the vector is
an average of respective entries in word embedding vectors 110WE of one or more (e.g., all)
words 27W in phrase text 27PH.

[0064] As shown in Fig. 2, system 10 may include a hierarchical set generation module 120
(or hierarchical module 120, for short). According to some embodiments, hierarchical
module 120 may be configured to obtaining a textual representation 25PT of a passage of
interest comprised of a plurality of words 25W. and extract from textual representation 25PT
at least one hierarchical set 120HS of nested sequences 25SQ of words 25W.

[0065] The term “nested” may be used herein in a sense that (a) each hierarchical set 120HS

may originate from a kemel sequence 25KR of one or more words 25W, and (b) each
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sequence 25S8Q of a hierarchical set may form a subset of words 25W of a subsequent
sequence in the hierarchical set 120HS.

[0066] For example, a textual representation 25PT of the sentence “I like cold pizzas™ may
be used to produce a first hierarchical set 120HS of sequences 25SQ such as: {“T”; “T like™;
“Tlike cold™; “1 like cold pizzas™}, where “I” is the kemel sequence 25KR.

[0067] In another example. “cold pizzas™ may be used as a kemel sequence 25KR, to
produce a second hierarchical set 120HS of sequences 25SQ such as: {“cold pizzas™; “like
cold pizzas™; “I like cold pizzas™}.

[0068] According to some embodiments, hierarchical set generation module 120 may
produce a plurality of hierarchical sets 120HS.

[0069] For example, hierarchical set generation module 120 may be configured with a
minimal sequence size, defining a minimal number of words 25W or n-grams in a sequence
258Q (e.g., ‘17), and a maximal sequence size, defining a maximal number of words 25W
or n-grams in a sequence 255Q (e.g., equal to the length of passage text 25PT). Hierarchical
set generation module 120 may produce an exhaustive combination of hierarchical sets,
which may include all possible combinations of nested sequences 25SQ between the
minimal sequence size and maximal sequence size.

[0070] Additionally, or altematively, hierarchical set generation module 120 may select a
plurality of kemel sequences 25KR, each including one or more words 25W (or tokens. n-
grams, etc.) 25W of passage 25PT, e.g.. as defined by the minimal number of words 25W
or n-grams in a sequence 25SQ. For one or more (e.g., each) kemel sequence, hierarchical
set generation module 120 may produce a respective hierarchical set 120HS of nested
sequences. Each hierarchical set 120HS may include the respective kemel sequence, and
subsequent, monotonically increasing, nesting sequences 25SQ of words 25W.

[0071] According to some embodiments, audio data 20A may include a conversation
between one or more speakers, such as a conversation between an agent and a client in a call
center. Speech-to-text 220 module may produce a textual representation 25PT that is a
transcript of the conversation. Additionally, speech-to-text module 220 may collaborate with
a speaker recognition module, adapted to associate portions of the conversation with one or

more specific speakers, as known in the art.
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[0072] System 10 may select a section of the transcript that is associated with a specific
speaker of interest in the conversation, and may limit selection of at least one kemel
sequence 25KR to the selected section of that speaker.

[0073] In other words, to minimize the span of searchable content within passage text 25PT,
preprocessing module 200 may divide the conversation into different searchable sections,
marking the divisions by indications of speaker change and/or elapse of minimal silence
time (e.g.. 1 second). System 10 may then differentiate between utterances of different
speakers (e.g., agents and clients), and limit the search for variations of phrase 27PH to
sections of a speaker of interest. System 10 may thereby eliminate the need to search over
text that spans over, or overlaps more than one section (e.g., speaker) in passage text 25PT.
[0074] In such embodiments. hierarchical set generation module 120 may select kemel
sequences 25KR to include one or more words 25W of the selected section, e.g.. of the
speaker of interest. Additionally, or alternatively, hierarchical set generation module 120
may produce the set of nested, hierarchical sets 120HS to only include sequences of words
25W of the selected section, e.g., of the speaker of interest.

[0075] According to some embodiments, for one or more (e.g., each) sequence 25SQ of the
hierarchical sets 120HS sequence embedding module 140 may calculate a corresponding
sequence embedding vector 140SE, representing a semantic meaning of the sequence, based
on the embedding vectors 1 10WE words 25W in that sequence 25SQ.

[0076] For example, sequence embedding vector 140SE may be a point-average vector,
where each entry of the vector is an average of respective entries in word embedding vectors
110WE of the sequence 25SQ.

[0077] As shown in Fig. 2, system 10 may include a similarity calculation module 150,
configured to calculate similarity 150S between embedding vectors, based on a predefined
distance metric 150DM.

