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GENERATION OF OPTIMIZED KNOWLEDGE-BASED LANGUAGE MODEL
THROUGH KNOWLEDGE GRAPH MULTI-ALIGNMENT

BACKGROUND

[0001] Spoken language understanding (SLU) tackles the problem of comprehending
audio signals and making predictions related to the content. SLU has been employed in
various areas such as intent understanding, question answering and sentiment analysis. Early
approaches leveraged a two-step pipeline, e.g., using automatic speech recognition (ASR)
to transcribe input audio into text, and then employ language understanding models to
produce results. However, this cascaded architecture has several drawbacks. First, the
transcription produced by the ASR module often contains errors, which adversely affects
the prediction accuracy. Second, even if the transcription is perfect, the rich prosodic
information (e.g., tempo, pitch, intonation) is lost after the ASR transcription. Humans often
leverage this information to better understand and disambiguate the content of a speech
utterance, therefore this loss of information is great detriment to machine learning
understanding of speech utterances.

[0002] Furthermore, conventional language models are typically trained on a large-scale
unlabeled corpus of data to conduct self-supervised training. Such language models are able
to perform various natural language processing tasks such as characterizing linguistic
patterns from text sources to generate context-aware representations. However, these
models struggle to grasp world knowledge, concepts, and relationships which are very
important in language understanding. For example, a language model may require between
tens and hundreds of instances of a phrase (e.g., “a Labrador is a kind of dog™) in its training
corpus before being able to learn the relationship between the noun “Labrador” and the noun
“dog™.

[0003] While some efforts have been made to integrate knowledge-based data into
language model training, most approaches combine token representations in the language
model with representations of the knowledge-based data. Because the knowledge-based data
is typically pre-computed from an external source, the embeddings may not easily align with
the language representations space or cannot be directly learned as model parameters. This
causes over-parameterization which will halt the model training process. Furthermore, the
model is unable to adapt to a new knowledge domain without undergoing the entire training
process from the beginning.

[0004] In view of the foregoing, there is an ongoing need for improved systems and
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methods for generating training data and training models, including the deployment of such
models, for improved spoken language understanding.
[0005] The subject matter claimed herein is not limited to embodiments that solve any
disadvantages or that operate only in environments such as those described above. Rather,
this background is only provided to illustrate one exemplary technology area where some
embodiments described herein may be practiced.

SUMMARY
[0006] Disclosed embodiments are directed towards embodiments for training a
language module with a knowledge module for natural language understanding through a
multi-alignment of one or more knowledge graphs.
[0007] Some embodiments include methods and systems for obtaining a first knowledge
graph comprising a first set of entities and a first set of relations. Each relation of the first
set of relations describes a relationship between two or more entities included in the first set
of entities. A second knowledge graph comprising a second set of entities and a second set
of relations is obtained. Each relation of the second set of relations describes a relationship
between two or more entities included in the second set of entities. The first and second
knowledge graphs are aligned such that a first subset of entities and relations from the first
knowledge graph corresponds to a second subset of entities and relations from the second
knowledge graph.
[0008] The computing system trains a knowledge module with the aligned knowledge
graphs to generate knowledge-based entity representations and generates an integrated
knowledge-language module that is configured to perform semantic analysis for the entities
and entity relations in the second knowledge graph based on knowledge learned from
entities and entity relations in the first knowledge graph by coupling the language module
with the knowledge module.
[0009] In some embodiments, the first knowledge graph is an initial knowledge graph
and the second knowledge graph is configured as an acoustic knowledge graph, an entity-
specific personalized knowledge graph, and/or an enterprise-specific knowledge graph. In
some embodiments, the knowledge module trained on the aligned knowledge graphs is
integrated with a speech module.
[0010] This Summary is provided to introduce a selection of concepts in a simplified
form that are further described below in the Detailed Description. This Summary is not
intended to identify key features or essential features of the claimed subject matter, nor is it

intended to be used as an aid in determining the scope of the claimed subject matter.
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[0011] Additional features and advantages will be set forth in the description which
follows, and in part will be obvious from the description, or may be learned by the practice
of the teachings herein. Features and advantages of the invention may be realized and
obtained by means of the instruments and combinations particularly pointed out in the
appended claims. Features of the present invention will become more fully apparent from
the following description and appended claims or may be learned by the practice of the
invention as set forth hereinafter.

BRIEF DESCRIPTION OF THE DRAWINGS

[0012] In order to describe the manner in which the above-recited and other advantages
and features can be obtained, a more particular description of the subject matter briefly
described above will be rendered by reference to specific embodiments which are illustrated
in the appended drawings. Understanding that these drawings depict only typical
embodiments and are not therefore to be considered to be limiting in scope, embodiments
will be described and explained with additional specificity and detail through the use of the
accompanying drawings in which:

[0013] Figure 1 illustrates a computing environment in which a computing system
incorporates and/or is utilized to perform disclosed aspects of the disclosed embodiments.
The illustrated computing system is configured for optimized speech model and language
model generation and machine learning model training and includes hardware storage
device(s) and a plurality of machine learning engines. The computing system is in
communication with remote/ third-party system(s) 120.

[0014] Figure 2 illustrates one embodiment of a process flow diagram for training a
machine learning model to generate an integrated knowledge-language module.

[0015] Figure 3 illustrates one embodiment of a process flow diagram for training and
generating an integrated knowledge-language module according to embodiments disclosed
herein.

[0016] Figure 4 illustrates one embodiment of a flow diagram having a plurality of acts
associated with various methods for generating an optimized speech model.

[0017] Figure 5 illustrates an embodiment of a process flow diagram for training and
generating an optimized speech model by aligning a speech module and an integrated
knowledge-language module.

[0018] Figure 6 illustrates an embodiment of a flow diagram having a plurality of acts
for aligning a speech module with a language module to generate an optimized speech

model.
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[0019] Figure 7 illustrates one embodiment of a flow diagram for training a knowledge
module on an acoustic knowledge graph and generating an integrated knowledge-speech
module.

[0020] Figure 8 illustrates one embodiment of a system diagram for a neural text-to-
speech model.

[0021] Figure 9 illustrates one embodiment of a flow diagram for integrating a dual
speech model module with a knowledge module.

[0022] Figure 10 illustrates one embodiment of flow diagram having a plurality of acts
for generating an integrated knowledge-speech module.

[0023] Figure 11 illustrates one embodiment of aligning a speech module included in
an integrated knowledge-speech module with a language module included in an integrated
knowledge-language module.

[0024] Figure 12 illustrates one embodiment of a flow diagram having a plurality of acts
for generating an integrated knowledge-language module by aligning a first and second
knowledge graph and training the knowledge module on the aligned knowledge graphs.
[0025] Figure 13 illustrates one embodiment of process flow diagram for generating a
multi-lingual integrated knowledge-language module.

[0026] Figure 14 illustrates one embodiment of a process flow diagram for aligning one
or more custom knowledge graphs with an initial knowledge graph.

DETAILED DESCRIPTION

[0027] Disclosed embodiments are directed towards embodiments for generating
optimized speech models, integrated knowledge-speech modules, integrated knowledge-
language modules, and performing semantic analysis on various modalities of electronic
content containing natural language.

[0028] Attention will now be directed to Figure 1, which illustrates components of a
computing system 110 which may include and/or be used to implement aspects of the
disclosed invention. As shown, the computing system includes a plurality of machine
learning (ML) engines, models, and data types associated with inputs and outputs of the
machine learning engines and models.

[0029] Attention will be first directed to Figure 1, which illustrates the computing
system 110 as part of a computing environment 100 that also includes remote/ third party
system(s) 120 in communication (via a network 130) with the computing system 110. The
computing system 110 is configured to train a plurality of machine learning models for

speech recognition, natural language understanding, text-to-speech (TTS), and more
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particularly, training machine learning models to generate an integrated knowledge-
language module, an integrated knowledge-speech module and/or an optimized speech
model. The computing system 110 is also configured to generate training data configured
for training machine learning models. Additionally, or alternatively, the computing system
is configured to operate a trained machine learning model for performing semantic analysis
on audio data, audio-visual data, textual data, video data, image data, or other electronic
data comprising natural language utterances.

[0030] The computing system 110, for example, includes one or more processor(s) 112
(such as one or more hardware processor(s)) and a storage (i.e., hardware storage device(s)
140) storing computer-executable instructions 118 wherein one or more of the hardware
storage device(s) 140 is able to house any number of data types and any number of
computer-executable instructions 118 by which the computing system 110 is configured to
implement one or more aspects of the disclosed embodiments when the computer-
executable instructions 118 are executed by the one or more processor(s) 112. The
computing system 110 is also shown including user interface(s) 114 and input/output (I/0)
device(s) 116.

[0031] As shown in Figure 1, hardware storage device(s) 140 is shown as a single
storage unit. However, it will be appreciated that the hardware storage device(s) 140 is, in
some embodiments, a distributed storage that is distributed to several separate and
sometimes remote and/or third-party system(s) 120. The computing system 110 can also
comprise a distributed system, in some embodiments, with one or more of the components
of computing system 110 being maintained/run by different discrete systems that are remote
from each other and that each perform different tasks. In some instances, a plurality of
distributed systems performs similar and/or shared tasks for implementing the disclosed
functionality, such as in a distributed cloud environment.

[0032] The hardware storage device(s) 140 are configured to store the different
knowledge graph data 141, acoustic data 142, textual data 143, speech module (or speech
model) 144, language module (or language model) 145, neural TTS model 146, knowledge
module 147, integrated knowledge-language module 148 and integrated knowledge-speech
module 149 described herein.

[0033] The storage (e.g., hardware storage device(s) 140) includes computer-executable
instructions 118 for instantiating or executing one or more of the models and/or engines
shown in computing system 110. The models are configured as machine learning models or

machine learned models, such as deep learning models and/or algorithms. In some instances,
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the one or more models are configured as engines or processing systems (e.g., computing
systems integrated within computing system 110), wherein each engine (i.e., model)
comprises one or more processors (e.g., hardware processor(s) 112) and computer-
executable instructions 118 corresponding to the computing system 110.

[0034] The knowledge graph data 141 comprises one or more knowledge graphs as
described herein. Acoustic data 142 comprises electronic content/data obtained from a
speaker or a source comprising one or more speakers or a source comprising one or more
speakers, background noise, non-human speakers and/or machine speakers. In some
instances, the acoustic data 142 comprise(s) audio data and/or audio-visual data.
Additionally, or alternatively, the acoustic data 142 comprise metadata (i.e., attributes,
information, speaker identifiers, etc.) corresponding to the particular source from which the
data is collected. In some embodiments, the metadata comprises attributes associated with
the identity of the speaker, characteristics of the acoustic data and/or a speaker’s voice
and/or information about where, when and/or how the acoustic data is obtained.

[0035] In some embodiments, the acoustic data 142 is raw data, wherein the acoustic
data is recorded in real time from a target speaker, or a set of target speakers. The acoustic
data 142 comprises processed data (e.g., waveform format of the audio data corresponding
to one or more target speaker or comprising natural language data). For example, speech
data (i.e., audio data) is extracted from previously recorded audio files and/or video files
such as speech recognized by speech recognition models. In such instances, speech
recognition models collect and store speech data from a speaker through authorized third-
party applications, such as personal assistant devices, auditory search queries, recorded
audio messages, and general conversation recognized by the speech recognition model.
[0036] This data can be aggregated over time for a specific application, across many
applications, for a specific device, and/or across all of the user’s devices. In some
embodiments, applications include web, mobile, and/or desktop applications. The
referenced devices comprise speech-enabled devices such as, but not limited to, personal
assistant devices, audio-enabled speakers, mobile phones, smart devices, internet-of-things
(IoT) devices, laptops, and/or any device capable of listening, recognizing and recording
natural speech data from particular and/or multiple speakers.

[0037] Textual data 143 comprises electronic content/data obtained from one or more
sources comprising text-based natural language utterances. The textual data 143 comprise(s)
text data and/or visual data including images comprising textual data and/or transcription

data. The textual data 143 also comprises metadata (i.e., attributes, information, speaker
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identifiers, etc.) corresponding to the particular source from which the data is collected. The
metadata/attributes reflect and/or are usable to identify the identity of a speaker from which
the text data is transcribed, characteristics of the textual data 143 and/or information about
where, when and/or how the textual data 143 is obtained.

[0038] In some embodiments, a computing system has access to a plurality of different
applications such as word processing, email, document creation, document consumption,
proof reading, wherein the computing system is able to extract text content from these
applications and/or read text aloud to capture TTS data via the neural TTS model. The
textual data 143 are computer generated text from a language model or natural language
generator. In some instances, the textual data 143 are extracted from third party sources such
as newspapers, articles, books, and/or other public sources. In some instances, the textual
data 143 are authored by a particular user. In some instances, the textual data 143 are
extracted from within a particular application and/or content associated with a particular
application, such as a media slideshow application, an email application, a calendar
application, a document creator, a spreadsheet application, etc.

