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implementing a sequence of transformer | 802
naural natworks, which furthar comprizes: 34/
receiving a segment of a stream of word
arnbeddings; and calculating an output
vacior comprising relevancs parameters

¥

implementing first and second

seguencedo-saquence fayers that each

COMDISES a saquence of nodes, which 504
further comprises: recebding the outpul vacior
generated by a comesponding transformer in
the sequence of ranshormer neural network;

recebing a relainad information from an
adjacent nude; and caiculaling a soore veotor

k4

implementing an culpud laver o provide the 506
first set and second setof score veclors o g
downstream application of a natural
language processing {(NLF) task
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1
SYSTEM, METHOD, AND COMPUTER
PROGRAM FOR TRANSFORMER NEURAL
NETWORKS

TECHNICAL FIELD

The present disclosure relates to improvements to com-
puter technologics such as machine learning in natural
language processing (NIPY. and in particular Lo a syslem.
method, and storage medium including executable compuler
programs for transtormers nevral network models used for
processing text-based documents.

BACKGROUND

Natural language processing is a type of computer tech-
nology applied 1o processing and analvzing natural language
data. The natural langnage data can be text-based documents
such as a stream ol lexl messages, a lechnical paper, a
resume, or a form. The language can be any (ypes ol natural
language used in people’s daily lile including. bul not
limited to, English, Spanish, French, and Chinese. The
processing and analyzing natural language data may solve
practical problems such as identifving the topics of the
natural language data, identilying and correcling errors in
the natural language data, and identifying the best maich
helween two documents {e.g.. belween a resume and a job
deseription). Compared with human operators, the computer
technology vsed in NLP may achieve consistent end results
much faster with a much higher accuracy. Further, the
computer lechnology may reach beyond the capability ol
human operators. PFor example, the compuler echnology
may rely on machine learning models trained based on
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examples. The data driven approach may eliminate the ~

explicit or implicit human bias associated with each human
operator. and therelore achiceve bias-lree or less biased end
resulis, which cannot be achieved with a particular human
operalor.

BRIEF DESCRIPTION OF THE DRAWINGS

The disclosure will be understood more [ully [rom the
detailed descriplion given below and lrom the accompany-
g drawings of various embodiments of the disclosure, The
drawings, however, should not be taken 1o limit the disclo-
sure to the specific embodiments, but are for explanation and
understanding only.

I'IG 1 illustrates a system Tor processing NIP documents s

using a Bidireetional Incoder Representations [rom Trang-
formers (BERT) neural network layer according to an imple-
mentation of the disclosure.

I'Ir. 2 Musirates the siructure of a BERT neural network
according to an implementation of the disclosure.

FIG. 3 illustrates the interconnection between two adja-
cent nodes 10 3 sequence-to-sequence laver according to an
embodiment of the disclosure.

I'IG. dA illustrates a human resource (1TR) application for
processing lalent profiles against job descriptions according
10 an implementation of the disclosure.

FIG. 4B illustrates a similarity calculation system vsing
clustering operalions according 1o an implementation ol the
disclosure.

IIG. & illustrates a [owchart of a method lor analyzing
large documents vsing segmented BERT nevural networks
according 1o an implementation of the disclosure.
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FIG. 6 depicts a block diagram of a computer system
operating in accordance with one or more aspeels of the
present disclosure.

DETAILED DESCRIPTION

When machine leaming is used in a particular NLP tagk,
# machine learning model is first leamned (or trained) using
a lraining datascl. Typically, the training datasel may have
been labeled by data specialists for a specific task. For
example, the name entity recognition/classification for Eng-
lish names may require the pre-labeled names in the training
dataset. "The pre-labeling may include assign atiribules 1o
cach name n the documents, where the atlribules may
include Family name/given name. gender associaled with the
name, origination countries/regions of the name ete.

One challenge facing the application of machine learning
to NLD tasks is the lack of task-specific training datasets.

o Although the NIP data are widely available, the creation of

a NP training dataset calibrated o a speeilic task can be
lime-consuming and cost-prohibitive. This s because there
are mumerons NLI tasks, and it is very costly to create a full
machine learning model for each task. Also, the training of
a full machine learning model may require a large amount of
training data. creating another layer ol difficulty to identily
NP data that are suitable [or task-specilic training datascl.

To overcome the lack of task-spocilic NLP training data-
set, Two-stage machine learning approaches are developed.
In the first stage, general purpose machine learning model
using unannotated text data (e.g.. those available on the
world-wide webs), The gencral purpose machine learning
model is not designed for a specilic NLP task. and the
voannotated text data are vsually widely available. The first
stage is commonly reterred 1o as the pre-training stage. In
the second stage, an output laver is provided to receive the
outpul lrom the general purpose machine leaming model.
The parameters of the oulpul layer is [ine-luned using
lask-specific training datasel during a training process. Since
the output laver is a single laver on top of the general
purpose machine learning model, only a small task-specific
training dataset is needed 10 fine Tune the output laver. In this
way. an cllective NILP machine learning model can be
constructed with a small task-specific training datasel and
unannelated training datasels.

One class of such general purpose machine learning
model used in NLI” is the so called Bidirectional Encoder
Representations rom ‘lranslormers (131ER1T) model. In this
disclosure. the BERT moedel includes dillerent variations of
131:R models including, but not limited to, ALBLER T (a Lite
BERT for Self-Supervised Learning, of Language Represen-
tations ), ROBERTA (Robustly Optimized BERT Pretraining
Approach). and DistillBERT (a distilled version ol BLRLY.

Prior 10 BIRL. a NLP machine leaming model {e.g.,
recurrent neural networks (RNNs)) sequentially examines
the words in a document in one direction—i.e., from left 1o
right, from right 1o left, or a combination of lett 1o right and
then right to lefl. This one-directional approach may work
well for cortain tasks. "To achieve deeper understanding of
the voderlving text, BERT emplovs bidirectional training
Instead of identifving the next word in a sequence of words,
BERT may use a technique called Masked T anguage Mod-
cling (MI.M) that may randomly mask words in a sentence
and then try o predict the masked words [rom other words
in the sentence surrounding the masked words from both left
and right of the masked words. Thus, the training of the NLI
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machine learning model vsing BERT takes into consider-
alion words [rom both direction simultancously during the
Lraining process.

