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Abstract—The state-of-the-art approaches in Question-
Answering (QA) systems necessitate extensive supervised training
datasets. In low-resource languages (LRL), the scarcity of data
poses a bottleneck, and the manual annotation of labeled data
is a rigorous process. Addressing this challenge, some recent
efforts have explored cross-lingual or multilingual QA learning
by leveraging training data from resource-rich languages (RRL).
However, the efficiency of such approaches relies on syntactic
compatibility between languages. The paper introduces the
innovative method that involves seeding LRL data into RRL
to create a bilingual supervised corpus while preserving the
syntactical structure of RRL. The method employs the translation
and transliteration of selected parts-of-speech (POS) category
words. Additionally, the paper also proposes a customized
approach to fine-tune the models using bilingual data. Employing
the bilingual data and the proposed fine-tuning approach, the
most successful model has achieved a 75.62 F1 score on the
XQuAD Hindi dataset and a 68.92 F1 score on the MLQA Hindi
dataset in a zero-shot architecture. In the experiments conducted
using few-shot learning setup, the highest F1 scores of 79.17 on
the XQuAD Hindi dataset and 70.42 on the MLQA Hindi dataset
have been achieved.
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dataset generation; low-resource question-answering

bilingual

I. Introduction

In recent years the pre-trained models have shown no-
table performance on many downstream Natural Language
Processing (NLP) tasks such as Question-Answering(QA),
summarization, machine translation, sentiment analysis, etc.
[11, 121, [31, [4], [5], [6]. To use the pre-train models for
the task other than the one on which it has been trained [7],
fine-tuning on the task-specific supervised dataset is required.
While the fine-tuning datasets are available in many resource-
rich languages(RRLs) like English, French, and German|[8],
there are some languages that suffer from the bottleneck of
the unavailability of supervised task-specific data.

In various fields of NLP [9], [10], [11], [12], [13], there
have been efforts to tackle the situation of LRL data scarcity
by annotating RRL datasets.

This paper introduces a method for integrating Hindi terms
into English supervised corpora. It is noted that variations
in syntactic structures between languages can detrimentally
impact the effectiveness of question answering tasks. For
example, English follows SVO (Subject - Verb - Object) word
order whereas SOV (Subject - Object - Verb) word order is
followed in the Hindi language. The proposed approach not

only maintains a syntactic structure but also improves the word
overlapping between question and context tokens.

It is observed that through the integration of Hindi noun
category terms into English supervised data, a supervised
QA dataset for LRL can be produced with minimal manual
labeling required. Furthermore, it has been demonstrated
that this newly generated LRL dataset can be effectively
utilized alongside a tailored transfer-learning approach to attain
benchmark performance levels. The methodology of transfer-
learning is discussed in IV section.

Our major contributions are as follows:

1) For the LRL, a method is presented to construct a
bilingual QA supervised dataset by integrating LRL
words into the RRL corpora.

2)  The proposed transfer-learning mechanism leverages
bilingual supervised QA dataset to enable task-
specific learning and language structure learning to-
gether.

3) A method is proposed to modify the position of
answer_start during the generation of bilingual an-
notated data. This method relies on n-gram matching
between the answer and context tokens.

4)  An analysis of the translation and transliteration of
nouns from the source RRL to the destination LRL
is also furnished, along with its repercussions on the
QA task.

The remaining paper is organized as follows. The next
section describes the existing work in the directions of LM
learning and QA task. The noun seeding approaches and chal-
lenges of transliteration and translation are given in Section
III. The proposed approach to QA learning is mentioned in
the Section IV. In Section V, the discussion revolves around
the impact on performance and the analysis of the obtained
results.

II. Related Work

The development of the state-of-the-art QA models ([14],
[15], [16], [17], [18], [19], [20], [21], [22]) is facilitated by
numerous supervised large-scale question-answering datasets.
Majority of QA datasets are either labelled manually by
crowdworkers (e.g., SQUAD [23], HotPotQA [24], NewsQA
[25]) or originated from human inputs such as conversations or
search query logs (e.g., MS MARCO [26], NaturalQuestions
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[27], CoQA [28]). All these datasets are generated in English
languages.