[0078] According to some embodiments, for one or more (e.g., all) sequence embedding
vectors 140SE, similarity calculation module 150 may calculate a corresponding vector
similarity value 1508, representing a respective similarity with phrase embedding vector
140PE.

[0079] For example, distance metric 150DM may include a cosine distance metric, and
similarity value 150S may be a numeric value which defines similarity of one or more (e.g.,

all) sequence embedding vectors 140SE to embedding phrase embedding vector 140PE. In
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such embodiments, a high similarity value 150S may represent high semantic similarity
between a specific phrase 27PH (represented by a phrase embedding vector 140PE) and a
specific sequence 25SQ of words 25W (represented by a specific sequence embedding
vector 140SE).

[0080] Similarity calculation module 150 may subsequently identify a specific sequence
258Q that corresponds to a maximal vector similarity value 150S of the one or more vector
similarity values. In other words, similarity calculation module 150 may find the sequence
258Q which is most semantically similar to the phrase 27PH of interest.

[0081] System 10 may proceed to determine whether the identified sequence 25S8Q is a
semantic variation of phrase 27PH, based on the maximal vector similarity value.

[0082] For example, when the maximal vector similarity value 1508, corresponding to a
specific sequence 258Q of words 25W, surpasses a predefined threshold, then system 10
may produce an indication data element 150IN. Indication data element 150IN may include
a notification that identifies the specific sequence 25SQ of words 25W (which is included
in passage text 25PT) as either identical to, or as a semantic variation of phrase of interest
27PH.

[0083] Reference is now made to Fig. 3, which is a schematic diagram, depicting a process
of calculating an embedding vector, according to some embodiments of the invention.
Modules depicted in Fig. 3 may be the same as respectively numbered modules of Fig. 2.
[0084] Reference also made to Fig. 4. which is a schematic diagram, depicting a process of
calculating sequence embedding vectors for hierarchical sets of nested sequences of words
25W, according to some embodiments of the invention. Modules depicted in Fig. 4 may be
the same as respectively numbered modules of Figs. 2 and 3.

[0085] As shown in the example of Fig. 3. word embedding model 110 may be, or may
include a ML based model 110, such as a NN model 110. ML model 110 may be pretrained
to map between textual representations of words 25W/27W, such as phrase text 27PH and
corresponding word embedding vectors, according to equation Eq. 1, below:

Eq.1

W< wy,wy, ..., Wy, >) =< V],V,, ..., Uy >

where < wy,w,, ..., w,,, > is an input sequence (25SQ/ 27PH) of ‘m’ words or tokens,

< 3,7V, .., Uy > is a corresponding set of ‘m” word embeddings 110WE, and
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W is a differentiable ML based function 110 that may produce contextualized embeddings
110WE for each token wi in the input sequence (25SQ/ 27PH).

[0086] According to some embodiments, and as shown in Fig. 3, system 10 may infer ML
based model 110 on one or more words 27W < wy,w,, ..., w,,, > of a specific phrase text
27PH. ML based model 110 may thus produce one or more corresponding word embedding
vectors 110WE < v7, V5, ..., 7, >, based on the training.

[0087] Sequence embedding module 140 may subsequently calculate a phrase embedding
vector 140PE as a function (denoted as F(), e.g., a pointwise average) of the one or more
word embedding vectors 110WE < ¥, 5, ..., Uy, >.

[0088] According to some embodiments, and as shown in Fig. 4, system 10 may infer ML
based model 110 on one or more words 25W < wq,ws, ..., W, > of at least one sequence
258Q. ML based model 110 may thus produce one or more corresponding word embedding
vectors 110WE < uy, Uy, ..., u,, >, based on the training.

[0089] As known in the art of Natural Language Processing (NLP), part-of-speech (POS)
tags are labels assigned to individual words or tokens in a text to indicate their grammatical
category or syntactic role within a sentence. This includes syntactic markers such as verbs,
adjectives, adverbs, pronouns, prepositions, conjunctions, and the like.

[0090] According to some embodiments, hierarchical set generation module 120 may
calculate, for one or more words 25W or tokens in passage text 25PT, corresponding POS
labels 120POS, as known 1n the art.

[0091] Hierarchical set generation module 120 may subsequently select kernel sequences
25KR, each including one or more words 25W of passage 25PT based on the calculated
120POS labels. For example, hierarchical set generation module 120 may select kemel
sequences 25KR that include, or represent predetermined semantic roles or POSs, such as
verb phrases, as indicated by POS labels 120POS.

[0092] Additionally, or alternatively, hierarchical set generation module 120 may select
kemel sequences 25KR that pertain to a specific speaker, a specific section in text 25PT, or
other metrics of term relevance, such as TF/IDF, so that kemel sequences 25KR are selected
as the most relevant words 25W, or combination of words 25W in text 25PT.

