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Abstract

The main problem in building intelligent systems is the lack of data for machine learning, which is especially important
for sign language recognition for the deaf and hard of hearing. One of the ways to increase the amount of data for
training is synthesis. Unlike speech synthesis, it is impossible to create a sequence of gestures in Vietnamese and some
other languages that exactly repeat the text. This is due to the significant limitations of the gesture dictionary and the
different word order in sentences. The aim of the work is to enrich the educational corpus of video data for use in creating
recognition systems for the Vietnamese Sign Language (ViSL). Since it is impossible to translate the words of the source
text into gestures one to one, the problem of translating from a regular language into a sign language arises. The paper
proposes to use a two-phase process for this. The first phase involves pre-processing the text with standardization of the
text format, segmentation of words and sentences, and then encoding the words using the sign language dictionary. At this
stage, it should be noted that there is no need to remove punctuation marks and stop words, since they are related to the
accuracy of the N-gram model. Next, instead of using syntactic analysis, a statistical method for forming a sequence of
gestures is used, and the Markov model on the transition graph between words is taken as a basis in which the probability
of the next word depends only on the two previous words. Transition probabilities are calculated on the existing marked
corpus of the ViSL. The Breadth-first Search method is used to compile a list of all sentences generated based on a given
grammatical rule and a matrix of semantic interactions between words. The inverse of the logarithm of the product
of the probabilities of co-occurrence of consecutive 3-word phrases in a sentence is used to estimate the frequency of
occurrence of that sentence in a given data set. Based on the ViSL data of 3,234 words, we calculated probability matrices
representing the relationships between words based on Vietnamese natural language data with 50 million sentences
collected from Vietnamese newspapers and magazines. For different grammar rules, we compare the number of generated
sentences and evaluate the accuracy of the 50 most frequent sentences. The average accuracy is 88 %. The accuracy of
the generated sentences is estimated by manual statistical methods. The number of generated sentences depends on the
number of word parts that are labeled according to the grammar rules. The semantic accuracy of the generated sentences
will be very high if the search words are labeled with the correct part-of-speech tagging. Compared with machine learning
methods, our proposed method gives very good results for languages without inflections and word order that follow
certain rules, such as Vietnamese, and does not require large computational resources. The disadvantage of this method
is that its accuracy largely depends on the type of word, sentence, and word segmentation. The relationship of words
depends on the observed dataset. Future research direction is to generate paragraphs in sign language. The obtained data
can be used in machine learning models for sign language processing tasks.
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AHHOTaNMS

