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HANDS-ON ARTIFICIAL INTELLIGENCE
EDUCATION SERVICE

BACKGROUND

[0001] This application is a continuation of U.S. patent
application Ser. No. 16/897,094, filed Jun. 9, 2020, which
claims benefit of priority to U.S. Provisional Application
No. 62/941,559 filed Nov. 27, 2019, titled “Hands-on Arti-
ficial Intelligence Education Service,” which are hereby
incorporated by reference in their entirety.

[0002] In recent years, machine learning has increasingly
been used for addressing problems in a number of domains.
The sophistication of the machine learning techniques being
used for such tasks as classification, object recognition,
fraud detection, and the like has increased to the point that
it is often difficult even for technically-adept individuals to
understand how the techniques work. As a result, the set of
qualified individuals who can help high-quality develop
machine learning models remains relatively small.

[0003] In contrast to many traditional machine learning
approaches, which may be referred to as “discriminative
artificial intelligence,” the term “generative artificial intel-
ligence” refers to a set of machine learning techniques that
enable human-like creative tasks to be performed with the
help of machine learning models. Whereas traditional dis-
criminative machine learning typically makes predictions or
inferences based on analysis of input data, humans can
collaborate with generative artificial intelligence tools to
create new digital works such as music, art, or even stories.
As such, computing systems at which generative artificial
intelligence algorithms are implemented may be considered
part of the creative process. Applications of generative
artificial intelligence include accelerating product develop-
ment by automatically turning rough sketches into images or
three-dimensional designs, generating synthetic records
which can be used to train other machine learning models to
help diagnose diseases, and so on.

[0004] Generative artificial intelligence techniques are
typically extremely complex, however. They typically
require deep knowledge of specialized methods, and in some
cases may require multiple machine learning models to be
trained together, requiring rare combinations of skills. Indi-
viduals interested in becoming fluent in generative and other
similar artificial intelligence techniques may either have to
try to stay abreast of fast moving and often extremely
theoretical academic literature, or delve into online
resources which are often dry and difficult to generalize.

BRIEF DESCRIPTION OF DRAWINGS

[0005] FIG. 1 illustrates an example system environment
in which a network-accessible artificial intelligence educa-
tion service may be implemented, according to at least some
embodiments.

[0006] FIG. 2 illustrates a high-level overview of an
iterative hands-on approach for learning about artificial
intelligence that may be enabled at an artificial intelligence
education service, according to at least some embodiments.
[0007] FIG. 3 illustrates an example of sample building
block models which may be used to illustrate differing levels
of complexity of content creation tasks which may be
performed using machine learning algorithms, according to
at least some embodiments.

Jul. 27,2023

[0008] FIG. 4 illustrates example generative learning algo-
rithms which may be employed at an artificial intelligence
education service, according to at least some embodiments.
[0009] FIG. 5 illustrates an example interactive interface
which may be used to explore details of a generative model,
according to at least some embodiments.

[0010] FIG. 6 illustrates an example of a tag-based inter-
face which may be utilized to curate training data used for
a generative model, according to at least some embodiments.
[0011] FIG. 7 lists examples of hands-on teaching features
which may be implemented at an artificial intelligence
education service, according to at least some embodiments.
[0012] FIG. 8 illustrates an example technique which may
be used to show iteration-to-iteration changes during the
training of a generative model for creating music examples,
according to at least some embodiments.

[0013] FIG. 9 and FIG. 10 collectively illustrate examples
of programmatic interactions with an artificial intelligence
education service, according to at least some embodiments.
[0014] FIG. 11 illustrates an example provider network at
which an artificial intelligence education service may be
implemented, according to at least some embodiments.
[0015] FIG. 12 illustrates example domains for which
respective generative models may be utilized at an artificial
intelligence education service, according to at least some
embodiments.

[0016] FIG. 13 is a flow diagram illustrating aspects of
operations that may be performed at an artificial intelligence
education service, according to at least some embodiments.
[0017] FIG. 14 is a block diagram illustrating an example
computing device that may be used in at least some embodi-
ments.

[0018] While embodiments are described herein by way of
example for several embodiments and illustrative drawings,
those skilled in the art will recognize that embodiments are
not limited to the embodiments or drawings described. It
should be understood, that the drawings and detailed
description thereto are not intended to limit embodiments to
the particular form disclosed, but on the contrary, the inten-
tion is to cover all modifications, equivalents and alterna-
tives falling within the spirit and scope as defined by the
appended claims. The headings used herein are for organi-
zational purposes only and are not meant to be used to limit
the scope of the description or the claims. As used through-
out this application, the word “may” is used in a permissive
sense (i.e., meaning having the potential to), rather than the
mandatory sense (i.e., meaning must). Similarly, the words
“include,” “including,” and “includes” mean including, but
not limited to. When used in the claims, the term “or” is used
as an inclusive or and not as an exclusive or. For example,
the phrase “at least one of x, y, or Z” means any one of X, y,
and z, as well as any combination thereof.

DETAILED DESCRIPTION

[0019] The present disclosure relates to methods and appa-
ratus for implementing a network-accessible artificial intel-
ligence education service which provides a number of
easy-to-use hands-on interfaces, enabling users to familiar-
ize themselves with and experiment with various aspects of
complex machine learning techniques including generative
artificial intelligence. As a result of using such a service,
individuals with limited or no prior knowledge of machine
learning may soon become conversant with artificial intel-
ligence methodologies, and even initiate the training of
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customized models which can then be used to produce
real-world results. For example, amateur and/or professional
musicians may be able to quickly generate unique new
music of a desired style, visual artists or graphic designers
may be able to develop new artwork, video games and the
like, and health scientists may be able to generate synthetic
data that can be used to improve disease detection and
prediction tools. In at least some embodiments, such an
artificial intelligence education service (AIES) may be
implemented as part of a suite of services of a provider
network. The term “provider network” (sometimes simply
called a “cloud”) refers to a large pool of network-accessible
computing resources (such as compute, storage, and net-
working resources, applications, and services), which may
be virtualized or bare-metal. The cloud can provide conve-
nient, on-demand network access to a shared pool of con-
figurable computing resources that can be programmatically
provisioned and released in response to customer com-
mands. These resources can be dynamically provisioned and
reconfigured to adjust to variable load. In some embodi-
ments, a provider network may include a machine learning
service (MLS) in addition to the AIES, which may be used
to help train and/or run models used by the AIES or to
provide some of the easy-to-use interfaces used by the AIES.
The AIES may also be referred to as an artificial intelligence
education facilitation service or an artificial intelligence
education acceleration service, as it may significantly reduce
the time taken by learners to become fluent in various
artificial intelligence (AI) techniques.

[0020] In some embodiments, the focus of an AIES may
comprise one or more selected sub-fields of machine learn-
ing which are exceptionally complex, such as generative
artificial intelligence (GAI) techniques. The terms genera-
tive Al and generative machine learning may be used
interchangeably herein. Whereas traditional (non-genera-
tive) machine learning typically makes predictions or infer-
ences based on analysis of input data, humans may collabo-
rate with GAI tools to create new digital works such as
music, art, and the like. This creative potential makes GAI
an especially attractive entry point to introduce users to
machine learning concepts, as the AIES may be able to
demonstrate the benefits and impacts of various factors by,
for example, playing generated music or displaying gener-
ated artwork based on input obtained from users. In many of
the example scenarios discussed herein, GAI models that
can create new music derived (at least partly) from short
user-provided music items created using a simple electroni-
cally-connected musical instrument (such as a music key-
board connected as a peripheral device to a user’s laptop or
desktop) are used for educating the users regarding various
aspects of machine learning. Note that the AIES may utilize
other types of content and/or other types of models as part
of its educational methodology in at least some embodi-
ments; music-producing GAI models represents just one
example approach. In order to make it easy and fun for users
to learn about machine learning, the AIES may rely on a
number of sophisticated technical algorithms and techniques
under the covers in various embodiments—e.g., algorithms
that quickly transform music or other content items to
graphical representations that enable the demonstration of
progress being made during model training or the compari-
son of different examples, visualization algorithms that
clearly indicate the respective results of multiple stages of a
machine learning pipeline, presentation interfaces that
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enable easy drill downs into details of complex neural
networks and other models, real-time if’then comparisons
showing the impact of different model meta-parameter com-
binations or model types, and so on. The complex technical
details of the underlying algorithms may be kept hidden
from the users (at least initially); for example, in some
embodiments, user may not even have to examine or modify
any source code to generate their own customized generative
models. The output items created using GAI tools and
models may be referred to as synthetic content items in at
least some embodiments.

[0021] Inembodiments in which music creation is used as
the example GAI application for acceleration teaching of
machine learning concepts, users may be able to utilize
either on-screen representations of a musical instrument
(e.g., a virtual music keyboard shown on the screen) pre-
sented programmatically from the AIES, or connect a simple
electronically-connected musical instrument to a computing
device which is in turn connected to the AIES via the
Internet. AIES users, also referred to as AIES clients, may
begin by providing a few notes of music as input to one or
more sample GAI models that create corresponding syn-
thetic music items, which may be played back to the user to
provide immediate feedback regarding the results achieved
using the models. Clients may select or change the preferred
genre (e.g., “jazz”, “rock”, etc.) of music of the desired
output, and the system may immediately play the synthe-
sized music corresponding to that genre. Clients may view
meta-parameters and other artifacts of the models being
used, and/or the training data which was used for the sample
models, or even examine well-commented source code or
pseudo-code of the models, if desired. The clients may
eventually become familiar enough to make suggestions, via
easy-to-use interfaces, to select training data for a new
model, and may then be guided through the training itera-
tions of the model by the AIES. The AIES may provide
classification metadata (such as respective tags and metrics
for various music items of a corpus) as well as a sophisti-
cated search engine, which can be used by clients to select
examples for inclusion in a training data set.