[0093] In the non-limiting example of Fig. 4, the selected kemel sequences 25KR are W1

and W2, which correspond to word embedding vectors 7, i, respectively.
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[0094] As elaborated herein, hierarchical set generation module 120 may use the selected
kernel sequences 25KR to produce respective hierarchical set 120HS of nested sequences.
[0095] Fig. 4 provides examples for word embeddings 110WE of two hierarchical sets
120HS: One originates from u; (embedding of W1) and culminates at u;, U, ..., U,,. Another
originates from u, (embedding of W2) and also culminates at u7, Uy, ..., Uy,.

[0096] As shown in Fig. 4, Sequence embedding module 140 may produce sequence
embedding vectors 140SE for one or more (e.g., each) sequence 25SQ in one or more (e.g.,
each) hierarchical set 120HS.

[0097] Sequence embedding module 140 may subsequently calculate sequence embedding
vector(s) 140SE as a function (denoted as F(-). e.g., a pointwise average) of the one or more
word embedding vectors < u;,us, ..., U, > of each word sequence 25SQ.

[0098] According to some embodiments, system 10 may include a training module 120,
adapted to train ML-based word embedding model 110 (also referred to herein as NN model
110) to map between words (e.g., 25W, 27W) and corresponding word embedding vectors
110WE.

[0099] It may be appreciated that training module 120 may train ML model 110 in an initial
training stage, where weights of an NN model 110 may be adapted based on an annotated
29AN training dataset. The training stage may be followed by an inference stage, where ML
based model 110 may be applied to. or inferred on target phrase 27PH and/or passage text
25PT of interest.

[00100] Additionally, or alternatively, training module 120 may train ML model 110
repeatedly (e.g., continuously, over time) as new annotated examples of annotated data is
presented to system 10.

[00101]  According to some embodiments, training module 120 may train ML model 110
incrementally, based on calculated values of one or more loss functions 120LF, as elaborated
herein.

[00102] For example, system 10 may infer ML based model 110 on a first word (e.g.,
included in passage text 25PT), to produce a first interim word embedding vector 110WE,
representing a semantic meaning of the first word. System 10 may also infer ML based
model 110 on a second word (e.g., also included in passage text 25PT), to produce a second
interim word embedding vector 110WE that represents a semantic meaning of the second

word.
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[00103] The term “interim” may be used herein in a sense that during training, embedding
vectors 110WE may have temporary, inaccurate values that may be gradually adapted or
refined as part of the training process to better represent the underlying words of interest.
[00104] According to some embodiments, training module 120 may then receive (e.g., via
input device 7 of Fig. 1) a first annotation data element 29AN. Annotation data element
29AN may represent, or indicate semantic similarity between the first word and the second
word. For example, annotation data element 29AN may be a numerical value between |0,
1], where a low value (e.g., 0.1) represents low semantic similarity between the first word
and second word (e.g., “dog”, “hat™), and a high value (e.g., 0.9) represents high semantic
similarity between the first word and second word (e.g., “dog”™, “hound™).

[00105] According to some embodiments, similarity module 150 mav calculate a vector
similarity value 1508 (e.g., an inverse of cosine distance) that may represent similarity
between the interim word embedding vector 1 10WE of the first word and the interim word
embedding vector 110WE of the second word.

[00106] Training module 120 may calculate a first numerical loss function value 120LF
(denoted 120LF1), representing a difference between the vector similarity value 150S and
the semantic similarity, as represented by the first annotation data element 29AN.

[00107] For example, loss function value 120LF (120LF1) may be in the range of [0, 1],
where a large numerical value (e.g., 0.9) represents a large difference between vector
similarity value 1508 and annotation data element 29AN. and where a small numerical value
(e.g.. 0.1) represents a small difference between vector similarity value 150S and annotation
data element 29AN.

[00108] Training module 120 may then train ML model 110 so as to minimize loss
function value 120LF (120LF1).

[00109] In other words, training module 120 may utilize annotation data element 29AN
as supervisory information to train ML model 110. For example, training module 120 may
train ML model 110 by applying a back-propagation algorithm as known in the art, to adjust
weights of NN 110 thereby decreasing the difference between similarity value 150S and
annotation data element 29AN, and minimizing loss function value 120LF (120LF1).
[00110] Additionally, or altematively, training module 120 may train ML model 110

based on sequence embedding vectors.
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[00111] For example, training module 120 may infer the ML based model 110 on a first
sequence 25SQ (e.g., of passage text 25PT), to produce a first interim sequence embedding
vector 140SE, and infer ML based model 110 on a second sequence 25SQ to produce a
second interim sequence vector 140SE. Training module 120 may receive a second
annotation data element 29AN representing sequence semantic similarity between the first
sequence 255Q and the second sequence 25SQ. For example, annotation data element 29AN
may be a numerical value between |0, 1], where a low value (e.g., 0.1) represents low
semantic similarity between the first sequence 25SQ and second sequence 25SQ (e.g.. “1
love cake™, “dog chases cat™), and a high value (e.g., 0.9) represents high semantic similarity
between the first sequence 25SQ and second sequence 25SQ (e.g., I love cake”, “I enjoy
cookies™).

