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ABSTRACT
Customers search for movie and series titles released across the
world on streaming services like primevideo.com (PV), netflix.com
(Netflix). In non-English speaking countries like India, Nepal and
many others, the regional titles are transliterated from native lan-
guage to English and are being searched in English. Given that there
can be multiple transliterations possible for almost all the titles,
searching for a regional title can be a very frustrating customer
experience if these nuances are not handled correctly by the search
system. Typing errors make the problem even more challenging.
Streaming services uses spell correction and auto-suggestions/auto-
complete features to address this issue up to certain extent. Auto-
suggest fails when user searches keywords not in scope of the
auto-suggest. Spell correction is effective at correcting common
typing errors but as these titles doesn’t follow strict grammar rules
and new titles constantly added to the catalog, spell correction have
limited success.

With recent progress in deep learning (DL), embedding vectors
based dense retrieval is being used extensively to retrieve semanti-
cally relevant documents for a given query. In this work, we have
used dense retrieval to address the noise introduced by translitera-
tion variations and typing errors to improve retrieval of regional
media titles. In the absent of any relevant dataset to test our hy-
pothesis, we created a new dataset of 40K query title pairs from
PV search logs. We also created a baseline by bench-marking PV’s
performance on test data. We present an extensive study on the im-
pact of 1. pre-training, 2. data augmentation, 3. positive to negative
sample ratio, and 4. choice of loss function on retrieval performance.
Our best model has shown 51.24% improvement in Recall@16 over
PV baseline.

CCS CONCEPTS
• Information retrieval → Dense retrieval; Title retrieval;
semantic matching; • Artificial Intelligence→ Deep neural net-
works.
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1 INTRODUCTION
Streaming services like PV, Netflix etc. have huge collection of
movies and series titles released across the world. The primary
interface for such platform is in English. For many regions where
English is not the primary language, name of the native titles re-
leased in these regions are transliterated to English. Interestingly
there are multiple transliterations possible for almost all the titles,
which makes searching these titles by their title name an interesting
and important problem. Along with transliteration variation, com-
mon typing errors by customers makes it even more challenging.
These streaming services use auto-suggest or auto-complete feature
to guide the customer searches on their platform by providing the
possible titles based on the prefix, which helps to avoid the noise
because of the transliteration variation and/or typing mistakes. But
it fails when customer searches for a title with some transliteration
variation and/or typing error which is not part of the auto-suggest.

Figure 1 shows a basic search system architecture used by the
streaming services. A customer query passes through 3 stages, pre-
processing, matching, and ranking. Pre-processing step includes
spell correction, stemming, lemmatization etc. Matching step re-
trieves titles from the search index by means of lexical matching,
semantic matching and behavioral matching. Lexical matching
retrieves titles based on text matching. It also uses term-based re-
trieval models such as BM25 [20], TFIDF [22]. Semantic matching
retrieves titles which are semantically similar to the query. Behav-
ioral matching retrieves titles based on past customer engagement
with titles for the given query. All these retrieved titles are ranked
in the ranking stage and produces the final list of titles in the ranked
order. One important observation here is that if matching stage fails
to retrieve a title from the search index then it won’t be part of the
final ranked output list. Semantic matching is traditionally used to
retrieve semantically similar data [16, 18], for e.g. in case of media,
’bollywood movie’ and ’hindi movies’ are semantically similar and
semantic matching can help to retrieve bollywood movie titles for
query ’hindi movies’. In our work we are expanding the scope of the
semantic matching to retrieve titles for queries with transliteration
variations and typing errors. For e.g. it should retrieve title ’Ram-
prasad Ki Tehrvi’ for query ’raamprsaad ki tervee’. We accomplish
it by retrieving the most similar titles to the query based on the
embedding vector similarity between query embedding vector and
title embedding vector.

https://doi.org/10.1145/3543873.3587619
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Figure 1: Basic search system architecture

One can argue to tackle the problem of transliteration varia-
tion by means of spell correction as most of the search systems
uses spell correction to correct spelling errors in an input query.
Traditionally spell correction is treated as a sequence to sequence
(seq2seq) machine learning task [9]. While research has shown that
these spell correction system works well in correcting the common
typing mistakes [9] but we argue that these spell correction systems
performs poorly in streaming services because many movie and
series titles have proper nouns and doesn’t follow strict grammar
rules while transliterating titles from native language to English.
Another limitation of existing spell correction system is that we
need to retrain the model once vocabulary or possible correct words
are updated. Given the fact that there are many new titles are being
added to the catalog constantly, it requires frequent re-training
where as semantic matching based solution can work out of the
box without any re-training.