[0022] In at least some embodiments, to further explicate
the training process, the AIES may use sophisticated content
transformation techniques to present visual (or multi-modal)
representations of the improvements or changes in the model
as training progresses—e.g., visual similarity/difference rep-
resentations may be generated and presented with respect to
the output content produced in different training iterations.
As the clients gain more confidence, they may try changing
meta-parameters (or the training data set) and re-training
models. In some cases, if desired, the clients may view
and/or modify source code of the models to be trained,
although accessing the source code may not be required to
train custom versions of the model—e.g., such custom
versions may be obtained simply by selecting a unique
training data set and/or tweaking meta-parameters. Eventu-
ally, in at least some embodiments, a client may decide that
the quality of the content generated by a particular model
trained on behalf of the client is high enough, and the trained
model may be stored. In one embodiment, the AIES may
enable clients such as musicians to publish the content
generated using their versions of the models, e.g., at a
web-based music sharing or distribution site, and/or to
participate in competitions for compute-generated content
items. The techniques learned by clients using the AIES may
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be transferred to various problem domains in different
embodiments, such as for generating synthetic medical
records that can be used to train disease detection machine
learning models, speeding up engineering/design projects by
quickly converting rough sketches into engineering draw-
ings, and so on.

[0023] As one skilled in the art will appreciate in light of
this disclosure, certain embodiments may be capable of
achieving various advantages, including some or all of the
following: (a) substantially speeding up the process of
educating interested parties in various aspects of artificial
intelligence and machine learning, by providing hands-on
training using interfaces that make learning fun; (b) improv-
ing the overall quality of machine learning solutions devel-
oped, by rapidly increasing the pool of competent practitio-
ners, and (¢) by exposing the internal details of various
machine learning models, increasing the overall trust level
of the public with regard to machine learning tools and
applications in general.

[0024] According to some embodiments, a system may
comprise one or more computing devices, e.g., of a network-
accessible AIES of a provider network. The devices may
include instructions that upon execution on or across one or
more processors cause the one or more computing devices to
provide, via one or more interactive programmatic interfaces
(such as graphical or web-based interfaces), an indication of
(a) one or more sample models implementing respective
generative machine learning algorithms trained to create
synthetic content items of a particular content type (such as
music, drawing, fiction text or the like) and (b) metadata
associated with the one or more sample models, such as the
names of the algorithms used in the models, respective
hyper-parameters of the different models, structural details
of the models (such as the number and types of neural
network layers), etc. Respective representations of (a) a first
synthetic content item generated at a particular sample
model (e.g., one of the sample models selected by a client)
in response to a first input content item and (b) a second
synthetic content item generated at the particular sample
model in response to a second input content item may be
provided, enabling a client or user to get a high-level sense
of the creative capabilities of the selected model.

[0025] The user may explore various other aspects of the
sample models via the programmatic interfaces in various
embodiments, e.g., experimenting with the impacts of
changing various properties of input content types or the
model hyper-parameters, and may eventually decide to
begin the process of training a specific customized model. A
plurality of training iterations of a custom generative
machine learning model may then be conducted, e.g., using
resources of a provider network. In some embodiments, the
AIES may obtain access to a large corpus of content items
(e.g., songs and other types of music performances) which
can be used to generate tailored training data sets for the
generative models. The AIES may implement one or more
algorithms to characterize the corpus elements along a
plurality of dimensions (e.g., whether and to what extent a
particular musical performance is a “jazz” performance, a
“blues” performance, the mood or psychological feelings the
musical performance is likely to engender in listeners, which
instruments or voice types are used, how many instruments
are used, and so on), and produce classification tags for
individual content items using such algorithms. Classifica-
tion tags may also be collected at the AIES from other
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sources—e.g., public databases may provide such informa-
tion as the year a particular performance was recorded, the
country it as recorded in, whether it is part of a soundtrack
of'a film, and so on, and tags indicative of such information
may also be made available to clients of the AIES if desired.
A client may submit programmatic requests indicating
which specific tags and/or other metadata of the content
items of the corpus are to be used to select a training data set
for the custom model in at least some embodiments.

[0026] The provider network resources used for training
the model on behalf of the client may include for example,
training resources managed by a machine learning service,
one or more software containers of a container management
service, compute instances of a virtualized computing ser-
vice, storage instances of an object storage service, and so on
in different embodiments. In at least some embodiments,
sophisticated content analysis and transformation tools may
be used to convert content items of one domain (e.g., music)
into objects that are easier to compare visually (e.g., graphi-
cal representations of the music, indicating where a particu-
lar music piece lies with respect to typical representative
music pieces of various genres) to help illustrate the changes
in the model as the training iterations proceed. For example,
even in the scenario in which the training iterations’ input
and output records are all music pieces or performances (and
are thus not inherently graphical or visual in nature), graphi-
cal representations of the differences between output pro-
duced in one training iteration for a given input record and
another iteration for the same input record may be presented
to the client in at least some embodiments. After the training
is completed, the trained version of the model may be stored
and used to generate new content based on input which was
not part of the training data set in various embodiments. The
AIES may enable clients to save, and generate versions of,
content items generated by client-selected models in at least
some embodiments. For example, with respect to music, one
or more editable or read-only file formats (e.g., mp3, way
etc.) may be selected by the clients for the musical items
produced by their customized models.

[0027] Any of a variety of types of generative machine
learning models may be used in different embodiments at an
AIES, including but not limited to generative adversarial
networks (GANSs), variational auto-encoders (VAEs), auto-
regressive models, transformers and the like. According to
some embodiments, a client may be able to try out different
model types for the same input—e.g., the same set of notes
may be provided as input to a GAN model, a VAE model and
so on to see how different the outputs from the different
models sound. In at least some embodiments, the AIES may
provide not only the values of various model hyper-param-
eters to clients exploring or experimenting with the models,
but also present simple graphical interface elements such as
sliders, knobs or the like which can be used to graphically
modify at least hyper-parameters if desired for additional
training or to execute trained versions of the models. In
some embodiments, the AIES may recommend or suggest
changes to try, e.g., based on feedback received from the
client regarding the content output being generated. For
example, the client may indicate, via a programmatic inter-
face, that the pace of a particular output music piece is too
slow for the client’s liking, and the AIES may suggest
changes to one or more hyper-parameters to help speed up
the music being produced. In at least one embodiment, a
client may be provided interface elements to switch or
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substitute between different instrument combinations to be
used for output music items—e.g., if desired, a client may be
allowed to change the model hyper-parameters (or training
data) to include electric guitar sounds instead of acoustic
guitar sounds. In some embodiments, the AIES may offer
recommendations for correcting input provided by a client—
e.g., if the client attempts to provide a well-known melody
to be used as input for generating a synthetic music content
item, and one or more of the notes provided by the client
differs from an expected note, the AIES may present a
message to the client indicating that the expected note may
be preferable, and change the note if the client agrees. In at
least one embodiment, the AIES may offer similar recom-
mendations regarding the output produced by a model
trained on behalf of the client—e.g., if the sequence of notes
produced by the model does not meet a euphony or harmony
criterion of the AIES, the AIES may suggest changes (e.g.,
to the hyper-parameters of the model, or to the output itself)
to the client.

[0028] Special interactive interfaces for machine learning
tasks, referred to as notebooks, may be presented by an AIES
in at least some embodiments to enable exploration, anno-
tation and/or modification of models, training data, and other
artifacts. In at least one embodiment, an AIES may utilize a
computing service of a provider network, such as a virtual-
ized computing service or a server-less dynamic provision-
ing computing service implementing a functional program-
ming methodology to implement such notebook interfaces.
[0029] A number of different subjective and/or objective
metrics may be generated for comparing content items
produced by a generative model (e.g., in respective training
iterations, or in response to different input records) at the
AIES in some embodiments. In the music domain, gener-
ating such metrics may involve, for example, generating
structural similarity matrices from music items, identifying
the number and types of instruments used, the number and
types of voices (e.g., soprano, baritone etc.) used, the pacing
of notes, the ratio of notes that qualify as belonging to a
particular genre such as rock versus jazz, beat patterns of
any percussion instruments used, and so on.

[0030] In various embodiments, the AIES may provide
annotated and thoroughly-commented versions of reference/
sample source code of various model and hyper-parameter
files, enabling those clients who wish to examine such
artifacts to do so at their leisure. In at least one embodiment,
editing interfaces (e.g., what-you-see-is-what-you-get or
WYSIWIG interfaces) may be provided to allow clients to
edit source code or other metadata, and save (or download)
their custom versions if desired. In one embodiment, the
AIES may provide integrations with one or more code
management of software development services or reposito-
ries, e.g., implemented as services of a provider network or
Internet-accessible web-sites, at which AIES clients may
store customized machine learning artifacts generate during
their experimentation at the AIES. Step-by-step tutorials
may be provided by the AIES for learning about various
types of machine learning algorithms and techniques in
some embodiments.

[0031] According to at least one embodiment, an AIES
client may submit selected favorite music items (e.g., com-
positions from a favorite artist) or other content, and request
that the provided content be used to help train one or more
generative machine learning models. In some embodiments,
if/when training examples for a custom version of a model
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is to be identified, the AIES may provide a like/dislike
interface enabling a client to indicate their preferences for
AIES-presented music examples. The client may listen to
each of several songs or music items of the AIES’s corpus,
and provide “like” or “don’t-like” feedback about each. As
the client indicates more preference feedback (i.e., as more
data regarding the likes and dislikes of the client becomes
known to the AIES), the AIES may be able to generate a
profile of the kinds of music to be included in the training
data set; as such, a training data set based on the client’s
preferences may eventually be generated without requiring
the clients to use words to describe qualities of the music to
be incorporated in the training data.

Example System Environment

[0032] FIG. 1 illustrates an example system environment
in which a network-accessible artificial intelligence educa-
tion service may be implemented, according to at least some
embodiments. As shown, system 100 includes various
resources and artifacts of an artificial intelligence education
service (AIES) 110 at which generative Al (GAI) algorithms
and models are used to help teach clients via hands-on
techniques about various aspects of artificial intelligence.
The AIES 110 may implement one or more programmatic
interfaces 177 in the depicted embodiment, such as web-
based consoles, graphical user interfaces and the like, which
may be used by clients to interact with the AIES in various
ways. In some embodiments, the programmatic interfaces
177 may include application programming interfaces (APIs)
and/or command-line tools, which may for example be
invoked by the web-based consoles or graphical user inter-
faces—for example, an interaction of a client with an
element of a graphical user interface or web-based console
may result in the invocation or execution of an underlying
API call.