[00112] According to some embodiments, similarity module 150 may calculate a second
vector similarity value 1508 (e.g., an inverse of cosine distance) that may represent similarity
between the interim sequence embedding vectors 140SE of the first sequence 25SQ and the
second sequence 25SQ.

[00113] Training module 120 may calculate a second loss function value 120LF (denoted
120LF2), representing a difference between the second vector similarity value 150S and the
sequence semantic similarity, as represented by the second annotation data element 29AN.
For example, loss function value 120LF (120LF2) may be in the range of [0, 1], where a
large numerical value (e.g., 0.9) represents a large difference between vector similarity value
1508 and annotation data element 29AN, and where a small numerical value (e.g., 0.1)
represents a small difference between vector similarity value 150S and annotation data
element 29AN.

[00114] Training module 120 may then train ML model 110 so as to minimize the second
loss function value 120LF (120LF2).

[00115] In other words, training module 120 may utilize annotation data element 29AN
as supervisory information to train ML model 110. For example, training module 120 may
train ML model 110 by applying a back-propagation algorithm as known in the art, to adjust
weights of NN 110, thereby decreasing the difference between similarity value 1508 and
annotation data element 29AN, and minimizing loss function value 120LF (120LF2).
[00116] Additionally, or alternatively, training module 120 may train ML model 110

based on annotated passages 25PT. In such embodiments, annotation data 29AN may be, or
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may include an indication (e.g., 0/1), defining existence or absence of a phrase 27PH (either
as an exact copy or as a semantically equivalent version thereof) in a passage 25PT of
interest.

[00117] It may be appreciated that by representing text 25PT as embeddings 140SE of
hierarchical nested sequences 120HS, system 10 may simplify training, and improve
inference of model 110: Unlike currently available methods of extracting phrases and topics
of interest in a given text, system 10 will not require definition of a location or a frame where
a variation of the phrase of interest should be sought. In that sense, production of hierarchical
nested sequences 120HS may be intuitively seen as facilitating a search of a relevant frame
within text 25PT, that will encompass the semantic meaning of the topic, or phrase of
interest.

[00118] Therefore, passage annotation data element 29AN may be devoid of any
information indicating a location of the variation of the phrase of interest 27PH within
passage 25PT.

[00119] As elaborated herein, system 10 may obtain from passage 25PT at least one
hierarchical set 120HS of sequences. According to some embodiments, training module 120
may infer ML based model 110 on the hierarchical set 120HS of sequences (e.g., one
sequence at a time), to calculate, or find an interim maximal vector similarity value 1508S.
As explained herein, the interim maximal vector similarity value 1508 may correspond to a
sequence 25SQ (in hierarchical set 120HS) that is most semantically similar to phrase 27PH,
at that point in the training process.

[00120] Training module 120 may then train ML model 110 such that the interim maximal
vector similarity value corresponds to, or represents occurrence of the phrase of interest
27PH or a semantic variation thereof in passage 25PT. as represented by the passage
annotation 29AN.

[00121] In other words, training module 120 may utilize annotation data element 29AN
as supervisory information to train ML model 110. For example, training module 120 may
train ML model 110 by applying a back-propagation algorithm as known in the art, to adjust
weights of NN 110, and thereby adjust similarity value 150S to predict existence or
inexistence of phrase 27PH (or a semantic variant thereof) in passage text 25PT, as indicated

by annotation data element 29AN.
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[00122] Reference is now made to Fig. 5, which is a flow diagram depicting a method of
identifying a variation of a phrase in a textual passage by at least one processor (e.g.,
processor 2 of Fig. 1), according to some embodiments of the invention.

[00123] As shown in step S1005, the at least one processor 2 may receive (e.g., via input
7 of Fig. 1) or obtain a textual representation (e.g., 27PH of Fig. 2) of the phrase of interest.
Based on 27PH, the at least one processor 2 may calculate a phrase embedding vector (e.g.,
140PE of Fig. 2), representing a semantic meaning of the phrase 27PH, as explained herein.
[00124] As shown in step S1010, the at least one processor 2 may obtain, or receive (e.g.,
via input 7 of Fig. 1) a textual representation of the passage (e.g., 25PT of Fig. 2), that may
include a plurality of words 25W, tokens or n-grams.

