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(57) Abstract: Existing language models (LMs) can excel at some tasks such as question answering, reasoning, and dialog. However,
they can sometimes generate unsuppotrted or inaccurate content. Therefore, in the present disclosure, systems and methods are provided
for improving the reliability of LMs' generated output. First, systems and methods are provided for editing LMs' generated content based
on a machine-learned comparison between the generated content and related evidence snippets, which can be retrieved and extracted
using a machine-learned query generation model and a machine-learned relevance model. Second, systems and methods are provided
for attributing parts of LM-generated content (e.g. factual claims) to related evidence snippets. Thus, the present disclosure can improve
the reliability of LM output, both by increasing the factual accuracy of edited content and by allowing a user or computing system to
know whether parts of the generated content are supported or contradicted by external evidence.
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REVISION OF AND ATTRIBUTION FOR OUTPUT OF TEXT GENERATION MODELS

PRIORITY CLAIM
[0001] The present application is based on and claims priority t© United States
Provisional Application 63/411,428 having a filing date of September 29, 2022, which is
incorporated by reference herein.

FIELD

[0002] The present disclosure relates generally to machine leaming. More particularly,
the present disclosure relates to machine-learned methods for providing revision and
attribution (e.g. citation) for text (e.g. machine-generated text from an existing large language

model).

BACKGROUND
{0003] Text generation models {TGMs) are now the hackboue of many Al systems. For
example, farge language models can enable multi-step reasoning, planning, rich interactions
with the outside world, and open-domain question answening on par with traditional
information retrieval systems.
{0004} Despite these advances, state-of-the-art TGMs can in some situations produce
incorrect or unsupported content. Because of this issue, the output of 8 TGM may be
unsuitable for certain tasks. Thus, it is desirable to generate methods for verifying the

reliability of generated content.

SUMMARY
[0005] Aspects and advantages of embodiments of the present disclosure will be set
forth in part in the following description, or can be learned from the description, or can be
learned through practice of the embodiments.
[0006] Example aspects of the present disclosure provide an example computer-
implemented method for improved attribution of model-generated content. The method can
comprise obtaining, by a computing system comprising one or more computing devices, a
first textual content generated by  first machine-learned language model. The method can
further comprise retrieving, by the computing systerm, one or more evidence sources refating
to the first textual content generated by the first machine-learned language model. The
method can further comprise generating, by the computing system, a second textual content

as an output of a second machine-learned language model, based on a comparison between
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the first textual content and the one or more evidence sources. And the method can further
comprise associating, by the computing system, one or more portions of the one or mose
evidence sources as attributions for the first or second textual content.

[0007] In some instances, retrieving, by the computing system, the one or more evidence
sources can comprise generating, by the computing system, ong or moze queries based on the
first textual content; and retrieving, by the computing system, the one or more svidence
sources based on the ove or more queries.

{0008 In some mstances, retrieving, by the computing system, the one or more evidence

sources based on the one or more queries can comprise a web search.
[0009] In some instances, generating, by the computing system, one or more queries
based on the first textual content can comprise prompting a third machine-learned language

model.

LR In sonme instances, poncrating, by the computing systam, one of more gueries

based on the first texteal content can comprise identifving one or more claims associated with
the first textual content; and generating 8 query associated with at least one of the one or
more claims.

[0011] In some instances, the example computer-implemented method can comprise
prompting a third machine-learned language model to identify one or more claims associated
with the first textual content.

{0012} In some instances, the example computer-implemented method can comprise
prompting a third machine-learned language model to generate a query asscolatad with at
least one or more claims associated with the first texual content.

[0013] In some instances, prompting a thivd machine-fearned language model can
comprise few-shot prompting.

{0014] In some instances, prompting a third machine-fearned language model can
comprise chain-of-thought prompting.

[0015] In some instances, the example computer-implemented method can comprise
extracting, by the computing system, one or more evidence snippets from the one or more
evidence sources retrieved by the computing system; and comparing, by the computing
system, the one or more evidence snippets extracied by the computing system to the first
textual content.

{0016] In some instances, extracting, by the computing system, one or more evidence
snippets from the one or more evidence sources retrieved by the computing system can
comprise: determining one or more candidate evidence snippets; generating, for each
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candidate evidence snippet, a respective score based on a query that was used to retrieve the
one or more evidence sources; amd selecting a subset of candidate evidence snippets based on
the respective scores.

{0017} In some instances, the respective scores can be relevance scores generated by a
machine-learned query-document relevance model.

[0018] In some instances, the one or more evidence sources are textual documents, and
determining one or maore candidate evidence snippets can comprise runming a sliding window
across a respective textual document.

[0019] In some instances, selecting a subset of candidate evidence snippets based on the
respective score can comprise maximizing a coverage over the one or more claims.

{0020] In some instances, comparing, by the computing system, the one or more
evidence snippets extracted by the computing system to the first textual content can comprise
determining one of more first levels of agreement, with respect (o ong or more claims
associated with the first texioal content, between the one o miore evidence snippets and the
first textual content.

[0021] In some instances, determamng one or nuwe first levels of agreement, with
respect to one or more claims associated with the first textual content, between the one or
more evidence snippets and the first textual content can comprise evaluating the first textual
content and the evidence snippet with a machine-learned agreement model.

0022} In some instances, evaluating the first textual content and the evidence snippet
with a machine-learned agreement model can comprise prompting the machine-learned
ggreement model with chaip-ofuthought promipting.

100231 I some stances, evaluating the first textual content and the evidence snippet
with a machine-learned agreement model can comprise prompting the machine-learned
agreement model with few-shot prompting.

[0024] In some instances, generating, by the computing system, a second textual content
as an output of a second machine-feamed language model can comprise identifying a
respective claim of the one or more claims associated with the first textual content, wherein
the first level of agreement with respect to the respective claim indicates a lack of complete
agreement; and generating 4 second textaal content, such that a second level of agreement,
with respect 1o the respective claim and between the second lextual content and the one or
more evidence snippets, indicates a greater degree of agreement than the first level of

agreement with respect to the respective claim.

(3}
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[0025] In some instances, generating, by the computing systeny, a second textual content
as an output of a second muchine-fearned language model can comprise prompting the
second machine-learned language model using chain-of-thought prompting.

[0026] In some instances, generating, by the computing system, a second textual content
as an output of a second machine-learned language model can comprise prompting the
second machine-learned language model using few-shot prompting.

jOGI7 In some mstances, the example computer-implemented rethod can further
comprise determining an edit distance based on one or more differences between the firt
textual content and the second textual content; and based on the edit distance, determining
whether o output the second textual content.

[0028] In some instances, the example computer-implemented method can further
comprise determining an agreement score between the second textual content and one or
more evidence snippets extracted from the one or more evidenos sources; determining a
preservation score indicative of a sinularity between the first textual content and the second
textual content; and based on a combination of the agreement scove and the preservation
seare, determining whether to outpuat the second textual content.

[0029] In some instances, the one or more evidence sources can be textual documents.
{0030] Other example aspects of the present disclosure provide an example computing
system. The example computing system can comprise one or more processors and one or
more non-transitory computer-readable media. The one or more non-transitory computer-
readable media can store instructions that are executable by the one or more processors to
cause the computing svstem to perform one or more operations. The operations can comprise
obtaining a frst textual content geperated by a first machine-learned language model. The
operations can further comprise retrieving one or more evidence sources relating to the first
textual content generated by the tirst machine-fearned language model. The operations can
further comprise generating a second textual content as an output of a second machine-
learned language model, based on a comparison between the first textual content and the one
or more evidence sources. And the operations can further comprise associating one or more
portions of the one or more evidence sources as attributions for the tirst or second textual
content.

[0031] Other example aspects of the present disclosure provide one or more example
computer-readable media. The example computer-readable media can store instructions that
ar¢ executable by a computing sysiem to cause the compuiing system to perform one or more

operations. The operations can comprise obtaining a first textual content generated by a first
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machine-learned language model. The operations can further comprise retrieving one or more
evidence sources relating o the first textual content generated by the first machine-learned
language model. The operations can further comprise generating a second textual content as
an output of a second machine-learned language model, based on a comparison between the
first textual content and the one or more evidence sources. And the operations can further
comprise associating one or more portions of the one or more evidence sources as attributions
for the first or second textual content.

{00324 Other aspects of the present disclosure are divected W various systems,
apparatuses, non-transitory computer-readable media, user interfaces, and clectronic devices.
[0033] These and other features, aspects, and advantages of various embodiments of the
present disclosure will become better understood with reference to the following description
and appended claims. The accompanying drawings, which are incorporated in and constitute
a part of this specification, ilustrate example embodiments of the present disclosure and,

together with the description, serve to explain the related principles.

BRIEF DESCRIPTION OF THE DRAWINGS
[0034] Detailed discussion of embodiments directed to one of ordinary skill in the art 1s
set forth in the specification, which makes reference to the appended figures, in which:
{0035] Figure 1A depicts a block diagram of an example computing system 100 that
performs attribution for automatically generated text according to example embodiments of
the present disclosure.
{00361 Figare 11 depicts a block diggram of an example computing device that performs
atirtbution for actomativally genersied text according to example aynbodiments of the present
disclosure.
{0037] Figure 1C depicts a block diagram of an example computing device that performs
attribution for automatically generated text according to example embodiments of the present
disclosure.
{0038] Figure 2 depicts a block diagram of an example systent and workflow for editing
and attributing machine-generaied text according to example embodiments of the present
disclosure.
[0039] Figure 3 depicts a block diagram of an example method for editing and/or
attributing machine-generated text according to example embodiments of the present

disclosure.
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[0040] Figure 4 depicts a block dingram of an example method for retrieving evidence
snippets related to machine-generated text according o example embodiments of the present
disclosure.

{0041} Figure 5 depicts a block diagram of an example method in which machine-
generated text is compared to one or more retrieved evidence snippets according to example
embodiments of the present disclosure.

0421 Figure 6 depicts a block diagram of an exanple method for editing machine-
gegerated text accordmg fo exavple erobodiments of the present disclosure.

[0043] Figure 7 depicts a block diagram of an example experiment and corresponding
example output, in which a machine-generated text is edited and attributed to evidence
snippets according to example embodiments of the present disclosure.

[0044] Figure 8 depicts a block diagram of an example experiment and corresponding
exampie cuilput, in which a machine-gensrated toxt is edited according to example
embediments of the present discloswre.

{0045] Figure 9 depicts exarple fow-shot prompis for prompting example machine-
learned models in exampde experiments according to the present disclosure.

[00406] Figure 10 1s a flow chart diagram 1lustrating an example method for training a
machine-learned model according to example implementations of aspects of the present
disclosure.

0047] Figure 11 is a block diagram of an example provessing flow for using machine-
learned model(s) to process (s} o generate output(s) according to example
implementations of aspects of the present disclosare.

{0048} Figare 12 15 a block dgram of an example sequence provessing model according
to example implementations of aspects of the present disclosure.

{0049] Figure 13 is a block diagram of an example technique for populating an example
input sequence for processing by a sequence processing model according to example

implementations of aspects of the present disclosure.

[0050] Figure 14 is a block diagram of an example model development plattorm
according to example implementations of aspecis of the present disclosure.

{0031} Figure 15 is a block disgram of an example training workflow for training a
machine-learned model according to example implementations of aspects of the present

disclosure.



WO 2024/073087 PCT/US2023/034184

{0052} Figure 16 is a block diagram of an inference svstem for operating one or more
machine-fearned model(s) to perform inference according to example implementations of
aspects of the present disclosure.

[0053] Reference numerals that are repeated across plural figures are intended to identify

the same features in various implementations.

DETAILED DESCRIPTION
Overview

[0054] Existing language models (LMs) can excel at some tasks such as question
answering, reasoning, and dialog. However, they sometimes generate unsupported or
misleading content. Therefore, in one example aspect of the present disclosure, a mechanism
is provided for attributing LMs’ content to external evidence. In another example aspect of
the prosent disclosere, a mechanism s provided for editing LMs™ content to make it more
consistent with odernsl evidence.
{00551 In some example aspects of the present disclosure, systems and methods are
provided that, given an nput text gencrded by an LM, can reirieve sxternal evidence relevant
to the text, and then can revise the text to make it consistent with the evidence while
preserving qualities like style or structure, enabling the revised text to be seamlessly used in
place of the original.
[0056] In some exampie aspects of the present disclosure, an extsting language model
can generate factually unrelfigble textual content, and systems and methods of the present
disclosure can edit the content to detect and correct errors in the generated textoal content. A
research stage can use a machine-learned query generator {0 raise questions about different
aspects of the text, such as faciual claims made by the toxt. Next, these queries can be used to
retrieve evidence from a corpus of evidence sources, e.g. by using the queries to perform a
web search for relevant textual documents. Next, a machine-leamed relevance model can be
used to extract a set of evidence snippets from the retrieved evidence sources, based on a
machine-learmned determination of which portions of the retrieved sources are most relevant to
the generated queries. Next, a machine-learned agreement model can compare the evidence
snippets to the generated textual content, and can detect any agreaments o disagreemenis,
Thass, it can be determined whether a factual claim in the generated textaal content 15
supported by the extracted snippets; contradicted by the extracted snippets; or not addressed

by the extracted snippets. Next, a machine-learned editing model can correct any textual
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content that is contradicted by the extracted snippets, while otherwise preserving the content
and structure of the generated textual content.

[0057] Separately or additionally, systems and methods of the present disclosure can
associate extracted evidence snippets with related parts of the generated textual content.
Systems and methods of the present disclosure can then output information about the
associated evidence snippets to a user or to another computing system or process. In some
instances, the input textual content may be output unedited, in combivnation with a separate
attribution report explaining which factual claims are sapported by evidence; contradicted by
evidence; or unaddressed by the evidence retrieved. In other example instances, the generated
content may be edited for factual accuracy and the edited conient may be accompanied by a
separate attribution report. In other instances, the attributions can be included as part of the
edited content, e.g. as an in-text citation. Although the preceding sentences discuss factual
clainss as an example, systems and methods of the present disclosure can also be used in
relation to opinions and other aspects of the generated content (e.g. an attribution report
identifying sources that disagree with an expressed opinion, or wdentifying general
backeround information about a topic discasseds.

{0058} In some additional aspects of the present disclosure, systems and methods are
provided for measuring the quality of edited textual content and retrieved evidence snippets.
Automated systems and methods are provided for measuring whether edited textual content is
attributable to retrieved evidence sources. In some example experiments, it is shown that the
provided methods are highly correlated with human judgments about attribution. Automated
systems and methods are also provided for measuwring how much of the original textual
content 1 proservad within the edited textual content. In some example experiments using
these measures, it is shown that the systems and methods of the present disclosure enable the
editing of textual content to better agree with evidence, while preserving the original content
better than prior methods.

[0059] The present disclosure provides several technical advantages and benefits which
will be apparent to a person of skill in the art. For example, systems and methods provided in
the present disclosure significantly improve attribution while otherwise preserving the
original input to a much greater degree than prior work,

{0060] Furthermore, systems and methads of the present disclosure can be performed
using only a small number of training examples, which can save computation costs associated

with (raining a machine-learned model. Thus, systems and methods of the present disclosure
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can perform computational tasks using less electricity and computational time than prior
systems and methods.

{0061} Furthermore, systems and methods of the present disclosure can be perfimmed on
text generated by already-existing hmguage models, which can leversge the benefits of an
expensive-to-train large language model (e.g. a trillion-parameter pretrained model) without
the electricity and computational costs associated with retraining such a large model. Thus,
systems and methods of the present disclosure can perform tasks that may be impossible
without the aid of a large {e.g. tritlion-parametery model, and which cannot be performed by
an existing large language model alone, using less electricity and other training costs than
prior work.

