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1
SYSTEM, METHOD, AND COMPUTER
PROGRAM IFOR SCIIEDULING CANDIDATE
INTERVIEW

The present application is the US national phase of
International patent application No. PCT/US2019/068926,
titled “SYSTEM, METHOD, AND COMPUTER PRO-
GRAM  OR SCHEDULING  CANDIDATL  INTER-
VIEW®, filed Dec. 300 2014,

TECHNICAL FIELD

The present disclosure relates 1o lochnical solulions that
solve practical challenges in scheduling candidate inter-
views. and in particular 1o a syslem. method. and slorage
medivm including executable computer programs tor sched-
uling candidate interviews.

BACKGROUND

An organization needs to hire emplovees and contractors
1o fulfill job openings. The hiring process may include
terview of candidates by personnels associated with the
organization. The inlerview may help evaluate and validale
the skills of 2 candidate. obtain additional information about
the candidale, introduce the organization and the job func-
tion to the candidate, and establish a mutval understanding
between the organization and the candidate.

An interview coordinalor may be respomsible [or selecting 3

and scheduling suitable interviewers associaled with the
organization lo conducl interviews with a candidate. The
task to select interviewers and coordinate the schedules of
interviewers is often time-consuming. For a large orpaniza-

tion with a large pool of poleniial interviewers, the inlerview 3

coordinator {e.g., a human resource manager, 2 (echnical
manager. or an administrative assistant) may need o per-
sonally select the potential interviewers and contact each of
them to determine who is available for which time slot given
an interview schedule.

Additionally, in practice. the inlerview coordinator ollen
do not possess the knowledge or tools to make the optimal
selection of the interviewers from a large pool of potential
terviewers of the orpanization. For example, in a large
organization, the inlerview coordinator are ollen unaware ol
the best malches between (he skills possessed by the can-
didate that need to be evaluated and the knowledge bases of
the potential interviewers. The reasons for the inability to
find the oplimal maiches can be that: (1) the interview

coordinator does not know or is not [ully aware ol the skills s

of those in the pool of the potential interviewers: (2) the
interview coordinator uses subjective criteria to evaluate the
matches between the candidate and the potential interview-
ers. lior cxample, the inlormation made available o the

interview coordinator can be unincorporated information s

such as, for example, internal profiles (e.g., HR database) or
external profiles (e.2., social network foorprints) of the
potential interviewers. These unincorporated information is
oflen prepared by authors in diverse forms o allract the
allention ol reader. These data points. however. commonly
lack a vnitorm framework and are not designed for objective
evaluation. Too often, the interview coordinator may select
interviewers based on arbitrary [actors such as the personal
relationships between the coordinator and the inlerviewoers.
lor example, the interview coordinalor may choose an
terviewer with whom the interview coordinator personally
knows well rather than a more suitable but vnfamiliar one.
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BRIEF DESCRIPTION OF THE DRAWINGS

The disclosure will be understood more Tully rom the
detailed desceription given below and [rom the accompany-
ing drawings of various embodiments of the disclosure. The
drawings, however, should not be taken to limit the disclo-
sure lo the specilic embodiments. but are lor explanation and
understanding only.

FFIG. 1 illustrates 2 sysiem for generaling an inlerview
schedule according o an implementation of the disclosure.

FIG. 2 illustrates a system implementing pre-processor
according o an implementation ol the disclosure.

IFI1G. 3 illustrales a syslem implementing the machine
learning component according 1o an implementation of the
disclosure.

FIG. 4 illustrates a training process to train a machine
leaming model according (o an implementation of the dis-
closure.

FIG. 5 illustrates a svstem implementing the post-proces-
sor according to an implementation of the disclosure.

II1G. 6 illustrales a Howehart of a method 10 identily
interviewers [or interviewing a candidate according Lo an
implementation of the disclosure.

FIG. 7 depicts a block diagram of a computer system
operating in accordance with one or more aspects of the
present disclosure.

DETAILED DESCRIPTION

Therelore, there is a need lor a technical selution includ-
ing a system. method, and computer program thal can
automale the process o identilfy most ellective imlerviewers
to evalvate and validate different aspects of a job candidate
in an objective and vniform manner, and a further need for
scheduling a group ol interviewers based on rules, where the
rules may lake into consideration availabilitics of the polen-
tial interviewers and the predicled clfectiveness of the
interviewers.

Implementations of the disclosure may provide a com-
puter system which may include a solitware wol (referred 10
as an “intelligent scheduler™) implemented on a hardware
processing device. The intelligent scheduler may use objec-
tive criterla to automate or tacilitate the scheduling of a
candidate interview with an organization, redvcing or elimi-
nating the reliance on the subjective judgement ol the
interview coordinator, and [urther saving the Gime for the
interview coordinator vsed 10 manually arrange the inter-
view agenda. The intelligent scheduler may take into con-
sideration a [irst sel ol data points deseribing attributes of the
candidale, a second set of data points deseribing the job
opening, and a third set ol data points describing a pool of
potential interviewers available to the organization. The
intelligent scheduler may further include a machine learning
component that may had been generated using a training
data according o performance eriteria. "The machine leam-
ing component may compute mateh scores of the potential
interviewers with respect to an aspect to be evalvated and
validated, and rank the potential interviewers according 1o
the malch scores indicaling their predicted cllectiveness 10
cvaluale and validate the aspeetl during the inlerview.

In one implementation, a pre-processor of the intelligent
scheduler may first convert the first set of data points
deseribing atltributes of the candidaie, the sceond sel of data
poeinis describing the job opening. and the third set ol data
poinis describing a pool ol polential inlerviewers inlo data
inputs that are suitable to be processed by the machine
learning component. Responsive to receiving the data
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iputs, the processing device may execute the trained
machine leamning component o delermine interviewoers
whose knowledge and skills likely malch those ol the
candidate. In one implementation. the machine learning
component may calculate a match score for each one in the
pool of potential interviewers with respect 1o the candidate,
and rank the potential interviewers according (o their maich
scores. The inelligent scheduler may further include a
post-processor 1o select interviewers based on the match
scores for different aspects and mayv further generate a
personalized interview sheet for each selected interviewer.
The intelligent scheduler may transmil an inlervicw invila-
tion 1o the corresponding scleeted interviewer along with the
generated interview sheet,

Compared to the manual process to arrange the candidate
interview by the inlerview coordinator. the intelligent sched-
uler ag implemented takes into mulliple data points includ-
ing those beyond the reach of or commonly considered by
the interview coordinator and analvzes these data points
nsing a machine learning model created according 1o objec-
live eriteria, (hus resulting in the selection of more ellective
interviewers lor the inlerview and achieving objective and
comprehensive evaluations of the candidate. A machine
learning model can generate outputs based on received
puts and the parameters. The model may be specified by
parameters thal may be tuned through a parameler training
process. liurther, the intelligent scheduler may also provide
tools to reduce the workload of the interview coordinator.
The tools may include a user interface for confirming the

sclected inlerviewers. presenting the mterview agenda with 2

time slots (Med with the selected inlerviewers and their
information. and generating branded notification  (c.g..
e-mil) 1o the candidate. Thus, instead of fully replacing the
interview coordinator, the intelligent scheduler may produce

optimal malches. measured using objective erileria, belween 3

the skill set ol the inlerviewers and the candidate. and
provide lools that may reduce the workload ol the interview
coordinator. To this end, inplementations of the disclosure
provide practical solitions that improve the process to
schedule job intervicews lor an organivalion, improving the
speed and qualily o arrange an inlerview.

