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Abstract

Cross-lingual open domain question answer-
ing (CLQA) is a complex problem, compris-
ing cross-lingual retrieval from a multilingual
knowledge base, followed by answer gener-
ation in the query language. Both steps are
usually tackled by separate models, requiring
substantial annotated datasets, and typically
auxiliary resources, like machine translation
systems to bridge between languages. In this
paper, we show that CLQA can be addressed
using a single encoder-decoder model. To ef-
fectively train this model, we propose a self-
supervised method based on exploiting the
cross-lingual link structure within Wikipedia.
We demonstrate how linked Wikipedia pages
can be used to synthesise supervisory signals
for cross-lingual retrieval, through a form of
cloze query, and generate more natural ques-
tions to supervise answer generation. Together,
we show our approach, CLASS, outperforms
comparable methods on both supervised and
zero-shot language adaptation settings, includ-
ing those using machine translation.

1 Introduction

Open Domain Question Answering (QA) is the task
of generating an answer for a given question based
on the evidence gathered from a large collection of
documents. A widely adopted pipeline "retrieve-
then-read" is employed for this task (Chen et al.,
2017; Karpukhin et al., 2020), which begins by
retrieving a small set of passages using a dense
retrieval model and subsequently processes re-
trieved passages to generate the answer with a ded-
icated reader. Unlike English open-domain QA,
where both questions and knowledge sources share
the same language, multilingual open-domain QA
presents new challenges, as it involves retrieving ev-
idence from multilingual corpora, considering that
many languages lack comprehensive support doc-

“Now at Google DeepMind

uments or the questions require knowledge from
diverse cultures (Asai et al., 2021b).

Several attempts have been made to enhance
the performance of multilingual open-domain
QA (Asai et al., 2021b; Abulkhanov et al., 2023).
These approaches typically require passage la-
bels for retriever training through supervised con-
trastive learning. This requirement complicates
cross-lingual retrieval training significantly due to
the challenge of constructing a large-scale dataset
containing query-passage labels. This challenge
emerges from the unavailability of prior knowledge
regarding which language contains the relevant ev-
idence. Furthermore, these efforts often involve
separate training of the retriever and reader, leading
to error propagation within the resulting pipeline.

Evidence in the context of English open-domain
QA reveals that integrating retriever and reader
training typically leads to improved performance
on both components. This achievement is often
realised by training both components (Guu et al.,
2020; Lewis et al., 2020) or a unified model that
performs both tasks (Lee et al., 2022; Jiang et al.,
2022) through fully end-to-end training. Nonethe-
less, such a joint training paradigm has not been
extensively explored in multilingual open-domain
QA, and how to adapt it to suit the complexities of
multilingual settings remains an open question.

In this paper, we introduce the first unified
model capable of performing both cross-lingual
retrieval and multilingual open-domain QA tasks.
To achieve this, we propose CLASS (Cross-Lingual
QA Pre-training with Synthetic Supervision), a self-
supervised method to pre-train the model with mul-
tilingual texts at scale. CLASS comprises two core
components: cross-lingual retrieval pre-training
that equips the model with robust cross-lingual re-
trieval ability, and multilingual QA pre-training
that further enhances retrieval and QA abilities
jointly. Concretely, as depicted in Figure 1, the pre-
training data is created by mining parallel queries
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(b). Stage 2: Multilingual Question-Answering Pre-training

Figure 1: The overview of our two-stage unsupervised pre-training method for cross-lingual open domain question
answering. English translations from Google Translate are added in (b) for readability.

from parallel Wikipedia pages, using salient enti-
ties within English sentences as answers. To facil-
itate cross-lingual retrievals, a knowledge distilla-
tion process is introduced, requiring the model to
match the distributions of a well-trained English
teacher when given queries in both languages. The
follow-up is a self-supervised learning task for end-
to-end pre-training by propagating training signals
derived from the end QA task. This process entails
generating pre-training data using anchor texts indi-
cated by hyperlinks and a question transformation
technique to resemble the formats of natural ques-
tions. Notably, our approach does not necessitate
additional tools such as machine translation and of-
fers a more convenient application to low-resource
languages, requiring only comparable documents
(i.e., Wikipedia language links).

This large-scale pre-training framework empow-
ers the model to demonstrate promising unsuper-
vised performance, and it can even outperform
many competitive supervised counterparts. By fine-
tuning it with supervised English and multilingual
QA data, we can attain further improvements, ul-
timately establishing new state-of-the-art perfor-
mance in both cross-lingual retrieval and multi-
lingual open-domain QA tasks. In summary, our
contributions are:!

'Code and data are available here.

1. Empirical results on the XOR-TYDI QA
benchmark demonstrate that CLASS outper-
forms a wide range of prominent unsuper-
vised, zero-shot, and supervised models on
both tasks, while solely relying on QA pairs
throughout the whole training processes.

2. On the MKQA dataset, CLASS exhibits re-
markable generalisation capabilities across
linguistically diverse languages without using
human-annotated data.

3. To the best of our knowledge, we are the pi-
oneers in systematically exploring the advan-
tages of pre-training for multilingual retrieval
and open-domain QA tasks. This demon-
strates the feasibility of achieving multilingual
open-domain QA within a unified model.

2 Preliminaries

2.1 Task Definition

Given a query ¢ in language L, Cross-lingual
Passage Retrieval requires retrieving a collection
of passages DF™ from English Wikipedia C*" that
potentially provide evidence to answer ¢”. In con-
trast, Multilingual Open-Domain Question An-
swering aims at answering ¢ in language L by
referring to a multilingual Wikipedia CMYti In
this setting, the prior knowledge of which language
contains the evidence is unavailable, and the rele-
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Figure 2: The unified model for passage retrieval and
question answering.

vant passages can be retrieved from any language.

2.2 Model Architecture

Figure 2 shows the overall structure of our model.
In this model, the bottom layers of the encoder
function as the retriever, encoding queries and pas-
sages independently for efficient retrieval. The re-
maining encoder layers and the entire decoder are
designated as the reader for question answering.

