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A system generates text artifacts using a machine learned
language model. The text artifacts may be provided to a
search engine for providing to users along with search
results. The system iteratively improves the set of text
artifacts by performing the following steps. The system
updates the prompt used to generate the text artifacts based
on the performance of the text artifacts to obtain a new
prompt. The system executes the machine learned language
model using the new prompt to generate a new set of text
artifacts. The system evaluates the new set of text artifacts
to determine performance of each of the new set of text
artifacts. These steps are repeatedly performed to improve
the set of text artifacts.

Client Device
110

Model Serving
System
150

Interface System
160



Patent Application Publication  Mar. 6, 2025 Sheet 1 of 9 US 2025/0077976 Al

Client Device Client Device

100 110

Model Serving
System
190

Online System Interface System

160

140




Patent Application Publication  Mar. 6, 2025 Sheet 2 of 9 US 2025/0077976 Al

Client Device Client Device

100 110

Network
130

Online System
140

Interface System
160

Model Serving
System
150




US 2025/0077976 Al

Mar. 6, 2025 Sheet 3 of 9

Patent Application Publication

04c¢

S[NPON

uoneJauan)
JUSIUON

0¢c
SINPON

Juswabeuen
18P0

V¢ Ol

8} 74
8J01S Ble(

0l¢
S|NPOA
UuonBIuSSaIH
JU3JUO0N

Pl WoIsAg suljuQ

0¢¢
a|npo buiuiel |

Buiuies-auiyoein

00¢
a|NpPO
Uo199]|00 eleQ



US 2025/0077976 Al

Mar. 6, 2025 Sheet 4 of 9

Patent Application Publication

—_-.—__
......................

sy g wmmm%ﬁﬁ gt f el ERIOEE BRIAEY hmﬁ;ﬁ;i B u?w%wﬁ 5 _____ ,W w _,wﬁmww

...................

LAX wmw@%wﬁﬂ B1 SR _Mﬁﬂﬁmiﬁ%m

S18PI0




US 2025/0077976 Al

Mar. 6, 2025 Sheet 5 of 9

Patent Application Publication

3GIE € 1oBlNY X9

qGlE Zioejuv ixe]

BGLC | oBjiuY IXa]

4 19V.L
JONVINHOdddd

¢ Old

0GE wo)sAg

bunse | jusjuon

9GLE ¢ioepy xay

¢ 1LY 1X8 |

L 10BJILIY 1XS ]

JOPIAOIH JU=21UOD)




Patent Application Publication

Mar. 6, 2025 Sheet 6 of 9

OUTPUT

-
1L
-
<
ad
™
Z
i
Q
=
-
o

LLM SYSTEM

FIG. 4

o
Yy —
= A.
- =
O 0O
- Y
Y Q.
=
)

US 2025/0077976 Al



US 2025/0077976 Al

2025 Sheet 7 of 9

/

Mar. 6

Patent Application Publication

| + 1 POLSd

JGEG G ioejuy 1Xa)

O9CGEC ¢ I0eluY IX8]

PGLS 0Bl IX3]

S10VillLdVY
J1IVAIGNVO M3N

} polad

L PPBHUY XS]

9 JoeiY 1X8 ]

G JOEHLUY X8

SLOV4lLdY
3 1LVHINIO-NTT

G Old

} pousd

& POBHUY 1X8 |

— 0CE WwolsAg

Z 1By IX81
buise ] jusuon

| J0EHIY IXS ]

} polied S1OV4ILdV 21LVAIANVYO

9INPOIN
LOI}O9]9S JOBHLY

} pouad

3CC € 108Uy X9

01%%
LdINO¥d LOVHILNY SCS  zwely xe)

| JOBHLY IXS ]

378V.L JONVINHOdHdd



US 2025/0077976 Al

Mar. 6, 2025 Sheet 8 of 9

Patent Application Publication

L + ] pOL™d

CC G IoBjUY X8
9GLG ¢ 10BHNY X8

PGEG  Z 1veuuy xa]

S1OVdlLdV
JIVAIANVI M3N

} polad

/ J0BJUY 1X9]
9 10BJIUY 1X9]

G JEHHY IX3]

S10ViiladV
G31LVHINIO-NTT

] poued
0€S  sinpon
UOI109}aG 10BHLY

} PpOolRg

C EHLY IX8 |

Z JOBJIY 1X ]

L JOBHLY X2

379V.1 JONVINIO A Ed




L Old

US 2025/0077976 Al

L, + 1 Ppolad

W71
1dNOHd LOV4|LdV MAN

el

NTT 9IN0aX3 + pOled

Mar. 6, 2025 Sheet 9 of 9

0G2G € OBy IXo]

0CL
jdwiosd ayepdn

0] 1Sanbay

GCS ZBliUVY X9 ]

5C7C | 10BJIUY X9

} POlied

1dNOYd 0cs

F18V.1 JONVINHOJHdd

. 1OVd4lldY
L/

Patent Application Publication



US 2025/0077976 Al

REINFORCEMENT LEARNING BASED
OPTIMIZATION OF TEXTUAL ARTIFACTS
USING GENERATIVE ARTIFICIAL
INTELLIGENCE

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Application No. 63/535,476, filed on Aug. 30, 2023,

which 1s 1icorporated by reference herein 1n 1ts entirety.

TECHNICAL FIELD

[0002] One or more aspects described herein relate gen-
crally to machine learned language

[0003] models and more specifically to optimizing textual
artifacts using reinforcement learning and generative artifi-
cial mtelligence (Al).

BACKGROUND

[0004] Search engines are used by large numbers of users
for searching through documents, websites, and various
types of content. Search engines allow text artifacts recerved
from content providers to be provided as search results 1n
response to search queries. Content providers spend signifi-
cant resources 1n designing text artifacts or related content
that 1s displayed along with search results. Typically, the text
artifacts are manually created by experts using tools
designed for generating text artifacts. Designing text arti-
facts manually 1s a slow and cumbersome process. Further-
more, manually designed text artifacts are more likely to
have errors. Artificial intelligence based techmiques such as
neural networks may be used for generating text artifacts.
Artificial intelligence based techniques may sufler from
problems such as hallucinations and may generate poor
quality results, for example, text artifacts that may provide
a poor description of a content item or project a negative
image ol the content provider.