Beenenne. OcHOBHOM mpo061eMOIt TPK MOCTPOSHNH WHTEIIEKTYaTbHBIX CHCTEM SIBISETCSA HEOCTaTOYHOCTh JAHHBIX
JUTSI MAIITMHHOTO 00Yy4YeHHs, 4TO 0COOCHHO aKTya bHO AT PACTIO3HABAHUS SI3bIKA YKECTOB IS ITYXMX U CIIA00CIBIIIAIIINX
mropeit. OnHUM U3 c0CO0O0B yBEIHUYSHUS! 00beMa JaHHBIX JUTA 00ydIEeHHs] HHTEIUIEKTYadIbHBIX CHCTEM SBISETCS MX
cuHTe3. B ommume oT cuHTe3a pedn, co3aBaTh MOCHIEI0BATEILHOCTD JKECTOB Ha BRETHAMCKOM M HEKOTOPBIX JPYTHX
S3bIKaX, B TOYHOCTH TTOBTOPSIOMINX TEKCT, HEBO3MOXHO. DTO CBSI3aHO C CYIIECTBEHHON OIPaHHYEHHOCTBIO CIIOBapSI
JKECTOB M OTIIMYAIONIMMCS MTOPSIIKOM CJIOB B NpeUIoKeHUsX. Llenbio paboThl siBisieTcst oboramienie o0yJaroniero
Ha0Opa BHICOMAHHBIX JIJIsl CO3/IaHKsI CUCTEM Paclio3HaBaHHUsI BRETHAMCKOTO si3bika xkecToB (Vietnamese Sign Language,
ViSL). Metoz. ITocKobKy TPaHCIHPOBATh CII0BA HCXOIHOTO TEKCTa B )KECThl HEBO3MOXKHO, BOSHHUKAET 33/1a4a IIepeBoyia
¢ 0OBIYHOTO sI3bIKa HA JKECTOBBIN. [l pemeHns ToCTaBIeHHON 3a1auu B paboTe MCHONb30BaH ABYX(a3HbIN mporecc.
Ha mepBoii ¢a3ze BrimonHAeTCS npeaBapuTenbHas o0paboTka TeKCTa Co CTaHAapTU3aluel TeKCTOBOTO (opmara,
CeTMEHTANNeH CIOB M MPEATOKeHNH, a 3aTeM KOJUPOBAaHHE CIIOB C MOMOIIBIO CIOBApS sI3bIKa kecToB. Ha mannom
JTamne He TpeOyeTcs yNaIATh 3HAKH NMPEIMHHAHUS U CTOI-CIO0BA, IIOCKOIBKY OHU CBS3aHBI C TOYHOCTHIO N-TpaMMOBOH
Monenu. Ha Bropoit ¢aze BMECTO MCHOIB30BAaHUSI CHHTAKCHUYSCKOTO aHANN3a NMPUMEHSETCS CTaTUCTHYECKUI
MeToJ (hOPMUPOBAHUS MOCIIEAOBATEILHOCTH JKeCTOB. [Ipu 3TOM 3a 0CHOBY Oepercsi MapKOBCKasi MOJIeNb Ha rpade
MIePEX0/I0B MEKY CIOBaMHU, B KOTOPOH BEPOATHOCTD CJIEAYIOLIETO CJI0BA 3aBUCUT TOJIBKO OT JBYX IPEIbIAYIINX CIIOB.
BeposiTHOCTH Mepexo/10B BBIUUCIIIOTCS Ha CYIIECTBYIOIIEM pa3MeueHHoM Habope ViSL. Merox rpadoBoro nmoucka
B IIMPHHY HCTIONB3yeTCs Ul COCTABIEHUS CITHUCKA BCEX MPEAIOKEHHH, CTeHePUPOBAHHBIX HA OCHOBE 3aJaHHOTO
TrPaMMaTHYECKOTO MPAaBMUIA M MAaTPUIBl CEMAHTHYECKOTO B3aUMOAEHCTBHA Mexay cinoBamu. OOpaTHOe 3HaUCHHE
Jorapudma TpOU3BeICHHUS BEPOITHOCTH COBMECTHOTO TOSBICHUS MOCIEA0BATEIBHBIX CIOBOCOUYETAHHH U3 Tpex
CJIOB B TPEUIOKEHHUU UCTIONB3YETCS Il OIEHKH YaCTOTBI BCTPEUAEMOCTH 3TOTO TPEJIOKEHNUS B 3aJaHHOM Habope
naHHbIX. OcHOBHBIE pe3yabTaThl. OCHOBBIBAsCH Ha JTAaHHBIX ViSL, cocrosimmx n3 3234 ci1oB, pacCUnTaHbl MaTPHIIBI
BEPOSITHOCTH, MPEACTABIISIONINE OTHOIICHNSI MEX/y CIOBaMH, Ha OCHOBE JaHHbBIX VISL ¢ 50 MitH mpeanoxeHui,
COOpaHHBIX M3 BHETHAMCKHX T'a3eT U )KypHaJoB. J[JIs pa3iuuHbIX rPaMMaTHYECKUX MPABUII BHINOJIHEHO CPaBHEHHUE
KOJIMYeCTBa CTCHEPUPOBAHHBIX MIPEATIOKEHUH 1 OIleHKa ToYHOCTH 50 Hanbosee 4acTo BCTPEUArOLNXCs PEIOKEHUH.
Cpennsist TO4HOCTB cocTaBuia 88 %. ToYHOCTh CreHeprpOBaHHBIX MPETIOKEHNH OI[EHEHa CTAaTUCTUUECKUMHU METOIAMH.
Ioka3aHo, 4TO YNCIIO CTEHEPHUPOBAHHBIX MPENIOKEHNI 3aBUCUT OT KOIMYECTBA YacTeH CI0BA, KOTOPBIE TIOMEYEHBI B
COOTBETCTBHHM C MpaBWIaMH rpaMMaTHKi. CeMaHTHYeCKass TOYHOCTh CTEHEPUPOBAHHBIX MPEATOKEHHH BBICOKA, €CITH
TIONCKOBEIE CJIOBA ITOMEYEHBI MPABIIBHBIME dacTsiMu peun. Ob6cy:xaenne. [Io cpaBHEHHIO ¢ METOJaMU MAITHHHOTO
o0ydJeHusI, IperaraeMasl MoJIeIb JaeT XOPOIIHe Pe3yIbTaThl sl SI36IKOB 0e3 CIIOBOM3MEHEHUH M MOpSIKa CIIOB,
CJIEIYIOIINX OINPEEeICHHBIM NPABMIIaM, TAKUX KaK BLETHAMCKHHU S3bIK, U He TPeOyeT OOJIBIINX BBIYHACINTEIBHBIX
pecypcoB. Heocrarkom Mozienu sIBIsIETCsl 3aBUCUMOCTh TOYHOCTH OT THUIIA CJIOBA, IIPEUIOAKEHUS U CErMEHTALUU CIIOB.
B3anMOCBs3b CIIOB 3aBUCHUT OT HaOJr0faeMoro Habopa JaHHbBIX. Byaylee HarnpaBieHne UCCIeI0BaHu — CO3/IaHne
a03a1ieB Ha s3bIKe skecTOB. IlomydeHHbIe JaHHbIE MOTYT OBITh MCIOIB30BaHbl B MOJIEAX MAIIMHHOTO OOy4eHHs IS
3a1a4 00paOOTKH S3bIKA )KECTOB.