FIG. 1 illustrates a system 100 for generating an interview
schedule according 1o an inplementation of the disclosure.
System 100 can be a standalone computer svstem or a
nelworked compuling resource implemented in a computing
cloud. Referring o FIG. 1. syslem 100 may include a
processing device 102 and a storage device 104 communi-
catively coupled to processing device 102,

Processing device 102 can be a hardware processor such

as a central processing unit (CPUY, a graphic processing unit s

(CGGPLY, or an acceleralor circuil. Processing deviee 102 can
be a programmable device that mav be programmed to
wplement an intelligent scheduler 106 which may include
4 pre-processor 108, a machine leaming component 110, and

a post-processor 112, The intelligent scheduler 106 may s

optionally include an evalvation component 120, Storage
device 104 can be a hard disk or a cloud storage that may
store data points used by the intelligent scheduler and the
resulls generated by the intelligent scheduler. The dala
points used by the intelligent scheduler may include the
candidate data poirs 114, the interviewer data points 116,
and the job data points 118, Candidate data points 114
include data sources (hal contain inlormation pertaining Lo
the candidate. Interviewer data points 116 include dala
sources (hal contain inlormation pertaining o the pool of
potential interviewers associated with the orpanization. Job
data points 118 include data sources that contain intormation
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4
pertaining to the job opening. Processing device 102 may
receive and process these dala point o generale an inlerview
schedule.

In one Implementation. processing deviee 102 may
execute the intelligent scheduler including execution of
pre-processor 108 that mav convert these vnincorporated
data poinls into data inpuls that may be processed by
machine leaming component 110, Processing device 102
may further execute machine learning component 110 1o
process the data inputs 10 generate lists of ranked potential
interviewers, where each list is associated with one or more
aspocts. The machine leaming component 110 may include
# machine leaming model that had previeusly been created
using atraining data set. During the train step, parameters of
the machine learning model may be modified until the
machine leaming component 11 reaches cerlain perlor-
mance criteria. The generated lists ol ranked polential inter-
viewers may include interviewers identified based on malch
scores as suitable to interview the candidate. The machine
learning component 110 may select interviewers based on
rules such as. [or example. selecling interviewers whose
malch scores are higher than a threshold value. The machine
learning component 110 may also identify alternative inter-
viewers to substitute the selected ones in case it any of the
selected ones declines the interview,

Processing device 102 may exccule post-processor 112 1o
manage Ume conflicts lor selecled interviewers, generale
personalized interview sheets, and notify the selected inter-
viewers by sending the interview sheets. Based on the
availability of interviewers and their malch scores, post-
processor 112 may scleet qualified interviewers and assign
them in iime slots in the interview schedule. urther, cach
interviewer may be identified to evaluate and validate a
certain aspect of the candidate. For example, an interviewer
may be assigned 1o evaluate and validale a programming
skill {cg.. Python). ‘To this end. post-processor 112 may
provide a list of questions and answoers lor evalualing the
programming skills on the interview sheet prepared for the
interviewer, and transmit the interview sheet with the list of
questions and answers 1o the inlerviewer.

The lollowing scetions describe intelligent scheduler 106
in detail. In one implementation, pre-processor 106 may be
vsed to prepare the data inputs for machine learning com-
ponent 108. Pre-processor 106 may retrieve unincorporated
data points relating o the candidate, the pool of potential
interviewers, and the job openings. These dala pointls are
vnincorporated  because they come from  independent
sources both internal and external to the organization. These
documents may contain information that is uselul lor the
machine leaming compeonent 108 and also inlormation that
ig irrclevant to the machine leaming component because
these documents otten contain diverse elements prepared 1o
attract human readers’ attention. Thus, pre-processor 106
may need o convert the diverse dala points thal may be
suitable for human readers into data inpuls in formeats
suitable for processing by processing device 102 executing
the machine learning component 106.

In one implementation, processing device 102 may
execule the pre-processor 106 10 converl the candidale data
poinis 114, the inlerviewer dala points 116, and (he job data
points 118 into data inputs to data inputs to the machine
learning component 118. FI1G. 2 illustrates a system imple-
menling pre-processor 116 according 10 an implementation
ol the disclosure. Relerring 1o PIG. 2. processing device 102
may cxeeule the pre-processor 106 (o, al 202, delermine,
based on job data poirs 118 and candidate data points 114,
aspects of the candidate 1o be evaluated 208; at 204, deter-
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nine, based on the candidate data points, an enriched talent
profile ol the candidate 210 at 206. delermine. based on
inlerviewer data points, cnriched talent profiles 212 ol
potential inlerviewers in the pool.

In one implementation, at 202, processing device 102 may
determine, based on job data points 118 and candidate data
points 114, aspects ol the candidate 10 be evalualed during
the inlerview. "The aspeets o be evaluated during the inter-
view may include job skills relevant to the job as well as
personal traits such as, for example, the level of interest
towards the job, the level of effort, team work attitude ete.
Job data points 118 may provide a job description (hal may
include public information such as, lor example, the job
title; responsibilities of the job; edvecation, training, and
certifications required tor the job; sldlls required or preferred
1o perform the job; prior working experience. The job dala
points 118 may also include additional information implic-
itly related o the job. The additional inlormalion may
include a profile of a qualified candidate previously hired for
a same or similar position within the organization or pre-
dicted based on candidates previously hired for a same or
similar position within the organization. The profiles of the
qualified candidates may include their resumes, supplemen-
tal data (e.g., personal web pages, social network pages,
professional work products such as techuical publications,
open source sollware contributions, awards) associaled with
the qualificd candidates. and assessed skill levels ol the
qualified candidates. In one implementation, jol» data points
may provide the job description and the additional informa-
tion that are retrieved rom independent sources (c.g.
intranct sources and Inlemet source). Allernatively. job data
poinls may provide the job desceription and the additional
itformation from a single source. For example, the pre-
processor 108 may combine the job description and the

additional information inlo a calibrated job profile 214 and 3

store calibrated job profile 214 on storage device 104,
Processing device may exccute pre-processor 108 Lo
retrieve information relating to the candidate to be inter-
viewed from candidate data points 114. The retrieved intor-
mation may include a profile ol the candidate (o be inler-
viewed and supplemental data relating o the candidate o be
terviewed. The profile may include the candidate resume
containing skills, past emplovments, responsibilities and
duration of these emplovments, a training history, and an
education history including schools. lields of study. grade
poinl average (GPA). rankings. and degrees. The supple-
mental data may include personal web pages/blogs/video
postings, social network pages (e.g., LinkedIn and or Face-
hook pages), professional work products {(c.g., lechnical

publications. open source sollware contribulions). palenls. s

prolessional relerences, awards cle. In addition o the (irst-
order data points such as the profile and the supplemental
data retrieved trom different sources, processing device 102
may also receive or generate sceomd-order information such

ax Insights aboul the candidate. "The insights can be predicted s

future job titles, predicted tuture emplovers, predicted tuture
seniority levels, predicted future skills 1o acquire, and pre-
dicted tenure duration with the organization. These predic-
lions may be caleulated using a second machine learning
model. In one implementation. pre-processor 108 may com-
bine the profile of the candidate, the supplemental data of the
candidate, and the second-order information to create an
enriched talent prolile object 210 for the candidate and store
enriched talent profile 210 on storage device 104,

In one implementation. pre-processor 108 may  lurther
process the information extracted from job data points 118
and the information extracted from candidate data points 114
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to generate aspects of the candidates to be evaluated and
validated during the inlerview. As discussed above, the
aspocls may include job skills and personal (raits. The job
skills may include knowledge and experience relating to a
programming language (e.g., Java, C, Python ete.), a devel-
oplent environment, a system design, or a circoit design.
The personal traits may include the level of interest lowards
the job. the level of ellor, leam work allilude cle.