There have been recent efforts to develop LRL QA corpora
involving cross-lingual and multilingual information transfer
from English or other RRLs. Authors [29] approach the cross-
lingual transfer learning by pre-fetching the support passages.
Authors [30] an approach to retrieving related documents for
a specific question first and using them as extra assistance in
predicting an answer. To generate the language they looked at
fine-tuning for retrieval-assisted generation models by com-
bining pre-trained parametric and non-parametric memory.
Authors [31] proposed a cross-lingual training approach that
utilizes the generative architecture with resource-rich language.
Authors [32] explored the direction of creating a dataset by
the utilization of generative pre-trained language models in
unsupervised environment followed by model fine-tuning by
leveraging the guidance provided by the synthesized dataset.

There have been many efforts [33], [34] to generate
supervised QA data in multilingual environments or for low-
resource language(s). By translating documents into English or
other RRLs before providing the answer, some research con-
verts the cross-lingual study into a monolingual task . These
approaches propagate the translation issues to the answer
generation stage [35]. The approach of question classification
for low-resource language proposed by [36] suggests the deep
learning-based architecture can outperform traditional machine
learning-based approaches for any higher level tasks. Fur-
thermore, numerous research concentrates on creating weakly
aligned data using different translation approaches. Few
techniques for cross-lingual learning use the shared-encoder
strategy [37], [38], [39], [40], allowing the linguistic patterns
learned in one language to be transferred to all other languages
without changing the model parameters. Author [41] used
weakly supervised model architecture with text matching and
relation detection tasks. In the approach authors, leverage the
results of text retrieval to construct positive and negative text
pairs followed by fine-tuning it on QA dataset.

Authors in [42] have proposed the approach to translating
the whole dataset into low-resource language and during
annotation analyze the quality of translation. To adopt this
framework in QA, the system is allowed to ignore the question
if the best probable answer seems to be invalid [43], [44].
Hence, the system will produce a subset of a resource-rich
dataset.

Another way of reducing data generation efforts is to
replace complete supervision with noisy weak supervision.
Authors [45], [46], [47], [48], [49], [50] have explored that
direction of dataset generation. In TriviaQA authors [51] uses
the noisy distant supervised approach to annotate documents
and answer span. The continuous user feedback-based learning
approach is proposed by authors [52]. For annotation, the
selection of a small subset from the whole dataset based on
relevancy score is the approach used in the active learning
strategy. The annotation cost could be reduced by prioritizing
annotation samples. The techniques like maximizing expected
model change [53], data-driven function learning [54] and
model uncertainty [55] are frequently adopted for annotation.
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A. Comparison of the Proposed Approach with Existing Work

In comparison to existing literature, our work extends the
exploration of bilingual dataset creation for QA task by focus-
ing on the substitution of nouns from RRL with those from
LRL. In the proposed approach, the dataset has been annotated
by transliterating word-subset from context, question, and
answer for the whole SQuAD dataset. While prior studies have
examined various aspects of bilingual dataset creation, such as
translation and transliteration of text, our research specifically
targets the replacement of nouns, which is a crucial component
in QA systems. By offering multiple strategies based on the
choice of Hindi seeding word, our study provides a nuanced
approach to address the challenges inherent in bilingual dataset
generation. This comprehensive analysis contributes to the
existing literature by offering insights into the effectiveness
of different methods in improving the performance of QA
systems across languages.

It is essential to note that existing research in similar areas
has certain limitations, such as overlooking specific linguistic
nuances or failing to adequately address the variability in noun
usage across languages. To address these gaps, our study aims
to incorporate a comprehensive analysis of noun replacement
strategies, considering the limitations identified in previous
research. By presenting these insights, we aim to contribute to
the existing literature and offer potential solutions to overcome
the identified limitations, thereby enhancing the effectiveness
of QA systems across languages.

II. Bilingual Dataset Generation

The primary requirement of a machine reading comprehen-
sion (MRC) system is to have exact word overlapping between
answer and context. Since English and Hindi follow different
word ordering, the exact translation negatively impacts word
overlapping. For example, as shown in Table I, the word order
of all our bilingual seeded datasets is SVO, similar to English
whereas in Hindi translated it is updated to SOV. Moreover,
the noun phrases in a given passage are the most plausible
answer to the asked question [23], [25]. According to the
article by Trischler et al. [25], the majority of the answers are
common noun phrases.

