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ENHANCED PROCESSING FOR COMMUNICATION
WORKFLOWS USING MACHINE-LEARNING TECHNIQUES

CROSS-REFERENCE TO RELATED APPLICATIONS

{0601} The present disclosure claims priority to 1LS. Patemt Application Serjal
No. 16/800.8569 for “Enhanced Processing For Comnnmication Workilows Using Machine-
Learping Technigues,” filed Febmary 25, 2020, which is incorporated by reference hersin in

its entivety.

TECHNICAL FIELD

[6662] The present disclosure generally relates to using machine-learning technigues
to evaluate comnmmication workflows comprised of tasks. More particnlarly, the present
disclosure relates to systems and methods for generating a prediction of a task outcome of &
copununication workdflow ssing machine learning or aftificial intelligence, generating a
recompmendation of one or mwore fasks to add to a partial comununication workflow to
complete the workflow, and generating a vector represenfation of a compmmication

workilow.

BACKGROUND
[60663] Workdlows piay be configured fo trigger the trapsmission of conununications

to users at certain times. For example, code can be executed to irigger one or nxye
conmmunications o a user device over a comnumication channel at a given time. Multiple
copununications over different conununication channels may be conrdinated 1 a workflow to
sngage ndividual users. Evaluating the prospects of the tasks resulting in farget actions
performed by users, however, is a technical chsllenge at a big-data scale due to the
complexities of the workflows. Determining which tasks @ include in 2 workilow is often
manually performed without leveraging previeuyr wotkflows. Additimnally, given the
complexities of task arrangements in various workflows, evaluating workflows against one

another is inefficient and computationally burdensome.
SUMMARY
[00604] Certain aspects and features of the present disclosure relate fo processing

copununication workflows  using machipe learping or astificial  intelligence. A

communication workilow may inchide an ordered sequence of one or more tasks. Performing
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a conupunication workdkny oay include execnting the one or more fasks in the ordered
sequence. For example, executing a task of a conumunication workflow may mclude causing
a server o transmil a conununication {e.g. a digital message) to a target group of user
devices over a connuunication channel, The comupmmication wmay be confizired to enable a
user operating a user device of the targel group o perforny one or moere actions {e.g., select a
link inchuded in the commnmmication). An indication of the action(s) performed at the user
device may be received at a cloud-based application. When the task(s} of a conunumication
workflow bave been executed, the cloud-based application may determine a task outconie of
the comnuinication workflow. A task oulconle may represent an overall performance metric
of the conumunication workflow. For example, an overall perforinance metvic may include a
percentage of user devices {of the target sroup of user devices) that performed a target action
{e.z., selected the link included in the compwmication) aggregated acrossy all tasks of the
communication workflow.

[o00s] To illustrate and only as a non-limiting example, a commmunication workflow
may wchide a sequence of two tasks: a first task being an email communication fask and a
{subseguent) second task being a text inessage task. The email task may include ransmitting
an email commmmication o a target group of mwobile devices. The fext message task may
include ransmifting, at a later time, a text message (2.g., Short Message Service (SMS)), to a
subset of the tarzet group of mobile devices. When the email comnwmmnication is received at
the target group of mobile devices. the emsil communication may include a selectable hink.
When the fext message 1s received at the subset of the targef group of mobile devices, the text
message may alse include the selectable Hnk. A cloud-based application may receive an
indication of whether or not the link was selected at the target group of mobile devices
through the email conumunication or through the text message. The cloud-based application
may defermine the task outcomie of the compwmication workflow (eg., the overall
performance metric of both fasks) as the percentage of users who selected the link thwough
either the email cormumnication or the text message. As another example, the cloud-based
application may add together a partial transimission count {e.g., a munber of communications
fransmitted} for sach of the email compnuucation task and the text message task of the
compinication workflow. The cloud-based application may also add together a partial hink
selection count {e.g., a mumber of links selected) for each of the email communication task

and the text message task. The cloud-based application may then determine the task outcome

%)



WO 2021/173815 PCT/US2021/019636

of the copununication workilow by determining a ratio of the total link selection count over
the totsl fransoission count.

[H006] According to some aspects described herein, a task owicome of &
coppnunication  workiflow can be predicted by generating a composite featwre vector
representing the communication workflow and mmputting the compposite Teattrs vector info a
machine-fearning model. The machine-learning model may be tramed using previously-
exscuted communication workflows and the corresponding task outcomes of those
previously-exscuted comnninication workflows. In addition, certain aspects and featires may
relate to using machine-learmning techniques to generate recommendations of tasks wadd o a
partial communication workflow o complete the partial communication workflow, A set of
tasks. to complete a partial communication workdlow, can be recounmended by inputting the
composite feature vector of the partial compwudication workflow into a machine-learning
model to generate an output representing tasks that yielded certain values of task outcomes
fe.z.. values of task ouwtcomes that above a threshold) of the previously-executed
communication workflows. Certain aspecty and feafures may also relate {o using a neural
network {e.g., a Graph2Vec model} to generate a vecior representation of a conupumcation
workflow in a computationally efficient manner. The vector representation can be inputted
inte  various machine-learning models to perform  various fusctions. The vector
representation, according to some aspects of the present disclosure, may represent the entire
communication workflow, including the structure, the tasks. and the content of the tasks.
[60607] In some unplementations, a cloud-based application may generate composite
featire vectors that represent the tasks of mdividual comunwmication workflows that were
previously executed. The composite feanwe veciors may be generated using multi-
dimensional machine-learning feature vectors {e.g.. singular value decompasition (SVD}.
The composite feature vectors can be inputted info a machine-learninz niodel to gensrate
outputs predictive of a task outcome {e.g., the overall performance inefric or overall rate of a
target action being perfonmed by users receiving a comnunication) of 3 new communication
workiflow or outpufs representing recommuendations of tasks to inchide in a new partial or
incomplete compmunication workflow.

[604G8] It somze examples, a communication workflow may be a marketing campaign
orchestration (MCO). The comununication workilow may include an ordered sequence of
fasks, A task may be configured to transinit a digital coonnwnication o a group of target user

devices (g.z., an audience). In some examples, a comnposite feature vector may be used as a
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standardized representation of & copnumnication workflow. representing the tasks,
parameters, target users, and content of the communication worktlow. Multi-dimensional
machine-learning feature veciors may be generated io create the compostte feature vector.
Each task of the ovrdered sequence of fasks in a compumnication workflow may be represented
frv a task vector (2.g., & feature vector). The group of target vser devices that are targeted to
receive comnunications as a result of executing a task may be represented by a group vector.
In some examples, the structure of a communication wotkflow and the compeonent task
vectors may be combined to senerate the composite featwre vector that represents the
conmnuication workdlow.

[0069] The ordered sequence of tasks included iIn a commumication workflow may
represent the structure of the workflow. The structure of each conununication workilow can
include one or more nodes (2.3, start, sphif and end nodes) or one or more stages {e.z., tasks,
such as fransmitting an email to a set of user devices) that are connected together, for
exaniple, by one or more branches. A branch may include a flow of a sequence of tasks {e.g.,
a filter task, transinit task, or a delay task). For example, a node may represent a split task, in
which a target zroup of user devices is split into two or more sub-groups. In sompe examples,
the stmcture of a comnmnication workflow may include a roof node {e.g., a star fask
indicating the start of a compmmication workflow), intermediate nodes f{eg, a
copununication fask that, when executed, fransmifs a communication, such as an email, to a
user device}, and leaf nodes {e.g.. an end node indicating the end of a communication
workilow}. Each tree branch may inclide a sequence of one or more tasks. A composite
feature vecior can be penerated to represent the entire structure, the tasks, and the confent of
conmuications of each task in a commumnication workflow.

[0818] In some implementations, a cloud-based application may input the composite
feature vector of a conununication workflow inte a piachine-leaming model to generate an
cutput pradictive of the task outcomme of the communication workflow. The task outcome
may represent the performance of the conwmunication worldlow, including, for example, a
click rate or conversion rate of the target group of users to be targeted by the commmnication
workflow. In some implementations, given a new partial communication worktlow (e.z.. one
that i being developed and that is not yet complete), the composite feature vectors of partial
portions of previously-executed workflows and the composite feative vector of the new
partial conumutication workflow can be evaluated using machine-learning miodels. The

machine-learning models, according to these implementations, may gensrate ouputs
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represemfifty a reconunendation of one or maore tasks to add to the new partial copununication
workilow to complete the new partal connnunication workflow,

fo011] In some implementations, a communication workflow can be analyzed as a
zraph using machine-loarning techoiques {e.g, Graph2Vec) to learn the rooted subgrapbs of
each node in the graph. The nachine-learning techniques may zeperate vector represerations
of entire workflows without separating the structure of the communication workflow from the
compostte features vector of the compwmmication workflow. The vector representation,
according to these implementations, nwy generate an n-dimensional vector that represents an
entire commmutcation workflow, inchuding the structure, tasks, and fask content. As a non-
limiting example, newal networks of Graph? Vec models may be executed fo learn the rooted
subgraph embeddings of a compnmication workflow in an upsupervised manner. The
resulting vector representations may be inputted into machine-learning models to generate
predictions of a task outcome of a new conununication workflow or o generate
recomuendations of tasks to add to partial communication workflows to complete the partial
commmmication workflows, as described above.

[6612] In some implementations, a system of one or more computers can be
configured 1o perform particular operations or actions by virtue of having software. firmware,
hardware. or a combination of them installed on the system that in operation causes or cause
the systern to perform the actions. One or more computer programs can be configured fo
perform particular operations or actions by virtue of including instuctions that, when
executed by data processing apparatus, cause the apparatus to perform the actions. One
general aspect mcludes a computer-implemented method mcluding: accessing a workflow
including one or wore tasks coordinated in a sequential order, the workflow being configured
to facilitate inferacting with a set of user devices, each fask of the one or more tasks inchiding
executable code that, upon execufion, performs a fupction {ep., split, filter, trapsmif}
associated with the set of user devices, and the workflow beinz associated with one or more
parameters that characterize each task of the one or more tasks of the worldlow {e.g.,
vocabularies for topic-modeling, content mmages, efc.); generating a composite feature vector
representing the workflow, the composite feature vector being generated using a feature
vector of each task of the one or more tasks of the workflow, and the feature vector of each
task of the one or more tasks being zenerated by executing one or more machine-leaming
techniques using the one or more parameters thal characterize the task; inputting the

composite featre vector of the workflow info a trained machine-learning model, the trained



WO 2021/173815 PCT/US2021/019636

machine-learning niodel having been trained to pradict a performance valse of the workdlow,
anet the tramned machine-learning model having been trained using a traming data set
represeniing one or more previously-executed workflows and a corresponding previous
performance value of each of the sne ot more previously-executed workflows: and generating
an ouvtput using the trained machine-learning model, the output being predictive of the
performance value of the worldlow. Other embodiments of this aspect include comresponding
compuier systems, apparatus, amd executable code stored on non-transitory computer-
readable storage nredium, each contfigured to perform the actions of the prethods.

[0613] Implementations may include one or more of the following features. The
computer-implemented method firther including: determining a structure of the workflow,
the structure being represented by a plurality of nodes of a ree structure, where two podes of
the plurality of nodes of the tree structure are connected by one or more siages, where each
task of the one or more tasks of the workflow corresponds fo a node of the phurality of nodes
or a stage of the one or more stages; and evaluating the training data set to determine whether
the structure of the workflow matches a structiwe of at least one previcusiv-executed
workflow of the one or more previously-executed workflows. The computer-implemented
method further including: determining that the structnwe of the workflow matches (e.g., the
same as) the stuctie of a group of previeusly-executed worldlows of the one or more
previously-executed workflows of the training data set. The conputer-iinplemented method
may also include comparing the composite featare vector of the workflow with a composite
feanwe vector of each previously-executed workflow of the group of previously-executed
workflows in a domain space. The computer-implemented method may also include selecting
a sub-group of the group of previcusly-executed workflows based on a threshold and a result
of the comparison. The computer-implemented method may also include identifving a
previous performance value for sach previously-executed workflow of the sub-group of
previously-executed workflows., The computer-implementsd method nwy also include
generating the output predictive of the performiance value of the worldflow by detenmining a
combination of the previpus performance values associated with the sub-group of previpusly-
executed workflows. The computer-implemented method finther inchiding: determining that
the structure of the workflow matches the structuwre of a group of previcusly-executed
workflows of the one or more previcusly-executed workflows of the training data set, where
during zeneration of the framing data set: one or mwe subsets of previously-executed

workilows are determined, each subset of the one or more subsets corresponding to two or
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e previcusiv-execsied wotkflows that share a copumon struchwe. The compmuter-
mplemented method may also mclude a clustermg operation {e.g.. k-means clustering) is
performed on cach subset of the one or more subsets of previcusly-executed workflows,
where each subset of previoustv-exeonted workdlows ix associated with one or more clusters
of previousiy-executed workflows, where the ons or more clustfers are formed by perforpiing
the clustering operation on the comnposite feature veciors of the subset of previously-executed
workflows i a Jounain space, and where each previousty-executed workflow mcluded in a
cluster is associated with a composite feature vector that corresponds to the composite feature
vectors of other previously-executed workflows in that cluster; generating the output
pradictive of the performance value of the workflow by identifving a particular subset of the
one of more subsets of the training data set for which the comesponding structure corresponds
o the structwre of the workflow. The conputer-implemented method may also include
assiening the workflow to a particular chuster of the one or more chisters that correspond to
the particular subset, based on a comparison of the composite feature vecior of the workflow
and the feature vector for each cluster of the one or more clusters. The computer-
inplementad method may also inclide determining a copibination of the previous
performance values associated with the previously-executed workflows associated with the
particuiar cluster to which the wotkflow is assigned. The computer-implemented metbod
further including: determining that the structure of the workflow maiches the structure of a
group of previously-executed workflows of the one or more previously-executed workflows
of the waining data set, where during generation of the training data set: one or more subsets
of previously-sxecuted workilows are identified. each subset of the one or muore subsets
corresponding 1o Two or more previouslty-execuied workflows that share a common structire.
The computer-implemented method may also include a supervised machine-learning model is
irained for each subset of the one or more subsets of previously-exscuted workflows;
zenerating the oufpui predictive of the performance value of the workflow by: identifving a
particular subset of the one or nmiore subsets of the waining data set for which the
corresponding structure maiches the structure of the workflow, imputting the composite
feature vector of the workflow inte the supervised machine-learning model that cotresponds
{0 the particular subset, and generating the output predictive of the performance value of the
workflow. The computer-implemented method frther including: determiining that the
structure of the workilow does not match the structure of any previously-executed workflow

of the one or more previously-executed workflows of the training data set; and generating the
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oufput predictive of the performance vakie-of the worktlow by: segmenting each previously-
executad workflow of the one or more previously-executed workflows of the training data set
inio a plurality of previously-executed sub-workflows. The computer-implemented method
may alse bpwlude copwparing the structure of the woikilow fo each sub-wlkdlow of the
plurality of sub-worldlows of each previously-executed workilow of the one or mwowe
previously-executed workflows of the fraining data set. The computer-implemented method
may also inchude identifying a group of previously-sxecuted sub-workilows of the plorality
of previously-executed sub-workflows, the group of previouslyv-executed sub-workilows
matching the structure of the workflow. The computer-implemented method may also include
comiparing the conmposite feature vector of the workflow with a composite feature vector of
zach previously-executed sub-workflow of the group of previously-executed sub-workflows
in a domain space. The computer-implemented method may also include selecting a sub-
group of the group of previously-executed sub-workflows based on a threshold and a result of
the comparison. The computer-timplemented method may also include determining a
predicted performance value of the workflow based on the previous performance values
associated with the selected sub-group of previously-executed sub-workflows. The computer-
implemented method where the worldlow i1s defined by a list including metadata describing:
the structure of the worlcflow. The computer-implernented method may also include each task
included in the workflow. The computer-implemented method may also inchude each feature
vecior represeniing a task of the ome or more tasks of the workflow. The computer-
implemented method may also include where the list is parsed to perform one or more
functions. Implementations of the described techniques may include hardware, a method or
process, of computer software on a computer-accessible medium.