KiwueBble ciioBa
BbETHAMCKHH SI3BIK JKECTOB, MOJCJIb A3BIKA )KECTOB, ABTOMATUYECKHN I'CHEpALIUA HpCZ[JIO)KeHI/II‘/'I, n-rpamMm, MOA€JIb
MapKOBa, MCTOQ rpa(posoro IIOMCKa B IIUPUHY, 060FaH1€HI/IC JAHHBIX, TPaMMAaTHYCCKUE ITpaBuJia

Cceblaka nus uurupoBanus: lanr X., becemeprtaenii U.A. ViSL model: Mmogens aBToMaTHueckoil TeHEpaluu
TPEIOKEHUH BLETHAMCKOTO sI3bIKa 5KkeCTOB // HayqHO-TeXHUUYECKN BECTHHK HH(POPMAIIMOHHBIX TEXHOIOTHI, MEXaHHUKH
u ontuku. 2024. T. 24, Ne 5. C. 779787 (na anrn. s3.). doi: 10.17586/2226-1494-2024-24-5-779-787

Introduction

Recent years have been marked by the rapid
development of artificial intelligence technologies
which have significantly changed the quality of human
life, especially for people with disabilities. In particular,
research in the field of sign language recognition at the
word [1-3] and sentence level [4-6] has yielded very
good results opening promising directions for further
development aimed at reducing the socialization gap of
people with hearing and speech impairments. Sign language
in each country has its own unique characteristics, but the
common point is that gestures and facial expressions are the

main elements of sign language. From a semantic point of
view, sign language is closely related to natural language
and carries national and cultural characteristics. To express
the meaning of a sentence in sign language, it is necessary
to perform a grammatical conversion process from natural
language to sign language, and then match the words with
the corresponding gestures. In the sign languages of some
countries, such as Vietnam [7] and Russian [8], word
order changes compared to natural languages. One of the
problems of generating gestures is that the vocabulary of
sign language is significantly smaller compared to the
vocabulary of natural languages. In particular, Vietnamese
Sign Language (ViSL) has only 3,234 words.
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The task of recognizing sign language using machine
learning requires large amounts of labeled data. A proven
method for enriching data corpora is synthesis. The purpose
of this study is to enrich labeled data corpora for ViSL
recognition by generating sign language interpretation
videos.