A word may be represented using a word embedding
which can be a vector of numbers that may be derived based
on a linguistic model. The linguistic model can be context-
[ree or contexi-based. An cxample ol the context-lree model
is word2vee thal may be used (o determine the veclor
representation tor each word in a vocabulary. In contrast,
context-based models mav generate a word embedding
associated with word based on other words in the sentence.
In BIRT. the word embedding associated with a word may
be ealeulated based on other words within the input docu-
ment using the previous context and the next context. This
approach as explained later is more svitable for a short input
document with Tewer than 512 words.

Dilferent types of neural networks (c.g.. the recurrent
neural network (RNN)Y) may be used as the underlying
muli-lavered machine learning model but each has limita-
tions. The RNN may read the words in a sentence sequen-
tially in one direclion. In certain applications, the RNN may
not be suilable [or the most elficient implementation on [ast
computing devices such as tensor processing units (T1°Us)
and graphics processing vnits (GPUs). For example, to
ascertain the meaning of a word “bank,” the RNN model
may need 1o read many words siep by step until reaching the
word ol “river” or “money” 1o provide a conlext lor the word
“bank.” The process of RNN is not svitable for parallel
processing using TPUs or GI'Us. In contrast, the convolu-

tional neural nelwork (CNN) archileclure is sullable for 2

parallel implementations using T'PUs or GPUs because the
CNN explores local dependencics. The distance belween
wo words in a sentence of N words is in the order of log(N)
compared 10 N for the RNN. The CNN, however, is not very
ellfeetive lor delermining the dependencies among all words
in the senlence.

A transformer neural network (relerred o as the *Irans-
former™ herein) is designed to overcome the deficiencies of
BNN and CNN architectures, thus achieving the determina-
tion of word dependencies among all words in a senlence
with [ast implementations using TPUs and GPUs. The
Transtformer may include encoders and decoders (e.g,, six
encoders and six decoders), where encoders have identical
or very similar architecture, and decoders may also have
identical or very similar architecture. The encoders may
encode the input data into an intermediale encoded repre-
sentation, and the decoder may convert the encoded repre-
sentations to a final result. An encoder may include a
scll-attention layers and a [eed lorward layer, "The sell-

allention layers may caleulale allenlion scores associaled s

with a word. The allention scores. in the context of this
disclosure, measure the relevance valves between the word
and each of the other words in the sentence. Each relevance
may be represented in the form ol a weight value.

In some implemoentations, the sell-atiention layer may s

receive the word embedding of each word as input. The
word embedding can be a vector including 512 data ele-
ments, The selt-attention laver may turther include a pro-
jeetion layer thal may project the inpul word embedding
voclor inlo a query veclor a kay voector, and a value veelor
which each has a lower dimension (e.g., 64). The scores
between a word and other words in the input sentence are
caleulated as the dot product between the query vector ol the
word and key vectors of all words in the input sentence. The
scores may be fed (o a Solimax layer o generate normalized
Softmax scores that each determines how much each word
in the input sentence expressed at the current word position.

—
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The attention laver may further include the multiplication
operations that multiply (he Solimax scores with cach ol the
value veclors Lo generale the welghled scores thal may
maintain the value of words that are locused on while
reducing the attentions 1o the irrelevant words. Finally, the
self-attention laver may sum up the weighed scores 1o
generale the allention values al cach word position. The
allention scores are provided o the leed forward layer, The
calculations in the feed torward can be performed in parallel
while the relevance between words is reflected in the atten-
tion scores.

lach ol the decoder may similarly include a sell-allention
layer and a feed lorward layer. The decoder may receive
input and intormation from the encoder. Thus, a BERT
svstem may be constructed using the transformer neural
network trained using unannotated (ext documenis.

BIERT sysiems perform best when trained using inpul
sequences within a length Timit of 512 words. The perlor-
mance of the BERT systems may sufter significantly when
the lengths of the input documents exceed the 312 words.
The documents processed by certain application, however,
ollen exceed the 512 word upper limit. lior example, a
human resource (HR) application may receive resumes 1o be
matched with job descriptions. Both the resumes and the job
descriptions routinely exceed the 512 word limit. Thus, there
ig a need lor adapting BERT system lor longer inpul
CQUCTICCS.

To overcome the above-identified and other deficiencies
in the current NLI' neural networks, implementations of the
disclosure provides for a BER] nelwork system that may
process large lext document (more than 512 words) with
improved performance and elliciency. One implementation
of the disclosure may include a system that includes one or
more processing devices and one or more storage devices for
storing instructions that when executed by (he one or more
processing device cause the one or more processing devices
lo implement a sequence of ranslormer neural networks.
EBach transtormer neural network in the sequence may
receive a segent of a stream of word embeddings, where
cach segmoent of the stream includes a determined number of
word embeddings caleulated from a section ol a text docu-
ment, two adjacent transformer nevral networks in the
sequence receive Two segluents correspolding to two adja-
cent sections that have at least one overlapping word; and
caleulale an oulpul veclor comprising relevance paramoelers,
where cach ol the determined number of relevance param-
eters represents a contextual relevancy between a current
word with another word in the section. The one or more
processing devices may [urther implement first and second
sequence-lo-soquence layers that cach comprises a sequence
ol nodes. lmach node ol the sequence ol nodes may receive
the output vector generated by a corresponding transtormer
in the sequence of transtormer nevral nerwork; receive a
relained information from an adjacent node; and calculaie a
score vector based on (he received outpul veetor and the
retained information, where the first sequence-to-sequence
layer may process the received output vectors sequentially in
a forward direction to generate g first set of score vectors,
and the seeond sequence-lo-sequence layer is 1o process the
received outpul veelors sequentially in a reverse direetion 1o
generate a second set of score vectors. The one or more
processing devices may further implement an ontput laver 1o
provide the [irst set and sceond sl ol score veclors 10 a
downstream application of a natural language processing
{NLP) task.