[o014] In some implementations., a system of one or more compuiers can he
configured to perform particular operations or actions by virtue of having software, firnvware,
hardware. or a combination of them installed on the system that in operation causes or cause
the system to perform the actions. One or more computer programs can be configured to
perform particular operations or actions by virtue of including instuctions that, when
exscuted by data processing apparatus, cause the apparatus fo perforn the actions. One
general aspect includes a computer-timplemienied methed including: providing an interface
that enables a user 1o define a workflow, the workflow being configurable to include a set of
tasks that facilitate inferactions with a set of user devices, and each fask of the set of tasks

including executable code thaf, upon execution, performs a function {e.g. split, filter,
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transyoity associated with the set of user devices; receiving, at the inferidce, inpwt
corresponding o a selection of one or mere Tasks from the set of tasks, the one or wmore fasks
defining a partial workflow, the partial workflow being associated with one or more
parameters that characterize each task of the one o plore tasks of #hie partial workflow {e.g.,
vocabularies Ty topic-modeling, content bmages. e}, identifrmg a structure of the partial
workilow, the structure of the partial workflow being represented by one or more nodes
andfor one o more stages, where each task of the one or more tasks of the partial workflow
carresponds to a node of the one or more nodes or a stage of the one or more stages;
generating a composite feature vector representing the partial workflow, the composite
feature vecior being generated using a featiwre vector of each task of the one or more tasks of
the workflow, and the feature vector of each task of the one or more tasks being generated by
sxecuting one or more machine-learning techniques using the one or more parameters that
characierize the task {(e.z., constructing a machine-learning feature vector based on the
paramefers of the nodes and/or tasks of the new partial workflow): accessing a set of
previously-executed partial workflows, each previcusiy-executed partial worlcflow of the set
of previously-executed partial workflows bLeing represented by a struchure, & composite
feature vector, and a performance valie. The computer-implemented method alse includes
selecting a subset of the set of previously-executed partial workflows, the subset of
previously-executed partial workflows sharing a samie structure with the partial workflow.
The computer-implemented method also includes determining, from the subset of previously-
executed partial workflows, one or more previously-executed partial workdlows that are
similar o the partial workflow, the similarity being based on a comparizon between the
comiposite feature vector of each previously-executed partial workdflow of the subset and the
comiposite feature vector of the partial workflow; generating a recomunendation for
completing the partial workflow, the recounmendation icluding one or more reconunended
tasks that complete the partial workflow. the one or more recomniended fasks being selected
from one or more remaining tasks of a previously-executed partial workflow of the one or
niore previously-executed partial workflows that share the same structiwe with the partial
workflow and that are determined to be simular o the partial workflow, and the selection
being based on the previcus performance values of the one or more previcusiy-executed
partial workdlows that share the same structime with the partial workflow and that are
determined fo be sumilar to the partial workflow; and displaving the reconunendation on the

interface. (ther emboduments of thix aspect include corresponding computer systems,
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apparaius, apd executable code or mstructions (2:z., & computer-progrant producty stored on
non-iransitory compruer-readable storage medinm, each configured to perform the actions of
the methods.

[8015] Toplementations may ielide one or more of the following features. The
comner-implementad  method where comparing the composite feature vector of each
previously-executed partial workflow, from the subset of previous-executed partial
workflows sharing a same stucture with the partial worktlow, with the composite feature
vectar of the partial worldlow includes: caleulating, for each previowsly-executed partial
worlflow, a distance between the composite feature vector of the previpusly-executed partial
worlflow and the composite feature vector of the partial workflow in a domain space; and
comparing the distance with a threshold value, where when the distance is equal to or less
than the threshold value, then the previousiy-executed partial workflow ix determined to be
similar to the partial workflow, and where when the distance is larger than the threshold
ralue, then the previously-executed partial workflow is deferinined to not be similar to the
partial workflow. The computer-implemented ethod further including: ordering the one or
more previousiv-executed partial workilows that share the same stmicture as the partial
worlflow and that are determined to be similar to the partial workflow, by arranging the one
or more previously-executed partial workflows froun the bighest performance value o lowest
performance value. The computer-implemented method further including: receiving
additional tuput at the interface, the additional input corresponding o a selection of the one or
niore recommended fasks to complete the partial workflow. The computer-implemented
method may also include in response to receiving the additional mput, adding the one or more
reconunended tasks to the one or more fasks in a sequential order to represent a conplete
workflow. The computer-implemented method further mcluding: receiving additional input at
the interface, the additional input corresponding to a selection of at least one recommended
task of the one or more recommended tasks and at least one task that is not included in the
one of more recopnuended tasks, the selection of the at least one recommended task and the
at least one task that is not included in the one or more recommended tasks completing the
partial workflow. The compier-implemented method may alse include in response to
receiving the additional input, adding the at least one reconunended task and the at least one
task that is not included in the one or more reconunended tasks to the one or more tasks in a
sequential order to represent a complete workflow. The compuier-implemented method

where a partial or complete workdflow is defined by a list including metadata describing: the

10



WO 2021/173815 PCT/US2021/019636

stmciure of the workfloow, each fask icluded m the worldlow, and each featwrs vector
representing a iask of the set of tasks mchuded in the workflow. The computer-implemented
method further including: parsing through the list to performi one or more functions.
Implementations of the described technigues may include hardware, a method or process, or
copputer soBware on a computer-accessibe medivin.

[016] In some mmplementations, a system of one or more computers can be
configured to perfonm particular operations or actions by virtue of having software, firmware,
bardware, or a combination of them installed on the system that in operation causes or cause
the system to perforin the actions. One or more computer programs can be confizwed
perform particular operations or actions by virie of inchiding instructions that, when
executed by data processing apparatus, cause the apparatus to performi the actions. Dne
zeneral aspect includes a computer-tinplemented methed mcluding: accessing 2 workilow
inncluding one or more tasks coordinated in a sequential order, the workflow being configured
1o facilitate interacting with a set of user devices. each task of the one or more tasks inclading
exscutable code thaf, upon execution, performs a function {e.g., split. filter, fransmif)
associated with the set of user devices, and the workflow being associated with ons or more
parameters that characterize each task of the one or more tasks of the workflow {e.z.
vocabularies for topic-modeling, content images, eic); defining a tree structure of the
workflow, the tree structure including a plurality of nodes and one or more stages, whetre two
nodes of the plurality of nodes of the tree structure are comnected by at least one stage of the
one or more stages, and where each task of the one or more tasks of the workflow
carresponds to a node of the phuality of nodes or a stage of the one or more stages; inputhing
the tree structiwe into a machine-learning model {e.g., a graph-to-vector model), the inputting
of the free siructure imto the machine-leaming model resulting in sampling one or more
partial tree structures of the tree structire of the workflow; and generating a vector
represenfation of the free structure of the workflow, Other embodiments of this aspect include
corresponding computer systeins. apparatus, and executable code stored on non-tansifory
computer-readable storage medium, each configured to perforin the actions of the methods.
[6617] Iioplementations may include one or more of the following features. The
computer-implemented method finther including: accessing a set of previcusly-executed
workflows, defining a tree stuchwe for each previously-executed workilow of the set of
previously-executed workflows; inputting the ree structime of each previously-executed

workflow of the et of previouslyv-executed workflows info the machine-learning model;
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generaling & veotor represertiation representing the tree structure of gach praviously-executed
workflow of the set of previousiy-executed workflows: and storing the vector representation
of each previously-executed workflow i a traning data sel. The computer-mmplemented
method where the vector represemiation of the free shuchure is generated without evaluating a
vecior representation of an individual node of the plurality of nodes ot of an individual stage
of the one or more stages of the tree structure. The computer-implemented method where
each node of the phuality of nodes and each staze of the one or more stages of the free
strucfure is associated with metadata used to characterize the task or a portion of the
worlkflow. The computer-implemented method where the metadarta associated with each node
or stage represents a function performed by the task associated with the node or stage.
respectively. The computer-implemented method where the machine-learning technique is a
neural network configiwed o learn embeddings of the tree structure of the workflow. The
computer-implemented method where the evaluation of the one or more nodes of the tree
strucawe firther includes: exiracting one or more rocted partial tree structures for each node
of the plurality of nudes or sach stage of the one or more stages of the tree structure of the
workflow, each rooted partial tree structure of the one or more rootad partial free structure
inclading a set of nodes one or mwore hops away from the node or stage. The computer-
implemented method may also include training the machine-learning model using the one or
more rooted partial free structires. Implementations of the described techniques may include

hardware. a method or process, or computer software on a computer-accessible medium.

BRIEF DESCRIPTION OF THE DRAWINGS

[0018] The specification makes reference to the following appended figures, in which
use of like reference nupterals in different figures is intended to illustrate like or analogous
cCOmponents.

[0619] FIG. 1 is a block diagram illustrating an example of a network environment,
according o some aspects of the present disclosure.

[a020] FIG. 2 i3 a block diagram illustrating another example of a network
enviromment, according fo some aspects of the present disclosure.

foo21] FIG. 3 illustrates an example of a process flow for zenerating predictions of
fask outcomes of communication workflows, according te some aspects of the presemt

disclosure,
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[8622] FIG. 4 ilupsurates an example of & ocess flow for genersting
recommendations of tasks to complete parial conununication workilows, according o soine
aspects of the present disclosure,

jap23] FIG. 5 is a Howchart tHlustrating an example process fin generating predictions
of task outcomes of compwwication workflows, according o somoe aspects of the present
disclosure.

[0024] FIG. ¢ iz a flowchart illustrating an example process for generating
reconunendations of tasks {o conyplete partial conypunication workflows, according to some
aspects of the present disclosure.

[0625] FIG. 7 is a flowchart illusirating an examiple process for generaiing vector
representations of compwmnication workdlows, according fo somie aspects of the pressnt
disclosure.

[6026] FIG. 8 is a simplified disgram illustrating a distributed system for
implementing one of the embodiments.

[6627] FIG. 9 iz a simplified block diagramm illustrating one or more components of a
system enviropnient.

[0628] FIG. 10 illustrates an exemplary computer system, in which various

smbodiments of the present invention mayv be implemented.

DETAILED DESCRIPTION

[8029] Cloud-based applications may include data management platforms hosted on
clond networks. Data management platfors may be configured to enable users o perform
ceriain functionality on data records. For example, a data record mmay be a8 user proiile that
inchides one or more data fields. A data field of a data record may include values that
characterize a user associated with the user profile. The data field may be generated based on
a previous inferaction. such as an interaction between a brovwser operated by a user and a web
Server.

[B630] Commpmmication workilows may be executed by a cloud-based application {or
in some cases. by one or more servers external to the cloud network) 1o process certain data
records. As a non-himiting example, a commuication workflow may be configured to
perform a coordinated sequence of one or more fasks {e.g., transmit digital messages that
engage users) on a farget group of user profiles. A task, upon being executed by a server, may

canise the server to fransimit 3 conmmucation over a conununication chanrel o a user device
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associated with a user profile. The content of the copypunication and the copununication
channel seleciad to fransmit the communication may be defernined based om the
configuration of the task and the communication workflow. Including a target group of user
devices in a comanmiication wirkilow may cause the task included in the workflow to
franspit a comumunication over a counmunication channel to each user device of the target
group. Confignrations of the task may define the content of the communication and the type
of commmnication channgl selected fir facilitating the transmssion of the combmndcation.
Non-hmiting examples of conununication channels include SMS messaging, smail, phone
call, pop-up message while browsing a webpage, and other suitable communication channels.
[oe31] As the complexity of comnmmication workflows has incressed. the
configuration and execution of the comummnication workflows is a technical challenge. As a
practical application. certain aspects and features of the present disclosure generate vector
representations of cormpunication workflows to enhance the computational efficiency of
comparing various new and previously-execunted communication workflows fo predict the
performance of the new comnwmnication workflows and to recommend tasks for completing
partial communication workdfionws. Thus, certain aspects and features of the present disclosure
mprove the technology of cloud-based data management platforins by enabling the platforms
to compare and evaluate vartous communication workilows in a computationally efficient
manner using vectors {e.g., composite featwe vectors or vectors generated using graph-to-
vector models) to represent the stiucture and content of communication workflows.