[0033] As an entertaining introduction to various technical
aspects of Al, the AIES 110 may provide access to one or
more sample GAI models 160 in the depicted embodiment.
For example, in one embodiment, one of the sample models
may be presented via interfaces 177 as a “rock music”
generator, while another may be presented as a “classical
music” generator. In one simple type of interaction, an AIES
client may submit a few notes of music as input to a selected
sample model 160, and obtain an indication (e.g., a play-
back) of the output produced by the selected model for that
input. In at least some embodiments, a music keyboard 151,
connected for example via USB (Universal Serial Bus) or
some other peripheral connector to a client computing
device 150A such as a laptop or desktop (which is in turn
connected via the Internet or other intermediary networks to
the AIES) may be used to submit the input for the selected
model. Within the AIES, one or more user input collectors
165 implemented at one or more computing devices may
capture the input signals transmitted from the client device,
convert/reformat them if needed before the sample GAI
model is run. The output music generated by the sample GAI
model 160 may be played back, e.g., via one or more output
presentation managers 166 and a web browser running at the
client device 150A in some embodiments. The client may
experiment with other sets of input notes, listen to the
different output music items produced in response, and
thereby get an introductory high-level sense of what the
selected sample GAI model does in the depicted embodi-
ment.
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[0034] Output presentation managers 166 may enable cli-
ents, if interested, to view and explore various types of input
and other artifacts associated with the sample GAI models
(and/or other models of interest to a client). For example,
example data records of a corpus 161 (e.g., music record-
ings, drawings etc., depending on the problem domain for
which GAI models are being used) which were used for
training and/or evaluating models may be accessed via
interfaces 177 in the depicted embodiment, and/or reference
artifacts 162 such as commented code or hyper-parameters
may be presented to clients if desired. In one embodiment,
the AIES 110 may utilize one or more other services, such
as an object storage service of a provider network or a
database service of a provider network, to store the data
records corpus 161. In at least some embodiments, one or
more exploration/editing tools such as machine learning
notebooks may be presented to clients. Notebook interfaces
may, for example, automatically incorporate or load various
machine learning, statistics and other types of libraries into
an interactive development and experimentation environ-
ment (thereby reducing the amount of work that has to be
done by clients to view or rearrange data sets, experiment
with models or data analysis steps and so on), provide
easy-to-use annotation capabilities which clients can use to
record and share comments, suggestions, and the like. The
AIES may include one or more tool managers 163 for
managing the underlying resources used for such tools in the
depicted embodiment.

[0035] In at least some embodiments, the AIES 110 may
generate and store a set of tags or other similar metadata 171
which can be used to select similar content items from one
or more corpuses 161. For example, with respect to music
content items, a number of tags indicative of genres (e.g.,
“rock”, “jazz”, etc.) may be generated or obtained for
respective content items of a corpus 161. With respect to
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visual artworks, tags such as “impressionist”, “medieval”,
“cubist”, “abstract expressionist” and the like may similarly
be obtained or generated in some embodiments, and so on.
In some embodiments, one or more sophisticated content
classification models may be trained to generate such tags or
metadata for each category of content for which a corpus is
managed or stored at the AIES 110, e.g., using similarity
analysis and other algorithms with respect to well-known
examples of the different genres or styles. In addition to tags,
metadata such as the number of instruments used for a given
music content item, the types of instruments used, and so on
may also be generated and provided to clients. One or more
search engines 170 may be configured at or used by the
AITES to enable clients to select data record examples of their
choice for inclusion in training sets, e.g., for retrained
versions of the sample GAI models and/or for training
entirely new models being created on behalf of the clients.

[0036] In order to help illustrate the improvements
achieved during the course of iterative training of one or
more models to clients via programmatic interfaces 177, a
sophisticated data transformation and visualization tech-
nique may be employed at the AIES 110 in some embodi-
ments. For example, respective visual representations of
output music content items (e.g., produced in respective
training iterations for the same input content items) may be
generated, structural similarity matrices may be generated
using the visual representations, and/or reduced-dimension
versions of the visual representations may be presented to
clients. A number of metrics useful to compare content items
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may be produced by metrics generators 181 in the depicted
embodiment, including for example structural similarity/
dissimilarity metrics, beat or pace-related metrics, and so on,
and presented to clients via interfaces 177. Such presenta-
tion material may, for example, clearly indicate/illustrate
how the output is changing from one iteration to another,
how fast it is converging on some set of desired attributes,
and so on. In some embodiments, a multi-modal presenta-
tion of such differences may be provided—e.g., audio ver-
sions of the two output music items may be presented,
compressed or reduced-dimension visual representations (as
single points in a 2-dimensional or 3-dimensional space) of
the music items may be presented, and/or a video represen-
tation showing the music properties as a function of time for
each of the output music items may be displayed. For
example, if each music item being compared or examined is
60 seconds long, respective videos or animations that are 60
seconds long may be generated and shown in some embodi-
ments.

[0037] Clients may select training data sets and request the
training of their own models (e.g., variants of the sample
GAI models, or entirely new models coded by the clients)
via programmatic interfaces 177 in the depicted embodi-
ments. Models implementing a variety of GAI algorithms
131 of the AIES’s algorithm library 130 may be used as
sample models (or for client-requested custom models) in
the depicted embodiment, including for example generative
antagonistic network (GAN) algorithms 133, variational
auto-encoders (VAE) algorithms 134, auto-regressive (AR)
models 135 and the like. In some embodiments, the AIES
may maintain a trained model repository 120 at which
trained (or re-trained) versions of a client’s customized
models and/or the sample GAI models may be stored; in
other embodiments, external repositories may be utilized.
Models may be trained at client request using a set of model
training resources 122 in the depicted embodiment. After an
acceptable trained version of a model is generated and
stored, in some embodiments a separate set of model execu-
tion resources 140 may be employed to run the model on
new inputs (e.g., inputs which were not part of the training
data set of the model). In at least one embodiment, a
machine learning service of a provider network may be
employed to train and/or run models on behalf of the AIES,
and/or to store the trained models.

[0038] In some embodiments, in addition to or instead of
using music-related GAI models for educating clients, an
AIES may use GAI models for other types of content
creation or synthesis. For example, in one embodiment, a
client may use a tablet based drawing or painting interface
179 to submit visual content items (e.g., sketches of land-
scapes) via a client computing device 150B, and GAI
models that generate new visual content items based on the
supplied input may be used to illustrate the concepts of
machine learning, using techniques analogous to those dis-
cussed above in the context of music.

Overview of Example Hands-on Learning
Experience

[0039] FIG. 2 illustrates a high-level overview of an
iterative hands-on approach for learning about artificial
intelligence that may be enabled at an artificial intelligence
education service, according to at least some embodiments.
To begin with, a client of an AIES similar in features and
functionality to AIES 110 of FIG. 1 may participate in one
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or more preliminary familiarization sessions 202 in which
the baseline concepts of generative Al are presented by the
AIES. In such sessions, for example, an input music item
created by a client (or selected from a menu of available
simple tunes) may be provided as input to one or more
sample, pre-trained GAI models, and the corresponding
output generated by the GAI model may be presented to the
client. This may indicate the types of operations a GAI
model typically performs: it learns (during training) various
salient characteristics of a collection of input records, and is
then able to create or synthesize new output records based on
(a) the learned aspects of the training data and (b) the
characteristics of the input records fed into the models, with
some level of randomization being introduced to prevent
repeat creation of identical output even for the same input
record.

[0040] In a second stage, after the client has participated
in the simple input versus output experiments of the initial
familiarization sessions, a client may perform artifact explo-
ration 206 using AIES interfaces in some embodiments. In
this phase of the process, the client may wish to take a look
at such things as the type and structure of the model (e.g., are
GANs or VAEs used, are neural networks used, how many
neural network sub-models are used, etc.), significant hyper-
parameters (e.g., how many neural network layers of various
kinds are used, what factors are used to end training itera-
tions, etc.) and their values and so on.

[0041] In an experimentation stage 210, a client may start
trying out variations in various properties of the GAI sys-
tem—e.g., to obtain answers to questions similar to “what
happens if I change the hyper-parameters or input slightly?”
In at least some embodiments, compelling visualizations,
including videos, multimedia and/or still graphics, may be
generated to illustrate answers to such types of questions.
Structural similarity matrix-based visualizations of the kind
discussed above may be employed in some embodiments to
help provide more intuitive or easy-to-grasp explanations of
differences (e.g., between the outputs generated using dif-
ferent inputs) in some embodiments.

[0042] Some clients may eventually gain enough confer-
ence during the first three stages of the approach shown in
FIG. 2 to begin to try their hands at generating custom
models. As part of hands-on data set and model development
stage 214, such clients may, for example, decide to create
custom training data sets by filtering a corpus of examples
using tags or other metadata provided by the AIES, modify
model code or hyper-parameters, and so on. Clients may go
back and forth between the different stages shown in FIG. 2
if desired in various embodiments; e.g., a client may go
through all one or more of the stages shown in FIG. 2 stages
for GAN models, and then decide to repeat some of the
stages for VAE models.

Example of Simple Building-Block Models for
Music Generation

[0043] FIG. 3 illustrates an example of sample building
block models which may be used to illustrate differing levels
of complexity of content creation tasks which may be
performed using machine learning algorithms, according to
at least some embodiments. In the depicted embodiment, a
suite 300 of three GAI models for synthetic music creation,
called models A, B and C respectively, may be presented via
programmatic interfaces to an AIES client.
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[0044] Example generative model A may consume
sequences of a few musical notes 302 each as input, e.g.,
including randomly selected notes produced by a given
instrument such as a keyboard of the kind discussed above,
and create a short musical melody 312 (using the same
instrument) based on the input notes. The overall duration of
the output melody may be approximately equal to the overall
duration of the input notes sequence.

[0045] Example generative model B may take such short
melodies 312 as input, and generate respective extended
melodies 322 as output (e.g., generating 60-second output
items corresponding to 30-second input items), without
adding any additional instrumentation or accompaniment in
the depicted embodiment.