Retriever. The retriever is a bi-encoder that uses
the first B encoder layers with H heads to encode
query ¢ and passages d from a corpus D. We use
the query @ and key vectors K in B + 1-th layer as
their embeddings, respectively (Jiang et al., 2022):

B+1,h
Eq = {Ky € Ridixey

B+1,h
Eq={Qq € qulxe}thp

where |q| and |d| are sequences lengths and e is
the dimension of each head.

The self-attention matrix SAqB;l’h from a spe-
cific head (h = 6 (Jiang et al., 2022)) is considered
the source of retrieval scores. A sum of max com-
putations (Khattab and Zaharia, 2020) is performed
to reduce it to yield the retrieval score:

B+1,h
smv(q, d) = X ie)q MaXjela) SA;; T
B+1,h _ ~B+1,hk B+1,hT d

SA 4 " =Qq M x Ky € Rlalxldl,

We denote this as Multi-Vector Retrieval and con-
sider it as our default setting. We also explore
Dense Retrieval, which takes the average pooling
of layer B’s output with LayerNorm as query Qg
and passage K4 representations, and the relevance
is measured by their dot product:

Sdense(q, d) = LN(Qq) - LN(Kq).

The top-k most relevant passages are then re-
trieved by D, = argtopkycp Poe(-lq, D) =
arg topk [s(q, dp),...,s(q, d|d€D|)].

Reader. The encoded query and each top-k pas-
sage in D, are concatenated and fed into the re-
maining cross-encoder layers. Finally, the joint
encodings {Eq 4, } LZ%' are integrated into the de-
coder through cross-attention to generate the an-
swer a efficiently (Izacard and Grave, 2021b):

Pans<a‘q7 Dq) = 10g Hthl P<at‘a<t7 q, Dq)
3 Method

We propose an unsupervised two-stage pre-training
method for cross-lingual open-retrieval question
answering, as depicted in Figure 1. Our approach
starts with cross-lingual retrieval pre-training,
where the unified multilingual model develops ex-
cellent cross-lingual dense retrieval capabilities.
This proficiency is acquired through learning from
a well-trained English model, employing cloze-
style parallel queries and retrieved English pas-
sages as inputs. The subsequent stage involves pre-
training for multilingual question-answering
(QA), where the unified model is further pre-trained
on multilingual question-answer pairs that are auto-
matically generated. This process entails selecting
potential answers from anchor texts and applying
our novel question transformation techniques to
convert cloze questions into natural questions by
prompting a large language model.

3.1 Cross-Lingual Retrieval Pre-training

Pre-training Data. We consider cloze questions,
which are statements with the answer masked, as
pseudo queries. The answers are salient spans se-
lected from named entities. We extract all named
entities for an English sentence using a NER sys-
tem, generating queries for each. Formally, let s
be a sentence sampled from an English Wikipedia
page WE™  along with its associated named enti-
ties {a; }7* ;. This allows us to derive cloze queries
{gF"}"_, by masking each entity a;. Then, for
each qlE”, the objective is to identify its transla-
tion ¢” in language L by searching from sentences
{qF'}7_y within a Wikipedia page W*, which is
connected to VW™ via language links in Wikipedia.
We use a margin-based mining method (Artetxe
and Schwenk, 2019) to identify parallel sentences
based on their similarity in the embedding space:

M(gi, q;) =

cos(gi,95)
Cos(qj,z) I

cos(g;,2)
ZzeNqi 2k +Zzel\qu 2k
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where N, and Ny, are the top-k neighbours of
sentence ¢; and ¢; in the other language, respec-
tively. cos(g;, q;) denotes the cosine similarity be-
tween the embeddings of ¢; and ¢; extracted using
mSimCSE (Wang et al., 2022). We apply this scor-
ing function to ¢”™ and each qu € {qu '_o- Pairs
whose scores surpass a threshold 7" are selected as
parallel queries, denoted as {g”™, qu ,a;}.?

Training. A well-trained English model 67" is
employed to teach a multilingual model 6~ using
parallel queries. Specifically, given a training exam-
ple {¢"", ¢*, a}, we employ 65" to retrieve a set
of relevant passages D, s from English Wikipedia
C*®n for ¢©™. The multilingual model is then com-
pelled to align its retrieval distributions with those
of ™ over D,en through KL divergence loss:

Lxr= KL(Pe " (-|g", Dgrn) [|RZ"(-¢"", Dyen))
HKL(B " (g™, Dysn ) || P (g7, Dyen)).-

Additionally, #M~ is trained to predict the an-
swer a with either ¢“™ or ¢” as the question:

Lreader = _Pans(a|qEn7 DqE") - Pans(a‘qLa DqEn)-

Moreover, to ensure that the multilingual model
generates consistent predictions across languages,
we introduce an alignment regularisation term:

Latign= KL(PYE(-|q", Dyen) || PAE (g5, Dyn))
+KL(Pans(alq”, Dyen ) || Puns(alg®™, Dy5n ).

Overall, ™1 is trained with the weighted com-
bined loss: Estagel = Lrcader + @ - (cKL + Ealign)-

3.2 Multilingual QA Pre-training

The cloze questions used in §3.1 are substantially
different from the formats of natural questions
asked by real users, which inherently impedes the
development of advanced QA skills. Moreover, the
incapacity to precisely locate and mask the answer
a within ¢ for perfectly aligned queries makes
the QA task notably simpler, as a implicitly ap-
pears in ¢” (e.g., "4 > K" in ¢” is the Japanese
answer in Figure 1 (a)). Meanwhile, since ¢©™ and
¢~ could be roughly aligned, the querying of a by
q" is not assured, thereby introducing noise into
the pre-trained data (e.g., "In /945, his father sent
him to College des Freres" and "X 7 ) —
ZY T TN IRT T2 AGEFRR

We identify a; and mask it in q]-L through string match if
L is written in Latin script and leave qJ]-“ unchanged otherwise.

IC1& 5 7=. " are aligned but the Japanese query
does not mention the answer /945). Thus, we de-
sign another pre-training technique to address the
limitations above.