[0032] Certain implementations of the present disclosire include a cloud-based
application configured to generate vecior representations of comnmnication workdlows. The
vector representations may be generated by evaluating the tasks and the content of the tasks
of a communication workflow using machine-leaming techmiques. such as Latent Dirichlet
Allocation (LDA} for topic modeling and Word2ZVec models. A feature vector mav be
zenerated for each task included in a comnwmication workflow. The feature vectors of the
rarious tasks of the commmunication workflow may be concatenated to generate a composite
feanwe vector. The composite feanwre vector can then be inpuded info a machine-learning
muodel fo generate a prediction of a task outconre of the communication workflow. The
composite feature vector may alzo be nputted into a machine-learning model to generate a
reconunendation of one or more tasks to include in the commuaication workflow to complete

the workflow.
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[8033] FIG. 1 is a block disgram iHustrating an example of 3 network environment
100 for processing data records using a data management platformy such ay clond-based
apphication 120. Cloud network 110 may be any clond-based network that inchides one or
more cloud-based servers and one ot move cloud-hased databases. The ong or more cloud-
hased servers of cloud petwork 110 may include atf least one application server that hosts
cloud-based application 120, along with at least one database server. For example, cloud-
based application 120 may be a data management platform configured o perform
functionality associated with one or more daia sets of data records. In some implemerntations,
a data record may represent a user profile that includes one or more data fields. Each data
field of the one or more data fields may include a value that was generated in response fo a
user device interacting with a native application or web server during a previous interaction.
For example, when a user device accesses a web server to load a webpagze on the user device,
the web server may exiract one or more user features {e.g.. location of the originating reguest
to load the webpage) associated with the reguest fromn the user device to load the webpage.
Various user features may be collected over time i a user profile.

[0034] The chient systern 130 may include a network of one or piwore servers and
databases associated with a client (e.g. an entity. such as a company) In some
implementations, the network within the client svstem 130 pwey mehide a web server that
hosts one or more webpages or an application server that hosts a native application operated
by or associated with the client. User device 140 may interact with the client systemn 130 by
fransmifiing 8 conununication to the web server of chient system 130. For example, the
communication may be a request to load a webpage onto a browser rumning on the user
device 140. Similarly, user device 130 may transnit & comimunication © the client system
130 reguesting to load the webpage on the browser of user device 150, It will be appreciated
that any number of user devices and of any type of computing device {e.g., desktop computer,
iablet computer, electronic kiosk, and so on} may comnmmicate with client system 130

[0035] In some uoplementations, client system 130 may define one or more
workilows for comnmmnicating with user devices. A conmnunication workflow may be an
orchestrated sequence of one or more fasks, such as an MCO. A task may include executable
code that, upon execution by a server, causes client systern 130 to transmit a copupumcation
fo a user device over a conununication channel. The content of the communication and the
specific commnunication channel selected fior transmifting the comnwinication may be defined

frv the executable code of the task. For exaniple, a task may be a digital message designed to
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engage certain farget users. The workdlow orchestrates a sequence of one ot more tasks fior an
mndivichial user profile over the cowse of a defined thme interval. Workflows may serve as
effective af engaging users in relation (o certain goods or services. As an illustwative example,
chient system 130 way store af least two workdlows, A first worktlow piay include two tasks
for wser-device 140, a sevond worldlow may inchade twee tasks for user device 138, The finst
workilow may include a first task of ransmitiing 8 communication t© user device 140 using a
fext messaging conuwnunication chanmel at a first time and a second task of fransmitting a
communication to user device 140 using an smail conununication channel at a later second
time. The second workflow may include a first task of transmitting a conmmunication 1o user
device 150 using an emwail conmumwication channel at a first time., 3 second task of
frapsmitling & commusmication fo user device 150 using a social media compumuMcation
channel at a later second time {e.g., by fransmitting a message o & uzer's account using a
social media platform), and s third rask of transmitting a conunuication 1o user device 150
using another email communication channel at a later third fime. The communication
received at a user device may enable the user operating the user device to perform one or
more actions. For example, the conununication may mclade a selectable link. The user may
select the link or may not select the link. When the user performs an action, client system 130
may detect the action because a signal may have been transpitted back {(or the lack of
receiving a sigoal within a defined time period) to client system 1300 In some
implemeniations, client system 130 may ransmut a signsl o cloud-based application 120
hosted on cloud network 110, The signal may include the response received from user
devices in response to receiving comnwnications. Continuing with the example above, client
system 130 may transmit a signal to cloud-based application 120 when user deviee 140
responds fo each of the first and second tasks. and similarly, when user device 150 responds
1o gach of the first, second, and third tasks. In other implementations, cloud-based application
120 may execute the tasks of the workflow, instead of client system 130 performing the task
execution.

[0036] In some implemenfations, client system 130 may access cloud-based
application 1208 fo create, design, or generate a comnmmication workflow. For example,
cloud-based application 120 may gzenperate inferface data that causes an interface to be
displayed on an end user associated with client system 130. The interface may enable the nser
to create an ordered sequence of tasks and save the ordered sequence as a compunnucation

workflow. Each task may be configured to perform a fimiction, such as splitting a target group
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of user devices info sub-groups o ansipilting a comuprinication to the farget group of user
devices. The clond-based application 120 nay enable the end user assocwated with client
sysiem 130 to generate a composite feature vecior representing the comnunication workflow.
The composite featsre vector can then be inpuited into a traiped machine-learning model to
zeperate an output predictive of the task outcome {e.g., the overall performance or predicted
success of all the tasks in the communication workflow) of the conumunication workflow.
The cloud-hased application 120 may also input the conwposite featuwre vector o a trained
machine-fearning model to gensrate a reconunendation of one or more tasks to add or include
in the cominuaication workflow to complete the workflow (if the communication workilow is
a partial workflow). The cloud-based application 120 may also execute one or more neural
networks fo learn the suberaph embeddings of a comumumnication workflow to transtfoum the
conypunication workflow into a vector representation.

[0037] FIG. 2 is a block diagram illustrating another examiple of clond network 110,
according to sonie aspects of the present disclosure. Cloud-based application 120 may
include a netwark of cloud-based servers and databases. In some implementations, the
nerwork of cloud-based application 120 pwy include worldlow structure generator 210,
feature vector generator 220, workflow representation system 230, workflow performance
predictor 240, partial worktlow predictor 250, and machine-learning models 260, Machine-
learning models 260 may be trained using traming data sets 270.

f0838] Workflow structure generator 210 may be any server, processor and/or
database configured to store and potentially execute code that generates the structure of 2
communication workilow. Workflow stiucture generator 210 may receive mput from a user
accessing cloud-based application 120. The input may represent a selection by the user of one
ot niwore fasks to include in 2 new communication workflow. The one or more tasks may be
arranged in an ordered sequence as determined by the user. The ordered sequence of tasks
may represent the compumnucation workflow. Workilow structure generator 210 may svaluate
the ordered sequence of tasks as the input is received fo generate a stucture of the
communication workflow. The stucture may be a tree strucnwe including a pluality of
nedes. Each node may represent a fask. As an illustrative example, wotkflow structure
generator 210 may generate a structure by searching through a conwnunication workflow for
a start task {e.z.. the task that inifiates the communication warkflow). Workilow structure
geperator 210 may create a hierarchical data structure and use the start task as the root node.

Workflow structure geaerator 210 may continue searching tlwough the comummcation
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workflow for the next task, which may be an epil task {e.g., 8 task that ransioiix an email to
a user device) Workflow struchwe generator 210 may add a siage {e.g. 3 child nede)
representing the email task o the root node of the hierarchical data structure. The next task
may be 3 split task, in which the target group of user devices is split into two or roore sub-
groups. Workflow struchue geperstr 2180 oy add another nede fo the hierarchical data
strucawe fo represent the split task. Workflow structhire generator 210 may continue on
adding stages {e.g., nodes) to the hierarchical data structwe until the conununication
workflow reaches an end fask {e.g.. the task that conpletes the communication workilows.
The resulting hierarchical data souchire miay represent the structure of the conununication
worldlow. The generated siructure may be stored at the worldlow sttucture generator 210,
[a39] Featwre vector generator 220 may be any server. processor and/or database
copfigured to generate a task vector for each fask of the comwmmication workflow. For
example. U.S. Serial No. 167286297, filed on February 26, 2019, which is incorporated
herein by reference in is entirety for all purposes, describes a process for generating a vector
representing a task of a comnwnication workflow. Feature vector gensrator 220 may then, for
example, concatenate the task vectors of the conwnunication workflow. The resulting
concatenation of the task vectors may represent the composite feahire vector of the
copununication workilow.

[#H46] In some implementations, feature vector generator 22¢ may generae
representations of the content and metadata of a task included in a comnmnication workflow.
Asg an Hlustrative example, for an email task, festure vector generator 220 may generate
representations of various paramieters of an eimail copununication. Parameters may include
numerical and categorical variables of the metadata associated with the email {e.g., product-
category. type-of-task, and so on). In this example. the representations of the email metadata
may be lefl as-is, zcaled, reduced in dimension, or processed in another manner, Parameters
may alzo include the email subject-line and email bodv-text. In this case, natural language
processing {(NLP), term-frequency-matrix. term frequency-inverse document frequency (TF-
IDF}. topic modeling, and so on, may be executed fo transform the fext mto a vector
representation of the text. Parameters may also include email content {e.g.. image data}. In
this case, feature vector generator 220 may transform raw image vectors into fask vectors
using, for examnple. dimension-reduction technigues {e.g., non-negative matrix factorization,
(NMEF), sinpular value decomposition (SVD), principal component analysis {PCA), and other

suitable techniques) or as intermediate outputs of a neural network.
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[0641] Feature vector geperator 220 may also generafe ong of plore vectors
representing the one or more target groups of user devices that will receive the one or more
conunmications of the communication workflow. As a non-Hmiting example. assuming that
sach user device included in a target group of user devices is representted by a feature vector
{e.5.. & vector representation of characteristics of the user Jevice), the target group may be
sunwnarized by defining the target-group-vector as the average {e.g.. centroid) of the feanue
vectars of the target group’s constituent members. The present disclosure is not Hmited fo this
technique, however. To illustrate, a compmmpication workflow may include an email
conmmunication task and a text message task. The email commmanication fask may be
configured to wansnut an email fo each of a first target group of user devices. The text
messaze task may be configured to transmit a text message 1o each of a second iarget group
of user devices. In this case, featiwe vecior generator 220 may gensrate a vector for each of
the first and second target groups of user devices.

[0:42] Workflow representation system 230 may be any server, processor and/or
database configured to cenerate a vector representation of a comnwnication workflow by
executing a neural petwork to leam the graph embeddings of the counmunication workflow.
For example, workflow representation systemn 230 may input the stucture of the
conypunication workflow {e.g., determined by workilow structure zeperator 210} into a
Graph?Vec model to geperate n-dinensional vector representation of the comumucation
workflow.

[0043] Workflow performance predictor 240 may be any server, processor and/or
database configured to receive as inpul & vector represeniation of a communication workflow
and generate as oufput a prediction of the task outeome of the communication workflow. In
some implementations. the vector representation is the composite feature vector generated by
feature vector generator 220. In other tmplementations, the vector representation is the n-
dimensional vector representation of the conununication workflow generated by workilow
representation system 230, Workflow performance predictor 240 may input the vector
representation of the compumication workflow into a machine-learning medel {eg., a
supervized learning model trained with labeled data, such as known overall performance
vatues of previcusly-executed workflows). The machine-learning model may be a supervised,
semi-supervised, or unsupervised (e.g.. k-means clustering) models. The output of the
machine-learning model may represent a prediction of a performance of the comunuvcation

workilow. In some examples, the overall performance of a commumnication workflow may be
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represeated by a task outcome. which represents the rate of farget user-performed actions in
response 1o receiving a comimunication {e.g., & conversion rafe, a click rale of selecting a link
comained in a digital message, an open rate of opening a webpage from a link inchaded in the
conununication, efc.}.

{HIzE]] It will be appreciated that the action mway pot necessarily be an action
associated with a link inchuded in the commmunication. The user device may receive a
compiunication with a lak, but the user may access a webpage independently to purchase a
good or service. Even though the farget action may be the selection of the link, the purchasing
of the good or service may nonetheless be considered the target action, In cases for example,
where the link may have navigated the user w a webpage that enabled the user 1o purchase
the good or service.

[ads] Workflow performance predictor 240 may generate an outpuf predictive of a
task outcome, which may be a value that represents a predicted rate of target actions
performed by users in response receiving the commmunications across all tasks in the
compinication workflow. The task cutconte may be predicted by evaluating the known task
outcomes of previousiy-executed combmmication workflows {e.g., computing an average of
the known task outcomes of previously-executed comnumication workflows with the same
structure as the new compmunication worldlow and which are determined to be similar in a
vecior space). Previously-executed conununication workflows may be comummication
workilows for which the tasks have previously been executed. The previously-executed
communication workflows may have previcusly engaged or caused communications io be
fransmitted 0 a target group of user devices. The previously-executed copumumication
workflows may be stored in training data set 270. The clond-based application 120 may have
stored the task cutcome associated with each previously-executed comnmunication workflow.
jaide] In some tmplementations, workflow performance predictor 240 may identify a
sat of previously-executed conunusnication workflows that have the same structure as that of
the comnmmnication workflow. Within the set of previocusly-executed commnication
workilows, the workflow performance predictor 240 may identify one or more previously-
executed comnmnication workdlows that are similar fo the comwnumication workflow.
Similarity may be measured in the multi-dimensional space of the composite feature vectors
of the previously-executed conununication workflows. For example, the previously-executed
coppnunication workflows of a given structure for which the comresponding composite

feature vector is within a threshold distance fromn the composite feature vector of the
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comumnication workflow may be deferpiined as stmilar o the copununication workdlow. In
sone exaniples, the task outcome of the conmnmnication workflow may be predicied based on
a combimnation {e.g.. an average. a weiglhted average, and so on) of the known task cutcomes
of the previpusly-execufed conuntmication workflows that are determined to be similar to the
copununication workflow. Iiv some examples, copfidence intervals around the predicted task
cutcome of the comnmmnication workflow can be constincted based on a compuied variance
of the known task cutcomes of the previousty-executed conununication workflows that are
determined to be stmilar to the communication workflow and that are deterniined to have the
samne siracture as the new conumunication workflow.