[0039] In some embodiments, the acoustic data 142 and/or textual data 143 is collected
and stored as part of a usage log. The usage log collects speech data from a single
application. The user authorizes the usage log stores data from multiple sources and/or
applications. For example, a user is able to authorize the storage and use of data collected
from a virtual personal assistant application such as Cortana. In such instances, the user
speaks to the virtual personal assistant to do web searches, email searches, send text
messages, send emails, and other speech-enabled queries and actions. As the user continues
to use virtual assistant, more and more speech data is collected and added into the usage log.
This data can then be used as training data to train a speech module or a neural TTS model.
[0040] The hardware storage device(s) 140 store(s) the neural TTS model 146, which is
configured as a neural network that is trainable or is trained to convert input text to speech
data. For example, a portion of an email containing one or more sentences (e.g., a particular
number of machine-recognizable words) is applied to the neural TTS model, wherein the
model is able to recognize words or parts of words (e.g., phonemes) and is trained to produce
a corresponding sound to the phonemes or words. The neural TTS model 146 is also
adaptable for a particular target speaker. For example, target speaker data (e.g., acoustic data
142 and/or knowledge graph data 141) comprising audio data including spoken words
and/or phrases obtained and/or recorded from a target speaker. An example of a neural TTS

model 800 is described in more detail below with reference to Figure 8.
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[0041] In some embodiments, the neural TTS model 146 is speaker independent,
meaning that it produces arbitrary speech data based on one or a combination of target
speaker datasets. In some embodiments, the neural TTS model 146 is a multi-speaker neural
network, meaning that the model is configured to produce speech data corresponding to a
plurality of discrete speakers/ speaker profiles. In some embodiments, the neural TTS model
146 is speaker dependent, meaning that the model is configured to produce synthesized
speech data primarily for a particular target speaker.

[0042] The knowledge graph data 141, acoustic data 142 and/or textual data 143 is
sometimes formatted as training data, wherein the speech module 144, language module
145 and/or neural TTS model 146 is trained (or pre-trained) on the training data.

[0043] In some embodiments, the neural TTS model 146 is further trained and/or
adapted such that the model is trained on training data comprising and/or based on a
combination of natural speech data and synthesized speech data, such that the neural TTS
model 146 is configured to produce speech data in the personalized voice of the target
speaker or enterprise-specific voice of a particular entity. The synthesized speech data
comprises personal content from a user generated by the neural TTS model 146, including
narrated power-point slides, narrated word documents, narrated emails in the user’s
personalized voice or another voice the user has access to, or other text-based files that can
be narrated to consumed auditorily by the user or authorized third-party such an enterprise
or commercial consumers/customers.

[0044] The neural TTS model 146 is configured to convert a text-based knowledge
graph into an acoustic-based knowledge graph by converting each text-based node (entity)
or node connection (entity relation) into an acoustic-based node (entity) or node connection
(entity relation).

[0045] The hardware storage device(s) 140 is also configured to store an integrated
knowledge-language module 148 and an integrated knowledge-speech module 149. In some
instances, the integrated knowledge-language module 148 is generated by integrating
knowledge module 147 with language module 145. In some instances, the integrated
knowledge-speech module 149 is generated by integrating knowledge module 147 and
speech module 144,

[0046] An additional storage unit for storing machine learning (ML) Engine(s) 150 is
presently shown in Figure 1 as storing a plurality of machine learning models and/or
engines. For example, computing system 110 comprises one or more of the following: a

data retrieval engine 151, a conversion engine 152, a feature extraction engine 153, a
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training engine 154, an alignment engine 155, an implementation engine 156, a refinement
engine 157 or a decoding engine 158 which are individually and/or collectively configured
to implement the different functionality described herein.

[0047] For example, the data retrieval engine 151 is configured to locate and access data
sources, databases, and/or storage devices comprising one or more data types from which
the data retrieval engine 151 can extract sets or subsets of data to be used as training data.
The data retrieval engine 151 receives data from the databases and/or hardware storage
devices, wherein the data retrieval engine 151 is configured to reformat or otherwise
augment the received data to be used as training data. Additionally, or alternatively, the data
retrieval engine 151 is in communication with one or more remote/ third-party systems (e.g.,
remote/ third party system(s) 120) comprising remote/ third party datasets and/or data
sources. In some instances, these data sources comprise audiovisual services that record
speech, text, images, and/or video.

[0048] The data retrieval engine 151 accesses electronic content comprising knowledge
graph data 141, acoustic data 142, textual data 143 and/or other types of audio-visual data
including video data, image data, holographic data, 3-D image data, etc. The data retrieval
engine 151 is a smart engine that is able to learn optimal dataset extraction processes to
provide a sufficient amount of data in a timely manner as well as retrieve data that is most
applicable to the desired applications for which the machine learning models/ engines will
be trained. For example, the data retrieval engine 151 can learn which databases and/or
datasets will generate training data that will train a model (e.g., for a specific query or
specific task) to increase accuracy, efficiency, and efficacy of that model in the desired
natural language understanding application.

[0049] The data retrieval engine 151 locates, selects, and/or stores raw recorded source
data (e.g., natural speech data), wherein the data retrieval engine 151 is in communication
with one or more other ML engine(s) and/or models included in computing system 110 (e.g.,
conversion engine 152, feature extraction engine 153, training engine 154, etc.). In such
instances, the other engines in communication with the data retrieval engine 151 are able to
receive data that has been retrieved (i.e., extracted, pulled, etc.) from one or more data
sources such that the received data is further augmented and/or applied to downstream
processes. For example, in some embodiments, the data retrieval engine 151 is in
communication with the refinement engine 157.

[0050] The conversion engine 152 is configure for converting data types including in

the training data obtained by the data retrieval engine 151. For example, in some instances
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the conversion engine 152 is configured to convert a text-based knowledge graph to an
acoustic-based knowledge graph or an audio-visual based knowledge graph. The conversion
engine 152 is configured/configurable to convert knowledge graph data 141 into entity-
specific or enterprise-specific knowledge graph data. The conversion engine 152 is also
configured to convert acoustic data 142 from one speaker’s voice to another speaker’s voice.
In some embodiments, the conversion engine 152 is configured to convert knowledge graph
data 141, acoustic data 142 and/or textual data 143 from one language to a second language.
(See Figure 11).

[0051] The feature extraction engine 153 is configured for extracting acoustic data
and/or other acoustic information from electronic content, knowledge graph features from
knowledge graph data 141, acoustic and/or textual features from speech utterances, and a
set of acoustic features from an acoustic knowledge graph.

[0052] The training engine 154 is in communication with one or more of the data
retrieval engine 151, the conversion engine 152, the feature extraction engine 153 or the
implementation engine 156. In such embodiments, the training engine 154 is configured to
receive one or more sets of training data from the data retrieval engine 151. After receiving
training data relevant to a particular application or task, the training engine 154 trains one
or more models on the training data for the particular natural language understanding
applications, speech recognition applications, speech generation applications, and/or
personalized voice applications. In some embodiments, the training engine 154 is
configured to train a model via unsupervised training or supervised training.

[0053] The training engine 154 is configured to pre-train or train the neural TTS model
146, the speech module 144, the language module 145 and/or the knowledge module 147.
The training engine 154 is configured to train a model (e.g., a neural TTS model 146, see
also neural TTS model 800 of Figure 8) with training data (e.g., natural speech data) such
that the machine learning model is configured to generate speech from arbitrary text as
according to embodiments described herein. In some embodiments, the training engine 154
is configured such that the system is configured to use personalized audio to train a
personalized speech recognition system to improve accuracy of the speech recognition.
[0054] The training engine 154 is also configured to train a speech module to detect
understand audio-based natural language. In some embodiments, the training engine 154 is
configured to train a language module to detect and understand text-based natural language
and perform semantic analysis, to train the knowledge module 147 to detect and understand

entities and entity relationships included in a knowledge graph (e.g., knowledge graph data
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141), and to perform integrated training of the speech module 144 concurrently with the
language module 145.

[0055] It will be appreciated that the term “train”, as used herein, refers to training, pre-
training, and/or post-training a machine learning or machine learned model and that the

2 ¢

terms “training,” “pre-training” and “post-training” can be viewed as interchangeable.
Training typically refers to the process of configuring a model for a particular task, by
applying training data to the model being trained. The process of training a model is a
sequential process that involves exposing the machine learning model to different training
data while confirming or rejecting characterizations of the training data. In terms of
sequential training operations, pre-training occurs prior to training and training occurs prior
to post-training. During each sequential phase of training, the model may be exposed to new
and different training data. In some embodiments, a model is “pre-trained” before a further
training operation, such as joint training with another model or integration with another
model. The terms associated with training a model may also refer to the processes of
adapting, tuning, optimizing and/or otherwise modifying a model that has already
undergone at least some training, by further integrating the model with another model and/or
by joint training the model with interdependent training data from another model.

[0056] The computing system 110 includes an alignment engine 155 that is configured
to align one or more machine learning models to generate an optimized or integrated
machine model. The alignment engine 155 is configured to integrate a knowledge module
147 and a speech module 144 to generate an integrated knowledge-speech module. The
alignment engine 155 is also configured to integrate a knowledge module 147 and a
language module 145 to generate an integrated knowledge-language module and to align a
speech module and a language module by aligning the output embeddings from both
modules into a shared semantic space.

[0057] The foregoing integrations of models is used to generate an optimized speech
model is generated leverages both acoustic and contextual natural language understanding.
The alignment engine 155 is also configured/configurable to align an initial knowledge
graph to one or more secondary or custom knowledge graphs and/or to align the language
module included in the integrated knowledge-language module 148 with a pre-trained
speech module (e.g., speech module 144).

[0058] In some embodiments, the computing system 110 includes an implementation
engine 156 in communication with any one of the models and/or ML engine(s) 150 (or all

of the models/engines) included in the computing system 110 such that the implementation
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engine 156 is configured to implement, initiate or run one or more functions of the plurality
of ML engine(s) 150. In one example, the implementation engine 156 is configured to
operate the data retrieval engines 151 so that the data retrieval engine 151 retrieves data at
the appropriate time to be able to generate training data for the training engine 154.

[0059] The implementation engine 156 facilitates the process communication and
timing of communication between one or more of the ML engine(s) 150 and is configured
to implement and operate an optimized speech model and/or an integrated knowledge-
speech module and/or an integrated knowledge-language module to perform one or more
natural language understanding tasks.

[0060] For instance, at run-time, the computing system obtains electronic content
comprising audio data and/or audio-visual data (see data retrieval engine 151), extracts
acoustic data from the electronic content (see feature extraction engine 153), accesses an
optimized speech model that is generated by aligning a speech module with a language
module in such a way as to leverage acoustic information and language information in
natural language processing tasks (see alignment engine 155), the speech module having
been trained on a training data set comprising unlabeled acoustic data to understand acoustic
information from speech utterances, the language module having been trained on a different
training data set comprising unlabeled text data to understand semantic information from
text-based transcripts (see training engine 154) and having been integrated with a knowledge
module to perform semantic analysis (see alignment engine 155), and operates the optimized
speech model to perform natural language processing on the acoustic data and generate an
understanding of the extracted acoustic data (see implementation engine 156).

[0061] During run-time, the computing system is able to operate the speech model to
understand the acoustic data extracted from the electronic content, comprising speech, and
by performing speech to text natural language processing and to generate text output based
on the understanding of the extracted acoustic data. The system is also able to operate the
optimized speech model to understand the acoustic data extracted from the electronic
content, comprising a spoken question, by generating and outputting an answer as output to
the spoken question.

[0062] The computing system 110 also includes a refinement engine 157. The
refinement engine 157 is in communication with the training engine and is configured to
refine a machine learning model by adapting the model component (or sub-model) to a target
speaker, an acoustic based knowledge graph, an enterprise entity, or other specialization.

[0063] In some embodiments, the computing system 110 includes a decoding engine
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158 (or an encoding-decoding engine) configured to encode and decode data. The decoder
is neural network that takes the feature map, vector and/or tensor from an encoder and
generates a best match to the intended input. Here, the encoding/decoding engine 158 is also
configured to encode input data and decode the encoding to convert the input data into an
output embedding in the same or different semantic space.

[0064] The computing system is in communication with remote/ third party system(s)
120 comprising one or more processor(s) 122 and one or more computer-executable
instruction(s) 124. It is anticipated that, in some instances, the remote/ third party system(s)
120 further comprise databases housing data that could be used as training data, for example,
external speaker data. Additionally, or alternatively, the remote/ third party system(s) 120
include machine learning systems external to the computing system 110. In some
embodiments, the remote/ third party system(s) 120 are software programs or applications.
[0065] Attention will now be directed to Figure 2, which illustrates one embodiment of
a process flow diagram for training and integrating a language module 214 and a knowledge
module 212 to generate an integrated language knowledge module 230. As shown in the
figure, the knowledge module 212 is trained on one or more knowledge graphs (e.g.,
knowledge graph 220). Knowledge Information 218 output from the knowledge module 212
is applied to the language module 214, which in turn provides context information 216 to
applied to the language module 214,

[0066] The language module 214 is pre-trained on textual data to understand semantics
of text-based natural language utterances. Additionally, context information 216 obtained
from the language module 214 is applied to the knowledge module 212.

[0067] The knowledge graph 220 comprises information about world knowledge,
entities, and relations, wherein the knowledge graph 220 is configured to act as a supplement
to an existing pre-trained language model (e.g., language module 214). By integrating the
knowledge module 212 and the language module 214, each module provides essential
information to mutually assist each other in their respective tasks. For example, the
knowledge module 212 produces embeddings for entities in text (e.g., knowledge
information 218) while the language module generates context-aware initial embeddings for
entities and relations in the graph (e.g., context information 216).

[0068] Such embodiments beneficially enable a pre-trained model to easily adapt to
unseen knowledge graphs in new domains. The knowledge module 212 leverages a graph
attention network to provide structure-aware entity embeddings for language modeling,

meaning the embeddings represent the entities of the knowledge graph as well as the
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relationships between the nodes (e.g., the embeddings are aware of the structure of the
knowledge graph).

