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Где используется поиск и исправление опечаток?

1. в текстовых редакторах, браузерах и т.п.
2. в распознавании речи
3. при распознавании сканированного текста
4. ...
5. в поисковых запросах
6. ...
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Опечаточная статистика

1. в среднем 3 слова в запросе
2. 12% запросов с опечатками
3. 80% полностью на русском
4. 84% ошибочных с одной ошибкой
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Типы опечаток

1. Ошибки с словах:
1.1 Пропуск буквы (кросовки → кроссовки)
1.2 Вставка буквы (фломастекр → фломастер)
1.3 Замена буквы (эксперемент → эксперимент)
1.4 Перестановка букв (пространтсво → пространство)

2. Склейка и разрезание:
2.1 Пропуск пробела (купитьдиван → купить диван)
2.2 Вставка пробела (пол года → полгода)

3. Раскладка клавиатуры (rfr cltkfnm cfqn → как сделать
сайт)

4. Транслитерация (май нейм из саша → my name is sasha)
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Опечаточная статистика

8

Давайте посчитаем...

  Запросы:

- 80% русские

- 12% с опечатками

- 84% с одной ошибкой  

Склейка-
разрезание

(7%)

Транслитерация 
(1%)

Раскладка 
клавиатуры 

(10%)

Ошибки 
в словах 

(64%)

Смешанные 
типы 
(8%)
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Контекстная статистика

1. 75% опечаток неконтекстные
2. 96% опечаток коротких слов контекстные
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Контекстная статистика

14

Кто здесь главный?

КЗ (25%)

КНЗ 
(70%)

ЛЕММА 
(3%)

ОРФВАР 
(2%)

- контекст не влияет на 
исправление 75% опечаток 

- слова короче 4х букв на 
96% состоят из контекстно-
зависимых опечаток
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Откуда брать данные?

1. Вручную размеченные пары (запрос, исправление) из
поисковых логов. Таких данных мало, но они чистые.

2. Учет пользовательских кликов на подсказки. Таких данных
много, но они шумные.

3. В качестве «правильных» текстов можно брать новостные
статьи.

4. Можно почти рандомно делать ошибки
5. Можно посадить людей перепечатывать тексты, не давая

им наживать на backspace и delete :)
6. Учет истории пользовательских исправлений в рамках

сессии
7. ...
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Soundex

Используя фонетические правила, кодируем слова. Например:
1. удаляем гласные
2. m, n переходят в 5
3. d, t переходят в 3

Об алгоритме:
1. большое количество разновидностей этой идеи
2. зачастую работает лучше сложных и изощренных

алгоритмов.
3. необходимы фонетические знания о языке

http://en.wikipedia.org/wiki/Soundex
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Noisy channel

Пусть q — исходный запрос, c — исправление. Хочется:

c = argmax
c

P(c |q) = argmax
c

P(q|c)P(c)
P(q)

= argmax
c

P(q|c)P(c)

≈ argmax
c

P(q|c)Pλ(c)

1. P(q|c) — модель ошибки (правдоподобие опечатки)
2. P(c) — языковая модель (априорная вероятность

исправления)

Farooq Ahmad, Grzegorz Kondrak. Learning a Spelling Error Model
from Search Query Logs, 2005
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Языковая модель

1. Используем n-граммы
2. Сглаживаем модель

https://class.coursera.org/nlp/

Jurafsky D., James H. Speech and Language Processing An
Introduction to Natural Language Processing, Computational
Linguistics, and Speech. 2000
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Модель ошибки

Вспоминаем, что такое расстояние Левенштейна. Можно
положить

− logP(q|c) = dist(q, c).

А можно поступить умнее, обучив веса для каждого из
переходов с помощью EM-алгоритма:
1. Инициализация: все нетождественные переходы малы и

равновероятны, все тождественные велики и
равновероятны (90%).

2. E-шаг: для каждого слова ищем близкие слова
3. M-шаг: пересчитываем вероятности

Можно поступать еще умнее и обучать трансфемы, такие как
ться→тся. Получится трансфемная метрика.

Farooq Ahmad, Grzegorz Kondrak. Learning a Spelling Error Model
from Search Query Logs. 2005
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«Кластеризация» запросов и их опечаток

 The choice of distance function d and threshold δ 
could be extremely important for the accuracy of a 
speller. At one extreme, the use of a too restrictive 
function/threshold combination can result in not 
finding the best correction for a given query. For 
example, using the vanilla Damerau-Levenshtein 
edit distance (defined as the minimum number of 
point changes required to transform a string into 
another, where a point change is one of the follow-
ing operations: insertion of a letter, deletion of a 
letter, and substitution of one letter with another 
letter) and a threshold 1=δ , the correction donadl 
duck  donald duck would not be possible. At the 
other extreme, the use of a less limiting function 
might have as consequence suggesting very 
unlikely corrections. For example, using the same 
classical Levenshtein distance and 2=δ  would 
allow the correction of the string donadl duck, but 
will also lead to bad corrections such as log wood 
 dog food (based on the frequency of the queries, 
as incorporated in )(sP ).  Nonetheless, large dis-
tance corrections are still desirable in a diversity of 
situations, for example: 

platnuin rings   platinum rings 
ditroitigers   detroit tigers 

 The system described in this paper makes use of a 
modified context-dependent weighted Damerau-
Levenshtein edit function which allows insertion, 
deletion, substitution, immediate transposition, and 
long-distance movement of letters as point 
changes, for which the weights were interactively 
refined using statistics from query logs. 