{0062] Furthermore, systerns and methods of the present disclosure can provide revised
text that can be consistent with externat evidence while preserving quatlities ke style or
structure, enabhing the revised toxt to ba seaptessly used in place of the oniginal. This

arevents any need to generate additions! text after editing 1s performed, thereby saving

electrivity and computational costs associated with generating addittonal text alter editing,
{00631 Additionally, svstems and methods of the present disclosure can generalize across
many tasks better than prior work. Thus, systems and methods of the present disclosure
enable the reuse of systems and methods across multiple tasks, which can save electricity,
computational time, and memory space associated with training, storing, and operating
separate machine-learned models for each task.

{0064] Furthermore, systems and methods of the present disclosure can be performed
asing already-existing document retrieval toods, such as a standard web search enging. Thus,
svstems and methads of the present dischosure can leverage the benefits of a powerful web
search tool without using the electricity, computational time, and memory space that may be
associated with training, storing, and operating a task-specific evidence retrieval tool.

[0065] Furthermore, systems and methods of the present disclosure can enable the use of
smaller language models to achieve levels of performance similar to larger models, thereby
saving the electricity, computational costs, and memory space associated with larger models.
For example, larger language models (e.g. trillion-parameter models) have been shown to
“hallucinate” less often than smaller (e.g. fowv-billion-parameter models) modals, but training
a larger nwode! requires more electricity, more memory, and mowe processing me than a
smaller model. Systems and methods of the present disclosure can enable the increased
accuracy associated with larger models, without requiring the increased electricity, memory
and processing time associated with training larger models.

9
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[0066] With reference now o the Figures, example embodiments of the present

disclosure will be discussed in further detail.

Example Devices and Systems

{0067} Figure 1A depicts a block diagram of an example computing system 100 that
performs attribution for automatically generated text according to example embodiments of
the present disclosure. The system 100 inchudes a user computing device 12, a server
computing system 130, and a taining computng systerm 150 that are commusicatively
coupled over a network 180.

[0068] The user computing device 102 can be any type of computing device, such as, for
example, a personal computing device {e.g., laptop or desktop), a mobile computing device
(e.g., smartphone or tablet), a gaming console or controller, a wearable computing device, an
embedded computing device, or any other type of computing device.

{00691 The user computing device 102 includes one or more processors 112 and a
memory 14, The one or nore processors 112 can be any suitable processing device fe.g., a
and can be one processor or a plurality of processors that are operatively connected. The
memory 114 can include one or more non-transitory computer-readable storage media, such
as RAM, ROM, EEPROM, EPROM, flash memory devices, magnetic disks, etc., and
combinations thereof. The memory 114 can store data 116 and instructions 118 which are
executed by the processor 112 to cause the user computing device 102 to perform operations.
[0070] In some impiementations, the user computing device HI2 can store or inchede one
or more n models 120. For example, the tex{ atirthution maodels 120 cay be or can otherwise
include various machine-learned maodels such as neural networks {e.g., desp neurad networks)
or other types of machine-learned models, including non-linear models and/or linear models.
Neural networks can include feed-forward neural networks, recurrent neural networks {e.g.,
long short-term memory recurrent neural networks), convolutional neural networks or other
torms of neural networks. Some example machine-learned models can leverage an attention
mechanism such as self-attention. For example, some example machine-learned models can
include multi-headed self~attention models (e.g., ransformer models).

{0071} In some implamentations, the oae or more toxt attribution models 120 can be
received from the server computing system 130 over network 180, stored in the user
computing device memory 114, and then used or otherwise implemented by the one or more

processors 112. In some implementations, the user computing device 102 can implement
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multiple paralle! instances of a sipgle text atirtbution model 120 (e.g., to perform parallel
attribution for automaticaily generated text across mutltiple instances of attribution for
automatically generated text).

{0072} Additionally or altematively, one or more text attribution models 140 can be
included in or otherwise stored and implemented by the server computing system 130 that
comimunicates with the user computing device 102 according to a client-server relationship.
For example, the text stiribution models 140 can be umplemented by the server compating
system 140 as a portion of a web service {e.g., an attribution for automatcally geverated text
service). Thus, one or more models 120 can be stored and implemented at the user computing
device 102 and/or one or more models 140 can be stored and implemented at the server
computing system 130,

[0073] The user computing device 102 can also include one or more user input
components [22 that receives user inpat. For example, the user mput componert 122 can bea
touch-sensitive component {€.¢., a touch-sensitive display screen or a touch pad) that 18
sensitive to the touch of a aser input obyject {e.g., a finger or a stylus). The touch-sensitive
component can serve to implement & virtual kevboard. Othey example user input components
include a microphone, a traditional keyboard, or other means by which a user can provide
user input.

[0074] The server computing system 130 includes one or more processors 132 and a
memory 134. The one or more processors 132 can be any suitable processing device (e.g., a
processor core, a microprocessor, an ASIC, an FPGA, a controller, a microcontrotler, etc.)
and can be one processor or & plurality of processors that are operatively conwected. The
memery 134 can nehude one or more non-transitory cosmputer-readable storage media, such
as RAM, ROM, EEPROM, EPROM, flash mesnory devices, magaetic disks, etc., and
combinations thereof. The memory 134 can store data 136 and instructions 138 which are
executed by the processor 132 to cause the server computing system 130 to perform
operations.

{00751 In some implementations, the server computing systen: 130 includes or is
otherwise implemented by one o miore server comiputing devices. In instances in which the
server computing svatemn 130 includes pheral server compating devices, such server
computing devices can operate according to sequential computing architectures, parallel
computing architectures, or some combination thereof.

[0076] As described above, the server computing system 130 can store or otherwise

include one or more text attribution models 140. For example, the models 140 can be or can
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otherwize inchude vavious machine-learned models. Example machine-learned models
include neural networks or other muliti-layer non-linear models. Example neural networks
include feed forward neural networks, deep neural networks, recurrent neural networks, and
convolutional neural networks. Some example machine-learned models can leverage an
attention mechanism such as self-attention. For example, some example machine-learned
models can include multi-headed self-attention models (e.g., transformer models

jOG77 The user conputing device 102 andfor the server computing system 130 can train
the models 120 andior 140 via interaction with the training computing system 150 that is
communicatively coupled over the network 180. The training computing system 150 can be
separate from the server computing system 130 or can be a portion of the server computing
system 130.

[0078] The training computing system 150 includes one or more processors 152 and a
memory 154. The one or more provessors 152 can be any suttable processing device (2.8, 8
processor core, a microprocessor, ant ASIC, an FPGA, & controller, a nucrocontrolier, et}
and can be one processor o a plurality of processors thit are operatively connected. The
memory 154 can include one or move non-transitory computer-readable storage media, such
as RAM, ROM, EEPROM, EPROM, flash memory devices, magnetic disks, etc., and
combinations thereof. The memory 154 can store data 156 and instructions {58 which are
executed by the processor 152 to cause the training computing system 150 to perform
operations. In some implementations, the traming computing system 150 includes or is
otherwise implemented by one or more server computing devices.

{00791 The training computing sysiem 136 can include a woded trainer 160 that trains the
machine-tearned models 120 andfor 140 stored at the aser computing device 102 and/or the
server computing systern {3 using various training or learning techaniques, such as, for
example, backwards propagation of errors. For example, a loss function can be
backpropagated through the model(s) to update onc or more parameters of the model(s) {e.g.,
based on a gradient of the loss function). Various loss functions can be used such as mean
squared error, likelihood loss, cross entropy loss, hinge loss, and/or various other loss
functions. Gradient descent techniques can be used to iteratively update the parameters over a
number of training iteratisns.

{0080] In some implementations, performing backwards propagation of errors can
include performing truncated backpropagation through time. The model trainer 160 can
perform a number of generalization techniques {e.g., weight decays, dropouts, etc.) to

improve the generalization capability of the models being trained.
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{0081] In particular, the model trainer 160 can train the text attribution models 120
and/or 140 based on a set of training data 162,

[0082] In some implementations, if the user has provided consent, the training examples
can be provided by the user computing device 102. Thus, in such implementations, the model
120 provided to the user computing device 102 can be trained by the training computing
system 150 on user-specific data received from the user computing device 102. In some
tnstances, this provess can be referred to as personalizing the model,

{0083 The mode! tramer 160 includes computer logic wtilized to provide desired
functionality. The model trainer 160 can be tmplemented in hardware, {irmware, and/or
software controlling a general purpose processor. For example, in some implementations, the
model trainer 160 includes program files stored on a storage device, loaded into a memory
and executed by one or more processors. In other implementations, the model trainer 160
includes one or more sets of computer-executable instractions that ave stored in a tangible
computer-readable storage medium such as RAM, hard disk, or optical or magnetic media.
{0084} The network 180 can be any type of communications nebwork, such as a local
aren network {e.g., intranet), wide area network {e.g., Internety, or some combination therent
and can include any number of wired or wireless links. In general, communication over the
network 180 can be carried via any type of wired and/or wireless connection, using a wide
vartety of communication protocols (e.g., TCP/IP, HTTP, SMTP, FTP), encodings or formats
{e.g., HTML, XML), and/or protection schemes (e.g., VPN, secure HT'TP, SSL).

{0085] In some implementations, the input to the machine-leamed model(s) of the
present disclosare can be text or nataral langoage data. The maching-iearned model{s} can
process the text or natural language data to gensrate an outpul. As an example, the machine-
learmed model(si can process the natural language data to generate a language encoding
output. As another example, the machine-learned model(s) can process the text or natural
language data to generate a latent text embedding output. As another example, the machine-
learned model(s) can process the text or natural language data to generate a translation
output. As another example, the machine-learned model(s) can process the text or natural
language data to generate a classification output. As another example, the machine-learned
model(s) can process the text or natural language data to generate 8 textual segmentation
output. As another example, the machine-leamed model(s) can process the text or natural
language data to generate a semantic intent output. As another example, the machine-learned
model(s) can process the text or natural language data to generate an upscaled text or natural

language output {e.g., text or natural language data that is higher quality than the input text or
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natural language, etc.). As another example, the machine-learned model(s) can process the
text or natural language data to generate a prediction outpat.

[0086] In some implementations, the input to the machine-learned model(s) of the
present disclosure can be speech data. 'The machine-learmned model(s) can process the speech
data to generate an output. As an example, the machine-learned model(s) can process the
speech data to generate a speech recognition output. As another example, the machine-
lesrned model{sy can process the speech data (o generate a speech translation output. As
another example, the machine-learned model{s) can process the speech data to generate a
latent embedding output. As another example, the machine-learned model(s) can process the
speech data to generate an encoded speech output (¢.g£., an encoded and/or compressed
representation ot the speech data, etc.). As another example, the machine-leamed model(s)
can process the speech data to generate an upscaled speech output (e.g., speech data that is
Bigher gualily than the wput speech data, ete. ). As another example, the machine-tearnad
model(s) can process the speech data to generate a textusl representation output {e.g., a
textual representation of the nput speech data, ete.). As another exaniple, the machine-
tearmed model(s) can process the speech data to generate a prediction output.

{0087] In some implementations, the input to the machine-learned model(s) of the
present disclosure can be latent encoding data (e.g., a latent space representation of an input,
etc.). The machine-learned model(s) can process the latent encoding data to generate an
output. As an example, the machine-leamed model(s) can process the latent encoding data to
generate a recognition output. As another example, the machine-learned model(s) can process
the latent encoding data to generate a reconstroction oufput. As avother example, the
machine-learned model(x) can process the latent encoding data {o generate a search output.
As another example, the machine-learned model{(s) can process the latent encoding data to
generate a reclustering output. As another example, the machine-learned model(s) can
process the latent encoding data to generate a prediction output.

[0088] In some implementations, the input to the machine-learned model(s) of the
present disclosure can be statistical data. Statistical data can be, represent, or otherwise
include data computed and/or calculated from some other data source. The machine-fearned
model(s) can process the statistical data {0 generate an oulput. As an example, the machine-
learned model{s} can process the statistical data to generate a recognition output. As another
example, the machine-learned model(s) can process the statistical data to generate a
prediction output. As another example, the machine-learned model(s) can process the

statistical data to generate a classification output. As another example, the machine-learned
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model(s) can process the statistical data to generate a segmentation output. As another
exampie, the machine-fearned model(s) can process the statistical data to generate a
visualization output. As another example, the machine-learned model(s) can process the
statistical data to generate a diagnostic output.

{0089] In some implementations, the input to the machine-learned model(s) of the
present disclosure can be sensor data. The machine-learned model(s) can process the sensor
data to generate an outpuf. As an example, the machine-learned model{s} can process the
sensor data to generate a recogaition output. As another exaraple, the machine-learned
model(s) can process the sensor data {o generate a prediction output. As another example, the
machine-learned model(s) can process the sensor data to generate a classification output. As
another example, the machine-learned model(s) can process the sensor data to generate a
segmentation output. As another example, the machine-learned model(s) can process the
sensor <data to goperate a visuglization oufpet. As another example, the muachine-learned
model(s) can process the sensor data to generate a dingnostic outputl. As another example, the
machine-learned model(s} can process the sensor data to generate a detection ouiput.

[0090] In some cases, the machine-learned model(s) can be confimwad 1o perform 4 task
that includes encoding mput data for reliable and/or efficient transmission or storage (and/or
corresponding decoding). For example, the task may be an audio compression task. The input
may include audio data and the output may comprise compressed audio data. [n another
example, the input includes visual data (e.g. one or more images or videos), the output
comprises compressed visual data, and the task is a visual data compression task. In another
example, the task may comprise generating an embedding for inpg data (e.g. input audio or
visual datal.

[0091] In some cases, the input includes visual data and the task is a computer vision
task. In some cases, the input includes pixel data for one or more images and the task is an
image processing task. For example, the image processing task can be image classification,
where the output is a set of scores, each score corresponding to a different object class and
representing the likelihood that the one or more images depict an object belonging to the
object class. The image processing task may be object detection, where the image processing
output ilentifies one or more regions in the one or more images and, for each region, a
likelihood that region depicts an object of interest. As another exaniple, the image processing
task can be image segmentation, where the image processing output defines, for each pixel in
the one or more images, a respective likelihood for each category in a predetermined set of

categories. For example, the set of categories can be foreground and background. As another
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example, the set of categories can be object classes. As another example, the image
processimg fask can be depth estimation, where the image processing output defines, for each
pixel in the one or more images, a respective depth value. As another example, the image
processing task can be motion estimation, where the network input includes multiple images,
and the image processing output defines, for each pixel of one of the input images, a motion
of the scene depicted at the pixel between the images in the network input.

[0092] In some cases, the mput includes sudio data representing a spoken uiterance and
the task is a speech recognition task. The output may comprise a text output which s mapped
to the spoken utterance. In some cases, the task comprises encrypting or decrypting input
data. In some cases, the task comprises a microprocessor performance task, such as branch
prediction or memory address translation.

[0093] Figure 1A illustrates one example computing system that can be used to
implement the present disclosure. Other computing svstems can be axed as well, For
example, in some implementations, the user computing device 102 can inglude the model
trainer 160 and the training dataset 162, In such implementations, the models 120 can be both
trained and used locally at the user computing device 102, Iy some of such implementations,
the user computing device 102 can implement the model trainer 160 to personalize the
models 120 based on user-specific data.

[0094] Figure 1B depicts a block diagram of an example computing device 1000 that
performs according to example embodiments of the present disclosure. The computing device
1000 can be a user computing device or a server computing device.