FIG. 1 illustrates a system 100 for processing NLDP
documents uvsing a Bidirectional Encoder Representations
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from Transtormers (BERT) neural network laver according
1o an implementation ol the disclosure. System 1 can be
4 sland-alone compuler system or a nelworked computing
resource implemented in a compuling cloud. System 100
may include one or more processing devices and one or
more storage devices, The one or more processing devices
can be hardware processor(s) such as central processing
units (CPUSs). lensor processing units (TPUs), graphic pro-
cessing units (GPUs), or accelerator circnits, where certain
tvpes of processing devices such as TPUs and/or GP'Us may
be designed for parallel calculations of a large amount of
independent neural network caleulation modules. One or
more slorage devices can include a memory device, a hard
dise, or a cloud storage connected to the one or more
processing, devices through a network intertace card.
Referring (o U1G. 1. the one or more processing devices
may implement a sequence of translormers 102, a st
soquence-lo-sequence layer T4 a sceond sequence-lo-se-
quence laver 106, a combination laver 108, and a post-
processing laver 110. Swstem 100 may be designed to
process large documents 112 such as those documents
containing more than 512 words. In this disclosure. a word
refiers 10 a single unit of linguistic elements nsed with others
10 form a sentence, where the word can be the linguistic nnit
of any patural languages or artificial langnages. A pre-
processor (nol shown) may caleulale the word embedding
lor cach word in document 112, and in some cmbodiments.
the pre-processor may apply stemning or other pre-filtering
techniques to document 112, causing deletion of words that

have diversity correlations including gender or race indica- 3

lors Lo promole a bias-lree model. The pre-processor may
caleulate the word embeddings offline in advance and store
the word embeddings for later calculations, thus achieving
real-time performance. In one implementation, the pre-

processor can be a component ol system 1000 implemented 3

using the one or more processing devices ol system 1000
Alternatively. the processor can be implemented on a pro-
cessing device independent from systemn 100, In one imple-
mentation, the pre-processor may inclide a sofiware appli-
calion running on a processing device thal implements a
group of models {e.g.. word2vee) lor caleulating the word
embeddings. The group of models can be context-free
models for caleulating word embeddings free of context or
context-based models for caleculating word embeddings
hased on conlext (e.g., a word In the context of other words
in a sentence). A word embedding can be a veelor containing
data elements of a certain length (e.g., 512 data elements),
where words that have the same meaning may have a similar
representation. The conversion of words in documents 112

inle word embeddings allows Tor the processing ol the s

document by machine learning system such as system T,

Document 112 may include paragraphs composed of
sentences, and sentences composed of words. Thus, docu-
ment 112 can be composed ol a sequence ol words. and

correspomdingly. the pre-processor may caleulale a stream ol 5

word embeddings 104 based on NLI' models, where each
word embedding is associated with a corresponding word in
the document. As discussed above, although BERT neural
nelworks are suitable [or NIP processing lasks (c.g., the task
of translation). a BIRL neural network cannot effectively
process large documents directly when the number of words
in the document exceeds 512,

To overcome this and other deliciencics, the pre-processor
may divide the stream of word embeddings inte segments of
word embeddings 114A-1141). where cach segment include
0o more than 512 word embeddings corresponding t© no
more than 512 words in document 112, In one implemen-
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tation, 1o turther improve the performance of svstem 100,
the pre-processor may generale overlapping scgments ol
word embeddings. As shown in UIG. 1, adjacent segments
within (he stream 114 may share a common sub-segment of
word embeddings. For example, segments 1144 114B may
share a common sub-segient 118A; segments 1148, 114C
may share a common sub-scgment 11613 segments 114,
11413 may share a common sub-segment 116C cle.

Different strategies may be emploved 1o set the end point
of'a segment. In one implementation, a sepment may match
a natural paragraph of text that ends with a period or
line-change prompt. In another implementation. a segment
may be a section of a document. where the section can be
formed according to the tvpe of the document. For example,
a resume may naturally include different sections such as
objective, work experience, skill. education. and  award
seelions. In another implementation, the scgment can be
conlext independent, where cach segment may include an
identical number of words. The context independent strategy

20 may have the advantages of consistency across different

domains ol applications and guaraniced unilorm distribulion
ol numbers ol word embeddings among dilferent scgments.
The unitormity of numbers of word embeddings among
different segments may ensure that the number of word
embeddings within a pre-determined limit (e.g., 512), thus
cnsuring the performance ol the subsequent BUERT neural
networks. The overlapping sub-segments 116A. 11613, 11607
may include at least one common word embedding. In one
preferred implementation to further improve pertformance, a
sub-segment 16A. 11613, 11607 may include 10% of word
cmbeddings contained in any one ol segments 114 A-1141).
The variation ol overlapping word embedding may impact
the performance.

System 100 may receive, as input data, segments 114A-
11413 ol word embeddings derived from stream 114, Syslem
1M may include the one or more processing devices 1o
implement a sequence of translormer newral networks 102,
In one implementation, the sequence 102 may include BERT
neural networks 102A-102D. Each of BERT neural net-
works T02A-102]) may include an identical archileclure
{i.c.. same components and opology). Further, BIRT neural
network 102A4-102D may have been trained using unanno-
tated text data that are readily available on the Internet. In
this disclosure, transtormer neural networks in sequence 102
can be any available type ol BERT ALBIERT. ROBERTAL or
DistilBLER L neural networks. lior concise description, these
different flavors of neural network are collectively referred
to as BERT.

165, 2 illustraies the structure ol a BERT neural network
200 according 10 an implementation ol the disclosure. Reler-
ring o FIG. 2, BIERT neural network 2000 may  include
stacked-up encoders 202 coupled 1o stacked-up decoders
204. In one implementation, BERT neural network 200 may
include six (6 stacked-up encoders 202 and six (6) stacked-
up decoders 204, "The encoders therein may sequentially
process input data which in this disclosure is a segment of
word embeddings 114A-114D. A first encoder in the
stacked-up encoders 202 may receive a segment of word
cmbeddings 114A-1141). and then process (o generale a [irst
cncoded representation oulpul. The oulpul of the [irst
encoder may be fed as the input data 10 a second encoder in
the stacked-up encoders 202 1o generate a second encoded
representation oulpul. In this way. the segment of word
cmbeddings may be sequentially processed through lo gen-
crate a [inal encoded representation oulpul.

The decoders therein may receive the encoded represen-
tation outputs (e.g., any one of the first through the final
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encoded representation output) from stacked-up encoders
202, and sequentially process to generale the [inal resulis.

In ome implementation. cach encoder in stacked-up
encoders 202 may include a common architecture, and
similarly, each decoder in stacked-up decoders 204 may also
ieclide a common architecture. As shown in FIG. 2, each
encoder may include an attention layer 206 and a leed
lorward layer 208. Allention layer 206 can be a scll-allention
laver that may calculate vectors of attention scores for input
data, where a vector of attention scores associated with an
input data point may represent the relevancies between the
present input data point with other inputl data points. In the
example ol text documents. the altention layer 206 ol the
first encoder may receive the word embeddings and caleu-
late a respective vector of attention scores for each word
embedding. The veetor of allention scores may represent the
relevancics between the present word embedding {or word)
with other word embeddings {(or words) in the segment. The
vectors of attention scores may be fed into the feed forward
laver 208. Feed forward laver 208 mav perform linear
caleulations that may transform the veelors ol atlention
scores inlo a lorm that may be fed into a next encoder or
decoder, Since the vectors of attention scores are indepen-
dent from each other, the calculations of feed forward laver
208 can be performed in parallel nsing TPUs or GPUs to
achicve higher computation efMiciency.

