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AbstractThis paper presents an overview of the phonetic encoding algorithms designed to de-
termine the similarity of words in sound (pronunciation). Phonetic encoding algorithms are di-
vided into the algorithms for comparing words and the algorithms for determining the distance
between words. Word comparison algorithms, such as SoundEx, NYSIIS, Daitch—-Mokotoff,
Metaphone, and Polyphone, as well as algorithms for determining the distance between words,
such as Levenshtein, Jaro, and N-grams, are described. For each algorithm, the advantages and
shortcomings are discussed, and an analog for the Russian language is given. For eliminating
the common shortcomings of phonetic encoding algorithms, the idea suggested in this paper is
to use not the letter sequences of words, but the sequences of their elementary sounds. In this
case, word recognition, record linkage, and word indexing by sounds are expected to improve.

Keywords: phonetic encoding algorithm, phonetic distance, record linkage, word indexing by
sound

1. INTRODUCTION

Phonetic encoding algorithms are algorithms for word indexing by sound, which use a letter
sequence of a word and pronunciation rules to convert them into text (code, index, or key). If the
encoding texts for two different words coincide or are close to one another, the resulting conclusion
is that these words are similar in sound.

The first phonetic encoding algorithm for the English language, SoundEx [69], was used in the
1930s to encode surnames in a population census. The algorithm is based on an encoding method
designed to eliminate spelling and typographical errors in names. For example, SoundEx will
calculate the same encoding text “S530” for such words as “Smith,” “Smithe,” and “Smyth,” i.e.,
will identify these words as identical in sound.

With the development of computer technologies, many other phonetic encoding algorithms ap-
peared, including the ones for other natural languages. Examples of such algorithms are NYSIIS [77],
the advanced SoundEx [75], Metaphone [40], and others.

Phonetic encoding algorithms include not only algorithms for comparing words, but also al-
gorithms for determining the distance between words in the case of searching by sound. The
algorithms for calculating the Levenshtein distance [2] and the Jaro distance [30], as well as the
distance based on N-grams [33] are most widespread in applications.

Phonetic encoding algorithms are widely used in the fields where the comparison of acoustic
data with text samples is required. Some example include speech recognition, word spelling check
and correction, database search, extraction and mining, user identification, cross-language speech
encoding, Internet search, etc.
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346 VYKHOVANETS, DU, SAKULIN

Despite the emergence and development of new speech recognition models and methods, such as
probabilistic and statistical algorithms, hidden Markov models, neural networks, machine learning,
etc., phonetic encoding algorithms have not lost their relevance, since they are basic for using these
models and methods in practice [14, 22, 44].

This paper gives an overview of the phonetic encoding algorithms. The main goal is to consider
the solutions intended for comparing strings by sound, as well as to identify recent trends in their
development.

2. BASIC ALGORITHMS
2.1. SoundEx

This algorithm was patented almost a hundred years ago [69]. SoundEx for the English language
consists of five steps as follows.

Step 1. Retain the first letter of the word.
Step 2. Delete the letters A, E, I, O, U, Y, W, and H from the word.
Step 3. Replace the remaining letters by the digits according to Table 1.

Table 1. Letter encoding
in SoundEx

Digit Letters
1 |B,PFV
2 |C,SK,G,J,Q,X,Z
3 | D,T
4 |L
5 |M,N
6 |R

Step 4. If the code contains a group of identical digits, replace this group by the first digit, with
the exception of the digits separating the letters W and H in the original word.

Step 5. Generate the resulting code from the first letter of the word and the first three digits
obtained in the previous steps. If the code has less than three digits, augment the code with zeros.

Example 1. Consider the following two words: “Lee” and “Shaw.” The algorithm described
above will yield the encoding text “L000” for the word “Lee” and “S000” for the word “Shaw.”

Example 2. To explain Step 4, consider the word “Ashcraft.” Due to the presence of Step 4,
the encoding text for this word will be “A226,” not “A261.”

As Table 1 shows, the basic letter encoding principle of the algorithm is that the letters close in
sound are encoded by the same digit, and the unpronounceable letters are deleted. However, the
algorithm has several shortcomings as follows.

First, there are words similar in sound that have different encoding texts.

Example 3. For the words “Lee” and “Leigh” having the same sound, we get different codes,
“L000” and “L200,” respectively.

The second shortcoming is opposite to the first one: there are words different in sound that have
the same encoding text.