[0046] Example generative model C may take an extended
melody 322 as input, and generate a multi-instrument music
item 332 as output, adding some number of instruments as
accompaniments in the depicted embodiment. The three
building-block models may represent different levels of
algorithm complexity in the depicted embodiment—for
example, model C may be considered the most complex and
model A the least complex. Clients of an AIES may examine
details of the individual models to appreciate the underlying
structural and/or algorithmic differences that enable such
differences in complexity in various embodiments. In at least
some embodiments, combinations of the building block
models A, B and C may be executed as a pipeline, and the
AIES may enable clients to construct and experiment with
such pipelines instead of working with just one of the
models at a time. Thus, in such an embodiment, an interac-
tive graphical interface may be provided enabling a client to
link and experiment with model A and model B as a pipeline,
model A and model C as a pipeline, or the combination of
models A, B and C as a pipeline. Synthetic output produced
at each of the stages of a pipeline may be compared by the
client using the AIES interfaces. The building-blocks pipe-
lines may thus enable clients to gain an understanding and
appreciation of the way in which different machine learning
models are often combined in practice.

Example Generative Learning Algorithms

[0047] FIG. 4 illustrates example generative learning algo-
rithms which may be employed at an artificial intelligence
education service, according to at least some embodiments.
As shown, algorithms and model types 400 may include,
among others, generative adversarial networks (GANs) 412,
variational auto-encoders 422, autoregressive models 432
and transformer models 442 in the depicted embodiment.
[0048] A GAN 412 may comprise two underlying neural
networks in various embodiments, known as the generator
(or composer) and the discriminator (or judge). The genera-
tor attempts to create examples of data that are realistic,
while the discriminator attempts to distinguish between the
generated examples and a set of real examples. The genera-
tor and the discriminator are trained together, with the
generator in effect trying to convince the discriminator that
the generator’s output represents real examples, and the
discriminator making judgements regarding the fidelity of
the composed examples. The two networks attempt to each
an equilibrium during training, such that data produced by
the generator eventually reaches a threshold level of simi-
larity with respect to the real data.

[0049] A VAE 422 may also include two underlying
networks, an encoder and a decoder, each of which may also
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be implemented using neural networks in some embodi-
ments. The encoder learns to construct a latent distribution
representing characteristics of the input data records, which
is then sampled and passed to the decoder to generate output
data records which incorporate learned features of the input
which were captured in the latent distribution. By identify-
ing specific properties of the intermediary latent distribu-
tions which correspond to specific output characteristics
(such as, in the case of portrait photographs, the presence of
a feature such as a smile on the face of an individual
represented in the portrait), and sampling or modifying the
latent distribution appropriately, the output generated by the
decoder may be modulated or controlled in at least some
embodiments. For example, by adjusting aspects of the
latent distribution or its sample, an output group photograph
with more smiling faces than the input may be generated.
Similarly, for music items, properties such as “jazziness”
may be increased using analogous adjustments in some
embodiments.

[0050] Autoregressive models 432 may have a simple and
stable training process and may produce good results with
the help of efficient sampling of the input data. Autoregres-
sive models may implicitly define a distribution over
sequences using the equivalent of the chain rule for condi-
tional probability, whereby in each step the distribution of
the next sequence element is predicted given the previous
elements. Autoregressive models 432 may be considered
representations of random processes which correspond to
time-varying processes in the real world.

[0051] Transformer models 442 may combine convolu-
tional neural networks with attention mechanisms (e.g.,
self-attention models) to generate content items in various
embodiments (e.g. to generate output text from input text).
The attention mechanisms, as suggested by the name, enable
the model to focus on the more relevant parts of the input
records. In some implementations, a transformer may
include multiple encoders and decoders, with each encoder
and each decoder in turn comprising one or more attention
layers and a feed forward neural network.

[0052] Other types of generative algorithms and models
than those shown in FIG. 4 may be employed in some
embodiments at an AIES. In at least some embodiments, less
complex neural network-based models than those shown in
FIG. 4, e.g., models utilizing various types of recurrent
neural networks, LSTM (Long Short Term Memory) units
and the like may also be employed for generating some types
of content (e.g., text). At least one model that does not utilize
neural networks may be used in one embodiment.

Example Interface to Explore Details of a Model

[0053] FIG. 5 illustrates an example interactive interface
which may be used to explore details of a generative model,
according to at least some embodiments. In the depicted
embodiment, a representation of a generative adversarial
network (GAN) model (which may be one of the sample
GAI models of the AIES, or a custom model created on
behalf of a client of the AIES) is presented to a client via
exploration interface 500. Similar interfaces may be imple-
mented to allow AIES clients to explore other types of GAI
models in different embodiments, including VAEs, auto-
regressive models and/or transformer models.

[0054] The interface 500 may include a model structure
overview diagram 591 as well as several interface elements
which can be used to view and/or modify additional details
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regarding various aspects of the model and the data being
used. The model comprises a generator neural network 510
and a discriminator neural network 512. Inputs to the
generator neural network 510 include random latent vari-
ables 514 (sometimes referred to as a “z vector”) and
feedback based on loss functions 517 computed on the
output of the discriminator neural network 512. Input of the
discriminator neural network 512 comprises samples of the
output of the generator 510 as well as real example records
505. The discriminator 512 attempts to distinguish between
the real example records and those produced by the genera-
tor, as indicated in the “real or fake?” element 515.

[0055] A client of the AIES may drill down into various
aspects of the model in the depicted embodiment via respec-
tive elements of the interface 500. For example, interface
element 551 may be used to access (e.g., view or hear,
depending on the nature of the data) one or more real
example records 505, while interface element 552 may be
used to access one or more synthetic records produced by the
generator. The view generator details interface element 553
may allow a client to inspect the internal structure (e.g., the
number and types of neural network layers) of the generator
510, and the view discriminator details interface element
554 may enable the exploration of the internal structure of
the discriminator (as well as loss function(s) 517). The view
hyper-parameters details interface element 555 may enable
the client to view values of (and explanatory comments
regarding) various hyper-parameters 592 of the model in the
depicted embodiment. In at least some embodiments, clients
may be able to obtain details regarding various parts of the
model (e.g., the discriminator or the generator) simply by
clicking on the images or icons representing the parts. In at
least one embodiment, in addition to allowing clients to view
details, the interface 500 (or other interfaces invoked from
interface 500) may enable clients to change or edit various
aspects of the model: for example, slider interface elements
or knob interface elements for modifying hyper-parameter
values may be provided as part of a response to a request for
hyper-parameter details. Clients may, for example, modify
the number of artificial neurons in various layers of the
model, and/or the number and types of the layers them-
selves. Clients may be able to create and save a new version
of the model, if desired, which includes the modifications.

Example Tag-Based Interface for Data Set
Selection

[0056] FIG. 6 illustrates an example of a tag-based inter-
face which may be utilized to curate training data used for
a generative model, according to at least some embodiments.
In at least some embodiments, a client of an AIES similar in
features and functionality to AIES 110 of FIG. 1 may wish
to train a new generative model to produce content items
which have a selected combination of properties (e.g., music
items in which drums dominate, but violins are also present)
which differ from the properties of the output of the sample
models of the AEIAS. In order to obtain such customized
output characteristics, a training data set which comprises
examples with similar characteristics may have to be
obtained. In the depicted embodiment, the ATES may present
a tag-based filtering interface 600 to enable the client to
obtain a customized training data set. The example tags
shown are for music items; other combinations of tags may
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be obtained, generated and presented analogously for other
types of content such as paintings, drawings and the like in
different embodiments.

[0057] Generally speaking, the ability to curate datasets
that accurately represent the type of data or content to be
generated is an essential aspect of using generative models.
In various embodiments, an AIES may collect metadata that
can be used to characterize example items of one or more
corpuses (e.g., a music corpus, a painting corpus, a text
corpus etc.) from a variety of sources including public
databases accessible via the Internet, and generate tags based
on the collected metadata. Indexes on the collected metadata
may be created and utilized for an efficient search engine of
the AIES in the depicted embodiments, e.g., with the search
engine and indexes utilizing one or more services of a
provider network (such as a search service, a storage service,
various computing services and the like). In some embodi-
ments, the data items of the various corpuses may be
analyzed using other machine learning models to generate at
least some of the metadata. With respect to musical data,
structural information obtained about the music items may
include such properties as tempo, number of instruments,
types of instruments, and the like, which may also be
mapped to tags selectable via an interface similar to inter-
face 600.

[0058] Tags for a number of different 605 genres of music
may be selectable by a client in the depicted embodiment,
including for example “Classical”, “Rock, “Jazz”, “Pop”,
“Hip-Hop” and the like. Tags for popular artists 625 or
musical groups may be displayed and selected via interface
600, such as Artists A, B, C and D. Clients may request that
examples of music with dominant instruments 645, such as
guitar, drums, violin, trumpet and the like be selected from
the available corpus for inclusion in a training data set in at
least some embodiments. In some embodiments, temporal
tags 635, corresponding for example to respective decades
in which the music items were produced (such as 2010s,
1960s etc.) may be presented as options for selecting
examples for the training data. Clients may select multiple
tags for the filtering to be performed on their behalf in at
least some embodiments. In the depicted embodiment, only
a few example tags for a given tag category (e.g., genre,
artist, etc.) are shown; if the client does not find the
particular tags of most interest, interface elements such as
the “More . . . ” buttons shown in FIG. 6 may be employed
to view additional tags of various categories. In some
embodiments, a pool of annotators may be utilized to
generate at least some of the tags which can be used to filter
data sets. In one embodiment, a network-accessible service
of a provider network may provide programmatic interfaces
which can be used by individuals to register as annotators,
and the AEIAS may use such a service to help generate tags
for its corpuses of music and other types of content. As
mentioned earlier, in some embodiments a preference
deduction approach (in which a client provides feedback
regarding likes/dislikes for specific examples of music or
other contents, instead of or in addition to selecting tags,
thereby enabling the AIES to deduce the kinds of music the
client wishes to include) may be used to select training data.