[0B47] In some implementations, the previcusly-executed conununication workilows
may be segmented by structure. For a given structure, the composite feature vectors of the
grouped previcusly-executed conununication workflows may be evaluated ussing machine-
learning techniques, such as k-means clustering, to form one or more clusters of previously-
executed communication workflows. The clustering wmay be performed based on the
compostie feature vectors of the previcusiy-executed conwnunication workflows. Workflow
performance predictor 240 may then assign the conununication workflow to a chaster based
on a comparison of the composite feature vector of the conwnunication workdlow and the
composite featiwre vectors assoctated with each cluster. After the comnmmication workflow is
assigped fo a cluster, the task outcome of the comwmmnication workflow mav be predicted
hased on a combination {e.g.. an average, a weighted average, and so on) of the known task
ouicowmes of the previously-executed communication workflows within the cluster. In some
examples, confidence intervals around the predicted task outcome of the conumunication
workflow can be constructed based on a computed variance of the known task outcomes of
the previously-executed conumunication workflows within the cluster.

[a48] In some implementations, the previously-executed communication workflows
may be segmemnted by structure. For each workflow structure, the workflow performance
predictor 240 may train a machine-learning model {e.g., supervised learming classification or
regression} using the composite feature vectors of the previcusly-executed communication
workflows having that structure. The composite feature vector of the copununication
workflow may be inputted into the pwchine-learning mode} associated with the structure of
the comumunication workflow to generate the prediction of the task outcomie. In some

examples, confidence intervals around the predicted task outcome of the counpwmication
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wotkflow can be determnined based on the particelar nwodel fype (e.g., linear regression,
random-Torest regression, and so o).

j049] In some examples, none of the previoushy-executed communication workilows
may share the same stuchure as the commpmnication workilow. The workdflow performance
predictor 240 jpay identily a set of partial portions of previousiy-executed comprinication
workflows that have the same structure as the communication workflow. The workflow
performance predictor 240 may then evaluate the composite feature vectors of the set of
partial portions of previously-executed comumnication workflows to determine which partial
portions are simpilar to the commumication workflow, using the technigues described above
{e.g., identifying composite feanwe vectors within a threshold distance from the composite
feature vector of the communication workflow). Simtlar to the above techniques, the known
tazsk outcomes of the zet of partial portions of previously-executed workflows may be
combined {e.g. an average may be determined) to determine the prediction of the fask
ocutcome for the comnmpication workflow. In some implementations, the commmmnication
workflow may be segmented into partial workflows, such that each partial workflow
corresponds o a stuctwre of a previously-executed conwnumnication workflow. Using the
techniques described sbove, the task owcome for each parial workflow can be determined
based on the known task oufcomes of the previously-executed communication workflows that
share the same structure as the partial workflow. The predicted task outcome of each partial
workilow may then be combined {e.g.. an average or a summation) to defenmine the predicted
task outcome of the complete communication workflow.

[008540] Partial workflow predictor 230 may be any server, processor and/or database
configured o generate recomunendations of one or more fasks fo complete a conununication
worlflow. Clond-based application 120 may generate an interface that enables a user w
create a comnmnication workflow. If the user has created a partial corpnmnication workflow,
(e.z., the user has not vet set an end node}, then the partial workflow predictor 250 mav be
configured 1o generate recommendations to the user of which tasks to add to complete the
partial conymunication workflow. Given a new partial comnmmication workflow, the parial
workflow predictor 250 may generate a8 composite feature vector of the new partial
compinication workflow based on the techniques deseribed above. The partial workflow
predictor 250 may then identify a set of partial portions of previously-executed
conypunication workflows that bave the same struchwe as the new partial comunucation

workilow. The partial wotkflow predictor 258 may deterniine partial porfions of previously-
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execnted copmmunication workflows that are sinilar to the pew partial copuvunication
workilow based on s comparison of composile feature vectors In a domain space. as
described above, The partial workflow predictor 230 may rank the set of partial portions of
previously-executed copypunication workflows that are sumilar to the new partial
coppnunication worktlow iin decreasing order based on the known task outcomes of the
previously-executed comnpmunication workflows., The partial workflow predictor 230 may
then recommend the full previoustv-executed communication workflows of the one or more
partial portions of previcusly-executed conununication workflows that are ranked the highest.
The reconumnendation may include remaining tasks of the partial portions of the previously-
executed comnmmication worktlows.

[ans1] Machine-learning models 260 may be any server, progessor andfor database
configured to generafe, irain, o execite a machine-learning or artificial intelligence model.
For exanmple, the machine-learning models may be generated using one or more machine-
learnming algorithms. such as an ensemble of multi-label classifiers (e.g., supervised or
unsupervised leamning), artificial newwal networks (including backpropagation, Bolizmamn
machines, etc.), Bayesian statistics {e.g.. Bayesian networks or knowledge bases), Learn-to-
Rank technigues, logistical model frees, decision tree models, support vector machines,
information fuzzy networks, Hidden Markov maodels, hierarchical clustering {unsupervised),
seif-orpanizing maps, clustering techniques, and other suitable machine-learning techniques
{supervised, sent-supervised, or unsupervised).

fO652] Feature vector generator 220 may separate the stincture representation of a
communication workilow {e.g., a tree-based representation of the conununication workflow
comiprising “nodes™ and “branches™) from the vector representation of the conununication
workflow {e.g., a concatenation of task vectors and vectors representing the target group of
user devices}. Further, machine-learning models 260 may generate a model per sttuchue of a
previously-executed copumunication workflow {e.g., one machine-learning model miay be
generated and wtained on the performance values for each mdividual stuctwe of
communication workflows, one pre-computed cluster-set for each soucture, and so on). The
separate structure represenfation may be used to select a subset of the training data set 270 of
previously-executed conmwnmunication workflows with the same struchwe as a nesw
conmmunication worldlow {e.g., one that has vet © be executed or that is currently being
axecuted). It will be appreciated, howsever, that in some implementations, an aliernative

approach may be to generate one or more Hsts {e.g., a single list) of metadata describing the

]
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entire -coypmmnication svorkflow. Cloud-based apphication 120 pay execute code that parses
through the Hst o determine a complete description of the communication workflow,
inclading the structuwre of the conmmnnication workflow, the tasks included in the
copupumcation workflow, the task feahwres of sach tazk wcluded in the coupmmmication
workilow, the conwposite feature vector of the communication workflow, and other suitable
itemns of inforniation. In some implementations, the list may be a data structure that represents
a conununication workflow, For example, the list of previeusly-executed conwnunication
workflows mayv be automatically parsed to identify previously-executed copumunication
workflows having the same structwre as a given comununication workflow. The list mnay also
be auntomatically parsed to detect previouslv-executed communication workflows that are
stmilar o a given communication workdlow {e.g., baving {1) the same stacture, and (i) being
stmilar in the multi-dimensional domain space of the task vectors of the constifuent tasks, and
so o). Cloud-based application 120 may evaluate the list ag a composite per-communication
workflow vector that can serve as the input of tree-based machine-learning models {e.g.,
fraining and applying a random-forest model).

[0053] To illusirate and only as a non-Hating example, a conununication workflow
may be comprised of four tasks. The structure of the communication workflow may include

four “podes™ (e.g., “start”, “sphit”, “end branch 1" and “end branch 27). The list for this

conypunication workflow may be represented by the following data structure: | mun_ nodes

4, node type = “start”, num fasks = 3, task type = “iileer™, filter type. filier input

{<rarget group vector for “target group 07] fask fype = “email conumumication”,
compiinication input = [<target group vector  for  “farget  group =]

conmmunication task vector = [<concatenated task content and context task vector of “task
17»], task type = “delay”. delay input = [<iarget group vector for “target group 1™»L
delay value = T, node fype = “split™, split type. split_input = {«tarcet group vector for

ERESS

“target group 17»], num split owiputs = 2, num tasks split output | = O, node type

-3

“end”, end iput = [<target group vector for “target group 271, mun tasks split outpu
=1, task type = “sms commnustcation”, conmmunicafion input = [<itarget_group vector for
“target group 3] conununication fask vector = [«<concatenated task content and context
task vector of “task 2>, task tvpe = “end”, end input = [<target proup wvector for “target

group 371 L.

2l

[B054] FIG. 3 15 a diagram illusirating an example of a process flow 300 for

zenerating predictions of fask outcomes {e.g.. overall performance} of comumnication
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workflows, according to some aspects of the present disclosure. Process flow 360 may be
performed. at least in part, by any component described m FIGS. 1-2, for example. Further,
process flow 300 may be performed to generate an ontput predictive of the task outcome of a
new copununication workilow,

[B055] Process flow 300 may begin where a user operates an interface provided by
clond-based application 120 fo create a new communication workflow 310, As an illustrative
example, the new comnmunication workflow 310 may include an ordered sequence of Tasks i
through 5, in which Task 1 is a start task that mitiates the workflow, Task 2 is a split taslk that
splits a target group of user devices into two sub-groups, Task 3 may be a conununication
task that wransmits an email to the sub-group of user devices associated with Task 3, Task ¢4
may be an end node that ends the workflow, Task 5 may be a conununication task that
iransmits a teXt message o the other sub-group of user devices associated with Task 3, and
Task & may be an end node that ends the workflow. Cloud-based application 120 may use
workilow structwe generator 210 to generate the structare of new comnmunication workflow
310

[00856] The new communication workilow 316 imayv be mputted inf worktlow
performance predictor 240 to generate a predicted performance value. The predicted
performance value may represent the predicted task ocutcoime of the new compmnication
workflow 310. such as a percentage of users who perform a target action in response o
receiving a communication triggered by a task inchuded in the workflow, such as Tasks 3 or
5. Workflow performance predictor 240 may receive a composite feature vector of new
communication workilow 310 generated by feature vector generator 228, and input the
comiposite feanwe vector ino a frained machine-learning model stored at machine-learming
madels 260, In response w receiving the composite feature vector of the new conununication
workflow 3140, the trained machine-learning model may generate an cutput of a predicted
performance of the new conununication workflow 316

[0057] FIG. 4 is a diagram illustrating an example of a process flow 400 for
generating recomendations of rasks for including in partial communication workflows,
according to some aspects of the present disclosure. Process flow 400 may be performed, at
least in part, by any component described in FIGS. 1-2, for example. Further, process flow
400 may be performed o generate a recommendation of one or maore fasks to include in a

partial copypunication workdlow,



WO 2021/173815 PCT/US2021/019636

{8058] Pricess flow 400 may begin where a user operates an interface provided by
cloud-based application 1206 to create a new partial workilow 410, As an Hustrative example,
the new partial workflow 410 may include an ordered sequence of Tasks 1 through 3, in
which Task ! is a start task that initiates the workflow, Task 2 is a split task that sphits a target
zroup of user devices info two sub-groups, and Task 3 may be a compmpication task that
fransmits an email to the sub-group of user devices associated with Task 3. Cloud-based
apphication 120 may use workflow structure generator 210 to penerate the struchiwre of new
partial workflow 414,

[0659] The new partial workilow 410 may be inputted into partial workflow predictor
250 1o generate a recommendation of one or more tasks that would complete the new partial
workflow 410, Partial workflow predictor 250 may receive a composite feature vector of the
new partial workflow 410 peperated by feature vector generator 228, Partial workilow
predictor 250 may identify a set of partial portions of previously-executed communication
workilows stored in tratning data set 270 that have the same structure as the new parial
workflow 410. Partial worktlow predictor 250 piay then determine one or more partial
portions of previously-executed conumunication workflows that are similar to the composite
feature vector of the new partial workflow 410 using the similarity detection technigues
described above, Partial workflow predictor 250 may rank the partial portions of previously-
executed compinication workflows that are determined fo be similar by performance. For
examiple, the top performing partal portion of a previously-executed commmmnication
workilow may be selected. The remaining tasks of that selected partial portion of a
previously-execnted comnninication workflow may be recornmended for completing the new
partial workflow 410, As an illustrated examnple. Task 4 and Task § inay be recommended for
incloding in the new partial workflow 410 to generate the complete workflow 420.

janed] FIG. 5 is a flowchart illusirating an example of process 500 for generating an
output predicting a task outcome of a conummication workflow, according to some aspects of
the present discloswe. In some implementations. process 500 mav be performed by any
component described m FIGS. 1-2. For example. process 500 may be performed by cloud-
based application 120 and anv of the cosresponding sub-components. Further, as a aon-
limiting example. process 560 may be performed fo generate a prediction of a value that
represents a predicted task outcome of executing a conmmunication worktlow for a farget

group of user devices wsing machine-learning techniques.
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[6661] For example, process 300 may begin at block 510, where cloud-based
application 120 may receive or access a comnnmication workflow mncluding an ordered
sequence of one or move tasks. The ordered sequence of tasks may represent a structive, such
as a hierarchical tree structure. The cloud-based application 120 may zenerate an interface
that enablex 3 user {o create 3 compumnication workdlow by selecting tasks and arranging the
tasks in an ordered sequence.

[6062] At block 520, featurs vector generator 220 may evaluate the selected tasks and
the ordered sequence of fasks to genmerate a composite featre vector representing the
commutication workflow. For example, feature vector generator 220 may generate a vector
to represent each task using techniques, such as Word2Vec, topic modeling, Singular Value
Decomposition {(SVD), newral network for #mage representation {e.g., in the example of a
tazk being a message that includex an image}, and other suitable techniques. Feature vector
generator 220 may then generate a composite feative vector based on a combination of the
vector generated for each task.

[6063] At block 3530, the workflow performance predictor 240 may input the
compostte feature vector of the communication workflow mto a wained machine-fearning
maoadel stored at machine-learning models 260. In some examples. the tramned machine-
learning prwdel may be a supervised learming modsl, such as a linear regression models,
Support Vector Machines (SVMY, logistic regression, aafve Baves. decision tree models, k-
nearest neighbor models. neural networks, sunilarity learning. and other suitable models. The
supervised learning model may be frained using labeled data. For example, each previpusly-
executed communication workflow nwy be labeled with its corresponding performance value
{e.g., chlck rate) based on the known task oultcomes of the previously-executed
conmmunication workflows. The supervised learning model may leam to classify or predict
the performance value of a conupunication workflow. At block 5406, the wuorkilow
performance predictor 240 may generate ap oufpwt corresponding fo a prediction of a
performance value of the communication workflow.

