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Abstract

As the amount of information available to the
average person has increased dramatically in
recent years, much progress has been made
in the field of automated question answering
systems. Much of this effort has gone into
monolingual question answering, especially in
English, due to the overwhelming presence of
English-language information present on the
web. It can be challenging to apply these re-
sults to languages with less readily accessible
material, imposing barriers on global communi-
ties trying to find relevant information. In this
project, we propose a novel ensemble method
for utilizing large English corpora for answer-
ing questions in a variety of languages. We find
that, when dealing with multilingual queries
and an English only context corpus, query trans-
lation and late-interaction retrieval outperforms
dense passage retrieval with a multilingual en-
coder.

1 Introduction

As the arrival of the internet to every corner of
the world has broken down barriers to publishing
content and diminished the role of gatekeepers, the
amount of information available at any person’s
fingertips has grown at an astonishing rate. In the
past, the venues available for getting an answer to
a question you had were visiting the local library
or asking some people you knew. Now, any given
person has the knowledge of billions of people
available to them. As noted by Thompson (2015),
value in the pre-internet age was generated by being
able to publish content to a wide audience, while
value today is generated by being able to narrow
down the vast amount of available information to
those pieces which are relevant to an individual.
One increasingly prominent way of finding rele-
vant information is the process of automated ques-
tion answering. In these systems, people input
a natural language question, and a program will

either find or generate an answer. Several promi-
nent datasets, like SQuAD (Rajpurkar et al., 2018)
and the Natural Questions dataset (Kwiatkowski
et al., 2019), have arisen as standards for this prob-
lem, and numerous systems have been applied to
these datasets with high degrees of success. Given
the nature of data available on the internet, most
of these datasets have been composed of English
questions and answers, and consequently the bulk
of publicly available automated QA systems deal
solely with English. This has meant that users of
non-English languages face significant barriers in
leveraging these systems. We try to address this
issue by building a question answering tool where
users can pose questions and receive answers in
any language, with the answers leveraging English-
language data.

2 Prior Literature

While the bulk of question answering work has
been applied to English-only questions and cor-
pora, multilingual QA systems have seen increased
attention in recent years. In particular, we note two
benchmark datasets which have arisen and some
of the various approaches that have been used in
addressing them.

XOR QA (Asai et al., 2021a) introduces a dataset
and benchmark for training and evaluating models
for cross-lingual question answering. The dataset is
adapted from the previous TyDi-QA dataset (Clark
et al., 2020), where question were gathered from
native speakers in 11 different languages. Asai et
al. propose 3 tasks based on this dataset. These are
termed: XOR-RETRIEVE, for retrieving English
passages from target language questions; XOR-
ENGLISHSPAN, for extracting or generating En-
glish answers to target language questions; and
XOR-FULL, for extracting or generating answers
in the original language of the question. The au-
thors also propose a set of baseline systems for
completing these tasks, which we discuss below.



Similarly, MKQA (Longpre et al., 2021) introduce
a dataset for multilingual open-domain question
answering based on human translations of question-
answer pairs from the well known Natural Ques-
tions dataset (Kwiatkowski et al., 2019). For a
full discussion on the similarities and differences
between these two datasets, please see the Data
section.

2.1 XOR QA Baseline Systems

The baseline systems presented by Asai et al.
(2021a) fall into two categories — translation and
multilingual. For the translation systems, ques-
tions are translated into English, and passages re-
trieved using either term-based (BM25) (Robertson
and Zaragoza, 2009) or neural (DPR) (Karpukhin
et al., 2020) IR. Specific answers are predicted us-
ing a fine-tuned BERT (Devlin et al., 2019) model,
which are then translated back into the original lan-
guage. In the multilingual systems, passages in
multiple languages are retrieved using DPR with
a multilingual BERT encoder, with answers in the
original language predicted using XLM-RoBERTa
(Conneau et al., 2020). In both cases, passage re-
call is evaluated by calculating the percentage of
of questions which have passages containing the
exact answer within the first n (2000 or 5000) to-
kens, and answer prediction is evaluated using to-
ken level F1 scores for both the English and target
language answers. In each task, the translation
pipeline achieved better results than the multilin-
gual pipeline, with DPR substantially outperform-
ing BM25.