Example Hands-on Teaching Features

[0059] FIG. 7 lists examples of hands-on teaching features
which may be implemented at an artificial intelligence
education service, according to at least some embodiments.
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Generative models that produce music items as output,
derived at least in part from client-provided input music
items, may be used to help teach AIES clients about machine
learning in the depicted embodiment. One of the key hands-
on aspects or features 700 of the AIES is the real-time audio
playback of generated music examples 702. This provides
immediate feedback to the clients regarding the creative
transformations of the models being used, which may help
retain the interest of AIES clients.

[0060] Clients may be afforded the opportunity to dynami-
cally switch between model types 704 via the interactive
interfaces of the AIES in some embodiments. For example,
a client may generate an input set of notes, hear the
corresponding output generated by a GAN model, and then
use a single click on a web page to hear the corresponding
output (for the same input) generated by a VAE model or a
transformer model. Perceived differences between the out-
puts produced by the different model types may entice the
client to further investigate the details of the model types.
Clients may similarly be provided easy-to-use interfaces
able to dynamically switch between models (such as the
building block models discussed earlier) of different level of
complexity, and/or combine various models in a pipeline or
workflow in various embodiments.

[0061] Ifand when a client wishes to explore the influence
of various hyper-parameter values on the behavior or output
of a model, graphical selection of combinations 706 of
different values may be enabled by the AIES in at least one
embodiment. For example, graphical user interface elements
such as sliders, knobs and the like, displayed for several
different hyper-parameters on the same web page or layout,
may be used to change hyper-parameter values singly, or to
try out new combinations.

[0062] In at least some types of GAI models, the output
may be based not only on the input and the model param-
eters learned during training, but also on a randomization
factor (or factors), sometimes referred to as a “z vector”.
Such randomization may lead to the desirable feature that
even if the same input record is supplied repeatedly to the
model, the outputs produced for the different repetitions is
not identical. In some embodiments, clients may be allowed
to experiment with such randomization inputs 708 via
graphical user interface clements, e.g., to increase or
decrease the extent of random variation introduced into the
model outputs.

[0063] Graphical interfaces for viewing model compo-
nents/structures 710 may be provided by the AIES, similar
for example to the interface discussed in the context of FIG.
5 for a GAN model. Generally speaking, such interfaces
may enable clients to obtain any of multiple levels of detail
regarding various aspects of the models, without having to
open editing tools or the like.

[0064] In at least some embodiments, visual representa-
tions of a number of metrics computed primarily or specifi-
cally to help educate clients may be presented by an AIES.
Such metrics may, for example, include similarity/difference
metrics 712 between various content items, such as the
content items generated in different training iterations of the
model for a given input. In the case of music items, a
multi-step transformation operation may be performed to
generate such visual similarity metrics, as discussed in
further detail below in the context of FIG. 8. Such visual
representations may help make it easier for clients to appre-
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ciate the improvements achieved over multiple training
iterations, and thus help illustrate the benefits of iterative
training.

[0065] Fully-commented and easy to read versions of
artifacts such as source code, hyper-parameter files, tutorials
and the like may be presented as part of the hands-on
education for clients in various embodiments, as indicated in
element 714. In addition, in at least some embodiments,
simplified machine learning notebook interfaces 716 may be
presented to clients for exploring/annotating models and
data. Some of the overhead associated with setting up such
notebooks, such as acquiring compute resources and/or
software containers, may be eliminated to reduce the burden
on the clients (such tasks may be performed transparently,
behind the scenes, by the AIES). Other hands-on teaching
features and techniques may be employed at an AIES in
some embodiments, different from those shown in FIG. 7.

Example Visual Representations of Iterative
Training Improvements

[0066] FIG. 8 illustrates an example technique which may
be used to show iteration-to-iteration changes during the
training of a generative model for creating music examples,
according to at least some embodiments. Respective output
music files 801A and 801B may be produced (e.g., for the
same input file) in iterations K and (K+1) of the training of
a GAI model in the depicted embodiment. Generally speak-
ing, the patterns of music in the files 801 may be similar if
the music belongs to the same genre. One or more transfor-
mation functions 810 may be applied to generate interme-
diary graphical representations 811 of the respective files,
e.g., in a format similar to a piano roll. A piano roll is a music
storage format in which, for example, perforations are
generated on a sheet or roll of paper to indicate note control
data. The roll can be moved over a reading system known as
a ‘tracker bar’ and the playing cycle for each recorded
musical note may be triggered (e.g., at a playback piano or
reproducing piano) when a perforation crosses the bar and is
read. Note that at least in some embodiments in which
piano-roll like representations of the music are generated,
they may be created digitally, without using physical paper.
Other types of intermediary graphical representations may
be generated in different embodiments, which may not
necessarily be based on piano rolls.

[0067] A respective structural similarity calculation 820
may then be applied to the respective intermediary graphical
representations 811 to generate similarity information (e.g.,
such as similarity matrices 822) for the pair of music files
801 in the depicted embodiment. Any of a number of
structural similarity determination algorithms may be used
in different embodiments; in some embodiments, a percep-
tion-based model that considers image degradation as per-
ceived change in structural information, while also incor-
porating important perceptual phenomena, including both
luminance masking and contrast masking terms may be
employed. A visualization technique for similarity data (e.g.,
multi-dimensional scaling 830) may be applied to the simi-
larity matrices 822 to generate respective visualizations 840
indicating similarities/differences among the music files
801. In multi-dimensional scaling, an input matrix indicat-
ing dissimilarities between pairs of items is analyzed, and a
coordinate matrix is produced as output, in which a loss
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function referred to as strain may be minimized. Combina-
tions of other techniques may be employed in some embodi-
ments.

[0068] In the depicted example scenario, points 836 may
represent the individual music files 801, shown in relation to
genre representation points 835. One of the points 835 may,
for example, represent “1970s jazz from the USA”, while
another may represent “1960’s Brazilian jazz”. The relative
proximity or distance of the output representation point 836
from these genre points may indicate how close the output
is to replicating or emulating key characteristics of the
genres. The movement or repositioning of the training
output representation points 836 from iteration K to iteration
(K+1) may indicate the different levels of learning achieved
in the respective iterations, for example. In some embodi-
ments, the AETAS may indicate the repositioning even more
concretely, e.g., by showing an animation illustrating the
movement of the training output representation. In one
embodiment, visual representations of the structural simi-
larity matrices 822 (e.g., in the form of heat maps) may also
or instead be presented to clients of the AIES. Other types
of visualizations indicating similarities or differences
between content items may be generated in other embodi-
ments. The kinds of visualizations shown on FIG. 8 may be
utilized at an AIES in some embodiments not just for
indicating differences between outputs of different training
iterations, but also to compare input content items, or output
items generated after the training is concluded. In addition
to visualizations such as those shown in FIG. 8, in at least
some embodiments audio playbacks which emphasize the
differences between respective music items may be pro-
vided—e.g., the AIES may, if desired, play back the sub-
passages that are the most different between the music items
being compared. The AIES may detect such “more different”
passages using a number of different metrics computed for
the music items, such as the instrument combination, the
pitch, the tempo, etc. of 5-second long passages.

Example Programmatic Interactions

[0069] FIG. 9 and FIG. 10 collectively illustrate examples
of programmatic interactions with an artificial intelligence
education service, according to at least some embodiments.
In the embodiments depicted in FIG. 9 and FIG. 10, an AIES
991, similar in features and functionality to AIES 110 of
FIG. 1, may implement one or more programmatic inter-
faces 977, such as graphical user interfaces, web-based
consoles and the like, which may be used by clients to
submit requests and receive corresponding responses. Such
interfaces may include elements (such as clickable links,
buttons, sliders and the like) which may in turn cause
lower-level programmatic interfaces such as APIs or com-
mand-line tools to be invoked. Generally speaking, indi-
vidual ones of the interactions illustrated in FIG. 9 and FIG.
10 may be implemented using either the higher-level graphi-
cal or web-based interfaces, or the lower-level APIs/com-
mands in different embodiments. In some cases, simply
accessing a web-based console or portal may cause several
lower-level APIs to be invoked.

[0070] A ShowSampleModellist request 905 may be sub-
mitted to AIES 991 by a client 901 via programmatic
interfaces 977 in the depicted embodiment to determine the
kinds of models available for familiarization with various Al
techniques. In response, a set of sample models may be
indicated, e.g., via one or more SampleModels messages



US 2023/0237980 Al

907. In some embodiments, the client 901 may then select
one of the sample models for further interactions, and submit
client-created input for the model via an InputForSelected-
SampleModel message 910. The input provided by the client
may be fed to the selected sample model, and the output
produced may be presented (e.g., via audio playback in the
case of musical items) in one or more OutputOfSampleM-
odel messages 912.

[0071] In some embodiments, the AIES 991 may provide
access to one or more well-documented easy-to-run tutorials
regarding the sample models and/or other aspects of artifi-
cial intelligence, and a client 901 may submit a program-
matic request 920 to start a selected tutorial. A separate
interface for the tutorial may be generated in response at the
AIES 991, and presented in the form of one or more
TutorialStepView responses 922.

[0072] If and when a client wishes to view details regard-
ing one or more models, a ViewModelArtifacts request 924
and/or a ViewModelStructure request 928 may be submitted
in various embodiments. In response, the AIES may provide
information about (or links to) artifacts such as source code,
hyper-parameter names and settings, etc., in one or more
ModelArtifacts messages 926 and/or provide details about
model structure in one or more ModelStructurelnfo mes-
sages 929.

[0073] In at least some embodiments, a client may wish to
change one or more settings of a model (e.g., a particular
hyper-parameter value), and observe the resulting changes
in output produced by the model. A ChangeModelSettings
message 931 may be submitted indicating desired modifi-
cations to the settings, and the AIES 991 may provide
feedback regarding the impact of the changes in one or more
Changelmpact messages. Note that depending on the setting
which was changed, the complexity of the model and/or the
stage (e.g., training versus post-training) of the development
of the model, it may take some time for the AIES to
determine/detect the impact of the changes, so the Change-
Impact messages may not necessarily be provided immedi-
ately. Other impact changes may be determinable in real-
time in at least one embodiment, so the corresponding
Changelmpact responses may be near-instantaneous.