[00125] As shown in step S1015, the at least one processor 2 may extract, from textual
representation of the passage 25PT, at least one hierarchical set (e.g., 120HS of Figs. 2, 3)
of nested sequences (e.g., 25SQ of Figs. 2, 4) of words 25W (or tokens or n-grams), where
one or more (e.g., each) sequence of a hierarchical set 120HS may form a subset of words
25W of a subsequent sequence 25SQ in the hierarchical set.

[00126] As shown in step S1020, for each sequence 25SQ, the at least one processor 2
may calculate a corresponding sequence embedding vector (e.g., 140SE of Figs. 2, 4),
representing a semantic meaning of the respective sequence 25SQ.

[00127] Asshown in step S1025, for one or more sequence embedding vectors, the at least
one processor 2 may calculate a corresponding vector similarity value (e.g., 150S of Fig. 2),
representing similarity of the respective sequence embedding vectors 140SE with the phrase
embedding vector 140PE.

[00128] As shown in steps S1030 and S1035, the at least one processor 2 may identify a
sequence 25SQ corresponding to a maximal vector similarity value 1508 of the one or more
vector similarity values, and subsequently determine the identified sequence 25SQ as a
semantic variation of the phrase 27PH, based on the maximal vector similarity value 1508,
e.g., when the maximal vector similarity value 1508 surpasses a predetermined threshold.
[00129] As elaborated herein, embodiments of the invention may provide a practical
application for determining a variation of a phrase or topic in a passage, such as a transcript
of a spoken conversation (e.g., in a call center).

[00130] The current invention may provide an improvement in the technological field of

automated language processing: As explained above, due 10 a novel structuring of semantic
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data (e.g., embeddings of hierarchical sets 120HS), embodiments of the invention may
iteratively, and robustly find portions, or segments of the passage that best correspond
semantically to the topic or phrase of interest. This finding may not be confined to any
restrictions, definitions or frames in the examined passage, as required by currently available
methods of natural language processing.

[00131] Unless explicitly stated, the method embodiments described herein are not
constrained to a particular order or sequence. Furthermore, all formulas described herein are
intended as examples only and other or different formulas may be used. Additionally, some
of the described method embodiments or elements thereof may occur or be performed at the
same point in time.

[00132] While certain features of the invention have been illustrated and described herein,
many modifications, substitutions, changes, and equivalents may occur to those skilled in
the art. It is, therefore, to be understood that the appended claims are intended to cover all
such modifications and changes as fall within the true spirit of the invention.

[00133] Various embodiments have been presented. Each of these embodiments may of
course include features from other embodiments presented, and embodiments not

specifically described may include various features described herein.
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CLAIMS

1. A method of identifying occurrence of a semantic variation of a phrase in a passage
by at least one processor, the method comprising:

based on a textual representation of the phrase, calculating a phrase embedding vector,
representing a semantic meaning of the phrase;

obtaining a textual representation of the passage. comprising a plurality of words;

extracting, from the textual representation of the passage, at least one hierarchical set
of nested sequences of words, wherein each sequence of a hierarchical set forms a subset of
words of a subsequent sequence in the hierarchical set;

for each sequence, calculating a corresponding sequence embedding vector,
representing a semantic meaning of the sequence;

for one or more sequence embedding vectors, calculating a corresponding vector
similarity value, representing similarity with the phrase embedding vector;

identifying a sequence corresponding to a maximal vector similarity value of the one
or more vector similarity values; and

determining the identified sequence as a semantic variation of the phrase, based on the

maximal vector similarity value.

2. The method of claim 1, wherein the at least one hierarchical set comprises a plurality

of hierarchical sets.

3. The method of claim 2, wherein extracting the plurality of hierarchical sets comprises:
selecting a plurality of kemel sequences, each comprising one or more words of the
passage: and
for each kernel sequence, producing a respective hierarchical set of nested sequences,
each comprising the kernel sequence and subsequent, monotonically increasing, nesting

sequences of words.

4. The method of claim 3, wherein the textual representation of the passage is a transcript
of a conversation, and wherein selecting the kernel sequences comprises:
selecting a section of the transcript, associated with a specific speaker in the

conversation; and
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selecting the kernel sequences to comprise one or more words of the selected section.

5. The method of claim 3, wherein selecting the kernel sequences comprises:
calculating, for one or more words of the passage, one or more respective labels
representing parts of speech (POS); and
selecting the kernel sequences to comprise one or more words of the passage based on
the calculated POS labels.