[0064] FIG. ¢ is a flowchart illusirating an exaniple of process 600 for generating a
reconunendation of tasks to mclude in 2 new partial conupunication worktlow, according to
some aspects of the present disclosure. In some implementations, process 600 pwy be
performed by any component described in FIGS. 1-2. For example, process 600 may be
performed by cloud-based application 120 and any of the corresponding sub-components.

Further, as a non-lmiting example, process 600 maey be performed fo generate a
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recopunendation fo a gser of one or more tasks & add imto 3 new partial copununication
workilow.

[3065] For example, process 600 may begin at block 610, where clond-based
application 120 vy generats and facilitate displaving of an interface that enables users o
define conununication workilows. At block 0243, the user may navigate the iterface fo select
tasks and arrange the selected tasks in an ordered sequence, which represent an incomplete or
partial communication workflow. The interface may receive user inpuf corresponding to the
partial comonmication workflow. The partial conwnication workflow may be associated
with one or more parameters that characterize each task of the one or more tasks of the partial
conmuication workilow. For example, the parameters may include vocabularies for topic-
modeling, content images of digital messages, and other suitabde characteristics of the tasks.
[aB66] At block 630, workflow sitructure genmersior 218 may evaluate the partial
communication workflow to identify or generate a structure for the partial comnmmication
workilow. For example. the soucture may be a hierarchical free structure that inchades a root
nede, one or more interimediate nodes, and ope or more leaf nodes. The root node may
represent a start task that imitiates the partial comnwmmication workflow. The infermediate
nodes may be any type of task, such as a split task that splits a target group of user devices
inte two or more sub-groups, a filter task that filters the target group of user devices, a
copununication task that transmits a conwpunication to the target group of user devicex, and
so on. The leaf node may be an end node that represents the end of the communication
workilow. The partial commumication workdilow may not vet include an end node because the
workflow is partial or incomplete. In some examples, the structure of the partial
conmmunication workflow may be represented by one or more nodes and/or one or more
stages. Each task of the one or more tasks of the partial workflow may correspond to a node
of the one or more nodes or a stage of the one or more stages.

[aB67] At block 640, the feature vector generator 220 may evaluate the selected tasks
and the ordered sequence of tasks to generate a composite feattwe vector representing the
partial commumnication workflow. For example, feature vector generator 220 may generate a
vectar to represent each task using techniques, such as Word2Vec, topic mwodeling, Singular
Value Deconposition (SVID., newral network for iimage representation {e.g., i the example
of a task being a message that includes an image). and other suitable techniques. Feature
vector generator 220 mav then generate a cornposite featire vector based on a combination of

the vector generated for each task.
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[0668] At block 650, partial worktlow predicior 230 may access a set of previously-
execnted partial workflows of the trainmg daia set 270. Each previously-executed partial
workflow of the set of previously-executed partial workflows may be represented by a
structure, a composite feature vector, and a performance value {o.g. 8 task outcome). At
block 650, partial workflow predictor 230 nwav select 3 subset of the set of previously-
executed partial worktlows. The subset of previousiyv-executed partial workflows that is
selected may share a same structure with the partial workflow. Partial worktlow predictor 250
may determine, from the subset of previously-executed partial workflows, onie or more
previously-executed partial workflows that are similar o the partial workflow. The similarity
may be determined based on a comparison between the composite feature vector of each
previously-executed partial worktlow of the subset and the compuosite feature vector of the
partial workflow or any other similariiy defermination fechnique described above with
respect to FIG. 2.

[0069] At block 670, partial workflow predictor 250 may generale a recominendation
of one or more recommended tasks for conpleting the partial workflow. The one o more
recopunended tasks may be selected from one or more remaining iasks of a previously-
executed partial workflow of the one or more previously-executed partial workdlows that
share the same structure with the partial workflow, that are determined to be similar fo the
partial workflow, and that has the highest performance value. The selection of the
recomuended tasks may be based on the previous performance values of the one or more
previcusly-executed partial workflows that share the same structure with the partial workflow
and that are deternined to be sinilar to the partial workflow.

[oe7a] FIG. 7 is a flowchart illustrating an example of process 700 for generating a
vector representation of a commumication workflow, according to somne aspects of the present
disclosure. In some implemnentations, process 700 miay be performed by any component
described in FIGS. 1-2. For example, process 700 may be performed by cloud-based
application 120 and any of the corresponding sub-components. Further, as a non-limiting
example, process 700 may be performed to generate a vector represemfation of a
communication workflow wing a graph-based learning model {e.g., Graph?Vech. The graph-
based learning miodel may generate a mulii-dimension vector representation of the structure
and the tasks of the commumication workflow wmsing newral networks. The wvector

representation of the commmunication workflow as generated by process 700 may be inpusied
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nto workflow perforimance predictor 240 and partial workflow predictor 258 fo generats
performance predictions and task recommendations, respectively.

[8071] For example, process 700 may begin at block 710, where clond-based
application §2{ may zenerate grapbx for each previeusly-executed workflows of the tatiing
data set 270, {Given a graph representing a structure of a comnminication workflow, workdflow
representation system 230 may sample a nuwmber of rooted sub-graphs around different nodes
of the graph. At block 724, workflow representation system 230 may use the sampled rooted
sub-graphs o train an n-dimensional neural network. In some exanples, a rooted subgraph
may include a representation of a sub-graph. in which a node has been selected as the root
node, and the one or more branches stemming owt of that selected node may be leamned. The
nodes of a tree stcture of a compmpication workflow may be teratively selected as the root
node for the newral network to learn the various branches stemming out of each rooted node.
At block 730, tramning the neural network may include leaming the sub-eraphs embeddings of
each node of each previously-executed communication workflow of the training data set 270.
Further, using neural networks to leamn the sub-graph embeddings may transform the nodes
and stages of a tree structure representing a conumunication workflow info a vector space,
while preserving the stuctnme and metadata of the tree structure. A vector representation may
be generated for each previously-executed compiunication workilow of the training data set
270 wing the graph-based leamning model. The vector representations stored i the training
data set 270 may then be evaluated against a vecior representation of a new commuication
workilow to perform the methods and processes described herein.

[6672] FIG. 8 depicts a simplified diagram of a distributed system 800 for
implementing one of the embodiments. In the illustrated embodiment. distributed system 8060
includes one or more client computing devices 802, B804, 806, and 808, which are configured
o execute and operate a client application such as a web browser, proprietary client {e.g.,
Oracle Formx), or the lke over one or more network{(s) Bl(. Server §12 mav be
communicatively coupled with remote client computing devices 802, 804, 806, and 808 via
netwark 810

[6673] In varions embodinients, server 812 may be adapted fo rup one or mom
services or software applications provided by one or move of the conponents of the svstem.
In some embodiments, these services may be offered as web-based or clond services or under
a Software as a Service {Saa%) model to the users of client computing devices 802, 804, Bl6,

andfor 808, Users operating client computing devices 502, 804, 806, and'or 808 mav in tum
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utilire one or more cliept applications to interact with server 812 to utilize the services
provided by these components.

[H074] In the configuration depicted in the figure, the software components 818, 820
and B22 of system 800 are shown as being unplemented on server 512, In other
embodiments, one or more of the components of system 300 and/or the services provided by
these components may also be implemented by one or more of the client computing devices
802, 804, 806. and‘or RG8. Users operating the client computing devices may then utilize one
or more client applications o wse the sarvices provided by these commponents. These
coniponents may be unplemented In hardware, firmware. software. or combinations thereof,
It should be appreciated that various different system configurations are possible, which may
be different from distributed system 500. The embodiment shown i the fimre 1s thus one
axample of a distributed system for tnplementing an embodiment svstem and is not intended
to be limiting.

[0075] Clent computing devices 802, 804, 806, and/or 808 may be portable handheld
devices {e.g., an iPhone®, cellular telephone, an iPad®, computing tablet, a personal digital
assistant {PDAY) or wearable devices {e.g., a Google {3lass® head mounted displavy, running
software such as Microsoft Windows Mobile®, and/or a variety of mobile operating systems
such ax 108, Windows Phone, Android, BlackBenry 10, Palm OS5, and the like. and being
Internet, =-mwil, short imessage service (SMS), Blackberrv®, or other comumuucation
protocol enabled. The client computing devices can be general purpose personal computers
including, by way of example, personal computers and/or laptop computers running various
versions of Microsoft Windows®, Apple Macintosh®. andfor Linux operating systems. The
client computing devices can be worksiation computers muning any of a variety of
conmmercially-available UNIN® or UND-like operating systems, mcloding withow
limitation the variety of GNU/Linux operating systems, such as for example, Google Chrome
S, Alterpatively, or in addition, client computing devices 862, 8§04, §66. and BOR may be
any other elecwonic device, such as a thin-client computer, an Infernet-enabled gaming
system (e.g., a Microsoft Xbox zaming conscle with or without a Kinect® gesture nput
device}. andfor a personal messazing device, capable of communicating over network(s) 8141

[6876] Although exepwplary distributed system 800 is shown with fowr client
conipting devices, any number of client computing devices may be supported. Other

devices, such as devices with sensors, efc., may interact with server 812,
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[8677] Network(s) 810 in distributed systero 800 may be any type of network familiar
to those skifled m the art that can suppori data conumnncations using any of a varety of
conmmercially-available protocsls, including withour lmitation TCPRAP {transnvission control
profocol/Internet provocol), SNA {systemms nebwork architecture), IPX (Inferpet packet
exchange), AppleTalk and the ke Merely by way of example, network{s} 810 can be a
focal area network (LAN), such as one based on Ethernet. Token-Ring and/or the like.
Networkis) 510 can be a wide-area network and the Internet. Tt can inchude a vivtual network,
mchiding without limitation a virtual private network (VEN}, an intranet. an extranet, a public
switched telephone network {(PSTIN), an infra-red network, a wireless network (eg. a
network operating under any of the Instinute of Electrical and Electronics (JEEE) 802.11 suite
of protocols, Bluetooth®, and/or any other wireless protocol); andfor any combination of
these and/or other networks.

{0478} Server 812 miay be composed of one or more general pwrpose computers,
specialized server computers {including, by way of example, PC {personal computer) servers,
UNIXE servers, mid-range servers, maintrane computers, rack-mounted servers, ete ), server
farms, server clusters, or any other appropriate arrangersent and/or contbination. In various
embodiments, server 812 may be adapted to run one or more services or soffware
applications described in the foregoing disclosure. For sxample, server 812 may correspond
to a server for performing processing described sbove according to an embodiment of the
present disclosure.

[0679] Server 812 may run an operating system incliding any of those discussed
above, as well as any conunercially available server operating system. Server 812 may alse
mn any of a variety of additional server applications andfor mid-tier applications, inchuding
HTTP (hypertext transport protocol) servers, FTP (file transfer protocol) servers, CGI
{comumon gateway interface) servers, JAVA® servers, database servers, and the like
Exemplary database servers include without limitation those commercially available from
Oracle, Microsoft, Sybase, IBM {Infernational Business Machines). and the like.

[0080] In some miplementations, server 812 may include one or more applications to
analyze and consolidate data feeds andfor event updates received from users of cliemt
computing devices 802, 504, §06. and 508, As ap example, data feeds andfor event updates
may inchide, but are not limited to, Twitder® feeds. Facebook® updates or real-time updates
received from one or more third party information sources and confinuous dafa streams,

which may include real-time svents related to sensor data applications, financial tickers,
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petwork performance messuring tools {eg., network monitoring and taffic menagement
apphications), clicksiream analysis tools, awtomeobile traffic montoring, and the like. Server
812 may also include ome or more applications to display the data feeds and/or real-time
svertls via one or piore display devices of client compputing devices 862, 504, 806, and 808,
[B081] Distributed system 860 may also uwlude one or more databases 814 and Bl6.
Databases 814 and 816 may reside in a variety of locations. By way of example. one or more
of databases 814 and 516 may reside on a non-transitory storage medium local o (andfor
resident i} server 812, Alternatively, databases 814 and 816 may be remote fromi server 512
and in communication with server 812 via a network-based or dedicated connection. In one
set of embodiments, databases 814 and 816 may reside in a storage-area network (SAN).
Similarly. any necessary files for performing the functions atiributed to server 812 may be
stored locally on server 812 andfor remmotely, ax appropriste. In one set of embodiments,
databases £14 and 816 may include relational databases, such as databases provided by
Oracle. that are adapted to store, update, and retrieve data in response o SQL-formatied
compiands.

[6682] FIG. 9 1s a simplified block diagram of one or more components of a svstem
environment 900 by which services provided by one or more components of an embodiment
systen mayv be offered as cloud services. in accordance with an embodiment of the present
disclosure. In the illustrated embodiment, systern environment 900 mcludes one or more
client computing devices 904, 906, and 908 that may be used by users w interact with a cloud
infrastructure system 802 that provides clond services. The client computing devices may be
condigured fo operate a client application such ay a web browser, a proprietary client
application {e.g., Oracle Forms), or some other application, which may be used by a user of
the client computing device to interact with cloud infrastructure system 902 © use services
provided by cloud infrastructure systern 902.

[6083] It should be appreciated that cloud infrastrucBue system 802 depicted in the
figare may have other components than those depicted. Further, the embodiment shown in
the figwre is only one example of a cloud infrastructure system that may incorporate an
embodiment of the invention. In somie other embodiments, cloud infrastructure system 902
may bave more or fewer components than shown in the figure, may combine two or more

comiponents, or may have a different configuration or arrangement of components.

[B084] Client computing devices 904, 906, and 308 may be devices similar to those
described above for 802, 804, 806, and RG],
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[0685] Although exemplary systemn enviromment 900 is shown with fwee client
comiputing devices, any number of client computing devices miay be supported. Other devices
such as devices with sensors, efc. miay weract with cloud mivsstracture system 902,

{8086} Network{x) 910 may facilitate compnmications and exchavge of data hetween
clients 804, 906, and 908 and cloud infrastructure system 902, Each nstwork mwy be any fype
of network familiar o those skilled in the art that can support data commnniications using any
of a variety of commerciallv-available protocols, including those described above for
nerwork(s} 816.