SUMMARY

[0005] In accordance with one or more aspects of the
disclosure, a system generates text artifacts that may be
provided to a search engine for displaying along with search
results. The system recerves a prompt configured to request
a machine learned language model to generate text artifacts.
The machine learned language model 1s executed based on
the prompt to generate a set of text artifacts. The system
evaluates each of the set of text artifacts to determine their
performance. The system 1teratively improves the generated
text artifacts as follows. The system updates the prompt
using data on the performance of each of the set of text
artifacts to obtain a new prompt. For example, the new
prompt may specily examples of text artifacts having high
performance (1.e., having performance metrics that meet or
exceed a predetermined threshold) and examples of text
artifacts having poor performance (1.¢., having performance
metrics that fail to meet the predetermined threshold). The
system executes the machine learned language model using
the new prompt to generate a new set of text artifacts. The
system evaluates the new set of text artifacts to determine
performance of each of the new set of text artifacts. The
system repeatedly performs these steps to improve the text
artifacts generated.
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[0006] According to one or more embodiments, the sys-
tem generates a prompt requesting the machine learned
language model to determine the performance of each of the
new set of text artifacts and executes the machine learned
language model. The system may use the output of the
machine learned language model to rank a set of text
artifacts.

[0007] According to one or more embodiments, the sys-
tem removes one or more text artifacts from the set of text
artifacts according to a selection rule. An example of a
selection rule 1s to remove text artifacts whose performance
1s below a threshold value and add one or more text artifacts
to the set of text artifacts 1t the performance of each of the
text artifacts 1s above a threshold value.

BRIEF DESCRIPTION OF THE DRAWINGS

[0008] FIG. 1Aillustrates an example system environment
for an online system 140, 1n accordance with one or more
embodiments.

[0009] FIG. 1B illustrates an example system environment
for an online system 140, 1n accordance with one or more
embodiments.

[0010] FIG. 2A illustrates an example system architecture
for an online system 140, 1n accordance with one or more
embodiments.

[0011] FIG. 2B shows an example of a text artifact gen-
erated by a content generation module according to one or
more embodiments.

[0012] FIG. 3 1illustrates the interactions of a content
testing system with a content provider system such as the
online system, according to one or more embodiments.
[0013] FIG. 4 shows a system for querying a machine
learned language model using a specific prompt, according
to one or more embodiments.

[0014] FIG. 5 illustrates the various components of the
system and their interactions according to one or more
embodiments.

[0015] FIG. 6 1illustrates the process executed by the
artifact selection module to generate text artifacts according
to one or more embodiments.

[0016] FIG. 7 shows the tlow of a process for generating

prompts for the LLM according to one or more embodi-
ments.

DETAILED DESCRIPTION

[0017] An online system generates textual artifacts. The
textual artifacts may be provided to a search engine for
displaying with search engine results. The textual artifacts
may promote products or services of an enterprise. The
online system continuously tracks the performance of indi-
vidual textual artifact variants. The online system periodi-
cally replaces a subset of the currently tested textual artifact
variants with textual artifact determined to have better
performance. The replacement policy implements explore &
exploit logic based on reinforcement learning to trade off
benefits of trying new textual artifact variants against the
cost of potentially testing out inferior textual artifact vari-
ants.

[0018] The online system feeds the performance of pre-
viously tested textual artifact variants into a machine learned
language model, for example, a large language model
(LLM) to generate new variants to test. A machine learned
language model 1s also referred to herein as a machine
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learning based language model or machine learned language
model. The online system uses a specifically designed
prompt that requests the machine learned language model to
generate new textual artifact varants that have high perfor-
mance. The prompt provided as input to the machine learned
language model for generating text artifacts 1s updated based
on the performance of prior prompts. The online system may
also be referred to herein as a system. Although embodi-
ments are described i terms of an online system, the
techniques disclosed may also be applied in systems that are
not online, 1.e., systems that work 1n offline mode.

[0019] FIG. 1A 1llustrates an example system environment
for an online system 140, 1n accordance with one or more
embodiments. The system environment illustrated in FIG.
1A includes client devices 100, 110, a network 130, and an
online system 140. Alternative embodiments may include
more, fewer, or diflerent components from those illustrated
in FIG. 1A, and the functionality of each component may be
divided between the components differently from the
description below. Additionally, each component may per-
torm their respective functionalities in response to a request
from a human, or automatically without human intervention.
Additionally, any number of client devices may interact with
the online system 140.

[0020] The clhient device 100 1s a client device through
which a user may interact with another client device 110, or
the online system 140. The client device 100 can be a
personal or mobile computing device, such as a smartphone,
a tablet, a laptop computer, or desktop computer. In some
embodiments, the client device 100 executes a client appli-
cation that uses an application programming interface (API)
to communicate with the online system 140.

[0021] A user uses the client device 100 to interact with
the online system 140. The client device 100 presents a user
interface that allows the user to perform actions such as
performing searches with the online system 140. The user
interface may be part of a client application operating on the
client device 100. The user interface allows the user to

search for items that are available through the online system
140.

[0022] Additionally, the client device 100 includes a com-
munication intertace that allows a user to communicate with
other users. This communication intertace allows the user to
input a text-based message to transmit to the client device
110 via the network 130. The client device 110 receives the
message from the client device 100 and presents the mes-
sage to the user of the client device 110. The client device
110 also 1ncludes a communication interface that allows the
user to communicate with other users. The client device 110
transmits a message provided by the user to the client device
100 via the network 130. In some embodiments, messages
sent between the client device 100 and the client device 110
are transmitted through the online system 140. In addition to
text messages, the communication interfaces of the client
device 100 and the client device 110 may allow the users to
communicate through audio or video communications, such
as a phone call, a voice-over-IP call, or a video call.

[0023] The client device 110 1s a client device through
which a user may interact with other client devices 100, or
the online system 140. The client device 110 can be a
personal or mobile computing device, such as a smartphone,
a tablet, a laptop computer, or desktop computer. In some
embodiments, the client device 110 executes a client appli-
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cation that uses an application programming interface (API)
to commumnicate with the online system 140.