[0069] The language module 214 produces contextual representations as initial
embeddings for knowledge graph entities and relations given their descriptive text. Thus, in
both modules, content understanding is based on related knowledge and contextual
understanding. Referred to as joint-training in some instances, the integration or joint-
training of the knowledge module 212 and the language module 214 enables the projection
of the entities/relations included in the knowledge graph (e.g., knowledge graph data 141)
and text (e.g., textual data 143) into a shared semantic latent space. As the knowledge
module 212 produces representations from descriptive text, it solves the over-
parameterization issue that can arise because entity embeddings are no longer part of the
initial knowledge module’s parameters.

[0070] A further benefit of the disclosed embodiments includes the ability to easily
adapt to unseen knowledge graphs in the refinement phase (e.g., as carried out by the
refinement engine 157). As the initial embeddings of entities and relations come from their
descriptive text, the joint-training and/or integration of the modules is not confined to any
fixed knowledge graph. With the learned ability to integrate structural information during
pre-training, the framework is extensible to novel knowledge graphs with previously unseen
entities and relations.

[0071] Attention will now be directed to Figure 3, which illustrates one example
embodiment of a process flow diagram for training and integrating a knowledge module and
a multi-layer language module to generate an integrated knowledge-language module 300.
In order to solve the cyclic dependency between the two modules, some embodiments
comprise a multi-layer language model (e.g., a first language module 320 and a second
language module 360) where the first language module provides embeddings (see
embeddings at locations 1 and 2) for both the second language module 360 and a knowledge
module configured as a graph convolution network 340. The entity embeddings (e.g., entity
representation 342) from the knowledge module are also fed into the second language
module (see information fusion 344), which produces the final representation (e.g., context
representation 362).

[0072] In some embodiments, the first language module 320 and the second language
module are formed as the first several transformer layers and the rest layers of a pre-trained
language model (e.g., as initialized from BERT or ROBERTA).

[0073] A knowledge graph (KG) 330 is shown having a set of entities (e.g., Sun 332,
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Earth 334, Solar System 336, Star 338) and. set of relations between at least two of the
entities (e.g., support, part_of, category). Thus, the knowledge graph 330 is formed from a
plurality of head-relation-tail triplets (e.g., [Sun 332]-[support]-[Earth 334], [Sun 332]-
[part of]-[Solar System 336], [Sun 322]-|category|-[Star 338]).

[0074] As entities in the knowledge graph are represented by nodes without context,
some embodiments utilize entity description text 310 to describe the concept and meaning
of the entities. For each entity, its description text describes the entity (e.g., “The Sun is the
star at the center of the solar system™ 312 and “Earth is the third planet from the Sun” 314).
I When there are multiple mentions of an entity in its description text, the first mention is
the one used during training. Similarly, relations can be further described by relation
description text.

[0075] The pre-training tasks (e.g., pretrain 950) are any combination of self-supervised,
supervised and/or pseudo-supervised training tasks. The pre-training tasks include entity
category classification/prediction 352, where an entity is masked, and the module is tasked
with predicting the missing or masked entity and/or relation type prediction 354 for the
knowledge module wherein a relation between at least two entities is masked and the module
is tasked with predicting a relation type.

[0076] The goal of the knowledge module is to model the knowledge graph 330 to
generate knowledge-based entity representation (e.g., entity representation 342). To
compute entity node embeddings, a graph attention network is employed which uses the
self-attention mechanism to specify different weights for different neighboring nodes. To
leverage multi-relational information, the idea of composition operators is adopted to
compose entity embeddings and relation embeddings. The relation embeddings are
configurable to be shared across different layers. Included in the knowledge module is a
function that merges a pair of entity and relation embeddings into one representation. In
some embodiments, more complicated functions like MLP networks are applied.

[0077] The initial entity embeddings and relation embeddings are generated from the
first language module 320. Then, the output entity embeddings (e.g., entity representation
342) from the last layer of the graph convolution network 340 are used as the final entity
representations.

[0078] In some instances, the knowledge graph 330 is very large, making the embedding
update over all the entities not tractable. In such instances, a minibatch setting is employed
wherein give a set of input entities, a neighborhood sampling is performed to generate their

multi-hop neighbor sets. Thus, representations are only computed on the entities and
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relations that are necessary for the embedding update. In other words, in some embodiments,
a sub-portion of the knowledge graph is used, wherein a number of nodes (i.e., entities)
and/or a number of relations is restricted to a maximum threshold. From one node, a set of
neighboring relations and entities of a particular entity is defined for some embodiments. In
some embodiments, an entity context embedding memory (e.g., ECEM 322) is configured
to periodically update which speeds up the pre-training process by up to 15x.

[0079] The knowledge module is trained on the knowledge graph 330 based on the
aforementioned pre-training tasks (e.g., pretrain 350).

[0080] The goal of the first language module 320 is to model text data (e.g., 318) and
learn context-aware representations (e.g., context representation 362). It should be
appreciated that the multi-layer language module is configured as any model trained for
language understanding. In some embodiments, a pre-trained RoOBERTa-based module is
used as the language module. Pre-training tasks include masked token prediction 372 and
masked entity prediction 370 for the language module. Masked token prediction is
performed by randomly masking tokens in a particular input sequence and predicting the
original tokens based on the output embeddings of the language module.

[0081] Representation loss is minimized between the predicted token and the original
token during training to optimize the language module. In some embodiments, masked
entity prediction is performed randomly by removing a pre-determined percentage of the
mentions of a target entity. Then for each removed mention, the model predicts the masked
entity based on the mention’s embedding. In detail, the model predicts the entity whose
embedding in the ECEM 322 is closest to the mentioned entity. Since the number of entities
is very large in some instances, the model uses the entity’s neighbors and other randomly
sampled entities as negative samples.

[0082] The representational loss is minimized between the predicted embedding and the
original embedding using aloss function which is a cross entropy based on the inner product
between an embeddings and each candidate entity’s embedding. As shown in Figure 2, a
pre-training task is shown as masked entity prediction 370 where the task is to link the
mention “Earth” to the entity “Q2: Earth™.

[0083] To prevent a cyclic dependency which would create computation and
optimization barriers, the base language module is decomposed into a plurality of language
modules (e.g., language model 1 and language model 2). In some embodiments, the first
language module 320 operates on the input 318 and/or text 316 and generates contextual

representations. (See step 1 of Figure 3). The context is embedded, wherein the first
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language module 320 takes the embedded context as input and outputs hidden
representations for contextual embeddings. The first language module 320 also generates
initial entity and relation embeddings for the knowledge module (e.g., graph convolution
network 340) based on the entity description text 310 and entity relation text. (See step 2 in
Figure 3). In some instances, the embedding is provided for an entity based on the
knowledge graph node an embedding is provided for the same entity identified in the entity
description text, wherein the average of the embeddings is used as the initial entity
embeddings. The knowledge graph relation embeddings are generated in a similar way using
its description text.

[0084] The knowledge module (e.g., graph convolution network 340) then produces its
output entity embeddings to be combined with the contextual embeddings from the first
language module 320 during the information fusion 344, which are then sent to the second
language module 360. A layer normalization is applied to the contextual embeddings before
being fed into the second language module 360. (See Step 3 in Figure 3). Finally, the second
language module produces the final embeddings, which include both the contextual
leveraged from the multi-layer dual language module and knowledge information leveraged
from the knowledge module. (see step 4 of Figure 3).

[0085] In further description of the entity context embedding memory (ECEM) 322, the
ECEM is configured to store the initial embeddings of all KG entities. Firstly, the language
module pre-computes the context embeddings for all entities and places them into the
memory. The knowledge module only needs to retrieve the required embeddings from the
memory instead of computing them anew.

[0086] However, as embeddings in the memory are computed from the initial (now old)
language module 1 while the token embeddings are computed from the updated language
module 2, there will be an undesired discrepancy. To circumvent this possibility in such
instances, the whole embeddings memory is updates with the current language module
according to a pre-determined number of steps or pre-determined timeframe based on the
number of times the memory has already been updated, also defining a maximum number
of steps between updates. In some embodiments, a momentum update is also employed to
allow the ECEM to evolve more smoothly. To maximize efficiency, relation embeddings
are only used during a fine-tuning or refinement training step.

[0087] The data for pre-training is collected from a general or encyclopedia-based text
corpus (e.g., English Wikipedia) and obtain or generate a corresponding knowledge graph

wherein a machine learning model is used to identify the entity mentions. In some
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embodiments, the first sixty-four consecutive tokens of a particular text source are used as
the entity description text. Entities without corresponding description text are filtered out.
In some instances, entities that have fewer than 5 neighbors in the knowledge graph are
removed.

[0088] The language module is able to be initialized randomly via the implementation
engine. In some instances, for the knowledge module, a dual-layer graph neural network is
used which aggregates 2-hop neighbors. A predetermined number of sampled neighbors is
applied.

[0089] The integrated knowledge-language module is then able to be used in a plurality
of downstream tasks including few-shot relation classification, KGQA, and entity
classification wherein the joint pre-training of the language module and knowledge module
achieve higher accuracy in the natural language processing tasks as compared to a language
module that does not leverage knowledge-based data.

[0090] Attention will now be directed to Figure 4, which illustrates one example for
training and generating an optimized speech model by aligning a language module from an
integrated knowledge-language module and a speech module. Figure 4 shows an integrated
knowledge-language module 400 comprising a knowledge module 410 (e.g., knowledge
module 212, graph convolution network 340) and a language module 420 (e.g., language
module 214, language model 1 and language model 2 shown in Figure 3). The knowledge
module 410 provides knowledge information 414 to the language module 420, and the
language module 420 provides context information 412 to the knowledge module 410. To
prevent the cyclic dependency between the integrated modules, embodiments described in
reference to Figure 3 are employed in some embodiments.

[0091] Figure 4 also shows a speech module 430 which is configured to produce
acoustic output embeddings 432 based on input acoustic data (e.g., acoustic data 142).
Additionally, the language module 420 is configured to produce textual language output
embeddings 422, wherein the acoustic output embeddings 432 and the textual language
output embeddings are aligned and represented into a shared semantic space 440. Once the
model minimizes the error of acoustic output embeddings 432 as aligned to the textual
language output embeddings 422, the language module 420 from the integrated knowledge-
language module 400 is discarded, leaving an optimized speech model 450 which is able to
perform natural language understanding tasks on audio data based on semantic analysis
learned from alignment with the language module 420 and knowledge information 414

leveraged from the integrated knowledge-language module 400.
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[0092] The goal of the speech module 430 is to learn a representation that contains
useful acoustic information speech utterances included in input acoustic data such as their
phonetic content and speaker characteristics. In some embodiments, the input to the speech
module 430 comprises a plurality of audio features. In some instances, the audio features
are based on 80-dimensional log Mel spectrograms.

[0093] Attention will now be also directed to Figure 5, in reference to Figure 4, which
illustrates an example embodiment for aligning the speech and language modules. It should
be appreciated that the speech module 510 in Figure 5 is representative of the speech module
430 of Figure 4. Additionally, or alternatively, the language module 520 of Figure 5 is
representative of the language module. As shown in Figure 5, the input for most natural
language understanding tasks comprises audio signals (e.g., audio signal 512). Additionally,
the model is trained to conduct semantic understanding which is enhanced when textual
information (e.g., language tokens 526) is present.

[0094] The input is fed into a transformer architecture (see Figure 5) to produce output
embeddings. To boost the capacity for its contextual understanding, masked language
modeling is applied to the speech module 430, with each audio feature (see audio signal
512) being replaced with a zero vector (see zero tokens of the plurality of audio tokens 516)
with a pre-determined probability (e.g., 15%). The corresponding output is trained to be
close to the original feature, wherein the speech module 510 is trained to predict the original
feature (see predicted tokens 534) based on the output representations from the plurality of
acoustic output embeddings 532 (or audio representations).

[0095] In some embodiments, the input features comprise two dimensions: time and
channel (i.e., the elements in each original feature). While conventional masked language
modeling masks certain timepoints, the input signals are also masked in the channel
dimension. This channel masking is combined with temporal masking to reinforce the
model’s capability to utilize contextual information from both time and channel. This
beneficially reduces the impact of co-adaptation between features.

[0096] The goal of the language module 420 is to offer contextual understanding for
text input. Given a plurality of token embeddings, the module produces a plurality of
contextual representations. In some embodiments, the language module 420 is initialized
from a BERT-based model. As shown in Figure 4, the language module is initialized from
an integrated knowledge-language module as described herein and in references to Figures
2-3.

[0097] The language module is adapted to the speech domain by using the masked
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language modeling techniques on a plurality of speech transcripts. For example, if the input
utterance “I can go there” is used a text input to the language module 520 and the word
“can” is masked (see mask 524), the language module 520 is trained to predict the original
word token (see predicted language token 544) based on the language output embeddings
542).

[0098] The audio signal 512 is separated into a plurality of audio tokens 516, wherein
the beginning of the audio signal 512 is denoted by a specialized CLS token 514. The audio
tokens 516 are applied as input to a transformer-based speech module (e.g., transformer
530) which produces a plurality of acoustic output embeddings 532 corresponding to the
input audio tokens (e.g., audio tokens 516).

[0099] Text-based input utterances are converted into a plurality of language tokens
526, which each language token representing a word or phoneme from the input utterance.
The beginning of the input utterance is marked with a specialized token (e.g., CLS token
522). The plurality of language tokens 526 are applied as input to a transformer-based
language module (e.g., transformer 540) which produces a plurality of contextual token
representations (e.g., language output embeddings 542).