Aligned with these findings, this paper explores the path of
replacing nouns of RRL with LRL. Specifically, Hindi nouns
are introduced into the RRL supervised dataset by substituting
English nouns. Based on the choice of the Hindi seeding word
our approaches are divided into three parts: 1) Replacement of
all nouns with Hindi translation, 2) Replacement of all nouns
with Hindi transliteration, and 3) Replacement of common
nouns with Hindi translation and proper nouns with Hindi
transliteration. The remaining of this section gives details
of all three approaches. The subsection III-D describes our
approach to adjust the position of answer start index after
Hindi word seeding.

A. Noun Translation

To generate the LRL supervised data, our first approach
is to replace all the English noun words with their Hindi-
translated version. The major issue with direct translation
is that the translation may replace multiple occurrences of
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Table 1. Example of Hindi and English Word Ordering with Translation and Transliteration

English Text

Carolina got the ball on their own 24-yard line.

Hindi Text

(Text Translation)

(Noun Translation)

AT got the 7 on their own 24-yard &,

(Noun Transliteration)

FRAferT got the d7eT on their own 24-yard @M.
(NN Translation & NNP Transliteration)

AT got the 7 on their own 24-yard &,

HATCTT F 37U 24 IS e | st wIed e

Table II. Example with Multiple Sentence Reasoning and use of Lexical Variation(synonymy). Overlapping Words are Underlined, Synonymy used in Context
is shown in Bold Text and the Answer is Highlighted in Blue Color

What is the &S®e of TR AU Ul 7

What is the area of Glacier National Park ?

Question

Context

TR A2FTS UIeh is an American national & located on the W—WW AR @I, The &M is located in the ITWR-
TfSrH I of HIEHT in the FYeRT T and is adjacent to the FATST Widl of Aewel and ST HIAT. The I covers an & of
more than one million acres (4,000 km2) and includes two gda Prel (W—W of the Il Tdd), more than 130 named i,
over 1,000 different el YeTfaat , and hundreds of YSTifaat of a=asital.

Glacier National Park is an American national Park located on the Canada—United States border. The park is located in the
northwestern state of Montana in the United States and is adjacent to the Canadian provinces of Alberta and British Columbia.
The park covers an area of more than one million acres (4,000 km?) and includes two mountain ranges (sub-ranges of the
Rocky Mountains), more than 130 named lakes, over 1,000 different plant species, and hundreds of species of wildlife.

the same word with word synonyms. Additionally, context-
independent translation of proper nouns may produce a word
that diverts the sentence focus from the actual linguistic mean-
ing. Next, some example cases are mentioned to highlight
these issues.

a) Replacement of Proper Noun(NNP): The NNP
"British Columbia” is translated to " 3{USTi SleifsAT" in context-
independent translation. The meaning of the word "33S" rep-
resents “the British community” instead of it’s actual meaning
i.e. place.

b) Replacement with synonyms: The translation per-
formance is dependent on the third-party translation tool.
Situations were observed wherein the translation substitutes
various instances of a word with synonyms. Table II shows the
example where definite pronoun and word synonyms deflect
the overlapping between the question and the answer sentence
from the context. To represent the word “park” in the Hindi
context paragraph, the lexical variations "Ulh" and "IE"

are used. The overlapping between context and question
emphasizes the word "UTeh" but the answer statement contains
a synonym word "3Sg" as shown in a bold letter in the
example. Additionally, word “area” is written as "S@THA" in
the question and it diminished to "&3" in the answer sentence.
Further, the overlapping noun "Telf/&R ALFd UTéh" is present
in a non-answer sentence and it is replaced with its definite
pronoun """ in the answer statement.

B. Noun Transliteration

To explore the impact of transliteration, in our first experi-
ment, all words of the NNP category were replaced with their
Hindi transliterated version. In the next experiment, all noun
tokens (NNP, NN, NNPS, NNS) of the question, context, and
answer words were transliterated.

Both experiments produce bilingual datasets for QA train-
ing. However, before starting the training in the annotated
dataset, the following two situations need to be addressed:
1) similar to translation, in transliteration few Hindi word
replacements have a negative impact on the quality of the
transliteration. 2) after the transliteration, the invalid position
of the answer_start needs to be updated. The next subsection
describes examples that affect the transliteration quality and an
approach to handling such erroneous situations. The approach
of adjusting the answer_start is described in III-D.

a) Replacement of Common Noun(NN): Despite pro-
ducing the correct transliterated version of common nouns,
the seeding does not improve language learning along with
task learning. Instead, such transliteration produces words
that do not present in the test set that is fully in Hindi. For
example, replacing the word “agriculture” with """ is more

significant than with "TfieeaR”.