[0024] The client devices 100, 110, and the online system
140 can communicate with each other via the network 130.
The network 130 1s a collection of computing devices that
communicate via wired or wireless connections. The net-
work 130 may include one or more local area networks
(LANSs) or one or more wide area networks (WANs). The
network 130, as referred to herein, 1s an inclusive term that
may refer to any or all of standard layers used to describe a
physical or virtual network, such as the physical layer, the
data link layer, the network layer, the transport layer, the
session layer, the presentation layer, and the application
layer. The network 130 may include physical media for
communicating data from one computing device to another
computing device, such as MPLS lines, fiber optic cables,
cellular connections (e.g., 3G, 4G, or 3G spectra), or satel-
lites. The network 130 also may use networking protocols,
such as TCP/IP, HTTP, SSH, SMS, or FTP, to transmit data
between computing devices. In some embodiments, the
network 130 may include Bluetooth or near-field commu-
nication (NFC) technologies or protocols for local commu-
nications between computing devices. The network 130 may
transmit encrypted or unencrypted data.

[0025] The model serving system 150 receives a request
including mnput data (e.g., text data, audio data, image data,
or video data) and encodes the mput data into a set of mput
tokens. The model serving system 150 applies the machine-
learned model to generate a set of output tokens. Each token
in the set of mput tokens or the set of output tokens may
correspond to a text unit. For example, a token may corre-
spond to a word, a punctuation symbol, a space, a phrase, a
paragraph, and the like. For an example query processing
task, the language model may receive a sequence of input
tokens that represent a query and generate a sequence of
output tokens that represent a response to the query. For a
translation task, the transformer model may receive a
sequence ol mput tokens that represent a paragraph in
German and generate a sequence of output tokens that
represents a translation of the paragraph or sentence in
English. For a text generation task, the transformer model
may receive a prompt and continue the conversation or
expand on the given prompt in human-like text.

[0026] When the machine-learned model 1s a language
model, the sequence of input tokens or output tokens are
arranged as a tensor with one or more dimensions, for
example, one dimension, two dimensions, or three dimen-
sions. For example, one dimension of the tensor may rep-
resent the number of tokens (e.g., length of a sentence), one
dimension of the tensor may represent a sample number 1n
a batch of mput data that 1s processed together, and one
dimension of the tensor may represent a space 1n an embed-
ding space. However, it 1s appreciated that in other embodi-
ments, the iput data or the output data may be configured
as any number ol appropriate dimensions depending on
whether the data 1s 1n the form of 1mage data, video data,
audio data, and the like. For example, for three-dimensional
image data, the mput data may be a series of pixel values
arranged along a first dimension and a second dimension,
and further arranged along a third dimension corresponding
to RGB channels of the pixels.

[0027] In one or more embodiments, the language models
are large language models (LLMs) that are trained on a large
corpus of traiming data to generate outputs for the NLP tasks.




US 2025/0077976 Al

An LLM may be trained on massive amounts of text data,
often involving billions of words or text units. The large
amount of training data from various data sources allows the
LLM to generate outputs for many tasks. An LLM may have
a significant number of parameters 1 a deep neural network
(e.g., transformer architecture), for example, at least 1
billion, at least 15 billion, at least 135 billion, at least 175
billion, at least 500 billion, at least 1 trillion, at least 1.5
trillion parameters.

[0028] Since an LLM has significant parameter size and
the amount of computational power for inference or training,
the LLM 1s high, the LLM may be deployed on an inira-
structure configured with, for example, supercomputers that
provide enhanced computing capability (e.g., graphic pro-
cessor units) for training or deploying deep neural network
models. In one instance, the LLM may be tramned and
deployed or hosted on a cloud infrastructure service. The
LLM may be pre-trained by the online system 140 or one or
more entities different from the online system 140. An LLM
may be trained on a large amount of data from various data
sources. For example, the data sources include websites,
articles, posts on the web, and the like. From this massive
amount of data coupled with the computing power of LLMs,
the LLM 1s able to perform various tasks and synthesize and
formulate output responses based on information extracted
from the training data.

[0029] In one or more embodiments, when the machine-
learned model including the LLM 1s a transformer-based
architecture, the transformer has a generative pre-training
(GPT) architecture including a set of decoders that each
perform one or more operations to mput data to the respec-
tive decoder. A decoder may include an attention operation
that generates keys, queries, and values from the 1mput data
to the decoder to generate an attention output. In another
embodiment, the transformer architecture may have an
encoder-decoder architecture and includes a set of encoders
coupled to a set of decoders. An encoder or decoder may
include one or more attention operations.

[0030] Since an LLM has significant parameter size and
the amount of computational power for inference or training,
the LLM 1s high, the LLM may be deployed on an infra-
structure configured with, for example, supercomputers that
provide enhanced computing capability (e.g., graphic pro-
cessor units) for training or deploying deep neural network
models. In one instance, the LLM may be tramned and
deployed or hosted on a cloud infrastructure service. The
LLM may be pre-trained by the online system 140 or one or
more entities different from the online system 140. An LLM
may be trained on a large amount of data from various data
sources. For example, the data sources include websites,
articles, posts on the web, and the like. From this massive
amount of data coupled with the computing power of
LLM’s, the LLM 1s able to perform various tasks and
synthesize and formulate output responses based on infor-
mation extracted from the training data.

[0031] While a LLLM with a transformer-based architec-
ture 1s described as a primary embodiment, 1t 1s appreciated
that 1n other embodiments, the language model can be
configured as any other appropriate architecture including,
but not limited to, long short-term memory (LSTM) net-
works, Markov networks, BART, generative-adversarial net-
works (GAN), diffusion models (e.g., Diffusion-LM), and
the like.
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[0032] In one or more embodiments, the online system
140 collects comments from multiple users. The online
system 140 receives and processes queries based on the
comments. Specifically, the online system 140 prepares one
or more prompts for mput to the model serving system 150
based on the user queries. The online system 140 receives a
response to the prompt from the model serving system 1350
based on execution of the machine-learned model using the
prompt. The online system 140 obtains the response and
provides the requested information to the user.

[0033] In one or more embodiments, the task for the model
serving system 150 1s based on knowledge of the online
system 140 that 1s fed to the machine-learned model of the
model serving system 150, rather than relying on general
knowledge encoded in the model weights of the model.
Thus, one objective may be to perform various types of
queries on the external data 1n order to perform any task that
the machine-learned model of the model serving system 150
could perform. For example, the task may be to perform
question-answering, text summarization, text generation,
and the like based on information contained 1n an external
dataset.