{00951 The computing device 1000 includes a number of applications {e.g., applications
1 through N Fach application comtang #Hy own machme learning hibrary and machine-
learned model(s). For example, each application can include a machine-learned model.
Example applications include a text messaging application, an email application, a dictation
application, a virtual keyboard application, a browser application, etc.

[0096] As illustrated in Figure 1B, each application can communicate with a number of
other components of the computing device, such as, for example, one or more sensors, a
context manager, a device state component, and/or additional components. In some
implemantations, each application can compunicate with each devige component using an
AP (a2, a public APLL oy some inoplementstions, the APE used by each application is

specific to that application.
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{0097 Figure 1C depicts a block dingram of an example computing device 5000 that
performs according (o example cmbodiments of the present disclosure. The computing device
5000 can be a user computing device or a server computing device.

[0098] The computing device 5000 includes a number of applications (e.g., applications
I through N). Each application is in communication with a central intelligence layer.
Example applications include a text messaging application, an email application, a dictation
application, a virtual keyboard application, a browser application, ete. In some

mimplementations, each application can communicate with the ceatral intelligence layver (and

model(s) stored therein) using an API {¢.g., a common API across all applications).

[0099] The central intelligence layer includes a number of machine-learned models. For
gxample, as illustrated in Figure 1C, a respective machine-learned mode! can be provided for
gach application and managed by the central intelligence layer. In other implementations, two
or more applications can share a single machine-leamsd modsl. For example, in some
implementations, the central intelligence laver can provide a single model for all of the

applications. Tn some tuplementations, the central intelligence tayer s included within or
otherwise implemented by an operating system of the computing device 5000.

[0100] The central intelligence layer can communicate with a central device data layer.
The central device data layer can be a centralized repository of data for the computing device
5000. As illustrated in Figure 1C, the central device data layer can communicate with a
number of other components of the computing device, such as, for example, one or more
sensors, a context manager, a device state component, and/or additional components. [n some
implementations, the central device data layer can conmnuanicate with each device component
asing an APHe.g., a privats APLL

[0101] F1G. 2 depicts g block diagram of an example data workflow for editing and
attributing machine-generated text according to example embodiments of the present
disclosure. In FI1G. 2, a first machine-learned language model 202 can output a first textual
content 204, and a query generation system 206 can generate one or more queries 208 related
to aspects of the first textual content 204. An evidence source retrieval system 209 can
retrieve evidence sources 210 based on the queries 208. An evidence snippet extraction
system 212 can then extract evidence saippets 214 from the evidence sowrces 210, An
agreement/disagreement detection sysiom 216 can then compare the extracted evidenge
snippets 214 with the first textual content 204 to determine one or more agreement
indicator(s) 218 indicative of an agreement or disagreement between the first textual content

204 and one or more of the evidence snippets 214. A text editing system 220 can then create
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an edited text 222 based on the first textual conlent 204, evidence suippets 214, and
agreement indicator(s) 218. An evidence aitribution sysiem 224 can attribute one or more
aspects of the edited text 222 to one or more evidence snippets 214. The evidence atiribution
system 224 can then send an output 226 to an output system 228. The output 226 can
comprise one or more texts (e.g. first textual content 204, edited text 222) combined with one
or more attributions associating evidence snippets with the text(s).

joa2g FiG. 2 depicts a first machine-leamned language model 202 outputting a first
textual content 204, The first machine-learned language model can be, for example, any
machine-learned language model capable of generating text. In some instances, the first
machine-learned language model 202 can be a multi-headed self-attention model (e.g.,
transformer). The first textual content 204 can be, for example, natural language content.
Although FIG. 2 depicts a first machine-learned model 202 outputting the first textual content
204, a person skilled in the art will appreciate that texinal content can be generated or
obtained 1o other wayvs, e.g. writlen by humans or retrieved from a database of textual
content.

[0103] FIG. 2 depicts a guery generation systent 206 generating quenes 208 based on the
first textual content 204. In some cases, the query generation system can comprise a machine-
learned model. In some instances, query generation system can comprise a machine-learned
model using an attention mechanism, such as a multi-headed self-attention model (e.g.
transformer). In some instances, few-shot prompting can be used to enable a pretrained
general-purpose language model to perform query generation. In some instances, a pretrained
model can be prompted with ¢ small nomber (e.g. 5ix) of example nput/output pairs having
an example text input and an example sef of associated queries, where each example sei of
associated queries includes a question about every factuad claim made in each example text
input. In some instances, an example input can also comprise an example context (e.g.
“context: Who was Abraham Lincoln? you said: He was the 16th president of the United
States.”). Once prompted in this way, a pretrained language model can be given a first textual
content 204 without a corresponding set of queries, and the pretrained mode!l can then
generate a set of queries 208 as output. In some instances, a query generation system can be
ased mudtipls times {e.g. three times) to generate mudtiple query sets bused on one first
textual content 204, and the queries 208 can be a enion of the muitiple guery sets, However, a
person skilled in the art will recognize that in some instances, queries can be generated

without the use of a machine-learned model (e.g. usmg the entire first textual content 204 as a
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query, of parsing the first textoal content 204 into sentences and using each sentence as a
query).

10104 FIG. 2 depicts an evidenge source retrioval system 209 that can retrieve evidence
sources 210 based on the generated queries 208, In some instances, the evidence source
redrieval system 209 can be a standard web search engine. For example, each query m the
generated gueries 208 ¢an be input into a standard web search engine, and a number {e.g,
fivey of top-ranked results assoctated with each query can be added o the retrieved evidence
sources 210, In other nstances, the evidence souree retrieval system 209 may retrieve
evidence sources from a non-internet-based corpus of evidence sources (e.g. a proprietary
database containing proprietary data).

[0105] F1G. 2 depicts an evidence snippet extraction system 212 exiracting evidence
snippets 214 from the evidence sources 210. In some instances, the evidence suippet
extraction system 212 can extract candidate evidencs smippets from each web page by
runming a shiding windew of four sentences across the evidence source 210, breaking at
document headings. In some fnstances, the candidate evidence suippets can then be ranked
based on their relevance to a respective guery 208, In some instances, this ranking can be
performed using a machine-learned model. In some instances, the ranking can be performed
using a query-document relevance madel, which can compute a relevance score between each
query and each candidate evidence snippet. In some cases, the query-document relevance
mode] can comprise a text-to-text transformer adapted to transfer learning. In some instances,
the query-document relevance model can comprise a pretrained model that has been fine-
tuned on a dataset having refevance {abels. A manber {e.g. 5} of top-ranked candidate
evidence snippets can then be selected for each query 208, and the evidence snippets 214 can
comprise the union of all top-ranked candidate evidence snippets for ali generated queries
208.

{0106] FIG. 2 depicts agresment‘disagreement detection system 216 comparing the
extracted evidence snippets 214 with the first textual content 204 to determine one or more
agreement indicator(s) 218 indicative of an agreement or disagreement between the first
textual content 204 and one or more of the evidence snippets 214. In some cases, the
agreement/disagreement detection system 218 can comprise # machine-leamed model. In
some instances, the agreement/disagreement detection system 216 can comprise a machine-
learned model using an attention mechanism, such as a multi-headed self-attention model
{e.g. transformer). In some instances, few-shot prompting can be used (o enable a pretrained

general-purpose language model to perform agreement/disagreement detection. In some
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instances, the few-shot prompting can also be cham-of-thought prompting, in which a
pretrained model is prompted to explicitly stale an implied answer o a query for each of an
input textual content and an input evidence snippet. In some instances, a pretrained model can
be prompted with a small number (e.g. eight) of agreement detection examples comprising a
textual input, a query, an evidence snippet, and an example output explaining whether the
provided evidence snippet and the textual input agree or disagree on the answer to the query.
In some instances, an agreement detection example can also comprise an exanple foput
context {e.g. “context: Who was Abrabam Lincoln?, you said: He wags the 16th president of
the United States.”).

[0107] FIG. 2 also depicts a text editing system 220 that can then create an edited text
222 based on the first textual content 204, evidence snippets 214, and agreement indicator(s)
218. In some instances, the text editing system 220 may be bypassed and the first textual
contont 204 may be output uncdited, e i o disagreement is detected by the

agreement/disagrecment detection system 216, In some cases, the texi editing systen 220 can
comprise a machine-learned yaodel. In some instances, the text edibing system 220 can
comprise a machine-learned model using an attention mechanism, such as a multi-headed
self-attention model (e.g. transformer). [n some instances, few-shot prompting can be used to
enable a pretrained general-purpose language model to perform editing. In some instances,
the few-shot prompting can also be chain-of-thought prompting, in which a pretrained model
is prompted to explicitly identify a span of text in the first textual content 204 that needs to be
edited before generating the edited text 222. In some instances, such chain-of-thought
prompting can have the benefit of causing the ext editing svstem 230 to preserve 8 grealer
percentage of the first textaal content 204 while still correcting identified ervors mn the first
textual content 204. In some instances, a pretrained model can be prompted with a small
number (e.g. seven) of examples having an input text, a query, an evidence snippet, a
statement identifying a specific span of text associated with a disagreement between the
evidence smippet and the input text with respect to the query, and an example edited input
text. In some instances, an example input can also comprise an example context (e.g.
“context: Who was Abraham Lincoln?; you said: “He was the 16th president of the United
States.”).

[0108] FIG. 2 also depiets an evidence attribution systern 224 attributing one or more
aspects of the edited text 222 to one or more evidence snippets 214. In some instances, the
evidence attribution system 224 can comprise a machine-learned model. In some instances, a

machine-learned model used by the evidence attribution system 224 can also be used by the
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evidencs snippet extraction system 214, In some nstances, the evidence attribution system
224 can comprise a query-docament relevance model, which can compute a relevance score
between each query and each evidence snippet. In some cases, the query-document relevance
model can comprise a texi-to-text transformer adapted to transfer learning. In some instances,
the query-document relevance model can comprise a pretrained model that has been fine-
tuned on a dataset having relevance labels. A number (e.g. 5) of evidence snippets 214 can
then be selected to creaty an ativibwtion repont attributing claims in the edited text 222 to one
or more evidence saippets. In some mstances, the evidence smippets can be selected to
maximize an overall coverage score over all generated queries 208. In some instances, &
query-specific coverage score for a respective query 208 can be a maximum relevance score
computed between that query and all evidence snippets included in the attribution report. In
some instances, an overall coverage score can be the sum over all generated queries 208 of
each respective querv-specific coverage score. However, a person of skill in the art will
recognize that an attribrution report can be compiled from evidency snippets 214 in other
ways. In some instances, an atinbution report can be output scparately from the edited text
222 In other instances, an atiribution report can be infegrated into an edited text 222 as in-
text citations.

{0109] FIG. 2 also depicts the evidence attribution system 224 sending an output 226 to
an output system 228, The output 226 can comprise, for example, one or more texis {e.g. first
textual content 204, edited text 222) combined with one or more attributions associating
evidence snippets with the text(s). The output system can be, for example, a display shown to
a user, an output connection to another compeiing System, or an muput connection to another

computer program being run on the sme computing system as the evidence attribution

system 224,
Example Methods
[0110] FIG. 3 depicts a block diagramm of an example method for editing and/or

attributing machine-generated text according to example embodiments of the present
disclosure. In step 302, a first textual content 204 can be obtained. In step 304, one or more
textual documents comprising one or move evidence sources 211 can be retrieved based on
the first textual content 204, Optionally, tn step 306, a second textual content {e.g. an edited
text 222) can be generated based on the first textual content 204 and the one or more textual
documents. Additionally or alternatively, in step 308, the first textual content 204 or the

second textual content can be associated with the one or more evidence sources. In step 310,
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the first textual content 204 or second textual content can be ouvtput, along with an attribution
report associating the one or more evidence sources with one or more aspects of the first or
second textual content.

[0111] Step 302 depicts the first textual content 204 being obtained. A person skilled in
the art will recognize that the first textual content 204 can be obtained in any appropriate way
(e.g. using a machine-learned model to generate the first textual content; retrieving the
contont from a database; recelving the content as input from another computing system; o).
0112} Step 304 depicts retrieving tevival documents comprising one or more evidence
sources 210 based on the first textual content 204. In some instances, this step can comprise
using a query generation system 206 to generate queries 208, and then performing a standard
web search using these queries. However, a person skilled in the art will recognize that other
methods of retrieving relevant textual documents are possible.

{113 Step 306 depicts generating a second textual content based on the first textual
content 204 and the one or more fextual docwments retrieved m step 304, In s instances,
this step can comprise using a text editing system 220 o generate an edited text 222. In some
instances, this step can comprise using an agreement/disagreement detection system 216 to
determine one or more agreement indicator(s) 218, and choosing not to edit if the agreement
indicator(s) 218 do not show disagreement. In other instances, one or more agreement
indicator(s) 218 can be obtained another way, such as by receiving an agreement indicator
218 from another computing system or from a user.

{0114] Step 308 depicts the first textual content 204 or the second textual content being
gssociated with the one or more evidence sources. In some cases, step 303 can comprise
asing an evidence attribution system 224 {o create an attvibution report associating a fivst
textual content 204 or an edited text 222 with one or muwe evidence snippets 214.

[0115] In step 310, the first textual content 204 or second textual content can be output,
along with an attribution report associating the one or more evidence sources with one or
more aspects of the first or second textual content. In some instances, step 310 can comprise
using an output system 228 to output one or more output text(s) with attributions 226.

[0116] FIG. 4 depicts a block diagram of an example method for retrieving evidence
snippets related to machine-generated text according v example embadiments of the present
disclosure. In step 402, 2 machine-learned mode! can wdentity one or more claims (e.g. factual
claims, opinion claims) associated with a first textual content 204, In some instances, step
402 can comprise using a query generation system 206. In some instances, step 402 can
comprise few-shot or chain-of-thought prompting of a query generation system 206. In step
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404, a machine-learned model can be used to generate quenes 20% velevant to the identified
claims. In some instances, step 404 can comprise using a query generation system 206. In
some instances, step 404 can comprise few-shot or chain-of-thought prompting of a query
generation system 206. In some instances, steps 402 and 404 can be performed
simultaneously (e.g. using a single chain-of-thought prompt of a query generation system
206). In other instances, step 402 can be bypassed or performed umplicitly as part of step 404,
In step 406, the generated queries 208 can be used fo wetrieve evidence sources 210 In some
mstances, stop 408 can comprise using an evidence source retrieval svsterm 209, And in step
408, a machine-learned model can be used to extract evidence snippets 214 from the evidence
sources 210. In some instances, step 408 can comprise using an evidence snippet extraction
system 212,

[or17j FIG. 5 depicts a block diagram of an example method in which a first textual
content 204 is compared to one or more retrieved evidence snippets 214 according to
example embodiments of the present disclosure.