[00100] The speech module 510 and the language module 520 are aligned by aligning
the plurality of acoustic output embeddings 532 with the plurality of language output
embeddings 542. In some embodiments, the output embeddings are aligned through
sequence-level alignment or token-level alignment.

[00101] The specialized [CLS] token is a representation of the whole input sequence, not
just a marker for initialization of the input sequence. Thus, during training, the distance
between the representation of the [CLS] token in speech input and the [CLS] token for the
text input is minimized in the shared semantic space. After pre-training, the output
embedding of the [CLS] token in the speech module will be close to the correct
corresponding text embedding in the language module, even when the transcript is absent
in downstream tasks or when the speech module is used alone without being coupled to the
language module. Thus, this alignment beneficially improves sequence-level speech
language understanding tasks to predict a property of the whole audio input (e.g., for intent
classification).

[00102] To achieve a finer level of alignment (e.g., token-level alignment), each audio
feature is compared with its corresponding text token. Although forced alignment can
establish this correspondence between audio signals and individual words in some instances,

it is very laborious to acquire such labeling. Thus, computing efficiency is increased when
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the audio features are automatically aligned to the textual tokens (e.g., language tokens 526).
This alignment then maximizes the sum of these maximum similarities over all tokens,
weighted by each token’s inverse document frequency (IDF) to reduce the impact of
common words. When a token-level alignment is employed, it can help with token-level
spoken language understanding tasks to predict the category of various segments of audio
input (e.g., extractive spoken question answering). In some embodiments, a dual alignment
process is performed wherein the output embeddings are aligned at both a token-level
alignment and a sequence-level alignment.

[00103] In some embodiments, the alignment training is done without pre-training (i.e.,
the speech module is trained from scratch on downstream tasks). In some embodiments, the
speech module is pre-trained, without the language module, on a training data set
comprising unannotated acoustic data (i.e., self-supervised training) to understand semantic
information from audio-based speech utterances. In some embodiments, the speech module
is alignment to the language module at a sequence-level alignment (MLM), but the language
module is not updated with the masked learning modeling.

[00104] In some embodiments, the speech module is aligned at a sequence-level and the
language module is updated with MLM. In some embodiments, the speech module is
aligned to the language module at a token-level alignment, but the language module is not
updated with MLM. In some embodiments, the speech module is aligned to the language
module at a token-level alignment, and the language module is updated with MLM.
[00105] The speech module is trained on a corpus of speech data comprising between
300 and 400, in some instances over three hundred hours of read speech produced by over
nine hundred speakers. In some embodiments, the audio data (e.g., acoustic data 142) is
formatted as 80-dimensional log Mel Spectrograms and normalize them to zero mean and
unit variance per speaker as input acoustic features. In some instances, a predetermined
number of hours (e.g., 10 hours) of transcript data is randomly sampled to pre-train the
language module. Subsequently, the same number of hours of audio data corresponding to
the transcript data (i.e., the audio data and the transcript data comprise equivalent natural
speech utterances) is paired with the transcript data as training data for the speech and
language module alignment.

[00106] During fine-tuning or refinement training, only the speech module, now an
optimized speech module after the alignment, is used in downstream tasks. In some
embodiments, a pre-determined amount (e.g., 50%, 10%, 5%, or 1%) of the original training

corpus is compiled for the training data set. The optimized speech module performs nearly
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equally between the 100% and 50% data sets, between the 50% and 5% data sets, and even
relatively optimally with the 1% dataset.

[00107] In some embodiments, the speech module is trained and aligned to the language
module based on a training data set comprising 1 hour of transcribed speech data. As the
human labeling process is time-consuming and labor-intensive, the amount of labeled
training data for downstream tasks is often small and/or insufficient. However, the
optimized speech module as described herein is less dependent on large amounts of training
data because of the alignment training and other pre-training.

[00108] The optimized speech model 450 is configured as an optimized speech model
trained to perform enhanced spoken language understanding. The optimized speech module
(e.g., optimized speech model 450) is configured for a plurality of downstream tasks
including multi-class classifications tasks and span predictions problems. Types of multi-
class classifications include intent detection, dialog act classification and spoken sentiment
analysis. A type of span prediction problem includes spoken question answering. To
perform intent detection, the speech module is configured to correctly predict the intent of
an input utterances. In some embodiments, the training data for this task comprises an
utterance which is annotated with three slots: action, object, and location, where each slot
can take one of multiple values. The combination of slot values is defined as the intent of
the utterance. To perform dialog act classification, the speech module is trained to classify
an input utterance into of one of a set of pre-defined dialog acts. To perform spoken
sentiment analysis, the speech module is trained to classify the input utterances based on
range of negative-positive sentiment scores.

[00109] In some embodiments, for multi-class classification tasks, a MLP network
comprising a hidden layer (e.g., 512 unit layer) is appended on top of the optimized speech
module. The network is configured to convert the output representation of the [CLS] token
for class prediction. Both the optimized speech module and the randomly initials MLP
network are refined or fine-tuned on a training data set for a pre-determined number of
epochs (e.g., for 10 epochs) with a pre-defined batch size and a fixed learning rate. The
alignment framework further includes the integration of automatic speech recognition
(ASR) machine learning models and natural language generation (NLG) to achieve
performance for spoken language generation tasks.

[00110] Many technical benefits are achieved through the joint pre-training (e.g., training
and alignment) of the speech module and language module, especially for many downstream

tasks. For example, many convention end-to-end SLU models require labeled speech data
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because they use an auto-encoder to initialize the SLU model or other pre-training methods
that must be trained under supervised learning processes. The optimized speech module is
able to use a large unlabeled training data set because of the alignment training.
Furthermore, many conventional SLU datasets that do try to leverage both speech and text
input data only have access to larger amounts of speech data for downstream tasks. The
disclosed embodiments beneficially provide an optimized speech module that only uses
speech input for downstream tasks, but still leverages language understanding typically
gained from text input because of the alignment training prior to the downstream task
performance.

[00111]  Attention will now be directed to Figure 6 which illustrates a flow diagram 600
that includes various acts (act 610, act 620, act 630, act 640, and act 650) associated with
exemplary methods that can be implemented by computing system 110 for obtaining
training data and training a machine learning model for generating an optimized speech
module.

[00112] The firstillustrated act includes an act of obtaining a first knowledge graph (e.g.,
from knowledge graph data 141 and/or knowledge graph 220) comprising a set of entities
(e.g., entity 332) and a set of relations between entities included in the set of entities (act
610). Subsequently, the computing system trains a knowledge module (e.g., knowledge
module 147) on the first knowledge graph to generate knowledge-based entity
representations (e.g., entity representation 342) based on the first knowledge graph (act
620).

[00113] A language module (e.g., language module 145) is also pre-trained on a first
training data set comprising unlabeled text data to understand semantic information from
text-based transcripts (act 630). After the knowledge module and language module are
trained, the computing system integrates the knowledge module into the language module
(e.g., integrated knowledge-language module 210) to perform semantic analysis (act 640).
[00114] The integrated knowledge-language module is generated by at least integrating
the knowledge module with the language module, in addition to one or more additional
operations. These operations include one or more of the following: performing an initial
integration between the language module and the knowledge module and then adapting the
integrated knowledge-language module to new knowledge graphs. Additionally, or
alternatively, generating the integrated knowledge-language module includes pre-training
tasks and/or post-training tasks that prepare or adapt the integrated knowledge-language

module to one or more training data sets and/or includes changing one or more layers of
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either the graph convolution network of the knowledge module, and/or neural networks of
the language module and/or the integrated knowledge-language module. It should be
appreciated that the description corresponding to generating an integrated knowledge-
language module including at least an integration process and one or more additional
operations or acts is also applicable to generating an integrated knowledge-speech module.
[00115] Additionally, a speech module (e.g., speech module 144) is pre-trained on a
second training data set comprising unlabeled acoustic data (e.g., acoustic data 142) to
understand acoustic information from speech utterances (act 650).

[00116] Finally, an optimized speech module (e.g., optimized speech model 450) is
generated by at least aligning the speech module with the language module to leverage
acoustic information and language information in natural language processing tasks (act
660).

[00117] With regard to the acts described in Figure 6, it will be appreciated that they can
be performed in different ordering than the ordering that is explicitly shown in the flow
diagram 600. For instance, while acts 610/620 and act 630 and/or act 650 may performed in
parallel with each other, in some alternative embodiments, act 620, act 630 and act 650 are
performed in series.

[00118] It will also be appreciated that the act of generating TTS speech data may occur
with the same computer device(s) that performed the aforementioned acts (e.g., acts 610-
660), or alternatively by one or more different computer device(s) of a same distributed
computing system.

[00119] The alignment of the speech and language model is also capable of being
performed by obtaining a third training data set comprising paired acoustic data and
transcript data, applying the third training data set to the speech module and language model,
obtaining acoustic output embeddings (e.g., acoustic output embeddings 432) from the
speech module, obtaining language output embeddings (e.g., textual language output
embeddings 422) from the language module, and aligning the acoustic output embeddings
and the language output embeddings to a shared semantic space (e.g., shared semantic space
440). In some embodiments, the acoustic output embeddings and the language output
embeddings are aligned to the shared semantic space at a sequence-level.

[00120] In some embodiments, the speech module is a transformer-encoder machine
learning model (see speech module 510).

[00121]  After aligning the speech module and the language module, the speech module

is used to perform intent detection tasks to correctly predict the intent of an input utterance
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and/or dialog act classification to correctly classify an input utterance to correspond to a
pre-determined dialog act.

[00122]  After aligning the speech module and the language module, the speech module
is used to perform spoken sentiment analysis tasks to annotate an input utterance with a
sentiment score and/or spoken question answering tasks to predict a time span in a spoken
article that answers an input question.

[00123] In some embodiments, the speech module uses a self-attention mechanism to
implicitly align elements of the spoken article and textual features of the input question.
[00124] The third training data set may be limited to less than 1 hour of unlabeled
acoustic data or, in some instances, less than 10 minutes of unlabeled acoustic data (see, act
650).

[00125] The knowledge module of the integrated knowledge-language module (see, act
640) comprises a graph attention network and is configured to provide structure-aware entity
embeddings (e.g., textual language output embeddings 422) for language modeling.
[00126] The language module of the integrated knowledge-language module is further
configured to produce contextual representations as initials embeddings for knowledge
graph entities and relations.

[00127] The integrating of the language module and knowledge module comprises
projecting entity and relations output embeddings and language text embeddings into a
shared semantic space.

[00128] In some embodiments, the language module of the integrated knowledge-
language module comprises a first language model (e.g., first language module 320)
comprising a first set of transformer layers and a second language model (e.g., second
language module 360) comprising a second set of transformer layers.

[00129] In some embodiments, the alignment of the speech and language modules
comprises obtaining a first set of contextual embeddings from the first language module and
applying the first set of contextual embeddings as input to the second language module and
the knowledge module (e.g., information fusion 344),

[00130] Insome embodiments, the alignment of the language and speech modules further
comprises: obtaining a first set of entity embeddings (e.g., entity representation 342) from
the knowledge module (e.g., graph convolution network 340), applying the first set of entity
embeddings as input to the second language module (e.g., information fusion 344), and
obtaining a final representation output embedding (e.g., context representation 362) from

the second language module based on the first set of entity embeddings and the first set of
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contextual embeddings, the final representation output embedding including contextual and
knowledge information.

[00131] Attention will now be directed to Figure 7, which illustrates one example for
training and an integration process 700 for integrating a speech module and a knowledge
module (see speech-knowledge cycle or integrated knowledge-speech module 710) to
generate an integrated knowledge-speech module 730. As shown in the figure, the
knowledge module 712 is trained on one or more knowledge graphs (e.g., knowledge graph
720A and/or acoustic knowledge graph 720B). Knowledge Information 718 output from the
knowledge module 712 is applied to the speech module 714, which in tumn provides acoustic
information 716 to applied to the speech module 714. In some embodiments, the speech
module 714 is pre-trained on acoustic data to understand semantics of audio-based natural
language utterances. Additionally, acoustic information 716 obtained from the speech
module 714 is applied to the knowledge module 712.

[00132] By integrating the knowledge module 712 and the speech module 714, each
module provides essential information to mutually assist each other in their respective tasks.
For example, the knowledge module 212 produces knowledge-based embeddings for
entities included in audio data (e.g., knowledge information 718) while the speech module
generates speech-aware initial embeddings for entities and relations in the graph (e.g.,
acoustic information 716).

[00133] Thus, in both modules, content understanding is based on related knowledge and
acoustic understanding. Referred to as joint-training in some instances, the integration or
joint-training of the knowledge module 712 and the speech module 714 enables the
projection of the entities/relations included in the knowledge graph (e.g., knowledge graph
data 141) and audio (e.g., acoustic data 142) into a shared semantic latent space. As the
knowledge module 712 produces representations from descriptive audio, it solves the over-
parameterization issue that can arise because entity embeddings are no longer part of the
initial knowledge module’s parameters.

[00134] Like the integrated knowledge-language module of Figure 2, a further benefit of
the disclosed embodiments includes the ability to easily adapt to unheard acoustic
knowledge graphs in the refinement phase (e.g., as carried out by the refinement engine
157). As the initial embeddings of entities and relations come from their descriptive audio,
the joint-training and/or integration of the modules is not confined to any fixed knowledge
graph. With the learned ability to integrate structural information during pre-training, the

framework is extensible to novel knowledge graphs with previously unseen entities and
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relations.