[0034] In one or more embodiments, the online system
140 1s connected to the interface system 160. As noted
above, the imterface system 160 may interact with users
using natural language text to receive user comments. The
interface system 160 receives external data from the online
system 140 (for example, user comments) and builds a
structured index over the external data using, for example,
another machine-learned language model or heurstics.

[0035] The interface system 160 obtains one or more
responses from the model serving system 150 and synthe-
s1zes a response to the query on the external data. While the
online system 140 can generate a prompt for a machine
learned language model using the external data as context,
the amount of information in the external data may exceed
prompt size limitations of the machine-learned language
model. The interface system 160 resolves prompt size limi-
tations by generating a structured index of the data. The
interface system 160 also offers data connectors to external
data sources.

[0036] The interface system 160 receives one or more
queries from the online system 140 on the external data. The
interface system 160 constructs one or more prompts for
input to the model serving system 150. A prompt may
include the query of the user and context obtained from the
structured index of the external data. In one instance, the
context 1 the prompt includes portions of information
obtained from the index as contextual information for the
query.

[0037] FIG. 1B illustrates an example system environment
for an online system 140, 1n accordance with one or more
embodiments. The system environment 1llustrated in FIG.
1B 1includes client devices 100, 110, a network 130, and an
online system 140. Alternative embodiments may include
more, fewer, or different components from those 1llustrated
in FIG. 1B, and the functionality of each component may be
divided between the components differently from the
description below. Additionally, each component may per-
form their respective functionalities in response to a request
from a human, or automatically without human intervention.

[0038] The example system environment in FIG. 1A 1llus-
trates an environment where the model serving system 1350
and/or the interface system 160 1s managed by a separate
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entity from the online system 140. In one or more embodi-
ments, as 1llustrated 1n the example system environment in
FIG. 1B, the model serving system 150 and/or the interface
system 160 1s managed and deployed by the entity managing
the online system 140.

[0039] FIG. 2A1llustrates an example system architecture
for an online system 140, 1n accordance with one or more
embodiments. The system architecture 1llustrated in FIG. 2A
includes a data collection module 200, a content presenta-
tion module 210, a machine learning training module 230, a
data store 240, and a content generation module 250. Alter-
native embodiments may include more, fewer, or diflerent
components from those illustrated i FIG. 2A, and the
functionality of each component may be divided between
the components differently from the description below.
Additionally, each component may perform their respective
functionalities 1n response to a request from a human, or
automatically without human intervention.

[0040] The data collection module 200 collects data used
by the online system 140 and stores the data in the data store
240. The data collection module 200 may only collect data
describing a user i the user has previously explicitly con-
sented to the online system 140 collecting data describing
the user. Additionally, the data collection module 200 may
encrypt all data, including sensitive or personal data,
describing users.

[0041] For example, the data collection module 200 col-
lects user data, which 1s information or data that describe
characteristics of a user. User data may include a user’s
name, address, shopping preferences, favorite items, or
stored payment instruments. The user data also may include
default settings established by the user. The data collection
module 200 may collect the user data from sensors on the
client device 100 or based on the user’s interactions with the
online system 140.

[0042] The content presentation module 210 selects con-
tent for presentation to a user. In some embodiments, the
content presentation module 210 scores items based on a
search query recerved from the client device 100. A search
query 1s Iree text for a word or set of words that indicate
items ol interest to the customer. The content presentation
module 210 scores 1tems based on a relatedness of the 1items
to the search query. For example, the content presentation
module 210 may apply natural language processing (NLP)
techniques to the text in the search query to generate a search
query representation (e.g., an embedding) that represents
characteristics of the search query. The content presentation
module 210 may use the search query representation to score
candidate items for presentation to a customer (e.g., by
comparing a search query embedding to an item embed-
ding).

[0043] The machine learning training module 230 trains
machine learning models used by the online system 140. For
example, the machine learning training module 230 may
train the 1tem selection model, the availability model, or any
of the machine-learned models deployed by the model
serving system 1350. The online system 140 may use
machine learning models to perform functionalities
described herein. Example machine learning models include
regression models, support vector machines, naive bayes,
decision trees, k nearest neighbors, random forest, boosting
algorithms, k-means, and hierarchical clustering. The
machine learning models may also include neural networks,
such as perceptrons, multilayer perceptrons, convolutional
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neural networks, recurrent neural networks, sequence-to-
sequence models, generative adversarial networks, or trans-
formers.

[0044] Each machine learning model icludes a set of
parameters. A set of parameters for a machine learning
model are parameters that the machine learning model uses
to process an mput. For example, a set of parameters for a
linear regression model may include weights that are applied
to each iput variable in the linear combination that com-
prises the linear regression model. Similarly, the set of
parameters for a neural network may include weights and
biases that are applied at each neuron in the neural network.
The machine learning training module 230 generates the set
of parameters for a machine learning model by “training”
the machine learning model. Once trained, the machine
learning model uses the set of parameters to transform inputs
into outputs.

[0045] The machine learning training module 230 trains a
machine learning model based on a set of training examples.
Each tramning example includes mput data to which the
machine learning model 1s applied to generate an output. For
example, each training example may include customer data,
picker data, item data, or order data. In some cases, the
training examples also include a label which represents an
expected output of the machine learning model. In these
cases, the machine learning model 1s trained by comparing
its output from mput data of a training example to the label
for the training example.

[0046] The machine learning training module 230 may
apply an iterative process to train a machine learning model
whereby the machine learning training module 230 trains the
machine learning model on each of the set of traiming
examples. To train a machine learning model based on a
training example, the machine learning training module 230
applies the machine learning model to the input data 1n the
training example to generate an output. The machine learn-
ing training module 230 scores the output from the machine
learning model using a loss function. A loss function 1s a
function that generates a score for the output of the machine
learning model such that the score 1s higher when the
machine learning model performs poorly and lower when
the machine learning model performs well. In cases where
the training example includes a label, the loss function 1s
also based on the label for the training example. Some
example loss functions include the mean square error func-
tion, the mean absolute error, hinge loss function, and the
cross entropy loss function. The machine learning training
module 230 updates the set of parameters for the machine
learning model based on the score generated by the loss
function. For example, the machine learning training module
230 may apply gradient descent to update the set of param-
eters.