Example 4. The words “Gauss” and “Ghosh” with different sounds have the code “G200.”

To partially eliminate the problems revealed during operation, a modified version of the SoundEx
algorithm with the following encoding table is currently used for the English language.
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Table 2. Letters encoding

Digit Letters
1 |BP

FVv

C, S, K

G,J

QX Z

L

M,N

9

R

©ofoo| | | orf kx| of o
-
N

Clearly, new groups with their own digital codes are formed from groups 1 and 2 of the original
SoundEx algorithm. In addition, the length of the encoding text in the modified SoundEx algorithm
is not limited to four symbols.

In accordance with experimental evidence, up to 21 surnames have the same value of the
SoundEx code. In the modified algorithm, this indicator does not exceed 2 or 3 surnames.

SoundEx is strongly language-dependent. Therefore, many modifications of this algorithm
were developed for various languages such as Chinese [20], Spanish [7], Persian [36], Arabic [56],
Malay [53], etc. For the Russian language, the letter encoding is in accordance with Table 3, and
the letters to be deleted are Y, E, E, bl, A, O, 3, 4, 1, IO, b, and b.

Table 3. Encoding of Russian
letters in SoundEx
Digit Letters

1

Q
b

S e | e P IS
IS
IS

Ol | O U = W DN
|| ||| x| 8|

9

Despite its shortcomings, the SoundEx algorithm has positive reviews [37]. Currently, the
algorithm is widely used to compare words by sound and significantly increases the probability
of identifying words. Due to simplicity and low computational complexity, this algorithm has
become standard and is integrated into the search engine of almost all known database management
systems [27].

2.2. NYSIIS

This algorithm was developed in 1970 for the New York State Identification and Intelligence
System [77]. NYSIIS yields slightly better results than SoundEx, owing to more complex rules for
converting the source word to the code.

The algorithm takes into account the pronunciation of English words and consists of six steps;
see below.

Step 1. Convert the word prefix (the beginning of the word) using the following substitutions:
MAC - MCC; KN - N; K - C; PH,PF - FF; SCH — 555.

Step 2. Convert the word suffix (the end of the word) using the following substitutions: EE — Y/
IE—Y:; DT, RT,RD,NT,ND — D.
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Step 3. Convert the entire word using the following substitutions: EV — AF; A, E,1,0,U — A;
Q—-G Z—->5 M—-N; KN—N; K—->C(C; SCH— S5S;, PH—FF; W — A.

Step 4. Delete H after all vowels, and delete S and A at the end of the word.

Step 5. Convert the word suffix using the substitution AY — Y.

Step 6. Restrict the resulting code to 6 symbols only.

As it follows from the description above, NYSIIS uses a large number of rules relating spelling
with pronunciation. Also, this algorithm takes into account the functioning of vowels when pro-
nouncing words: all vowels are replaced by vowel A.

A comparative study of the phonetic encoding algorithms demonstrated that NYSIIS is most
applicable for encoding surnames, where it gives excellent results.

Example 5. The surnames “Brain,” “Brown,” and “Brun” have the code “Bran”; the surnames
“Capp,” “Cope,” “Copp,” and “Kipp,” the code “Cap”; the surnames “Dane,” “Dean,” “Dent,”
and “Dionne,” the code“Dan”; the surnames “Smith,” “Schmit,” and “Schmidt” have the code
“Snat”; the surnames “Trueman” and “Truman,” the code “Tranan” [27].

2.3. Daitch—-Mokotoff SoundEx

In the course of using phonetic algorithms, it was established that SoundEx and NYSIIS poorly
manage the words of other languages. For taking into account the specifics of word pronunciation
in other languages, the Daitch-Mokotoff SoundEx algorithm was developed, after the names of the
authors. It has several improvements, such as a longer code length and a proper consideration of
different word pronunciations, expressed in the multiple encoding of the same word.

This algorithm includes more complex rules for converting an original word into its code. Like
in NYSIIS, not only single letters, but also their sequences are involved in the formation of the
resulting code. A word is converted into a numerical code according to the following table (see [75]).