Problems with language models

In the field of natural language processing, language
models are widely and effectively used in tasks such as:
language recognition and machine translation models
[9], spelling error detection and sentence editing [10],
etc. Building a language model is necessary to create
applications that require understanding language. Sign
languages are closely related to natural languages, but using
natural language models to understand sign languages is not
possible. The reason is that word order and grammatical
structure are different; many words in natural languages
were not represented in sign language [7, 8].

Published research on sign language processing
mainly focuses on problems and methods of recognizing
sign language at the letter and word level [1-3], at the
continuous level [4—6]. To advance research at higher
and more complex levels, such as problems in machine
translation from sign language, it is necessary to create a
language model specifically for sign language. An effective
model of sign language will help the computer take into
account the semantics and representational context of
sentences.

The construction of a natural language model can be
carried out in accordance with three main approaches.

— Construction of a language model using a knowledge
base created by language experts [11]. The language
model is built on the basis of a set of knowledge
base rules: Grammatical — Ungrammatical,
Intra-grammatical — Extra-grammatical, Non-
grammatical — Out-of-grammatical, Qualitative
language model — Quantitative language model. The
advantage of this method is that it does not require
training data. The disadvantage is that it is difficult
to develop and requires time and the involvement of
language experts. This model produces highly accurate
results for written language (formal), but the results
may not be reliable for spoken language (informal). In
addition, it is unable to predict the appearance of a word
and is unable to generate text.

— Building language models using statistical methods
[12]. This is a method for calculating the probability
distribution for a string of words of length £ words:
wi, ..., wg denoted by P(wy, wa, ..., wg), where {wy,
wa, ..., Wkt € Wis a set of data belonging to a particular
language. Then the probability of occurrence of the
sequence wi, wy, ..., wg will be calculated using the
following formula:

P(Wl, wa, ..., WK) =
= P(Wl)P(W2|W1) P(WK|W1, wp, ..
K

= 1 P(wglwi, wa, ..., wg_1),
k=1

W WK-1) =

where P(wglwi, wa, ..., wg_1) this is the probability of the
word wg given the known probability of occurrence of the
sequence wi, wa, ..., wg_1. Given that the frequency of
occurrence of the strings wi, wy, ..., wx_1 and wy, wa, ..., wg
is equal to fx_; and fk, respectively, we can calculate the
probability of occurrence of the word wg in a set of texts
when we know that the probability of occurrence of the
string wy, wy, ..., wg_1 is equal to: P(wglwy, wa, ..., Wg_1) =

= Jf—K Calculating the probability of occurrence of the
k-1

word wg, taking into account that it depends only on the

occurrence of N — 1 words before it in accordance with

Markov’s law, we obtain the formula for the N-gram

Markov model [13]:

P(WK|W1, w2, ..., WK_1) = P(WK|WK_N+1, WEK-N+25 «--5 WK_]).
The disadvantage of this method is that it requires large

computational and storage resources for large data sets. In

addition, if a pair of words rarely occurs together in this
data set, the probability will be close to 0. To overcome
this disadvantage, data smoothing methods are used in

N-gram calculations, such as Discounting, Back-off, and

Interpolation. In addition to improving the accuracy of

semantic structure, some studies have combined N-grams

with a structured Language Model (Structured LM).