4 The Language Model. Exploiting Large 
Web Query Logs 

A misspelling such as ditroitigers is far from the 
correct alternative and thus, it might be extremely 
difficult to find its correct spelling based solely on 
edit distance. Nonetheless, the correct alternative 
could be reached by allowing intermediate valid 
correction steps, such as ditroitigers  detroitti-
gers  detroit tigers. But what makes detroittigers 
a valid correction step? Recall that the last formu-
lation of spelling correction in Section 3 did not 
explicitly use a lexicon of the language. Rather, 
any string that appears in the query log used for 
training can be considered a valid correction and 
can be suggested as an alternative to the current 
web query based on the relative frequency of the 
query and the alternative spelling. Thus, a spell 
checker built according to this formulation could 
suggest the correction detroittigers because this 

alternative occurs frequently enough in the em-
ployed query log. However, detroittigers itself 
could be corrected to detroit tigers if presented as 
a stand-alone query to this spell checker, based on 
similar query-log frequency facts, which naturally 
leads to the idea of an iterative correction ap-
proach. 
 

albert einstein 4834 
albert einstien 525 
albert einstine 149 
albert einsten 27 
albert einsteins 25 
albert einstain 11 
albert einstin 10 
albert eintein 9 
albeart einstein 6 
aolbert einstein 6 
alber einstein 4 
albert einseint 3 
albert einsteirn 3 
albert einsterin 3 
albert eintien 3 
alberto einstein 3 
albrecht einstein 3 
alvert einstein 3 

Table 1. Counts of different (mis)spellings of Albert          
Einstein’s name in a web query log.  

 Essential to such an approach are three typical 
properties of the query logs (e.g. see Table 1): 

• words in the query logs are misspelled in vari-
ous ways, from relatively easy-to-correct mis-
spellings to very-difficult-to-correct ones, that 
make the user’s intent almost impossible to 
recognize;  

• the less malign (difficult to correct) a misspell-
ing is the more frequent it is; 

• the correct spellings tend to be more frequent 
than misspellings. 

 In this context, the spelling correction problem 
can be given the following iterative formulation: 

Given a string *
0 Σ∈s , find a sequence    

*
21 ,..., Σ∈nsss   such that  δ≤+ ),( 1ii ssdist , 

)|(max)|(
),(:

1 * i
tsdistt

ii stPssP
i δ≤Σ∈

+ = , 1..0 −∈∀ ni , 

and )|(max)|(
),(:* n

tsdistt
nn stPssP

n δ≤Σ∈
= . 

 An example of correction that can be made by   
iteratively applying the base spell checker is: 

anol scwartegger   arnold schwarzenegger 

Misspelled query: anol scwartegger 
First iteration: arnold schwartnegger 
Second iteration: arnold schwarznegger 
Third iteration: arnold schwarzenegger 
Fourth iteration: no further correction 

 Up to this point, we underspecified the notion of 
string in the task formulations given. One possibil-
ity is to consider whole queries as the strings to be 
corrected and iteratively search for better logged 
queries according to the agreement between their 
relative frequencies and the character error model. 
This is equivalent to identifying all queries in the 
query log that are misspellings of other queries and 
for any new query, find a correction sequence of 
logged queries. While such an approach exploits 
the vast information available in web-query logs, it 
only covers exact matches of the queries that ap-
pear in these logs and provides a low coverage of 
infrequent queries. For example, a query such as 
britnet spear inconcert could not be corrected if 
the correction britney spears in concert does not 
appear in the employed query log, although the 
substring britnet spear could be corrected to brit-
ney spears. 
 To address the shortcomings of such an approach, 
we propose a system based on the following for-
mulation, which uses query substrings: 
Given *

0 Σ∈s , find a sequence *
21 ,..., Σ∈nsss , 

such that for each 1..0 −∈ ni  there exist the de-
compositions ii l

ii
l
iii wwwws 1,1

1
1,11i0,

1
0, ...s ,... +++ == , 

where k
hjw ,  are words or groups of words such that 

δ≤+ ),( 1,10,
k
i

k
i wwdist , ilkni ..1  ,1..0 ∈∀−∈∀  and 

)|(max)|(
** ),(:

1 i
tsdistt

ii stPssP
i δ≤Σ∈

+ = , 1..0 −∈∀ ni , 

and )|(max)|(
** ),(:

n
tsdistt

nn stPssP
n δ≤Σ∈

= . 