Similarly, cach decoder in stacked-up decoders may also
include an attention laver 210 and a feed forward layer 212,
In a practical application such as machine translation

helween two different languages. the document containing 3

the source language may be led inlo the stacked-up encod-
ers, and the documents containing the targel language may
be ted into the stacked-up decoders during the training
process. [n one implementation, stacked-up encoders 202

and stacked-up decoders 204 are lully connecled, meaning 3

cach decoder may receive nol only the (inal but all inter-
mediate encoded representation oulputs rom stacked-up
encoders 202, The stacked-up decoders 204 may penerate an
output vector of a fixed length (e.g., 512) for the BERT
neural network T2A-10212. The oulpul veclor may repre-
sent relevance paramoeters, wherein cach ol the of relevance
parameters represents a contextual relevancy between a
current word with another word in the section.

BERT neural networks 102A-102D may be trained vsing
unannotaled (ext dala and processed in parallel because cach
BIRT neural network 102A-1021) operates independently.
The output vectors from the transformer layver 102 may be
fed, as input data, into two sequence-to-sequence lavers 104,
106. Relerring 1o FIG. 1. sequence-lo-sequence layer 104

may include nodes 104A-1041) that are sequentially con- 5

nected o lorm a lorward processing pipeline, and sequence-
to-sequence laver 106 may include nodes 106A-106D that
are sequentially connected 1o form a reverse processing
pipeline. Nach node 104A-1041) in sequence-lo-sequence

layer 104 may receive an oulpul veclor [tom a correspond- 5

ing BERT 102A-102D), and process them sequentially in a
forward direction. The torward direction in this disclosure
represents from the beginning to the end of document 112,
In comtrast, cach node 106A-10612 in sequence-lo-sequence
layer 106 may also recelve an oulpul veelor from a corre-
sponding BERT 102A-102D, and process them sequentially
in a reverse direction. The reverse direction in this disclosure
represents [rom the end o the beginning of document 112,
BBy processing the outpuls from BRI layer 102 in bolh
dircetions, implementalions may lake inlo consideration
context information from both directions for each word in
the input document.
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In addition 1o the input data trom BERT nevral networlks
102 A-10212, cach node in sequence-lo-sequence layers 104,
16 may receive retaimed inlormation [rom a previous node
in the sequence-lo-sequence processing pipeline, thus pro-
viding further context information to the present node. The
retained intformation received trom the previous node may
cncode the local context inlormation (short lerm memory)
and oplionally. remote context information (long  lerm
memaory). Example sequence-to-sequence nodes may be

3 composed of recurrent neural networl (RNN) nodes, long

and short-term memory (LSTM) nodes, additional trans-
former layers thal are trained using application-speciiic
training data, lincar layers. and convolutional neural net-
work (CNN) lavers.

FIG. 3 illustrates the interconnection between two adja-
cenl nodes in a sequence-lo-sequence layer 300 according 1o
an embodiment ol the disclosure. As shown in UG 3. layer
300 may include a st node 302A and a second node 30213
connected to the first node in sequence. Each node 3024,

20 302B may receive input data x, |, X,, respectively generated

by a BLERT neural network. Additiomally. cach node 3024,
30213 may receive relained inlormation [rom an adjacent
node situated at a prior location on the processing pipeline.
For example, node 302A may receive retained information
(€, 5 ¥, from a prior node, and node 302B may receive
relained inlormation {¢,,. v} [rom node 302A and so on.
The retained inlormation may include local context inlor-
mation ¢, of a prior node, where the local context informa-
tion ¢, may be an internal state of the prior node. The
retained information may [urther include an oulpul v, gen-
crated by (he prior node. The oulpul ¥, may encode nol only
the local context information of the prior node but also
context information from a remote node.

A current node (e.g., node 302B) may caleulate an ontput
fe.g.. ¥,) lor the current node based on the inpul data (e.g.,
%) and the retained information (c.g.. ¢, , andfor ¥, 3. The
current node may also generale retained imformaltion (c.g., ¢,
and/or v,y for a subsequent node in the pipeline. As shown
in FIG. 3, the caleulation of a current node may depend on
the retained inlormation generated in a prior node in the
pipeline excepl Tor the first node where there is no prior
retained information. The first node in the forward direction
corresponds to the node processing the beginning segment
of the input document, or the first node in the reverse
direction corresponds 1o the node processing the last seg-
ment of the inpul document.

Referring to FIG. 1, since each of sequence-to-sequence
lavers 104, 106 is calculated sequentially in order, the node
caleulation in sequence-lo-sequence layer 104, 106 is imple-
menied [or sequential caleulations. In one implementation,
the paramelers ol nodes in sequence-lo-sequence layer 104,
106 are trained vsing task-specific annotated training data
set. Since BERT neural networks 102A-102D are trained
using unannotaled data. they can be available oll-the-shelves
in advance. Then, a small set of training datascet labeled lor
a specific task is needed to train both sequence-to-sequence
lavers 104, 106 using the off*the-shelves BERT neural
networks 102A-102D. In this way, the task-specific lavers
104, 106 may be (ine-luned using a small training dataset.

The outputs ol sequence-lo-sequence layer 104 can be
calculated independently from and in parallel with the
outputs of sequence-to-sequence laver 106. The ourputs
rom sequence-lo-sequence layers 104, 106 may be provided
lo combination layer 108 for combination caleulation. Com-
bination layer 108 may include combination nodes 108A-
1080. Each combination node 108A-108D may receive a
first output vector generated by a corresponding node in
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sequence-to-sequence laver 104 and a second output vector
generated by a corresponding node in sequence-lo-sequence
layer 106. and combine the lwo oulpul veclors inlo a
combined veclor. ‘The combination calculation can be a
concatenation of corresponding results from lavers 104 and
016. In other implementations, the combination caleulation
can be a pooling [unction such as, lor cxample. a2 mean
[unction. a max function, or another neural network layer.
Combination laver 108 may provide the combined vectors to
post-processing laver 110,

In one implementation, post-processing laver 110 may
include an average layer Lo perlorm an clementl-wise average
lor combined veclors generated by combination nodes
108A-108D, and a SofiMax laver 1o perform SoftMax
caleulation on the vector containing the element-wise aver-
ages. The outpul vector generaled by the SoliMax layer may
be provided (o a downstream application which can be a
machine translation application.