6.  The method of claim 3, wherein selecting the kernel sequences comprises:
calculating, for one or more words of the passage. one or more respective metrics of
term relevance; and
selecting the kernel sequences to comprise one or more words of the passage based on

the calculated metrics of term relevance.

7. The method of claim 1, wherein calculating a sequence embedding vector of a specific
sequence comprises:

obtaining a machine-learning (ML) based model, pretrained to map between textual
representations of words and corresponding word embedding vectors;

inferring the ML based model on one or more words of the specific sequence, to
produce one or more corresponding word embedding vectors, based on said training; and

calculating the sequence embedding vector as a function of the one or more word

embedding vectors.

8.  The method of claim 7, wherein training the ML model comprises:

inferring the ML based model on a first word, to produce a first interim word
embedding vector, representing a semantic meaning of the first word;

inferring the ML based model on a second word, to produce a second interim word
embedding vector, representing a semantic meaning of the second word.;

receiving a first annotation data element, representing semantic similarity between the
first word and the second word;

calculating a vector similarity value, representing similarity between the interim word

embedding vectors;
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calculating a first loss function value, representing a difference between the vector
similarity value and the semantic similarity, as represented bv the first annotation data
element; and

training the ML model so as to minimize the first loss function value.

9. The method of claim 7, wherein training the ML, model comprises:

inferring the ML based model on a first sequence, to produce a first interim sequence
embedding vector;

inferring the ML based model on a second sequence, to produce a second interim
sequence vector:

receiving a second annotation data element, representing sequence semantic similarity
between the first sequence and the second sequence;

calculating a second vector similarity value, representing similarity between the
interim sequence embedding vectors;

calculating a second loss function value, representing a difference between the second
vector similarity value and the sequence semantic similarity, as represented by the second
annotation data element; and

training the ML model so as to minimize the second loss function value.

10.  The method of claim 7, wherein training the ML model further comprises:

receiving a textual representation of a phrase;

receiving a passage annotation data element, indicating existence of a variation of the
phrase in the passage;

inferring the ML based model on a hierarchical set of sequences obtained from said
passage, to calculate an interim maximal vector similarity value; and

training the ML model such that a value of the interim maximal vector similarity value
corresponds to occurrence of a variation of the phrase in the passage, as represented by the

passage annotation.

11.  The method of claim 10, wherein the passage annotation data element is devoid of

information indicating location of the variation of the phrase within the received passage.
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12. A system for identifying occurrence of a semantic variation of a phrase in a passage,
the system comprising: a non-transitorv memory device, wherein modules of instruction
code are stored, and at least one processor associated with the memory device, and
configured to execute the modules of instruction code, whereupon execution of said modules
of instruction code, the at least one processor is configured to:

based on a textual representation of the phrase, calculate a phrase embedding vector,
representing a semantic meaning of the phrase;

obtain a textual representation of the passage, comprising a plurality of words;

extract, from the textual representation of the passage, at least one hierarchical set of
nested sequences of words, wherein each sequence of a hierarchical set forms a subset of
words of a subsequent sequence in the hierarchical set:

for each sequence, calculate a corresponding sequence embedding vector,
representing a semantic meaning of the sequence;

for one or more sequence embedding vectors, calculate a corresponding vector
similarity value, representing similarity with the phrase embedding vector:

identify a sequence corresponding to a maximal vector similarity value of the one or
more vector similarity values; and

determine the identified sequence as a semantic variation of the phrase, based on the

maximal vector similarity value.

13.  The system of claim 12, wherein the at least one hierarchical set comprises a plurality

of hierarchical sets.

14.  The system of claim 13, wherein the at least one processor is further configured to
extract the plurality of hierarchical sets by:

selecting a plurality of kemel sequences, each comprising one or more words of the
passage; and

for each kernel sequence, producing a respective hierarchical set of nested sequences,
each comprising the kemel sequence and subsequent, monotonically increasing, nesting

sequences of words.
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15.  Thesystem of claim 14, wherein the textual representation of the passage is a transcript
of a conversation, and wherein the at least one processor is further configured to select the
kernel sequences by:

selecting a section of the transcript, associated with a specific speaker in the
conversation; and

selecting the kemnel sequences to comprise one or more words of the selected section.

16. The system of claim 14, wherein the at least one processor is further configured to
select the kernel sequences by:

calculating, for one or more words of the passage, one or more respective labels
representing parts of speech (POS); and

selecting the kernel sequences to comprise one or more words of the passage based on

the calculated POS labels.