Note that the length of the string decomposition 
may vary from one iteration to the next one, for 
example: 

 
 In the implementation evaluated in this paper, we 
allowed decompositions of query strings into 

words and word bigrams. The tokenization process 
uses space and punctuation delimiters in addition 
to the information provided about multi-word 
compounds (e.g. add-on and back-up) by a trusted 
English lexicon with approximately 200k entries. 
By using the tokenization process described above, 
we extracted word unigram and bigram statistics 
from query logs to be used as the system’s lan-
guage model. 

5 Query Correction 

An input query is tokenized using the same space 
and word-delimiter information in addition to the 
available lexical information as used for process-
ing the query log. For each token, a set of alterna-
tives is computed using the weighted Levenshtein 
distance function described in Section 3 and two 
different thresholds for in-lexicon and out-of-
lexicon tokens 
 Matches are searched in the space of word uni-
grams and bigrams extracted from query logs in 
addition to the trusted lexicon. Unigrams and bi-
grams are stored in the same data structure on 
which the search for correction alternatives is 
done. Because of this, the proposed system han-
dles concatenation and splitting of words in ex-
actly the same manner as it handles 
transformations of words to other words. 
 Once the sets of all possible alternatives are com-
puted for each word form in the query, a modified 
Viterbi search (in which the transition probabilities 
are computed using bigram and unigram query-log 
statistics and output probabilities are replaced with 
inverse distances between words) is employed to 
find the best possible alternative string to the input 
query under the following constraint: no two adja-
cent in-vocabulary words are allowed to change 
simultaneously. This constraint prevents changes 
such as log wood  dog food. An algorithmic con-
sequence of this constraint is that there is no need 
to search all the possible paths in the trellis, which 
makes the modified search procedure much faster, 
as described further. We assume that the list of 
alternatives for each word is randomly ordered but 
the input word is on the first position of the list 
when the word is in the trusted lexicon. In this 
case, the searched paths form what we call fringes. 
Figure 1 presents an example of a trellis in which 
w1, w2 and w3 are in-lexicon word forms. Observe 
that instead of computing the cost of k1k2 possible 
paths between the alternatives corresponding to w1 
and w2, we only need to compute the cost of k1+k2 
paths. 

31 =l  

42 =l  

20 =l  0s  britenetspear   inconcert 
 

1s  britneyspears  in concert 
 

2s  britney spears in concert 
 

3s  britney spears in concert 

Silviu Cucerzan, Eric Brill. Spelling correction as an iterative
process that exploits the collective knowledge of web users. 2004
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Некоторые детали

1. Исправления по парам соседних слов
2. Отдельный учет стоп слов вроде and

3. Учет словарных слов

Silviu Cucerzan, Eric Brill. Spelling correction as an iterative
process that exploits the collective knowledge of web users. 2004
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Генерация кандидатов

Этот этап необходим для быстрой работы спеллчекера на
реальном потоке запросов.
1. Генерация кандитатов исправления для каждого слова
2. Поиск k кратчайших путей в получившемся графе

Как работает:
1. Качественнее Soundex
2. Медленнее Soundex (на два-три порядка)
3. Для ускорения используется предподсчет частых

комбинаций

Huizhong Duan, Bo-June (Paul) Hsu. Online Spelling Correction for
Query Completion. WWW’11
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Ранжирование кандидатов

1. Используем learning to rank, чтобы отсортивать кандидатов
по надежности

2. Дальше будем смотреть только на верхний вариант
3. Возможно, понадобится отдельный классификатор

надежности для верхнего варианта

Jianfeng Gao, Xiaolong Li, Daniel Micol, Chris Quirk, Xu Sun. A
Large Scale Ranker-Based System for Search Query Spelling
Correction. 2011
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Какие признаки использовать?
Словарные признаки
1. Вес по буквенной языковой модели
2. Вес по словарной языковой модели
3. Длина слова
4. Присутствие в словарях
5. Вероятность быть именованой сущностью
6. Дистанция редактирования
7. Взаимный контекст

Запросные признаки
1. Результаты словарного классификатора
2. Вес по словарной языковой модели
3. Вес по буквенной языковой модели
4. Количество слов в запросе
5. Количество ошибок

Alexey Baytin, Irina Galinskaya, Marina Panina, Pavel Serdyukov.
Speller Performance Prediction for Query Autocorrection. CIKM’13
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Чего еще хочется?

1. Улучшать точность и полноту :)
2. Учитывать очень частые опечатки (агенТство)
3. Агглютинативные языки (турецкий, немецкий)
4. Учет результатов поиске по опечатке и исправлению
5. Персонализация исправлений
6. ...

Mu Li, Muhua Zhu, Yang Zhang, Ming Zhou. Exploring
Distributional Similarity Based Models for Query Spelling
Correction. 2006
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Вопросы?
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