{0118] In step 502, a machine-learned language model can identify claims (e.g. factoal
claims, opinton claims) expressed or yophied in a st textond content 204, In some nstances,
step 502 can comprise using an agreement/disagreement detection system 216. In some
instances, step 502 can comprise few-shot or chain-of-thought prompting of an
agreement/disagreement detection system 216,

[0119] In step 504, a machine-learned modef can identify claims expressed or implied in
one or more evidence snippets 214. In some instances, step 504 can comprise using an
agreement'disagreement detection system 216, Tn some imstances, step 304 can comprise fow-
shot or chain-of-thought prompting of an agreement/disagreement dotection system 216
[0120] In step 506, a machine-learned model can identify a level of agreement or
disagreement between the claims associated with the first textual content 204 and the claims
assoclated with the evidence snippets 214. In some instances, steps 506 can comprise using
an agreement/disagreement detection system 216 to determine one or more agreement
indicator(s) 218. In some instances, step 506 can comprise few-shot or chain-of-thought
prompting of an agreement/disagreement detection system 216. In some instances, two or
more of steps 502, 504, and 546 can be performed sinnitlianesusly (e.z. using a single chain-
of-thought prompt of an agreement/disagreement detection system 216). In other instances,
one or more of steps 502 and 504 can be bypassed or performed implicitly as part ot step 506.
[0121] In step 508, the first textual content 204 can be optionally edited to improve

agreement between the first textual content 204 and the evidence snippets 214. In some
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instances, step 508 can conywise using a texd editing systern 220 fo generate an edited text
222, In some instances, this step can coniprise oblaimng one or more agreement indicator(s)
218, and choosing not to edit if the agreement indicator(s) 218 do not show disagreement. In
other instances, one or more agreement indicator(s) 218 can be obtained another way, such as
by receiving an agreement indicator 218 from another computing system or from a user.
[0122] In step 510, one or more evidence snippets 214 can be associated with claims
expressed or implied in the first textual content 204 or edited text 222, based on a level of
agreement or disagreement. n some cases, step 310 can comprise using an evidence
attribution system 224 to create an attribution report associating a first textual content 204 or
an edited text 222 with one or more evidence snippets 214.

[0123] F1G. 6 depicts a block diagram of an example method for editing machine-
generated text according to example embodiments of the present discloswre. In step $02, a
computing systom can wentily text span(s) to odit. In sonme instances, step 602 can comprise
using a test editing system 220 In some instances, step 602 can comprise few-shot or chain-
of-thought prompting of a text editing systern 220, In step 604, a computing system can
generate one or more candidate edit{s). In some instances, step 604 can comPrise UsmgE @ text
editing system 220. In some instances, step 604 can comprise few-shot or chain-ot-thought
prompting of a text editing system 220. In some instances, step 602 and step 604 can be
performed simultaneously (e.g. using a single chain-of-thought prompt of text editing system
220). In other instances, step 602 can be bypassed or performed implicitly as part of step 604.
{0124} In step 606, a computing system can determine whether the candidate edit(s)
improve a level of agreement between & body of evidence (e.g. one or move evidence snippets
214 and the edited textual content. In some instances, step 606 can comprise using an
agreement/disagreement detection system 216 on an edited text 222, In some instances, step
606 can comprise computing an attribution metric indicative of a degree to which a sentence
in an edited text 222 is attributable to one or more evidence snippets 214. In some instances,
the attribution metric can comprise one or more attribution metrics disclosed in the Example
Experiments section below.

[0125] In step 608, a computing system can determine whether the candidate edit(s)
preserve the first textual content’s 204 content and strecture. In some instances, step 608 can
comprise computing & preservation score indicative of a degree to which relevant aspects of
the first textual content 204 are preserved by an edited text 222, In some instances, the
preservation score can comprise one orf more preservation metrics disclosed m the Example

Experiments section below.
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[0126] And in step 618, & computing system can select between the first textual content
204 and the candidate edit{s}. In some instances, step 610 can comprise selecting based on
one or more of a preservation score and an agreement score determined i steps 608 and 606
respectively. In some instances, step 610 can comprise selecting based on a combination of a
preservation and an agreement score. In some instances, the combination can be based on a

harmonic mean of a preservation score and an agreement score.

Example Experiments

[0127] In this section, example metrics are disclosed for measuring the degree to which a
text is attributable to one or more evidence sources, and for measuring the degree to which an
edited text preserves the content of an original text. Experiments according to the present
disclosure are also disclosed. In experiments, systems and methods of the present disclosure
wproved attribution of mput text while preserving the content and structure of the input text
better than prior work.

{0128] Regarding attribaution, one available measare of attribution is known as
Attributadle o ldemified Sorrcey (AIS), 8 human evaluation framework which considers a
binary notion of attribution. Under AIS, a text passage y is attributable to a set 4 of evidence
if a generic hearer would affirm the statement “According to 4, v~ under the context of y. A
system either receives full credit (1.0) if «// content in y can be attributed to A, and no credit
(0.0) otherwise.

[0129] In some instances, a more fine-grained, sentence-level extension of AIS can also
be used. For example, annotators can be asked to give an AIS score for each sentence s of v,
and then report the average AIS score across all sentences. Since the AIS scove is binary, this
effectively measures the percentage of sentences in y that are fully attributed to A.

[0130] When judging each sentence, annotators can also be given access to one or more
surrounding sentences and any other necessary context, such as a question that the text
passage responded to.

[0131] An automated metric that approximates buman AIS judgments can also be used.
For example, a machine-learyed natardd tanguage mference (NLIY model can be used to
estimate a model probability ot an evidence snippet 214 entailing a respective sentence
contained in a first textual content 204 or edited text 222. In some instances, an NLI model
can be based on a text-to-ext ransformer model adapted o wansfer lesrning. In some

nstances, the NLT model can be a pretrained model that has been fine-tuned on evidence-
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3

claim-entailment triplets, where an entilment score can be “17 i the evidence entails the
claim, and “0” if it does not. In some instances, an enfailment score associated with an
evidence snippet 214 and a sentence of an edited text 222 can be a model probability of
outputting a “17" given the evidence snippet 214 and the sentence. For each sentence in a
textual input, multiple estimated entailment probabilities can be computed, e.g. once for each
evidence snippet in a plurality of evidence snippets. For each sentence, a maximum
entailment probability across alf evidence snippets can be that sentence’s approximate AIS
score. Once a set of sentence-hy-sentence ALS scores have been approximated, an
approximate AIS score for an entire text can be compuiced by averaging the sentence-by-
sentence scores. In some example experiments according to the present disclosure, automated
attribution metrics of the present disclosure had a strong Pearson correlation with metrics
based on human evaluation.

{41321 In some instrnees, accuracy can be improved by decontextualizing each sentence
based on the eative context of the fextual input,

{0133 Regarding preservation, an intent preservation metric can be penerated by asking
human angotators to decide i the revision preserves a text’s original intent (e .z, completely,
somewhat, or not at all). Like AIS evaluation, annotators can be given any necessary
surrounding context. A binary metric defining preservation of intent can be be 1.0 it the
revision completely preserves the original intent, and 0.0 otherwise.

[0134] Additionally, a structure preservation metric can be defined to measure whether
an editing system has made superfluous modifications, such as reordering words, changing
textual style, or including wmecessary additionad information. Different tasks may have
different regparements for what should be preserved. Tn some mstances, a metric that
penalizes unnecessary changes can be readily computed. For example, a structure
preservation metric can be based on a character-level Levenshtein edit distance between an
input text and an output text (1.e. a minimum number of characters that must be changed or
added to convert an input text into an output text). For example, a structure preservation
metric can be equal to the greater of zero (0.0) and one minus a quotient computed by
dividing a Levenshtein edit distance by an input length characterized by a number of
characters in the input text {1 - {(Jev(input, output Viengthlinpud)). Such a metric can be FO
the input and output are the same, and 0.0 if the cutput completely ovenwrites all of the fnput.
A structural preservation metric can be computed in this way without the use of any human
annotators, making it useful for fully automated computation of preservation metrics. A

person skilled in the art will recognize that other metrics can be computed, and specialized
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preservation metrics may be useful for specialized tasks {e g preserving rhyme schemes or
puns). In some example experimenis according to the present disclosure, machine-computed
structure preservation metrics of the present disclosure had a strong Pearson correlation with
preservation metrics based on human evaluation.

[0135] A combined preservation meiric can be compuied by combining an intent
preservation metric and a struciure preservation metric. For exanple, a combined
presorvation metrie can be equal to a product compuied by muliiplying an intent preservation
metric by & structure preservation metrie, Alternatively, a structure preservation metric or
intent preservation metric can be used alone or combined with other metrics.

[0136] Additionally, a preservation metric can be combined with an attribution metric to
create a combined preservation-attribution metric. For example, a harmonic mean of
preservation and attribution can be computed. In some instances, this can be computed in the
same way that an FI score is computed using 3 harmonic mean of precision and recall. A
combined preservation-attribution metric can be useful for messuring tasks where it is
desirable 1o maximize both attribution and preservation, while navigating any tradeoffs
between the two,

[0137] The example preservation and attribution metrics of the present disclosure have
the advantage of not requiring any “gold” or “reference” edits (unlike many prior evaluations
of text reviston models), which are often only available for specialized domains. This enables
broadening the scope to a much wider range of generation tasks.

{0138] FIG. 7 depicts a block diagram of an example experiment and corresponding
example outpuat, i which a machive-generated text s edited and attributed 1o evidence
soippets according 1o exanple embodunonts of the present disclosure. According to FIG. 7. &
text generation system 703 can generate a first toxtual content 704, i some example
experiments according to the present disclosure, the text generation system can be a 540-
billion-parameter decoder-only transformer-based language model. In some instances, the
first textual content 704 can be generated by prompting the text generation system 702 with
inputs designed to cause language models to produce factoid statements, reasoning chains, or
knowledge-intensive dialogs. The depicted first textual content 704 comprises a factoid

=
7
;

statement. A research and vevision systery 706 can then retrieve evidence sources 210 from
an evidence source corpus 708 and can generate & second texiual content 710 and an
attribution report 712. In some example experiments according to the present disclosure, the
research and revision system 706 can comprise a query generation system 206, an evidence

source retrieval system 209, an evidence snippet extraction system 212 an
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agreement'disagreement detection system 216, a text editing system 220, and an evidence
atiribution system 224, In some instances, the evidence source corpus 708 can comprise
internet-based evidence sources. The second textual content 710 and the attribution report
712 can then be provided to an output system 714. 'The depicted attribution report 712
comprises two evidence snippets 214,

{0139] FIG. 8 depicts a block diagram of an example experiment and corresponding
example output, W which a machine-gonerated fext s edited according to example
embodinients of the present discloswre. According o FYG. §, a machine-generated text 802
can be input to a query generation system 804, which can then generate a plurality of queries
806 based on the machme-generated text 802. In some example experiments according to the
present disclosure, the machine-generated text 802 can be generated by prompting a large
(e.g., 540-billion-parameter) decoder-only transformer-based language model with inputs
designed to cause tanguage models (o produce factond statements, reasoning chains, o
knowledge-intensive dialogs. In some instances, the resuliing passages will be mostly
coberent but often contained factual errors. When prompted with inputs desigaed w produce
knowledpe-intensive disdogs, the machine-generated text 302 may be a context-dependent
output, characterized by pronouns and implicit references. In some Instances, the query
generation system 804 can comprise a query generation system 206,

[0140] A retrieval system 808 can use the queries 806 to retrieve one or more evidence
snippets 810. An agreement system 812 can then compare the first evidence snippet 810 with
the machine-generated text 802, The agreement system 812 can output an agreement
indicator 814 showing disagreement. When a disagreement 814 is detected, an editing svstem
816 can edif the machine~-generated text 802 to creale an edited toxt 818, The agresmont
system 812 can then compare the second evidence snippet 810 with the edited text 818,
outputting an agreement indicator 820 showing agreement. When an agreement 820 is
detected, the edited text 818 can be sent, without any additional editing, either to an output
system 822 or to the agreement system for comparison with additional evidence snippets 810.
In some instances, the retrieval system 808, agreement system 812, and editing system 816
can comprise an evidence source retrieval system 209, agreement/disagreement detection
system 216, and text editing system 220 respeetively,

(0141} In some example experiments according to the present disclosure, few-shot
prompting of a general-purpose large language model was used tor the query generation step,
the agreement/disagreement detection step, and the edit step. FIG. 9 depicts examples of few-

shot prompts used to prompt an example query generation model 206, an example
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agreement/disagreement detection system 216, and an example text editing system 220 in
example experiments according to the present disclosure. Block (a) depicts a query
generation prompt 910 comprising an example input 902 and a corresponding example query
set 904. Block (b) depicts a disagreement detection prompt 912 comprising an example input
902, an example query 905, an example evidence snippet 906, and an example disagreement
indicator 907. Block (c) depicts an exampie edit model prompt 914 comprising an example
toput 802, an example evidence query 9203, an example evidence snippet 906, an example
disagreement mdicator 807, and an example edited textual content 908,

[0142] In some example experiments according to the present disclosure, six query
generation prompts 910 can be input into a large (e.¢.. 540-billion-parameter) decoder-only
transformer-based large language model. In other example experiments, other model sizes
can be used (e.g. 62 billion parameters). This small number of human-dratted examples can
be sufficient for 3 pretrained machine-leamed modetl fo adeguately fearn the task. To increase
diversity and coverage, a machine-fearned model can be used theee times to generate three
sets of quenes, and the generated quertes 208 can comprise the union of the resulting queries.
For each of the generated queries 208, a web seavch can be used to reyriove § web pages per
query. In some example experiments, queries can be generated without the use of any
machine-learned query generation model (e.g. by using the entire first textual content 204 as
one query, or by using each sentence in the first textual content 204 as a query). In some
instances, experiments using a machine-learned query generation model will achieve higher
combined attribution-preservation scores than experiments using queries generated without a
machine-learned model. Additionally, in some mstances, queries generated by a machine-
learned model can cause an evidence source refrieval system 209 {o retrieve more up-to-date
evidence sources, or to retrieve relevant sources that are more likely to contradict errors in the
first textual input 204.

[0143] In some example experiments according 1o the present disclosure, a quary-
document relevance model can be trained 0 compute a relevance score between 3 guery 2038
and an evidence snippet 214. Candidate evidence snippets can then be extracted from each
web page by running a sliding window of four sentences across an evidence source 210,
breaking at document headings. One or more candhidate evidencs smippets can then be ranked
for each query based on one or more relevance scores between the query and each candidate
evidence snippet. In some example experiments, the highest-scoring evidence snippet for
each query can be retained. In other instances, a different number of evidence snippets can be

retained.
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[0144] In some exampie experiments according to the present disclosure, a small number
of disagreement detection prompts 912 can be inpui into a targe (e.g., 540-billion-parameter)
decoder-only transformer-based large language model. In other example experiments, other
model sizes can be used {e.g. 62 billion parameters). In some instances, eight disagreement
detection prompts 912 comprising an example input 902, an example query 905, an example
evidence snippet 906, and an example disagreement indicator 907 can be used. This small
number of human-drafted exanmples can be sufficient for a preteusned machine-learned model
to adequately learn the task. After a model learns the task, the model can then be prompted
with one or more input combinations comprising a textual input (e.g. a first textual content
204), a generated query 208, and an extracted evidence snippet 214, which can cause the
model to output one or more agreement indicator(s) 218.

[0145] In some example experiments according to the present disclosure, a text editing
system 220 can process every first toxtual vontent 204, without using any
agreementidisagreement detetion systemis) 216 o detect disagrogments first. In some
mstances, expeniments wsing o machine-leamed agreement detection model can achieve
higher combined altribution-preservation scoves than experiments that do not use an
agreement detection model.

[0146] In some example experiments according to the present disclosure, a small number
of edit model prompts 914 can be input into a 540-billion-parameter decoder-only
transformer-based large language model. In other example experiments, other model sizes
can be used (e.g. 62 billion parameters). In some instances, a machine-fearned nodel can be
prompied with seven edit model prompts 214 comprising an example nput 02, an example
evidence gquary 905, an example evidence snippet 906, an example dizagresment mdicator
907, and an example edited textual content Y0¥, This small mumber of human-drafted
examples can be sufficient for a pretrained machine-learned model to adequately learn the
task. After a model learns the task, the model can then be prompted with one or more mput
combinations comprising a textual input (e.g. a first textual content 204), a generated query
208, an extracted evidence snippet 214, and an agreement indicator 218, which can cause the
model to output one or more edited texts 222.