[0047] The data store 240 stores data used by the online
system 140. For example, the data store 240 stores customer
data, 1tem data, order data, and picker data for use by the
online system 140. The data store 240 also stores trained
machine learning models trained by the machine learming
training module 230. For example, the data store 240 may
store the set of parameters for a trained machine learning
model on one or more non-transitory, computer-readable
media. The data store 240 uses computer-readable media to
store data, and may use databases to organize the stored data.

[0048] With respect to the machine-learned models hosted
by the model serving system 150, the machine-learned
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models may already be trained by a separate entity from the
entity responsible for the online system 140. In another
embodiment, when the model serving system 150 1is
included 1n the online system 140, the machine learning
training module 230 may further train parameters of the
machine-learned model based on data specific to the online
system 140 stored in the data store 240. As an example, the
machine learning training module 230 may obtain a pre-
trained transformer language model and further fine tune the
parameters of the transformer model using training data
stored 1n the data store 240. The machine learning training
module 230 may provide the model to the model serving
system 150 for deployment.

[0049] FIG. 2B shows an example text artifact generated
by the system, according to one or more embodiments. The
text artifact 255 1s generated by the machine learned lan-
guage model and may be provided as a search result for a
search engine such as Google™M. The text artifact 255 may
be returned as a sponsored search result as part of a search
marketing campaign ol a content provider.

[0050] FIG. 3 illustrates the interactions of a content
testing system with a content provider system such as the
online system, according to one or more embodiments. The
content testing system 3350 tests diflerent variants of content
(c.g., text artifacts) and collects data on their respective
performance. Alternative embodiments may include more,
fewer, or diflerent modules from those illustrated in FIG. 3.
Steps indicated as being performed by a particular module
may be performed by other modules than those indicated
herein.

[0051] In step 310, a content provider 305 (for example,
the content generation module 250 of the online system 140)
generates a set of textual artifacts, for example 313a, 3155,
315¢. These text artifacts can include headlines, descrip-
tions, or other types of textual data that a customer 1s
presented with when exposed to their ads. In step 320, the
content provider 305 submits these text artifacts to the
content testing system 350.

[0052] In step 330, the content testing system runs tests to
evaluate the performance of these artifacts. The content
testing system 350 returns data on the performance of
individual artifacts 1n the form of a table, where performance
1s presumed to be a quantitative measure (e.g., number of
clicks). Accordingly, the content testing system 350 returns
performance metrics for each text artifact to allow compari-
son of different text artifacts. The performance metric may
be determined based on user feedback. For example, the text
artifacts may be provided to a set of user who are asked to
rank the text artifact based on a quality metric. The feedback
provided by the users 1s aggregated to generate a perior-
mance metric. According to an embodiment, diflerent met-
rics are used to evaluate the text artifacts and a weighted
aggregate of the different performance metrics 1s used for
evaluating/ranking the text artifacts. The performance met-
ric may be a number within a range, for example, an integer
between 1 and 10 such that higher values indicate higher
performance. The performance table includes the text arti-
tacts along with their performance metrics. The performance
table may rank the text artifacts based on the performance
metrics, for example, sort them in decreasing order of
performance.

[0053] FIG. 4 shows a system for querying a machine
learned language model using a specific prompt, according
to one or more embodiments. The system comprises a
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machine learned language model (for example, a large
language model or LLM) and 1s referred to as the LLM
system 420. The LLM system 420 can be queried using a
structured prompt 410. According to one or more embodi-
ments, the structured prompt 410 includes information about
the performance of different text artifacts. The structured
prompt 410 requests the LLM to provide recommendations
for new text artifacts that resemble well-performing text
artifacts but do not resemble the poorly performing text
artifacts. Alternatively, the structured prompt 410 may
include old prompts along with their performance and ask
the system to provide an updated prompt. The LLM system

420 generates output 430 that represents structured prompts
generated based on the structured prompt 410.

[0054] FIG. 5 illustrates the various components of the
system and their interactions according to one or more
embodiments. Every period t starts with a list of candidate
artifacts 515a, 515b, 5135c¢ that are provided 510 as input to
the content testing system 350. After testing these artifacts,

the content testing system 350 returns a performance table
520, including the text artifacts 525a, 5255, 525¢ alongside
a metric that may be a numerical value to describe their
performance. Once recerved the system embeds the perfor-
mance table 520 into one or more structured prompts 410
that are provided as input to an LLM to generate 550 text
artifacts 5335a, 5356, 5335¢. The system collects the LLM-
generated output text artifacts 335q, 53355, 5335¢ and com-
bines them with the performance table 520. The system
provides the combined information as mput to the artifact
selection module 530. The artifact selection module 3530
returns 540 (1.e., as 1s described 1n further detail below with
regard to FIG. 6) a new list of text artifacts 3354, 533¢, 535/
for the next period, t+1. This process 1s continued for each
subsequent time period to generate a new set ol candidate
text artifacts that are likely to have better performance
compared to the set of text artifacts generated during the
previous period.

[0055] FIG. 6 1illustrates the process executed by the
artifact selection module to generate text artifacts according
to one or more embodiments. Every period t, an artifact
selection module 330 combines LLM-generated text arti-
facts 535a, 5355, 535¢ with the text artifacts 525a, 5255,
525¢ and their performance metrics obtained from the

performance table 520 to generate a list of new candidate
text artifacts 335d, 535¢, 5335/ for the next period t+1.

[0056] According to one or more embodiments, the rank-
ing of the text artifacts 1s generated by the LLM (1.e., the
LLM 1s provided with a prompt asking the LLM to provide
a ranked list). According to an embodiment, the system
generates the prompt algorithmically from data structures
that store information used in the prompt, for example, a list
structure storing the text artifacts. The prompt may include
examples of previous rankings of text artifacts and request
the LLM to generate a ranked list of text artifacts. The
prompt may specily a format for the result, for example, an
ordered list of text artifacts. The response generated 1is
processed to obtain the ranked list of text artifacts.

[0057] According to one or more embodiments, the arti-
fact selection module 330 comprises rules according to
which the text artifact generation process selects new can-
didate text artifacts for experimentation 1n the next period.
The artifact selection module 530 may select the new
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candidate text artifacts based on performance of prior can-
didate text artifacts and the list of candidate text artifacts
generated by the LLM.