Table 4. Letter encoding in improved SoundEx algorithm

Letter sequence B|V|O
Al AJ AY,EI,EY,EJ,OI, OJ,0OY,UI,UJ,UY 0|1

AU 0

IAIE, IO, IU 1

EU 11

A UE,E I1,0,UY 0

J 11111
SCHTSCH,SCHTSH,SCHTCH,SHTCH,SHCH,SHTSH,
STCH,STSCH,STRZ,STRS,STSH,SZCZ,SZCS 2 14| 4
SHT,SCHT,SCHD,ST,SZT,SHD,SZD,SD 2 (43|43
CS8Z,CZS,CS8,CZ,DRZ,DRS,DSH, DS, DZH,DZS,DZ,TRZ,

TRS,TRCH, TSH, TTSZ,TTZ,TZS,TSZ,SZ, TTCH,TCH, TTSCH,
ZSCH,ZHSH,SCH,SH,TTS, TC, TS, TZ,ZH,ZS 414 |4
SC 2 14| 4
DT,D,TH,T 3133
CHS,KS, X 554154
S, Z 41414
CH,CK,C,G,KH,K,Q 51515
MN,NM 66 | 66 | 66
M,N 6|66
FB,B,PH,PF,F,PV,W TIT|7
H 515

L 8188
R 91919
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The order of conversions corresponds to the order of the letter sequences in Table 4. Here the
columns B, V, and O specify the digital codes for the letter sequence from the first column as
follows: B, at the beginning of a word; V, before a vowel; O, in other cases.

Alternative word codes with different pronunciations are obtained for the words formed from an
original word using the following substitutions: CH — KH,TCH; CK — K,TSK; C — K,TZ;
J—=Y DZH; RS — RTZ,ZH.

Example 6. For the surname “Peters” with the SoundEx code “P362,” the Daitch—Mokotoff
SoundEx algorithm will yield two codes, namely, “739400” for the form “Peters” and “734000”
for the form “Petertz.” For the surname “Jackson” with the SoundEx code “J250,” the Daitch—
Mokotoff SoundEx algorithm will yield even four codes, namely, “154600,” “454600,” *“145460,”
and “445460” for the forms “Jackson,” “Yakson,” “Jakson,” and “Jatskon,” respectively.

2.4. Metaphone

This is another phonetic encoding algorithm for words, with due consideration of the basic rules
of the English language, which was developed in 1990; see [40]. It differs from the previously
mentioned algorithms in more complex conversion rules. Also, letters are not divided into groups
and are not encoded by numbers. Metaphone outputs a variable-length code consisting of letters.

This algorithm includes 16 steps as follows [10].
Step 1. Delete the repeated neighbor letters, except for the letter C.

Step 2. Convert the word prefix using the following substitutions: KN — N; GN — N;
PN — N; AE —- E; WR — R.

Step 3. Delete the word suffix M B.

Step 4. Convert a letter sequence with the letter C' using the following substitutions: CIA —
XIA; SCH - SKH;CH - XH;CI - SI,CE— SE; CY - 8Y; C = K.

Step 5. Convert a letter sequence with the letter D using the following substitutions: DGE —
JGE; DGY — JGY; DGI — JGY; D — T.

Step 6. Perform the substitution GH — H if GH is not at the end of the word and not before
a vowel.

Step 7. Convert the word suffix using the substitutions GN — N and GNED — NED.

Step 8. Convert a letter sequence with the letter G using the following substitutions: GI — JI;
GE — JE;GY - JY; G — K.

Step 9. Delete the letter H after vowels, but not before vowels.

Step 10. Convert the entire word using the following substitutions: CK — K; PH — F}
Q—K;V>F,Z—S8S.

Step 11. Convert a letter sequence with the letter S using the following substitutions: SH —
XH; SIO — XI10; STA — XIA.

Step 12. Convert a letter sequence with the letter T using the following substitutions: TITA —
XIA,; TIO - XIO; TH — 0; TCH — CH.

Step 13. Convert the word prefix using the substitution WH — W. If there is no vowel after
the letter W, delete the latter.

Step 14. Convert the word prefix using the substitution X — S; in the middle of the word,
substitute X — KS.

Step 15. Delete the letters Y that are not before vowels.
Step 16. Delete all vowels, except for the initial one.

Example 7. The surnames “Brain,” “Brown,” and “Brun” have the code “BRN”; the sur-
names “Capp,” “Cope,” “Copp,” and “Kipp,” the code “KP”; the surnames “Dane,” “Dean,” and
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“Dionne,” the code “TN.” At the same time, the surname “Dent” has the code “TNT” (see Example
5); the surname “Smith,” the code “SM0”; the surname“Schmit,” the code “SXMT”; the surname
“Schmidt,” the code “SXMTT”; the surnames “Trueman” and “Truman,” the code “TRMN.”