Onemajor challenge in applying semantic matching is the lack of
labelled data. To the best of our knowledge there isn’t any existing
dataset with the map of corrupted media titles with the correct
title. In this work, we propose a novel approach to prepare the data
from PV titles and search logs. We built a dataset of 40K query
title pairs. Our other contributions are, to derive the impact of
data augmentation, ratio of positive to negative samples, and loss
function on model’s ability to generate sentence embeddings with
high similarity between corrupt query and relevant titles and high
dissimilarity with irrelevant titles.

This paper is structured in following way, In section 2 we sum-
marise related research. In section 3 we discuss dataset preparation
strategy, model architecture, loss functions in detail. Section 4 have
detail about the set of experiments we performed and section 5 sum-
marises the experiment results. In section 6 we derive conclusion
based on our experiments and discuss future work.

2 RELATEDWORK
Early research in dense retrieval [3] field used different word em-
bedding techniques [17] to create the dense vector representation
of query and documents. With recent progress in representation
learning, most of the new research [5] in the dense retrieval, fo-
cuses on optimum ways to capture the important details of the
documents in the dense vector representation [10]. It is achieved by

using different neural network architecture [10] or a novel training
strategy [7].

Dense retrieval has shown significant performance gain in sev-
eral fields like e-commerce [16], social media [8] etc. As per best of
our knowledge, all the research in the field utilises existing mono-
lingual [2, 13, 15, 23] or multilingual [19] datasets to evaluate new
ideas. But as discussed by Priyanka et al. [16], collecting parallel
corpus of data manually can be a very time consuming, expensive
and nonscalable. This represents friction in using any state of the
art research for practical purpose. Priyanka et al. [16] has some
similarity to our work as they have tried to use customer logs to
generate training data.

Since our work focuses on utilising dense retrieval to address
transliteration noise and typing errors for media titles, we don’t
find previous research with high similarity. Though our experiment
design is influenced by research related to zero-shot transfer [26],
negative sample sampling strategies [7], loss function selection for
fine-tuning [6, 18].

3 PROPOSED SOLUTION
In this section, we formally define the task of dense retrieval. We
discuss the details of neural network architecture, model training
procedure, and different loss functions used in the experiments. We
also provide information about dataset preparation which one of
the important contribution of this work.

3.1 Problem definition
Given a set of movie or series titles𝑇 = {𝑡1, 𝑡2, ..., 𝑡𝑘 }, build a vector
space 𝑆 = {𝐸𝑡1 , 𝐸𝑡2 , ..., 𝐸𝑡𝑘 }. Where 𝐸𝑡𝑛 ∈ R𝑚 , is a dense vector rep-
resentation of title 𝑡𝑛 , constructed by passing the title 𝑡𝑛 through
title encoder neural network (NN) as shown in Figure 4. For a
customer query 𝑄 , get the dense vector embedding 𝐸𝑄 ∈ R𝑚 by
passing it to the same NN query encoder. Retrieve most relevant
titles for input query 𝑄 by retrieving the most similar title vec-
tors from 𝑆 . We have used cosine similarity to measure the vector
similarity. For our experiments, we have used Pythorch’s cosine
similarity function.

3.2 dataset preparation
We explored the existing datasets [2, 13, 15, 23] used for dense
retrieval research, but didn’t find a dataset which can be used to
evaluate our hypothesis. Acquiring labelled data for such use-case is
often expensive and time consuming. Historically many researchers
[4, 12, 14, 21] have generated synthetic data by applying transforma-
tions to the customer queries. Researchers have also used customer
behavioral data like clicks, purchases to generate datasets [16]. We
collaborated with PV to get catalog and search logs data, because
of restrictions on the fields that can be shared in search logs, we
couldn’t use the customer behavioral data like clicks, streams, pur-
chases, etc to generate labelled data.

To generate labelled data, we took the route of applying different
transformation on the movie and series titles. As shown in figure 2,
we take movie and series titles and pass it through transformation
module. The details about transformations is discussed in section
3.2.1. We then use the actual customer queries corpus, to keep only
the transformations searched by the customers.
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We collected 42K movie and series titles from PV. After transfor-
mations and filter step we left with nearly 40K samples of searched
queries with transliteration variations and typing errors and their
corresponding correct titles. We used 16 days worth of customer
search data to prepare this data.