[00135] In some embodiments, the knowledge graph 720A and acoustic knowledge
graph 720B comprise information about world knowledge, entities, and relations, wherein
the knowledge graph 220 is configured to act as a supplement to an existing pre-trained
speech model. In some embodiments, the knowledge module is initially trained on
knowledge graph 720A representative of KG 330 of Figure 3). In some embodiments,
knowledge graph 720A is converted to an acoustic knowledge graph (e.g., acoustic
knowledge graph 720B). In some instances, the acoustic knowledge graph 720B is
converted from a text-based knowledge graph (e.g., knowledge graph 720A) by applying a
neural text-to-speech (TTS) machine learning model (see Figure 8), which is configured to
convert text into audio speech.

[00136] The first knowledge graph (text-based knowledge graph) is transformed into an
acoustic knowledge graph by first obtaining electronic content comprising acoustic data that
describes the set of entities and the set of relations between two or more entities included in
the set of entities. Next, the computing system extracts a set of acoustic features from the
electronic content. The acoustic data is transcribed into text, the text representing the set of
entities and the set of relations included in the first knowledge graph. The knowledge
module is then trained on the text and the set of acoustic features, the knowledge module
being configured to generate acoustic-based entity representations.

[00137] Additionally, or alternatively, the first knowledge graph is transformed into an
acoustic knowledge graph by extracting a set of textual representations for each entity of the
set of entities and each relation of the set of relations, accessing a text-to-speech module,
and applying the set of textual representations as input to the text-to-speech module.
Subsequently, a set of acoustic signals is obtained, wherein the acoustic signals correspond
to the textual representations as output from the text-to-speech module. Each acoustic signal
of the set of acoustic signals representing an entity of the set of entities included in the first
knowledge graph or a relation of the set of relations included in the first knowledge graph.
[00138] Attention will now be directed to Figure 8 which illustrates one example of a
TTS machine learning model that can be trained is a neural TTS model 800, which includes
a text encoder 820 and a decoder 840. In some instances, attention 830 is used by the model
to direct and inform the encoding-decoding process at various layers of the model. The
neural TTS model 800 is able to generate output (e.g., speech waveform data) in the Mel
spectrum or other spectrum such that the generated output is speech data based on the input

text 810. The Mel spectrum 850 (i.e., synthesized speech data) is characterized by the
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personalized voice of a particular user.

[00139]  Attention will now be directed to Figure 9, in partial reference to Figure 3, which
illustrates one example for training and integrating a dual-speech module with a knowledge
module to generate an integrated knowledge-speech module. In order to solve the cyclic
dependency between the two modules, some embodiments comprise a multi-layer speech
model (e.g., a first speech module 920 and a second speech module 960) where the first
speech module provides embeddings (see embeddings at locations 1 and 2) for both the
second speech module 960 and a knowledge module configured as a graph convolution
network 940 (in some instances, representative of graph convolution network 340). The
acoustic-based entity embeddings (e.g., entity representation 942) from the knowledge
module (e.g., graph convolution network 940) are also fed into the second speech module
(see information fusion 944), which produces the final representation (e.g., acoustic
representation 962).

[00140] In some embodiments, the first speech module 920 and the second speech
module 960 are formed as the first several transformer layers and the rest layers of a pre-
trained speech model.

[00141] An acoustic knowledge graph (KG) 930 is shown having a set of entities (e.g.,
Sun 932, Earth 934, Solar System 936, Star 938) and. set of relations between at least two
of the entities (e.g., support, part_of, category). Thus, the acoustic knowledge graph 930 is
formed from a plurality of head-relation-tail triplets (e.g., [Sun 932]-[support]|-[Earth 934],
[Sun 932]-[part_of]-[Solar System 936], [Sun 932]-|category]-|Star 938]). The entities and
relations are stored as audio-based data at each of the nodes of the acoustic knowledge
graph.

[00142] As entities in the acoustic knowledge graph are represented by nodes without
context or other acoustic information, some embodiments utilize entity description audio
910 to describe the concept and meaning of the entities. For each entity, its description audio
describes the entity (e.g., “The Sun is the star at the center of the solar system™ 912 and
“Earth is the third planet from the Sun™ 914). In some instances where there are multiple
mentions or detections of an entity in its description audio, the first mention is the one used
during training. Similarly, relations can be further described by relation description audio.
[00143] Similar to pre-training techniques described for Figure 3, in some embodiments,
the pre-training tasks for the speech module are self-supervised, supervised, pseudo-
supervised or a combination thereof. In some embodiments, pre-training tasks include entity

category classification/prediction 952 where an acoustic-based entity is masked, and the
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module is tasked with predicting the missing or masked acoustic-based entity and/or relation
type prediction 954 for the knowledge module wherein an acoustic-based relation between
at least two entities is masked and the module is tasked with predicting a relation type in
audio form.

[00144] The goal of the knowledge module is to model the acoustic knowledge graph
930 to generate knowledge-based acoustic entity representations (e.g., entity representation
942). The initial entity embeddings and relation embeddings are generated from the first
speech module 920. Then, the output entity embeddings (e.g., entity representation 942)
from the last layer of the graph convolution network 940 are used as the final entity
representations.

[00145] When the acoustic knowledge graph 930 is very large, making the embedding
update over all the entities not tractable, a minibatch setting is employed wherein give a set
of input entities, a neighborhood sampling is performed to generate their multi-hop neighbor
sets. Thus, representations are only computed on the entities and relations that are necessary
for the embedding update. In other words, a sub-portion of the knowledge graph is used,
wherein a number of nodes (i.e., entities) and/or a number of relations is restricted to a
maximum threshold. From one node, a set of neighboring relations and entities of a
particular entity is defined for some embodiments.

[00146] An entity context embedding memory (i.e., ECEM 922), representative to
ECEM 322 is configured to periodically update which speeds up the pre-training process
by up to 15x. The knowledge module is trained on the acoustic knowledge graph 930 based
on the aforementioned pre-training tasks, in reference to Figures 3 and 9.

[00147] The goal of the first speech module 920 is to model acoustic data (e.g., input
audio 918 or acoustic data 916) and learn acoustic and/or context-aware representations
(e.g.. acoustic representation 962). It should be appreciated that the multi-layer speech
module is configured as any model trained for natural language speech understanding. The
pre-training tasks include masked acoustic token prediction 972 and masked acoustic entity
prediction 970 for the speech module. In detail, the model predicts the entity whose
embedding in the ECEM 922 is closest to the mentioned entity. Since the number of
acoustic-based entities is very large in some instances, the model uses the entity’s neighbors
and other randomly sampled entities as negative samples.

[00148] To prevent a cyclic dependency which would create computation and
optimization barriers, the base speech module/model, as shown, is decomposed into a

plurality of speech modules (e.g., speech model 1 and speech model 2). The first speech
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module 920 operates on the input audio 918 and generates acoustic representation
representations. (See step 1 of Figure 9). When the audio is embedded, the first speech
module 920 takes the embedded audio as input and outputs hidden representations for
acoustic embeddings. The first speech module 920 also generates initial acoustic-based
entity and relation embeddings for the knowledge module (e.g., graph convolution network
940) based on the entity description audio 910, which also includes entity relation
description (See step 2 in Figure 9). In some instances, the embedding is provided for an
entity based on the knowledge graph node an embedding is provided for the same entity
identified in the entity description audio, wherein the average of the embeddings is used as
the initial entity embeddings. The knowledge graph relation embeddings are generated in a
similar way using its description audio.

[00149] The knowledge module (e.g., graph convolution network 940) then produces its
output entity embeddings to be combined with the acoustic embeddings from the first speech
module 920 during the information fusion 944, which are then sent to the second speech
module 960. In some instances, a layer normalization is applied to the acoustic embeddings
before being fed into the second speech module 960. (See Step 3 in Figure 9). Finally, the
second speech module produces the final embeddings, which include both the acoustic
information leveraged from the multi-layer dual speech module and knowledge information
leveraged from the knowledge module. (see step 4 of Figure 9).

[00150] In further description of the entity context embedding memory (ECEM) 322, the
ECEM is configured to store the initial embeddings of all KG entities. Firstly, the speech
module pre-computes the acoustic embeddings for all entities and places them into the
memory. The knowledge module only needs to retrieve the required embeddings from the
memory instead of computing them anew.

[00151] The integrated knowledge-speech module 900 is then able to be used in many
downstream tasks for natural language understanding, spoken language understanding,
speech recognition, and other audio-based natural language processing tasks.

[00152]  Attention will now be directed to Figure 10 which illustrates a flow diagram
1000 that includes various acts (act 1010, act 1020, act 1030, act 1040, act 1050, and act
1060) associated with exemplary methods that can be implemented by computing system
110 for obtaining training data and training a machine learning model for generating an
integrated knowledge-speech module to perform semantic analysis on audio data.

[00153] The firstillustrated act includes an act of obtaining a first knowledge graph (e.g.,

knowledge graph 720A) comprising a set of entities and a set of relations between two or

30



10

15

20

25

30

WO 2022/159198 PCT/US2021/062723

more entities included in the set of entities (act 1010). Subsequently, the computing system
transforms the first knowledge graph into an acoustic knowledge graph (e.g., acoustic
knowledge graph 720B), the acoustic knowledge graph comprising acoustic data (e.g.,
acoustic data 142) corresponding to each entity of the set of entities and each relation of the
set of relations between entities (act 1020). After transforming the knowledge graph, a set
of acoustic features is extracted from the acoustic knowledge graph (act 1030). The
knowledge module is then trained on the set of acoustic features to generate knowledge-
based entity representations for the acoustic knowledge graph, or a similarly trained module
is obtained (act 1040).

[00154] The computing system also pre-trains a speech module (e.g., speech module 714)
on a training data set comprising unlabeled speech data to understand acoustic information
from speech transcriptions (act 1050). Finally, an integrated knowledge-speech module
(e.g., integrated knowledge-speech module 730) is generated to perform semantic analysis
on audio data by at least integrating the knowledge module with the speech module (act
1060).

[00155] Methods and system are also provided for pre-training a language module on a
second training data set comprising unlabeled text-based data, the language module being
configured to understand semantic information from speech transcriptions and aligning the
speech module and the language module. In such embodiments, the speech module being
configured to leverage acoustic information and language information in natural language
processing tasks.

[00156] Where the speech module and the language model are aligned, a third training
data set comprising paired acoustic data and transcript data is obtained and applied to the
speech module and language model. Acoustic output embeddings are obtained from the
speech module, as well as language output embeddings obtained from the language module.
The alignment training then further comprises aligning the acoustic output embeddings and
the language output embeddings to a shared semantic space (see Figure 4).

[00157] Then, after pre-training the language module, the computing system extracts a
set of textual features from the first knowledge graph and trains a second knowledge module
on the set of textual features. Then, the second knowledge module is integrated with the
language module before the language module and speech module are aligned.

[00158] The knowledge module of the coupled knowledge-speech module comprises a
graph attention network and is configured to provide acoustic-based structure aware entity

embeddings (e.g., entity representation 942) for speech modeling.
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[00159] The speech module of the integrated knowledge-speech module is further
configured to produce acoustic language representations as initial embeddings for acoustic
knowledge graph entities and relations.

[00160] Integrating the language module and knowledge module comprises projecting
entity and relations output embeddings and language acoustic embeddings into a shared
semantic space.

[00161] In some embodiments, the speech module of the integrated knowledge-speech
module comprises a first speech model (e.g., first speech module 920) and a second speech
model (e.g., second speech module 960).

[00162] In some embodiments, the first speech module comprises a first set of
transformer layers and the second speech module comprises a second set of transformer
layers.

[00163] The integrating of the speech module and knowledge module is possible by
obtaining a first set of acoustic language embeddings from the first acoustic module and
applying the first set of acoustic language embeddings as input to the second language
module and the knowledge module (see information fusion 944).

[00164] Integrating the speech module and knowledge module also includes processes
and training configured for obtaining a first set of acoustic entity embeddings (e.g., entity
representation 942) from the knowledge module and applying the first set of acoustic entity
embeddings as input to the second speech module (see information fusion 944),

[00165] Finally, a final representation output embedding (e.g., acoustic representation
962) is obtained from the second speech module based on the first set of acoustic entity
embeddings and the first set of acoustic language embeddings, the final representation
output embedding including acoustic and knowledge information.

[00166] In some embodiments, each entity of the set of entities is represented by entity
description audio data (e.g., entity description audio 910) to describe the concept and
meaning of the entities and each relation of the set of relations is represented by relation
description audio data to describe each relation between two or more entities.

[00167] In some embodiments, the integrated knowledge-speech module is optimized by
performing one or more of the following training tasks: entity category prediction, relation
type prediction, masked token prediction, or masked entity prediction.

[00168] From a run-time perspective, the computing system will obtain electronic
content comprising a set of audio data, operate an integrated knowledge-speech module

configured to perform semantic analysis on audio data, and perform semantic analysis on
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the set of audio data. The integrated knowledge-speech module comprises a speech module
trained to understand acoustic information from speech transcriptions and a language
module integrated to the speech module and trained to generate knowledge-based entity
representation for an acoustic knowledge graph. As previously mentioned, the speech
module of the integrated knowledge-speech module may include a first speech module
comprising a first set of transformer layers and a second speech module comprising a second
set of transformer layers.