[0074] A request to create a filtered or curated training
data set from a larger corpus of examples may be submitted
via a FilterTrainingData request 934 in some embodiments,
Such a request may, for example, indicate some client-
selected combination of AIES-provided tags of the kind
discussed earlier, the number of desired example records,
and so on. The AIES may utilize a search engine to quickly
generate the requested training data set, and provide an
indication of the results of the search via one or more
FilteredDataSet responses 935 in some embodiments.

[0075] Training of a model implementing a client-selected
machine learning algorithm may be initiated in response to
a StartTraininglterations request 1005 (shown in FIG. 10) in
some embodiments at the AIES 991. An IterationsStarted
message 1107 may be sent to the client, and in some
embodiments a dynamically updated view of the training
iterations may be presented (e.g., the iteration count may be
displayed, visualizations of the output produced for a given
input record may be presented for each iteration, and so on.
Clients 901 may pause the training iterations, e.g., to exam-
ine details of the progress achieved thus far, by submitting
PauseTraining requests 1010 in the depicted embodiment. A
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TrainingPaused response may be sent to the client after the
training operations are paused.

[0076] Clients may obtain one or more metrics pertaining
to a selected pair of training iterations (which may not
necessarily be consecutive iterations) by submitting a Com-
parelterations request 1020 in the depicted embodiment.
Any of a number of metrics may be provided in response,
e.g., in the form of one or more ComparisonMetrics mes-
sages 1022 in the depicted embodiment. In some embodi-
ments, both objective and subjective metrics may be pro-
vided, e.g., using visualizations similar to those discussed
earlier. Objective metrics may rely on facts or known
properties which can be easily quantified. For example, in
music, such metrics may include to drum patterns, percent-
ages of various pitches in a music item, percentages of
empty notes etc. These can be objectively measured and by
showing that the more recently generated data is getting
closer to the desired type of data in terms of these objective
metrics, it may be shown that the model is working as
desired in various embodiments. In image processing related
domains, properties like gradient histograms, image inten-
sity, number of prominent corners in the image and the like
may be used as objective metrics useful for comparing pairs
of data items. Subjective metrics such as the “jazziness of
music” or “beautiful sceneries in an image” may be harder
to quantify, although such properties are relatively easily
understood by humans. By using techniques such as the
kinds of tag-based filtering discussed above, datasets that
closely represent such subjective qualities may be obtained
by AIES clients and used to train models. Then, by mea-
suring the similarity of the generated data against such
datasets, e.g., using the structural similarity and multi-
dimensional scaling techniques discussed in the context of
FIG. 8, subjective metrics may also be produced and used
for indicating comparisons between iterations (or between
data items in general).

[0077] A client 901 may submit requests to save one or
more models (e.g., models being trained on the client’s
behalf) via SaveModel requests 1024 in the depicted
embodiment. The model and its associated artifacts (hyper-
parameter files, training data set, etc.) may be saved at
persistent storage devices of a repository in the depicted
embodiment, and a ModelSaved response message 1026
may be sent to the client. In some embodiments, the model
and its artifacts may be stored in the form of a software
container managed by a container service of a provider
network, which can then be easily used to run the model at
any of various computing devices. Clients may issue
requests to run saved models using RunModel requests
1028, and receive the output generated by the models for
various input records via ModelOutput messages 1029.
[0078] In some embodiments, an AIES client 901 may
submit new examples of content items to be included in a
corpus or training data set via one or more AddExample-
ToDataSet requests 1031. The supplied items may be added
to the targeted data set and a DatSetModified message 1033
may be sent as an acknowledgement in at least some
embodiments.

[0079] According to some embodiments, a client 901 may
wish to publish content items generated using a model
customized by the client, e.g., to one or more music stream-
ing web sites, video streaming web sites or the like. A
PublishGeneratedOutput request 1034 may be sent, indicat-
ing the generated content and the targeted destinations to
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which the content should be published. The AIES may
facilitate the publishing and return a PublishDone message
1035 in some embodiments. In one embodiment, the AIES
may provide a competition interface which can be used by
clients to submit generated content items (e.g., along with
some information about the models used), and the items
generated by the participants in the competition may be
rated or ranked by other users. Other types of programmatic
interactions, not shown in FIG. 9 or FIG. 10, may be
supported by an AIES 991 in various embodiments.

Example Provider Network

[0080] As mentioned earlier, in at least some embodi-
ments, an AIES similar to AIES 110 of FIG. 1 may be
implemented as part of a suite of services of a provider
network or cloud computing environment. FIG. 11 illus-
trates an example provider network at which an artificial
intelligence education service may be implemented, accord-
ing to at least some embodiments. Networks set up by an
entity such as a company or a public sector organization to
provide one or more network-accessible services (such as
various types of cloud-based computing, storage or analytics
services) accessible via the Internet and/or other networks to
a distributed set of clients may be termed provider networks.
A provider network may sometimes be referred to as a
“public cloud” environment. The resources of a provider
network may in some cases be distributed across multiple
data centers, which in turn may be distributed among
numerous geographical regions (e.g., with each region cor-
responding to one or more cities, states or countries. For
example, a cloud provider network can be formed as a
number of regions, where a region is a geographical area in
which the cloud provider clusters data centers. Each region
can include two or more availability zones connected to one
another via a private high speed network, for example a fiber
communication connection. An availability zone refers to an
isolated failure domain including one or more data center
facilities with separate power, separate networking, and
separate cooling from those in another availability zone.
Preferably, availability zones within a region are positioned
far enough away from one other that the same natural
disaster should not take more than one availability zone
offline at the same time. Customers can connect to avail-
ability zones of the cloud provider network via a publicly
accessible network (e.g., the Internet or a cellular commu-
nication network).

[0081] In the embodiment depicted in FIG. 11, provider
network 1101 includes a virtualized computing service 1103,
a database management service 1143, a server-less dynami-
cally provisioned computing service 1153, a parallel com-
puting service 1113, an object storage service 1133, a
streaming data management service 1173, as well as a
machine learning service 1123 and an AIES 1163. AIES
1163, which may include numerous computing and/or stor-
age devices implementing sample models/artifacts, metrics
generators 1196, search engine 1195, data presentation man-
agers 1197 as well as other components similar to those
shown in AIES 1110 of FIG. 1, may utilize the machine
learning service 1123 extensively in the depicted embodi-
ment. For example, the training or re-training of GAI models
used as sample models, the execution of trained versions of
the models, and so on, may be conducted using MLS 1123
resources including model training managers 1171 and
model execution managers 1172.
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[0082] Each of the services of provider network 1101 may
include a respective set of computing devices and/or other
resources in some embodiments. Components of a given
service may utilize components of other services in the
depicted embodiment—e.g., compute instances (Cls) 1109A
or 1109B (such as guest virtual machines) set up at the
virtualization hosts 1108 of the virtualized computing ser-
vice 1103 and/or storage servers 1135 of an object storage
service 1133 may be employed by various other services of
provider network 1101 to implement their respective func-
tions. Individual ones of the services shown in FIG. 11 may
implement a respective set of programmatic interfaces 1177
which can be used by external and/or internal clients (where
the internal clients may comprise components of other
services) in the depicted embodiment. Individual ones of the
services shown in FIG. 11 may each provide high levels of
automated scalability, availability, data durability, and fail-
ure resilience, enabling varying levels of workloads to be
handled gracefully.

[0083] AIES 1163 may interact with or utilize other ser-
vices of the provider network 1101 in one or more ways in
some embodiments. At least some components of the AIES
may utilize components of other services in one embodi-
ment—e.g., search engine 1195 may comprise one or more
compute instances 1109 or compute clusters 1115 of parallel
computing service 1113, corpuses of content items, search
indices and other data may be stored at database servers
1145 or storage servers 1135, machine learning notebooks
and visualization data sets may be prepared using resources
of server-less dynamically provisioned execution resources
pool 1155, and so on. In at least one embodiment, at least
some of the techniques discussed above for accelerating/
facilitating Al education using hands-on approaches may be
implemented without acquiring resources of network-acces-
sible services such as those shown in FIG. 11. For example,
a standalone set of computing devices which are not part of
a network-accessible service may be used in some embodi-
ments.

Example Problem Domains

[0084] FIG. 12 illustrates example domains for which
respective generative models may be utilized at an artificial
intelligence education service, according to at least some
embodiments. Music composition 1204 has been discussed
extensively as one example domain herein. GAI models that
generate new or synthetic music items corresponding to
input music passages or notes, based on the characteristics
of the training data set used and/or randomized input, may
represent a compelling set of tools which can be used to
facilitate and accelerate Al education.

[0085] In some embodiments, graphic arts composition
(e.g., drawings or paintings) may be used as the medium for
explaining various aspects of artificial intelligence to some
clients. GAI models may be trained to produce synthetic
drawings or paintings in a manner analogous to that used for
music items in such embodiments. In one embodiment, GAI
models that create writing 1212 (e.g., stories, poems or the
like) may be employed to help clients learn about artificial
intelligence. In a related domain, GAI techniques may also
be used to speed up engineering/design tasks such as con-
verting rough drawings or sketched to professional level
engineering drawings, which may be beneficial in a variety
of applications such as automotive design, architecture and
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so on. In some embodiments, such engineering/design tasks
may be used to help educate clients of an AIES.

[0086] GAI techniques introduced via sample models may
also or instead be used for generating examples for medi-
cine-related machine learning models 1216 in at least some
embodiments. In order to train models which can be used for
early detection of diseases, or to predict occurrences of
disease, high quality training data may be required. The
input data for such models may comprise such artifacts as
medical test results (which may be text-based, graphical,
video, or multi-modal), doctor’s annotations, demographic
details, and the like. Especially in the case of relatively rare
diseases, the number of actual real-world examples available
may be really low. Using GAI models, additional examples
may be created, in which various properties of the real-world
cases may be modified slightly. Such synthetic records may
then be used to enhance the training data sets for the models,
e.g., after the synthetic records are approved by medical
professionals. In some embodiments, special domain-spe-
cific versions of the AIES may be developed—e.g., a version
created specifically for medical professionals may be used to
enhance disease-related training data.