In another implementation, the downstream application

can be a human resource application for avtomatically 2

identilying/ranking a job candidale withoul explicil or
implicit bias of a human reeruiter. This application may
volve analvzing talent profiles (e.g., resumes) of job
candidates vsing machine learning models trained based on
historical hiring data and performance data of past hires and
candidates, and comparing the talent proliles against
deseriplions ol jobs. The applications of the disclosure may
include, but not limited to, matching a job candidate (e.g., a
resume or profile of the candidate) with job descriptions,

malching a job description o job candidates, identifying 2

similar job candidales, identifying similar job descriptions.
and inlerring a job position [rom a gquery including one or
more words,

FIG. 44 illustrates a human resource (HR) application

400 [or processing lalent proliles against job descriptions 3

according lo an implementation of the disclosure. Vor this
application, talent profiles can be large documents including
more than 312 words. HR application 400 may include a
system 402A, constructed similar 1o system 100) including
the BHERT neural network layer. the two sequence-lo-se-
gquenee layers, and the combination layer. o process lalent
profiles and generate combined vectors 404A. HR applica-
tion 400 may further include another system 4028 similarly
constructed as svstem 4024 10 process job descriptions and
generate combined vectors 413, Combined vectors 40dA
charactlering lalent profiles and combined vectlors 40413
characterizing job descriptions may be fed into a comparison
laver 406 (e.g., a dot product laver) that may compare
voclors 404A against veclors 40413 o generale comparison

results. The comparison resulls may be used o evaluale a 5

talent profile against a job opening withoul bias.
Implementations of the disclosure may further be vsed tor

clustering representations of a set of input documents based

on similarity measures. The clusters ol representations may

bhe used Tor identilying similar job candidates, identilying s:

similar job descriptions, and inferring an implied meaning
from a query including one or more words, In one imple-
mentation, the clustering operations can be part of the
post-processing 110 as shown in IIG. 1. Allernatively, the
clustering may be implemented as a different layer in
connection with the post-processing 110,

FIG. 4B illustrates a similarity calculation svstem 420
using clustering operations according (o an implementation
ol the disclosure. Similarity caleulation system 4200 may be
built upon BIERT neural network system 100 as shown in
FIG. 1. As shown in FIG. 4B, similarity caleulation system
420 may include BERT neural network svstems 422 that
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may be similarly constructed as system 100 as shown in
IIGr 1. System 422 may include identical or similar com-
ponents as syslem 100, In one implementation. mulliple
coples ol systemn 422 may run in parallel (o process docu-
ments 1,2, .. ., . N (such as, resumes, job descriptions),
where N can be a large integer valve (e.g., =1000). Alter-
natively. one sysiem 422 may run o process documents 1,
2, . ... N in serial. Depending on the practical problems 1o
be sol\ ed, documents 1,2, .. ., N can be resumes or profiles
of job candidates, job dEerlpUOJJ.S, or queries including one
or more words,

l'or cach one of documents 1, 2, .. .. N, sysiem 422 may
caleulale a veelor representation 424 lor the corresponding
document. The vector representation can be the combined
vectors generated at the output of the combination laver 108
as shown in PIG. 1. "Thus, cach document 1. 2, ... . N may
be represenied by a super vector including the combined
veelors for the document. The veclor representalions 424
may be stored in a storage device, or passed directly to a
subsequent clustering laver 426.

Similarity calculation sysiem 420 may lurther include the
clustering layer 426 that may perlorm cluster caleulation
based on representations 424 to cluster representations 424
into one or more clusters in accordance with similarity
measurements. In one implementation, the clustering caleu-
lation can use an unsupervised cluslering model (e.g.,
K-meuans or any suilable unsupervised clusiering algo-
rithms) The clustering model used can be a parameterized
model or a non-parameterized model that may generate
clusters 1. 2, .. ., M, where M 1s an inleger value thal is
smaller than the lotal number (N} ol documents. These
clusters 1, 2, .. .. M can then be used in indexing documents
N. Ai‘rer clustering, each document 1, 2, ..., N
m'i\« be labeled as belonging to a certain cluster 1, 2,

The cluster labels may improve scarch and I'(,lI'I(,\«’:_ll n}f
th documnents.

The clusters 1, 2. ... . M may help identily candidates
with similar job profiles (e.g., those profiles within a same
cluster) or job openings with similar descriptions (e.g., those
job descriptions within a same cluster). '\ddllll)l]d"\-’ the
dislance belween two representations within a cluster may
indicate how similar the two corresponding documents are.
For example, if the distance between the representation of
candidate profile A and the representation of candidate
profile 13 is smaller than the distance belwoeen those ol
candidate profile A and candidale profile C. candidate prolile
A is more similar to candidate profile B than candidate
profile C. Thus, system 420 may rank documents 1,
2, . .. . N based on the similarily measurements. lor
cxample, lor a new document entry, syslem 4200 may rank,
based on clusters 1, 2, . M, the similaritics ol (he new
document with respect to each of documents 1, 2, .. ., . N,
and present the ranking on a vser interface in an intuitive
manmner o (he user.

In one implementation, the clusters can be used In a
search application. For a given search query including one
or more words (e.9,., a selected segment ot a profile or a job
description), svstem 420 may calculate a representation of
the query, and delermine nearest clusiers [or the query. "The
documents within the nearest clusters may be used as the
bases for retrieval. In one implementation, the matching
between the query and the documents in the nearest clusters
are delermined in lerms of 4 cosine similarily measurement
{or any other appropriale distance measurement such as the
lnclidean distance). These documents may be ranked and
presented according to the similarity measurements (ie.,
how close) 1o the query. This may help improve the search
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for a similar document. For example, a vser may select a
query by highlighting a scgment of lext in a document {c.g..
4 skill deseription in a profile) on a user inlerlace, syslem
4200 may identily documents (e, other profiles) thal are
similar to the query and present them in a ranked order
representing the similarities between these documents and
the query.

In one implementation, system 420 may allow the scarch
application 1o provide results above and bevond kevword
search by malking interence. For example, it the query is “I
lead the team responsible for ranking ot all News Feed and
recommendalions across Soclal Network Co. T also helped
build various parts ol infrastructure. algorithms and products
in News Feed over several vears” which is an excerpt from
a resume, system 420 may infer that, based on clusters, that
the person is al a senior lechnical manager position bocause
it s a common trail in the cluster although the query itsell
does nol mention aboul senlorily. Thus, syslem 420 may
derive a job title from a query that does not inquire about the
job title, further improving the search capability. In this
regard, system 420 may identily common traits {cg. a
machine learning skill ete)y within a clusier with ranking.
and then based on the common traits to retrieve documents
(e.g., resumes, job descriptions) explicitly or implicitly
containing, the common trait.