[0087] Clond infrastructure system 902 may comprise one or miore computers andior
servers that may inchude those described above for server 812,

[6088] In certain embodiments, services provided by the cloud mfrastructire system
may include a host of services that are made available to users of the cloud nfrastructure
system on demand, such as online data storage and backup solutions, Web-based e-mail
services, hosted office suiles and document collaboration services, database processing,
managed fechnical support services, and the like. Services provided by the cloud
mfrastructire systemn can dynamcally scale to meet the needs of its users. A specific
instantiation of a service provided by cloud infrastructure system is referred fo herein as a
“service instance.” In general, any service made available to a user via & commpwnication
network, such as the Internet, from a cloud service provider's system is referred to as a “cloud
service.” Typically, in a public cloud enviromment, servers and systems that make up the
clond service provider's systemn are different from the cusfomer's own on-premises servers
and svstems. For example, a cloud service provider's system mav host an application, and a
user mayv, via a comprinication network such as the Interpet, on demand. order and use the
application.

[&089] In some examples, a service in a computer network cloud infrastuchire miay
include protected computer network access to storage, a hosted database, a hosted web server,
a software application, or other service provided by a cloud vendor to a user, or as otherwise
known in the art. For example, a service can include password-protected access fo remote
storage on the cloud through the Internet. Ax another example, a service can include a web
service-based hosted relational database and a script-language middieware engine for private
use by a networked developer. As another example, a service can include access to an email

soffware application hosted on a cloud vendor's web site.
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[66894] It certain embodiments, cloud infrastruchwe system 202 may include a suite
of applications. middleware, and database service offerings that ave delivered 1o a customer in
a self-service, subscription-based, elastically scalable. reliable, highly available, and secure
manner. An example of such a cloud mitastruchure systent v the Oracle Public Clond
provided by the present assignee.

fooo1] In various embodiments, cloud infrastucture system 902 may be adapted to
automafically provision. manage and track a customer’s subscription to services offered by
cloud infrastructure systern 902, Cloud infrastructure system 902 may provide the cloud
services via different deployment models. For example. services may be provided under a
public cloud model in which cloud infrastucnire system 902 is owned by an organization
selling cloud services {e.g., owned by Oracle} and the servicex are made available to the
zeneral public or different industrv enferprises. As another example, services may be
provided under a private clowd model in which cloud infrastrucnure system 902 is operated
solely for a single organization and may provide services for one or more entities within the
organization. The cloud services may also be provided under a conunnnity cloud medel in
which cloud infrastrucfwe system 902 and the services provided by cloud mnfrastructure
system 902 are shared by several organizations in a related community. The cloud services
may also be provided under a hybrid cloud model, which is a combination of fwo or more
different models.

fog92] In some embodiments, the services provided by cloud infrastructure system
802 may include one or more services provided under Sofiware as a Service {SaaS) category,
Platform as a Service (PaaS) category. Indrastructure as a Service (IaaS) category, or other
categories of services including hivbrid services. A custonier, via a subscription order, may
order one or more services provided by cloud infrastructure system 902, Clond mfrastructure
system 902 then perforns processing to provide the services in the customer’s subscription
order.

[0093] In some embodiments, the services provided by cloud infrastructure system
S02 may include, withowt limitation, application services, platform services and infrastructure
services. In some examples, application services may be provided by the cloud infrastruchue
system via a SaaS platform. The Saa¥ platform may be configured to provide cloud services
that fall under the SaaS category. For example, the SaaS platform may provide capabilities
build and deliver a suite of on-demand applications on an integrated development and

deplovment platform. The SaaS platform inay manage and control the wnderlving software
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and infrastrochure for providing the SaaS services. By utilizing the services provided by the
SaaS platform, cnstomers can utilize spphicstions execufing on the clond nfrastructore
system1. Customers can acquire the application services withowt the need for customers to
purchase separate Hcenses and support, Various different SasS services mwsy be provided.
Examples mclude, without Hmitation, services thal provide solutions for sales perforniance
management, enferprise integration, and flexibility for large organizations.

[6694] In some embodiments, platform services pwy be provided by the cloud
mfrastructure system via a PaaS platform. The PaaS platform miay be configured to provide
cloud services that fall under the PaaS category. Examples of platform services may include
without imitation services that enable organizations (such as Oracle) to consolidate existing
applications on a shared, conunon architecture, as well ax the ahility to build new applications
that leverage the shared services provided by the platformy. The Paa$S platform may pianage
and confrel the underlving software and infrasvucture for providing the PaaS services.
Customers can acquire the Paal services provided by the clond infrastructure system without
the need for customers to purchase separate losnses and support. Examples of platform
services include, withowt limitation, Qracle Fava Cloud Service (JCS), Oracle Database Cloud
Service {DBCK), and others.

[#H095] By utilizing the services provided by the PaaS platform, customers can employ
programpiing languages and tools supported by the cloud infrastructure sysfem and also
control the deployed services. In some embodiments, platform services provided by the cloud
infrastructure system may inchude database clond services, middleware cloud services {e.g.,
Dracle Fusion Middleware services), and Java cloud services. In one smbodiment, database
cloud services miay support shared service deployment models that enable organizations
pool database resources and offer customers a Database as g Service in the form of a database
cloud. Middleware cloud services may provide a platform for customers to develop and
deploy various cloud applications, and Java cloud services pwy povide a platform for
customers to deploy Java applications, in the clond infrastruchure system.

[6096] Various different mivasfructure services may be provided by an IaaS platform
m the cloud infrastructure system. The infrastructure services facilitate the management and
control of the underlving compufing resources, such as sforage, networks, and other
fundamental computing resowrces for customers wtilizing services provided by the SaaS

platfornt and the PaaS platform.
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[6697] In cextain embodiipents. cloud infrastruchure systern 902 nwey abso mchude
infrastructure resources 930 for providing the resources nsed fo provide various services o
custouners of the cloud mfrastracture systens. In one embodiment, masirocture resources
930 mav include pre-integrated and optindzed coppbinations of hardware, such as servers,
storage, snd networking resources o exacute the services provided by the PaaS platfonm and
the Saas platform.

[0098] I some embodiments, resources in cloud mirastructure system 902 may be
shared by nmltiple users and dynamically re-allocated per demand. Additionally, resources
may be allocated to users in different time zones. For example, cloud infrastructure system
930 may enable a flrst set of users in a first thne zone to utilize respurces of the cloud
infrastructure systemn for a specified number of bours and then epable the re-allocation of the
same resowrces to another set of users located in a different time 7one, thereby maximizing
the atilization of rescurces.

[60699] In certain embodiments, a munber of infernal shared services 932 may be
provided that are shared by different components or modules of cloud infrastructure system
902 and by the services provided by cloud ifrastiucture system 962, These internal shared
services may include, withow limitation, a security and identity service, an infegration
service, an enferprise repository service, an enferprise manager service, a Vs scanning and
white list service, a high availability, backup and recovery service, zervice for enabling cloud
support, an ematl service, a notification service, a file transfer service, and the like.

[00160) In cermin embodiments, cloud infrasoucnhwe system 902 may provide
comprehensive management of cloud services (e.g., Saa%, PaaS, and IaaS zervices} in the
cloud infrastructure system. In one embodiment, cloud management functionality may
include capabilities for provisioning, managing and fracking a customer’s subscription
received by clond infrastructure system 902, and the like.

0101} In one embodimei, as depicted in the figure, cloud management functionality
may be provided by one or more modules, such as an order management module 920, an
order orchestration module 922, an order provisioning module 924, an order management and
monitoring module 926, apd an identity management module 928, These modules may
include or be provided using one or more computers and/or servers, which may be general
purpose computers, specialized server computers, server farms, server clusters, or any other

appropriate arrangement andfor combination.
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[806102} In exemplary operation 934, & customer using 8 clisnt device, such as client
device 904, 906 or 908, may interact with cloud mfrastruchure system 502 by requesting one
or more services provided by cloud infrastruchure system 902 and placing an ovder for
subscription fiv ope or more services offered by cloud iastruchre systep 902, In certain
embodiments, the customer mway accass 8 clond User Interface (U, cloud T 512, cloud Ul
G914 andfor cloud UI 916 and place a subscription order via these Uls. The order information
received by cloud infrastructure system 802 in response to the customer placing an order may
inchide information identifying the customer and onte or more services oifered by the clond
infrastimcture system 902 that the customer infends to subscribe to.

[oB183] After an order has been placed by the customer, the order information is
received via the cloud Uls, 912, 914 and/or 9186.

[BH104] At operation 938, the order 1s stored in order database 918, Order database 918
can be one of several databases operated by clond infrastiucture system 918 and operated in
conjunction with other system elements.

(00105} At operation 938, the order information 1y forwarded to an order management
maodule 920, In some instances, order managenient module 920 mav be configured to perform
billing and accounting functions related 1o the order, such as verifying the order. and upon
verification, booking the order.

[a0106] At operation 940, mformation regarding the order is comununicated to an order
orchestration module 922, Qrder orchestation module 922 may utilize the order information
to orchestrate the provisioning of services and resources for the order placed by the customer.
In some instances, order orchestration module 922 may orchestrate the provistoning of
resources 1o suppor the subscribed services using the services of order provisioning modiile
924,

[B0107] In cerfain emboduments, order orchestration module 922 enables the
management of processes associated with each order and applies logic to determine whether
an order should proceed to provisioning. At operation 942, upon receiving an order for a new
subscription, order orchestration module 922 sends a request to order provisioning module
24 to allocate resources and configure those resowrces needed to fulfill the subscription
order. Order provisioning module 924 enables the allocation of resowrces for the services
ordered by the customer. Order provisioning module 924 provides a level of abstraction
between the cloud services provided by cloud infrastructure systemn 990 and the physical

implementation laver that is used to provision the resources for providing the requested
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services. Qrder orchestration module 922 may thus be isolated from inmplementation details,
such as whether or not services and resources ave actually provisioned on the fly or pre-
provisioned and only alfocated/assigned upon request.

[8108] At operation 944, once the services and resources are provistoned, 8
notificatiop of the provided service may be sent-to customers on cliept devices 9804, %06
and/or 908 by order provisioning module 924 of cloud infrastructure system 902

(00109} At operation 946, the customer’s subscription order nwy be managed and
fracked by an order management and monitoring miodule 926. In some instances, order
management and monitoring module 9265 may be configured to collect usage statistics for the
services in the subscription order, such as the amount of storage used, the amount data
iransferred, the mumber of users, and the amount of system up time and system down time.
[e0116] In certain embodiments, cloud infrastruchure system 900 may include an
identity management module 928, Identity management module 928 may be configured to
provide identity services. such as access management and authorization services in cloud
infrastructure system 900, In some embodiments. identity management module 928 may
control information about customers who wish o ufilize the services provided by cloud
infrastructure system 902, Such information can include information that authenticates the
idemtities of such customers and information that describes which actions those customets are
authorized to perform relative to various svstemi resources {e.g., files, direciortes,
applications, communiication porls, memory segments, ete.) Idendty management module 928
may also include the management of descriptive information about each customer and about
bow and by whom that descriptive information can be accessed and modified

fooi11] FIG. 10 illostrates an exemplary computer systemn 1000, in which various
embodiments of the present invention may be implemented. The systein 1000 may be used o
implement any of the computer systems described above. As shown in the fimwe, computer
system 1000 includes a processing unit 1004 that conununicates with a pumber of peripheral
subsystems via a bus subsystem 1002, These peripheral subsystems may incliude a processing
acceleration wnit 1005, an 1O subsystem 1008, a storage subsystem IG18 and a
compiinications subsystemn 1024, Storage subsystem 1018 includes tangible computer-
readable storage media 1022 and a system memory 1010,

fooi12] Bus subsystem 1002 provides a mechanism for letting the various components
and subsvstems of computer system 1006 conununicate with each other as infended.

Although bus subsystemt 1082 is shown schematically as a single bus, alternative
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embodiments of the bux subsystern may viilize multiple buses. Bus subsystem 12 may be
any of seversl types of bus structures mcluding a memory bus or memory controller, a
peripheral bus, and a local bas nsing any of a variety of bus architechuwes. For example, such
architectures pwy include an Industry Standard Aschitecture {ISA} bus, Micre Chaunel
Architecture  (MCA) bus. Enhanced ISA (EISA) bus, Video Electrmucs Standards
Association {VESA) local bus, and Peripheral Component Interconnect {PCT} bus, which can
be implemented as a Mezzanine bus manufactired fo the IEEE P1386.1 standard.

[60113] Processing unit 1004, which can be implemented as one or more integrated
circuits {e.z., a conventional microprocessor or microconiroiler), controls the operation of
comtputer system 1000, One or more processors may be included in processing unit 1004,
These processors may include single core or multicore processors. In cettain entbodiments,
processing unit 1604 may be muplemented as one or more independent processing units 1032
and/or 1034 with single or multicore processors included in each processing unit. In other
embodiments, processing unit 1004 may also be implemented as a quad-core processing unit
formed by integrating two dual-core processors o a single chip.

[00114] I various embodiments, processing unit 1004 can execute a variety of
programs in response o program code and can maintain multiple concwrently executing
programs of processes, At any given time, some ot all of the program code to be executed can
be residen{ in processor(x) 1004 andfor in storage subsystern 1018 Through suitable
prograpuning, processor(sy 1004 can provide various fonctionalities described above.
Computer system 1000 may additionally include a processing aceeleration unit 1006, which
can inchade a digital signal processor {DSP), a special-purpose processar, andfor the like.
[oB115] T/ subsystern 1008 may include user interface imput devices and user
interface output devices. User iferface inpul devices may include a kevboard, pointing
devices such as a mouse or trackball, a touchpad or touch screen incorporated into a display,
a scroll wheel, a click wheel, a dial, a button, a switch, a kevpad, audio input devices with
voice conunand recognition systems. microphounes, and other types of input devices. User
interfhce mput devices may include, for example, motion sensing andfor zesture recognition
devices such as the Microsofft Kinect® motion sensor that enables users 1o confrol and
interact with an input device, such as the Microsoft Xbox® 360 game controlier, through a
natural user interface using gestures and spoken commands, User interface input devices may
alzo include eve gesture recognition devices such as the Google Glass® blink detector that

detects eve activily {e.g., “blinking” while taking pictures and/or making a menu selection)
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from users and transforms the eyve gestures as iput Wtn an inpw device (eg. Google
Glass®). Additionally, user interface input devices may include voice recogiution sensing
devices thal enable users (o interact with voice recognition systems {(e.g.. Swi® navigator),
through voice conwnands.