The pre-processor 108 may include a commparator that may
compare the information extracted from job data points 118
and the intormation extracted trom candidate data points 114
lo generate one or more aspects [or evaluation during the
interview. In one implementation, the comparalor can be
executable program code that, when executed by processing
device 102, may read the information extracted from job
data points 118 and the inlormation extracted (rom candidate
data points 114, and identify aspeets that are specilied in the
job deseription and indicated o be possessed by the candi-
date. In addition to the aspects that are expressly specified in
the job description, pre-processor 108 may also identify
relevant aspects thal are nol expressly speeilied in the job
descriplion. For example. pre-processor 108 may identily
certain aspects relating to the expressly specified aspects.
These related aspects can be, for example, a pre-requisite 1o
a specified skill. Evaluation of the pre-requisite skill may be
usclul [or validating the skill specified in the job deseription.

In one implementation, the comparalor may perlorm
kevword matching between the calibrated job profile 214
and the enriched talent profile 210 of the candidate. A
keyword dictionary may deline a list of keywords that cach
may malch a corresponding aspectl. lor cach aspect defined
in the keyword dictionary, pre-processor 108 may delermine
whether the aspect is specified in the calibrated job profile
214 expressly or implicitly by relationship and whether the
aspoct 18 presented in enriched talent profile 210 of the
candidale. Responsive o determining that the aspect pres-
cnts both in the calibrated job profile 214 and the enriched
talent profile 210 of the candidate, pre-processor 108 may
designate the determined aspect as one 10 be evaluated
during the interview. In one implementation, cach keyword
in the keyword dictionary corresponds o ome aspoect that can
be evaluated. In another implementation, the kevword dic-
tionary may include a relationship graph in which keywords
are linked based on their similarities (e.g., a similarity
measurcmoents in a range ol |0, 1] with zcro representing no
relation and one representing 100%, correlation. Thus. pre-
processor 108 may determine the aspect based on an
approximate match among, keywords.

Pre-processor 108 may lurther provide a graphic user
interlace including a view 1o display the calibrated job
profile 214 with aspects highlighted, a view 1o display the
enriched talent profile with aspects highlighted, and a view
to display the aspects, where each of the aspects is associ-
aled with a seleet element for the interview coordinator Lo
conlirm whether (o select the corresponding aspeet. Respon-
sive 10 receiving an activation of the select element, the
pre-processor may store the selected aspect in storage device
104 as aspects 10 be evaluated 208 during the interview.

As discussed above. al 204, pre-processor 108 may [ur-
ther, based on the candidale dala points 114, generale
enriched talent profile 210 for the candidate. Further, at 206,
pre-processor 108 may, based on inferviewer data points
116. generaie enriched talent profiles 212 ol polential inter-
viewers. The process o generale an enriched talent profile
212 Jor a polential inlerviewer may be similar Lo the one
vsed 10 generate enriched talent profile 210 of the candidate.
For each potential interviewer, pre-processor 108 may



Us 11,861,534 B2

7

extract a profile of the potential interviewer and supplemen-
Ll data of the potential interviewer [rom interviewer dala
points 116. where the prolile may contain the lollowing
interviewer information: past roles and jobs, skills, employ-
ers as well as responsibilities and duration of these employ-
ments, a raining history, and an education history including
schools, ficlds ol swudy, grade point average (GPA), rank-
ings, and degrees, and the supplemental data may conlain
the tollowing, interviewer information: personal web pages/
blogs/video postings, social network pages (e.g., LinkedIn
and or Facebook pages), professional work products (e.g.,
Llechnical publications. open source sollware contributions).
palents, prolessional relerences. awards cle. Pre-processor
108 may then combine the profile and the supplemental data
of the potential interviewer to form the enriched talent
profile ol the potential interviewer. In this way. pre-proces-
sor 108 may comstruct a collection ol enriched talent profiles
ol 4l polential inlerviewoers associaled with the organiza-
tion. Since the pool of potential interviewers are likely
current emplovees that are relatively stable worldorce, the
enriched talent profiles ol all polential interviewers may be
generated in advance and stored in storage device 104,
Intelligent scheduler 106 may forther include machine
learning component 110 to process data inputs generated by
pre-processor 108, F1G. 3 illustrates a system implementing
the machine learmming component 110 according 1o an imple-
menlation of the disclosure. As shown in FIG. 3. in one
mplementation, machine learning component 110 may
clude s machine learning model 300 that receive data

inputs including aspects 208 10 be evalualed during the 3

interview. candidate cariched talent profile 210, and poten-
Lial interviewers” lalent profiles 212 from pre-processor 108.
Processing device 102 may further execute machine learning
model 300 to generate lists of ranked potential interviewers
302, wherein cach list is associaled with a corresponding one
ol (he aspeets 208, and cach list includes a number of
potential interviewers identificd by machine leaming model
300 as suitable to evaluate the aspect associated with the list
and ranked by machine learning model 300 according to
caleulated malch scores indicating (he suitability of polential
inlerviewers for evaluating the aspect of the candidate. lor
example, for each one of aspects 208 determined by pre-
processor 108, processing device 102 may execute machine
learning model 300 to generate a corresponding list (A, B,
.. .. or N} conlaining polential interviewers ranked accord-
ing to maich scores caleulaled by executing machine leam-
g model 300. In one implementation, for each aspect,
processing device 102 may execute machine learning model
300 (o caleulale a respeetive malch score Tor cach polential

interviewer and construet the list of polential interviewers in s

4 ranking order based om the match score values (c.g.. higher
ranldng order for higher match score value). Thus, machine
learning model 300 may, tor each aspect (A, B, . . ., N),
generale a corresponding list (List AL List B. ..o, List N)

containing polential interviews ranked according o their s

match score for the aspect.

Machine learning in this disclosure refers 1o methods
wplemented on hardware processing device that uses sta-
tistical techniques andfor artificlal noural networks (o give
computer the ability o “lean™ (Le.. progressively improve
performance on a specific task) from data without being
explicitly programmed. The machine learning may use a
parameterized model (relerred o as “machine learning
model™) that may be deployed using supervised leaming/
semi-supervised learning, unsupervised learning, or rein-
forced learning methods. Supervised/semi-supervised learn-
ing methods may train the machine learning models vsing
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labeled training examples. To pertorm a task vsing super-
vised machine leaming model, a compuler may use
cxamples (commonly referred (o as “training data™) o Lest
the machine learning model and o adjust paramelers ol the
machine learning model based on a performance measure-
ment (e.2., the error rate). The process 1o adjust the param-
eters of the machine learning mode (commonly referred 10
as “train the machine learning model™) may generale a
specilic model (hat 1s 1o perlorm (he praciical (ask 1t is
trained lor. Aller training, the compuler may receive new
data inputs associated with the task and calculate, based on
the trained machine learning model, an estimated output for
the machine learning model that predicts an outcome for the
lask. lach training example may include input data and the
corresponding desired outpul data, where the data can be in
a suilable [orm such as a veetor ol numerical alphanumerical
svimbols,

The learning process may be an iterative process. The
process may include a forward propagation process 1o
caleulale an output based on the machine learning model and
the input data fed inte the machine learning model. and (hen
calculate a difference between the desired output data and
the calculated output data. The process may further include
a backpropagation process 1o adjust parameters of the
machine leaming model based on the caleulated dillerence.
Unsupervised learning methods may (ind structure in data
based on only the input data. Thus, vnsupervised learning
methods may learn about commonalities about the data from
lest data that are not labeled, classified, or calegorized.
Unsupervised leaming methods may identily commeonalities
in a datasel and make declsions based on the presenced
absence of the commonalities in the dataset. Reinforced
learning methods may use agents (e.g., software agents) 1o
react inan environment so as (© maximize a reward Munction.
The environment can be represenied using a decision pro-
cess. Reinforeed leaming methods may assume no knowl-
edge of the exact mathematical model of the decision
process and thus can be used when the exact model is
dillicult to determine.