[0087] Video games and/or animations 1220 may repre-
sent another domain which may be employed for Al-related
education in some embodiments. Variations of the scenes
displayed in animations or games may be generated using
sample models and the like, and clients interested in video
games may thereby be attracted to explore the underlying
artificial intelligence techniques. Video games, animations
and the like, as well as medicine-related tasks and engineer-
ing/design tasks, represent real-world use cases for GAI, and
training individuals on Al techniques which can be used in
such domains may result in a larger pool of skilled workers
who can contribute in such fields.

[0088] In some embodiments, the AIES may provide a
programmatic interface which enables a client to select the
particular content type or domain (e.g., music, drawings,
text, etc.) for which sample GAI models are to be presented
and explored. The client may then learn about Al using
models and artifacts of the chosen content type, instead of
necessarily having to use music-related models.

Methods for Hands-on Al Education

[0089] FIG. 13 is a flow diagram illustrating aspects of
operations that may be performed at an artificial intelligence
education service, according to at least some embodiments.
As shown in element 1301, a set of resources may be
configured at a network-accessible artificial intelligence
education service (AIES) (similar in features and function-
ality to AIES 110 of FIG. 1) to enable clients to learn about
various types of machine learning techniques, including
generative Al models and algorithms. The resources may
include input record collectors for recording and capturing
input data records submitted by clients for machine learning
models of the service. The input records may be created via
simple content creation tools, such as music keyboards using
MIDI (Musical Instrument Digital Interface), drawing tab-
lets and the like.

[0090] A number of data sets or corpuses containing
example content items of different types, such as music,
visual arts and the like, may be collected by the AIES in
some embodiments (element 1304). Metadata such as tags
which characterize the content items along various dimen-
sions (such as artist, instruments used, year/decade created,
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musical or artistic genre, etc.) may be obtained from one or
more sources in different embodiments, including for
example resources of the public Internet, groups of annota-
tors who are familiar with the creative domain, and so on.
One or more search engines may be configured at the AIES,
which may utilize indexes created on the metadata to
quickly respond to search requests for examples based on
client-selected tags and/or descriptions of targeted content.
[0091] One or more programmatic interfaces may be pre-
sented/generated by the AIES in the depicted embodiment,
enabling clients to view a set of sample generative models
and obtain (in real-time or near real-time) outputs generated
by the sample models (element 1307). For example, a client
may submit digital representations of several different music
content items to be used as inputs for a given sample model,
and be provided representations (e.g., audio playback) of the
corresponding synthetic music content items generated by
the sample model. Similarly, in at least some embodiments,
upon request, a client may be provided the outputs generated
by different sample models (which may implement respec-
tive algorithms, such as those depicted in FIG. 4) for a given
input content item provided/submitted by the client, which
may enable the client to get a sense of high-level differences
between the algorithms. Optionally, graphical representa-
tions of various metrics pertaining to the outputs, including
metrics indicating differences between pairs or larger groups
of generated output items, may be displayed. The program-
matic interfaces may include one or more web-based portals
or consoles, graphical user interfaces, command-line tools,
APIs and the like.

[0092] In response to one or more programmatic requests
via the programmatic interfaces, annotated/commented
model artifacts pertaining to the sample models (and/or
other models including customized models created for a
client) may be provided (element 1310) to clients in various
embodiments. The artifacts may include, for example, rep-
resentations of model subcomponents (e.g., the structure of
the neural networks used for generators, discriminators and
the like in the case of GANSs), hyper-parameters, source
code, and the like. The client may change the structure (e.g.,
the number of hidden layers of a neural network) and/or
hyper-parameter values of a given model using the AIES
interfaces in various embodiments, and view/hear the result-
ing changes to the output produced by the model.

[0093] If and when a client of the AIES decides to train
custom models, training data for a model type selected by a
client (e.g., from among the types of sample models pro-
vided, such as GANs, VAEs and the like) may be identified
from among the corpuses available at the AIES (element
1313). Subsets of a corpus that match criteria (specified for
example using the tags generated or obtained earlier) may be
quickly identified for inclusion in a training data set using
the AIES search engine in some embodiments. In some
embodiments, specific tags for use as search query attributes
may not have to be provided by the client or user; instead,
for example, a client may simply provide some “good
examples” of content for which similar items are to be
identified from the corpuses available, and the AIES may
generate its own search query accordingly. A like/dislike
interface of the kind discussed earlier may be used to
identify such good examples in some embodiments.
[0094] In response to one or more programmatic requests,
training iterations of a model may be started using the
training data identified on behalf of the client (element 1316)
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in various embodiments. The AIES may, upon request, pause
between iterations to display various types of metrics (simi-
lar to the subjective and/or objective metrics discussed
earlier) which indicate the progress or convergence towards
targeted output characteristics. In at least one embodiment in
which music items are generated, graphical representations
of metrics of similarity or differences between pairs of
outputs, produced using structural similarity matrices, multi-
dimension scaling and the like may be provided.

[0095] A trained version of the model, and/or outputs
produced using the model may be stored in a repository of
the AIES in some embodiments (element 1319). The stored
version may be used to generate additional outputs (e.g., for
new input data items, which were not in the training data)
which may be distributed over networks to various destina-
tions selected by the client. Optionally, in some embodi-
ments, a client may request that some of the generated
output be published (e.g., to content sharing websites or the
like, where the output may potentially be rated/ranked by an
online audience) or entered into a competition (element
1323). The AIES may {facilitate such publishing or compe-
tition participation in at least some embodiments, e.g., by
providing simplified “one-click” interfaces for propagating
the generated content.

[0096] It is noted that in various embodiments, some of the
operations shown in FIG. 13 may be implemented in a
different order than that shown in the figure, or may be
performed in parallel rather than sequentially. Additionally,
some of the operations shown in FIG. 13 may not be
required in one or more implementations.

Use Cases

[0097] The techniques described above, of providing a
network-accessible service user-friendly interfaces for
learning about various aspects of artificial intelligence,
including generative artificial intelligence, may be useful in
a variety of scenarios. As more and more different types of
problems are being addressed using machine learning meth-
odologies, larger pools of developers, data scientists and the
like are required to keep pace with demand. By utilizing the
described techniques and interfaces, an entertaining and
hands-on way of introducing individuals to artificial intel-
ligence techniques, increasing such learners’ confidence,
and eventually enabling more rapid advances in fields such
as disease prediction, engineering design and the like may be
made possible.

Tustrative Computer System

[0098] In at least some embodiments, a server that imple-
ments one or more of the techniques described herein,
including for example components of an artificial intelli-
gence education service, a machine learning service and/or
other services of a provider network and the like may
include a general-purpose computer system that includes or
is configured to access one or more computer-accessible
media. FIG. 14 illustrates such a general-purpose computing
device 9000. In the illustrated embodiment, computing
device 9000 includes one or more processors 9010 coupled
to a system memory 9020 (which may comprise both
non-volatile and volatile memory modules) via an input/
output (I/O) interface 9030. Computing device 9000 further
includes a network interface 9040 coupled to I/O interface
9030.
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[0099] In various embodiments, computing device 9000
may be a uniprocessor system including one processor 9010,
or a multiprocessor system including several processors
9010 (e.g., two, four, eight, or another suitable number).
Processors 9010 may be any suitable processors capable of
executing instructions. For example, in various embodi-
ments, processors 9010 may be general-purpose or embed-
ded processors implementing any of a variety of instruction
set architectures (ISAs), such as the x86, PowerPC, SPARC,
ARM or MIPS ISAs, or any other suitable ISA. In multi-
processor systems, each of processors 9010 may commonly,
but not necessarily, implement the same ISA. In some
implementations, graphics processing units (GPUs) and or
field-programmable gate arrays (FPGAs) may be used
instead of, or in addition to, conventional processors.

[0100] System memory 9020 may be configured to store
instructions and data accessible by processor(s) 9010. In at
least some embodiments, the system memory 9020 may
comprise both volatile and non-volatile portions; in other
embodiments, only volatile memory may be used. In various
embodiments, the volatile portion of system memory 9020
may be implemented using any suitable memory technology,
such as static random access memory (SRAM), synchronous
dynamic RAM or any other type of memory. For the
non-volatile portion of system memory (which may com-
prise one or more NVDIMMs, for example), in some
embodiments flash-based memory devices, including
NAND-flash devices, may be used. In at least some embodi-
ments, the non-volatile portion of the system memory may
include a power source, such as a supercapacitor or other
power storage device (e.g., a battery). In various embodi-
ments, memristor based resistive random access memory
(ReRAM), three-dimensional NAND technologies, Ferro-
electric RAM, magnetoresistive RAM (MRAM), or any of
various types of phase change memory (PCM) may be used
at least for the non-volatile portion of system memory. In the
illustrated embodiment, program instructions and data
implementing one or more desired functions, such as those
methods, techniques, and data described above, are shown
stored within system memory 9020 as code 9025 and data
9026.

[0101] In one embodiment, I/O interface 9030 may be
configured to coordinate I/O traffic between processor 9010,
system memory 9020, and any peripheral devices in the
device, including network interface 9040 or other peripheral
interfaces such as various types of persistent and/or volatile
storage devices. In some embodiments, I/O interface 9030
may perform any necessary protocol, timing or other data
transformations to convert data signals from one component
(e.g., system memory 9020) into a format suitable for use by
another component (e.g., processor 9010). In some embodi-
ments, 1/O interface 9030 may include support for devices
attached through various types of peripheral buses, such as
a variant of the Peripheral Component Interconnect (PCI)
bus standard or the Universal Serial Bus (USB) standard, for
example. In some embodiments, the function of I/O inter-
face 9030 may be split into two or more separate compo-
nents, such as a north bridge and a south bridge, for example.
Also, in some embodiments some or all of the functionality
of /O interface 9030, such as an interface to system memory
9020, may be incorporated directly into processor 9010.