[a0116] User interface input devices may also mnclude, without luniation, three
dimensional (3D) mice, jovsticks or pomting sticks, gamepads and graphic fablets, and
audio/visual devices such as speakers, digital cameras, digital camcorders, portable media
players, webcains, image scanners, fingerprint scanners, barcede reader 3D scanmers, 3D
priuters, laser rangefinders. and eye gaze tracking devices. Additionally, user interface mput
devices may include, for example, medical imaging mput devices such as computed
fomography, Dignelic resonance imaging, position emission fomography, medical
ulrasonography devices. User interface input devices may alse include, for example, aundio
inpur devices such as MIDI kevboards, digital inusical instruments and the like.

[00117) ilser imferface ouipwt devices may include a display subsystem, indicator
lights, or non-visual displavs such as audio output devices, etc. The display subsystem: may
be a cathode ray tube (CRTY, a flat-panel device, such as that using a Hquid crystal display
{LCD) or plasma display, a projection device, a touch screen, and the like. In general, use of
the term "output device" is ntended to include all possible types of devices and mechamisms
for outputting information from computer system 1000 to a user or other computer. For
example, user interface output devices may include, without limitation, a variety of display
devices that visually convey texi. graphics and audio/video information such as monitors,
printers, speakers, beadphones. automotive navigation systems, plotters, voice cutput devices,
and modens.

[06118] Computer systemi 1000 may comprise a storage subsystem 1018 that
comprises software elements, shown as being currently located within a system memory
1010. System memory 1010 may store program instructions that are loadable and exscutable
on processing unit 1004, as well as data generated duwing the execution of these programs.
[00119) Depending on the configuration and type of computer system 1000, system
memory 1610 may be volatile (such as random access memory (RAMY andfor non-volatile
{such as read-only memwory {ROM}. flash memeory. efc} The RAM typically contains data
and/or progrant modules that are immediately accessible to andfor presently being operated
and executed by processing unit 1004, In some implementations, system memory 1310 may

include nwltiple different fypes of memory, such as static random access premory (SRAM) or
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dynamic random socess mentory (DRAM). In some tmplementations, 2 basic lnput/output
system {BIOS). comatmng the basic routines that help to transfor mformation bebween
elements within compuier systemn 1000, such as durning start-up, may ivpically be stored mn the
ROM. By way of exapyple, and not linutation. system memory 1010 also illustrates
application programs 1412, which may inchude client appheations, Web browsers, mid-ter
applications, relational database management systems (RDBMS), etc., program data 1014,
and an operating svstem 1016, By way of example, operating system 1016 may include
various versions of Microsoft Windows®, Apple Macintosh®, andfor Limux operating
systems, a variely of commerciallv-available TINIX® or IINIX-like operating systems
{inchding without limitation the wariety of GNU/Linux operating systems, the Google
Chrome® 08, and the like) and/or mobile operating systems such as iQS, Windows® Phone,
Android® OS5, BlackBerry® 10 08, and Palm® OS operating systems,

[00120) Storage subsystem 1018 may also provide a tangible computer-readable
storage medivm for storing the basic programuming and data consiructs that provide the
functionality of some smbodiments. Software (programs, code modules, instructions) that
when executed by a processor provide the functionality deseribed above may be stored
storage subsystemz 1018, These software modules or instructions may be executed by
processing unit 1004, Storage subsystem 1018 may also provide a repository for storing data
used in accordance with the presemt invention.

foo121) Storage subsystem 1018 may also include a computer-readable storage media
reader 1020 that can further be connected fo computer-readable storage media 1022, Together
and, optionally, in combination with systein memory 16810, computer-readable storage media
1022 may comprehensively represent remote, local, fixed, and/or removable storage devices
plus storage media for temporarily and/or more permanently containing, storing, ansmitting,
and refrieving comnpuier-readable information.

joniz2 Computer-readable storage media 1022 containing code, or portions of code,
can also include any appropriate media known or used in the art, incliding storage media and
conumumnication media, such as bt not limited 1o, volatile and non-volatile, removable and
non-removable media implemented in any method or techoology for storage andfor
fransmission of information. This can include tangzible computer-readable storage media such
as RAM, ROM, elecironically erasable programmable ROM {EEPROM), flash memory or
other memory technology, CD-ROM, digital versatile disk {DVD), or other optical storage,

magnetic casseffes, magnetic tape, magnetic disk storage or other magnetic storage devices,
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or wiher tangible compputer readable media. This can alvo include nontangible computer-
readable media, such as data siguals, data transmissions, or any other mediun wihich can be
used o ransnut the desired mformwmtion and which can be accessed by computing system
1000.

[e0123] By way: of example, computer-readable storage media 1022 may include a
hard disk drive that reads from or writes o non-removable, nonvoelatile magnetic media, a
magnetic disk drive that reads from or writes o a remnovable, nonvolaiile magnetic disk, and
an optical disk drive that reads from or writes to a removable, nonvolatile optical disk such as
a CD ROM. DVD, and Blo-Ray® disk. or other optical media. Computer-readable storage
media 1022 may include, but is not limited o, Zip® drives, flash memory cards. universal
serial bus (USB} flash drives, secure digital {(SD} cards, DVD disks, digital video tape. and
the like. Compuier-readable storage media 1022 may also include, solid-state drives (85I
based on non-volatile memory such as flash-memory based SSDs. enterprise flash drives,
solid state ROM, and the like, SSDs based on volatile memory such as solid state RAM,
dynamic RAM, static RAM, DRAM-based SSDs, mapnetoresistive RAM (MRAM) SSDs,
and bybrid SSDs that use a combination of DRAM and flash memory based SSDis. The disk
drives and their associated computer-readable media may provide non-volatile storage of
computer-readable instructions, data structures, program imodules, and other data for
copputer system 1000,

fo0124) Conpmutications subsysteimn 1024 provides an interface to other computer
systems and networks. Comnmnications subsystern 1024 serves as an interface for receiving
data from and transmitting data fo other systems fromn computer systern 1000, For example,
conmmunications subsystem 924 may enable computter system 1000 to connect 1o one or more
devices via the Internet. In some embodiments communications subsystem 1024 can include
radio frequency (RF) transceiver comipponents for accessing wireless voice andfor daia
networks {e.g., using cellular telephone technology, advanced data network technology, such
as 3G, 4G or EDGE {enhanced darta rates for global evolution), WiFi {IEEE 1202.11 family
standards, or other mobile commmuication technologies, or any combination thereof), global
positioning svstemi (GPS) receiver components, andfor other components. In some
embodiments conununications subsystemn 1024 can provide wired network conpectivity (e.z.,
Ethernet) in addition to or instead of a wireless interface.

[a125] In some embodiments, copupunications subsystem 1024 may also receive

input conumunication i the form of stuctwed andfor unstuchwed data feeds 1026, event
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streams 1028, event updates 1034, and the like on behalf of one or mors wsers who pRy use
computer system 1000

{60126} By way of example, communications subsystemn 1024 may be configired 1o
receive data feeds 1026 in real-thme fromi wsers of social setworks and/or other
conupunication services such as Twitter® feeds, Facebook® updates, web feeds such as Rich
Site Summary (RSS) feeds, andior real-time updates fiom one or more third party
information sources.

[66127] Additionally, communications subsystem 1024 may alse be configured to
receive data in the form of continuous data streams, which may include event streams 1028 of
real-time events and/or event updates 1030, that may be continuous or unbounded in nature
with no explicit end. Examples of applications that generate continuous data may include, for
example, sensor data applications, financial tickers, network performaence meazuring fools
{e.z. network moeaiforing and traffic management applications), clickstream analysis togls,
automoebile traffic monitoring, and the like.

[00128] Communications subsysterm 1024 may also be configured to output the
structred andfor uostructured data feeds 1026, event streams 1028, event updates 10340, and
the like to one or more datsbases that may be in communication with one Or more streamning
data source computers coupled fo computer system 10040

[E0129] Computer system 1000 can be one of various types, including a handheld
portable device (e.g., an iPhone® cellular phone, an iPad® computing tablet, 3 PDA), a
weargble device {e.g. a Google Glass® head mounted display). a PC, a workstation. a
mainframe, a kiosl, a server rack, or any other data processing system.

[o6130] Due fo the ever-changing nature of computers and networks, the description of
comtputer svstem 1000 depicted in the figure is intended only as a specific example. Many
other configurations having more or fewer colnponents than the system depicted i the figure
are possible. For example, customized hardware might also be used andfor particular
elements might be implemented in hardware, firnwware, software (including applets), or a
combination. Further, connection to other computing devices, such as network input/output
devices, may be employed. Based on the disclosure and teachings provided berein, a person
of ordinary skill in the art will appreciate other ways andfor methods to implement the
various embodiments.

0131} In the foregoing specification, aspects of the invention are described with

reference to specific embodiments thereof, but those skilled in the art will recognize that the



WO 2021/173815 PCT/US2021/019636

invention ix ned limdted therete. Variouy feamwes amd aspecis of the above-described
mvention may be used individually or jomtly. Further, embodiments can be utilized in any
number of enviromwments and apphications beyond those described herein withowr departing
fromm the broader spirit and scope of the specification. The specification and drawings are,

accordingly, to be regarded as illustrative rather than restrictive.
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Claims
What 1s clatmed is:
1. A computer-implemented method comprising:

accessing a conuumtication workflow including one or move tasks arvanged in a
sequential order. the conununication worldlow being configured to facilitate interactions with
a set of user devices, each task of the one or more tasks including executable code that, upon
execution, performs a fimction associated with the set of user devices, and the
conypunication workflow being associated with one or more parameters that characterize
zach task of the one o more tasks of the conununication workflow:

generating a composife feature vector represenfing the commmuication workilow, the
composite feanwe vector being generated using a feature vector of each task of the one or
more tasks of the copununication worktlow, and the feature vector of sach task of the one or
more tasks being generated by executing one or more machine-learning techniques using the
one or more parameters that characterize the fask;

inputting the compostte feature vector of the conmmuication workflow into a trained
machine-learning model, the trained machine-learning model baving been trained to generate
predictions of performance values of conununication workflows, and the wained machine-
learning model having been wained using a iraiming data sel representing one or more
previously-exscnted comnwnication worktlows and a coresponding previous perforinance
value of each of the one or more previcusly-executed communication workflows and

generating an output unsing the #rained machine-learning model, the ourput being

predictive of a performance value of the communication workflow.

2. The computer-unplemented method of claim 1. further comprising:

determining & structure of the comummication workilow, the stiucture being
represented v a phurality of nodes of a tree structure, wherein two nodes of the phuality of
podes of the tree structure are connected by one or more stages, wherein each task of the one
or more tasks of the communication workflow corresponds to a node of the pharality of nodes
or a stage of the one or more stages; and

evaluating the iraining data set fo determine whether the structwre of the
communication workflow marches a structore of at least one previously-executed

communication workflow of the one or more previously-executed communication workilows.
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3. The comnputer-implemented method of claim 2, further comprising:

deternuning that the siruchre of the communication workfiow matches the structare
of a group of previcusly-execnted comnumication workdlows of the one or move previous]y-
executed conupunication workflows of the training data set;

comparing the composite feature vector of the comnmunication workflow with a
composite feature vector of each previously-executed conununication workflow of the group
of previousiy-executed combpmmication workflows i a domain space;

selecting a sub-group of the group of previously-executed comumunication workilows
based on a threshold and a result of the comparison;

identifying a previous performance valuwe for each previously-executed
comypunication workflow of the sub-group of previously-executed comummication
worktlows; and

generating the outpur predictive of the performance value of the communication
workflow by determining a combination of the previous performance values associated with

the sub-group of previously-executed communication workflows.

4 The conputer-implemented methed of claim 2, further comprising:
determining that the stuctore of the conunsnication worktfiow matches the structure
associated with a group of previously-execwied commnmcation worktiows of the one or more
previpusty-executed conumunication workflows of the haining dats set, wherem during
generation: of the trainiig data set:
one or more subsets of previously-executed comnuupcation workflows are
determined, each subset of the one or more subsels comresponding 1o Two or wore
previcssiy-executed connnunication workflows that share a comupion structure; and
a clustering operation is performed on each subset of the one or more subsets
of previonsly-executed communication workflows, wherein each subset of
previcuslyv-executed comnmmication workilows s associated with one or more
clusters of previously-executed communication workflows, wherein the one or more
clusters are formed by performing the clustering operation using the composite
feature vectors associated with the subset of previously-executed conununication
workflows i1 a doinain space, and wherein each previously-executed comupminication

workflow included in a cluster is associated with 8 composite feature vector that
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correspords  fo the composite feafiwe vactors of oflier previousiv-execufed
conunnication workflows in that cluster;
generating the output predictive of the performance value of the conununication
workilow by

wlentifying a particular subset of the one or more subsatz of the training data
set for which the struchre corresponds to the structwre of the compmmication
wotkcfloaw;

assigning the communication workflow o a particular cluster of the one or
more clusters that comrespond to the particular subsel. based on a comparison of the
composite feanwe vector of the communication workflow and the composite {feature
vector associated with each cluster of the one or more clusters: and

determining a combination of the previous performance values associated with
the previously-executed comumuntcation workflows associated with the particular

cluster to which the commmunication workflow is assigned.

3. The computer-implemented method of claim 2, further comprising:
deternuning that the structure of the compmunication workflow matches the structure
assoctated with a group of previouslv-executed communication workflows of the one or niore
previously-executed communication workflows of the training data set, wherein during
generation of the waining data set;
one or more subsels of previously-executed conwnunication workflows are
identified, each subset of the one or more subsets corresponding to fwo or more
previously-executed commmmication workflows that share a common stiucture; and
a supervised machine-learning model is trained for each subset of the one or
more subsets of previously-executed comnmnication workflows; and
generating the output predictive of the performance value of the comummication
workilow by:
identifying a particular subset of the one or more subsets of the fraining data
set for which the comresponding structiwe matches the structure of the conununication
workflow;
mputting the composite featre vector of the comnmmication workilow nto

the supervised machine-learning model that corresponds fo the particular subset; and
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cenerating e output predichive of the performance wvalue of the

copmication workflow,

&, The conputer-tnplemented method of claim 2, finther comprising:
determining that the stuchwe of the comumnication workflow does not match the
strucawe of any previcusly-execuled comumunication workflow of the one or mowre
previously-exscuted copnmnication workflows of the training data set; and
generating the outpui predictive of the performance value of the copumunication
workflow by
segmenting each previously-executed conwnunication workflow of the one or
more previousiy-executed conununication worktlows of the training data set into a plurality
of previoushy-executed sub-worldlows;
comparing the structure of the comununication workflow fto each sub-
wotkflow of the plurality of sub-workflows of each previously-executed
comununication workflow of the raining data set;
identifying a group of previously-executed sub-workflows of the plurality of
previously-executed sub-workflows, the group of previously-executed sub-worldlows
matching the stucture of the communication worktlow;
comparing the composite featiwe vector of the communication workflow with
a composite feature vector of each previously-executed sub-workflow of the group of
previousiv-executed sub-workflows in a domain space;
selecting a sub-group of the group of previously-executed sub-workflows
based on a threshold and a result of the comparison; and
determining a predicted performance value of the comnmmication workflow
based on the mevious performance values assoctated with the selected sub-group of

previcusly-executed sub-workflows.