In one implementation. machine leaming model 300 is a
deep neural network (DNN) implemented on processing
device 102, A DNN may include multiple lavers, in particu-
lar including an input laver for receiving data inputs, an
outpul layer lor generating oulpuls. and one or more hidden
layers thatl cach includes Tinear or non-lincar computalion
elements (referred to as neurons) to perform the DNN
computation propagated from the input laver to the output
layer that may translorm (he data inpuds 1o the oulputs. Two
adjacent layers may be connecled by cdges. Lach ol the
cdges may be associaled with a parameter value (referred 1o
as a synaptic weight value) that provide a scale factor to the
output of a nevron in a prior layer as an input 1o one or more
neurons in a subsequent layer.

The synaptic weightl values are delermined by a training
process of the DNN. During the training process, synaptic
welght values may be tuned 1o perform the specific task of
selecting interviewers with respect to an aspect. The training
may be carried oul using training data that may include pairs
ol data inpuls and corresponding target outputs. These pairs
may have been generated and labeled based on prior inter-
views where interviewers evalvate and validate one or more
aspocls of a candidate. "The prior interviews wsed as the
training data may include posilive examples where the
interviewers ellectively evaluale and validale one or more
aspects of the candidate (e.g., either in possession of or lack
of the one or more skills). The prior interviews used as the
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training data may opionally also include nepative examples
where the interviewers could nol evaluate or validale any
aspect of the candidate.

I'IG. 4 illustrales a training process 400 1o train a machine
learning model 300 (e.g., a DNN model) according to an
iplementation of the disclosure. At 402, the processing
device implementing the training process may assign cdges
with inilial synaplic weight values (c.g.. a constanl numeri-
cal valve or random values). At 404, the processing device
wplementing the training processing may perform a for-
ward propagation caleulation vsing the DNN that generates
outpuls based on dala inputs n (he training data. "The dala
inpuls in the training data may include the cariched talent
profiles of previous candidates and the enriched talent
profiles of previous interviewers with respect to olhe or more
aspects (e.g., skills). The Torward propagation caleulation
may propagale [rom the inpul layer through the hidden
layers o the output layer o generate outputs. The generated
outputs can be match scores indicating the effectiveness of
the interviewers for evalvating and validating the one or
more aspects. Al 406, the processing device implementing
the lraining process may compare the caleulaled outpuls
with the target ontputs obtained by the forward propagation
calculation at 404. The comparison may result in differences
(referred to as errors) between the caleulated outputs and the
largel oulputs. where the oulpuls are malch scores. Al 408.
the processing device implementing the training process
may determine whether the errors are within target perfor-
mance ranges tor the DNN. Responsive to determining that

the errors exceed the largel performance ranges, al 410, the 2

processing device Implemenling (he training process may
perlorm a backpropagation caleulation that. according o
pre-determined rules, adjusts the svnaptic weigh values to
toward reducing the errors. After adjusting the svnaptic
weight values, the processing device implementing the
Lraining process may repedl the forward propagation caleu-
lation and the backpropagation iteratively. Allermatively.
responsive 1o determining that the errors are within the target
performance ranges for the DNN, at 412, the processing
device implementing the training process may generale the
NN model that may be used at the machine learning model
300 as shown in FIG. 3.

In one implementation, the training process 400 can be
offline training, where the machine learning model is trained
in advance and the paramelers ol the machine learning
model are not Turther adjusted alter completion of the
training. In another implementation, the training process can
be online training, where the parameters of the machine
learning model may be lurther updated responsive Lo receiv-

ing new resulls during the execution ol machine learning s

component 11 as shown in VIG. 2.

Ag described above in conjunction with FIGS. 3 and 4,
processing device 102 executing the trained machine learn-
ing model 300 may receive candidate enriched talent profile

210 and interviewers” enriched talent profiles 212 and use s

trained machine learning model 300 10 generate lists of
ranked potential interviewers 302 with respect 1o one or
more aspects 208. Each ot the lists associated with an aspect
may conlain polential inlerviewers ranked according o their
corresponding mateh scores indicating the caleulated elloe-
tiveness of the interviewer with respect to the aspect.
Intelligent scheduler 106 may turther include a post-
processor 112 10 scleel qualificd interviewers [or inlerview-
ing the candidale with respeet o the one or more aspecls.
P15, 5 llugirales a system implementing the posl-processor
112 according 1o an implementation of the disclosure. As
shown in FIG. 5, in one implementation, post processor 112
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may determine qualified interviewers and their availabilities,
select interviewers (and back-up interviewers) based on
rules, gencrale interview  sheet personalized  for cach
selected interviewer and nolily the selected inlerviewers
with the corresponding interview sheets.

At 502, processing device 102 executing, post-processor
112 may. lor a pre-determined interview schedule. delermine
qualified interviewers from the pool ol ranked potential
interviewers identified in the lists generated by machine
learning model 300. The interview schedule may have heen
set based on a schedule of the candidate. For example, the
interview schedule may be sel according o the time slots
when the candidate makes an onsile visit 1o the organization.
The qualified interviewers can be those whose match scores
for one or more aspects indicate that they are qualified 10
cvaluale and validaie these aspocts during an interview. In
one implementation, processing deviee 102 may delermine
the qualified interviewers according certain rules such as, lor
example, assigh a certain humber (e.g., five) of top ranked
potential interviewers for each aspect as qualified interview-
crs. Purther. processing device 102 may delermine the
availabilitics of these qualilied interviewers. Processing
device 102 may access the public calendar of these qualified
interviewers 1o determine their availabilities in view of the
interview schedule. In one implementation, processing
device 102 may climinale those qualilicd inlerviewers that
are nol available during any time slots of the inlerview
schedule, and place those qualified interviewers that are
available for at least one or at least partial one time slot of
the interview schedule in the pool of inlerviewers lor
selection.

ALl 504, processing device 102 may [urther seleet the
interviewers and optionally back-up interviewers tor the one
or more aspects based on rules. In one implementation, the
rules may take inlo consideralion both the maich scores
associaled with cach qualified interviewer with respeet 1o an
aspoct and the availability of the qualificd interviewer. Lior
example, the rules may associate each time slot in the
interview schedule with one or more aspects, determine
qualilied inlerviewers perlaining Lo the one or more aspeels,
and then assign one or more qualified inlerviewoers available
for the time slot and with the high combined match scores
with respect 10 the one or more aspects 1o the time slot.

In one iuplementation, the rules can be configured 1o
accounl lor internal hicrarchy ol the organization. lior
cxample, one rule may provide that at least one peer ol the
role is included as an interviewer. The ranking of the match
scores can be then tailored to the peer population for the peer
interviewer slol. Another rule may provide that all inter-
viewers may have an cqual or more numbers ol years ol
experiences than the candidate. Yel another rule may provide
that the interviewers include at least one female and at least
one male, and the female-to-male interviewers ratio needs be
balanced. A machine-leaming classifier trained and executed
on the same processor can be utilived o identifly lemale and
male pools of interviewers and the relative ranldng of
matching scores within the pool. Bevond the female-to-male
ratio, other diversity classes may be accovnted tor including
race. (ther calegories (o enhance (he conligurability of the
rules include the schools that the candidalte weni lo, or
sinilar schools, and military experience, if' any, of the
candidate.