In 2000, a second version of the algorithm was developed, the so-called Double Metaphone [41].
Unlike the original version applicable to the English language only, Double Metaphone takes into
account the pronunciation of words borrowed from other languages [41]. For these words, the
algorithm yields two codes, one for each pronunciation.

Although Double Metaphone has advantages over Metaphone, it still has some limitations [45].
In particular, words with different pronunciations and the same code still occur: for example, the
words “Alice,” “Elsa,” and “Ullos” are encoded as “ALS.”

In 2009, the third commercial version of this algorithm, Metaphone 3, appeared. As it was
declared [58], the new algorithm increases the accuracy of word identification from 89% (Double
Metaphone) to 98 % (Metaphone 3). In addition, Metaphone 3 began supporting the borrowed
words from more languages. This algorithm is rather complex and includes a large number of rules.
Its description in the Java language takes more than seven thousand lines [42].

Metaphone was adapted to the Russian language [1]. For the Russian language, this algorithm
consists of five steps as follows.

Step 1. Convert vowels using the following substitutions: O, bl, 4 — A; I — V. E, E,
5, 0, UE — 1.

Step 2. Devocalize the consonant letters that are followed by any consonant, except for JI, M,
H, and P, or consonants at the end of the word using the following substitutions: b — II; 3
- C¢ A4 - T, B—> @& I - K

Step 3. Delete the repeated letters.

Step 4. Convert the word suffix using the following substitutions: VK, OK — 0; HHA —1;
UK, EK —2; HKO — 3; OB, EB, UEB, EEB — 4; BbIX, UX — 5. Af — 6; BIH, UM — T,
HH —8; OBA, EBA, HEBA, EEBA — 9; OBCKHH — @; EBCKHH — #; OBCKAS — $;
EBCKAS — %.

Step 5. Delete of the letters b, b and the hyphen.

However, due to the small number of rules, Metaphone for the Russian language does not identify
some phonetically similar words.

2.5. Polyphone

A special phonetic encoding algorithm, Polyphone, was developed for the Russian language;
see [59]. In the course of the development procedure, the morphological, phonological, phonetic,
and historical aspects of word pronunciation in the Russian language were taken into consideration.

This algorithm consists of the following steps.

Step 1. Convert Latin letters to the Cyrillic letters of the same form using the following sub-
stitutions: A - A; FE > F,0—->0;C —>C; X - X; B— B; M - M; H— H. The last three
substitutions are used only for the capital letters.

Step 2. Delete all letters that do not belong to the Cyrillic alphabet.

Step 3. Delete the letters b, b.

Step 4. Replace two similar letters by the one.

Step 5. Replace the single letters using the following rules: A, E, E, 1, O, bl, 3, 5
b —- I, B— & I' > K, 11— 1T 3 — C - N, >K —- I, M —
- Y

— A
H, IO
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Step 6. Convert the entire word using the following substitutions: AKA — AQA; AH —
H, 34 — II, JIHI] — HI[, JoCT® — JICT®, HAT — H; HTI — HI; HT —
H, HTA — HA; HTK — HK, HTC — HC, HTCK — HCK, HTII — HII, OKO
- 000, NAJI — 1), PTY — P4, PTI — PI[, CII - C®;, TCA — I, CTJI
— CJ, CITH — CH, CY — 1I, cll — I, TAT — T, TCA — I, TA® — TQ,
TC — TI[;, Tl — I, TY —» 4, @QAK — DK, @OCT® — CT®;, Y — III,

Example 8. Polyphone will convert the words “TE/JIETPAMMA” and “AIIITAPAT” into
“TAJTAKPAMA” and “AITAPAT,” respectively.

For fuzzy word comparison, it is proposed to use the sum of primes assigned to each letter of
the converted word: A —2; II - 3; K —»5 J -7 M —11; H - 13; P —» 17, C —
19, T —23; V —29, & —»31; X —37;, [] —41; U4 —43; II] — 47, 9 — 53; 1 — 59.

Example 9. The words from the previous example will have the following numerical codes: the
word “TAJIAKPAMA.” the code “71”; the word “AITAPAT,” the code “49.”