[00169] Attention will now be directed to Figure 11, which illustrates an overview of
generating an optimized speech model by training and integrated a speech module from an
integrated knowledge-speech module and a language module from an integrated knowledge-
language module. In particular, Figure 11 shows an integrated knowledge-speech module
1110 comprising a speech module 1120 and an acoustic-based knowledge module 1130 (or
other type of knowledge module). In some embodiments, integrated knowledge-speech
module 1110 is representative of integrated knowledge-speech module 710, wherein
acoustic information 1112 and knowledge information 1114 are cycled through various
layers of the machine leaming model as described in reference to Figures 7 and 9.

[00170] Additionally, Figure 11 shows an integrated knowledge-language module 1140
which, in some embodiments, is representative of the integrated knowledge-language
modules as shown in Figures 2, 3, and/or 4. Context information 1142 and knowledge
information 1144 is cyclically shared between the modules. After generating and/or
accessing the integrated knowledge-speech module 1110 and integrated knowledge-
language module 1140, the speech module 1120 and language module 1150 are aligned.
[00171]  Acoustic output embeddings 1122 obtained from the speech module 1120 and
textual language output embeddings 1152 are aligned to the shared semantic space 1170 via
methods and systems described herein, for example in reference to Figures 4 and 5. After
the modules are aligned, an optimized speech module 1180 is generated. Optimized speech
module 1180 is then able to perform semantic analysis on acoustic data while leveraging
information learned from the acoustic-based knowledge module 1130, the language module
1150, and the language-based knowledge module 1160 as a super-trained optimized speech
module.

[00172] For example, the computing system is configured to pre-train a language model
(e.g., language module 1150) on a second training data set comprising unlabeled text-based
data, the language module being configured to understand semantic information from

speech transcriptions.
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[00173] The speech module (e.g., speech module 1120) and the language module are then
aligned, the speech module being configured to leverage acoustic information and language
information in natural language processing tasks.

[00174]  After pre-training the language module, a set of textual features is extracted from
the first knowledge graph, wherein a second knowledge module (e.g., language-based
knowledge module 1160) is trained on the set of textual features. Subsequently, the second
knowledge module is integrated with the language module before the language module and
speech module are aligned to the same semantic space (e.g., 1170).

[00175]  Attention will now be directed to Figure 12 which illustrates a flow diagram
1200 that includes various acts (act 1210, act 1220, act 1230, act 1240, and act 1250)
associated with exemplary methods that can be implemented by computing system 110 for
obtaining training data and training a machine learning model for generating an integrated
knowledge-language module to perform semantic analysis.

[00176] The first illustrated act includes an act of obtaining a first knowledge graph
comprising a set of entities and a set of relations between two or more entities included in
the set of entities (act 1210). In series, or in parallel, the computing system also obtains a
second knowledge graph comprising a second set of entities and a second set of relations,
each relation of the second set of relations describing a relationship between two or more
entities includes in the second set of entities (act 1220).

[00177]  After obtaining the first and second knowledge graphs, the first knowledge graph
and second knowledge graphs are aligned such that a first subset of entities and relations
from the first knowledge graph correspond to a second subset of entities and relations from
the second knowledge graph (act 1230). Subsequently, a knowledge module is trained, or a
pre-trained module is obtained, the training being with the aligned knowledge graphs to
generate knowledge-based entity representations (act 1240). Finally, an integrated
knowledge-language module is generated (act 1250). The integrated knowledge-language
module is configured to perform semantic analysis for the entities and entity relations in the
second knowledge graph based on knowledge learned from entities and entity relations in
the first knowledge graph by at least integrating the language module with the knowledge
module.

[00178]  Attention will now be directed to Figure 13, which illustrates one example for
training and integrating a multi-lingual integrated knowledge-language module 1330. In
some embodiments, the first knowledge graph is generated in first language (e.g., first

language knowledge graph 1320) and the second knowledge graph is generated in a second
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language (e.g., second language knowledge graph 1322). In such embodiments, the
knowledge module 1312 is configured to generate knowledge-based entity representations
in the second language based on the first knowledge graph.

[00179] The computing system (e.g., computing system 110) is also configured to train
(e.g., viathe training engine) the multi-lingual integrated knowledge-language module 1330
to perform semantic analysis in the second language based on knowledge learned from
entities and entity relations in the first language. In some instances, the implementation
engine is used to operate the integrated knowledge-language module 1310 to perform
semantic analysis on data input.

[00180] Additionally, or alternatively, the knowledge module 1312 is also configured to
generate knowledge-based entity representations (e.g., knowledge information 1318) in the
first language based on the second knowledge graph. In such embodiments, the multi-lingual
integrated knowledge-language module 1330 is trained to perform semantic analysis in the
first language based on knowledge learned from entities and entity relations in the second
language. The language module 1314 is also configured to provide context information 1316
to the knowledge module 1312.

[00181] The first language knowledge graph 1320 and second language knowledge graph
1322 are optionally language or textual-based knowledge graphs corresponding to the same
or different languages. Accordingly, methods and systems are provided for obtaining
electronic content comprising a first set of speech transcriptions in the first language and
applying the electronic content as input to the knowledge-language module, wherein the
first set of speech transcriptions is translated into a second set of speech transcriptions in the
second language using the integrated knowledge-language module.

[00182] Additionally, or alternatively, the first language knowledge graph 1320 and/or
the second language knowledge graph 1322 may also be acoustic-based knowledge graphs,
wherein a multi-lingual integrated knowledge-speech module is generated (instead of the
knowledge graph being integrated with a language module as depicted in Figure 13). In such
embodiments, the first acoustic knowledge graph is generated in the first language and the
second acoustic knowledge graph is generated in a second language. The knowledge module
1312 is then trained to generate acoustic knowledge-based entity representations in the first
language based on the second acoustic knowledge graph. In some instances, the integrated
knowledge-speech module is trained to perform semantic analysis in the first language based
on knowledge learned from entities and entity relations in the second language.

[00183] Methods and systems are also provided for generating an integrated knowledge-
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speech module by obtaining electronic content comprising a first set of speech audio data in
the first language, applying the electronic content as input to the integrated knowledge-
speech module, and translating the first set of speech audio data into a second set of speech
audio data in the second language using the integrated knowledge-speech module.

[00184] Attention will now be directed to Figure 14, which illustrates a system and
method for generating an integrated knowledge-language module based on a multi-
knowledge graph alignment. For example, Figure 14 shows a knowledge module 1412
which provides knowledge information 1418 to a language module 1414, which in turn
provides context information to the knowledge module 1412.

[00185] The knowledge module 1412 is trained on one or more knowledge graphs. In
some embodiments, the knowledge module is trained on an initial knowledge graph 1420,
and in subsequent training processes, the initial knowledge graph 1420 is aligned with one
or more customized knowledge graphs. In such embodiments, the knowledge module is then
fine-tuned and trained based on the aligned or coupled knowledge graphs.

[00186] In some embodiments, the initial knowledge graph 1420 is first aligned to one
or more custom knowledge graphs (e.g., acoustic knowledge graph 1422, enterprise
knowledge graph 1424, and/or personalized knowledge graph 1426). The knowledge
module 1412 is then trained on the aligned set of knowledge graphs.

[00187] In some embodiments, the custom knowledge graph is an acoustic knowledge
graph 1422 The acoustic knowledge graph 1422 is derived from the initial knowledge graph
(e.g., via a TTS model) or is separately generated/accessed.

[00188] In some embodiments, the first knowledge graph (e.g., initial knowledge graph
1420) is obtained as a textual-based knowledge graph. In such embodiments, each entity of
the first set of entities being represented by entity description text to describe the concept
and meaning of the entities, and each relation of the first set of relations being represented
by relation description text to describe each relation between two or more entities.

[00189] A second knowledge graph is generated and/or obtained as an acoustic-based
knowledge graph (e.g., acoustic knowledge graph 1422). In such instances, each entity of
the second set of entities being represented by entity description audio data to describe the
concept and meaning of the entities, and each relation of the second set of relations being
represented by relation description audio data to describe each relation between two or more
entities.

[00190] The language module 1414 is pre-trained on a training data set comprising

unlabeled or unannotated text data to understand semantic information from text-based
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transcripts corresponding to the first knowledge graph (e.g., initial knowledge graph 1420).
The language module 1414 is also integrated with knowledge module 1412 to form an
integrated knowledge-language module 1410. The language module 1414 provides context
information 1416 to the knowledge module, and the knowledge module 1412 provides
knowledge information 1418 to the language module 1414,

[00191] In some embodiments, a knowledge graph is personalized knowledge graph
1426 comprising attributes about a personalized voice, including native language, secondary
languages, user gender, voice prosody qualities, voice timbre qualities, or other descriptive
features. In some embodiments, the knowledge graph is an acoustic-based personalized
knowledge graph. The personalized knowledge graph 1426 includes characteristics about
pitch, intonation, speaking rate, speaking style, emotive description, etc. In some instances,
the personalized (entity-specific) acoustic knowledge graph comprises entities (e.g., nodes)
that are characterized by timbre characteristics of the speaker. Additionally, or alternatively,
the personalized acoustic knowledge graph is characterized by the prosody style of the
speaker.

[00192] In some embodiments, the personalized knowledge graph 1426 is characterized
by a user-defined set of entities and user-defined set of relationships, that may or not may
not contradict a general public knowledge but is based on the preferences of that particular
user. Thus, some methods and systems are provided to generate a first knowledge graph in
a first domain and to generate a second knowledge graph as in a second domain, or an entity-
specific personalized domain. Subsequently, the knowledge module is adapted to generate
knowledge-based entity representations in the second domain based on the first knowledge
graph. The integrated knowledge-language module is then trained to perform semantic
analysis in the second domain based on personalized knowledge learned from entities and
entity relations in the first domain.

[00193] In similar manner, the initial knowledge graph 1420 is aligned to an enterprise
knowledge graph 1424 which contains knowledge about a particular enterprise or company.
For example, in some embodiments, the enterprise corresponds to a specialized vocabulary
or vernacular unique to a particular industry. In some embodiments, the enterprise
knowledge graph 1424 is an acoustic based knowledge graph (e.g., acoustic KG 1422)
which is characterized by an enterprise-specific voice (either human or machine-generated
or a machine altered human voice).

[00194] In some embodiments, methods and systems are provided for generating the first

knowledge graph as a domain-independent knowledge graph and generating the second
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knowledge graph as an enterprise knowledge graph 1424, wherein the second set of entities
and second set of relations correspond to the enterprise-specific domain. The computing
system then adapts the knowledge module 1412 to generate enterprise-specific knowledge-
based entity representations. Thus, the integrated knowledge-language module is also
adapted to perform improved semantic analysis for enterprise-specific electronic language
content.

[00195] Insome instances where a database of knowledge graphs is authorized to be used
by a particular user, the user is able to search for and select a particular knowledge graphs
based on tags (or other identifiers) matching the query by which the user searches in the
database. It should be appreciated that the personalized acoustic knowledge graph is
configured to sound as close to the natural speaking voice of the target speaker.

[00196] In some embodiments, the acoustic knowledge graph 1422 corresponds to a
neural TTS model trained on natural speech data and/or synthesized speech data, wherein
the neural TTS model is configured to output speech data in the personalized voice or an
enterprise-specific modality.

[00197] In some embodiments, methods and systems are provided for aligning dual-
acoustic knowledge graphs, wherein the initial knowledge graph 1420 is also an acoustic-
based knowledge graph. In such embodiments, the knowledge module 1412 is integrated
with a speech module (e.g., speech module 714).

[00198] In some embodiments, the computing system obtains a first acoustic knowledge
graph comprising a first set of entities and a first set of relations, each relation of the first
set of relations describing a relationship between two or more entities included in the first
set of entities. The computing system also obtains a second acoustic knowledge graph
comprising a second set of entities and a second set of relations, each relation of the second
set of relations describing a relationship between two or more entities included in the second
set of entities.

[00199] The first and second acoustic knowledge graphs are aligned such that a first
subset of entities and relations from the first acoustic knowledge graph corresponds to a
second subset of entities and relations from the second acoustic knowledge graph.

[00200] Subsequently, a knowledge module is trained with the aligned knowledge graphs
to generate knowledge-based entity representations. The computing system then generates
an integrated knowledge-speech module that is configured to perform semantic analysis for
the entities and entity relations included in the second acoustic knowledge graph based on

knowledge learned from entities and entity relations in the first acoustic knowledge graph
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by at least integrating the speech module with the knowledge module.

[00201] In some embodiments, the computing system is configured to initialize and
operate the integrated knowledge-language module and/or integrated knowledge speech
module at/during run-time and perform semantic analysis on audio- and/or text-based
speech utterances. Additionally, or alternatively, the computing system is also configured
to obtain electronic content comprising speech utterances and perform semantic analysis on
the electronic content using the integrated knowledge-language module.

[00202] During run-time, the integrated knowledge-language module is configured to
perform semantic analysis for entities and entity relations in a second knowledge graph
based on knowledge learned from entities and entity relations in a first knowledge graph,
and as a result of integrating a language module with a knowledge module that is trained
with the alignment of the first knowledge graph and second knowledge graph, and by
providing contextual information to the knowledge module from a language module trained
to understand semantic information from speech utterances. After performing semantic
analysis on the electronic content, the computing system also outputs a translation of the
electronic content from the integrated knowledge-language module.