IG5 illusirales a flowchart of a method 300 [or ana-
Iyving large documents using scgmented BIERL neural net-
works according 1o an implementation of the disclosure.
Method 500 may be performed by processing devices that
may comprise hardware (c.g. cireuilry. dedicated logic).
computer readable instructions (e.g., run on a general pur-
pose compuler system or a dedicaled machine), or a com-
bination of both. Method 500 and each of its individual
functions, routines, subroutines, or operations may be per-
lormed by one or more processors ol the computer device
exceuling the method. In certain implementations. method
5000 may be performed by a single processing thread. Aller-
natively, method 500 may be performed by two or more
processing threads, each thread executing one or more
individual lunctions, roulines, subroutines. or operalions ol
the method.

For simplicity of explanation, the methods of this disclo-
sure are depicted and described as a series of acts. However,
acts in accordance with this disclosure can occur in various
orders and/or comeurrently, and with other acts not presented
and described herein. Furthermore, not all illustrated acts
may be needed 1o inmplement the methods in accordance
with the disclosed subject matter. In addition, those skilled
in the art will understand and appreciale that the methods

could aliematively be represcnted as a series of inlerrelaled s

slales via a slale diagram or events, Additionally, it should
be appreciated that the methods disclosed in this specifica-
Tion are capable of being stored on an article of manufacture
o lacilitale transporling and transferring such methods (o
computing devices. The term ©
used herein, is intended to encompass a computer program
accessible from any computer-readable device or storage
media.

Asg shown in UG 3, one or more processing devices may.
al 502, implement a sequence ol transformer neural net-
wotks. In particular, the one or more processing devices may
receive a segment of a stream of word embeddings, where
cach segment ol the stream may include a delermined
number ol word embeddings caleulated from a soction ol a
Lext document, two adjacent trans former neural networks in
the sequence receive two segments corresponding to two
adjacent sections that have at least one overlapping word,

‘article ol manulacture,” as s
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and calculate an output vector comprising relevance param-
clers, where cach ol the determined number ol relevance
paramelers represents a conlextual relevancy belween a
currenlt word with another word in the section. In one
implementation, to speed up the caleulation, the embeddings
associated with a text document (e.g., the profiles of job
candidales) can be pre-caleulated ollline in advance and
cached in a storage. "The caching ol embeddings may allow
real-time implementation of system 100.

At 504, the one or more processing devices may imple-
ment first and second sequence-to-sequence lavers that each
comprises 4 sequence onodes. [n particular, (he one or more
processing devices may receive the oulpul veelor generated
by a corresponding transformer in the sequence of trans-
tormer neural network, receive retained intormation trom an
adjacent node. and caleulaling a score vector, where the [irst
sequence-lo-soquence layer 1s o process the received oulpul
veelors sequentially in a lorward direction Lo generate a first
set of score vectors, and the second sequence-to-sequence
laver is 10 process the received output vectors sequentially in
a reverse direction Lo generale a sceond sel of score veclors.,

AL 506, onme or more processing devices may implement
an output laver to provide the first set and second set of score
vectors to a downstream application of a natural language
processing (NLDP) task.

Compared (o traditional 131R ] neural network implemen-
lations where words exceeding the 512 word upper limit are
disreparded, implementations of the disclosure mayv take
into consideration all words in a large document by dividing
the document inlo overlapping segments. Implementations
may then process dillerent scgments in parallel using a
BERLD neural network layer conlaining multiple BERT
nodes, and then wvsing forward and reverse direction
sequence-to-sequence lavers to further fine-tune the results
lo a specific lask. Implementations ol the disclosure have
been tested o show superior perlormance Tor NP (asks.

I1(3. 6 depicts a block diagram ol a compuler sysiem 600
operating in accordance with one or more aspects of the
present disclosure. In various illustrative examples, com-
puter system 600 may implement translormer neural net-
works system 100 of G, 1.

In certain implementations, computer svstem 600 may be
connected (e.g., ¥ia a network, such as a Local Area Net-
work (LAN), an intranet, an extranet, or the Internet) 1o
other compuder systems. Computer system 600 may operale
in the capacily of a server or a clienl computer in a
client-server environment, or as a peer coluputer in a peer-
to-peer or distributed network environment. Computer sys-
lem 600 may be provided by a personal computer (PCTY, a
lablel PCL a sel-lop box (8T13), a Personal Digital Assistant
{(PDA). a ccllular telephone. a web appliance, a server, a
network router, switch or bridge, or any device capable of
executing a set of instructions (sequential or otherwise) that
specily actions 1o be taken by thatl device. Further, the lerm
“compuler™ shall include any collection of computers that
individvally or jointly execute a set (or multiple sers) of
instructions to perform any one or more of the methods
described herein.

In a urther aspoect, the compuler sysiem 600 may include
a processing device 602, a volatile memory 604 (cg.,
random access memory (RAM)), a non-volatile memory 606
{e.n., read-only memory (ROM) or electrically-erasable
programmable ROM (1IEPROMY), and a data storage device
616. which may communicate with cach other via a bus 608.

Processing device 602 may be provided by ome or more
processors such as a general purpose processor (such as, for
example, a complex instruction set computing (CISC)
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Inicroprocessor, a reduced instruction set computing (RISC)
microprocessor. 4 very long instruclion word (VIIW)
microprocessor. 4 microprocessor implementing other types
of nstruction scls. or a microprocessor implementing 2
combination of types of instruction sets) or a specialized
processor (such as, for example, an application specific
integrated circuit (ASIC), a licld programmable gale array
(I'PGAY. & digital signal processor (1D8P), or a neltwork
PrOCessor).

Computer system 600 may further include a network
itertace device 622 Computer svstem 600 also may
include a video display unit 610 {c.g., an [.C13), an alpha-
numcric inputl device 612 {(c.g.. a keyboard), a cursor control
device 614 (e.g., a mouse), and a signal generation device
620

Data slorage deviee 616 may include a non-transitory
computer-readable storage medium 624 on which may store
instructions 626 cncoding any onc or more of the methods
or functions described herein, including instruetions of the
transtormer nevral networks svstem 100 of FIG. 1 for
implementing method S00.

Instructions 626 may also reside, complelely or partially.
within volatile memory 604 and/or within processing, device
602 during execution thereot” by computer svstem 600,
hence, volatile memory 604 and processing device 602 may
also constitule machine-readable storage media.