In the paper cited above, Polyphone was compared with other algorithms. In particular, the
percentage of correctly identified words in Polyphone was estimated as 95.12 %. The best results
for the Russian words transliterated according to GOST (State Standard) R 52535.1-2006 were as
follows: in NYSIIS, 75.97%; in SoundEx, 90.24%; in Metaphone, 90.29%; in Double Metaphone,
96.15%; Daitch—Mokotoff Soundex, 96.84%.

At the same time, the accuracy of fuzzy word comparison was declared to reach 98.8%.

3. PHONETIC DISTANCE

The phonetic encoding algorithms considered in the previous section are implemented using
the method of equivalent word conversions by sound: a partial word (subword) of a given word
belonging to a certain set (equivalence class) is replaced by the code of this set or its typical
representative.

Also, note that partial words from the same set, similar in sound, are also similar in spelling.
With the introduction of an appropriate metric in words, it is possible to formulate the problem of
determining the similarity of words in sound by calculating the distance between words in spelling.

This approach is used in another class of phonetic encoding algorithms: the calculation of the
phonetic code of a word is replaced by the pairwise comparison of words by calculating the distance
between them in a certain metric space. The speech and writing system of the natural language
are assume to have strong correlation with one another. Thus, the problem is find an appropriate
metric.

3.1. Levenshtein Distance

The Levenshtein distance is a measure of the difference between two words with respect to the
minimum number of insertion, deletion and replacement operations needed to convert one word to
another [2].

The Levenshtein distance L(i,j) between two words a and b of length ¢ and j, respectively, is
defined as follows: if min(i,7) = 0, L(i,j) = max(, j); if min(z, j) > 0, L(i, j) satisfies the recursive
equation

L(i,j) =min(L(i,j — 1)+ 1, L(i—1,5)+ 1, L(i— 1,5 — 1) +m(i, 7)),

where m(i, j) = 0 if the ith letter of the word a coincides with the jth letter of the word b, and
m(i,j) = 1 otherwise.
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As it was established in [18], more than 80% of spelling errors are substitution errors. Therefore,
the Levenshtein distance is currently determined not in three, but in four operations, namely,
insertion, deletion, replacement, and transposition.

The computation algorithm of the Levenshtein distance L(a, b) between words a and b has a
complexity of ©(|a| - [b])! given the memory capacity ©(min(|al, |b])), where |z| is the length of the
word z [80].

A problem caused by determining the phonetic closeness of two words using the Levenshtein
distance is the need to set the minimum distance € between phonetically similar words. To minimize
the number of errors, the function ¢ is chosen dependent on the maximum length n of the compared
words. As arule, e(n <5)=0,e(4<n<9)=1,and (8 <n)=3.

The functions to compute the Levenshtein distance are implemented in many programming
languages [11].

3.2. Distance Based on N-grams

An N-gram is a sequence of N elements (letters). To determine the phonetic closeness of two
words, the number of common N-grams is calculated. Usually, IV is set equal to 3.

Example 7. Consider two words that have similar sound, namely, “Thomson” and “Thomp-
son.” Divide these words into trigrams. As a result, the word “Thomson” includes the tri-
grams “THO,” “HOM,” “OMS,” “MSO,” and “SON”; the word “Thompson,” the trigrams“THO,”
“HOM,” “OMP,” “MPS,” “PS0O,” and “SON.” The common trigrams of these words are “THO,”
“HOM,” and “SON.” The share of common trigrams is 3/6, which means that the distance be-
tween the words is equal to 3 (the calculation is with respect to the word with a larger number of
trigrams.)

Example 8. Consider two other words with similar sound, “Dane” and “Dean.” The word
“Dane” has the trigrams “DAN” and “ANE”; the word “Dean,” the trigrams“DEA” and “EAN.”
Although these words have similar sound, they have no common trigrams.

As the examples illustrate well, the distance determined using trigrams and the Levenshtein
distance are different in the sense that the discriminate letter has a significant effect on the former
and a weak effect on the latter. Also, calculating the distance between words based on N-grams
obviously gives a better result for longer words than for short ones.

Usually N-grams are used for fuzzy word comparison, which does not affect phonetic aspects.
Possible applications of N-grams include language identification (it was established that for suffi-
ciently long texts, each language has its own distribution of N-grams), text compression, guessing
subsequent letters, etc. Also, N-grams are widely used for data indexing in search engines [33].