3.2.1 Pre-training Data

The construction of pre-training data in this stage
involves two sequential steps. Initial data are first
acquired from a multilingual Wikipedia source in
the format of cloze questions, followed by a format
transformation into natural questions.

Initial Data. In contrast to English texts, where
robust NER systems facilitate the detection of
named entities with high precision for answer gen-
eration, such systems in other languages exhibit
inherent deficiencies. Instead, we employ anchor
texts with hyperlinks as answer candidates. Specif-
ically, for a given sentence s in language L, we
consider the anchor texts {al}™ , within it as
potential answers and construct cloze questions
{sE}n_, accordingly.

For each aiL, we fetch the Wikipedia page W to
which it links and access the corresponding English
Wikipedia page W™ via language link. Subse-
quently, the title afj” of WE™ is assumed to be the
pseudo translation of aiL (Figure 1 (b)). Moreover,
NER tagging is performed on the first paragraph of
WEn to identify the type ¢; of the title entity aiE”,
which is then assigned to a’. Finally, a training

example is derived as (s7, aF, a?", t,).

IR Rt A Rat)

Query Transformation. We employ large lan-
guage models (LLMs) for query transformation via
In-Context Learning (ICL) (Brown et al., 2020).

We first prompt ChatGPT (gpt-3.5-turbo) to
generate a few examples as meta-examples (Fan
et al., 2023) for ICL. Specifically, we randomly
sample instances from the initial dataset and gener-
ate transformed questions based on the structure of
the prompt shown in Prompt 3.1.

Prompt 3.1: Meta-Example Generation

Rewrite this sentence {s! } into a natural question whose
question word is {wh_word} and answer is {a”}. Please
res}Pond in the format: "The transformed question is:

{(Iz‘ }

where wh_word is chosen according to the entity
type t; through heuristics (Lewis et al., 2019). This
step yields a curated set of ICL examples: K =
{ciL ,wh_word, aiL, qiL f:o- An example is shown
in Figure 11 in the Appendix.
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Subsequently, the curated ChatGPT examples
are used as the source to few-shot prompt a smaller
LLM, LLaMA-2-7B (Touvron et al., 2023), to gen-
erate many more instances efficiently. We include
the prompting examples in Appendix E.

3.2.2 Joint Training

The retriever learns indirectly from the answer gen-
eration task, taking the cross-attention score from
the decoder as the target for query-passage rele-
vance measurement (Izacard and Grave, 2021a):

‘CKL = KL(PbC('|qL’ DqL)| ‘Pca('|qLa DqL))>

di| SG(CA(0,h,
Pca<di‘qL7DqL) = ZhH:O ZL:L w | d; € DqL7

where D1 is the set of passages returned by the
retriever itself and P, is the target distribution gath-
ered from the decoder’s cross-attention scores. SG
signifies stop-gradient, which blocks the gradient
to ensure the decoder is not affected by the retriever
loss, and CA denotes the cross-attention score at
the last decoder layer. The term O refers to the first
output token, H is the number of cross-attention
heads, and |d;| is the length of passage d;.

The reader optimises the negative log-likelihood
of generating a” given ¢% and relevant passages
D,o as input:  Lieader = — Puns(a®|q", D,L).
The final loss combines reader and retriever loss:
Leze = o - LKL + Lreader-

Asynchronous Passage Update. During train-
ing, we need to use the retriever to gather a set
of passages D . from CMulti for each (¢*, a*).?
However, since the retriever’s parameters are up-
dated constantly, employing the latest model for
retrieval becomes computationally expensive due to
the need for recomputing all passage embeddings.
To ensure efficient training, we periodically update
the retrieved passages for each training query using
the most recent model every 1000 steps.

4 Experiments

Datasets, Baselines and Metrics. We evaluate
our model on the XOR-TYDI QA dataset (Asai
et al., 2021a), with XOR-Retrieve for cross-lingual
retrieval, and XOR-Full for multilingual open-
domain QA. We employ MKQA (Longpre et al.,
2021) for zero-shot evaluation on unseen languages.
We use the February 2019 English Wikipedia dump
as C*" and use the Wikipedia dumps of the same

3We replace a” with a?™ and C™" with C*" when fo-
cusing on cross-lingual retrieval from English corpus.

8 CLASS-US
A D E
CLR-PT c NQ-FT XOR-FT J—‘
MLQA-PT
(w/o QT)
Figure 3: Our training pipeline. CLR: cross-lingual

retrieval, MLQA: multilingual question answering, QT:
query transformation, PT: pre-training, FT: fine-tuning.

CLASS-Z8 CLASS

date, consisting of 13 diverse languages from all
7 languages of XOR-TYDI QA and a subset of
MKQA languages as CMUt (Asai et al., 2021a).

We compare retrieval performance with translate-
test methods DPR+MT (Asai et al., 2021a), multi-
lingual dense passage retrievers mDPR, CORA,
Sentri, QuiCK, LAPCA, SWIM-X (Asai et al.,
2021a,b; Sorokin et al., 2022; Ren et al., 2022;
Abulkhanov et al., 2023; Thakur et al., 2023),
and multi-vector retriever DrDecr (Li et al., 2022).
We report top-n retrieval accuracy, the fraction of
queries for which the top-n retrieved tokens con-
tain the answer. We compare QA results with
multilingual models that use BM25 for mono-
lingual retrieval, translate-test models MT+DPR,
GMT+GS, MT+Mono and ReAtt+MT (Asai et al.,
2021a; Jiang et al., 2022), and multilingual fusion-
in-decoder models CORA, Sentri and LAPCA us-
ing F1, exact match (EM) and BLEU scores.

4.1 Experimental Settings

Pre-training Corpus. In cross-lingual retrieval
pre-training, we gather the parallel pages across var-
ious languages for each WE™ ¢ CE". We consider
15 distinct languages, with 7 from XOR-TYDI QA
and 8 being high-resource or closely related to the 7
evaluated languages. Parallel sentences are mined
from each pair of parallel pages. A state-of-the-art
NER tagger is applied to each English sentence,
and we retain pairs that contain named entities.