Figure 2: dataset preparation procedure

3.2.1 Transformations. We considered 7 kind of errors to generate
title variations.

Common keyboard errors. This error happens because of the
proximity of the keys on the keyboard. For e.g. it is very common to
type ’a’ instead of ’s’, type ’r’ instead of ’e’. Though the probability
to mistakenly type any other character is not same for all characters.
For e.g. it is very unlikely to type ’z’ instead of ’p’. To calculate
this probability distribution for each character, we referred to this
article [1] to get the data for each character. For each character, we
calculated the probability of mistakenly typing another character.
For e.g. 𝑃 (𝑎 |𝑠), 𝑃 (𝑑 |𝑠) etc. The exact mapping for all characters is
present at table 1 in Appendix 1.

Missing character. This error happens when user misses to type
one or few characters in the query. For e.g. typing ’hary potter’ or
’hary poter’ instead of ’harry potter’.

Transliteration. This error happens because customer can use
a transliteration variation different than the movie or series title.
For e.g. ’puspa’, ’pooshpaa’, ’puspaa’ are the possible variations for
title ’pushpa’. Appendix 1 contains all the transliteration variations
considered for preparing the dataset.

Transpose adjacent characters. This error happens when two ad-
jacent characters are swapped with each other. For e.g. ’saegmaker’
instead of ’sagemaker’, ’wehn’ instead of ’when’ etc.

Dropping space character. This error happens when space is
missed between two words. For e.g., ’spiderman’ instead of ’spider
man’, ’harrypotter’ instead of ’harry potter’.

Numbers to words. This variation happens when numeric value
is typed in word. For e.g., ’harry potter two’ instead of ’harry potter
2’, ’fast and furious five’ instead of ’fast and furious 5’.

Suffix to the titles. This happens when customer types extra
suffixes like movie, series after the title name. For e.g. ’braking bad
series’ instead of ’breaking bad’, ’pushpa movie’ instead of ’pushpa’.

3.2.2 Transformations algorithm. We described 7 different kind of
transformation we considered in data preparation. We generate
the data by applying these transformation independently. We also
generate data by combining, common keyboard errors, missing
character and transliteration based transformations. We apply num-
ber to word and suffix to the titles transformation directly to the
titles as well as the data generated from the other transformations.
Here is the procedure we use to combine common keyboard errors,
missing character and transliteration based transformations.

(1) Update the map prepared for common keyword errors by
adding empty string formissing character and possible translit-
eration variation for each character. This map is present in
Appendix 1. For e.g. map for ’a’ becomes {’q’ : 594, ’s’: 42401,
’w’ : 10853, ’x’ : 3822, ’z’ : 3062, ” : 12164 , ’aa’: 12164 }. The
count for empty string and transliteration variation is the
mean of keyboard error counts.

(2) Decide weight for each transformation. For e.g. 1:2:1, 2:2:5.
We empirically use 3 different combinations, 1:2:1, 1:3:1, 2:2:5,
to generate data. We kept the data generated from each
combination but weight 1:3:1 has highest number of samples
matched with customer query logs.

(3) Multiply the weight of each class to the replace count map
produced in step1. For e.g. for weight 1:2:1 the map for ’a’
becomes, {’q’ : 594, ’s’: 42401, ’w’ : 10853, ’x’ : 3822, ’z’ : 3062,
” : 24328 , ’aa’: 12164 }.

(4) Normalise the map such that total probability for possible
replacements for each character becomes 1. For e.g. map for
’a’ becomes, {’q’ : 0.006, ’s’: 0.436, ’w’ : 0.111, ’x’ : 0.039, ’z’ :
0.031, ” : 0.250 , ’aa’: 0.125 }.

(5) Randomly choose characters to be replaced in the original
title. We randomly choose, number of replacements based
on the length of the title. Empirically, we choose a number
from (1,𝑚𝑎𝑥 (𝑙𝑒𝑛(𝑡𝑖𝑡𝑙𝑒)/5, 1)).

(6) For each character sampled in step 5, randomly sample re-
placement character based on the probability distribution
computed in step 4.

While performing individual transformation for common key-
board errors, missing character and transliteration based transfor-
mations, we follow this same procedure, but only keep the weight
of the remaining 2 types as 0.

For Dropping space character, Numbers to words, Suffix to the
titles variations, we selected original as well as the titles trans-
formed by other transformation and applied these transformation
independently.