b) Replacement of Proper Noun(NNP): 1t is observed
that there were a few cases where the proper noun translitera-
tions produced misleading Hindi words. For example, "Main”
is converted to "®" in transliteration version. Degree "MBA”
is translated to "¥", "SUNDAYS” is translated to "Te" in
transliteration version. Given the limited occurrence of such
misleading words, a dictionary was compiled to address the
problem of incorrectly transliterated words. These words were
subsequently replaced with their original English counterparts
before commencing the training process

¢) Erroneous POS labeling: The instances have been
observed where the word "Which” from the question is labeled
as NNP or Adjective(JJ) instead of Wh-determiner(WDT).
To handle such unnecessary transliteration due to erroneous
labeling, all WH words are added to the dictionary mentioned
in the above step.
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C. Combining Translation and Transliteration

By considering the above-discussed challenges of trans-
lation and transliteration, in our third approach to bilingual
dataset generation, translation and transliteration were com-
bined. Specifically, the approach replaces the English proper
nouns with Hindi transliterated words and common nouns with
translated words.

The next subsection describes our approach to adjusting
the position of answer_start in bilingual data generation.

D. Position of Answer_start

The incorrect position of answer_start degrades the perfor-
mance when words from the question, answer, and context are
replaced with their appropriate Hindi transliteration or trans-
lation. To tackle the situation of adjusting the correct position
of answer_start and to produce the context-aligned answer,
n-gram similarity between context and answer statement as
shown in Algorithm 1 is used. Here, n value of n-gram
is equivalent to the answer length. NG represents ngrams()
function from nltk library and SM is SequenceMatcher() from
difflib. First, in the list grams all possible n-grams of context
paragraph were stored. Next for each n-gram value of grams,
the matching sequence with answer text was computed and all
the computed results were stored in the list score. Maximum
score from the list score is the most probable candidate for
context_answer. To computer answer_start the find() function
was used and the index of context answer was calculated
accordingly.

Algorithm 1 ngram similarity for adjusting answer start and
context_answer

Input: answer, context
Output:answer_start,context_answer

len + length(answer)
grams < NG(context.split(),len)
ngrams < ||
score < ||
index < 0
maz_index < 0
maz_score < 0
while grams # empty do
scorelindex] < SM (answer, gramsli])
index < index + 1
end while
mazx_score < max(score)
maz_index + score.index(max_score)
context_answer < ngrams|max_index]
answer_start < find(context_answer)
return answer_start,context_answer

IV. Proposed Model Training Approach

To assess the significance of POS categories in QA, the
NLTK library is employed to determine the category of every
token within the questions, answers, and context passages
of the SQUAD dataset. For question, answer, and context
tokens Table IV indicates the count of words belonging to
the 8 most frequent POS categories from answer tokens. Fig.
1 indicates the percentage-wise distribution of individual top

Vol. 15, No. 3, 2024

POS categories (more than 3% of total tokens) for the question,
answer, and context tokens.

Fig. 1 shows around 21.97% answer words are labeled
with NNP category. Moreover, Table IV reveals that noun with
their subcategories (NN, NNP, NNS) occupies 48.52% (almost
half tokens) of total answer tokens. The same distribution is
30.64% in context and 30.24% in question tokens.

As shown in Fig. 2, the proposed method consists of the
following steps:

1)  Fine-tune the model on the Question-Answering task
using the English SQuAD dataset(part-A of Fig. 2).
At this stage, there is no update to the embedding
weights.

2)  The embedding layer of the pre-trained transformer
model is trained on Hindi unlabelled text corpora'
with MLM objective (as shown in part-B of Fig.
2). During the MLM training, all layers except
embedding are kept frozen. During this step, the
model is trained to learn the language structure of
the Hindi language.

3) In a transfer-learning step (part-C of Fig. 2), the
embedding layer of the above setup is updated with
the embedding layer learned in Step 1.

4)  Fine-tune the model on downstream task using bilin-
gual labeled data of English and Hindi. The data is
annotated as mentioned in Section III.

5) For a few-shot setup, further fine-tune the model on
the downstream task using Hindi QA data (part-D of
Fig. 2).

6)  Evaluate the model performance on the Hindi QA test
dataset.