The authors also experimented with using
Google Search and Google Translate in place of
their own IR and translation methods; the Google
methods tended to outperform other methods for
most languages.

2.2 Cross-lingual Open-Retrieval Answer
Generation (CORA)

Asai et al. (2021b) propose CORA as a model to ad-
dress one of the tasks presented in XOR-QA, XOR-
Full, where a question is asked in a target language
and the answer must be generated or retrieved in
that same language. CORA utilizes a pipeline of
a multi-lingual retriever to retrieve passages from
any language, and a multilingual answer generator
which uses a sequence-to-sequence model to gener-
ate an answer phrase in the target language. Here,
the retrieval system is an extended version of DPR
using a multilingual BERT model, which the au-

thors term mDPR, and the answer generator (called
mGEN) is derived from mT5 (Xue et al., 2021).
For the answer generator, a "language token" is
added to the prompt to specify what language the
generated output should be in.

Parameters for these two systems are also itera-
tively updated in a fine-tuning process where new
training data for mGEN is gathered using the "This
page in other languages" feature of Wikipedia,
which is then labeled as positive or negative based
on whether the answer generator can successfully
generate an answer from the new passages. CORA
is also evaluated on the MKQA dataset (Longpre
et al., 2021), where it achieves state of the art
performance by improves on the original baseline
on a substantial margin, outperforming the base-
line DPR + Machine Translation system by 34 F1
points, and the DPR + Google Translate system by
24 on the XOR-FULL task.

2.3 Single Encoder Retriever (Sentri)

The Sentri+MFiD model is similar to CORA in
that it combines a retriever and generator model
into a single system. In contrast to CORA, the au-
thors use a modified version of the FiD sequence-
to-sequence model (Izacard and Grave, 2020) that
has been retrained on a multilingual dataset, hence
MFiD. The authors also fix the parameters of the
generator model after pre-training and only fine-
tune the retriever, unlike CORA which updates
both models. With the additional MFiD base, Sen-
tri bumps up 26.1 F1 points, which outperforms
CORA over 2.7 F1 scores.

As for data choices, both of these models mine
data to overcome data scarcity issues, especially in
some low-resource languages. Sentri and CORA
choose different methods, Sentri uses M2M100
machine translation models to translate NQ and
Trivia QA datasets from English to other languages,
while CORA uses Wikipedia language links and
create new synthetic answers to mine new training
data cross-lingually.

It is worth mentioning that the authors of Sentri
think that all languages have complex morphology
and other linguistic features will make information
retrieval less effective if just make use of token
comparison. Thus they choose to normalize the
morphology of each language using different ap-
proaches.

When it comes to the actual system, both of them
adopt the idea of self-training, and create a closed



circle to iterate their system.

2.4 DR.DECR: Dense Retrieval with
Distillation-Enhanced Cross-Lingual
Representation

With DR.DECR the authors (Li et al.,, 2021)
propose a single-model retriever for the XOR-
RETRIEVE task from XOR QA. They find the best
performing pipeline where questions are first trans-
lated to English with a proprietary machine transla-
tion model, and then passages are retrieved using
ColBERT (Khattab and Zaharia, 2020). In order
to create a single model that can achieve similar
performance, Li et al. propose using knowledge dis-
tillation to distill information from the translation
pipeline into a single retriever model that does no
explicit translation at inference time. First, a Col-
BERT model fine tunes a pretrained multilingual
language model on an English only QA dataset.
This model will act as the teacher. Then, the stu-
dent ColBERT model is trained, with distillation
happening at two points.

1. The query-passage similarity scores for
queries in all languages are trained to match
the similarity scores between the correspond-
ing English question and the passages from
the teacher model

2. The query encodings themselves of the stu-
dent model are trained to match the corre-
sponding English encodings of the teacher
model. Because ColBERT operates on token-
level encoding, this involves a procedure for
aligning tokens between the original and trans-
lated English queries.

The authors find that while this distillation process
does improve the performance of the multilingual
IR model, it is still outperformed by the translation
+ English IR pipeline.

3 Data

For the information retrieval, we utilized the En-
glish Wikipedia dump, split into passages of 100 to-
kens at a time, as our corpus. As for our evaluation
set, we adopted the evaluation set made available
via the MIA 2022 Shared Task on Cross-lingual
Open-Retrieval Question Answering. We used data
from both XOR QA & MKQA, a brief description
of both of which is made available below.