[00203] As previously mentioned, the first knowledge graph and second knowledge
graph may comprise acoustic-based knowledge graphs, which is useful when the electronic
content comprises acoustic-based utterances. Alternatively, the first knowledge graph and
the second knowledge graph may also comprise language or textual-based knowledge
graphs, which is useful when the electronic content comprises text-based speech utterances.
[00204] When performing translations between languages, the computing system
translates a first set of speech transcriptions in a first language into a second set of speech
transcriptions in a second language using the integrated knowledge-language module. The
computing system also performs semantic analysis on the electronic content in a second
language based on knowledge learned from entities and entity relations in a first language.
[00205] The output of the translation can be further improved by aligning the language
module with a desired speech module, particularly when the speech module is pre-trained
on a training data set comprising unlabeled or unannotated acoustic data to understand
semantic information from speech utterances. The speech module and the language module
included in the integrated knowledge-speech module (e.g., integrated knowledge-speech
module 1430 will be aligned, in some cases, by projecting the language output embeddings
(previously generated by leveraging knowledge graph multi-alignment techniques) and

acoustic output embeddings into the same semantic space.
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[00206] In some embodiments, one or more of the knowledge graphs are image-based
knowledge graphs, wherein each entity is represented by image data including a depiction
of the target entity and each relation is represented by image data including a depiction of
the relationship between two or more target entities. The knowledge graphs are configurable
as audio-visual or video-based knowledge graphs, wherein each entity is represented by
video data including a recorded or machine generated video depiction of the target entity
and each relation between entities is also represented by a corresponding video segment or
video data point.

[00207] In such embodiments, during knowledge module training, either image and/or
video description data is included to give contextual description to each of the knowledge
graph nodes. Systems and methods are also able to be adapted such that the knowledge
module is integrated with a machine vision module configured to perform image and/or
video data analysis, interpretation and understanding.

[00208] In additional reference to Figure 3, in some embodiments, a fine-tuning or
refinement training is applied, wherein the integrated knowledge-language module supports
either the knowledge graph employed during pre-training (e.g., KG 330 and/or Initial
Knowledge Graph 1420) or a novel custom knowledge graph with previously unseen
entities. If a custom KG (e.g., Acoustic Knowledge Graph 1422, Enterprise Knowledge
Graph 1424, and/or Personalized Knowledge Graph 1426) is used, the entity context
embeddings memory (e.g., ECEM 322) is recomputed by the pre-trained language module
using the new entity description text corresponding to the custom KG. To increase
efficiency, the ECEM 322 is not updated during fine-tuning and/or the relation context
embedding memory computed using the pre-trained language module.

[00209] In view of the foregoing, it will be appreciated that the disclosed embodiments
provide many technical benefits over conventional systems and methods for generating
machine learning training data configured to train a machine learning model as an optimized
speech module, an integrated knowledge-speech module and/or an integrated knowledge-
language module. The disclosed embodiments beneficially improve conventional
techniques for leverage knowledge information as part of a language module’s training and
for leveraging language information as part of a speech module’s training.

[00210] Embodiments of the present invention may comprise or utilize a special purpose
or general-purpose computer (e.g., computing system 110) including computer hardware,
as discussed in greater detail below. Embodiments within the scope of the present invention

also include physical and other computer-readable media for carrying or storing computer-
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executable instructions and/or data structures. Such computer-readable media can be any
available media that can be accessed by a general purpose or special purpose computer
system. Computer-readable media (e.g., hardware storage device(s) 140 of Figure 1) that
store computer-executable instructions (e.g., computer-executable instructions 118 of
Figure 1) are physical hardware storage media/devices that exclude transmission media.
Computer-readable media that carry computer-executable instructions or computer-readable
instructions (e.g., computer-executable instructions 118) in one or more carrier waves or
signals are transmission media. Thus, by way of example, and not limitation, embodiments
of the invention can comprise at least two distinctly different kinds of computer-readable
media: physical computer-readable storage media/devices and transmission computer-
readable media.

[00211] Physical computer-readable storage media/devices are hardware and include
RAM, ROM, EEPROM, CD-ROM or other optical disk storage (such as CDs, DVDs, etc.),
magnetic disk storage or other magnetic storage devices, or any other hardware which can
be used to store desired program code means in the form of computer-executable
instructions or data structures and which can be accessed by a general purpose or special
purpose computer.

[00212] A “network” (e.g., network 130 of Figure 1) is defined as one or more data links
that enable the transport of electronic data between computer systems and/or modules and/or
other electronic devices. When information is transferred or provided over a network or
another communications connection (either hardwired, wireless, or a combination of
hardwired or wireless) to a computer, the computer properly views the connection as a
transmission medium. Transmissions media can include a network and/or data links which
can be used to carry, or desired program code means in the form of computer-executable
instructions or data structures and which can be accessed by a general purpose or special
purpose computer. Combinations of the above are also included within the scope of
computer-readable media.

[00213] Further, upon reaching various computer system components, program code
means in the form of computer-executable instructions or data structures can be transferred
automatically from transmission computer-readable media to physical computer-readable
storage media (or vice versa). For example, computer-executable instructions or data
structures received over a network or data link can be buffered in RAM within a network
interface module (e.g., a “NIC”), and then eventually transferred to computer system RAM

and/or to less volatile computer-readable physical storage media at a computer system.
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Thus, computer-readable physical storage media can be included in computer system
components that also (or even primarily) utilize transmission media.

[00214] Computer-executable instructions comprise, for example, instructions and data
which cause a general-purpose computer, special purpose computer, or special purpose
processing device to perform a certain function or group of functions. The computer-
executable instructions may be, for example, binaries, intermediate format instructions such
as assembly language, or even source code. Although the subject matter has been described
in language specific to structural features and/or methodological acts, it is to be understood
that the subject matter defined in the appended claims is not necessarily limited to the
described features or acts described above. Rather, the described features and acts are
disclosed as example forms of implementing the claims.

[00215] Those skilled in the art will appreciate that the invention may be practiced in
network computing environments with many types of computer system configurations,
including, personal computers, desktop computers, laptop computers, message processors,
hand-held devices, multi-processor systems, microprocessor-based or programmable
consumer electronics, network PCs, minicomputers, mainframe computers, mobile
telephones, PDAs, pagers, routers, switches, and the like. The invention may also be
practiced in distributed system environments where local and remote computer systems,
which are linked (either by hardwired data links, wireless data links, or by a combination of
hardwired and wireless data links) through a network, both perform tasks. In a distributed
system environment, program modules may be located in both local and remote memory
storage devices.

[00216] Alternatively, or in addition, the functionality described herein can be
performed, at least in part, by one or more hardware logic components. For example, and
without limitation, illustrative types of hardware logic components that can be used include
Field-programmable Gate Arrays (FPGAs), Program-specific Integrated Circuits (ASICs),
Program-specific Standard Products (ASSPs), System-on-a-chip systems (SOCs), Complex
Programmable Logic Devices (CPLDs), etc.

[00217] The present invention may be embodied in other specific forms without
departing from its essential characteristics. The described embodiments are to be considered
in all respects only as illustrative and not restrictive. The scope of the invention is, therefore,
indicated by the appended claims rather than by the foregoing description. All changes
which come within the meaning and range of equivalency of the claims are to be embraced

within their scope.
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CLAIMS
1. A computer implemented method for joint training a language module with
a knowledge module for natural language understanding, the method comprising:
obtaining a first knowledge graph comprising a first set of entities and a first
set of relations, each relation of the first set of relations describing a relationship between
two or more entities included in the first set of entities;
obtaining a second knowledge graph comprising a second set of entities and
asecond set of relations, each relation of the second set of relations describing a relationship
between two or more entities included in the second set of entities;
aligning the first knowledge graph and second knowledge graph such that a
first subset of entities and relations from the first knowledge graph corresponds to a second
subset of entities and relations from the second knowledge graph;
training a knowledge module with the aligned knowledge graphs to generate
knowledge-based entity representations; and
generating an integrated knowledge-language module that is configured to
perform semantic analysis for the entities and entity relations in the second knowledge graph
based on knowledge learned from entities and entity relations in the first knowledge graph
by coupling the language module with the knowledge module.
2. The method of claim 1, further comprising:
generating the first knowledge graph in a first language;
generating the second knowledge graph in a second language;
configuring the knowledge module to generate knowledge-based entity
representations in the second language based on the first knowledge graph; and
training the integrated knowledge-language module to perform semantic
analysis in the second language based on knowledge learned from entities and entity
relations in the first language.
3. The method of claim 2, further comprising:
configuring the knowledge module to generate knowledge-based entity
representations in the first language based on the second knowledge graph; and
training the integrated knowledge-language module to perform semantic
analysis in the first language based on knowledge learned from entities and entity relations
in the second language.
4. The method of claim 2, further comprising:

obtaining electronic content comprising a first set of speech transcriptions in
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the first language;
applying the electronic content as input to the integrated knowledge-
language module; and
translating the first set of speech transcriptions into a second set of speech
transcriptions in the second language using the integrated knowledge-language module.
5. The method of claim 1, further comprising:
generating the first knowledge graph as a domain-independent knowledge
graph;
generating the second knowledge graph as an enterprise-specific knowledge
graph, wherein the second set of entities and second set of relations correspond to an
enterprise-specific domain;
adapting the knowledge module to generate enterprise-specific knowledge-
based entity representations; and
adapting the integrated knowledge-language module to perform improved
semantic analysis for enterprise-specific electronic language content.
6. The method of claim 1, further comprising:
generating the first knowledge graph in a first domain;
generating the second knowledge graph in an entity-specific personalized
domain;
adapting the knowledge module to generate knowledge-based entity
representations in the entity-specific personalized domain based on the first knowledge
graph; and
training the integrated knowledge-language module to perform semantic
analysis in the entity-specific personalized domain based on personalized knowledge
learned from entities and entity relations in the first domain.
7. The method of claim 1, further comprising:
obtaining the first knowledge graph as a textual-based knowledge graph,
each entity of the first set of entities being represented by entity description text to
describe a concept and meaning of the entities and each relation of the first set of relations
being represented by relation description text to describe each relation between two or more
entities; and
generating the second knowledge graph as an acoustic-based knowledge graph, each
entity of the second set of entities being represented by entity description audio data to

describe a concept and meaning of the entities and each relation of the second set of relations
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being represented by relation description audio data to describe each relation between two
or more entities.
8. The method of claim 1, further comprising:
pre-training the language module on a training data set comprising unlabeled text
data to understand semantic information from text-based transcripts.
9. The method of claim 1, further comprising:
pre-training a speech module on a training data set comprising unannotated
acoustic data to understand semantic information from audio-based speech utterances.
10. The method of claim 9, further comprising:
aligning the language module included in the integrated knowledge-language
module with the pre-trained speech module; and
generating an optimized speech model configured to perform semantic
analysis on audio data by leveraging acoustic information, language information and
knowledge information.
11. A computer implemented method for joint training a speech module with a
knowledge module for natural language understanding, the method comprising:
obtaining a first acoustic knowledge graph comprising a first set of entities
and a first set of relations, each relation of the first set of relations describing a relationship
between two or more entities included in the first set of entities;
obtaining a second acoustic knowledge graph comprising a second set of
entities and a second set of relations, each relation of the second set of relations describing
a relationship between two or more entities included in the second set of entities;
aligning the first acoustic knowledge graph and second acoustic knowledge
graph such that a first subset of entities and relations from the first acoustic knowledge graph
corresponds to a second subset of entities and relations from the second acoustic knowledge
graph;
training a knowledge module with the aligned knowledge graphs to generate
knowledge-based entity representations; and
generating an integrated knowledge-speech module that is configured to
perform semantic analysis for the entities and entity relations included in the second acoustic
knowledge graph based on knowledge learned from entities and entity relations in the first
acoustic knowledge graph by integrating the speech module with the knowledge module.
12. The method of claim 11, further comprising:

generating the first acoustic knowledge graph in a first language;

45



WO 2022/159198 PCT/US2021/062723

generating the second acoustic knowledge graph in a second language;
configuring the knowledge module to generate acoustic knowledge-based
entity representations in the second language based on the first acoustic knowledge graph;
and
training the integrated knowledge-speech module to perform semantic
analysis in the second language based on knowledge learned from entities and entity
relations in the first language.
13. The method of claim 12, further comprising:
training the knowledge module to generate acoustic knowledge-based entity
representations in the first language based on the second acoustic knowledge graph; and
training the integrated knowledge-speech module to perform semantic
analysis in the first language based on knowledge learned from entities and entity relations
in the second language.
14. The method of claim 12, further comprising:
obtaining electronic content comprising a first set of speech audio data in the
first language;
applying the electronic content as input to the integrated knowledge-speech
module; and
output a translation of the electronic content from the integrated knowledge-
language module.
15. The method of claim 14, wherein outputting the translation includes:
translating the first set of speech audio data into a second set of speech audio data in

the second language using the integrated knowledge-speech module.