As shown in Fig. 2, the embedding of a pre-trained trans-
former model was trained with an MLM objective. During
this step, the unsupervised Hindi data was supplied with a
15% masking probability. Except for the embedding layer,
the weights of layers were kept unchanged to enable language
learning. To learn the QA task, our models were fine-tuned
using SQUAD English dataset. The learned QA head was
added with the Hindi embedding layer to form the transformer
model that knows the Hindi embedding and QA task. Next, to
see the impact of noun transliteration, the models were trained
on the bilingual annotated dataset.

In a few shot setup, the QA learning is further fine-tuned
using MLQA or XQuAD Hindi dataset, depending on the
model. This step is omitted for the zero-shot learning setup.
Finally, all the trained models are evaluated on the Hindi test
dataset of MLQA or XQuAD evaluation set.

A. Models

The mBERT model is pre-trained in 104 languages and
XLM-R is pre-trained in 100 languages. The training set of
both includes the Hindi language as a subset. Based on the
annotation approach mentioned in III, the following models
of XLM-Rr4rge and mBERT have been trained using the
approach mentioned above.

'The experiments are conducted on the pre-trained models from the
huggingface: https://huggingface.co/
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Table III. Example Context Paragraph from the Article Armenia of SQUAD Train Set. The Example is Taken from Bilingual Dataset that has been Generated
using the Annotation Method Mentioned in the Section III

Translation of common nouns and transliteration of proper nouns

FW accounted for less than 20 % of both net Wt ITE and total ISETR before the FHET of the Hfaaa in 1991. After SIS, the He<d of FY
in the 31 increased markedly, its 7R ST at the AT of the 1990s rising to more than 30 % of and more than 40 % of total ISATR. This
H’@T‘l’& in the Agxd of ?ﬁ was attributable to Wﬁ{ﬁw of the 3 in the %lm of during the first TN of HHAUT and the TR ST of the
non-agricultural V&R of the AT in the early 1990s. As the economic TR stabilized and q@ resumed, the 2R T of%ﬁ( in SEIT dropped to
slightly over 20 % (2006 STF&IY), although the SITR AT of FW in ISR remained more than 40 %.

Hindi Translation (manual)

1991 & Gifora T & fee & vedt gt Hfifaes Icurg iR et AR G § HTY T feem 20%  oft 9 21| TdsIar & a1, sreforawn § it &1 Hec WE 9 & ¥ 14T,
1990 & e o 37T § SHHT [GTT TGa SSTU! T 30% TR Ho ASHTR T 40% F 3105 8 7111 FW F Heed | Tg g, SIS i W JR&T ATIFHATSH b HRUT
HEHAUT & UE TR o QI ATIAAT 3R 1990 o 3Tk hY BT H STefeawl 3 IR-FW &7 & Ua o FR0T gg | SIA-S1 anféier fefa far g ok e fe &
S[E BT, STETdT & i 1 fewa gea 20% (2006 eT) & TSt A(e & T, FTetiics ASFIR | HY 1 e 40% & A1 w1

Transliteration of all nouns

@W accounted for less than 20 % of both net TRTe Wgae and total TRATAHE before the FEHIGRM of the Hifaad in 1991. After 3304, the
of Witehew in the increased markedly, its R at the T of the 1990s rising to more than 30 % of and more than 40 % of total

TERATgHE, This 919 in the ST of Tiiehee? was attributable to %S =ﬁ's‘,'€r of the trrgﬁm in the %Y of T during the first HAT of §T\T1‘TQFT

and the HeTY of the non- agricultural Taed of the $HFHT in the early 1990s. As the economlc ﬁﬂt{%ﬁ stabilized and T resumed, the 9 of TR in

SHEMT dropped to slightly over 20 % (2006 ETeT), although the $RR of TiieeaR in remained more than 40 %.

Hindi Translation (manual)

1991 % Tifeaa 79 & fawes & uget ot s IcTg AR Fel ASHIR Q1 1 i 6T ol 20% & off o o7 | Tae=iet o 915, Sreferaee  F &7 7o e ¥ 3§ 9¢ 741,
1990 & e o 37T § SHHT [eTdT TG SSTGT BT 30% TR Fo AR &7 40% F 310 8 7111 FW F Hoed | Tg g, SHUET i W FIT SATAFHATIHT b BRI
HERHUT 3 UET TROT ok IR AT 3R 1990 & 2k i EATq # sreferawe & IR-F &5 & Ua & HRUT g3 off | -5 aeies ffa fer g8 ok fawrw R &
S[E BT, ST # ¥ 1 e gea 20% (2006 3eT) & 2TeT Ae & T, Fietiics ASFIR H HY &1 e 40% & A @Il