3.1 XOR QA: Cross-lingual Open-Retrieval
Question Answering

We selected the dataset introduced in XOR QA
(Asai et al., 2021a) as the main dataset we worked
with as it not only presented a solid dataset but
also came with comprehensive benchmarking for
training and evaluating models for cross-lingual
question answering in the related paper. The XOR
QA dataset is adapted from the previous TyDi-QA
dataset, where questions were gathered from native
speakers in eleven different languages. XOR QA
selects those questions deemed unanswerable in
the original dataset due to lack of same-language
information and uses human translation to trans-
late them into English. Human annotators then
collected passages from Wikipedia that contained
answers for the English questions, in addition to
extracting specific answers from those passages.
Finally, these answers were verified and profes-
sionally translated back into the original question
language. Due to this series of steps, the XOR QA
dataset contains:

1. Questions in 7 languages
2. English translations of those questions

3. English Wikipedia passages that contain an-
swers to those questions

4. English answers to the translated questions

5. Answers in the original language of the ques-
tion.

Asai et al. propose 3 tasks based on this dataset
corresponding to points 3, 4, and 5 in the above list.
These are termed: XOR-RETRIEVE, for retrieving
English passages from target language questions;
XOR-ENGLISHSPAN, for extracting or generating
English answers to target language questions; and
XOR-FULL, for extracting or generating answers
in the original language of the question.

The authors also propose a set of baseline sys-
tems for completing these tasks. The baseline sys-
tems fall into two categories — translation and mul-
tilingual. For the translation systems, questions are
translated into English, and passages retrieved us-
ing either term-based (BM25) or neural (DPR) IR.
Specific answers are predicted using a fine-tuned
BERT model, which are then translated back into
the original language. In the multilingual systems,
passages in multiple languages are retrieved us-
ing DPR with a multilingual BERT encoder, with
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answers in the original language predicted using
XLM-RoBERTa. In both cases, passage recall is
evaluated by calculating the percentage of of ques-
tions which have passages containing the exact
answer within the first n (2000 or 5000) tokens,
and answer prediction is evaluated using token
level F1 scores for both the English and target
language answers. In each task, the translation
pipeline achieved better results than the multilin-
gual pipeline, with DPR substantially outperform-
ing BM25.

The authors also experimented with using
Google Search and Google Translate in place of
their own IR and translation methods; the Google
methods tended to outperform other methods for
most languages.

3.2 MKQA: A Linguistically Diverse
Benchmark for Multilingual Open
Domain Question Answering

LONGPRE, LU, AND DAIBER, 2021 (Longpre
et al., 2021) introduce Multilingual Knowledge
Questions and Answers (MKQA), an open-domain
question answering evaluation set comprising 10k
question-answer pairs aligned across 26 typolog-
ically diverse languages (260k question-answer
pairs in total). Of importance in our decision that
MKQA makes a valuable contribution to the field is
how well it reflects realistic, real-world settings and
how reliable its annotations are: MKQA explicitly
makes the decision to create “retrieval-independent
answer annotations” that are linked to Wikidata
entities and a few other value types. MKQA also
utilizes an answer collection procedure that offers a
highly reliable & independent evaluation set that is
unbiased towards the QA technique used, allowing
it to compare the performance of vastly distinct
techniques such as knowledge graph-based, dense
and sparse retrieval and generative QA techniques
on a large number of languages which comes in
handy in our research project. Another aspect of
MKOQA that allows it to offer a comparable evalu-
ation across so many languages is that it consists
of one of the largest sets of fully aligned examples
across such a diverse set of languages.

4 Model

Our ensemble approach relies on the combination
of a number of pre-existing language models, most
of which were trained and fine-tuned on different
corpora and applied zero-shot to our question an-

swering dataset. In this section we will discuss
briefly the models we utilized.

4.1 Query Translation

For language translation model, we choose to
use Opus-MT, a set of neural machine translation
models built by the Helsinki-NLP group and re-
leased on Hugging Face (Tiedemann and Thottin-
gal, 2020). Their models are based on Marian-
NMT and trained on Open Parallel Corpus (OPUS)
data using a data augmentation technique called
"Back Translation" where they only keep the back-
translated text to datasets if it’s different from
the original text after translating it to a different
language and translating it back. Moreover, this
model could translate from English to French, Por-
tuguese, and Spanish by just a single API, opus-mt-
en-ROMANCE.