[0058] According to an embodiment, the text artifacts are
evaluated using a machine learning based model tramed to
receive as mput a text artifact and output a score indicating,
a quality of the text artifact. The machine learning based
model 1s trained using training data comprising labels gen-
erated by users. For example, text artifacts may be presented
to users via a user interface that allows the users to accept
the text artifact 1 the text artifact 1s high quality and reject
the text artifact 1f the text artifact 1s low quality. The machine
learning based model 1s trained by mimimizing a loss func-
tion and performing back propagation to adjust the weights
of the parameters of the machine learning based model.
[0059] According to one or more embodiments, the arti-
fact selection module 530 1mplements reinforcement learn-
ing and implements tradeoils between exploration and
exploitation. For example, the artifact selection module 530
may implement a greedy policy that eliminates the bottom N
performing text artifacts in every period and replaces them

with the top N candidate text artifacts generated by the
LLM.

[0060] Accordingly, the artifact selection module 530
replaces a subset of text artifacts with a set of new text
artifacts generated by the machine learned language model.
The subset of text artifacts replaced are the lowest perform-
ing artifacts and the set of new text artifacts are the best
performing text artifacts generated by the machine learned
language model. The size N of the subset of text artifacts
replaced 1s determined based on an aggregate measure of
performance of the text artifacts generated by the machine
learned language model.

[0061] For example, N represents a parameter that is
determined based on the recent success of newly added
candidate text artifacts. For example, the system determines
the value of N to be higher if recent new artifacts generated
by the LLM have higher performance metric compared to
previously generated text artifacts and therefore have been
particularly successtul relative to prior artifacts. The artifact
selection module 530 may implement selection functions
based on bandit strategies or contextual bandit strategies.

[0062] FIG. 7 shows the tlow of a process for generating
prompts for the LLM according to one or more embodi-
ments. At regular cadence (1.e., every period), the LLM 1s
presented with data on the performance of the text artifacts
previously created along with the prompt 710 that was used
to generate them. The performance information 1s obtained
from the performance table 520. The prompt 1s provided to
the LLM to execute 730 the LLM. The LLM 1s asked to use
this mnformation to update the prompt with the objective of
generating a new prompt 740 that 1s more likely to generate
better performing artifacts.

[0063] The artifact selection module 530 uses artifact
selection functions that explicitly control the amount of
exploration done by the system. The more conservative the
selection function, the less the system experiments with new
artifacts. The system may be designed to use this feature to
let an algorithm explore more during the early stages of an
ads campaign but reduce experimentation as the ad cam-
paign matures.

[0064] According to one or more embodiments, the sys-
tem tests the newly generated prompts against old prompts
and potential alternatives across different campaigns. The
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results of these tests are provided as mput to the LLM as
additional context describing which types of prompts per-
form better to guide the LLM 1n the generation of improved
prompts.

[0065] An expert user may manually edit the prompts or
text artifacts to ensure that an ad campaign stays within
certain parameters. For example, if an ad campaign 1is
expected to have a particular theme (e.g., “Christmas feel”),
the expert user may intervene if the prompt or the text
artifacts deviate from that theme.

[0066] The system considers contextual information. For
example, the process executed by the system can be local-
ized and generate text artifacts suitable for a particular
geographical region (or a specific demographics of users)
that can be used as a targeting criterion for publishing
content items to users. The text artifacts may be generated
based on demographic information. Accordingly, users hav-
ing matching demographic information may be provided the
same text artifacts and users with different demographic
information may be provided different text artifacts. For
example, the text artifacts generated may be ditlerent for one
state (e.g., Texas) compared to text artifacts generated for a
different state (e.g., California). Similarly, text artifacts
generated for a particular age group of users may be different
compared to a different age group. Similarly, text artifacts
generated for a male users may be different from text
artifacts generated for female users. The system may be
configured to generate text artifacts for different granularity
of user groups depending on the user groups selected for

targeting.

[0067] According to an embodiment, the text artifacts
generated are presented to users that provide feedback on the
quality of the text artifacts. For example, a user may accept
the text artifact indicating the text artifact has a quality
above a threshold value. Alternatively, a user may reject the
text artifact indicating the text artifact has a quality below a
threshold value. According to an embodiment, the system
uses the feedback to fine tune the machine learned language
model. According to an embodiment, system modifies the
prompts provided to the machine learned language model
based on the user feedback so as to improve the chances of
generating higher quality text artifacts. For example, the
prompt may provide good and bad examples of text artifacts.
Accordingly, text artifacts accepted by users are provided as
examples of good text artifacts and text artifacts rejected by
users are provided as examples of bad text artifacts.

Applications

[0068] Techniques disclosed herein may be used for con-
tent 1tems that are predominantly based on text. A content
item may be a sponsored content item, for example, an
advertisement that 1s presented by the online system to users
of the online system on behalf of a content provider system
(e.g., an advertiser). Accordingly, the content provider sys-
tem provides remuneration to the online system for distrib-
uting the content 1tem. The remuneration for a content 1tem
may be determined based on various criteria, for example,
the size of the content item, the position within a user
interface (e.g., search engine results) at which the content
item 1s presented, the time at which the content item 1s
presented to a user, and so on. According to one or more
embodiments, the content provider system provides remu-
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neration for each instance of display of the content item to
a user by the online system, also referred to as an 1mpres-
S101.