In ome implementation. the rules may take into consider-
ation gualilied interviewers who are available for only a
portion ol a time slot. For example, a qualified interviewer
may be available only 20 minutes for a 30 minute tfime slot
based on his calendar. Instead of eliminating the qualified
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terviewer altogether, the rule may calculate a time
weighted match score. lor example, the lime weighted
malch score can be caleulated as MS'=(1_, .71, MBS,
where 1, 1s the partial time available, T, is the lolal
time for the time slot, MS is the match score, and MS” is the
time weighted match score, When T, ;15 thesameas T,
ME=MSE. Using the ime weighled match scores. qualilicd
inlerviewers with partial avallability may also be considered
for the interview. Alternatively, the processing device may
assign the partially available qualified interviewer with other
qualified interviewers to conduct group interview,
Additionally, processing device 102 may lurther seloct
one or more back-up qualified interviewers [or cach ol the
selected qualified interviewers. The back-up qualified inter-
viewers may be similarly selected based on rules taking into
consideration both the malch scores and availability [or cach
time slot. The back-up qualificd interviewers may substitule
in (he event that the selected qualified interviewer declines
the interview task or becomes unavailable due to conflicts.

At 5006, the processing device 102 may generate interview 2

sheets personalized lor cach selected interviewer and notily
the sclected interviewer with the interview sheel. An inler-
view sheet is a document prepared to help the interviewer
conduct the interview. The document may include informa-
tion about the candidate (e.g., the candidate’s resume), and
the time and location of the interview. Implementations may
[urther personalize the inlerview sheol lor cach inlerviewer
with customized questions. In one implementation, the pro-
cessing device 102 may generate interview questions for
evaluating the one or more aspecls assigned to the inler-
viewer lor evaluating and validaling during the inlerview.
The questions may be sclected [rom a question bank that
stores questions linked to different aspects using a relation-
ship map. Alternatively, the questions may be generated

online based on the one or more aspeel 1o be evaluated and 3

validated. Responsive o delermining the questions relating
1o the one or more aspects. the processing device 102 may
add the questions 1o the interview sheet 1o create a person-
alized interview sheet for the interviewer, and then generate
a transmiltal ncluding the persomalized interview sheel Lo
the inlerviewer. inviting the inlerviewer o parlicipale in the
interview of the candidate.

After the interviews, the personalized interview sheets
can be gathered and ted back into an evalvation maodule 120
as shown in UGG 1, where the candidale is raied on the
likelihood of success al the organization or likclihood of
advancing to the next stage ot the hiring process or both. The
likelihood scores are measured through interence results of
4 machine learning module trained on past inlerviewcees and

hires at the organization and similar hires for similar titles al s

other companies. 3ased on the likelihood scores. the can-
didate may be recommended through a vser intertace to
advance to the next stage or be rejected at the current stage,
or may be aulomalically advanced or rejected based on
thresholding.

Interviewers mayv develop associated additional data
dimensionalities as they interview wwore and more candi-
dates. Each interviewer may be rated by the candidate. The
ralings may lhen be ncorporated in evalualing qualified
inlerviewers. the malching score caleulation, or as part ol
filtering rules for future selection of interviewers for a thture
candidate.

I'IGr. 6 llustrates a [owchart ol a method 600 Lo identily
inlerviewers [or inlerviewing a candidale according 10 an
implementation ol the disclosure. Method 6000 may be
performed by processing devices that may comprise hard-
ware (e.g., circuitry, dedicated logic), computer readable
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instructions (e.g., oo on g general purpose computer system
or a dedicated machine). or a combination ol both. Method
600 and cach of ils individual lunctions, roulines, subrou-
lines, or operations may be performed by one or more
processors of the computer device executing the method. In
certain implementations, method 600 may be performed by
4 single processing thread. Allernatively. method 600 may
be perlormed by (wo or more processing threads. cach
thread executing one or more individual fonetions, rontines,
subroutines, or operations of the method.

For simplicity of explanation, the methods of this disclo-
sure are depicled and described as a series ol acts. [owoever,
acts in accordance with this disclosure can oceur in various
orders and/or concurrently, and with other acts not presented
and described herein. Furthermore, not all illustrated acts
may be necded o implement the metheds in accordance
with the disclosed subjoct matter. In addition. those skilled
in the art will understand and appreciate that the methods
could alternatively be represented as a series of interrelated
states via a state diagram or events. Additionally, it should
be apprecialed (hat the methods disclosed in this speeilica-
lion are capable ol being stored on an article of manulaclure
to facilitate transporting and transferring such methods 10
computing devices. The term “article of mantacture,” as
vsed herein, is intended 1o encompass a computer program
accessible [rom any compuler-readable device or storage
media. In one implementation, method 600 may be per-
formed by a processing device 102 executing intelligent
scheduler 106 as shown in FIG. 1.

Ag shown in FICG. 6, processing device 102 may identily
a candidale 10 be inlerviewed for a job opening with an
organization. lor example. the candidale may be identified
by his/her name entered by an interview coordinator using a
vser intertace into the intelligent scheduler system. At 602,
processing device 102 may generale a calibrated job profile
based job data points. ‘The calibrated job profiles may
include information [rom a job description and additional
information. The intormation from the job desecription may
include public information such as, for example, the job
litle; responsibilities of the job; education, training. and
certifications required lor the job: skills required or prelerred
to perform the job; prior working experience. The additional
information profiles of qualified candidates previously hired
for a same or similar position within the organization. The
calibraied job profile may provide more inlormation than
that in the job description.

Responsive to identitving the candidate for the interview,
processing device 102 may receive candidate data points
conlaining inlormation relating (o the candidate. The can-
didale dala points may include the candidale’™s resume
submitled to the organivation and other inlormation publicly
available 1o the organization.

At 604, processing device 102 may vse the candidate data
points lo generate an enriched talent profile of the candidale.
As discussed gbove, the enriched alent profile may include
both the profile of the candidate (e.g., the resume) available
at the organization and supplemental data collected from
other sources. The content of the enriched talent profile of
the candidate may include variables such as the name: the
conlact inlormation: past roles and jobs; skills; employers as
well as responsibilities and duration of these emplovments;
a training history; an education history ineluding schools,
fields ol study. grade point average (GPA). rankings, and
degrees; personal web pages/blogsivideo postings, social
network pages (e.g. Linkedln and or PFaccbook pages);
professional work products (e.g., technical publications,
open source software contributions); patents; professional
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references; awards etc. Each category may be represented
using a string of words {(including numerical values). The
value ol a variable may be encoded using a veelor repre-
sentation whose values can be words or numerical values.