We choose Opus-MT because the authors have
released a large number pretrained models for vari-
ous translation pairs. Especially well covered are
the translation pairs with a target language of En-
glish, allowing us to make use of our monolingual
information retrieval system with our English cor-
pus. Thus, for every query ¢” where the Opus-MT
project has an available L to English translation
model, we generate a corresponding English query
q°"¢. For languages where no Opus-MT model is
available, we remove the queries from our evalua-
tion. We discuss some of the potential impacts of
this in the Project Limitations section below.

4.2 Information Retrieval

For our information retrieval module, we utilize a
ColBERTV2 late-interaction neural IR model (San-
thanam et al., 2021). Unlike the mDPR model uti-
lized by CORA, ColBERTV2 encodes each query
and document into a multi-vector representation, al-
lowing for more fine-grained similarity calculations
than the single-vector encodings of DPR. Another
benefit of ColBERT as discussed by the authors
is the ability to ColBERT retrieval models outside
of their initial training domains. Because of this
quality, we felt that it would be feasible to use
publicly available ColBERT model weights trained
for passage ranking on the MS MARCO dataset
(Bajaj et al., 2016), and apply the model with no
fine-tuning to rank our English Wikipedia corpus.
Thus, we use ColBERT to retrieve a set of passages
Pe¢ from our English Wikipedia corpus for each
of our translated queries ¢®"¢.



4.3 Answer Generation

For answer generation, we use the mGEN model
proposed and trained by Asai et al. (2021b) for
CORA. This allows us to isolate our model changes
to the information retrieval part of the pipeline and
make the most direct comparison in performance.
In particular, we use the publicly released weights
from the mDPR; + mGEN; model where the iter-
ative training process of the full CORA model is
not performed. As in Asai et al. (2021b), mGEN
is based on the mT5 (Xue et al., 2021) sequence-
to-sequence model that generates a set of answer
tokens for each query, conditioned on the original
query ¢” (i.e. not the translated query ¢°¢), a lan-
guage tag L denoting the language of the query,
and the English context passages P°"¢. Note that
while unlike CORA we perform translation on the
initial query, like CORA we do not perform any
translation on the generated answer, and rely on the
pretrained mGEN model to produce answers in the
correct language given ¢~ and L.

5 Methods

For our experiment, we follow closely the exam-
ples set by XOR-QA TyDi benchmark and the 2022
Workshop on Multilingual Information Access. In
particular, we adopt their primary metric of us-
ing macro-avg F1 score, separately reported on
the XOR QA and MKQA evaluation sets, while
reporting Exact Match (EM) and BLEU scores
as secondary metrics. Although EM is the more
commonly used metric in evaluating QA systems,
Asai et al. (2021a) prefer F1 due to the lower risk
of surface-level mismatches in the cross-lingual
setting. Similarly, we found implementations of
BLEU to be somewhat unreliable due to the diffi-
culty in some languages of accurately identifying
word boundaries. We also adopt CORA’s use of 15
reference passages, along with the question and lan-
guage tag, as the input of our sequence-to-sequence
answer generation model.

6 Results

Tables 1 and 2 report our primary and secondary
metrics for each individual language, as well as the
overall macro average, on the XOR-QA TYDI and
MKQA datasets respectively. Table 2 compares
our XOR-QA TYDI results against a set of baseline
models, while Table 4 compares our results on the
MKQA dataset against those same models. Our
comparison models are as follows:

| FI  Em BLEU
Aveg. 212 160 107
Fi (974 exs) |28.0 231 21.6
Ja(693exs) | 244 193 26
Ru (1018exs) | 23.5 169 112
Ar (1387 exs) | 22.8 155 13.7
Bn(490exs) | 124 82 83
Ko (473 exs) | 16.1 12.9 6.9