8.8. Jaro Distance

An informal definition of the Jaro distance between two words is the minimum number of one-
letter changed required for converting one word to another [30, 31]. The shorter the Jaro distance
between the words under comparison is, the greater similarity they have.

The Jaro distance D(a,b) between two words a and b for m > 0 has the formula

m m m—t
D(a,b) = wy— + worr + wz—,
lal 0] m
where w1, w9, and ws are some weight coefficients, wy + we + w3z = 1; m gives the number of
matching letters (the number of letters spaced no more than half the length of the shortest word); ¢

! The symbol © denotes the asymptotic lower and upper bounds, f(n) € ©(g(n)) « 3I(C,D,N > 0)¥(n >
N)|C-g(n)| < f(n) < [D-g(n)].
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denotes half the number of transpositions (half the number of matching letters that differ in serial
numbers). For m = 0, D(a,b) = 0 by definition.

Example 9. Find the Jaro distance between the words “Dane” and “Dean.” The number of
matching letters m is 4, and half the number of transpositions ¢ is 3/2. With the weight coefficients
set equal to 1/3, rounding ¢ to the nearest integer yields d = 11/12. In turn, rounding this value
to the nearest integer finally gives d = 1. Actually, the word “Dean” is converted into the word
“Dane” by moving the letter F to the end of the word.

In the paper [81], the formula for calculating the Jaro distance was improved under the assump-
tion that the beginning of a word is more significant compared to the remaining part:

d'(a,b) = d(a,b) + s[1 — d(a,b)]/10,

where d'(a, b) is the improved Jaro distance; s denotes the number of originally common letters of
a word, not exceeding four.

Note that the computational complexity of the Jaro distance is the highest of all the previously
considered algorithms [47]. As a matter of fact, the lowest computational complexity was observed
for the distance calculation algorithm based on N-grams.

4. APPLICATIONS OF PHONETIC ENCODING

Phonetic encoding algorithms are widely used in modern information technology, both in the
original and modified forms, for example:

—to0 normalize data in social networks [9, 52, 68];
—to eliminate duplication of data [6, 49, 54, 57];
—to perform phonetic search [48, 79];

—to translate from one language to another [17];
—to perform search in medical databases [50, 74];
—to introduce string metrics in distributed databases [23];
—to improve Internet search services [3, 69];

—to extract semantic data from ontologies [29];

—to select words of morphological generators [37];
—to identify words during data recovery [82];

—to perform the primary processing of voice queries [72];
—to0 recognize emergency situations [77];

—to perform speech analysis and synthesis [25, 61];
—to perform data analysis in intelligent systems [35];
—t0 process and store personal data [24, 39];

—to check spelling in various languages [5, 43, 71];
—to create hashtags in the Big Data technology [13];
—t0 recognize ethnicity [46];

—to perform statistical entity identification [19];
—to search for spoken documents [66, 67];

—to generate realistic personal data [15];

—to generate hashkeys in data analysis [16];

—to predict customer behavior [61];

—to integrate data based on toponyms [73];
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—t0 index music collections [26, 51];

—to0 process historical documents [21];

—to correct spelling errors [32, 64];

—to0 accelerate typing from the keyboard [55];

—to perform the sentiment analysis of users [76];
—to perform cross-language data mining [12];

—to determine the similarity of short messages [63];
—to perform interlanguage transliteration [4, 8, 28];

—t0 recognize words in text processing [60].

5. CONCLUSIONS

Although the basic phonetic encoding algorithms were proposed in the twentieth century, the
research and development of other algorithms never stopped. However, no fundamentally new
results were obtained in this field, and all studies actually improved the basic algorithms [34, 65].

Despite all the improvements, the common drawback of all phonetic encoding algorithms is still
the presence of false positive and false negative errors in the results. A possible explanation is that
these algorithms deal with not the sequence of elementary sounds forming words, but with their
textual representation. In addition, textual representations are distorted by the writing rules of
one or another natural language.

Obviously, in many cases the existing differences between speech and writing languages make
phonetic encoding algorithms incorrect. The phonetic conversion of the words under compari-
son into a sequence of elementary sounds (allophones, phonemes, diphones, and triphones) seems
promising before using the basic phonetic encoding algorithms.

Such an approach can be theoretically based on the recent results established in the field of
speech synthesis and recognition. In particular, some algorithms for text voicing and extracting
the sequences of elementary sounds from a talk spurt were developed and tested; for details, see [33].
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