At 606, processing device may extract, from the enriched
talent profile ot the candidate and the calibrated job profile,
one or more aspects that need 1o be evaluated and validated
during the inlerview. lor example. the aspecls can be
tlechnical skills, where dillerent aspecls may require inler-
viewers with dillerent knowledge sets o conduet the inter-
view. Additionally, at 610, processing device 102 may
receive enriched talent profiles of potential interviewers
associated with the orpanization. The potential interviewers
can be employees or conlractors associaled with the orga-
nivation. The intelligent scheduler system may select quali-
fied interviewers [rom the pool ol potential inlerviewers.
These enriched talent profiles of potential interviewers may
have been calculated offline in advance becavse the employ-
ees and contractors may have known in advance

AL 608, processing device 102 may exceule a machine
learning model 1o caleulate 2 maleh score lor cach polential
inlerviewer with respeet o an aspeel. 'The data inputs (o the
machine learning model may include the one or more
aspects 10 be evaluated, the enriched talent profile of the
candidate. and the enriched talent proliles ol the interview-
ers. The machine leaming model can be a 1DNN or other
types of neural networks that had previously trained based
on training data as discussed above. For each aspect, pro-
cessing device 102 may execute, based on the data inputs,
the machine learning model to calculate a respective match
score Tor cach polential inlerviewer in the pool. and creale
a 115t ol ranked polential interviewers based on their maich

scores. Lurther. processing device 102 may proceed Lo

calculate a corresponding list for each aspect (or a group of
similar aspects).

At 612, processing device 102 may determine gualified
inlerviewers lor cach aspeet based on the corresponding list
ol ranked polential interviewers. The qualilied inlerviewoers
lor an aspect are those determined 1o be suitable o evaluate
and validate the aspect. Alternatively, tor efficiency, pro-
cessing device 102 mayv determine qualified interviewers for
a group of similar aspects.

AL 614, processing device 102 may relricve available
times [rom the calendar of the qualified interviewoers, and
select an interviewer to evaluate and validate the one or
more aspects based on rules. The selection of the interviewer
may lake into consideration me slots in the interview

agenda, the availabilitics ol the polential interviewoers, and s

their corresponding malch scores. In one implementation.
processing device 102 may assign the interviewer with the
highest match score as the selected nterviewer 1o a time slot,
In another implementation, processing device 102 may

caleulale a lime weighted malch score 1o lake into consid- 3

eration of partial availability and select the one having the
highest time weighted match score. In another implementa-
Tion, processing device 102 may determine a best combina-
tion ol inlerviewers [or a group interview Lo determine more
than one aspeels of the candidate.

At 616, processing device 102 may generate a personal-
ized interview sheet for the selected interviewer. The per-
sonalived interviewer sheel may include the inlerviewer
information. the time and location of the inlerview. and
[urther questions relating to the one more aspeels assigned
1o the interviewer. The questions in the interview sheet may
assist the interviewer to evaluate and validate the one or
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more aspects of the candidate. Processing device 102 may
send a transmitlal o invite the selected inlerviewer to the
intervicw.

Implementations may alse provide a graphic user inter-
tace that provides one or more views. In one inplementa-
tion, the one or more views may include an aspect view
including panels, each panel being associated with one or
more aspects (hal are o be evaluated and validated during
the interview and an interviewoer selecled by the intelligent
scheduler assigned 10 evaluale and validate the one or more
aspects. Aspects may include ditferent skills or personalities
to be evaluated and validated. Each panel may be expanded
to drill into details abour the one or more aspects and the
assigned inlerviewer.

In one implementation. the one or more views may
include a time view. The time view may include suggested
times and specific times. The time template may nclude a
first view showing a date and times of the date associated
with each interviewer, and a second calendar view showing
the arrangement lor a specilic date. The intelligent scheduler
may assign polential inlerviewers o interview Lme slots
based on the availabilities of the potential interviewers
during the time slots. To this end, the intelligent scheduler
may perform conflict management by looking into the
calendar of cach potential interviewers and delermining an
interview agenda by malching the time slots with interview-
ers based on time contlict management rules.

In one implementation, the one or more views may
include an allernative interviewer view. The allernative
interviewer view may include back-up interviewers and their
lime availabilitics determined by the intelligent scheduler.
When a scheduled interviewer becomes unavailable due 10
cancellation, implementations may provide an “options”
associaled with the unavailable interviewer where the
options may include “find  allermative  inlerviewers.™
“remove the unavailable inlerviewer.” and “schedule an
alternative interviewer™ options to allow an interview orga-
nizer to make the action.

IIG. 7 depicts a block diagram ol a compuler sysiem
operating in accordance with one or more aspeels of the
present disclosure. In various illustrative examples, com-
puter system 700 may correspond 1o the processing device
102 of FIG. 1.

In cerlain implementations, compuler system 700 may be
commeeled (e.g. via a network, such as a Local Area Net-
work (LAN), an intranet, an extranet, or the Internet) 1o
other computer systems. Computer svstem 700 may operate
in the capacily of a server or a clienl computer in a
client-server environment. or as 4 peer compuler in a peer-
lo-peer or distributed network environment. Compuler sys-
tem 700 may be provided by a personal computer (I'C), a
tablet PC, a set-top box (STB), a Personal Digital Assistant
{(PDA). a ccllular telephone. a web appliance, a server, a
network router, swilch or bridge. or any device capable of
executing a set of instructions (sequential or otherwise) that
specify actions 1o be taken by that device. Further, the term
“computer” shall include any collection of computers that
individually or jointly exceule a sel (or multiple sets) ol
instructions o perform any one or more ol the methods
described herein.

In a further aspect, the computer system 700 may include
a processing device 702, a volatile memory 704 (cg.,
random aceess memory (RAM)). a non-volatile memory 706
{eg.. read-omly memory (ROM) or clectrically-crasable
programmable ROM (EEPROM)), and a data storage device
716, which may communicate with each other via a bus 708.
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Processing device 702 mav be provided by one or more
processors such as a general purpose processor (such as, for
example. a complex instruction sel compuling {(CISC)
microprocessor. 4 reduced instruction sel compuling (RISC)
Inicroprocessor, a very long instruction word (VLIW)
Inicroprocessor, a microprocessor implementing other tvpes
of nstruction scls. or a microprocessor implementing 2
combinalion ol types ol instruction sels) or a speclalized
processor (such as, for example, an application specific
integrated circuit {ASIC), a field programmable gate array
(FPGA), a digital signal processor (DSI), or a network
Processor).

Compuler system 700 may (urther include a network
itertace device 722, Computer svstem 700 also may
include a video display unit 710 (e.g., an LCD), an alpha-
numcric input device 712 {(c.g.. a keyboard), a cursor control
device 714 (c.g., a mouse), and a signal generation device
T2

Data storage device 716 may include a non-transitory
computer-readable storage medivm 724 on which may store
instructions 726 cncoding any onc or more of the methods
or lunctions described herein. including instructions of the
intelligent scheduler 106 of FIG. 1 for implementing method
600,

Instructions 726 may also reside, completely or partially,
within volatile memory 704 and/or within processing device
702 during exceulion thereol by computer system 7000
hence, volatile memory 704 and processing device 702 may
also constitute machine-readable storage media.

While computer-readable storage medium 724 is shown 3

in (he illustrative examples as a single medium, (he term
“compuler-readable storage medium™ shall include a single
medivm or multiple media (e.2., a centralized or distributed
database, and/or associated caches and servers) that store the
one or more sets ol exceutable instructions. The werm
“compuler-readable storage medium™ shall also include any
Ltangible medium thal is capable ol storing or encoding a set
of instructions for execution by a computer that cavse the
computer 1o perform any one or more of the methods
deseribed herein. The term “computer-readable slorage
medium™ shall include. bul not be limiled o, solid-stale
memories, optical media, and magnetic media.

The methods, components, and teatures described herein
may be inplemented by discrete hardware components or
may be integraled in the functiomality ol other hardware
components such as ASICS, IPGAs. DSPs or similar
devices. In addition, the methods, components, and features
may be implemented by firmware modules or tunctional
circuilry within hardware devices. Further. the methods.

components. and [eatures may be implemented in any com- s

bination of hardware devices and computer program com-
ponents, or il computer programs.