Table IV. Distribution of Tokens as Per POS Categories. Table is Sorted in Non-ascending Order of Answer Token Counts per POS Category

Training Data NNP NN 1 CD NNS IN DT CcC Other Total

Question 106518 | 145906 62734 13711 46571 108387 83005 8820 413057 988709
Answer 64966 56265 26242 24103 22215 21446 20970 9843 49600 295650
Context 294436 | 335086 | 198461 | 67784 | 147719 | 312017 | 247682 | 85681 847126 | 2535992

MODEL-NNP: The transformer models? trained with
Hindi MLM objective are further trained using an-
notated bilingual QA dataset as mentioned in the
proposed approach. Here, in the annotation process,
the tokens that fall in the NNP POS category are only
transliterated in Hindi and other tokens are kept in
English.

MODEL-Nouns-Transliterate: ~ The Hindi MLM-
trained models are further trained using an annotated
bilingual QA dataset as mentioned in the proposed
approach. Here, in the annotation process, all noun
tokens are transliterated in Hindi and other tokens are
kept in English.

MODEL-Nouns-Translate: The Hindi MLM-trained
models are trained using our annotated bilingual QA
dataset. Here, in the annotation process, all noun
tokens are translated into Hindi. The other tokens are
kept in English.

MODEL-Nouns-Combined: The Hindi MLM-trained
models are trained using our annotated bilingual QA
dataset. Here, in the annotation process, all proper
noun tokens are transliterated and common noun to-
kens are translated into Hindi. The other tokens are
kept in English.

MODEL-SQuAD: The Hindi MLM-trained models
are trained for QA learning on the SQuAD dataset.

2Here, MODEL is either XLM-R L qrge or mBERT

MODEL-SQuAD-NNP: The MODEL-SQuAD model
is further trained using annotated bilingual QA dataset
as mentioned in the proposed approach. Here, in the
annotation process, the tokens that fall in the NNP
POS category are only transliterated in Hindi and other
tokens are kept in English.

MODEL-SQuAD-Nouns: The MODEL-SQuAD
model is trained using an annotated bilingual QA
dataset as mentioned in the proposed approach. Here,
in the annotation process, all proper noun tokens are
transliterated and common noun tokens are translated
into Hindi and other tokens are kept in English.

V. Experimental Setup and Result Analysis

A. Model Parameters

For model training, 128 doc_stride and 2e-5 learning rate

were used. The Adam optimizer was used for all the experi-
ments. It adjusts the learning rate for individual parameters by
utilizing estimates of the gradients’ first and second moments.
By keeping track of moving averages of gradients, Adam
achieves faster and more dependable convergence compared to
conventional optimizers with static learning rates. It includes
bias correction to counteract initialization bias and updates
parameters with scaled gradients, leading to efficient updates.
For QA training batch size is kept to 4 and models are trained
for 2 epochs. All other hyper-parameters of our training are
similar to [56]. The NVIDIA Quadro GP100 GPU was used
for fine-tuning all the transformer models. Fig. 3 indicates the
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Table V. F1 Score and EM of models on MLQA Hindi dataset in zero-shot setup and after few-shot Hindi XQuAD training.

Zero-shot results

Few-shot results

Models F1 EM Fl EM

mBERT} 438 29.87 54.3 41.03
mBERT-NNP 45.49 30.23 59.84 44.74
mBERT-Nouns-Transliterate 47.85 32.33 60.83 4591
mBERT-Nouns-Translate 4491 30.09 59.12 44.43
mBERT-Nouns-Combined 48.86 33.88 60.89 46.07
mBERT-SQuAD 46.54 31.39 57.64 42.36
mBERT-NNP-SQuAD 46.03 30.45 59.75 45.12
mBERT-Nouns-SQuAD 49.45 34.55 61.74  47.76
XLM-Rrgrget 64.37 4523 66.38 50.27
XLM-R [ grge-NNP 65.93 46.95 69.14 53.78
XLM-R 1, g rge-Nouns-Transliterate 66.79 48.40 70.02 53.92
XLM-R [, g rge-Nouns-Translate 64.98 46.19 68.83 52.81
XLM-R [ 41 ge-Nouns-Combined 67.56 48.97 70.31 54.27
XLM-R 7 grge-SQUAD 66.44 48.53 69.52 54.21
XLM-R [ grge-NNP-SQuAD 67.10 48.89 70.19 54.34
XLM-R 1, o7 ge-Nouns-SQuAD 68.92 52.24 70.42 54.51

Table VI. F1 Score and EM of models on XQuAD Hindi dataset in zero-shot setup and after few-shot Hindi MLQA training for 2 epochs.