— Building language models using a neural network.
For this method, the words in a sentence will be
encoded into vectors, and the sentences will be
a series of encoded vectors of words. According to
this architecture, the input data will be fed to neural
networks for processing time series data, such as
Recurrent Neural Networks (RNN) [13], Long Short-
Term Memory (LSTM) [14], Transform [15]. The
main advantage of this method is that it allows you
to perceive the context of words, producing accurate
results without paying attention to the grammar of
the language. The disadvantage is the need for large
amounts of data and large computing resources.

In addition to the above approaches, the Large
Language Model (LLM) [16] is currently attracting the
most attention due to its accuracy and ability to understand
language. However, implementing the LLM model is
very difficult because it is very expensive in terms of
computational resources as well as a huge amount of data.
For sign languages, the vocabulary size is not large enough
for us to build a model to obtain sign language data using
statistical methods.

Description of the proposed model

Automatic generation of sentences in sign language

To build a model of machine translation into sign
language, the task of recognizing gestures in videos is
not enough. A sign language machine translation model is
effective if it is implemented in conjunction with a language
model for a specific sign language, since the vocabulary of
sign languages is often much smaller. Thus, building a
language model for sign language using statistical methods
would be appropriate. In this study, the main tasks for
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Natural language text data Vocabulary of sign

language Set of synonyms

( R

Encoder of sentences according to the index of words in the sign
language solid word set

A

Calculate the probability distribution table of relationships of sign
language words appearing in the data set.

G 2
Algorithm for finding paths on graphs combined with grammatical
rules of sign language

A set of sentences of sign language is generated.

Fig. 1. Diagram summarizing the process of generating
sentences in sign language

constructing a language model of ViSL and generating Sign
Language sentences are summarized as shown in Fig. 1.

After performing pre-processing steps on the input text
dataset, such as removing special characters, html tags,
word segmentation, punctuation standardization, sentence
segmentation, the sentences in the dataset will be encoded
and indexed by words in the ViSL dictionary. A dataset
of synonyms will be added to reduce variance given that
the number of words in sign language is much less than in
natural language. Words that are not in the sign language
dictionary will be coded as 0.

We will calculate the probability distribution table of
interactions between words in a sign language dictionary
according to the Markov property of the N-gram model.
Next, algorithms that map paths in a graph in combination
with the grammatical rules of sign language will be used to
generate sentences in sign language.

Constructing a probability matrix representing the
interactions between words in the ViSL dictionary

ViSL sentences are a set of sign language words of
size L words, with any two words from the dictionary
set {W;, W;} € VS,0<1i,j<N-—1.Then P(W;, d) is the
probability that the word W; will appear after the word W;
at a distance of d words, will be calculated by the formula:

Jowa
{PWij, d) = f—mdex(;) —index(i)=d, d> 0,

;

where f(v|w,) frequency of occurrence of the word 1¥; and
the word I7; in one sentence and in the data set. Condition:
index(j) — index(i) = d, d > 0 guarantees that the word 1¥;
follows the word W; at a distance of d words, f,; is the
frequency of occurrence of the word W} in the data set.

The above formula corresponds to the properties of
the Markov model, that is, we assume that the occurrence
of the word J¥; depends only on the previous n words.
In this study, we consider the occurrence of the word W¥;
depending only on the word ;. The d value reflects the
interaction between two words. The smaller d, the more the
word W; will depend on the word W;. We calculate three
probability distribution tables corresponding to the values
d=1,2,3.

To optimize time, it is necessary to calculate a table
of probability distributions for matching words in a data
set. We propose a method for encoding a dataset and then
reviewing each sentence. A data set of size N sentences will
have O(N) complexity.

BFS search algorithm for generating sentences in
ViSL

Unlike natural language, the word order of sentences in
ViSL varies compared to natural language [17]. In natural
languages, the sentence structure is usually S (subject) —
V (predicate) — O (object), while in sign languages the
sentence order will be: S (subject) — O (object object) —
V (predicate). This means that the object must first be
identified before the appropriate gestures can be used to
express the action. Here are some basic grammatical rules
for constructing sentences in ViSL — Subject — Object —
Predicate — Words of time; Adverb — Subject — Predicate
and Object — Adverb.