In multilingual QA pre-training, data generation
is limited to 7 languages on XOR-TYDI QA. We
employ LLaMA-2-7B to generate one transformed
question per training example with 3 randomly sam-
pled meta-examples in the same language as the
prompt. We generate multiple questions for each
example in low-resource languages. More details
are in Appendices A.1.1 and A.1.2.

Training Sequence. Figure 3 shows the com-
plete pre-training and fine-tuning sequence. i)
Cross-lingual Retrieval Pre-training (CLR-PT):
We pre-train mt5-large (Xue et al., 2021) as
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Method ‘#Total Pre-train  Fine-tuning | R@2kt | R@5kt

|Params  Data Data | Ar Bn Fi Ja Ko Ru Te Avg| Ar Bn Fi Ja Ko Ru Te Avg

Unsupervised Retrievers
LAPCAS 560M  Wikipedia — 51.1 50.2 48.6 35.1 57.3 32.2 64.4 48.4|61.0 584 52.6 40.5 66.7 40.8 70.1 55.7
SWIM-X | 580M mC4 SWIM-IR 50.8 65.1 56.1 48.1 54.0 55.7 66.4 56.6|57.9 75.0 65.6 59.3 58.9 64.6 74.4 65.1
CLASS-US | 410M  Wikipedia — 66.0 75.7 63.4 57.7 63.5 68.8 70.6 66.5|71.2 81.6 69.4 66.8 70.5 75.1 77.3 73.1
w/ Dense | 410M  Wikipedia — 544 674 58.6 47.7 51.6 59.9 65.6 57.9|64.8 73.0 64.7 57.3 58.6 67.9 70.6 65.3
Zero-shot Retrievers
DPR+MT! | 220M — NQ 434 539 55.1 40.2 50.5 30.8 20.2 42.0|524 62.8 61.8 48.1 58.6 37.8 32.4 50.6
LAPCAS 560M  Wikipedia NQ+XPAQ [46.2 50.3 56.6 41.4 48.7 52.3 54.6 50.0|53.0 60.5 66.2 49.7 56.1 60.7 63.8 58.6
ReAtt+MT | 583M — NQ 63.1 67.7 20.7 55.9 60.3 55.3 58.4 54.5/67.3 71.0 29.3 61.8 67.0 61.2 66.4 60.6
CLASS-ZS | 410M  Wikipedia NQ 65.1 79.3 67.8 60.6 61.1 69.2 74.4 68.2|72.5 83.2 73.9 70.5 69.1 75.1 81.9 75.2
w/Dense | 410M  Wikipedia NQ 59.2 70.1 59.9 51.5 57.2 51.5 72.3 60.2|66.7 78.6 66.6 60.2 63.2 58.2 782 67.4
(Semi-) Supervised Retrievers

CORA 557M — NQ+XOR 32.0 42.8 39.5 249 33.3 31.2 30.7 33.5[42.7 52.0 49.0 32.8 43.5 39.2 41.6 43.0
mDPR 557M — NQ+XOR 38.8 48.4 52.5 26.6 44.2 33.3 39.9 40.5(48.9 60.2 59.2 349 49.8 43.0 55.5 50.2
Sentri® 560M — NQ+TQA+XOR [47.6 48.1 53.1 46.6 49.6 443 67.9 51.0|56.8 62.2 65.5 53.2 555 52.3 80.3 60.8
QuiCK 557M — NQ+XOR 52.8 70.1 62.2 54.8 62.8 57.8 70.6 61.3|63.8 78.0 65.3 63.5 69.8 67.1 74.8 68.9
DrDecr* 278M  WikiMatrix NQ+XOR - - - - - - - 66.0[70.2 85.9 69.4 65.1 68.8 63.8 83.2 73.1
LAPCAS 560M  Wikipedia NQ+XPAQ+XOR |61.1 76.9 72.6 60.9 69.1 69.1 75.6 69.3|70.2 83.8 79.6 69.7 73.6 75.5 83.1 76.5
CLASS 410M  Wikipedia NQ+XOR 67.3 80.9 67.2 64.7 71.6 69.6 79.8 71.6|74.8 84.5 72.3 73.9 79.3 77.2 85.3 78.2
w/ Dense | 410M  Wikipedia NQ+XOR 66.7 79.6 64.3 58.1 66.0 64.1 77.7 68.170.6 84.9 71.0 66.0 72.6 70.0 81.9 73.9

Table 1: Results on the dev set of XOR-Retrieve. The best and second-best results are marked in bold and underlined.
1 denotes results reported by Asai et al. (2021a). * indicates human-translated supervised parallel queries released by
XOR-Retrieve are used for training. § represents methods that employ MT systems for training data augmentation.

Method ‘ #Total Pre-training  Fine-tuning ‘ Fl | Macro Average
| Params Data Data | Ar Bn Fi Ja Ko Ru Te | FIl EM BLEU

BM25t — — XOR 3.1 219 214 124 121 177 - - - -
MT+DPR' — — NQ 72 43 170 79 7.1 136 05 | 82 38 68
ReAtt+MT 1.19B — NQ 150 105 1.8 13.1 149 154 82 | 113 55 9.5
GMT+GS' — — NQ 180 29.1 138 57 152 149 156|160 99 14.9
MT+Mono! — — NQ+XOR 158 9.6 205 122 114 160 05 | 173 175 10.7
CORA' 1.14B — NQ+XOR 429 269 414 368 304 338 309|347 258 233
CLASS 1.23B Wikipedia NQ+XOR 49.5 32.0 49.6 44.7 375 414 42.0 | 424 327 292

w/ Dense 1.23B Wikipedia NQ+XOR 49.1 320 46.7 44.1 384 399 41.1 |41.6 325 282

Incomparable Models (for Reference)

Sentri® 1.14B — NQ+TQA+XOR | 52.5 31.2 455 449 431 412 30.7 | 413 349 30.7
LAPCAS 1.14B Wikipedia ~ NQ+XPAQ+XOR | 534 50.2 493 447 495 493 389 | 478 38.7 355

Table 2: QA results on the XOR-Full dev set. The best and second-best results are marked in bold and underlined.
1 denotes results from Asai et al. (2021b). § indicates methods that use synthetic and translated English datasets.

in §3.1 to get CLASS-US-Stagel, with English
teacher being ReAtt (Jiang et al., 2022) trained
on NQ (Kwiatkowski et al., 2019). ii) Multilingual
QA Pre-training (MLQA-PT): CLASS-US-Stage1
is further pre-trained as in §3.2 to obtain the un-
supervised CLASS-US. iii) Fine-tuning: We first
fine-tune CLASS-US on NQ to obtain the zero-shot
CLASS-ZS, which is then trained on supervised data
from XOR-TYDI QA to derive CLASS. We use the
same training objective Lep. as in MLQA-PT.