While computer-readable storage medium 624 is shown
in the illustrative examples as a single medium, the term
“computer-readable storage medium™ shall include a single

medium or multiple media {e.g.. a centralized or distributed 2

dalabase. andfor associaled caches and servers) that store the
ome or more sels ol executable instructioms. The term
“computer-readable storage medium™ shall also include any
tangible medium that is capable of storing or encoding a set

of nstructions for execution by a compuler thal cause the 3

computer 10 perlorm any one or more ol the methods
deseribed herein. The term “computer-readable slorage
medivm™ shall include, but not be limited to, solid-state
memories, optical media, and magnetic media.

‘The methods, components. and leatures deseribed herein
may be implemented by discrele hardware components or
may be integrated in the functionality of other hardware
components such as ASICS, FPGAs, DSPs or similar
devices. In addition, the methods, components, and features
may be implemented by (irmware modules or lunciional
circuilry within hardware devices. Further. the methods.
components, and features may be implemented in any com-
bination of hardware devices and computer program com-
pornents, or in compuler programs.

Unless  specilically  stated otherwise, lerms such as 5

a LN

“recelving,” “associaling,” “determining.” “updating” or the
like, refer to actions and processes performed or imple-
mented by computer systems that manipulates and trans-
lorms data represenled as physical {electronic) quantitics

within the compuler system registers and memorics inlo 5

other data similarly represented as physical quantities within
the computer system memories or registers or other such
formation storage, transmission or display devices. Also,
the terms “lirst,” “sccond,” “third.” “lourth,” cle. as used
herein are meant ag labels (o distinguish among different
elements and may not have an ordinal meaning according to
their numerical desighation.

I'xamples deseribed herein also relate Lo an apparatus for
perlorming the methods deseribed herein. “This apparatus
may be specially constructed Tor perlorming the methods
described herein, or it may comprise a general purpose
computer system selectively programmed by a computer
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program stored in the computer svstem. Such a computer
program may be stored in a compuler-readable langible
storage medium.

The methods and illustrative examples deseribed herein
are not inherently related to any particular computer or other
apparatus. Various general purpose svstems may be used in
accordance with the teachings deseribed herein. or it may
prove comvenient Lo construct more specialized apparalus 10
perform method 300 and/or each of its individual fonctions,
routines, subroutines, or operations. Examples of the struc-
ture tor a variety of these systems are set forth in the
desceriplion above.

The above deseription is inlended 10 be illustrative. and
not restrictive. Although the present disclosure has been
described with references to specific illustrative examples
and implementations. it will be recognized that the present
disclosure is not limited 1o the examples and implementa-
tions deseribed. The scope of the disclosure should he
determined with reterence 1o the following claims, along
with the full scope of equivalents to which the claims are
cntilled.

What is claimed is:
1. A system comprising ohe or more processing devices
and one or more storage devices tor storing instructions that
when exceuled by the one or more processing devices cause
the one or more processing devices o implement:
a sequence of trained transformer neural networks,
wherein each of the trained transtormer neural net-
works in the sequence 15 Lo:
receive a segmenl ol a stream ol word cmbeddings,
wherein cach scgment ol the stream comprises a
determined number of word embeddings caleulated
from a section of a text document, Two adjacent
trans [ormer neural networks in the sequence receive
lwo segmenlts sharing an overlapping sub-scgment
that includes at least one word; and

caleulate an output vector comprising relevance param-
eters, wherein each of the determined number of
relevance paramelers represents @ conlextual rel-
cvanecy belween a current word with another word in
the section;
first and second sequence-to-sequence lavers that each
comprises a sequence of nodes, wherein each node of
the sequence ol nodes is Lo
receive the oulput veclor generaled by a corresponding
transformer in the sequence of transtormer neural
networks;

receive 4 relained information from an adjacent node;
and

caleculale a score veetor based on the received oulpul
vector and the retained intormation, wherein the first
sequence-to-sequence laver is 1o process the
received oulpul veelors sequentially in a forward
direction o generale a [irst sel of score vectlors. and
the second sequence-to-sequence laver is o process
the received output vectors sequentially in a reverse
direction 1o generate a second ser of score vectors;
and

an pulpul layer o provide the [irst sel and second sel of
score vectors to a downstream application of a natural
language processing (NLI) task.

2. The system of claim 1. whercin the one or more

processing devices are [urther 1o implement:

4 combination layer comprising a sequence ol combina-
tion hodes, wherein each of the sequence of combina-
tion nodes is 1o
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receive a corresponding first score vector from the first
sequence-lo-sequence layer and a corresponding see-
ond score veclor from the sceond sequence-lo-se-
guence layer: and

combine the first score vector and the second score
vector, wherein the output laver is 1o provide the
combined first and sceond score vectors o the down-
stream application.

3. The system of claim 1, wherein the sequence of trained
transtormer nevural networks are trained vsing a first set of
unannotated text data, and wherein the first and second
soquence-lo-sequence layers are trained using a sceond set
ol amolated text dala thal are labeled specilically lor the
NLP task.

4. The system of claim 1, wherein each transformer neural
nelwork in the sequence comprises stacked-up encoders and
slacked-up decoders. and wherein cach of the encoders
comprises an allention layer and a leed [orward layer, and
each ot the decoders comprises an attention laver and a feed
forward layer.

5. The system ol claim 4, wherein an allention layer ol a
first encoder ol the stacked-up encoders is Lo

receive the segment of the stream of word embeddings;

caleulate, using the received segment of the stream of
word embeddings, an attention score vector for each
word in the section ol words associated with the
segment of the stream of word embeddings: and

provide the attention score vector to a feed forward laver
of the first encoder 1o generate a first filtered attention
sCOTe veclor.

6. The syslem ol claim 5, wherein an allention layer ol a

second encoder ol the stacked-up encoders 1s 10

recerve, trom the teed torward laver of the first encoder,
the first filtered attention score vector;

calculale, using the (irst [illered atlention score veclor, 4
seeond allention score veelor: and

provide the second allention score vector o a leed lor-
ward laver of the second encoder to generate a second
filtered attention score vector.

7. The system ol claim 6, wherein the stacked-up decoders
are lo receive the allention score voclors [rom (he stacked-up
encoders, and generate the output vector comprising the
relevance parameters,

8. The swstem of claim 1, wherein the one or more
processing devices comprise al least one ol a lensor pro-
cessing unil {(1PUY or a graphics processing unit ((GPU) that
is capable of parallel computing, and wherein the at least one
of the TP or the GPU is to implement the sequence of
trans [ormer neural network lor parallel caleulation. and (o
implement the [irst and second sequence-lo-sequence layors
lor sequential caleulation.