The index of each word in a set of sign language
words represents a vertex in the graph. The probability
distribution table of the word occurrence ratio in a data set
is considered as an adjacency matrix with the probability
values as the weights of the directed graph. An example
of the BFS algorithm on a graph used in combination
with grammar rules and a Markov model to generate sign
language sentences is shown in Fig. 2.

When calculating three matrices representing the
relations of interaction of words in a dataset, if the distance
between them is calculated for each d equal to 1, 2, 3, we
get the corresponding matrices: uniMatrix, biMatrix,
triMatrix. Given the Rules grammatical rule, a sign
language sentence S = {wo, wi, ..., wy} is generated, which
must meet the following conditions:

{uniMatrix[i, i + 1]! =0, Vi:0 <i < len(Rules) —
— 1 biMatrix[i, i + 2]! =0, Vi:0 <i < len(Rules) —
— 2 triMatrix[i, i + 3]! = 0, Vi:0 < i < len(Rules) —

— 3 maplIndex[/]! = Rules [/], Vi:0 <i < len(Rules),

where, mapIndex is the coding map index of words
corresponding to the marking of parts of speech. Then
the probability of generating a sign language sentence of
length n words is calculated by the formula of simultaneous
probability of N-gram clusters as:
n—1
Probability of sentence occurrence — PS = [I M[i, i + 1].
i=0
n-2 n-3

[TMi, i+ 2] TTM[i, i+ 3].
=0 =0
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Bi_matrix[0,2)

Rules[O]

Rules[1]

Uni_matrix[0,1

Bi_matrix[1,3]

Rules[2]

Uni_matrix[1,2]

Tri_matrix[0 LJ

Bi_matrix[n—2,n]

............. @ Rules[n]
\__F

Uni_matrix[n—1.,n)

Flules[3]

N Uni_matrix[2,3]

Tri_matrix[n-3,n]

W, W,,... W, are words in the sign language dictionary, used to generate sentences.

Rules is an array representing a Vietnamese grammar rule.

Uni_matrix, Bi_matrix, Tri_matrix are matrices representing the interactions between words of the sign
language dictionary, calculated based on the distance value from d equal to 1, 2, 3 respectively.

Example: Rules =[N,V. N]
map_index = {1:N; 2:V; 3:V; 4N, 5N; 7:A; 8:N}
Wordset: S ={t6i, nghi, goi, ban, dién, ngdi_nha, xinh_dep, dién_thoai}

Uni_matrix [1.2] =0 Uni_matrix [1,3] = 0

Uni_matrix [2,4] =0  Uni_matrix [3,4] != 0

nght

t6i ban

dién_thoai
xinh_dep

Ngoéi_nha

Bi_matrix [1.4] l= 0

Uni_matrix [3,5] = 0

Bi_matrix[1,8] =0  Bi_matrix[1,5] = 0

Uni_matrix [3,8] = 0

nght
Results:
goi
sentence_1 = [ t6i, nghi, ban ]
ban sentence_2 = [ t6i, goi, ban ]
dién sentence_3 = [ 6i, goi, dién ]
sentence_4 = [ ti, goi, dién_thoai |
dién_thoai
xinh_dep
Ngéi_nha

Fig. 2. Representation of a sentence in sign language generated in accordance with a grammatical rule and calculated with probability
according to the Markov rule

For very large data sets, the frequency of words can be
much higher than the frequency of phrases. To avoid losses
in the calculation, we transform the logarithms, the results
are as follows:

n—1

Cost = (—1) x log(PS) = (-1) x (Z log(M[i, i + 1]) +
=0
n-2 n-3
+ Z log(M[i, i +2]) + Z log(M[i, i + 3])

M[i, i + 1] refers to the probability of the word S[7]
appearing before the word S[i + 1] in the dataset. When 2
consecutive words correspond to the value d =1, we use
uniMatrix to calculate. When d = 2, we consider S[i] and
S[i + 2], then biMatrix is used for calculation. Similarly
with M[i, i + 3], triMatrix is used for calculation.