4.2 Main Results

XOR-Retrieve. Table 1 shows the results on the
dev set of XOR-Retrieve. CLASS, which exclusively
employs question-answer pairs for training, demon-
strates a substantial performance advantage over all
baselines that rely on passage labels for contrastive

learning. This advantage is particularly pronounced
under unsupervised and zero-shot settings, where
both variants, CLASS-US and CLASS-ZS, achieve
improvements of more than 10% over state-of-the-
art methods (p < 0.001).* The Dense Retrieval
variant (i.e., w/ Dense) consistently outperforms
other competitive baselines and is comparable to
LAPCA with only 73% of the parameters. This
highlights that our approach is versatile and can be
applied to enhance various kinds of retrievers.

XOR-Full. Table 2 reports the results of CLASS
on XOR-Full. Both CLASS and the variant employ-
ing dense retrieval achieve superior performance
when compared to a series of baseline models and
the prior state-of-the-art CORA model in all tested

“Paired Student’s t-test (Dror et al., 2018).
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Figure 4: Zero-shot cross-lingual retrieval and multilin-
gual QA results on unseen languages of MKQA. Macro
average results across all test languages are reported.
Languages included are: Da, De, Es, Fr, He, Hu, It, Km,
Ms, N1, No, Pl1, Pt, Sv, Th, Tr, Vi, Zh-cn, Zh-hk, and
Zh-tw.

languages, showcasing an average improvement of
up to 7.8% (p < 0.001). Compared to methods
that rely on machine translation to generate a sub-
stantially larger pool of multilingual training data
from English datasets, CLASS is comparable to Sen-
tri but falls behind LAPCA.> The most pronounced
performance gaps are in Bengali and Korean, with
the fewest two training samples available within
XOR-Full. We believe it is the translated QA pairs
used by Sentri and LAPCA that alleviate such dis-
crepancies, and further improvements are expected
when integrating such augmented data.

MKQA. We assess the zero-shot performance
of CLASS in various unseen languages included in
MKQA. Figure 4 shows that in cross-lingual re-
trieval tasks, all variants of our method exhibit
promising results. Notably, CLASS-US surpasses
the supervised model CORA significantly, and fur-
ther fine-tuning on English data leads to substantial
improvements. Interestingly, CLASS underperforms
CLASS-ZS, despite being further fine-tuned on mul-
tilingual data. Similar patterns are observed in the
multilingual QA task, where CLASS-ZS achieves
the best zero-shot performance across unseen lan-
guages while supervised fine-tuning on XOR-Full
hurts the generalisability. We attribute this phe-
nomenon to three factors: 1) the limited number
of queries in XOR-TYDI QA leads to overfitting
to these specific languages, as we observe that the

3A direct comparison with Sentri and LAPCA is not feasi-

ble since the Wikipedia pages they employed as knowledge
sources are different from ours and Asai et al. (2021b).

| Size | Ar Bn Fi Ja Ko Ru Te Avg
CLASS-ZS‘ 1.23B‘26.8 229 20.3 23.1 27.2 250 219 239

Gemma 7B |13.4 19.0 21.7 20.2 20.5 23.0 23.4 20.2
LLaMA3 | 8B |[22.7 13.2 229 17.8 19.0 19.2 28.9 20.5
CLASS 1.23B |32.3 28.1 29.9 25.7 29.5 27.7 24.7 29.8

Table 3: F1 scores on XOR-Full under 5-shot learn-
ing settings. Gemma and LLaMA3 are RALM base-
lines. CLASS is obtained through 5-shot fine-tuning over
CLASS-ZS.

model’s performance in both retrieval and QA tasks
of MKQA decreases as the fine-tuning on XOR-
TYDI QA continues; 2) the query topics differ, as
MKQA was translated from NQ while XOR-TYDI
QA questions were created by native speakers in
target languages; 3) the answer type differs (free
spans on XOR-TYDI QA v.s. WikiData aligned
entities on MKQA). Our manual inspection reveals
that CLASS is more likely to generate free-span an-
swers than CLASS-ZS. Detailed results in each lan-
guage are in Appendix B Tables 5 and 6.

4.3 Few-shot Results

To further demonstrate the superiority of CLASS
under low-resource settings, we compare our
method against retrieval-augmented language
model (RALM) baselines, where all systems are
provided 5-shot supervision. The shots are sampled
from the XOR-Full training data. For the RALM
baselines we prompt a LLM (Llama3-8B (Dubey
et al., 2024) and Gemma-7B (Team et al., 2024))
with the 5-shot instances and the retrieved passages
to the query (retrieved by CLASS-ZS). For CLASS,
we fine-tune CLASS-ZS on the same five-shot exam-
ples.

As shown in Table 3, CLASS is significantly bet-
ter than two RALM baselines (+9.3%) despite hav-
ing roughly 5x fewer parameters. Meanwhile, note
that our zero-shot model CLASS-ZS surpasses the
two RALMs by 3.4% (23.9% v.s. 20.5%) with-
out using any supervised data. This demonstrates
the superiority of CLASS for zero and low-resource
multilingual open-domain QA.

4.4 Analysis

We include quantitative and qualitative error analy-
sis in Appendix C and additional numeric results
in Appendix D (Figures 8, 9, 10)).

Cross-lingual Retrieval Pre-training Ablations.
We conduct ablation studies to understand the im-
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Figure 5: Ablations on cross-lingual retrieval pre-
training, with results on the XOR-Retrieve dev set re-
ported. * indicates unseen languages from MKQA.

pact of different components in cross-lingual re-
trieval pre-training, with results shown in Figure 5.