Zero-shot results

Few-shot results

Models F1 EM Fl EM
mBERT 48.93 34.02 70.02 55.52
mBERT-NNP 49.63 34.37 70.98 56.01
mBERT-Nouns-Transliterate 52.98 37.39 71.42 55.21
mBERT-Nouns-Translate 49.03 32.74 69.24 54 48
mBERT-Nouns-Combined 55.47 39.91 71.50 55.39
mBERT-SQuAD 51.38 35.94 68.83 54.27
mBERT-NNP-SQuAD 50.78 34.96 71.70 56.39
mBERT-Nouns-SQuAD 56.04 40.50 71.52 55.46
XLM-Rrgrget 71.79 51.53 77.38 60.36
XLM-R7, g1 ge-NNP 71.56 51.77 79.12 62.11
XLM-R 1,41 ge-Nouns-Transliterate 73.13 54.79 79.02 61.89
XLM-R 1,41 ge-Nouns-Translate 70.12 51.37 78.83 61.01
XLM-R 1, 41 ge-Nouns-Combined 74.22 57.93 79.12 62.09
XLM-Ry, qrge-SQUAD 72.05 52.54 77.36 60.53
XLM-R [ grge-NNP-SQuAD 73.36 54.87 79.06 62.14
XLM-R 1, o7 ge-Nouns-SQuAD 75.62 58.65 79.17 62.18
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(a) Answer tokens distribution as per POS category

(b) Question tokens distribution as per POS
category
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€ vep

(c) Context tokens distribution as per POS category

Fig. 1. Distribution of tokens as per POS categories with count of categorical tokens > 3% of total tokens. Tokens with count < 3% are labelled as Other.
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Fig. 2. Proposed approach of low-Resource hindi question-answering learning.

training loss at each phase of the model training process. The
graphs are generated using 0.925 smoothing rate.

B. Datasets

The unsupervised Hindi text data for Hindi embedding
training and annotated QA dataset for task learning were used.
The details of the dataset that has been used are as follows:

a) Unsupervised data for Embedding training: For
embedding training, 63.1M sentences from IndicCorp ([57]),
2.3M sentences from Wikipedia dump and 8.56M Hindi sen-

tences from Samanantar Indic corpora collection ([58]) were
combined.

To pre-process the Wikipedia dump and to clean the data,
the Wikipedia Extractor tool® is used. It involves parsing
through the XML dump of Wikipedia articles and removing
the markup, templates, and other non-textual elements, leaving
behind only the plain text content. This extraction process
cleans the Wikipedia text, making it aligned with IndicCorp
and Samanantar and hence, making it compatible to fine-tuned

3https://github.com/attardi/wikiextractor
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Fig. 3. Training loss of the zero-shot learning steps on mBERT and XLM-Ry, 4;.g. models.

the models for the embedding training.

b) Supervised data for Question-Answering training:

On the SQuAD 1.1 ([23]) English dataset, the models were
trained for single epoch. To train the model further on bilingual
QA data, the model were trained on task-specific bilingual
corpora. The Hindi subset of MLQA dataset ([59]) and
XQuAD ([56]) were used to train the models on Hindi QA
task in few-shot setup. The few-shot training was executed
for two epochs on XQuAD or MLQA dataset depending on
the model. Our models, trained on MLQA, are evaluated on
the XQuAD Hindi dataset and visa-versa.

C. Result Analysis

Table III shows an example context paragraph from
SQuAD training set. The table indicates the approach of
translation of common nouns and transliteration of a proper
noun has more word overlapping with the Hindi translation
version as compared to the transliteration of all nouns (over-
lapping is highlighted in blue color). However, there are
few cases where the translation-transliteration approach leads
to incorrect translation as the Hindi translation of a word
is independent of the statement structure and neighborhood
words (highlighted in red color). For example, the translation
tool has converted the word end to THTWT which is the correct
translation. However, for the current context, it should be
AT, Table III also depicts that the synonyms are also
playing vital role in the translation as mentioned in III-AOb.

Some examples of synonym pairs from the table are (?{ﬁ?ﬂ—
), (ATTE-Tdd), and (FGAA-glg).