3.3 Model
For our experiments we have used distilled pre-trained model pro-
posed by Wang et al. in [25]. Given the scale of the streaming ser-
vices, using BERT-base model is more expensive and leads to higher
latency, so we decided to used distilled pre-trained model which
has shown comparable performance to BERT-base on GLUE bench-
mark [24] NLP tasks [25]. We have experimented with 2 different
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Figure 3: Model fine tuning procedure

Figure 4: Model inference procedure

versions of the distilled model, 1. multi-qa-MiniLM-L6-cos-v1 1 ,
2. all-MiniLM-L6-v2 2 .

Modelmulti-qa-MiniLM-L6-cos-v1 (referred asModel 1 from
now on) is pre-trained 215M question, answer pairs data. It can sup-
port maximum sentence length of 512 tokens each with dimension
of 384. Model all-MiniLM-L6-v2 (referred asModel 2 from now
on) is pre-trained using large and diverse dataset of over 1 billion
data pairs. It can support maximum sentence length of 256 tokens
each with dimension of 384. Both of these models are consist of 6
layers of multi-head attention.

3.3.1 Model training. Figure 3 shows model training procedure.
We use siamese [11] strategy to fine-tune the pre-trained NN. To
measure the impact of the loss function of sentence embeddings, we
experimented with 2 loss functions, cosine similarity based Mean
Squared Error (MSE) loss and contrastive loss.

MSE loss. is represented as

𝐿𝑀𝑆𝐸 (𝑦, 𝐸𝑞, 𝐸𝑡 ) = (𝑦 − cos(𝐸𝑞, 𝐸𝑡 ))2 (1)

1Model details and weights available at: https://huggingface.co/sentence-
transformers/multi-qa-MiniLM-L6-cos-v1
2Model details and weights available at: https://huggingface.co/sentence-
transformers/all-MiniLM-L6-v2

Contrastive loss. is represented as

𝐿𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 (𝑦, 𝐸𝑞, 𝐸𝑡 ) = 𝑦
𝐷𝑤

2

2
+ (1 − 𝑦) (max(0,𝑚 − 𝐷𝑤))2

2
(2)

Here 𝑦 is the true label, cos(𝐸𝑞, 𝐸𝑡 ) is cosine similarity score be-
tween query sentence embedding 𝐸𝑞 ∈ R𝑚 and title embedding
𝐸𝑡 ∈ R𝑚 .

𝐷𝑤 (𝑐𝑜𝑠𝑖𝑛𝑒𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒) = 1 − cos(𝐸𝑞, 𝐸𝑡 ), 𝑚(𝑚𝑎𝑟𝑔𝑖𝑛) = Negative
samples (label == 0) should have a distance of at least the margin
value. For training We used default parameters as,𝑚 = 0.5, batch-
size = 16, Adam optimizer with learning rate 𝛼 = 2 ∗ 𝑒−5, and a
linear learning rate warm-up over 10% of the training data. We used
mean pooling strategy to combine input token embeddings into
single embedding vector.

4 EXPERIMENTS
4.1 Experiment dataset
We divide the 40K positive samples generated from data prepara-
tion into 2 parts, 33K for training and 7K for test. We add 5K titles
with no variations to the train dataset, meaning 5K samples where
query and title are exact match. This makes total 38K positive sam-
ples in the train data. For all our experiments, these 38K samples
are used in the training data. For data augmentation experiments,
we generate more positive samples and append it with these 38K
samples.

4.2 Negative samples
To generate negative samples, we consider two types of sampling
strategies. Type 1 sampling, randomly samples titles with maxi-
mum length difference of 1 from the target title. Type 2 sampling
samples randomly from the corpus of 42K titles. In our experiments,
we avoided edit distance based strategy to sample negative samples
mainly because, for queries with spell errors, even a possible strong
candidate title can be labelled as 0. It can create a confusing dataset,
where different labels are assign for similar examples. For e.g. for a
query ’despicable me 2’ it will mark ’despicable me’ as label 0 and
we don’t want to learn embedding where similar titles are placed
at a distance. Though sampling strategies we used are not 100%
full proof from such errors but probability of getting very closely
related titles reduces significantly.

4.3 Model evaluation
To evaluate the model, we measure Recall@1, Recall@5, and Re-
call@16 for the 7K test data. We use cosine similarity to retrieve
the closest titles from the corpus of 42K titles.