Effects of Learning from Parallel Queries. Re-
moving queries either in English (-¢™) or in target
languages (-¢*) leads to performance degradation.
Meanwhile, the cross-lingual alignment regular-
isation (-L£%9") benefits the model by ensuring
consistent predictions across languages.

Comparison with Different Parallel Query
Sources. When comparing the approaches of gath-
ering parallel queries, our method outperforms
code-switching (w/ CS), which creates pseudo-
translations through lexicon replacement based on
bilingual dictionaries, and machine translations (w/
MT). This inferiority is primarily attributed to the
limited coverage of bilingual dictionaries and poor
translation quality in low-resource languages.

Sensitivity to Pre-training Language. Remov-
ing the extra 8 high-resource languages (w/ 7 langs)
does not impact average performance but affects
specific low-resource languages in XOR-TYDI QA.
In particular, adding languages related to Telugu
and Japanese (e.g., Tamil & Chinese) yields im-
provements. Moreover, including a wider range of
languages improves generalisation to unseen low-
resource languages with limited parallel Wikipedia
links (e.g., adding German data enhances under-
standing of the West Germanic languages: Danish,
Dutch, and Norwegian).

Effects of Two-stage Pre-training. We evaluate
the efficacy of our two-stage proposed pre-training
framework. Table 4 showcases the performance

| XOR-Retrieve| XOR-Full
Method o "
|Re2kt Re5kt| F1 EM BLEU R"eN R™eN
Unsupervised
CLASS-US (AB) 66.5 731 (184 120 146 600 69.1

- MLQA-PT (A) 59.1 674 |57 39 40 557 1747
- Query TF (AC) 66.1 731 |72 48 49 601 654
Zero-shot

CLASS-ZS (ABD) 68.2 752 (239 158 194 592 69.1
-MLQA-PT (AD) | 629 71.1 [13.7 81 83 570 762

- Pre-train (D) 27.6 363 |154 9.6 11.0 525 586
Supervised

CLASS (ABDE) 71.6 782 (424 3277 292 628 784

-MLQA-PT (ADE)| 69.6 75.7 |42.533.1 29.1 63.1 77.8

- Pre-train (DE) 62.8 693 |419 326 287 624 717

Table 4: Effects of two-stage pre-training. Results on
the dev sets are reported. Symbols within brackets are
described in Figure 3. R“@N and RM@N means the per-
centage of the questions whose top-N (N=100) passages
contain an answer string in the target or any language.

on both XOR-Retrieve and XOR-Full under unsu-
pervised, zero-shot, and supervised settings. Inte-
grating multilingual QA pre-training dramatically
boosts performance in both unsupervised and zero-
shot scenarios. Merely employing cloze-style ques-
tions instead of transformed natural questions has
minimal impacts on retrieval but yields sub-optimal
QA results, highlighting the importance of syn-
thetic natural questions in QA tasks. When discard-
ing the entire pre-training process, we observe a
notable drop in both datasets. In supervised set-
tings, the advantages of pre-training diminish with
labelled data. This is especially evident in XOR-
Full, where the differences between CLASS and the
other two variants in QA and in-language retrieval
(RV'@N) results diminish. While pre-training sig-
nificantly improves cross-lingual evidence retrieval
RM@N 71.7% -> 78.4%), CLASS does not ben-
efit from this, suggesting its heavy reliance on
in-language evidence and inability to reason over
cross-lingual evidence when generating answers.
See Appendix C for more detailed error analysis.

5 Related Work

Multilingual Dense Retrieval. Dense retrievers
adopt pre-trained language models and follow a
dual-encoder architecture (Karpukhin et al., 2020)
to encode queries and passages into dense vectors
and calculate the similarity scores. Effective tech-
niques were proposed to advance English dense
retrievals, including hard negative mining (Xiong
et al., 2021), multi-vector representations (Khat-
tab and Zaharia, 2020), and distilling from cross-
encoder rerankers (Ren et al., 2021). With the ad-
vent of multilingual pre-trained models, these tech-
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niques were adapted to improve cross-lingual dense
retrievals (Asai et al., 2021b; Ren et al., 2022).
However, all these methods rely on passage labels
for contrastive learning, which is challenging to
obtain in cross-lingual settings. In contrast, our
method explores a semi-supervised method and
shows that a competitive cross-lingual retriever can
be achieved using only query-answer pairs.

Multilingual Retrieval Pre-training. Large-
scale unsupervised retrieval pre-training has signif-
icantly enhanced dense retrievers (Gao and Callan,
2021; Izacard et al., 2022) in processing English
texts. Pre-training has also been explored in cross-
lingual and multilingual dense retrieval, with a par-
ticular emphasis on augmenting the cross-lingual
alignment capabilities of models. LAPCA (Ab-
ulkhanov et al., 2023) is trained through exten-
sive cross-lingual contrastive learning, employing
texts from parallel Wikipedia pages and parallel
texts generated by machine translation systems.
DrDecr (Li et al., 2022) learns from English mod-
els but operates on a smaller scale and relies on
supervised parallel queries. In this work, we delve
into the potential of large-scale unsupervised pre-
training for cross-lingual dense retrieval and show
that the resulting model exhibits high efficacy, out-
performing many supervised ones.

Pre-training for Retrieval-Augmented Multilin-
gual QA. In the context of English, jointly train-
ing a retriever and reader on supervised query-
answer pairs (Sachan et al., 2021; Lewis et al.,
2020) or large-scale unsupervised data derived
from masked salient span masking (Guu et al.,
2020; Lee et al., 2022) have been shown to enhance
the performance of both retrieval and question an-
swering tasks. However, the application of such
a joint training paradigm, whether in supervised
training or unsupervised pre-training, has not been
explored in cross-lingual and multilingual settings.
Our study represents the first investigation into this
issue and proposes a curated pre-training frame-
work within a unified model to address both re-
trieval and question-answering tasks. We introduce
a two-stage pre-training procedure to initially equip
a multilingual model with robust cross-lingual re-
trieval abilities by learning from English experts
and then gradually evolving it through exposure to
large-scale multilingual QA pairs. This approach
yields remarkable unsupervised results and signifi-
cant performance improvements across unseen lan-
guages without annotated training data.