[0102] Network interface 9040 may be configured to allow
data to be exchanged between computing device 9000 and
other devices 9060 attached to a network or networks 9050,
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such as other computer systems or devices as illustrated in
FIG. 1 through FIG. 13, for example. In various embodi-
ments, network interface 9040 may support communication
via any suitable wired or wireless general data networks,
such as types of Ethernet network, for example. Addition-
ally, network interface 9040 may support communication
via telecommunications/telephony networks such as analog
voice networks or digital fiber communications networks,
via storage area networks such as Fibre Channel SANs, or
via any other suitable type of network and/or protocol.
[0103] In some embodiments, system memory 9020 may
be one embodiment of a computer-accessible medium con-
figured to store program instructions and data as described
above for FIG. 1 through FIG. 13 for implementing embodi-
ments of the corresponding methods and apparatus. How-
ever, in other embodiments, program instructions and/or
data may be received, sent or stored upon different types of
computer-accessible media. Generally speaking, a com-
puter-accessible medium may include non-transitory storage
media or memory media such as magnetic or optical media,
e.g., disk or DVD/CD coupled to computing device 9000 via
1/0 interface 9030. A non-transitory computer-accessible
storage medium may also include any volatile or non-
volatile media such as RAM (e.g. SDRAM, DDR SDRAM,
RDRAM, SRAM, etc.), ROM, etc., that may be included in
some embodiments of computing device 9000 as system
memory 9020 or another type of memory. In some embodi-
ments, a plurality of non-transitory computer-readable stor-
age media may collectively store program instructions that
when executed on or across one or more processors imple-
ment at least a subset of the methods and techniques
described above. A computer-accessible medium may
include transmission media or signals such as electrical,
electromagnetic, or digital signals, conveyed via a commu-
nication medium such as a network and/or a wireless link,
such as may be implemented via network interface 9040.
Portions or all of multiple computing devices such as that
illustrated in FIG. 14 may be used to implement the
described functionality in various embodiments; for
example, software components running on a variety of
different devices and servers may collaborate to provide the
functionality. In some embodiments, portions of the
described functionality may be implemented using storage
devices, network devices, or special-purpose computer sys-
tems, in addition to or instead of being implemented using
general-purpose computer systems. The term “computing
device™, as used herein, refers to at least all these types of
devices, and is not limited to these types of devices.

CONCLUSION

[0104] Various embodiments may further include receiv-
ing, sending or storing instructions and/or data implemented
in accordance with the foregoing description upon a com-
puter-accessible medium. Generally speaking, a computer-
accessible medium may include storage media or memory
media such as magnetic or optical media, e.g., disk or
DVD/CD-ROM, volatile or non-volatile media such as
RAM (e.g. SDRAM, DDR, RDRAM, SRAM, etc.), ROM,
etc., as well as transmission media or signals such as
electrical, electromagnetic, or digital signals, conveyed via
a communication medium such as network and/or a wireless
link.

[0105] The various methods as illustrated in the Figures
and described herein represent exemplary embodiments of
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methods. The methods may be implemented in software,
hardware, or a combination thereof. The order of method
may be changed, and various elements may be added,
reordered, combined, omitted, modified, etc.

[0106] Various modifications and changes may be made as
would be obvious to a person skilled in the art having the
benefit of this disclosure. It is intended to embrace all such
modifications and changes and, accordingly, the above
description to be regarded in an illustrative rather than a
restrictive sense.

1-20. (canceled)

21. A computer-implemented method, comprising:

training one or more generative machine learning models

to produce, in response to input content, a correspond-
ing output content, wherein the output content com-
prises a newly-generated portion of content which
shares one or more properties with the input content
and thereby extends the input content, and wherein the
one or more generative machine learning models
include a transformer;

obtaining a particular input content via one or more

programmatic interfaces at a network-accessible ser-
vice; and

presenting, via the one or more programmatic interfaces,

a particular output content generated at the network-
accessible service using one or more trained versions of
the one or more generative machine learning models,
wherein the particular output content is produced by the
one or more trained versions in response to the par-
ticular input content.

22. The computer-implemented method as recited in
claim 21, wherein the particular output content is produced
at least in part by the transformer, the computer-imple-
mented method further comprising:

providing, by the network-accessible service via the one

or more programmatic interfaces, an indication of an
alternative generative machine learning model which
can be utilized to generate output content correspond-
ing to the particular input content, wherein the alter-
native generative machine learning model does not
include a transformer; and

presenting, by the network-accessible service via the one

or more programmatic interfaces in response to a
request to utilize the alternative generative machine
learning model, additional output content correspond-
ing to the particular input content, wherein the addi-
tional output content is generated using the alternative
generative machine learning model.

23. The computer-implemented method as recited in
claim 22, wherein the alternative generative machine learn-
ing model comprises one or more of: (a) a generative
adversarial network (b) a variational auto-encoder or (c) an
autoregressive model.

24. The computer-implemented method as recited in
claim 21, further comprising:

presenting, by the network-accessible service via the one

or more programmatic interfaces, an indication of one
or more hyper-parameters of the one or more genera-
tive machine learning models.

25. The computer-implemented method as recited in
claim 21, further comprising:

presenting, by the network-accessible service via the one

or more programmatic interfaces, an indication of a
change in the particular output content resulting from a
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change to a hyper-parameter of the one or more gen-
erative machine learning models.

26. The computer-implemented method as recited in
claim 21, further comprising:

presenting, by the network-accessible service via the one

or more programmatic interfaces, an indication of a
structure of the one or more generative machine learn-
ing models, including a number of layers of a neural
network utilized in the one or more generative machine
learning models.

27. The computer-implemented method as recited in
claim 21, wherein the particular input content comprises one
or more of: (a) audio, (b) an image, (c) a drawing, (d) a
painting or (e) text.

28. A system, comprising:

one or more computing devices, wherein the one or more

computing devices include instructions that upon

execution on or across the one or more computing

devices:

train one or more generative machine learning models
to produce, in response to input content, a corre-
sponding output content, wherein the output content
comprises a newly-generated portion of content
which shares one or more properties with the input
content and thereby extends the input content, and
wherein the one or more generative machine learning
models include a transformer;

obtain a particular input content via one or more
programmatic interfaces at a network-accessible ser-
vice; and

present, via the one or more programmatic interfaces, a
particular output content generated at the network-
accessible service using one or more trained versions
of the one or more generative machine learning
models, wherein the particular output content is
produced by the one or more trained versions in
response to the particular input content.

29. The system as recited in claim 28, wherein the
particular output content is produced at least in part by the
transformer, and wherein the one or more computing devices
include further instructions that upon execution on or across
the one or more computing devices:

provide, by the network-accessible service via the one or

more programmatic interfaces, an indication of an
alternative generative machine learning model which
can be utilized to generate output content correspond-
ing to the particular input content, wherein the alter-
native generative machine learning model does not
include a transformer; and

present, by the network-accessible service via the one or

more programmatic interfaces in response to a request
to utilize the alternative generative machine learning
model, additional output content corresponding to the
particular input content, wherein the additional output
content is generated using the alternative generative
machine learning model.

30. The system as recited in claim 29, wherein the
alternative generative machine learning model comprises
one or more of: (a) a generative adversarial network (b) a
variational auto-encoder or (¢) an autoregressive model.

31. The system as recited in claim 28, wherein the one or
more computing devices include further instructions that
upon execution on or across the one or more computing
devices:
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present, by the network-accessible service via the one or
more programmatic interfaces, an indication of one or
more hyper-parameters of the one or more generative
machine learning models.

32. The system as recited in claim 28, wherein the one or
more computing devices include further instructions that
upon execution on or across the one or more computing
devices:

present, by the network-accessible service via the one or

more programmatic interfaces, an indication of a
change in the particular output content resulting from a
change to a hyper-parameter of the one or more gen-
erative machine learning models.

33. The system as recited in claim 28, wherein the one or
more computing devices include further instructions that
upon execution on or across the one or more computing
devices:

present, by the network-accessible service via the one or

more programmatic interfaces, an indication of a struc-
ture of the one or more generative machine learning
models, including a number of layers of a neural
network utilized in the one or more generative machine
learning models.

34. The system as recited in claim 28, wherein the
particular input content comprises one or more of: (a) audio,
(b) an image, (c) a drawing, (d) a painting or (e) text.

35. One or more non-transitory computer-accessible stor-
age media storing program instructions that when executed
On Or across one Or more processors:

train one or more generative machine learning models to

produce, in response to input content, a corresponding
output content, wherein the output content comprises a
newly-generated portion of content which shares one or
more properties with the input content and thereby
extends the input content, and wherein the one or more
generative machine learning models include a trans-
former;

obtain a particular input content via one or more pro-

grammatic interfaces at a network-accessible service;
and

present, via the one or more programmatic interfaces, a

particular output content generated at the network-
accessible service using one or more trained versions of
the one or more generative machine learning models,
wherein the particular output content is produced by the
one or more trained versions in response to the par-
ticular input content.

36. The one or more non-transitory computer-accessible
storage media as recited in claim 35, wherein the particular
output content is produced at least in part by the transformer,
and wherein the one or more non-transitory computer-
accessible storage media store further program instructions
that when executed on or across the one or more processors:

provide, by the network-accessible service via the one or

more programmatic interfaces, an indication of an
alternative generative machine learning model which
can be utilized to generate output content correspond-
ing to the particular input content, wherein the alter-
native generative machine learning model does not
include a transformer; and

present, by the network-accessible service via the one or

more programmatic interfaces in response to a request
to utilize the alternative generative machine learning
model, additional output content corresponding to the
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particular input content, wherein the additional output
content is generated using the alternative generative
machine learning model.

37. The one or more non-transitory computer-accessible
storage media as recited in claim 36, wherein the alternative
generative machine learning model comprises one or more
of: (a) a generative adversarial network (b) a variational
auto-encoder or (¢) an autoregressive model.

38. The one or more non-transitory computer-accessible
storage media as recited in claim 35, storing further program
instructions that when executed on or across the one or more
processors:

present, by the network-accessible service via the one or

more programmatic interfaces, an indication of a
change in the particular output content resulting from a
change to a hyper-parameter of the one or more gen-
erative machine learning models.

39. The one or more non-transitory computer-accessible
storage media as recited in claim 35, storing further program
instructions that when executed on or across the one or more
processors:

present, by the network-accessible service via the one or

more programmatic interfaces, an indication of a struc-
ture of the one or more generative machine learning
models, including a number of layers of a neural
network utilized in the one or more generative machine
learning models.

40. The one or more non-transitory computer-accessible
storage media as recited in claim 35, wherein the particular
input content comprises one or more of: (a) audio, (b) an
image, (c) a drawing, (d) a painting or (e) text.
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