{0147 f some example experiments according to the present disclosure, up to five
evidence snippets 214 can be selected o form an attribution report. In some instances, a
query-document relevance model can be used to compute a relevance score between cach
query 208 and each evidence snippet 214. A set of evidence snippets can then be selected to

maximize a coverage over all queries, computed as a sum over all queries of a query-specific
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coverage score for each query 208, wherein the query-specific coverage score is a maximum
of a plurality of relevance scores computed between the query 208 and each evidence saippet
214 included in the attribution report.

[0148] In some example experiments according to the present disclosure, outputs from
the example systems were scored for preservation and attribution and compared to outputs
from other systems. In some instances, example embodiments of the present disclosure
fmproved an attribution score of the edited toxt 222 relative to the fiest textual content 204,
while also maintaining a high preservation score for the edited text 222 relative to the st
textual content 204. The example systems and methods of the present disclosure achieved
attribution scores similar to other work while achieving much higher preservation scores,
thereby achieving much higher combined attribution-preservation scores. In some example
setfings, the systems and methods of the present disclosure preserved the original intent of
wmpet text over 90% of the tune, while other tested systems preserved the original intent
between 6% and 4% of the time. In some example settings, editing systems according to the
present disclosure incressed attribution by ap 10 13% absolute compared to unedited textual

content, while changing oaly 10-20%: of the text.

[0001] FIG. 10 depicts a flowchart of a method 1000 for training one or more machine-
learned models according to aspects of the present disclosure. For instance, an example
machine-learned model can include a text generation model such as a large language model.
§0002] Cme or more portion{s) of example method 1000 can be implemented by a
conmputing system that metudes one o more computing devices such as, for example,
computing systems described with reference o the other figures. Each respective portion of
example method 1000 can be performed by any (or any combination)} of one or more
computing devices. Moreover, one or more portion(s) of example method 1000 can be
implemented on the hardware components of the device(s) described herein, for example, to
train one or more systems or models. FIG. 10 depicts elements performed in a particular
order for purposes of illustration and discussion. Those of ordinary skill in the art, using the
disclosures provided herews, will anderstand that the elements of any of the methods
discussed herein can be adapted, rearvanged, expanded, onitied, combined, or modified in
various ways without deviating from the scope of the present disclosure. FIG. 10 is described

with reference to elements/terms described with respect (o other systems and figures for
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exemplary Hustrated purposes and is not meant 1o be limiting. Ove or more portions of
exampie method 1000 can be performed additionally, or alicrnatively, by other systems.
[0003] At 1002, example method 1000 can include obtaining a training instance. A set of
training data can include a plurality of training instances divided between multiple datasets
(e.g., a training dataset, a validation dataset, or testing dataset). A training instance can be
labeled or unlabeled. Although referred to in example method 1000 as a “training” instance, it
is to be understood that rustime fnferences can form taining instances when a model is
trained using an evaluation of the mode!’s performance on that rantime instance {e.g., online
training/learning). Example data types for the training instance and various tasks associated
therewith are described throughout the present disclosure.

[0004] At 1004, example method 1000 can include processing, using one or more
machine-learned models, the training instance to generate an output. The output can be
directly obtamed from the one of move machine-learned models or cap be a downstream
result of a chain of processing operations that includes an cuiput of the one or mere machine-
tesrmed models,

{0005} At 116, example method 1000 can include recetving an evaluation signal
associated with the output. The evaluation signal can be obtained using a loss function.
Various determinations of loss can be used, such as mean squared error, likelihood loss, cross
entropy loss, hinge loss, contrastive loss, or various other loss functions. The evaluation
signal can be computed using known ground-truth labels (e.g., supervised learning), predicted
or estimated labels (e.g., semi- or self-supervised learning), or without labels {e.g.,
ansupervised leamning). The evatuation signal can be a reward (e.g., for reinforcement
Jearming}. The reward can be compuied ustng a machine-learned reward model configured to
generate rewards based on ontput(s) received. The reward can be computed using feedback
data describing human feedback on the output(s).

[0006] At 1008, example method 1000 can include updating the machine-learned model
using the evaluation signal. For example, values for parameters of the machine-learned
model(s) can be learned, in some embodiments, using various training or learning techniques,
such as, for example, backwards propagation. For example, the evaluation signal can be
backpropagated from the output {or apother source of the evaluation signal) through the
machine-fearned model{s) to update one or more parameters of the model(s) ez, based on a
gradient of the evaluation signal with respect to the parameter value(s)). For example,
system(s) containing one or more machine-learned models can be frained in an end-to-end

manner. Gradient descent techniques can be used to iteratively update the parameters over a
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number of training iterations. [y some implementations, performing backwards propagation
of errors can include performing truncated backpropagation through time. Example miethod
1000 can include implementing a number of generalization techniques (e.g., weight decays,
dropouts, etc.) to improve the generalization capability of the models being trained.

[0007] In some implementations, example method 1000 can be implemented for training
a machine-learned model from an initialized state to a fully trained state (e.g., when the
model exhibits a desired perfonmance profile, such as based on securacy, precision, recall,
etc.).

[0008] In some implementations, example method 1000 can be implemented for
particular stages of a training procedure. For instance, in some implementations, example
method 1000 can be implemented for pre-training a machine-learned model. Pre-training can
include, for instance, large-scale training over potentially noisy data to achieve a broad base
of performance levels across a variety of tasks/data types. In some implementations, example
method 1000 can be implemented for fine-tuning a machine-learned model. Fine-tuning can
inchude, for instance, smaller-scale wrabmng on higher-guality (e.g.. labeled, curated, etc.)
data. Fine-tuning can affect all or a portion of the parameters of 4 machine-learned model.
For example, various portions of the machine-leamed model can be “frozen” for certain
training stages. For example, parameters associated with an embedding space can be “frozen”
during fine-tuning (e.g., to retain information learned from a broader domain(s) than present
in the fine-tuning dataset(s)). An example fine-tuning approach includes reinforcement
learning. Reinforcement learning can be based on user feedback on model performance

during use.

Example Machine-Learned Modgls
{0009] Figure 11 is a block diagram of an example processing flow for using machine-
learned model(s) 1 to process input(s) 2 to generate output(s) 3.

[0010] Machine-learned model(s) 1 can be or include one or multiple machine-learned
models or model components. Example machine-leamed models can include neural networks
{e.g.. deep neural networks). Example machine-learned models can include non-linear models
or Hoear models. Bxample maching-learnad modals can use other architectures in lieu of or in
addition 1o neural networks, Example machine-learned models can include decision tree

based models, support vector machines, hidden Markov models, Bayesian networks, linear

regression models, k-means clustering models, etc.
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[0011] Example neural nctworks can imclude feed-forward neural networks, recurrent
neural networks (RNNs), including long short-term memory (LSTM) based recurrent neural
networks, convolutional neural networks (CNNs), diffusion models, generative-adversarial
networks, or other forms of neural networks. Example neural networks can be deep neural
networks. Some example machine-learned models can leverage an attention mechanism such
as self-attention. For example, some example machine-learned models can include multi-
headed self-attention models.

{0612} Machine-learned model(s} | can include a single or multiple instances of the
same model configured to operate on data from inpui(s) 2. Machine-learned model(s) | can
include an ensemble of different models that can cooperatively interact to process data from
input(s) 2. For example, machine-learned model(s) 1 can employ a mixture-of-experts
structure. See, e.g., Zhou et al., Mixture-of-Experts with Expert Choice Routing,
ARXIV:2202.09368v2 (Oui. 14, 2022y

JO0 13 Input{s} 2 con generally inclade or stherwise represent various types of data.
Inpit{s} 2 can include one type or many ditferent types of data. OQuiput(s) 3 can be data of the
same type(st or of difterent types of data as compared 1o input(s) 2. Gutput{s) 3 cay inclade
one type or many different types of data.

{0014] Example data types for input(s) 2 or output(s) 3 include natural language text
data, software code data (e.g.. source code, object code, machine code, or any other form of
computer-readable instructions or programming languages), machine code data (e.g., binary
code, assembly code, or other forms of machine-readable instructions that can be executed

direcily by a computer's central processing unit), assembly code data {e.g., Tow-level

rengramming languages that use symbolie representations of machine code instructions to
program a processing unit), genetic data or other chemical or biochemical data, image data,
audio data, audiovisual data, haptic data, biometric data, medical data, financial data,
statistical data, geographical data, astronomical data, historical data, sensor data generally
{e.g., digital or analog values, such as voltage or other absolute or relative level measurement
values from a real or artificial input, such as from an audio sensor, light sensor, displacement

sensor, etc.), and the like. Data can be raw or processed and can be in any format or schema.

Example Machine-Learned Sequence Progessing Models

[0015] Figure 12 is a block diagram of an example implementation of an example
machine-learned model configured to process sequences of information. For instance, an

example implementation of machine-learmned model(s} 1 can include machine-leamed
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sequence processing model(s) 4. An example system can pass input(s) 2 to sequence
processimg model(s) 4. Sequence processing modei{s) 4 can include one or more machine-
learned components. Sequence processing model(s) 4 can process the data from input(s) 2 to
obtain an input sequence 5. Input sequence 5 can include one or more input elements 5-1, 5-
2,....5-M, etc. obtained from input(s) 2. Sequence processing model 4 can process input
sequence 5 using prediction layer(s) 6 to generate an output sequence 7. Output sequence 7
can include one or more outpt cloments 7-1, 723, .., T-N| ele. geoerated based on input
sequence 5. The syster can generate output(s) 3 based on cutput sequence 7.

[oo1e] Sequence processing model(s) 4 can include one or multiple machine-learned
model components configured to ingest, generate, or otherwise reason over sequences of
information. For example, some example sequence processing models in the text domain are
referred to as “Large Language Models,” or LLMs. See, e.g., PalLM 2 Technical Report,
GOOGLE, httpsdat googleistatic/documenisipalmtechreport. pdf (.43, Other example
sequence processing models can operate in other domains, such as bnage domains, see, a.g.,
Daosovitskiy et al,, da Tmage iy Worth 1ox16 Words: Transformers jor Image Recogaitian at
Scade, AaRXIV2010.1 19292 (hun. 3, 2021, audio domains, »ee, e, Agostinell st al,
Musicl.M: Generating Music From Text, ARX1v:2301.11325v1 (Jan. 26, 2023), biochemical
domains, see, e.g., Jumper et al., Highly accurate protein structure prediction with AlphaFold,
596 Nature 583 (Aug. 26, 2021), by way of example. Sequence processing model(s) 4 can
process one or multiple types of data simultaneously. Sequence processing model(s) 4 can
include relatively large models (e.g., more parameters, computationally expensive, etc.),
refatrvely soall models {e.g., fewer parameters, computaiionally Hghtweight, ete.), or both.
10017 by general, sequence processing model(s) 4 can obtain input sequaence 3 using
data from input{s) 2. For instance, input sequence 5 can include a representation of data from
input(s) 2 in a format understood by sequence processing model(s) 4. One or more machine-
learned components of sequence processing model(s) 4 can ingest the data from input(s) 2,
parse the data into pieces compatible with the processing architectures of sequence
processing model(s) 4 (e.g., via “tokenization”), and project the pieces into an input space
associated with prediction layer(s) 6 (e.g., via “embedding™.

{0G1R] Sequence provessing modelis) 4 can ingest the data from input{s) 2 and parse the
data info a sequence of ¢lements to obtain input sequence 3. For examyple, a portion of input
data from input(s) 2 can be broken down into picces that collectively represent the content of

the portion of the input data. The pieces can provide the elements of the sequence.
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[0019] Elements 5-1, 5.2, .. ., 5~ can represent, in some cases, building bocks for
capturing or expressing meamngful information in a particalar data domain. For instance, the
elements can describe “atomic units” across one or more domains. For example, for textual
input source(s), the elements can correspond to groups of one or more words or sub-word
components, such as sets of one or more characters.

[0020] For example, elements 5-1, 5-2, .. ., 5-M can represent tokens obtained using a
tokenizer. For instance, 3 tokenizer can process a given portion of an inpat source and output
a series of tokens (e, corresponding o nput elements 5-1, 52, .. 5-4) that represent the
portion of the input source. Various approaches to tokentzation can be used. For instance,
textual input source(s) can be tokenized using a byte-pair encoding (BPE) technique. See,
e.g., Kudo et al., SentencelPiece: A simple and language independent subword tokenizer and
detokenizer for Neural Text Processing, PROCEEDINGS OF THE 2018 CONFERENCE ON

EnMprical METHODS I8N NATUBAL LANGUAGE PROCESSNG {System Demansirations), pages

faclanthology. org/D1R-201 2 pdfl Tage-based
mput source(s) can be tekemized by extracting and serializing patches from an image.

{0621} in peneval, arbitrary data types can be senalized and processed into input
sequence 5. [t 1s to be understood that element(s) 5-1,5-2, . . ., 5-M depicted in Figure 12
can be the tokens or can be the embedded representations thereof.

{0022] Prediction layer(s) 6 can predict one or more output elements 7-1,7-2, ..., 7-N
based on the input elements. Prediction layer(s) 6 can include one or more machine-learned
model architectures, such as one or more layers of learned parameters that manipulate and
transform the mput(s) fo extract higher-order meaning from, and relationships bebween, input
elementi{s) 3-1, 3-2, .., 5-4/ In thix manner, for urdance, exaniple prediction laver(s} 6 can
predict new output elementis} in view of the context provided by input sequence 5.

{0023] Prediction layer(s) 6 can evaluate associations between portions of input
sequence 5 and a particular output element. These associations can inform a prediction of the
likelihood that a particular output follows the input context. For example, consider the textual
snippet, “The carpenter’s toolbox was small and heavy. It was full of 7 Example
prediction layer(s) 6 can identify that “It” refers back to “toolbox™ by determining a
relationship between the respective embeddings. Example prediction laver{s) 6 can also hink
“It” to the attributes of the toothax, such as “small” and “heavy.” Based on these associations,
prediction layer(s) 6 can, for instance, assign a higher probability to the word “nails™ than to

the word “sawdust.”
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[0024] A transformer is an example archifective that can be used 1n prediction laver{s) 4.
See, e.g., Vaswani et al., Adrention is All You Need, ARKIvV1T706.03762v7 (Aug. 2, 2023). A
transformer is an example of a machine-fearned model architecture that uses an attention
mechanism to compute associations between items within a context window. The context
window can include a seguence that contains inpui sequence 5 and potentially one or more
output element(s) 7-1, 7-2, .. . . 7-N. A transformer block can include one or more attention
layer{sy and one or more post-atiention layer(s) (e.g, feedforward fayer(s), such as a mult-
layer perceptron).

[0025] Prediction layer(s) 6 can include other machine-learned model architectures in
addition to or in lieu of transformer-based architectures. For example, recurrent neural
networks (RNNs) and long short-term memory (LSTM) models can also be used, as well as
convolutional neural networks (CNNs). In general, prediction layer(s) 6 can leverage various
kinds of artificist nevral networks that can andersiand or generate sequences of information.
{0026] Output sequence 7 can include or otherwise represent the same or different data
types as input sequence 3. For instance, ioput sequence 3 can represent textual data, and
output sequence 7 can represent fextual data. Input sequence S cap represent image, audio, or
audiovisual data, and output sequence 7 can represent textual data (e.g., describing the image,
audio, or audiovisual data). It is to be understood that prediction layer(s) 6, and any other
interstitial model components of sequence processing model(s) 4, can be configured to
receive a variety of data types in input sequence(s) 5 and output a variety of data types in
output sequence(s) 7.