4.4 Baseline model
To build a baseline model, we fine-tuned Model 1, keeping positive
to negative samples ratio 1:1 and no data augmentation. We used
the 38K positive samples, and generated 38K negative samples using
the strategy described in 4.2.

4.5 Label ratio
We experimented with different the positive to negative sample
ratio. We tried 1:1, 1:5 and 1:10 ratios for Model 1 to compare the
retrieval performance.
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4.6 Data augmentation
As mentioned in 2, after performing transformations we filter all
the queries based on the actual customer search logs. To measure
the impact of data augmentation, we removed the filter step and
kept all the variation generated by the transformation steps. We
trained model with 228K, 1.2M, 3M, 4M samples, in each case the
positive to negative sample ratio is 1:5.

5 RESULTS
Table 1 shows the impact of data augmentation. We trained Model
1 with different training samples using MSE loss. We observed con-
sistent improvement in retrieval performance till 3M samples. After
that the performance started to saturate. It is interesting to see that
as we go for data augmentation, we included title variations which
are not present in the customer search logs, but still it improved
Recall@16 by 13.1% compared to model trained with 228K samples.
For this experiment, we use positive to negative sample ratio as 1:5.

Table 1: Impact of data augmentation, computed with Model
1, MSE loss

Train samples Recall@1 Recall@5 Recall@16

228K 42.38% 57.65% 68.1%
1.2M 49.27% 64.53% 73.97%
3M 55.92% 72.55% 81.13%
4M 56.04% 72.8% 81.2%

Table 2 shows the impact of positive to negative sample ratio.
Increasing the ratio from 1:1 to 1:5 shows 11.49% Recall@16 im-
provement. But further increase from 1:5 to 1:10 shows Recall@16
improvement of only 1%. This experiment is performed by fine-
tuning Model 1.

Table 3 shows impact of loss function. We trained Model 2 with
MSE and contrastive loss functions and observed performance im-
provement of 4.26%. This shows that training loss function have
huge impact on retrieval performance.

Table 3: Impact of loss function, computed with Model 2 with
4M samples

Loss function Recall@1 Recall@5 Recall@16

Mean Squared Error (MSE) 56.25% 72.18% 81.16%
Contrastive Loss 60.68% 77.47% 85.38%

Model 1 and Model 2 are pre-trained different datasets. After fine
tuning both on 4M samples with MSE loss, Model 1’s Recall@16
is 81.2% and Model 2’s Recall@16 is 81.16%. It shows that differ-
ent pre-trainng strategy doesn’t have noticeable impact on final
performance.

Finally table 4 shows the comparison of PV production system,
pre-trained Model 2 and fine tuned model. Result shows, that PV is
highly sensitive to transliteration variations and typing errors. Pre-
trained model trained on different tasks shows reasonable perfor-
mance but after fine-tuning we observe performance improvement

of 34.34% on Recall@16. Compared to PV baseline, fine-tumed
model improved Recall@16 by 51.25%.

6 CONCLUSION
In this paper, we discuss the importance of handling the translit-
eration variations and typing errors for title search on streaming
services. We evaluate the performance of PV on queries with such
noise and found that for only 34.13% of the queries have desired title
present in the results. We propose to address it by means of dense
retrieval. In the absent of relevant dataset, we prepared a dataset
of around 40K samples using query transformations and customer
search logs. We extensively study the impact of data augmentation,
negative to positive sample ratio, loss function used for fine-tuning,
and pre-training strategy on retrieval performance. Our best model
showed the performance improvement of 51.25% for Recall@16
compared to PV.
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Letter transposition map
This mapping shows possible replacements for each letter. This
is based on the common keyword errors, missing character and
transliteration variations.

Not all the keys in the adjacent have equal probability to be
typed by mistake. To get a rough estimation for keyword based
error, we referred to this article [1] which shows number of possible
dictionary words possible by replacing each letter by its adjacent
keyword keys. These represents a rough proxy as humans are
most likely to type a correct dictionary word then a total random
word. For missing space and transliteration variation error related
replacements, we take the average value of keywords based error
count. For numbers, we considered adjacent keys and put same
score for both.

Transliteration variation
We have considered these transliteration variations for our experi-
ments.