[0069] The techniques disclosed herein may be used for
search engine marketing (SEM). SEM constitutes a signifi-
cant way for content providers such as enterprises to adver-
tise their products and services online. To develop successiul
campaigns, content providers typically evaluate the perfor-
mance ol many distinct content variants that differ along a
multitude of dimensions. For SEM on Google™M, ifor
example, advertisers will typically evaluate different head-
lines (“Instacart (R) Oflicial Site-Free Delivery On 1st 3
Orders™) or descriptions (“Get hand picked . . . [ ... ]").
[0070] Generating such textual artifacts to test for a given
campaign 1s typically performed by dedicated teams. Plat-
forms such as Google™M provide tools to facilitate this
process. The development of suitable text artifacts signifi-
cantly impacts the success of SEM campaigns. The system
disclosed according to one or more embodiments dynami-
cally optimizes SEM campaigns using a combination of
reinforcement learning and generative Al. The system can be
executed either as part of a content distribution platiorm
(e.g., by a platiorm that hosts a search engine) or on behalf
of the customer of such a content distribution platform. The
system disclosed improves the efliciency of the process for
generating textual artifacts. Text artifacts generated by con-
ventional techniques are typically lower quality and may not
be suitable for a specific purpose, for example, an SEM
campaign. As a result, these text artifacts are rejected by
either a human expert or any automated evaluation mecha-
nism, for example, a model that generates a metric evalu-
ating the suitability or quality of text artifacts. As a resullt,
significant amounts of resources are utilized in generating
more text artifacts than are needed. This results in waste of
computational and developer resources. In contrast, the
system according to one or more embodiments generates
higher quality and suitable text artifacts that are more likely
to get accepted, thereby conserving computational resources
and improving the computational efliciency of the overall
process. Accordingly, the text artifacts generating mecha-
nism provides a technical improvement over conventional
techniques by generating higher quality text artifacts that are
suitable for a specific task such as an SEM campaign.
[0071] The system disclosed may be used to generate
text-based content items 1n a process comprising following
steps. In step 1, the online system runs an A/B test on an
ecommerce platiorm that tests text artifacts (e.g., by varying
a subheading or a message during checkout). In step 2, the
online system feeds a machine learned language model (e.g.,
an LLM) with the results of the A/B tests and requests the
machine learned language model to generate new variants
that resemble the winming variant. In step 3, the online
system loops back to step 1, integrates the new variant into
a new test, and repeats the process until some stopping
criterion 1s reached.

Additional Considerations

[0072] The foregoing description of the embodiments has
been presented for the purpose of illustration; many modi-
fications and variations are possible while remaining within
the principles and teachings of the above description.

[0073] Any of the steps, operations, or processes described
herein may be performed or implemented with one or more
hardware or software modules, alone or in combination with
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other devices. In some embodiments, a software module 1s
implemented with a computer program product comprising
one or more computer-readable media storing computer
program code or instructions, which can be executed by a
computer processor for performing any or all of the steps,
operations, or processes described. In some embodiments, a
computer-readable medium comprises one or more com-
puter-readable media that, individually or together, comprise
instructions that, when executed by one or more processors,
cause the one or more processors to perform, individually or
together, the steps of the mstructions stored on the one or
more computer-readable media. Similarly, a processor com-
Prises one or more processors or processing units that,
individually or together, perform the steps of instructions
stored on a computer-readable medium.

[0074] Embodiments may also relate to a product that is
produced by a computing process described herein. Such a
product may store information resulting from a computing
process, where the information 1s stored on a non-transitory,
tangible computer-readable medium and may include any
embodiment of a computer program product or other data
combination described herein.

[0075] The description herein may describe processes and
systems that use machine learning models in the perfor-
mance of their described functionalities. A “machine learn-
ing model,” as used herein, comprises one or more machine
learning models that perform the described functionality.
Machine learning models may be stored on one or more
computer-readable media with a set of weights. These
weilghts are parameters used by the machine learning model
to transform input data received by the model into output
data. The weights may be generated through a training
process, whereby the machine learning model 1s trained
based on a set of training examples and labels associated
with the training examples. The training process may
include: applying the machine learning model to a training
example, comparing an output of the machine learning
model to the label associated with the training example, and
updating weights associated for the machine learning model
through a back-propagation process. The weights may be
stored on one or more computer-readable media, and are
used by a system when applying the machine learning model
to new data.

[0076] The language used in the specification has been
principally selected for readability and instructional pur-
poses, and it may not have been selected to narrow the
inventive subject matter. It 1s therefore intended that the
scope of the patent rights be limited not by this detaile
description, but rather by any claims that 1ssue on an
application based hereon.

[0077] As used herein, the terms “comprises,” “compris-
ing,” “includes,” “including,” “has,” “having,” or any other
variation thereof, are intended to cover a non-exclusive
inclusion. For example, a process, method, article, or appa-
ratus that comprises a list of elements 1s not necessarily
limited to only those elements but may include other ele-
ments not expressly listed or inherent to such process,
method, article, or apparatus. Further, unless expressly
stated to the contrary, “or” refers to an inclusive “or” and not
to an exclusive “or”. For example, a condition “A or B” 1s
satisfied by any one of the following: A 1s true (or present)
and B 1s false (or not present), A 1s false (or not present) and
B 1s true (or present), and both A and B are true (or present).

Similarly, a condition “A, B, or C” 1s satisfied by any
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combination of A, B, and C being true (or present). As a
not-limiting example, the condition “A, B, or C” 1s satisfied
when A and B are true (or present) and C 1s false (or not
present). Similarly, as another not-limiting example, the
condition “A, B, or C” 1s satisfied when A 1s true (or present)
and B and C are false (or not present).

What 1s claimed 1s:

1. A method comprising:

receiving, by a computer processor, a prompt for a

machine learned language model, the prompt config-
ured to request the machine learned language model to
generate text artifacts;

executing, by the computer processor, the machine

learned language model using the prompt to generate a
set of text artifacts;

evaluating, by the computer processor, each of the set of

text artifacts to 1dentily performance of each of the set
of text artifacts;

iteratively improving the set of text artifacts by perform-

ing a set of steps comprising:

updating, by the computer processor, the prompt based
on the performance of each of the set of text artifacts
to obtain a new prompt;

executing, using the new prompt, the machine learned
language model to generate a new set of text arti-
facts; and

evaluating, by the computer processor, the new set of
text artifacts to identily performance of each of the
new set of text artifacts; and

transmitting text artifacts from the set of text artifacts to

a search engine for storing, wherein the search engine
provides the text artifacts to users along with search
results returned 1n response to search queries processed
by the search engine.

2. The method of claim 1, wherein the prompt 1s a first
prompt, and wherein evaluating the new set of text artifacts
to 1dentity performance of each of the new set of text
artifacts comprises:

generating a second prompt requesting the machine

learned language model to identily performance of
each of the new set of text artifacts; and

executing the machine learned language model using the
second prompt to identity performance of each of the
new set of text artifacts.

3. The method of claim 1, further comprising;:

for each of the set of text artifacts, determining a perfor-
mance metric by executing a machine learning based
language model trained to receirve a text artifact as

input and output a score indicating a performance of the
text artifact.