17.  The system of claim 14, wherein the at least one processor is further configured to
select the kernel sequences by:

calculating, for one or more words of the passage, one or more respective metrics of
term relevance; and

selecting the kernel sequences to comprise one or more words of the passage based on

the calculated metrics of term relevance.

18.  The system of claim 12, wherein the at least one processor is further configured to
calculate a sequence embedding vector of a specific sequence by:

obtaining a machine-leaming (ML) based model, pretrained to map between textual
representations of words and corresponding word embedding vectors;

inferring the ML based model on one or more words of the specific sequence, to
produce one or more corresponding word embedding vectors, based on said training; and

calculating the sequence embedding vector as a function of the one or more word

embedding vectors.

19.  The system of claim 18, wherein the at least one processor is further configured to

train the ML model {urther by:
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receiving a textual representation of a phrase;

receiving a passage annotation data element, indicating existence of a variation of the
phrase in the passage;

inferring the ML based model on a hierarchical set of sequences obtained from said
passage, to calculate an interim maximal vector similarity value; and

training the ML model such that a value of the interim maximal vector similarity value
corresponds to occurrence of a variation of the phrase in the passage, as represented by the

passage annotation.

20. A method of identifying occurrence of a semantic variation of a phrase in a passage
by at least one processor, the method comprising:

based on a textual representation of the phrase, calculating a phrase embedding vector,
representing a semantic meaning of the phrase;

receiving a textual representation of the passage. comprising a plurality of n-grams,

extracting, from the textual representation of the passage, a plurality of sequences of
n-grams;

for each sequence, calculating a corresponding sequence embedding vector,
representing a semantic meaning of the sequence;

for one or more sequence embedding vectors, calculating a similarity with the phrase
embedding vector; and

determining the identified sequence as a semantic variation of the phrase, based on the

calculated similarity.

28



PCT/US2024/043377

WO 2025/080343

1/5

1514

340D 319vLND3IX3 S

AYOWINT

F 3 A

A 4 A 4
INTLSAS | - H0OSSID0YUd
ONIIVYIJdO € / ¥3ITIOHINOD T

3DIA3A ONILNDINOD T

3IDIAIA
1Nd1NO8

IDIAIA
1NdNI Z

T
INFLSAS

IOVHOLS 9

L
— A

SUBSTITUTE SHEET (RULE 26)



PCT/US2024/043377

WO 2025/080343

2/5

Z 9

itttk !
“ !
! (€4102T 241021 ] !
m T410¢T "9'8) 410CT “
! ITNAON DNINIVYL (SINOILVLONNY m
“ 0ctT NV6C “
1
“ I m [TTTTTTTTTTIIITTTTTTooTToTTmoTToy
“ INQOST 'S0ST _ | yIVid “
m 31NAOW b 1X31 3SVHHd “
" ALIMVIIAIS “ ! T EYid !
: 0ST ! | "
! X P !
b - i |\\I|/ h
“ SOd0ZT “ [014 “
“ (Shas| |1 WIGC PAGC | 1xaL |
1 B 1
“ TJ0TT IS0t TYDIHDYVYYIIH 2 - 1X31 3IDVSSvd OL HO33ds | |
m IINAon | SHOCT A 1dsc oce |

1
“ ai 0ctT b _
! - L NOILINDOD3Y | m
| t _ ! | ¥PIvads | |
_ — L 01¢C olany voz | 1
m IMOTT L m
i 13aon ! “ 0c |
“ ONIaaIgng | TTTTTTTTTTTTTTTTTTTTT T
_ ot | |
“ 56T QYOM OTT “

SUBSTITUTE SHEET (RULE 26)



PCT/US2024/043377

3/5

€ 'Dld
&..\. AAAAAAAA
.1 7R
(Wa ~2a Ta)y w
— — — ;
E\—\ .en N\—\ H; A \smxm
— — — i
3dOvT -
ITNAOIN (S)IDNIaa3Idng
ONIQd3Idna IDNINDVIS dyom ASVYHd
ori AMOTT T13dOIN SNIAdIdINT AH4OM OTT

WO 2025/080343

SUBSTITUTE SHEET (RULE 26)




PCT/US2024/043377

WO 2025/080343

4/5

(En tn )4 =<

(In)d | <

Uy .. tn n n vhN <

n n
—

(tn In)g <
(n)g | <

(S)oN1aa3dING FONINDAS
AS0TT

ITNAON
ONIAa3adiNg IDNINDIS
ort

In
n

SHOCT (S)13s
T¥YDIHDYVYHIIH NI DSS¢
(S)3DNINDAS 40 IMOTT
(S)DNIaa3agING adom

HYOIVYHINID
13S 1VOIHOYVY3AIH 0CT

I

- AN|: M—Yﬁw\szv_mm
Mva

AR

M)WDIST

(s)yoNiaa3agania
a’som
IMOTT

13d0IN SNIAAIdINT AHOM OTT

1X31
A5VSSVd

1dS¢

SUBSTITUTE SHEET (RULE 26)