Our goal is to find a set of words that correspond to
the given grammatical rules and at the same time satisfy
the probability condition. According to the Cost formula,
the lower the Cost value, the higher the probability that the
generated application is more likely to be encountered in
the dataset.

‘We call the value Cost, because it has the same value as
the cost in the task of finding the shortest path on the graph.

Graph path finding algorithms [17], such as Breadth-
First Search (BFS) and Depth-First Search (DFS), are used
to list all collocations according to a given grammatical
rule. The BFS function for generating sign language
sentences that satisfy the grammar rules and Markov states
is configured as follows:
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def BFS(map_ index, uni matrix, bi matrix, tri matrix, visited, path, node,
rules) :

paths = []

visited[node] = True

new path = path + [node]

if len(new _path) == len(rules):

Cost = calculate Cost(new path, uni matrix, bi matrix, tri matrix)
paths.append ((new _path, Cost))

else:

for x in range(len(uni matrix[node])) :

if len(new path) ==

if map index[x] == list rules[len(new path)] and visited[x] == False:

if uni matrix[node] [x] != 0:

paths.extend (BFS (map_ index, uni matrix, bi matrix, tri matrix, visited, new_
path, x, rules))

if len(new path) ==

if map index[x] == list rules[len(new path)] and visited[x] == False:

if uni matrix[node] [x] != 0 and bi matrix[new path[-2]][x] != 0:
paths.extend (BFS (map_ index, uni matrix, bi matrix, tri matrix, visited, new_
path, x, rules))

if len(new path) > 2:

if map index[x] == list rules[len(new path)] and visited[x] == False:
if uni matrix[node] [x] != 0 and bi matrix[new path[-2]][x] != 0 and tri
matrix[new path[-3]][x] != 0:

paths.extend (BFS (map_ index, uni matrix, bi matrix, tri matrix, visited, new_
path, x, rules))

visited[node] = False

paths.sort (key=lambda x: x[1], reverse=True)

return paths

def BFS(map_index, uni matrix, bi matrix, tri matrix, visited, path, node,
rules) :

paths = []

visited[node] = True

new path = path + [node]

if len(new path) == len(rules):

Cost = calculate Cost(new path, uni matrix, bi matrix, tri matrix)
paths.append( (new _path, Cost))

else:

for x in range(len(uni matrix[node])):

if len(new _path) == 1:

if map index[x] == list rules[len(new path)] and visited[x] == False:
if uni matrix[node] [x] != 0:

paths.extend (BFS (map_ index, uni matrix, bi matrix, tri matrix, visited, new_
path, x, rules))

if len(new path) ==

if map index[x] == list rules[len(new path)] and visited[x] == False:

if uni matrix[node] [x] != 0 and bi matrix[new path[-2]][x] != 0:
paths.extend (BFS (map_ index, uni matrix, bi matrix, tri matrix, visited, new_
path, x, rules))

if len(new_path) > 2:

if map index[x] == list rules[len(new path)] and visited[x] == False:
if uni matrix[node] [x] != 0 and bi matrix[new path[-2]][x] != 0 and tri_
matrix[new path[-3]][x] != 0:

paths.extend (BFS (map_ index, uni matrix, bi matrix, tri matrix, visited, new_
path, x, rules))

visited[node] = False

paths.sort (key=lambda x: x[1], reverse=True)

return paths
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Experiments and results

The Vietnamese text dataset is collected from articles
with a total number of sentences after preprocessing: 50
million sentences!.

After removing duplicate words, the ViSL dictionary
has a size of 3,234 words?.