Unless specifically stated otherwise, terms such as
“recelving,” “associaling,” “determining.” “updating” or the

like, refer o actions and processes performed or imple- s

mented by computer systems that manipulates and trans-
forms data represented as physical (electronic) quantities
within the computer system registers and memories into
other data similarly represented as physical quantilics within
the compuler syslem memories or registers or other such
formation storage, transmission or display devices. Also,
the terms “first,” “second,” “third,” “fourth,” etc. as used
herein are meant ag labels (o distinguish among different
clements and may not have an ordinal meaning according Lo
their numerical designation.

Examples described herein also relate to an apparatus tor
performing the methods described herein. This apparatus
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may be specially constructed for performing the methods
deseribed hercin. or it may comprise a general purposc
compuler system selectively programmed by a computer
program slored n the compuler syslem. Such a compuler
program may be stored in a computer-readable tangible
storage medium.

The methods and illustrative examples deseribed herein
are nol inherently related (o any particular compuler or other
apparatus. Various general purpose svstems may be used in
accordance with the teachings described herein, or it may
prove convenient to construct more specialized apparatus 10
perform method 300 and/or cach ol its individual functions,
roulines, subroutines. or operations. 1ixamples of (the strue-
ture tor a variety of these systems are set forth in the
description above,

The above deseription is inlended 10 be illustrative. and
not restrictive. Although the present disclosure has been
deseribed with relerences (o specilie illustralive examples
and implementations, it will be recognized that the present
disclosure is not limited to the examples and inplementa-
tions deseribed. The scope of the disclosure should he
determined with reference 1o the lollowing claims, along
with the full scope of equivalents to which the claims are
entitled.

What is ¢laimed is:

1. An intelligent scheduler system implemented by one or
more compulers o aulomale sclection ol qualified inter-
viewers for an interview of a candidate for a job opening at
an organization, the one or more computers comprising:

4 slorage device: and

a processing device. communicatively conneeted (o the

storage device,

obtain first data paints associated with the job opening
trom a first plurality of sources, and generate, based
on the [irst data points, a calibraled job prolile
wherein the calibrated job profile further comprises
veclor representalions ol varlables derived lrom a
profile of a qualified candidate previously hired for a
same or similar position within the organization or
predicied based on candidates previously hired flor a
same or similar posilion within the organization:

obtain second data points associated with the candidate
from a second plurality of sources, and generate,
based on the second data points, an enriched talent
profile ol the candidate;

identily, by comparing the calibrated job profile and the
enriched talent profile, one or more aspects of the
candidate to be evaluated during the interview;

receive enriched talent profiles of polential inlerview-
crs ol the organization;

exceule a neural nelwork module using, as the inpuls,
the one or more aspects, the enriched talent profile of
the candidate, and the enriched talent profiles of the
polential interviewers 10 caleulale. as oulpuls. plu-
ralily of ranked lists. the neural network module
comprising an input layer 1o receive the inputs and
an output laver to output the plurality of ranked lists
that each containg one or more potential interviewers
that are ranked according (o match scores indicaling
an cllfectiveness measure ol a comresponding one of
the one or more potential interviewers for evaluating
a corresponding aspect of the candidate during the
interview, wherein parameters of the neural network
module are adjusted using an ileralive lraining in one
or more lraining sesslons using training data includ-
ing enriched talent profiles of example qualified
interviewers, and wherein the iterative training ot the
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neural network modole iteratively includes: caleu-
laling using the neural network, in a forward propa-
gation, predicted ranked lists that are ranked accord-
ing o match scores indicating the cllectiveness
measure of a corresponding example interviewer for
evalvating training aspect of example candidate,
caleulating a dillerence value between the predictled
ranked lists and targel ranked lists in a backward
propagation, and adjusting one or more parameters
of the neural network module based on the difference
value between the predicted ranked lists and the
Largel ranked lists:

determine. based on lime slots in an interview agenda
and calendars of the qualified interviewers, avail-
abilities of interviewers during the interview,
wherein the availabilitics of the inlerviewers com-
prise parl lime availability lor being available less
than onc time slot;

determine, based on the plirality of ranked lists and
rules, qualified interviewers trom the potential inter-
viewers for evalualing cach of the one or more
aspectls during the inlerview. wherein the rules com-
prise talding account of match scores for interviewers
that are gvailable and time weighted match scores tor
interviewers that are part time available, and wherein
a lime welghled match score is caleulated based on
a pereentage ol available time over a time slot that is
weighted over a match score associated with an
interviewer; and

transmil a requesl lor participating in an interview ol
the candidaie 10 at least one ol the qualified nter-
viewors.

2. The intelligent scheduler system of claim 1, wherein the
processing, device is further 1o:

seleet. based on the match scores and the availabililies ol 3

the gualified inlerviewers, one or more inlervicwers Lo
cvaluale the aspeel during the interview.

3. The intelligent scheduler system of claim 2, wherein the
processing, device is further 1o:

generale an interview sheetl personalized lor the selected

ane or more inlerviewers; and

send a request comprising the personalized interview

sheet 1o the selected one or more interviewers.

4. The intelligent scheduler system of claim 1, wherein the
dala points associated with the job opening comprise a job
deseriplion and additional inlormation relating o the job
opening, and wherein the calibrated job profile comprises
vector representations of variables comprising at least one of
a job litle, responsibilitics ol the job, pre-requisile education.

pre-requisile  lraining, pre-requisile  cerlifications, skills s

required lor the job. skills prelerred for the job. or working
experience.

5. The intelligent scheduler system of claim 1, wherein the
dala points associaled with the candidale comprise a profile

ol the candidate and supplemental data. and wherein the s

enriched talent profile of the candidate comprises vector
representations of variables comprising at least one of skills,
past emploviments, responsibilities and duration of these
employments, a training history. an cducation hislory, per-
sonal web pagesiblogs/video postings, social network pages.
or professional work products.

6. The intelligent scheduler system of claim 5, wherein the
enriched talent profile ol the candidate lurther comprises
voclor representations of varlables comprising al least onc ol
predicted [uture job titles, predicied lulure employers. pre-
dicted future seniorty levels, predicted future skills to
acquire, or predicted tenure duration with the organization.
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7. The intelligent scheduler svstem of claim 1, wherein
cach ol the enriched 1alent profiles ol polential inlerviewers
ol the organization comprises vector representations of
variables comprising al least ome of skills, past employ-
ments, responsibilities and duration ot these emplovments, a
training history, an education history, personal web pages/
blogs/video postings, social network pages, or prolessional
work products.

8. The intelligent scheduler system ot claim 1, wherein the
aspect comprises at least one of a job skill or a personal trait
of the candidate, and wherein the gender diversity factor
comprises a [emale-lo-male ratio.

9. The intelligent scheduler sysiem ol ¢laim 1. wherein the
neurons of the hidden lavers of the deep neural nerwork
perform one of linear computation or non-linear computa-
lion specified by parameters, and wherein the paramelers are
determined in a training process.

10. The intelligent scheduler system ol claim 2. wherein
the processing device is further to:

select, based on the plurality of ranked lists and the

availabilities of the qualified inlerviewers. one or more
back-up interviewers: and

regponsive to a request for substitution for the selected

terviewers, present the one or more baclk-up inter-
viewers on a user interface.