Table 2: Transliteration variations

Letter Replacement

a aa
e i
i ee
l ll
s z
u oo
w wh
z s

Dataset samples summary
Table 3 shows number of samples from each type of transformation.
We found total 63028 samples out of which 40531 are distinct.
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Table 1: letter mapping

Letter Possible replacements Replacement counts

’a’ [’q’,’s’,’w’,’x’,’z’,”,’aa’] [594,42401,10853,3822,3062,12146,12146]
’b’ [’f’,’g’,’h’,’n’,’v’,”] [16112,21182,10826,19375,6146,14728]
’c’ [’d’,’f’,’s’,’v’,’x’,”] [19151,15124,37974,7444,1854,16309]
’d’ [’c’,’e’,’f’,’r’,’s’,’v’,’w’,’x’,”] [19151,39499,16091,64063,80813,7848,10614,2018,30012]
’e’ [’d’,’f’,’r’,’s’,’w’,”,’i’] [39499,17080,76503,75665,13193,44388,44388]
’f’ [’b’,’c’,’d’,’e’,’g’,’r’,’t’,’v’,”] [16112,15124,16091,17080,13344,18722,20980,5822,15409]
’g’ [’b’,’f’,’h’,’n’,’r’,’t’,’v’,’y’,”] [21182,13344,10144,23414,22092,30296,5093,5295,16357]
’h’ [’b’,’g’,’j’,’m’,’n’,’t’,’u’,’y’,”] [10826,10144,2663,11486,11859,23856,10462,5518,10851]
’i’ [’j’,’k’,’l’,’o’,’u’,”,’e’,’ee’] [699,9983,40985,82987,63669, 39644, 39644,39644]
’j’ [’h’,’i’,’k’,’m’,’n’,’u’,’y’,”] [2663,699,1248,3464,2011,568,672,1618]
’k’ [’i’,’j’,’l’,’m’,’o’,’u’,”] [9983,1248,14651,8496,8366,5455,8033]
’l’ [’i’,’k’,’o’,’p’,”,’ll’] [40985,14651,43713,30126,32368, 32368]
’m’ [’h’,’j’,’k’,’n’,”] [11486,3464,8496,23433,11719]
’n’ [’b’,’g’,’h’,’j’,’m’,”] [19375,23414,11859,2011,23433,16018]
’o’ [’i’,’k’,’l’,’p’,”] [82987,8366,43713,18072,38248]
’p’ [’l’,’o’,”] [30126,18072,24099]
’q’ [’a’,’s’,’w’,”] [594,2041,728,1121]
’r’ [’d’,’e’,’f’,’g’,’t’,”] [64063,76503,18722,22092,54571,47190]
’s’ [’a’,’c’,’d’,’e’,’w’,’x’,’z’,”,’z’] [42401,37974,80813,75665,17079,3613,7300,37835,37835]
’t’ [’f’,’g’,’h’,’r’,’y’,”] [20980,30296,23856,54571,13286,28598]
’u’ [’h’,’i’,’j’,’k’,’y’,”,’oo’] [10462,63669,568,5455,6783,17387,17387]
’v’ [’b’,’c’,’d’,’f’,’g’,’y’,”] [6146,7444,7848,5822,5093,6783,6523]
’w’ [’a’,’d’,’e’,’q’,’s’,”,’wh’] [10853,10614,13193,728,17079,10493,10493]
’x’ [’a’,’c’,’d’,’s’,’z’,”] [3882,1854,2018,3613,516,2377]
’y’ [’g’,’h’,’j’,’t’,’u’,”] [5295,5518,672,13286,6783,6311]
’z’ [’a’,’s’,’x’,”,’s’] [3062,7300,516,3626,3626]
’ ’ [”] [1]
’-’ [”] [1]
’&’ [”] [1]
’:’ [”] [1]
’1’ [’‘’,’2’,”] [2,2,2]
’2’ [’1’,’3’,”] [2,2,2]
’3’ [’2’,’4’,”] [2,2,2]
’4’ [’3’,’5’,”] [2,2,2]
’5’ [’4’,’6’,”] [2,2,2]
’6’ [’5’,’7’,”] [2,2,2]
’7’ [’6’,’8’,”] [2,2,2]
’8’ [’7’,’9’,”] [2,2,2]
’9’ [’8’,’0’,”] [2,2,2]
’0’ [’_’,’9’,”] [2,2,2]

Table 3: Dataset samples summary

Transformation type Number of samples

Keyword error 3080
Missing character 19775
Transliteration 4216

Transpose adjacent letters 2729
Missing space 6167
Numbers 12
Suffix 55
Total 63028

Total Distinct 40531
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