Table 1: Our results on XOR-TYDI QA

Note: exs = examples

| FI. Em BLEU
Avg. 167 12,6 14.6
Fi (1758 exs) 225 193 217
Ja (1758 exs) 147 6.7 5.2
Ru (1758 exs) 151 65 134
Ar (1758 exs) 115 74 114
Ko (1758 exs) 86 59 56
Es (1758 exs) 266 232 260
Sv (1758 exs) 248 217 245
Tr (1758 exs) 21.1 180 202

Zh_cn (1758 exs) | 5.6 5.0 3.2

Table 2: Our results on MKQA

CORA - The full CORA model from Asai et al.
(2021a), with a multilingual text corpus for
context retrieval and after the iterative training
updates.

mDPR; + mGEN; - CORA with multilingual
corpus, but without the iterative training pro-
cess completed. Our answer generation model
is identical to the model used here.

DPR (trained NQ) + mGEN - CORA but in-
stead of training the retriever on a multilin-
gual retrieval dataset, a multilingual retriever
is trained on the english only Natural Ques-
tions dataset.

CORA, C™!i={En} - CORA but the model
only retrieves English language documents.

We find that our model outperforms all other mod-
els that use an English only corpus for information
retrieval on the XOR-QA TYDI dataset, but that
the
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Models XOR-TYDI QA

Avg. F1 Ar Ja Te
CORA 314 42.6 334 26.1
CORA(i) DPR (trained NQ)+mGEN 24.3 30.7 29.2 19.0
CORA(iii) CORA, C™vti_{Ep} 19.1 20.5 23.2 11.5
Our model (ColBERT_QA?) 21.2 22.8 24.4 -

Table 3: Our results comparing with CORA’s model in same setting on XOR-TYDI QA

Models MKQA

Avg. F1 | Fi Ru Es Th Vi
CORA 22.3 259 206 332 63 22.6
CORA(ii) DPR (trained NQ)+mGEN || 17.9 201 169 294 55 18.2
CORA(iii) CORA, C™!ti—{En} 20.5 247 154 283 83 21.9
Our model 16.7 22.5 15.1 26.6 - -

Table 4: Our results comparing with CORA’s model in same setting on MKQA

7 Analysis & Conclusion

As previously discussed, there appear to be two
dominant strategies in the field of Cross Lingual
Information Retrieval (CLIR) — translation meth-
ods and multilingual methods. In the translation
models, the query is first translated into various
languages and then monolingual IR is performed,
using either neural or lexical IR methods. The mul-
tilingual models by contrast are strictly neural, and
involve projecting both the untranslated queries and
the passages into a single embedding space. Pre-
vious projects have chosen different approaches,
and have come to differing conclusions on which
is more effective.

In particular, Asai et al. (2021a) and Li et
al. (2021) each found that pre-translating the
query achieved better results, while Asai et al.
(2021b) and Anonymous (2022) achieved higher
recall scores by using a single multilingual encoder
model. Li et al. (2021) attempt to reconcile the
two approaches in DR.DECR by using knowledge
distillation to make the results of the multilingual
"student" model more similar to the pre-translated
"teacher" model, though this process still does
not achieve scores higher than the original teacher
model.

In general, multilingual question answering sys-
tems that utilize translation based IR also tend to
perform translation on the answer generation end
as well (Asai et al., 2021a). Our approach is unique
in that it utilizes translation and a strong monolin-

gual retriever along with a multilingual answer gen-
eration model. We find that this approach outper-
forms CORA on the XOR-QA dataset when retriev-
ing from an English-only corpus, but that CORA
achieves much better results when opened up to
retrieve from a multilingual corpus. We believe
this shows that the translation approach is more
effective when dealing with a monolingual corpus
and multilingual queries, though it remains to be
seen whether our mixed translation-generation ap-
proach can be effectively extended to multilingual
corpora.

Known Project Limitations

A major limitation of our approach is that it relies
on the availability of existing models for translat-
ing queries into English. While we feel that there
are some benefits to using existing translation mod-
els, mainly due to the time and cost saved by not
needing to train dataset-specific models, a major
downside is that translation models may not exist
for all of the necessary language pairs. For exam-
ple, we were unable to locate reliable publicly ava-
ialble translation models for Telugu-English and
Khmer-English, despite having queries for those
languages in our datasets. This may also have a
biasing effect on our results, as it is likely that any
models we did train on these language pairs would
offer worse performance than our reported average.
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