We calculate the probability distribution table of
interactions between words in sign language according
to the distance value d = 1, 2, 3 words. The probability
distribution tables of interactions between words are saved
as a numpy file, the word encoding table and its index are
saved as a text file.

When specifying the word “t6i — I”” as the initial
vertex with the grammatical rule: “N (noun) — V' (verb) —
N (noun)”. We have generated 44,290 offers. Of these, the
10 most common sentences are shown in Table 1.

To compare the accuracy of three models with different
d values, we generated 5 data samples for each model. Each
data sample contains the 20 sentences with the highest
probability of occurrence generated from the seed word
and the grammar rule. When calculating the semantic
accuracy of data samples, we get the following comparison
Table 2.

The source code of the project can be viewed at the
link3.

Conclusion and discussion

In this study, we built a model to generate ViSL
sentences. The advantage of this model is that it is
very accurate and does not require large computational
resources. We propose a method to construct a matrix
representing the semantic interactions between words in the
ViSL dictionary, and then apply grammar rules and breadth
search algorithms to generate ViSL. The disadvantage of
this method is that its accuracy depends on the accuracy
of the data processing steps, such as part-word labeling,
sentence segmentation, and Vietnamese word segmentation.
Our model can be used to generate sign language sentences
by estimating the probability of the next word in a sentence,
but this probability is calculated based on the collected
dataset. The next direction of research is to build a model
to generate paragraphs in sign language. The findings can
be applied to machine learning and neural models to solve
more complex sign language processing problems.

I Available at: https://drive.google.com/file/d/1GFbe-
qs6HmCYs0JwJgivOy2Bvb06M8OI/view (date accessed:
14.04.2024).

2 Available at: https://github.com/DangKhanhITMO/
VnSignLanguage (date accessed: 14.04.2024).

3 Available at: https://colab.research.google.com/drive/1-8 vp
24tKNchhb4s3Q1WknxU46XsOglO?usp=sharing (date accessed:
14.06.2024).

Table 1. Example of generating sentences of sign language

Sign language sentences Translate Cost
to1 — nghi — ban I think you 16.450
toi — goi —> di¢n I call 16.644
toi —> nghi —> chi I think you 16.974
t6i — mudn —> ban I want you 17.527
toi — goi —> dién_thoai I call 18.172
toi — nghe —> bdo_cao I heard the report 18.336
toi — nhan —> trach_nhiém | I take responsibility | 18.383
to1i — nghe —> chi I hear you 18.488
to1 — hoi — ban I ask you 18.523

Table 2. Comparison of the performance of language models
with different grammar rules

Rules Total number of Accuracy, %
sentences generated
N-V-N 4,636,156 94
P-V-N-E—-Np 3,074,695 80
N-V-M-N 42,608,705 90
N-V-4 1,251,234 96
P-V-4 46,122 84
P-V-N 164,927 82
P-V—-Nc—N 46,323 96
E-N-V-Nc—A4 1,171,297 70
Np—V—-Nc—-N 51,276 92
P-V-M-N 1,474,344 96
Average value of the sum 88

Footnote: N— Noun, V' — Verb, 4 — Adjective, P — Pronoun,
Np — Proper Noun, Nc — Classification, £ — Sentence, M —
Numeral.

Conclusion and discussion

In this study, we built a model to generate Vietnamese
Sign Language (ViSL) sentences. The advantage of this
model is that it is very accurate and does not require large
computational resources. We propose a method to construct
a matrix representing the semantic interactions between
words in the ViSL dictionary, and then apply grammar
rules and breadth search algorithms to generate ViSLe. The
disadvantage of this method is that its accuracy depends on
the accuracy of the data processing steps, such as part-word
labeling, sentence segmentation, and Vietnamese word
segmentation. Our model can be used to generate sign
language sentences by estimating the probability of the next
word in a sentence, but this probability is calculated based
on the collected dataset. The next direction of research is
to build a model to generate paragraphs in sign language.
The findings can be applied to machine learning and neural
models to solve more complex sign language processing
problems.
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