Table V indicates zero-shot and few-shot learning results
on the MLQA Hindi dataset. The baseline results obtained for
mBERT and XLM-R 4,4 models are highlighted with { sign
in the table. The models trained after all noun replacement
are producing the best results. In the zero-shot configura-
tion, XLM-R4,gc model has achieved the best (68.92/52.24)
(F1/EM) scores and the best score of the mBERT model is
(49.45/34.55). In the few-shot configuration when the same
models are trained on XQuAD, the XLM-Rr4g. model has
achieved (70.42/54.51) (F1/EM) scores. The best few-shot
F1 score is 1.5% better than zero-shot. Additionally, for the
MLQA dataset, the best performance difference between zero-
shot and few-shot setup for the mBERT is 11.29% which is
just 1.5% in XLM-R,4,-gc model. This shows for the mBERT
models, the few-shot XQuAD training helps in boosting the
overall performance.

Table VI shows zero-shot and few-shot learning results on
the XQuAD Hindi dataset. The baseline results obtained for
mBERT and XLM-Rp 4. models are highlighted with { sign
in the table. In the zero-shot setup, the best performance on
the XQuAD Hindi dataset has been observed by the setup
of the models trained on all nouns seeding dataset, followed
by SQuAD training. Specifically, XLM-Rp4.qc model has
achieved (75.62/58.65) (F1/EM) and (56.04/40.50) (F1/EM)
is the score of the mBERT for the same configuration. When
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the same models were trained on MLQA to report a few-shot
learning outcome, the same XLM-R,,.qc model has achieved
(79.17/62.18) (F1/EM) scores and (71.52/55.46) (F1/EM) is
the mBERT result. The best few-shot F1 score is 3.55% better
than zero-shot.

Results obtained in both tables suggest that common noun
translation and proper noun transliteration have improved the
performance of XLM-R and mBERT models for both MLQA
and XQuAD datasets as it involves the replacement of 31.93%
English tokens by its aligned Hindi version.

VI. Conclusion and Future work

In this paper, a novel method is introduced aimed at
seeding low-resource words to establish a bilingual supervised
QA dataset while ensuring the syntactic structure of the RRL
is maintained. The proposed approach leverages the RRL
and incorporates transliteration or translation techniques for
nouns into the LRL. This method facilitates the creation
of a robust bilingual dataset for question-answering tasks,
addressing the challenge of limited resources in certain lan-
guages while preserving syntactic coherence and linguistic
structure across languages. By utilizing this approach, the
availability and quality of datasets for training and evaluating
QA systems in bilingual settings has been enhanced, contribut-
ing to advancements in NLP and QA research. Moreover,
the issue of aligning answer start following the LRL word
seeding process, has been addressed. Performance analysis of
our approach and bilingual corpora on MLQA and XQuAD
Hindi datasets has been conducted utilizing the mBERT and
XLMprqrge architectures. In the zero-shot setup, our best-
performing models have shown (75.62 / 58.65) (F1/EM) on
the XQuAD Hindi dataset and (68.92/52.24) (F1/EM) scores
on the MLQA Hindi dataset. In the few-shot setup, our best-
performing models have shown (79.17/62.18) (F1/EM) on the
XQuAD Hindi dataset and (70.42/54.51) (F1/EM) scores on
the MLQA Hindi testset.

The proposed work opens avenues for future research in
several areas. An intriguing direction is the analysis of POS
category-based Hindi translation or transliteration and text
annotation using all possible translated synonyms. However,
it is important to acknowledge that in translation, synonyms
might alter the sentence focus, even though they refer to
the same concept, thus potentially introducing ambiguity.
Another area worth exploring is the identification of the most
suitable word replacement by translation or transliteration
based on POS category, coupled with an in-depth analysis
of the impact of all word replacements. This comprehensive
approach would help address the limitations inherent in the
current method and provide insights for improving accuracy
and effectiveness. Additionally, examining the impact of word
replacement by synonyms could be a promising avenue for
further investigation, shedding light on potential limitations
and challenges. Furthermore, regarding the mBERT model,
while it demonstrates a notable improvement in few-shot
learning compared to XLM-R4;4¢, further investigation into
the underlying reasons for this disparity is warranted to gain
a deeper understanding of model performance. By addressing
these limitations and delving into these research directions,
future studies can enhance the current work of multilingual
QA systems.
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