The computer-tinplemented method of claim }, wherein the commmunication
workflow is defined by a list including metadata describing:

a structurs of the conununication workfiow;

each task included in the conynunication workflow: and

each feature vector representing a task of the one or nwore tasks of the comunmication

workilow: and wherein the list of metadata is parsed to perfornt one or more functions.



WO 2021/173815 PCT/US2021/019636

8. A system, comprising:
oHle Of InoTe processors; and
a non-fransitory computer-readable storage medinvm containing nstructions which,
when execited on the one or more processors. cause the one ¢ inore processory o perfonm
operations including:
accessing a communication workflow including one or more tasks arranged in
a seguential order, the conumnication workflow betng configured to fhcilitate interactions
with a set of user devices, each task of the one or more fasks including executable code that,
upon execution, performs a function associated with the set of user devices. and the
conmmunication worktlow being associated with one or niore parameters that characterize
gach task of the one o more tasks of the conununication workflow:;
generating a composite feature vector representing the combunication
workilow, the composite feature vector being generated using a feature vector of each task of
the one or more tasks of the commmunication worktlow, and the featre vector of each task of
the one or more tasks being generated by executing one o more machine-learning technigues
using the one or more parameters that characterize the task;
mputting the composite feature vecior of the conummnication workflow into a
irained machine-learning model, the trained machine-learning niodel baving been trained to
zenerate predictions of performance values of conununication workflows, and the trained
machine-learning model having been trained using a waining dafa sel representing one of
more previcusly-executed comumunication workflows and a comresponding  previous
performance value of each of the one or more previcuslv-execited conunumication
workflows; and
generating an oufpul using the irained machine-learning model, the outpumt

betng predictive of a performance value of the comnmnication workflow,

9. The system of claim 8, wherein the operations fuwther comprise:

determining & structure of the comummication workilow, the stiucture being
represented v a phurality of nodes of a tree structure, wherein two nodes of the phuality of
podes of the tree structure are connected by one or more stages, wherein each task of the one
or more tasks of the communication workflow corresponds to a node of the pharality of nodes

or a stage of the one or more stages; and
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evaluating the talning data set to determine whether the structure of the
coppmuncation workflow matches a stmcture of ar least one previonsiy-executed

cogmuncation workflow of the one or more previously-executed communication workflows,

13, The systen: of claim 9, wherein the operations further comprise:

determining that the structure of the conwmunication workflow matches the strucnure
of a group of previously-executed communication workflows of the one or more previously-
exscuted comnnmunication worktlows of the training data set;

comparing the compaosite featiwe vector of the communication workflow with a
coniposife feature vector of each previously-executed conununication workflow of the group
of previcusly-executed copumunication workilows in a domain space;

selecting a sub-group of the group of previcusiy-executed comnmnication workflows
hased on a threshold and a result of the comparison;

dentifying a previous performance value for each previously-executed
compinication workflow of the sub-group of previously-exsamted copumunication
workflows; and

zenerating the output predictive of the performance valve of the conumunication
workflow by determining a combination of the previcus performance values associated with

the sub-group of previcusly-executed communication workilows.

11.  The system of claim 9, wherein the operations farther comprise:
deternuning that the structure of the comnmmpication worldflow matches the structure
associated with a group of previously-executed communication workflows of the one or more
previously-executed conmununication workflows of the fraining data set, wherein during
zeneration of the training data set:
one or more subsets of previously-executed conununication workilows are
determined, each subset of the one or more subsets comresponding o two or more
previcusly-executed comununication workflows that share a common structure; and
a clustering operation ix perfornied on each subset of the one or more subsels
of previously-executed comuwmication workflows, wherein each subset of
previously-execuied comununication workflows is associated with one or more
clusters of previousiyv-executed comununication worktlows, wherein the one or more

clusters are formed by performing the clustering operation uwsing the composite
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featnra- vectors assoviafed with the subset of previouslv-execwted copununication
workflows in a domain space, and wherein each previously-executed communication
workflow mncluded in a cluster 18 associated with a composite feature vecior that
corresponds  to the composite featwe vectors of other previousty-executed
comnupteation workflows i that cluster:
generating the outpur predictive of the performance value of the communication
workflow by:

identifving a particular subset of the one or more subsets of the training data
set for which the stimcture coresponds to the strucnwe of the conununication
workflow;

assizning the commmunication workflow fo a particular cluster of the one or
more clusters that correspond to the particular subset, based on a comparison of the
composife feature vector of the conumunication workflow and the composite feanwe
vector associated with each cluster of the one or more clusters: and

determining a combination of the previous performance values associated with
the previously-executed comnmpication workflows associated with the particular

cluster to which the conununication workilow is assigned.

12, The system of claim 9, wherein the operations further comprise:
determining that the structure of the conwmunication workflow matches the structure
associated with a group of previously-executed conmnunication workflows of the one or more
previously-executed comypunication workdlows of the waining data set, wherein during
generation of the training dafa set
one or more subsets of previoushy-executed comnmuication workflows are
identified, each subset of the ons or more subseis corresponding o two or more
previcusly-executed comumunication workflows that share a cornmon structure; and
a supervised machine-learning model is trained for each subset of the one or
niore subsets of previously-executed comnmuication workflows; and
cenerating the output predictive of the performance value of the conwpunication
workflow by:
identifying a particular subset of the one or more subsets of the training dats
set for which the comresponding structure matches the structure of the combpwmication

workflow:;
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mputting the composite featmre vector of the commupication workilow into
the supervised machine-leaming model that corresponds to the particular subset; and
geperating  the owput predictive of the performance value of the

conunumcation workilow,

13, The system of claim 9, wherein the operations farther comprise:
deternuning that the structure of the copumunication workiflow does not match the
structre of anv previcusly-executed compwmication workflow of the one or more
previously-executed comnumication workflows of the training data set; and
zenerating the output predictive of the performance valve of the conumunication
worktlow by:
segmenting each previously-executed communication worktlow of the one or
niore previousiy-executed comumunication workflows of the training data set into a plurality
of previoushy-executed sub-workflows;
comparing the struchwe of the compmmication workflow fo each sub-
worldlow  of the pluality of sub-workflows of each previcusly-executed
conununication workflow of the training data set;
wdentifying a group of previously-executed sub-workflows of the plurality of
previcusly-executed sub-workilows, the group of previouslyv-executed sub-workflows
niatching the stucture of the comnunication workflow;
comparing the composite feature vector of the comumunication workflow with
a composite feature vector of each previcusly-executed sub-worldlow of the group of
previously-executed sub-workflows in a domain space;
selecting a sub-group of the group of previcusly-executed sub-workflows
based on a threshold and a result of the comparison; and
determining a predicted performance value of the communication workdlow
based on the previous performance values associated with the selected sub-group of

previousiy-executed sub-workflows.

14, The system of claim 8, wherein the comummication worldlow is defined by a
list inclnding metadata describing:
a structure of the communication workflow;

each task includad in the communication workflow: and

LN
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each feature vector represepting a task of the one or mors tasks of the copuntnication

workflow; and wherein the list of metadata is parsed 1o perform one or more funchions.

150 A computer-program product taugibly embodied in a non-transttory machine-
readable storage medivm, including fnstructions condigured to cause 3 processing apparatus
to perform operstions including:

accessing a conumutcation workflow including one or move tasks arranced in a
sequential order. the conununication worldlow being configured to facilitate interactions with
a set of user devices, each task of the one or more tasks including executable code that, upon
execution, performs a fimction associated with the set of user devices, and the
conypunication workflow being associated with one or more parameters that characterize
zach task of the one o more tasks of the conununication workflow;

generafing a composite feature vector representing the communication workflow, the
composite feanwe vector being generated using a feature vector of each task of the one or
more tasks of the copununication worktlow, and the feature vector of sach task of the one or
more {asks being generated by executing one or more machine-learping techniques using the
one or more parameters that characterize the fask;

inputting the compostte feature vector of the conmmuication workflow into a trained
machine-learning model, the trained machine-learning model baving been trained to generate
predictions of performance values of conununication workflows, and the wained machine-
learning model having been wained using a iraiming data sel representing one or more
previously-exscnted comnwnication worktlows and a coresponding previous perforinance
value of each of the one or more previcusly-executed communication workflows and

generating an output unsing the #rained machine-learning model, the ouput being

predictive of a performance value of the communication workflow.

16 The non-transttory machine-readable storage medium of claim 13, wherein the
operations further comprise:

deternuning & structure of the communication workilow, the structure being
represenited by a plurality of nodes of a free structure, wherein two nodes of the plurality of
nodes of the tree structure are connected by one or more stages. wherein each fask of the one
or nore tasks of the commmumnication workflow corresponds to a node of the plurality of nodes

or a stage of the one or more stages; and
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evaluating the talning data set to determine whether the structure of the
coppmuncation workflow matches a stmcture of ar least one previonsiy-executed

cogmmuncation workflow of the one or more previously-executed conumumnication workflows,

17, The non-transitory machine-readable storage medivm of claim 16, wherein the
operations further comprise:

deternuning that the structure of the comnmmpication worldflow matches the structure
of a group of previously-executed communication workflows of the one or more previously-
executed comnunication workflows of the traiming data set:

comparing the compaosite featiwe vector of the communication workflow with a
composite feature vector of each previousiy-executed comnwmication workflow of the group
of previcusly-executed copumunication workilows in a domain space;

selecting a sub-group of the group of previouslv-executed compmunication workflows
hased on a threshold and a result of the comparison;

identifving a previous performance valse for  each  previousiy-execufed
compinication workflow of the sub-group of previously-exsamted copumunication
workflows; and

generating the output predictive of the performance value of the comummication
workilow by determining a combination of the previous performance values associated with

the sub-group of previously-executed communication workilows.

18, The non-transitry machine-readatde storage piedium of claim 16, wherein the
operations further comprise:
deternuning that the structure of the compnunication workflow maiches the stracture
associated with a group of previously-executed compnmication warkflows of the one o more
previously-executed commwmnication workflows of the wraining dafa sef, whersin during
generation of the training data set:
one or more subsels of previously-executed conwnunication workflows are
determined, each subset of the one or more subselx conesponding to two or more
previously-executed compwmmnication workflows that share a conunon structire; and
a clustering operaton is performed on each subset of the one or more subsets
of previously-executed copupumication workflows, wherein each subset of

previcusiy-executed communication workflows i3 associated with one or more

Lh
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clisters of previously-execufed communication workflows, whersin the one or more
clusters are formed by performing the clastering operation using the composite
feature vectors associated with the subset of previously-executed commumnication
workilows in a doinain space, and wherein each previously-execnted comummnication
workflow included in a cluster is associated with a composite feature vector that
corresponds  fo the composite feature vectors of other previously-executed
commmunication workflows in that cluster;
generating the outpui predictive of the performance value of the copumunication
workflow by

identifying a particular subset of the one or more subsets of the training dats
set for which the structwre corresponds to the struchwre of the comumucation
workflow;

assigiing the conumunication workflow to a particular cluster of the one or
niore clusters that corvespond to the particular subset, based on a comparison of the
composiie feature vector of the communication workflow and the composite feature
vector associated with each cluster of the one or more clusters; amnd

determining a combination of the previoms performance values associated with
the previously-executed conununication workflows associated with the particular

cluster to which the compwnication workflow is assigned.

19 The non-transitory machine-readable siorage mediom of claim 16, wherein the
operations fiwther comprise:
deternuning that the structure of the compmunication workflow matches the structure
associated with a group of previously-executed communication workflows of the one or more
previously-executed communication workflows of the training data set, wherein during
zeneration of the training data set:
one or more subsels of previously-executed conwnunication workflows are
identified. each subset of the one or more subsets corresponding to two or more
previousty-executed compumication workflows that share a conynon structure; and
a supervised machine-learning model is trained for each subset of the one o
more subsets of previously-executed communication workflows; and
generating the output predictive of the performance value of the comummication

worktlow by:
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identifying a particular subset of the one or wore subsets of the fraining data
set for which the correspondding stiucture matches the siructwre of the conununication
workflow;

inputting the composite feature vegtor of the comununication workflow into
the supervised machine-learning model that corresponds fo the particular subset; and

generating the output predictive of the performance walue of the

commmmication workflow,

20, The non-transitory machine-readable storage medium of claim 16, wherein the
operations further comprise:
determining that the structwre of the commmmnication wotrkflow doex not match the
structure of any previously-executed comumumication worldlow of the one or more
previously-executed communication workflows of the training data set; and
generating the output predictive of the performance value of the commmunication
workflow by:
segmenting each previously-exected conununication workflow of the one or
maore previously-executed communication workflows of the training data set into a plurality
of previoushy-executed sub-workdlows;
comparing the struchwre of the copupumication workflow 0 each xub-
wotkflow of the plurality of sub-workflows of each previously-executed
communication workflow of the fraining data set;
identifying a group of previously-executed sub-workflows of the plurality of
previously-executed sub-workflows, the group of previously-executed sub-worldlows
matching the soucture of the communication workflow;
comparing the composite featiwe vector of the communication workflow with
a composite featre vector of each previously-execuied sub-workflow of the group of
previousiv-executed sub-workflows in a domain space;
selecting a sub-group of the group of previously-executed sub-workflows
based on a tweshold and a result of the comparison; and
deterniining a predicted performance value of the comnwnication workflow
based on the previous performance values associated with the selected sub-group of

previcusly-executed sub-workflows.
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