[0027] Output sequence 7 can have various relationships to input sequence 5. Output
sequence 7 can be a continuation of input sequence 5. Output sequence 7 can be
complementary to mput sequence 5. Output sequence 7 can translate, transform, augment, or
otherwise modity input sequence 5. Output sequence 7 can answer, evaluate, confirm, or
otherwise respond to input sequence 5. Output sequence 7 can implement (or describe
instructions for implementing) an instruction provided via input sequence 5.

{0028] Output sequence 7 can be generated autoregressively. For instance, for some
applications, an output of one or more prediction laver(s) 6 can be passed through one or
mosre ouiput favers fe.g., softmax laver) to obtain a probalnbity distribution over an output
vocabulary {e.g., a textual or symbolic vocabulary} conditioned o# a set of input elements in a
context window. In this manner, for instance, output sequence 7 can be autoregressively

generated by sampling a likely next ouiput element, adding that element to the context
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window, and re-generating the probability distribution based on the updated context window,
and sampling a likely next output efement, and so forth.

[0029] Output sequence 7 can also be generated non-autoregressively, For insiance,
multiple output elements of output sequence 7 can be predicted together without exphicut
sequential conditioning on cach other. See, e.g., Saharia et al., Non-Autoregressive Machine
Translation with Latent Alignments, ARX1v:2004.07437v3 (Nov. 16, 2020).

e

{0030] OCutput sequence T can include one ov multiple portions or elements. In an

example coptent generation configuration, oviput sequence 7 can include multiple elements
corresponding to multiple portions of a generated output sequence (e.g., a textual sentence,
values of a discretized waveform, computer code, etc.). In an example classification
configuration, output sequence 7 can include a single element associated with a classification
output. For instance, an output “vocabulary” can include a set of classes into which an input
sequence is to be classified. For instance, a vision transformer block can pass latent state
information to a multilayer perceptron that outputs a hikely class value associated with an
input image.

{0031} Figure 13 is a block disgrum of an example technigue for populating an example
mput sequence 8. fnput sequence 8 can include various tunctional elements that form part of
the model infrastructure, such as an element 8-0 obtained from a task indicator 9 that signals
to any model(s) that process input sequence & that a particular task is being performed (e.g.,
to help adapt a performance of the model(s) to that particular task). Input sequence 8 can
include various data elements trom difterent data modalities. For instance, an input modality
10-1 can include one modality of datp. A data-to-sequence model 11-1 can process data from
input modality 10-1 to progect the data into a format compatible with ioput sequence & 8.z,
one or more vectors dimensioned according to the dimenstons of input sequence 8) to obtain
elements 8-1, 8-2, 8-3. Another input modality 10-2 can include a different modality ot data.
A data-to-sequence model 11-2 can project data from input modality 10-2 into a format
compatible with input sequence 8 to obtain elements 8-4, 8-3, 8-6. Another input modality
10-3 can include vyet another different modality of data. A data-to-sequence model 11-3 can
project data from input modality 10-3 into a format compatible with input sequence 8 to
obtain elements 8.7, 8-8, §-9,

{0032} Input sequence § can be the same as or different from input sequence 5. Input
sequence 8 can be a multimodal input sequence that contains elements that represent data
from different modalities using a common dimensional representation. For instance, an

embedding space can have P dimensions. Input sequence 8 can be configured to contain a
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plurality of elements that have /> dimensions. In this manner, for instance, example
implementations can facilitate information extraction and reasoning across diverse data
modalities by projecting data into elements in the same embedding space for comparison,
combination, or other computations therebetween.

[0033] For example, elements 8-0, . . ., 8-9 can indicate particular locations within a
multidimensional embedding space. Some elements can map to a set of discrete locations in
the erabedding space. For instance, clements that correspond to discrete members of a
predetermined vocabulary of tokens can map o discrete locations in the embedding space
that are associated with those tokens. Other elements can be continuously distributed across
the embedding space. For instance, some data types can be broken down into continuously
defined portions (e.g., image patches) that can be described using continuously distributed
locations within the embedding space.

{0344 In some implerentations, the expressive power of the embedding space may not
be Himited to meanings associated with sy particular set of tokens or other building blocks.
For example, a continuous embedding space can encode a spectrum of high-order
information, An individual piece of information {e.g., & token} can map to a particular point
in that space: for instance, a token for the word “dog” can be projected to an embedded value
that points to a particular location in the embedding space associated with canine-related
information. Similarly, an image patch of an image of a dog on grass can also be projected
into the embedding space. In some implementations, the projection of the image of the dog
can be similar to the projection of the word “dog” while also having similarity to a projection
of the word “grass,” whnle potentially being different from both. In some implementations,
the projection of the image patch may not exactly alizn with any single projection of a single
word. In some implementations, the projection of the image patch can align with a
combination of the projections of the words “dog”™ and “grass.” In this manner, for instance, a
high-order embedding space can encode information that can be independent of data
modalities in which the information is expressed.

{0035} Task indicator 9 can include a model or model component configured o ideniify
a task being performed and inject, into input sequence 8, an input value represented by
elernent 3-0¢ that signals wiich task is being performed. For nstance, the mput value can be
provided as a data type associated with an input modality and projected along with that input
modality (e.g., the input value can be a textual task label that is embedded along with other
textual data in the input; the input value can be a pixel-based representation of a task that is

embedded along with other image data in the input; etc.). The mput value can be provided as
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a data type that differs from or is at least indepsndent from other input{s). For instance, the
input value represented by element 5-0 can be a learned within a continuous embedding
space.

[0036] Input modalities 10-1, 10-2, and 10-3 can be associated with various different
data types (e.g., as described above with respect to input(s) 2 and output(s) 3).

[0037] Data-to-sequence models 11-1, 11-2, and 11-3 can be the same or different from
cach ather. Data-to-sequencs models T1-1, 1122, and 11-3 can be adapted o cach respective
mput odabty 10-1, 10-2) and 10-3. For evample. a texual date-to-sequence madel can
subdivide a portion of input text and project the subdivisions into element(s) in input
sequence 8 (e.g.. elements 8-1, 8-2, 8-3, etc.). An image data-to-sequence model can
subdivide an input image and project the subdivisions into element(s) i input sequence 8
(e.g., elements 8-4, 8-5, 8-6, etc.). An arbitrary datatype data-to-sequence model can
subdivide an input of that arbitrary datatype and project the subdivisions into element(s) in
input sequence § (e g, clements 87, 3-8, §-0, et

{0G35] Data-w-sequence models 11-1, 171-2, and 11-3 can form part of machine-learned
sequence processing model(s) 4. Data-to-sequence models -4, 1142, and 11-3 can be jointly
trained with or trained independently from machine-learned sequence processing model(s) 4.
Data-to-sequence models 11-1, 11-2, and 11-3 can be trained end-to-end with machine-

learned sequence processing model(s) 4.

Example Machine-Learned Model Development Platform

{00391 Figare 14 is a block diagram of an example mode! development platform 12 that
can facilitate creation, adaptation, and refivement of example machine-learned models {e.g .
machine-learned model(s} 1, sequence processing madel{s} 4, ¢ic.). Model development
platform 12 can provide a number of different toolkits that developer systems can employ in
the development of new or adapted machine-learned models.

[0040] Model development platform 12 can provide one or more model libraries 13
containing building blocks for new models. Model libraries 13 can include one or more pre-
trained foundational models 13-1, which can provide a backbone of processing power across
varrons tasks. Modal hbrartes 13 can include ong or more pre-irained expert models 133,
which can be foeused on performancs in particular domaing of expertise. Modet libraries 13
can include various model primitives 13-3, which can provide low-level architectures or
components {optionally pre-trained), which can be assembled in vartous arrangements as

desired.

40



WO 2024/073087 PCT/US2023/034184

[0041] Model development platform 12 can receive selections of various model
components 14. Model development platform 12 can pass selected model components 14 toa
workbench 15 that combines selected model components 14 into a development model 16.
[0042] Workbench 15 can facilitate further refinement and adaptation of development
model 16 by leveraging a number of different toolkits integrated with model development
platform 12. For example, workbench 15 can facilitate alignment of the development model
16 with a desired performance profile on various sasks using a wodel alignment toalkit 17
10043] Model alignment wolkit 17 can provide a number of tools for causing
development model 16 to generate outputs aligned with desired behavioral characteristics.
Alignment can include increasing an accuracy, precision, recall, etc. of model outputs.
Alignment can include enforcing output styles, schema, or other preferential characteristics of
model outputs. Alignment can be general or domain-specific. For instance, a pre-trained
foundational medel 13-1 can begin with an mitial tevel of performance across multiple
domains. Alignment of the pre-trained foundational model 13-1 can melode improving &
performance in a particular domain of information or tasks {e.g., even at the expense of
performance in another dennain of information or tasks),

[0044] Model alignment toolkit 17 can integrate one or more dataset(s) 17-1 for aligning
development model 16. Curated dataset(s) 17-1 can include labeled or unlabeled training
data. Dataset(s) 17-1 can be obtained from public domain datasets. Dataset(s) 17-1 can be
obtained from private datasets associated with one or more developer system(s) for the
alignment of bespoke machine-learned model(s) customized for private use-cases.

{0045} Pre-trabung pipehnes 17-2 can include 2 oechine-lesmed model training

work flow configured to update development model 16 over large-seale, potentially noisy
datasets. For example, pre~training can leverage unsupervised learning technigues (e.g., de-
noising, etc.) to process large numbers of training instances to update mode!l parameters from
an initialized state and achieve a desired baseline performance. Pre-training pipelines 17-2
can leverage unlabeled datasets in dataset(s) 17-1 to perform pre-training. Workbench 15 can
implement a pre-training pipeline 17-2 to pre-train development model 16.

[0046] Fine-tuning pipelines 17-3 can include a machine-learned model training

work flow configured to refine the model parameters of devalopment model 16 with higher-
quatity data. Fine-tuning pipelines 17-3 can update development model 16 by conducting
supervised training with labeled dataset(s) in dataset(s) 17-1. Fine-tuning pipelines 17-3 can

update development model 16 by conducting reinforcement learning using reward signals
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from user feedback signals. Workbench 15 can implement a fine-tuning pipeline 17-3 to fine-
tune development modei 16.

[0047] Prompt libraries 17-4 can iclude sets of inputs configured 1o induce behavior
aligned with desired performance criteria. Prompt hbraries 17-4 can include fow-shot
prompts (e.g., inputs providing examples of desired model outputs for prepending to a desired
runtime query), chain-of-thought prompts (e.g., inputs providing step-by-step reasoning
within the exemplars o factinate thorough reasoning by the wodel), and the like.

{0048} Example prompis can be retrieved front an available repository of prompt
libraries 17-4. Example prompts can be conftributed by one or more developer systems using
workbench 15.

[0049] In some implementations, pre-tramed or fine-tumed models can achieve
satisfactory performance without exemplass in the tnputs. For lostance, zero-shot prompts can
nclude inputs that lack exemplars. Zero-shot prompis cay be within a domain within a
training datasst or culside of the training donrainds).

{0050] Prompt libraries 17-4 can include one or move promipt enginecring tools. Prompt
engineering tools can provide workfiows for retrieving or leamming optimized prompt values.
Prompt engineering tools can tacilitate directly learning prompt values (e g, input element
values) based one or more training iterations. Workbench 15 can implement prompt
engineering tools in development modet 16.

[0051] Prompt libraries 17-4 can include pipelines for prompt generation. For example,
inputs can be generated using development model 16 itself or other machne-leamed maodels,
In this manner, for instance, a first moded can process information about a task and output a
input for a second mode! to process in ovder o perform a step of the task. The second model
can be the same as or different from the Hirst model. Woakbench 15 can implement prompt
generation pipelines in development model 16.

[0052] Prompt libraries 17-4 can include pipelines for context injection. For mstabos, &
performance of development model 16 on a particular task can improve if provided with
additional context for performing the task. Prompt libraries 17-4 can include software
components configured to identify desired context, retrieve the context from an external
source fo.g., a database, a sensor, etc.), and add the context to the input prompt. Workbench
15 can implerment context injection pipelines in development musdetl 16.

[0053] Although various training examples described herein with respect to model
development platform 12 refer to “pre-training” and “fine-tuning,” it is to be understood that

model alignment toolkit 17 can generally support a wide variety of training technigues
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adapted for training a wide variety of machine-lemrned models. Example training techniques
can correspond to the example iraining method 100¢ described above,

[0054] Model development platform 12 can include a model plugin toolkit 18. Model
plagin toolkit 18 can include a variety of tools configured for augmenting the functionality of
a machine-learned model by integrating the machine-learned model with other systems,
devices, and software components. For instance, a machine-learned model can use tools to
tncrease performance quality where appropriate. For imstance, deterounistic tasks can be
offloaded 0 dedicated toods in heu of probabilistically performing the task with an increased
risk of error. For instance, instead of autoregressively predicting the solution to a system of
equations, a machine-learned model can recognize a tool to call for obtaining the solution and
pass the system of equations to the appropriate tool. The tool can be a traditional system of
gquations solver that can operate deterministically to resolve the system of equations. The
output of the tool can be retiwrmed n response to the ovigival query, In this manner, tool use
can allow some example muodels to focus on the strengths of maching-learned models—e.g.,
understanding an intent in an unstructured request for a task—while augmenting the
performance of the mudel by offloading certain tasks to a more focused tool for rote
application of determimnistic algorithms to a well-defined problem.

{0055] Model plugin toolkit 18 can include validation tools 18-1. Validation tools 18-1
can include tools that can parse and confirm output(s) of a machine-learned model.
Validation toofs 18-1 can include engineered heuristics that establish certain thresholds
applied to model outputs. For example, validation tools 18-1 can ground the outputs of
machine-learned wodels to stractured data sowrces {e g, to mitigate “hatlucinations™)

100361 Model phugi toolkst 18 can include tooling packages 18-2 for implementing one
or more tools that can include scripts or other excentable code that can be exevuted alongside
development model 16. Tooling packages 18-2 can include one or more inputs contigured to
cause machine-learned model(s) to implement the tools (e.g., few-shot prompts that induce a
model to output tool calls in the proper syntax, etc.). Tooling packages 18-2 can include, for
instance, fine-tuning training data for training a model to use a tool.

[0057] Model plugin toolkit 18 can include interfaces for calling external application
progranming interfaces (AFTs) 1823, For instance, in addifion to or in heu of implementing
ool calls or tool code divectly with development moded 16, development model 16 can be
aligned to output instruction that initiate API calls to send or obtain data via external systems.
{0058] Model plugin toolkit 18 can integrate with prompt libraries 17-4 to build a

catalog of available tools for use with development model 16. For instance, a model can
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recetve, in an input, a catalog of available tools, and the model can generate an output that
selects a tool from the available tools and initiates a tool call for using the tool.

[0059] Model development platform 12 can include a computational optimization tooikit
19 for optimizing a computational performance of development model 16. For instance, tools
for model compression 19-1 can allow development model 16 to be reduced in size while
maintaining a desired level of performance. For instance, model compression 19-1 can
inchude quantization workflows, weight pruning and sparsification technigues, ete. Tools for
hardware acceleration 19-2 can facilitate the configuration of the model storage and
execution formats to operate optimally on different hardware resources. For instance,
hardware acceleration 19-2 can include tools for optimally sharding models for distributed
processing over multiple processing units for increased bandwidth, lower unified memory
requirements, etc. Tools for distillation 19-3 can provide for the training of lighter-weight
models based on the knowledge encoded w development mode] 16, For instance,
developrment model 16 van be a highly performant, large machme-learned reade] optinnized
using model development platform 12, To obtain a lightweight model for ranming in
sesonnce-constraimed environments, a smatler moded can be a “student model™ that learns to
mmitate development model 16 as a “teacher model.” In this manner, for instance, the
investment in learning the parameters and configurations of development model 16 can be
efficiently transferred to a smaller model for more efficient inference.