PCT/US2024/043377

WO 2025/080343

5/5

SEOJE

"ANTVA

ALIAVTIAIS JOLDIA TVINIXVIAL IHL NO @3svd ‘ISvdHd JHL 40 NOLLVIYYA DILNVINAS vV SY IDNIND3IS aII4ILNIAl JHL ONININEILIA SEOTS

'SANTVYA ALIAVTIIAIS HOLI3A FHON 4O ANO FHL 40 IANTVA ALIAVTIIANIS HOLIIA TYINIXVYIN ¥V OL DSNIANOJSIHY0I FIONINDIS V DNIAJILNIAI 0E0TS

"dO123IA ONIAAIIING ISVHHd FHL HLIM ALIAVTIINIS

ONILNISIYdIY ANTYA ALIIVTIAIS HOLDAA ONIANOdSIHHOD ¥V ONILYINDTVYD ‘SHOLIIA ONIAdIFINT IDONINDIS JHOW HO INO HOd SCOTS

‘IDININDIS

JHL 40 SNINVI DILNVIAIAS V¥ DNILNISIYIY “YOLIIA DNIAAIFDIANT FIDONINDIAS ONIANOdSTHHOD V¥ ONILYTINDTVYD ‘IDONINDIAS HOVA Y04 0CO0TS

L3S TWOIHOYVYAIH FHL NI 3ONIN0IS LININDIASANS V 40 SAYOM 40 L3SANS V SINYOL 135S TV¥IIHIYVYHIIH Vv 40 IDNINDIS HOVI NIFHIHM

‘SAYOM 40 SIONINDIS ILSIN 40 13S TYIIHOEVYHIIH ANO LSVAT 1V ‘IDVSSVd IHL 40 NOILVLNISIHdIY TYNLXIL IHL INWOYH 'ONILOVHLX3 STOTS

'SAQYOM 40 ALITYHNTd V DNISIHdINOD ‘IDVYSSVd FHL 40 NOILYLNISIYdIY T¥NLXIL V ONINIVLEO OTOTS

"ISVdHd FHL 40 SNINVIIN

JILNVINIS V ONILNISIUdIY "HOLDIA DNIAQIFINT ISYHHd V DNILYINDTYD ‘ASYYHd FHL 40 NOILVLNISIUdIY TvNLlXIL v NO d3isvd SOOTS

SUBSTITUTE SHEET (RULE 26)



INTERNATIONAL SEARCH REPORT

International application No

PCT/US2024/043377
A. CLASSIFICATION OF SUBJECT MATTER
INV. G06Q10/10 G06F40/284 G06F40/289 G06F40/30
ADD.

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

G06Q GO6F

Minimum documentation searched (classification system followed by classification symbols)

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

EPO-Internal

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category”

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

18 August 2022 (2022-08-18)
paragraph [0003]
paragraph [0040]
paragraph [0050]
paragraph [0046]
paragraph [0031]
paragraph [0064]
paragraph [0104]
figures 1,3
abstract

X US 2022/261545 Al (LAUBER STEPHEN [IL])

- paragraph [0055]

1-20

I:‘ Further documents are listed in the continuation of Box C.

See patent family annex.

* Special categories of cited documents :

"A" document defining the general state of the art which is not considered
to be of particular relevance

"E" earlier application or patent but published on or after the international
filing date

"L" document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

"O" document referring to an oral disclosure, use, exhibition or other
means

"P" document published prior to the international filing date but later than
the priority date claimed

"T" later document published after the international filing date or priority
date and not in conflict with the application but cited to understand
the principle or theory underlying the invention

"X" document of particular relevance;; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive
step when the document is taken alone

"Y" document of particular relevance;; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

"&" document member of the same patent family

Date of the actual completion of the international search

19 November 2024

Date of mailing of the international search report

04/12/2024

Name and mailing address of the ISA/
European Patent Office, P.B. 5818 Patentlaan 2
NL - 2280 HV Rijswijk
Tel. (+31-70) 340-2040,
Fax: (+31-70) 340-3016

Authorized officer

Hirdeman, David

Form PCT/ISA/210 (second sheet) (April 2005)




INTERNATIONAL SEARCH REPORT

Information on patent family members

International application No

PCT/US2024/043377
Patent document Publication Patent family Publication
cited in search report date member(s) date

UsS 2022261545 Al 18-08-2022 NONE

Form PCT/ISA/210 (patent family annex) (April 2005)