46



WO 2022/159198

/14

PCT/US2021/062723

g8 0§ on
£ W Wy WY
e N,
. 5 -.}- o3
= vy y
N B3 b
. b 3
3 3 kY
\ kY 3 X .
X b ™
\ M)
%, - % ¥
™, & E 3
\\\ Y \‘ \‘
' § i
% :
N i ¥
\ 3 H S %
H N H & A
§ ® 3
3 3
= : ¥ 4
N 3 o 3
3 N ; 2o i
2 i o W i
] 3 N wow 3
& R e ‘\\;
e ool W N
N X B
s 8 e
N o O]
3 & RN E
3 EC S R
o]
R}
N
=R
8 3 :
k‘ fixd e 3 [
X bl X 1 &
o) By S 3 i
+d 3 § by
MR R b
T 0 R\ N 2
% 3 ] H R
N8 BY = i hod
NN e i § B
§ Ry
™% 3 YT H e
o i i3 $l beedhed fd S
§ § N N N § H
§o8 $ Fod s &
) 4 o o ey ‘\‘o‘“ o _.\.o‘\\
! ! D ? y i
- 5 N S § g §
e 3 0 w g Y R 2 W ; g ;
§ o 3 o U w t PN wl 3 s R
; w2 ' e\ < ot N WY W} W
Eoty CON B = o E
Ry

FIG. 1



WO 2022/159198 PCT/US2021/062723

2/14

/.
7
2
‘o
., e
Ottt st nnmmnnns it tioore £t T

S ENVIVIIIRII——

P R R

FIG. 2

e R—




WO 2022/159198 PCT/US2021/062723

3/14

%
kve g
w,
",
3
/‘/

§
R &
AN SIS G
R R R
N g
. 3 e >
= IS
e = N
N v F
N
3 3 g

4,
A
"

3 «\\\\\\\‘*

#1 Yy prgddistion:

Relgtn

s
{%‘
poed
K
T L&
o
o
R
B
%
.
Ld g
O N
<«
-
& ‘_..\\\\\\\\\\\\\\\»\
2 § &t
N 3
; 3 HES
N Ry 3 -
3 1P
N 38
3 by
N H
N H .
N 3
N H .
W Rssaand 3 "{““

4
5

ity Ruprasers

P by,

iy
% %
e

o
\\\\\\\\\\\\\\\\\“‘

£

M,

R o
18 NS

g i \‘ N
% $ou
_ 3
w4 o
X =N H 2
iy, SNy N R
At \\ ¢‘$,.}§ t;\

1
.

!

M &
—~
R

Nanaanaan SRR Naaaaaaaaa

2
F

FIG. 3



WO 2022/159198

kY

¥ S .
N oo
$§
R e
3 e »
: & o & B
g TR NSRS @
by s 0y ¢
H 283 3
& R} $ [N
¥ N W
¢ 2
T — \ S
: - . g
&
$ s
s
N o i R
§ 2 B s
§ R S X
g N =
N R =0 Fal
§ P b Qe ]
8 i 4 &
~ N * %
N i woR
& s g2
§ 2 W
2 o TR
: X &8
N bel p M
8 W -~
By ’ R
§ 1 y ; . -
8 Nsannmrgannneay Nowmmmannsapanannes™ WM:?'
¥ j .\.\' ;
: ;
: )
§

) o8
&Y oY

F <5F

4/14

N

e W e, R e e

e R e G A G WA e G WA G e W Gee A W Me e R

K3
kS
3
X
E

¢ g
S e IR R g R

PCT/US2021/062723

FIG. 4

&L
Y
RN
Ry
3
Y
H
|

fred
0

-
oo R XS
s

_\&: wan
w3




WO 2022/159198 PCT/US2021/062723

S/14

3
¥
T X
T R
3
LEREAAARRREREAE RAREERELAARR R
Pt
TTETTeITTIeY R JETETTeIITrPrTIeey e
b 3 & £y 3
N ¥ 2 W
Rl b3 2
b3 £y
T 3
RS

R

S
3
3
3
3

2

2

¥
b
b
b
b
b
i

s

Transformu

R
R
)
bty
QRN
Wy \ NNy RN
b3 2 y
b3 £y
b3 £y
b3 By
b3 &3
AR

ey,

g

N

o™
P

*\\}

AL

»
ps
bs
bs
bs
bs
b
bt
<

pasosbebsy

KARARRARARRRRAR KARARRARARARAAS

by
o
Pe

sssstvsae,

Former

N
Y
B
oy
X s
RS
H

P
b1
b
b
b
b
b
b
b
b
b
b
b
b
b
b

S
b3
pS
pS
pS
pS
bS
k%

SRR

Tran

¥
b3
b3
pS
b 3 R
PR ANRNERNRNNRNRNN TR
S s
3
S ; ;
R 3 e
i i i H
SARARERRARARAR A ARSARARARRARARAAT

FIG. 5



WO 2022/159198 PCT/US2021/062723

6/14

T R
& Wy
[Res

AR RIS

RS

e

<

(RVIE

[t
goooccnmesecessccnmesscessec

) 4

Y
I

FIG. 6

ey ey
e 25
R t)
b
o
W
w2




WO 2022/159198 PCT/US2021/062723

7/14

'y \
N Fp— Y s
3 X 3 3 \
FE IO S }
NG &2 oy §4 &y
Ty Pl H R Q& 3
S S T
R { i ol
¢ g3 i § W
Vo i Pl &
N ¥ Qi H 3 YA M3 H
i3 ¢ i R i
- S R
[ S H R W S i
i3 £ H N i
¥y M i Voo &
3 s 3§ X AN N
3 = 3 3 L Tx 1§
. H P 8 i
¥4 g ¥ P Q3
ViR Vg & i
L 3 B L *§
i ] i R g
AN : N * &

i‘f}f \\i....................." pF - S————

. ~
e &N
x4

P N
B
PR R T SR VONV UGN SN WAV VIV VNV VAR SNV R

¥

:
§

FIG. 7

MinmannaaanaanaanttS




PCT/US2021/062723

8/14

|

< AN

WO 2022/159198

Mmmwmn«\@&m WY j.l Ktz the 4 *“& jrixitiietin g -‘wll ISPOUNT INBL . Yoy

st

s.\. fr .o

5 P s
Y .ff.s_ P d . ’
s 7 - 98

P




WO 2022/159198 PCT/US2021/062723

9/14

e

W

P

W

Ry

ey
e

"

Entity colmyary pradittion:

% 2R
B {g &5
k § R
. “ s
- N3 ~§
3
¥
" N
R i3
e 3 ﬁ,
7 P
el 3 4
5 oy
; X ~
& ’Q‘ W &%
3
<
S H
=
P4
243
NS
ks
BRY

%%




WO 2022/159198

10/14

=

W

e

SRS

ooty

#
z

¥

e,

4
YT e,

PCT/US2021/062723

FIG. 10



WO 2022/159198 PCT/US2021/062723

11/14

R R i R e R I I R Y

2
R

3
N <
3 o
wmmw,&mwu\w‘%ﬁu\w,\nmwaﬁmw‘mq 3

3
¥
§
H
H
¥
3
i
i
%
3
i
%
i
H
2

4
N
Ea]
oy N N
\ 3
b
i X
N X,
% kS
3
N
N
3
R
H
k;
%
bA
X
b

JRECCVTUVRVVETR. VEPRVERVTIven

~

1140

H
¥
§
3
R
§
:
i
i
¥
i
§
3
¥
§
H
N
3
3
¥
¥
3
§
3
¥
$
H
§
i
3
H
§
3

¥
3
v
13
3
¥
3
3
1
13
Ed
¥
3
3
¥
&
v
¥
&
13
13
3
¥
13
&
¥
3
i3
¥
3
. 3
A
\\~ ¥
b i &
P § ® :
i 2 ¢
i § &
H X 13
&Y ¥
B e A &
Wi [ &
FER R ¢
o« \:3 ¥
R & :g
£ RECEUINERINTORe. . w3 3
N $ R
¢
~N : : ; 2 ;
oo
-3 ; z{,\\s‘:& o i )?, 3
" SRS P & &
I - ¥ § L “\““““““\““““{wp iR ¢
o 3 > P 3 3
.3 e P . N
eey Dol :
v 2 2 .
TN ¢ ¢ ¥ i
YR ST e S g
TERNEI ~ B A TP = g §
3 rdees F i } 8 o
ooy 7 i 3T, P
¢ 8 h L S T S S
¥ = RN
N Mo 2 & TR
§ g S o & ™,
LN U § ¥
o 2 L [f 4 { 3 ‘\
g R Sl o~ ¢ 5
o 3 F I —— ~ RS ¢ o~ ¥ e,
o . R % b e .
Lo * R § ™ 3 b o &
o § U B, g o 3
\ N i ;-..;3 F < ‘ e ‘@
¥ 3 ¥ ~ ot ¥ S
[ERRES i X \\\: FANEN N 3 & [
i B S 3 3 WY
¥ 3 PR S (J’s“ 3 ¥ RIS
% ES =y ¥ IR
oo T8 M U ¥ R
¥ M To» QO g ) JE
i R = I 3 AN & RO
x >t ol &
M L £ R
3 & o 3 ¥ LN L
¥oE N & FRE
¢ % 3 P ¥ 3 ¥
3 & 3 o3 3 i \i‘%
3 & oot : PR
¥ . 3
§ ¥
? . . ) fou - . . 8 W&
3

e . R

FIG. 11




WO 2022/159198

oy

W

Sods

2t

-

o™

=t

©

g ¥
BHEE
Fa¥
o W N
D e

czﬂ

<,

oas

>
»

12/14

A7

Y
13

~
Ak

PCT/US2021/062723

FIG. 12



WO 2022/159198

s,

N

™N P R

™

1
/

J o Y v s

/-./""' B

s 60 IERCIOOPI000 20 e 5 i,
o “tin,,

o R ELELI00000500 K 001
. wtrss,

A

]

e mie, Sl
PN A 4154584 5O

iy, i
LN pn 20 8 5000 P N E IO

e

S
o P
R

¥
ot
g R

s >
wOw
w8
£
ol
N

13/14

S rtir, o’
(e OV VPRSP e L ot

X
3
H
}

}

t

3

3

H

H

{

{

{

{

{

{

{

{

{

{

3

H

{
b
§
§
§
h

N

NN S N A W D N S B T S e W

3

£
e
P

¥

s i iy

oy

%
%
N
N

P

P

s

o

o

3

B

oy .

-

N
s

P
43
Wioduie

s

By W

T e

& &
v\\w\\\“\\m'

T o s ve w on N e g N 08 N SR S0 e
¥

s

b

o

%

o e o b

PCT/US2021/062723

G
i
)

223

H
3

cedu

A

%5
¥

FIG. 13



PCT/US2021/062723

14/14

WO 2022/159198

AL |

it
et
e

[k
faa)
2B
2
-~
56
LS
S &
g
3 x&s
3
LR E\Z
TR
2
3
-
ANa
o
X

B O

e e B

GOIRUBDY BEpSRa0TY

g

PEIBUOSISS A

st P IIIIR LS 100100 100 i,
et cire.,

e, e
mt i, rits
SRSt bbbttt 00 0000 I IS

s rart IO

vosse; - oo
Pt lirra, e O
4ot e

v
. enntttnss,
e e e,

™\

4

3
§
ks
3
b4
b3
¥
b:
%
%
b
3

yitesty #Bpapmnuy

bSO IO 100531 01 o rtFPALOIIIIIIIIIIIIIIO S
st o, ot retnes,

i
48

R

iy, st 2? - Sttty it s ? 7L
& G e : e hn bttt ittt 0 08 ARTEE T

e

P s
-

CeCer
rnrvin,
v,

OO JOBY0T
Do e P ne e po e Rt et e e A o (((.QK.?*\%..{K S e T e SR NP VP SV S

¥ %

AP PPRERII OO OO L LOL L A gy,
e crptny,,

H Attt e s isisiasasmoo w250

et

i Vs

R A A Ak R e R g



INTERNATIONAL SEARCH REPORT

International application No

PCT/US2021/062723
A. CLASSIFICATION OF SUBJECT MATTER
INV. GO6F40/30 GO6F40/56 GO6F40/58 GO6N20/00 GO6N3/02
G101.13/00 G10L15/00
ADD.

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

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)
GO6F GO6N G1l0L

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

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

EPO-Internal, WPI Data, COMPENDEX, INSPEC, IBM-TDB

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* | Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

X ALEXANDER KALINOWSKI ET AL: "A Survey of
Embedding Space Alignment Methods for
Language and Knowledge Graphs",

ARXIV.ORG, CORNELL UNIVERSITY LIBRARY, 201
OLIN LIBRARY CORNELL UNIVERSITY ITHACA, NY

14853,
26 October 2020 (2020-10-26),
the whole document

8 December 2016 (2016-12-08)
the whole document

20 August 2019 (2019-08-20)
the whole document

XpP081798417,

A WO 2016/196320 A1l (MICROSOFT TECHNOLOGY
LICENSING LLC [US]; PENG SHENGCAI [CN])

A US 10 388 274 Bl (HOFFMEISTER BJORN [US])

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

‘z‘ 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

23 March 2022

Date of mailing of the international search report

04/04/2022

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

Lechenne, Laurence

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




INTERNATIONAL SEARCH REPORT

Information on patent family members

International application No

PCT/US2021/062723
Patent document Publication Patent family Publication
cited in search report date member(s) date
WO 2016196320 Al 08-12-2016 CN 106205608 A 07-12-2016
WO 2016196320 Al 08-12-2016
US 10388274 Bl 20-08-2019 NONE

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




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - description
	Page 35 - description
	Page 36 - description
	Page 37 - description
	Page 38 - description
	Page 39 - description
	Page 40 - description
	Page 41 - description
	Page 42 - description
	Page 43 - description
	Page 44 - description
	Page 45 - claims
	Page 46 - claims
	Page 47 - claims
	Page 48 - claims
	Page 49 - drawings
	Page 50 - drawings
	Page 51 - drawings
	Page 52 - drawings
	Page 53 - drawings
	Page 54 - drawings
	Page 55 - drawings
	Page 56 - drawings
	Page 57 - drawings
	Page 58 - drawings
	Page 59 - drawings
	Page 60 - drawings
	Page 61 - drawings
	Page 62 - drawings
	Page 63 - wo-search-report
	Page 64 - wo-search-report