11. The intelligent scheduler system of claim 3. wherein
the processing device is lurther o

identify questions relating 1o the aspect from a question

banlk; and

add (he identificd interview questions 1o the personalived

inicrview shoeel.
12. A method 10 aulomale selection ol qualified interview-
ers for an interview of a candidate tor a job opening at an
organization, the method comprising:
ubtlaining, by a processing device. [irst dala points asso-
cialed with the job opening [rom a (st plurality of
sources, and generating, based on the [irst data points,
a calibrated job profile, wherein the calibrated job
profile further comprises vector representations of vari-
ables derived [rom a prolile of a qualilied candidate
previously hired [or a same or similar position within
the organization or predicted based on candidates pre-
viously hired for a same or similar position within the
organization;
ubtlaining, by the processing device, sccond dala points
associaled with the candidate from a second plurality of
sources, and generating, based on the second data
points, an enriched talent profile of the candidate;

identilying. by the processing device by comparing the
calibrated job profile and the enriched talent profile,
one or more aspeels ol the candidale 10 be evaluated
during the interview;

receiving, by the processing device, enriched talent pro-

files of potential inlerviewers ol the organizalion;
execeuting, by the processing device, a neural network
module vsing, as inputs, the one or more aspects, the
enriched talent profile of the candidate, and the
enriched talent profiles of the potential interviewers 1o
calculate. as outputs. plurality ol ranked lists. the neural
nelwork module comprising an input layer 1o receive
wmputs and an ovtput laver to output the plurality of
ranked lists that each contains one or more potential
intervicwers thatl are ranked according o match scores
indicating an cMecliveness measure ol a corresponding
one ol the one or more polential intervicwers [or
evaluating a corresponding aspect of the candidate
during the interview, wherein parameters of the neural
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network module are adjusted using an iterative training
in one or more raining sessioms using (raining data
including enriched talent profiles of example qualilicd
interviewers, and wherein the ilerative training ol the
neural network module iteratively includes: calculating
vsing the nevral network, in a torward propagation,
predicted ranked lists that are ranked according to
maich scores indicating the elloctiveness measure ol 4
corresponding  example  inlerviewer for evaluating
training aspeel ol example candidale, caleulating a
difference value between the predicted ranked lists and
target ranked lists in a backward propagation, and
adjusting one or move parameters of the neural network
madule based on ithe dillerence value between the

predicted ranked lists and the target ranked Tists:
determining, based om time slots in an inlerview agenda
and calendars of the qualified interviewers, availabili-
ties of interviewers during the interview, wherein the
availabilities of the interviewers comprise part Time
availability lor being available less than one time slot:
determining, by the processing device based on plurality
ol ranked lists and rules. qualified inlerviewers [rom
the potential interviewers for evaluating each of the one
or more aspects during the interview, wherein the rules
comprise laking account ol maich scores [or Interview-
ors (hal are available and time welighted maltch scores
for interviewers thal are parl Ume available. and
wherein a time weighted match score is calculated

based on a percentage of available time over a time slot 7

that is weighted over a match score associated with an
interviewer; and
Llransmilling a requesl lor parlicipating in an interview ol

the candidale (o at least one ol (he qualified interview-

ers.
13. The method of claim 12, further comprising:
selecting, based on the match scores and the availabilities
ol the qualified interviewers, one or more inlervicwoers
o evaluate the aspeet during the inlerview.

14. The method ol claim 13, [urther comprising:

generating an interview sheet personalized for the

selected one or more interviewers; and

sending a request comprising the personalized interview

sheel 1o the sclecled one or more inlerviewers.

15. The method of ¢laim 12, wherein the calibraled job
profile comprises vector representations of variables com-
prising at least one of a job title, responsibilities of the job,
pre-requisite educalion. pre-requisile raining. pre-requisile

certifications. skills required for the job. skills preferred lor s

the job, working experience.

16. The method of claim 12, wherein the enriched talent
profile of the candidate comprises vector representations of
variables comprising al least one ol skills. past employ-

ments. responsibilitics and duration ol these employments, a5

training history, an edueation history, personal web pages/
blogs/video postings, social network pages, or protessional
wotk products, and wherein the enriched talent profile of the
candidate lurther comprises veclor representations ol vari-
ables comprising al leasl one ol predicted [uture job titles.
predicted tuture emplovers, predicted tuture seniority levels,
predicted future skills to acquire, or predicted tenure dura-
tion with the organivation.

17. The method ol claim 12, wherein the aspect comprises
al least one ol a job skill or a personal trail ol the candidate.
and wherein the gender diversity factor comprises a female-
1e-male ratio.
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18. The method of claim 14, further comprising:

identilying questions relating to the aspect [rom a ques-

tion hank; and

adding the identified interview questions o the personal-

ized interview sheet.

19. A machine-readable non-transitory storage media
encoded with instructions that, when executed by one or
more compulers. cause the one or more computers (o imple-
ment an intelligent scheduler system Lo automate scleclion
ol qualified interviewers [or an inlerview ol a candidate [or
ajob opening at an organization, the one or more computers
comprising:

a storage device; and

a processing device. communicatively conneeted (o the

storage device,

oblain first data points associaled with the job opening
trom a first plurality of sources, and generate, based
ob the first data points, a calibrated job profile,
wherein the calibrated job profile turther comprises
veclor representalions ol varlables derived lrom a
profile ol a qualificd candidate previously hired [ora
same or similar position within the organization or
predicted based on candidates previously hired tora
same or similar position within the organization;

oblain sceond data points associaled with the candidate
from a sccond plurality ol sources. and gencrale,
based on the seeond data points, an enriched talent
profile of the candidate;

identity, by comparing the calibrated job profile and the
enriched talent profile, one or more aspects of the
candidale (o be evaluated during the interview:

receive enriched talent profiles of polential inlerview-
crs ol the organization;

execute a neural network module vsing, as inputs, the
ole or more aspects, the enriched talent profile ot the
candidate, and the enriched talent profiles of the
polential interviewers 10 caleulale. as oulpuls. plu-
ralily of ranked lists. the neural network module
comprising an inpul layer 1o receive the inpuls and
an output laver to output the plurality of ranked lists
that each containg one or more potential interviewers
that are ranked according to match scores indicating
an cllfectiveness measure ol a comresponding one of
the one or more potential interviewers for evalualing
a corresponding aspect of the candidate during the
interview, wherein parameters of the neural network
module are adjusted using an ileralive lraining in one
or more lraining sesslons using training data includ-
ing enriched talent profiles of example qualified
interviewers, and wherein the iterative training ot the
nevral network module iteratively includes: caleu-
lating using the neural nelwork. in a lorward propa-
galion. predicted ranked lists (hal are ranked accord-
ing to match scores indicating the effectiveness
measure of a corresponding example interviewer for
evaluating training aspect of example candidate,
caleulating a difference value betwoeen the predicted
ranked lists and larget ranked lists In a backward
propagation, and adjusting one or more parameters
of the nevural network module based on the difference
value between (he predicled ranked lists and the
largel ranked lists;

determine. based on ime slols in an inlerview agenda
and calendars of the qualified interviewers, avail-
abilities of interviewers during the inferview,
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wherein the availabilities of the interviewers com-
prise parl lime availability lor being available less
than onc time slot;

determine. based on the plurality ol ranked lists and
rules, qualified interviewers trom the potential inter- 5
viewers for evalvating each of the one or more
aspectls during the inlerview. wherein the rules com-
prise taking account ol malch scores lor interviewoers
that are gvailable and time weighted match scores tor
interviewers that are part time available, and wherein 10
a time weighted match score is caleulated based on
a pereentage ol available time over a time slot that is
weighted over a match score associaled with an
interviewer; and

transmit a request for participating in an interview of 1
the candidaie 10 at least one ol the qualified nter-
viewors.
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