9. The system of claim 1, wherein the first and second
sequence-to-sequence lavers are one of long short-term
memory layers (1L5TM) or recurrent neural nelwork layers
{(RNN).

10. The system of ¢claim 1, wherein the text document
comprises more than 512 words, wherein each section of the
1ext document comprises no more than 312 words, and
wherein the at least one overlapping word comprises 10% ol
wards in cach of the two adjacent sections.

11. The system of claim 1, wherein the one or more
processing device are to implement:

a sceond sequence of translormer neural networks.
wherein cach transformer neural network in the second
sequence is
receive a segment of a stream of word embeddings

derived from a second text document; and
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caleulate a second output vector comprising relevance
paramelers; and

third and [ourth sequence-to-sequence layers that caleu-

lalc a third sel and a fourth sel ol score vectors,
respectively,

wherein the one or more processing devices are to turther

implement a comparison layer Lo compare 4 combina-
tion ol the first sel ol score veetors and the second sel
of score vectors against a combination of the third set
of score vectors and the fourth set of score vectors.

12. The system of claim 11, wherein the text document
comprises 4 resume ol & job candidate. and the second lext
document comprises @ job deseription, and whoerein the
comparison laver comprises a dot product caleulation
between two vectors.

13. "The system ol claim 2, wherein the one or more
processing deviees are [urther 1o implement: a clustering
layer Lo cluster the combined first and sceomd score veclors
into one of a plurality of clusters, and wherein responsive to
receiving a query including one or more words, the one or
more processing devices are Lo delermine a nearest cluster 1o
the query. and retrieve al least one lext document from the
nearest cluster based on a similarity measurement between
the query and the at least one text docuwment.

14. A method comprising:

implementing, by one or more processing device, a

sequence ol transformer neural networks. wherein

wplementing the sequence of trained transtormer neu-

ral networks comprises implementing each transtormer

neural network in the scquence comprises:

receiving a segment ol a siream of word cmbeddings,
wherein cach scgment ol the stream comprises a
determined number of word embeddings caleulated
from a section of a text document, Two adjacent
trans [ormer neural networks in the sequence receive
lwo segmenlts sharing an overlapping sub-scgment
that includes at least one word; and

caleulating an output vector comprising relevance
parameters, wherein each of the determined number
ol reélevance parameters represents a contexlual rel-
cvanecy belween a current word with another word in
the section;

implementing first and second sequence-to-sequence lay-

ers that each comprises a sequence of nodes, wherein

implementing cach node ol the sequence of nodes

compriscs:

recetving the outpur vector generated by a correspond-
ing transtormer in the sequence of transformer nevral
nelbworks:

receiving retained inlormation [rom an adjacent node;
and

caleulating a score vector based on the received output
vector and the retained intormation, wherein the first
sequence-lo-sequence  layer s o process  the
received oulpul veelors sequentially in a forward
direction to generate a first set of score vectors, and
the second sequence-to-sequence laver is o process
the received output vectors sequentially in a reverse
direction o generale a second sel of score veclors;
and

implementing an output laver 1o provide the first set and

second set of score vectors 1o a downstream application
ol a natural language processing (N1LP) task.

15. The method of claim 14, lurther comprising:

implementing a combinalion layer comprising a scquence

of combination nodes, wherein implementing each of
the sequence of combination nodes comprises
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receiving a corresponding first score vector from the
first sequence-lo-sequence layer and a corresponding
sceond score veclor from the second sequence-lo-
sequence layer; and

combining the first score vector and the second score
vector, wherein the output laver is 1o provide the
combined first and second score vectors 1o the down-
stream application.

16. The method ol claim 14, wherein the sequence ol
trained transtormer nevral networks are trained using a first
set of unannotated text data, and wherein the first and second
soquence-lo-sequence layers are trained using a sceond set
ol amolated text dala thal are labeled specilically lor the
NI.P task.

17. The method of claim 14, wherein implementing each
transtormer neural network in the sequence comprises
implementing stacked-up encoders and stacked-up decod-
ers, and wherein cach ol the encoders comprises an allention
laver and a feed forward laver, and each of the decoders
comprises an attention laver and a feed forward laver.

18. The method of claim 14, wherein the one or more
processing devices comprise al least one ol a lensor pro-
cessing unil {(1PUY or a graphics processing unit ((GPU) that
is capable of parallel computing, and wherein implementing
the sequence of transformer nevural network comprises
implementing the sequence ol translormer neural network
using the al least ome of the TPU or the GPU [or parallel
caleulation, and implementing  the [lirst and  sccond
sequence-to-sequence lavers comprises inplementing the

first and second sequence-to-sequence lavers for sequential -+

caleulation.

19. The methed of claim 14, wherein the first and second
soquence-lo-sequence layers are implemented as one of long
short-term memory lavers (LSTM) or recurrent neural net-
wotk lavers (RNN).

20 The method ol claim 14. wherein the text document
compriscs more than 512 words. wherein cach seetion ol the
1ext document comprises no more than 312 words, and
wherein the at least one overlapping word comprises 10% of
words in each of the two adjacent sections.
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21. A machine-readable non-transitory storage media
cncoded with instructions that, when executed by one or
more processing devices, cause the one or more processing
devices 1o

a sequence of trained transformer neural networks,

wherein  cach  translormer  neural network  in the

sequence Is o

receive a segmenl ol a stream ol word cmbeddings,
wherein each segment of the stream comprises a
determined number of word embeddings caleulated
from a section of a text document, two adjacent
trans [ormer neural networks in the sequence receive
two segments sharing an overlapping sub-segment
that includes at least one word; and

caleulate an output vector comprising relevance param-
clers, wherein cach of the delermined number of
relevance paramelers represents @ conlextual rel-
evancy between a current word with another word in
the section;

first and sccond sequence-lo-sequence layers that cach

comprises 4 sequence ol nodes, whereln cach node of

the sequence ol nodes is Lo

recetve the output vector generated by a corresponding
transformer in the sequence of transtormer neural
neiworks:

receive 4 relained information from an adjacent node;
and

caleulate a score vector based on the received output
vector and the retained intormation, wherein the first
sequence-lo-sequence  layer s o process  the
received oulpul veelors sequentially in a forward
direction to generate a first set of score vectors, and
the second sequence-to-sequence laver is o process
the received oulputl veclors sequentially in a reverse
direction o generale a second sel of score veclors;
and

an output laver to provide the first set and second set of

score vectors to a downstream application of a natural
language processing (NP task.
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