6 Conclusion

In this paper, we explore the potential of a unified
model for both cross-lingual retrieval and multi-
lingual QA tasks. By incorporating our proposed
pre-training paradigm, CLASS, the model’s perfor-
mance can be significantly improved, achieving
both boosted retrieval and QA performance, while
exhibiting impressive zero-shot transfer abilities
to numerous unseen languages. Detailed ablations
and thorough analyses are conducted to assess the
efficacy of each component within our approach.
Our future work aims at scaling CLASS to a broader
range of languages to further enhance the model’s
cross-lingual transfer performance.

Limitations

The proposed pre-training framework incurs addi-
tional training costs when compared to standard su-
pervised training, such as various pre-training data
generation pipelines. The entire training pipeline
requires approximately two weeks to complete with
a maximum of 32 A100 GPUs. This could be less
practical for researchers who do not have access to
sufficient GPU resources. Nonetheless, common
techniques such as gradient accumulation can be
applied to adapt our approach for training in a more
academic setting, although more training time is
required to achieve comparable results.

Both stages in our pre-training paradigm depend
on the availability of parallel Wikipedia pages. This
can pose a challenge when dealing with languages
that have limited resources even in terms of mono-
lingual texts. Our approach may fail when no
language links exist between English and a spe-
cific low-resource language. One may resort to
employing a multi-hop approach to discover paral-
lel Wikipedia pages, by first searching for the lan-
guage linked to the low-resource language within
Wikipedia and then repeating this process itera-
tively until reaching the corresponding English
page. Another option could be relying on the gen-
eralisation of the multilingual model by training it
in closely-related languages. Our analysis has re-
vealed that incorporating a high-resource language
in the pre-training phase consistently results in im-
provements for other languages within the same
language family (Figure 5), which makes this issue
less of a concern. Nevertheless, it remains impera-
tive to explore methods for reducing the reliance on
parallel Wikipedia texts, as this is essential to scale
our method to more diverse and unique languages,
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which is worth exploring as a future work.

This work does not examine the benefits of pre-
training in a broader range of languages and the
scaling effects of both model size and data size
for multilingual QA tasks, which is an interesting
research topic that should be addressed rigorously
in the future.

As this work uses large language models for
query transformation, it is possible that undesir-
able biases (e.g., gender and cultural) inherent in
these language models may be propagated to down-
stream systems. Furthermore, the extensive corpus
of Wikipedia texts, drawn from a multitude of lan-
guages, could potentially introduce a diverse array
of biases related to races and cultures to the pre-
trained model. Assessing the magnitude of bias
within the pre-training data and its subsequent im-
pact on the model is an inherently intricate problem,
which remains an open question for future research.
Theoretically, our model can incorporate informa-
tion extracted from any external corpus to generate
answers to asked questions. This capability carries
the potential for significant information leakage
or the exposure of potentially toxic content from
the corpus, which underscores the need for exercis-
ing caution when applying our method in sensitive
domains.
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Overview of Appendix

Our supplementary includes the following sections:

» Section A: Experimental Settings, including

implementation details, datasets, and com-
pared baselines.

* Section B: Full zero-shot evaluation results on
MKOQA.

* Section C: Error analysis on multilingual
open-domain question answering with quanti-
tative and qualitative results.

 Section D: Additional numeric analysis.

* Section E: Prompts and examples for query
transformation in each target language.

A Experimental Settings

A.1 Implementation Details
A.1.1 Parallel Queries Mining

Our implementation encompasses 15 distinct lan-
guages, namely Arabic, Bengali, German, Span-
ish, Finnish, French, Italian, Japanese, Korean,
Russian, Telugu, Tamil, Malayalam, Kannada,
Chinese. Parallel queries are collected from paral-
lel Wikipedia pages for each en-x. Using unsuper-
vised contrastive learning, we adopt the approach
in Wang et al. (2022) to first pre-train a multilin-
gual model XLM-R® on English Wikipedia texts by
taking the dropout as a form of data augmenta-
tion. The resulting model is proficient in generat-
ing universal cross-lingual sentence embeddings
without the need for parallel data, demonstrating
robust zero-shot cross-lingual transfer capabilities.
Subsequently, we deploy the pre-trained model for
extracting multilingual sentence embeddings and
mining parallel queries for each en-x language pair.
Empirically, we set the margin-score threshold to
1.5 for most languages; however, for Japanese and
Chinese, we observe improved performance with
a larger threshold of 1.65. This process yields 5.4
million examples for the training, with the num-
ber of parallel queries for each language pair en-x
shown in Figure 6.

We employ a balanced sampling strategy to
avoid the training bias towards high-resource lan-
guages. For N number of languages {D;}¥
with probabilities, {p; }¥;, we define the following
multinomial distribution to sample from:

i

N )
Zj:l f]a

®https://huggingface.co/x1lm-roberta-large
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Figure 6: The number of mined parallel queries for each
language pair en-x.

where « is the sampling factor, which is set to
0.5 by following CONNEAU and Lample (2019)
and n; is the total number of parallel queries in
the ¢-th language. During training, we use this to
determine n}, the number of parallel queries in each
language; and top-n/ queries are used for training
according to the margin-based scores. For every
pair of mined query, we employ a state-of-the-art
Named Entity Tagger from Stanza (Qi et al., 2020)’
to find salient entities within the English query and
take all identified entities as answer candidates to
construct cloze-style queries.

A.1.2 Query Transformation

We use ChatGPT to generate 32 meta-examples.
We then employ LLaMA-2-7B? for query transfor-
mation by randomly sampling 3 meta-examples to
construct prompts for each test instance, with the
format as shown in Prompts E.1, E.2, E.3, E.4, E.5,
E.6, and E.7. We use Bloomz-7B® for Telugu as
we find LLaMA-2-7B does not work well in this
language. The Question word wh_word is chosen
based on the entity type of the answer according to
the heuristic rules in Table 11. Ultimately, 146K
examples are generated per language, resulting in
a total of 1M training instances.