4. The method of claim 1, further comprising;:

for each of the set of text artifacts, comparing a perfor-
mance metric of the text artifact with a threshold value.

5. The method of claim 4, further comprising;:

removing one or more text artifacts from the new set of
text artifacts responsive to identifying that the perfor-
mance of each of the one or more text artifacts 1s below
a threshold value.

6. The method of claim 4, further comprising:

adding one or more text artifacts to the new set of text
artifacts responsive to identifying that the performance
of each of the one or more text artifacts 1s at least a

threshold value.
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7. The method of claim 1, further comprising:

replacing a subset of text artifacts from the new set of text
artifacts with a set of new text artifacts generated by the
machine learned language model, wherein the subset of
text artifacts replaced are lowest performing artifacts of
the new set of text artifacts and the set of new text
artifacts are best performing text artifacts generated by
the machine learned language model.

8. The method of claim 7, wherein a size of the subset of
text artifacts replaced i1s i1dentified based on an aggregate
measure of performance of the text artifacts generated by the
machine learned language model.

9. The method of claim 1, wherein transmitting one or
more text artifacts from the set of text artifacts for display
via a client device comprises:

providing text artifacts from the new set of text artifacts
to a search engine for providing to users along with
search results returned 1n response to search queries
processed by the search engine.

10. A non-transitory computer readable storage medium
storing 1nstructions that when executed by one or more
computer processors cause the one or more computer pro-
cessors to perform steps comprising:

recerving, by a computer processor, a prompt for a
machine learned language model, the prompt config-
ured to request the machine learned language model to
generate text artifacts;

executing, by the computer processor, the machine
learned language model using the prompt to generate a
set of text artifacts;

evaluating, by the computer processor, each of the set of
text artifacts to 1dentily performance of each of the set
of text artifacts;

iteratively improving the set of text artifacts by perform-
ing a set of steps comprising:
updating, by the computer processor, the prompt based

on the performance of each of the set of text artifacts
to obtain a new prompt;

executing, using the new prompt, the machine learned
language model to generate a new set of text arti-
facts; and

evaluating, by the computer processor, the new set of
text artifacts to 1identily performance of each of the
new set of text artifacts: and

transmitting text artifacts from the set of text artifacts to
a search engine for storing, wherein the search engine
provides the text artifacts to users along with search
results returned in response to search queries processed
by the search engine.

11. The non-transitory computer readable storage medium
of claiam 10, wherein the prompt 1s a first prompt, and
wherein evaluating the new set of text artifacts to determine
performance of each of the new set of text artifacts com-
Prises:

generating a second prompt requesting the machine

learned language model to identily performance of
each of the new set of text artifacts; and

executing the machine learned language model using the
second prompt to 1dentily performance of each of the
new set of text artifacts.

12. The non-transitory computer readable storage medium
of claim 10, wherein the instructions further cause the one
or more computer processors to perform steps comprising:
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for each of the set of text artifacts, determining a perfor-
mance metric by executing a machine learning based
language model traimned to receirve a text artifact as
input and output a score indicating a performance of the
text artifact.

13. The non-transitory computer readable storage medium
of claim 10, wherein the instructions further cause the one
or more computer processors to perform steps comprising:

for each of the set of text artifacts, comparing a perfor-

mance metric of the text artifact with a threshold value.

14. The non-transitory computer readable storage medium
of claim 13, wherein the instructions further cause the one
or more computer processors to perform steps comprising:

removing one or more text artifacts from the new set of

text artifacts responsive to 1dentifying that the pertor-
mance of each of the one or more text artifacts 1s below
a threshold value.

15. The non-transitory computer readable storage medium
of claim 13, wherein the instructions further cause the one
or more computer processors to perform steps comprising:

adding one or more text artifacts to the new set of text

artifacts responsive to 1dentifying that the performance
of each of the one or more text artifacts 1s at least a
threshold value.

16. The non-transitory computer readable storage medium
of claim 10, wherein the instructions further cause the one
or more computer processors to perform steps comprising:

replacing a subset of text artifacts from the new set of text

artifacts with a set of new text artifacts generated by the
machine learned language model, wherein the subset of
text artifacts replaced are lowest performing artifacts of
the new set of text artifacts and the set of new text
artifacts are best performing text artifacts generated by
the machine learned language model.

17. The non-transitory computer readable storage medium
of claim 16, wherein a size of the subset of text artifacts
replaced 1s determined based on an aggregate measure of

performance of the text artifacts generated by the machine
learned language model.

18. The non-transitory computer readable storage medium
of claim 10, wherein the instructions further cause the one
or more computer processors to perform steps comprising:

providing text artifacts from the new set of text artifacts
to a search engine for providing to users along with
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search results returned 1n response to search queries
processed by the search engine.

19. A computer system comprising:
one or more computer processors; and
a non-transitory computer readable storage medium stor-
ing instructions that when executed by one or more
computer processors cause the one or more computer
processors to perform steps comprising:
receiving, by a computer processor, a prompt for a
machine learned language model, the prompt con-
figured to request the machine learned language
model to generate text artifacts;

executing, by the computer processor, the machine
learned language model using the prompt to generate
a set of text artifacts;

evaluating, by the computer processor, each of the set
of text artifacts to 1dentily performance of each of
the set of text artifacts;
iteratively improving the set of text artifacts by per-
forming a set of steps comprising:
updating, by the computer processor, the prompt
based on the performance of each of the set of text
artifacts to obtain a new prompt;
executing, using the new prompt, the machine
learned language model to generate a new set of
text artifacts; and
evaluating, by the computer processor, the new set of
text artifacts to identily performance of each of the
new set of text artifacts; and

transmitting text artifacts from the set of text artifacts to

a search engine for storing, wherein the search engine
provides the text artifacts to users along with search
results returned in response to search queries processed
by the search engine.

20. The computer system of claim 19, wherein the prompt
1s a first prompt, and wherein evaluating the new set of text
artifacts to determine performance of each of the new set of
text artifacts comprises:

generating a second prompt requesting the machine

learned language model to determining performance of
each of the new set of text artifacts; and

executing the machine learned language model using the

second prompt to determine performance of each of the
new set of text artifacts.
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