[0060] Workbench 15 can implement one, multipie, or none of the toalkits implemented
in model development platform 12. Workbench 15 can output an output maoded 20 based on
development model 1. Quiput moded 20 can be a deplovment vasion of development model
1o, Gutpat model 20 can be a development or trarng checkpoint of development model 16.
Output model 20 can be a distitled, compressed, or otherwise oplimized version of
development modet 16.

[0061] Figure 15 is a block diagram of an example training flow for training a machine-
learned development modef 16. One or more portionds) of the exampie training flow can be
implemented by a computing system that includes one or more computing devices such as,
for example. computing systems described with reference to the other figures. Each
respective portion of the examiple traiming fow can be performed by any (or any
combination) of one or miare computing devices. Morerver, one or more portion(s) of the
example training tlow can be implemented on the hardware components of the device(s)
described herein, for example, to frain one or more systems or models. FIG. 15 depicts

elements performed in a particular order for purposes of illustration and discussion. Those of
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ordinary skill in the art, using the disclosures provided herein, will understand that the
elements of any of the meihods discussed herein can be adapted, rearranged, expanded,
omitted, combined, or modified in various ways without deviating from the scope of the
present disclosure. FIG. 15 is described with reference to elements/terms described with
respect to other systems and figures for exeryplary Hlustmated purposes and is not meant to be
limiting. One or more portions of the example tratning How can be performed additionally, or
shternatively, by other systems.

{00521 Inttinlly, development model 16 can persist in an initial state as an initialized
model 21. Development model 16 can be initialized with weight values. Initial weight values
can be random or based on an initialization schema. Initial weight values can be based on
prior pre-training for the same or for a different model.

[0063] Initialized model 21 can undergo pre-training in a pre-training stage 22. Pre-
training stage 22 can be mnplemented ysing one of more pre-training pipelnes 17-2 over data
frem dataset(sy 17-1. Fre-training can be omitted, for example, if inittalized model 21 s
already pre-trained (¢.g., development model 16 containg, 15, or is based on a pre-trained
foundational model or an expert model}.

[0064] Pre-trained model 23 can then be a new version of development model 16, which
can persist as development model 16 or as a new development model. Pre-trained model 23
can be the initial state if development model 16 was already pre-trained. Pre-trained model 23
cant undergo fine-tuning in a fine-tuning stage 24. Fine-tuning stage 24 can be implemented
using one or more fine-tuning pipelines 17-3 over data from dataset(s) 17-1. Fine-tuning can
he omitted, for example, if a pre-truned model as satisfactory performance. if the model was
already fine-luned, or if other tuning approaches are preferred.

[0065] Fine-tuned modet 29 can then be a new version of deveglopment model 16, which
can persist as development model 16 or as a new development model. Fine-tuned model 29
can be the mitial state if development model 16 was already fine-tuned. Fine-tuned model 29
can undergo refinement with user feedback 26. For instance, refinement with user feedback
26 can include reinforcement leamning, optionally based on human feedback from human
users of fine-tuned model 25. As reinforcement learning can be a form of fine-tuning, it is to
be undersiond that fine-tuning stage 24 can subsume the stage for refining with user feedback

o ae
7
/

20, Refinement with yser foedback 26 can produce g refined model 27, Refined model 27 can
be output to downstream systeni(s) 28 for deployment or further development.
[0066] In some implementations, computational optimization operations can be applied

before, during, or after each stage. For instance. initialized model 21 can undergo
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computational optimization 29-1 {e.g., using computabonal oplinuzation toolkit 19) before
pre-training stage 22. Pre-trained model 23 can undergo computational optimization 29-2
{e.g., using computational optimization toolkit 19) before fine-tuning stage 24. Fine-tuned
model 25 can undergo computational optimization 29-3 (e.g., using computational
optimization toolkit 19) before refinement with user feedback 26. Refined model 27 can
undergo computational optimization 29-4 {(e.g., using computational optimization toolkit 19)
hefore output to downstream system(s) 28, Computations] optimization(s) 29-1, ..., 29-4
can all be the ssane, all be different, or include at least some different optimization

techniques.

Example Machine-Leamed Model Inference Svstem

[0067] Figure 16 is a block diagram of an inference system for operating one or more
machine-fearned madelis) 1 o perform inference (.., for training, for deployiment, ete. ). A
modet! host 31 can receive machme-learned model(s) 1. Mode host 31 can host one or more
mode! instance{s) 31-1, which can be one or multiple instances of one or multiple models.
Model bost 31 can host mode! instancefs) 311 using avatlable comypute resources 31-2
associated with model host 31.

[0068] Model host 31 can pertorm inference on behalf of one or more client(s) 32.
Client(s) 32 can transmit an input request 33 to model host 31. Using input request 33, model
host 31 can obtain input(s) 2 for input to machine-learned model(s) 1. Machine-learned
model(s) 1 can process input(s) 2 to generate output(s) 3. Using output(s) 3, model host 31
can return an output paytoad 34 for responding 1o input request 33 from client(s) 32. Output
payload 34 can include of be based on outpuifs) 3.

{0069] Model host 31 can feverage vartous other resousrces and tools to augment the
inference task. For instance, model host 31 can communicate with tool interfaces 35 to
facilitate tool use by model instance(s) 31-1. Tool interfaces 35 can include local or remote
APIs. Tool interfaces 35 can include integrated scripts or other software functionality. Model
host 31 can engage online learning interface(s) 36 to facilitate ongoing improvements to
machine-learned model(s) 1. For instance, online learning interface(s) 36 can be used within
reinforcement learning boops to retrieve user feedback on inferences served by mode! host 31,
Model fost 31 can access runtime data sourceis) 37 for augmenting input(s) 2 with additional
contextual information. For instance, runtime data source(s) 37 can include a knowledge
graph 37-1 that facilitates structured information retrieval for information associated with
input request(s) 33 (e.g., a search engine service). Runtime data source(s) 37 can include
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public or private, externat or local database{s) 37-2 that can store information associated with
inpul request(s} 33 for augmenting mput(s; 2. Runtime data source(s) 37 can include account
data 37-3 which can be retrieved in association with a user account corresponding to a client
32 for customizing the behavior of model host 31 accordingly.

[0070] Model host 31 can be implemented by one or multiple computing devices or
systems. Client(s) 2 can be implemented by one or multiple computing devices or systems,
which can inchude computing devices or systems shared with mode! host 31

{00711 For example, model host 31 can operate on a server system that provides a
machine-learning service to client device(s) that operate client(s) 32 (e.g., over a local or
wide-area network). Client device(s) can be end-user devices used by individuals. Client
device(s) can be server systems that operate client(s) 32 to provide various functionality as a
service to downstream end-user devices.

0721 I some implementations, model bost 31 can operate on a same device or system
as clientis) 32, Model host 31 can be a machine-learning service that runs on-device to
provide machine-learning functionality o one or multiple applications operating on a ohent
device, which can include an apphcation implementing chieni(s) 32, Model host 3t can be a
part of a same application as client(s) 32. For instance, model host 31 can be a subroutine or
method implemented by one part of an application, and client(s) 32 can be another subroutine
or method that engages maodel host 31 to perform inference functions within the application.
It is to be understood that model host 31 and client(s) 32 can have various different
configurations.

§0073] Maode! iastance(s) 31-1 can include obe or more machine-learned models that are
available for performing mference. Model nstancefs} 31-1 can include weights or other
model components that are stored on in persistent storage, temporarily cached, or loaded into
high-speed memory. Model instance(s}) 31-1 can include multiple instance(s) of the same
model (e.g., for parallel execution of more requests on the same model). Model instance(s)
31-1 can include instance(s) of different model(s). Model instance(s) 31-1 can include cached
intermediate states of active or inactive model(s) used to accelerate inference of those
models. For instance, an inference session with a particular model may generate significant
amounts of computational sesulis that can be re-used for foture inference runs (e.g., asing 4
KV cache for transformer-based models}. These computational results can be saved in
association with that inference session so that session can be executed more efficiently when

resumed.
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[0074] Compute resource{s) 31-2 can include ong or more processors (central processing
units, graphical processing uniis, tensor processing umis, machine-learning accelerators, etc.)
connected to one or more memory devices. Compute resource(s) 31-2 can include a dynamic
pool of available resources shared with other processes. Compute resource(s) 31-2 can
include memory devices large enough fo fit an entire model instance in a single memory
instance. Compute resource(s) 31-2 can also shard model instance(s) across multiple memory
devices {e.g., using data paralielization or tensor pavallelizstion, ete ). This can be dong to
mcrease pavallelization or to exccute 8 large model using muliiple memory devices which
individually might not be able to {it the entire model into memory.

[0075] Input request 33 can include data for input(s) 2. Model host 31 can process input
request 33 to obtain input(s) 2. Input(s) 2 can be obtained directly from input request 33 or
can be retrieved using input request 33. Input request 33 can be submitted to model host 31
via ain APL

{0076] Model host 31 can perform inference over batches of input requests 33 in
paratiel. For instance, 4 model instance 31-1 can be configured with an input structure that
has a batch dimension. Separate inpuat(s) 2 can be distributed across the bateh dimension {e g,
rows of an array). The separate input(s) 2 can include completely different contexts. The
separate input(s) 2 can be multiple inference steps of the same task. The separate input(s) 2
can be staggered in an input structure, such that any given inference cycle can be operating
on different portions of the respective input(s) 2. In this manner, for instance, mode! host 31
can perform inference on the batch in parallel, such that output(s) 3 can also contain the batch
dimension and retarn the inference results for the batched mput(s) 2 in parallel. In this
manner, for mstance, haiches of mput request{s 33 can be processed in parallel for higher
throughput of output payload(s) 34.

{0077] Output payload 34 can include or be based on output(s) 3 from machine-learned
model(s) 1. Model host 31 can process output(s) 3 to obtain output payload 34. This can
include chaining multiple rounds of inference (e.g., iteratively, recursively, across the same
model(s) or different model(s)) to arrive at a final output for a task to be retumed in output
pavload 34. Output payload 34 can be transmitted to client(s) 32 via an APL

§007H] Omiine learming interface{s ) 36 can facilitate reinfovcement learning of machine-
kearned model(sy 1. Onbine learning interface{s) 36 can facilitate reinforcement learning with
human feedback (RLIIT). Online learning interface(s) 36 can facilitate federated learning of

machine-learned model(s) 1.
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[0079] Model host 31 can execute machine-learned modelis) | o perform inference for
various tasks using various iypes of data. For example, various ditferent input(s) 2 and
output(s) 3 can be used for various different tasks. In some implementations, input(s) 2 can
be or otherwise represent image data. Machine-learned model(s) 1 can process the image data
to generate an output. As an example, machine-learned model(s) I can process the image data
to generate an image recognition output {e.g., a recognition of the image data, a latent
embedding of the image data, an encoded representanon of the image data, & hash of the
tmige data, ete.). As another exarple, machine-learned model(s) 1 can process the image
data to generate an image segmentation output. As another example, machine-learned
model(s) 1 can process the image data to generate an image classification output. As another
example, machine-learned model(s) 1 can process the image data to generate an image data
modification output (e.g., an alteration of the image data, etc.). As another example, machine-
learned model(s) 1 can process the image data to generate an encoded unage data output {e.g.,
an encoded and/or compressed representation of the image data, gl ). As another example,
machine-fearned model{s) § can process the image data to generate an upscaled image data
outpul. As another example, machine-learned model{sy | can process the image data to
generate a prediction output.

{0080] In some implementations, the task is a computer vision task. In some cases,
input(s) 2 includes pixel data for one or more images and the task is an image processing
task. For example, the image processing task can be image classification, where the output is
a set of scores, each score corresponding to a different object class and representing the
hikelihood that the one or more images depict an object belongimg to the object class. The
image processing task may be object detection, where the image processing output wentifies
one or more regions in the one or more images and, for each region, a likelihood that region
depicts an object of interest. As another example, the image processing task can be image
scgmentation, where the image processing output defines, for each pixel in the one or more
images, a respective likelihood for each category in a predetermined set of categories. For
example, the set of categories can be foreground and background. As another example, the
set of categories can be object classes. As another example, the image processing task can be
depth estimation, where the image processing output defines, for each pixel in the one or
e images, a respective depth vatoe, As another exarople, the image processing task can be
motion estimation, where the network input includes multiple images, and the image
processing ouiput defines, for each pixel of one of the imput images, a motion of the scene

depicted at the pixel between the images in the network input.
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[0081] In some implementations, inpui(s) 2 can be or otherwise represent natural
language data. Machine-fearned model(s) T can process the natural language data to generate
an output. As an example, machine-learned model(s) 1 can process the natural language data
to generate a language encoding output. As another example, machine-learned model(s) 1 can
process the natural language data to generate a latent text embedding output. As another
example, machine-learned model(s) 1 can process the natural language data to generate a
translation output. As another example, machine-jfearned model(s) 1 can process the natural
language data to generate a classificasion outpul. As another example, machine-learned
model(s) 1 can process the natural language data to generate a textual segmentation ouiput.
As another example, machine-learmed model(s) 1 can process the natural language data to
generate a semantic intent output. As another example, machine-learned model(s) 1 can
process the natural language data to generate an upscaled text or natural language output
{o.g., toxt o natoral langoage data that i higher gquality than the wpud text or natural
language, ete.). As another exsnple, machine-leamed model(s) | can process the natural
language data to generate a prediction output (2.8, one or more predicted next portions of
natural language content}.

[0082] In some implementations, mput(s) 2 can be or otherwise represent speech data
{e.g., data describing spoken natural language, such as audio data, textual data, etc.).
Machine-learned model(s) 1 can process the speech data to generate an output. As an
example, machine-leamed model(s) 1 can process the speech data to generate a speech
recognition output. As another example, machine-learned model(s) 1 can process the speech
data to generate a speech fransiation ouiput. As another example, machine-learned modelis) |
can process the speech data to generate a latent embedding output. Az another example,
machine-learned model(s) 1 can process the speech data to generate an encoded speech
output (e.g., an encoded and/or compressed representation of the speech data, etc.). As
another example, machine-learned model(s) 1 can process the speech data to generate an
upscaled speech output {e.g., speech data that is higher quality than the input speech data,
etc.). As another example, machine-leamed model(s) 1 can process the speech data to
generate a textual representation output (e.g., a textual representation of the input speech
data, o). As another example, maching~isarned model(s} 1 can process the speech data to
generate & prediction output

[0083] In some implementations, input(s) 2 can be or otherwise represent latent
encoding data (e.g., a latent space representation of an input, etc.). Machine-learned model(s)

1 can process the latent encoding data to generate an output. As an example, machine-

50



WO 2024/073087 PCT/US2023/034184

learned model(sy 1 can process the latem encoding data (o generate a recognition output. As
another example, machine-feamed model(s) 1 can process the latent encoding data to
generate a reconstruction output. As another example, machine-learned model(s) 1 can
process the latent encoding data to generate a search output. As another example, machine-
learned model(s) | can process the latent encoding data to generate a reclustering output. As
another example, machine-learned model(s) 1 can process the latent encoding data to
generate a prediction ouiput,

{00841 In some moplementations, input{s) 2 can be or otherwise represent statistical data.
Statistical data can be, represent, or otherwise include data computed and/or calculated from
some other data source. Machime-learned model(s) 1 can process the statistical data to
generate an output. As an example, machine-learned model(s) 1 can process the statistical
data to generate a recognition output. As another example, machine-learned model(s) 1 can
process the statistical data 1o gensrate a prediction outpat. As another example, machine-
lesrned model{s) | can process the statistical data to generate a classification output. As
another example, machine-leamed model(s) 1 can process the staustical data to generate a
segmentation outpul. As another example, machine-learned model{s} | can process the
statistical data to generate a visualization output. As another example, machine-learned
model(s) 1 can process the statistical data to generate a diagnostic output.

[0085] In some implementations, input(s) 2 can be or otherwise represent sensor data.
Machine-learned model(s) 1 can process the sensor data to generate an output. As an
example, machine-learned model(s) 1 can process the sensor data to generate a recognition
output. As aaother example, machine-learped model{s} | can process the sensor data to
generate a pradiction outprl, As another example, machineJesmed model(s) 1 can process
the sensor data to generate a classification output. As another example, machine-learned
model(s) 1 can process the sensor data to generate a segmentation output. As another
example, machine-learned model(s) 1 can process the sensor data to generate a visualization
output. As another example, machine-learned model(s) 1 can process the sensor data to
generate a diagnostic output. As another example, machine-learned model(s) 1 can process
the sensor data to generate a detection output.

{0086} I some plementations, machine-leamed model{s) | can be configured o
perform a task that includes encoding input data for reliable andfor efficient transmission or
storage (and/or corresponding decoding). For example, the task may be an audio compression
task. The input may include audio data and the output may comprise compressed audio data.

In another example, the input includes visual data (e.g. one or more images or videos), the
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output comprises compressed visual data, and the task is a visoal data compression task. In
another example, the task may comprise generating an embedding for input data (e.g. input
audio or visual data). In some cases, the input includes audio data representing a spoken
utterance and the task is a speech recognition task. The output may comprise a text output
which is mapped 10 the spoken utterance. In some cases, the task comprises encrypting or
decrypling inpus data. In some cases, the task comprises a microprocessor performance task,
such as branch prediction or memory address translation.

{0087 In some moplementations, the fask is a generative task, and machine-learned
model(s) 1 can be configured to output content generated in view of input(s) 2. For instance,
input(s) 2 can be or otherwise represent data of one or more modalities that encodes context
for generating additional content.

[0088] In some implementations, the task can be a text completion task. Machine-
fearned modelsy 1 can be configured to process input{s) 2 that represent textual data and to
generate culput{s) 3 that represent additional textual data that conipletes a textual sequence
that includes npat(s) 2. For ingtance, machine-learned model(s) 1 can be configwed 0
generate outputis) 3 to complete 2 senlence, paragraph, or portion of lext that follows from a
portion of text represented by mput(s) 2.

{0089] In some implementations, the task can be an instruction following task. Machine-
learned model(s) 1 can be configured to process input(s) 2 that represent instructions to
perform a function and to generate output(s) 3 that advance a goal of satisfying the
instruction function (e.g., at least a step of a multi-step procedure to perform the function).
Ouiputis} 3 can represent data of the same or of a different wmodality as mput(s) 2. For
imstance, mpatfs) 2 can represent toxtual data (e.g., natural language matructions for a task o
be performed) and maching-kearned model(s} 1 can process inpui(s) 2 to generate output(s) 3
that represent textual data responsive to the instructions (e.g., natural language responses,
programming language responses, machine language responses, etc.). Input(s) 2 can represent
image data (e.g., image-based instructions for a task to be performed, optionally accompanied
by textual instructions) and machine-learned model(s) 1 can process input(s) 2 to generate
output(s) 3 that represent textual data responsive to the instructions (e.g., natural language
responsas, programming language responses, machine language responses, ete ). One or mote
output{s} 3 can be neratively or recursively generated fo segquentially process and accomplish
steps toward accomplishing the requested functionality. For instance, an initial output can be

executed by an external system or be processed by machine-learned model(s) 1 to complete
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an initial step of performing a function. Mulliple steps can be performed, with a final output
being obtained that is responsive to the inial instructions.

{0090] In some implementations, the task can be a question answering task. Machine-
learned model(s) 1 can be configured to process input(s) 2 that represent & queston (0 guswer
and to generate output(s) 3 that advance a goal of returning an answer to the question {e.g., at
least a step of a multi-step procedure to perform the function). Output(s) 3 can represent data
of the same or of a different modality as input(s) 2. For instance, input{s} 2 cun represont
textual data {e.g., natural language nstructions for a task to be performed) and wschine-
learned model(s) 1 can process input(s) 2 to gencrate outpui(s) 3 that represent {extual data
responsive to the question {(e.g., natural language responses, programming language
responses, machine language responses, etc.). Input(s) 2 can represent image data (e.g.,
image-based instructions for a task to be performed, optionally accompanied by textual
wstructions) and machine-fearped wodel{s) 1 can process inputis) 2 to generate output(s) 3
that represent textual data responsive to the question (e.g., natural language responses,
programming language responses, machine language responses, oi¢. ) One of more culpai(s)
3 can be neratively or recursively generated to sequentially process and sccomplish steps
toward answering the question. For instance, an initial output can be executed by an external
system or be processed by machine-learned model(s) 1 to complete an mitial step of
obtaining an answer to the question (e.g., querying a database, performing a computation,
executing a script, etc.). Multiple steps can be performed, with a final output being obtained
that is responsive to the question.

{0051} o some mmplementations, the task can be an image generation task. Machine~
Jearned modal{s} 1 can be configared to process mpwi(y) 2 that represent context regarding a
desired portion of image content. The context can include text data, image data, audio data,
etc. Machine-iearned model(s) 1 can be configured to generate output(s) 3 that represent
image data that depicts imagery related to the context. For instance, machine-learned
model(s) 1 can be configured to generate pixel data of an image. Values for channel(s)
associated with the pixels in the pixel data can be selected based on the context (e.g., based
on a probability determined based on the context).

{0092} I some plementations, the task can be an audio generation fask. Machine-
learned model(s} 1 can be configured to process input(s) 2 that represent context fegarding a
desired portion of audio content. The context can include text data, image data, audio data,
etc. Machine-learned model(s) 1 can be configured to generate output(s) 3 that represent

audio data related to the context. For mmstance, machine-learned model(s) 1 can be configured
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bor generate waveloom data in the Torm of an tmage (o.g., a spectrogram). Values for
channel(s) associated with pixels of the image can be selected based on the context. Machine-
learned model(s) 1 can be configured to generate waveform data in the form of a sequence of
discrete samples of a continuous waveform. Values of the sequence can be selected based on
the context (e.g., based on a probability determined based on the context).

{0093] In some implementations, the task can be a data generation task. Machine-fearned
model(s) 1 can be comfigured to process soput{s) 2 that represent context regarding a desired
portton of data (e.g., dat frow various data domains, such as sensor data, image data,
multimodal data, statistical data, etc.). The desired data can be, for instance, synthetic data for
training other machine-learned models. The context can include arbitrary data type(s).
Machine-learned model(s) 1 can be configured to generate output(s) 3 that represent data that
aligns with the desired data. For instance, machine-learned model(s) 1 can be configured to
generate data values for popalating a dataset. Values for the data object(s) can be selected

o

based on the context {c.z.. based on a probability determined based on the context).

Additional Disclosure

[0149] The technology discussed herein makes reference to servers, databases, software
applications, and other computer-based systems, as well as actions taken and information sent
to and from such systems. The inherent flexibility of computer-based systems allows for a
great variety of possible configurations, combinations, and divisions of tasks and
tunctionality between and among components. For instance, processes discussed herein can
be implemented using a single device or component or wmultiple devices or componends
working in conshination. Databases and applications can be implemented on a single sysiom
or distributed across multiple systems. Distribuded componenis can operate sequentially or in
paraliel.

[0150] While the present subject matier has been described in detatd with vespeci to
various specific example embodiments thereof, each example is provided by way of
explanation, not limitation of the disclosure. Those skitled in the art, upon atiaining an
understanding of the foregoing, can readily produce alterations to, variations of, and
equivadents to such embodiments. Accordingly, the subject disclosare does not preciude
incluston of such meditications, vartations and/or additions fo the present subject matter as
would be readily apparent to one of ordinary skill in the art. For instance, features illustrated

or described as part of one embodiment can be used with another embodiment to yield a still
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further embodiment. Thus, 1t is intended that the present disclosure cover such alterations,

variations, and equivalents.
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WHAT IS CLAIMED IS:

t. A computer-implemented method for improved attribution of model-generated
content, the method comprising:
obtaining, by a computing system comprising one or more computing devices, & first
textual content generated by a first machine-learned language model;
retrieving, by the computing system, one or more evidence sources relating to the first
textual content generated by the first machine-learned language model;
generating, by the computing system, a second textual content as an output of a second
machine-learned language model, based on & comparison between the first textual content
and the one or more evidenge sources, and
associating, by the computing svsteny, one or mawe porhons of the one or more

gvidence sourees as attributions fr the first or second textust content.

2. The method of claim 1, wherein retrieving, by the computing system, the one or
more evidence sources comprises:
generating, by the computing system, one or more queries based on the first
textual content; and
retrieving, by the computing svstem, the one or mare evidence sources based on

the one or more queries.

3.  The method of claim 2, whersin relrieving, by the computing system, the one or

more evidence sources based on the one oF more quernies comprises a web search.

4. The method of any preceding claim, wherein generating, by the computing
system, one or more queries based on the first textual content comprises prompting a third

machine-learned language model.

5. The method of any preceding claim wherein gencrating, by the computing
system, one or more queries based on the first foxtual content comprises:
identifying one or more claims associated with the first textual content; and

generating a query associated with at least one of the one or more claims.
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6. The method of any preceding claim, comprising:
performing at least one of
prompting & third wachine-fearned language model to identify one or more
claims associated with the first textual content; or
prompting a third machine-learned language model to generate a query

associated with at Icast onc of the onc or morce claims.

7. The method of claim 6, wherein prompting a third machine-learned language

model comprises few-shot prompting.

8. The method of clatm 6 or 7, wherein prompting a third machine-learned language

model comprises chain-of-thought prompting.

9. The method of any preceding claim, further comprising:
extracting, by the computing system, one or more evidence snippets from the one
or more evidence sources retrieved by the computing system; and
comparing, by the computing system, the one or more evidence snippets

extracted by the computing system to the first textual content.

10. The method of claim 9, wherein extracting, by the computing system, one or
more evidence snippets from the one or more evidence sources retrieved by the computing
system comprises:

determining one or more candidate evidence saippets:
generating, for each candidate evidence snippet, a respective score based on a
query that was used to retrieve the one or more evidence sources; and

selecting a subset of candidate evidence snippets based on the respective scores.

11. The method of claim 10, wherein the respective scores are relevance scores

generated by a machine-learned query-document relevance model.

12. The method of claim 1 or 11, wherein:

the one or more evidence sources are textos! docoments: and
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determining one or more candidate evidence snippets comprises running a shiding

window across a respective textual document.

13. The method of claim 10, 11, or 12, wherein selecting a subset of candidate
evidence snippets based on the respective score comprises:

maximizing a coverage over the onc or more claims.

14. The method of any of claims 9 through 12, wherein comparing, by the computing
system, the one or more evidence snippets extracted by the computing system to the first
textual content comprises:

determining one or more first levels of agreement, with respect to one or more
clatms assoctated with the fivst textual content, between the one or more evidence snippets

and the first textaal content,

15. The method of claim 14, wherein determining one or more first levels of
agreement, with respect to one or more claims associated with the first textual content,
between the one or more evidence snippets and the first textual content comprises:

evaluating the first textual content and the evidence snippet with a machine-

learned agreement model.

16, The method of claim 15, whereny evaluating the first textual content and the
evidence snippet with a machine-learned agreement model comprises prompting the

machine-leamed agreement model with chain-of-thought prompting.

17. The method of claim 13, whereny svaluating the first textual content and the
evidence snippet with a machine-learned agreement model comprises prompting the

machine-leamed agreement model with few-shot prompting.

{8, The method of anv of clas 14, 15, 16, and 17, wherein generating, by the
computing system, a second textual content as an output of a second machine-learned
language model comprises:

identifying a respective claim of the on¢ or more claims assoctated with the first
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textual content, wherein the first level of agreement with respect & the respective claim
tndicates a lack of complete agreement; and

gencraiing & second toxtual content, such that a second level of agreement, with
respect to the respective claim and between the second textual content and the one or more
evidence snippets, indicates a greater degree of agreement than the first level of agreement

with respect to the respective claim.

19. The method of any preceding claim, wherein generating, by the computing
system, a second textual content as an output of a second machine-learned language model
comprises prompting the second machine-learned language model using chain-of-thought

prompting.

20. The method of any preceding claim, wherein generating, by the computing
system, a second textual content as an output of a second machine-learned language model

comprises prompting the second machine-learned language model using few-shot prompting.

21. The method of any preceding clatm, further comprising
determining an edit distance based on one or more differences between the first
textual content and the second textual content; and
based on the edit distance, determining whether to output the second textual

content.

22. The method of any preceding claim, furthey comprising:
determining an agreement score between the second textual content and one or
more evidence snippets extracted from the one or more evidence sources;
determining a preservation score indicative of a similarity between the first
textual content and the second textual content; and
based on a combination of the agreement score and the preservation score,

determining whether to output the second textual content.

23. The method of any preceding clabm, wheveny

the one or more evidencs sources are textual documents.

59



WO 2024/073087 PCT/US2023/034184

24. A computing system, comprising:
Onc or more processors; and
ong or more non-transitory computer-readable media stortag instructions that are
executable by the one or more processors to cause the computing system to perform one or
more operations, the operations comprising:
obtaiing a first textual content generated by a first machine-lcarned language
model:;
retrieving one or more evidence sources relating to the first textual content
generated by the first machine-learned language model;
generating a second {extual content as an output of a second machine-leamed
language model, based on a comparison between the first tevtual content and the one or more
evidence sources; and
associating one or more portions of the one or more evidence sources as

attributions for the first or second textual content.

25. One or more computer-readable media storing instructions that are executable by
a computing system to cause the computing system to perform one or more operations, the
operations comprising:
obtaining a first textual content generated by a first machine-learned language model;
retrieving one or more evidenve sources relating to the first textual content generated
by the first machine-learned language model;
gencrating a sccond textual content as an output of'a sccond machine-lcarncd language
model, based on a comparisan between the first textoal content and the one or more evidence
sources; and
associating one or more portions of the one or more evidence sources as attributions for

the first or second textual content.
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Millie Inbetween
premiered on 24

802 February 2014 on
2\ CBBC.

Figure 8

Query generation system

When did Millie
Inbetween premiere?

W
What channel was Millie

Inbetween on?

Retrieval system

"N
Retrieval s@

[fandom.com]. .. The
first series premiered on
1 October 2014.

/LO\
[comedy.co.uk] Millie

Inbetween, CBBC
sitcom about a young . .

Agreement system

814
4\ Disagreement detected

Editing system

~__

(o]
N
(=]

Agreement detected

818\ | Millie Inbetween
6\ premiered on 24

February 1 October
2014 on CBBC.
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1002\

Obtaining a training instance

1 004\ l

Processing, using one or more machine-learned models,
the training instance to generate an output

1006~ l

f—

Receiving an evaluation signal associated with the output

1008~ l

f—

Updating the machine-learned model using the evaluation
signal

Figure 10
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Machine-Learned Model(s) 1

SN

Output(s) 3

Input(s) 2

Figure 11
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Sequence Processing Model(s) 4
Input Sequence 5
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Prediction layer(s) 6
Output Sequence 7
Element 7-1 Element 7-2 Element 7-N
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Figure 12
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