A.1.3 Training Details

We use mt5-large!? to initialise the model. In
stage-1, we train the model for 64k steps on 32
A100 GPUs, which takes about one week to com-
plete. The passages for all training queries are
retrieved by the English teacher at once before
training. In stage-2, we further train the model
for 16k steps on 16 A100 GPUs with roughly 4
days. We periodically update the retrieved passages

7https: //github.com/stanfordnlp/stanza

8ht’cps: //huggingface.co/meta-1lama/Llama-2-7b
ghttps: //huggingface.co/bigscience/bloomz-7b1
Ohttps://huggingface.co/google/mt5-1arge
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for each training instance every 1k steps using the
most recent model. For fine-tuning, we first train
the model on NQ with 8k steps and fine-tune the
model on XOR-Retrieve for 6k steps and 12k steps
on XOR-Full, which takes about 19 hours and 156
hours to complete, respectively. Likewise, we also
do passage refreshing periodically every 1k steps.

For all training stages, we use the same batch
size of 64 queries with each paired with 100 re-
trieved passages and learning rate 5 x 107°. We
set « to 8 in all training loss functions. We set the
maximum query and passage lengths to 50 and 200
for both training and evaluation.

For the Dense Retrieval variant, we follow the
same training and hyperparameter settings. The
only difference is that this configuration is signif-
icantly more efficient, with training time reduced
by half for multilingual QA pre-training and fine-
tuning.

A.2 Datasets

We used the following datasets for model evalua-
tion in our experiments:

¢ XOR-Retrieve (Asai et al., 2021a). It is
under the MIT License. It contains 15250
QA pairs for training and takes the 20190201
English Wikipedia dump which contains 18M
passages as the retrieval database.

¢ XOR-Full (Asai et al., 2021a). It is under the
MIT License, containing 61360 training exam-
ples and a set of 43M passages as the retrieval
corpus, collected from 20190201 Wikipedia
dumps across 13 languages, namely English,
Arabic, Finnish, Japanese, Korean, Russian,
Bengali, Telugu, Indonesian, Thai, Hebrew,
Swedish, and Spanish.

e Natural Questions (Kwiatkowski et al.,
2019). It is under the Apache License and
contains 79168 QA pairs.

* MKQA (Longpre et al., 2021). It is under the
Apache License. This dataset covers 26 lin-
guistically diverse languages, namely Arabic,
Danish, German, English, Spanish, Finnish,
French, Hebrew, Hungarian, Italian, Japanese,
Korean, Khmer, Malay, Dutch, Norwegian,
Polish, Portuguese, Russian, Swedish, Thai,
Turkish, Vietnamese, Chinese (Simplified),
Chinese (Hong Kong), and Chinese (Tradi-
tional). For the cross-lingual retrieval task,
each language contains 6620 questions and
the retrieval database consists of 18M English
Wikipedia passages. For the multilingual QA

task, each language contains 6758 questions
and it uses the same retrieval database as
XOR-Full.

A.3 Baselines

A.3.1 Cross-lingual Passage Retrieval

We compare our proposed model with a range of
strong baselines:

* mDPR. This is the multilingual version of
Dense Passage Retrieval (DPR) (Karpukhin
et al., 2020) encoder, which undergoes initial
training on English NQ queries followed by
fine-tuning on XOR-Retrieve.

* DPR+MT (Asai et al., 2021a). This is a
translate-test baseline that involves the trans-
lation of queries into English during test time,
followed by monolingual passage retrieval us-
ing the English DPR encoder.

* CORA (Asai et al., 2021b). This method
trains a multilingual DPR encoder iteratively,
with positive and negative passages identified
by a multilingual QA model.

* Sentri (Sorokin et al., 2022). An iterative
self-training method that uses the latest re-
triever to identify positive and negative pas-
sages through answer string matching for up-
dating the training dataset. Machine transla-
tion is used for data augmentation.

* QuiCK (Ren et al., 2022). A knowledge dis-
tillation method that trains a multilingual bi-
encoder retriever, learning from a query gen-
erator as the teacher. The query generator is
also used for generating synthetic multilingual
queries to enhance knowledge distillation.

* DrDecr (Li et al., 2022). A multilingual
ColBERT model that learns from an English
CoIBERT on parallel queries, sourced from
both parallel corpora and human-translated
gold queries released by XOR-Retrieve.

* LAPCA (Abulkhanov et al., 2023). A pre-
training method that takes the first paragraphs
of parallel Wikipedia pages as the parallel cor-
pus for cross-lingual pre-training, with aug-
mented data through machine translation.

* SWIM-X (Thakur et al., 2023). A method
that uses large language models to generate
synthetic queries from unlabelled corpus with
textual summary generation as an intermedi-
ate step. A multilingual dense retrieval model
is fine-tuned exclusively on synthetic data.
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A.3.2 Multilingual Open Domain Question
Answering

* MT+DPR (Asai et al., 2021a). This rep-
resents the translate-test baseline, in which
queries are translated into English and the an-
swers are identified within English passages
retrieved by the DPR+MT retriever. The En-
glish answer is then translated back to the
target language if necessary.

ReAtt+MT (Jiang et al., 2022). This is the
English teacher employed in the cross-lingual
retrieval pre-training. We use a state-of-the-art
machine translation model'! to translate the
queries into English at test time. It always re-
trieves passages from English Wikipedia and
generates answers in English. The generated
answer 1is translated back to the target lan-
guage.

GMT+GS (Asai et al., 2021a). This pipeline
follows the same procedure as MT+DPR ex-
cept that we employ Google Search for pas-
sage retrieval and Google Machine Transla-
tion services for query and answer translation.
Monolingual baseline (BM25) (Asai et al.,
2021a). Instead of using a multilingual DPR
or an English DPR model with query transla-
tion, this baseline always retrieves the passage
from the target language and extracts the an-
swer using a multilingual reader.

MT+Mono (Asai et al., 2021a). This is
a combination of the BM25 and MT+DPR
baselines, which first does monolingual QA
for the target language using the BM25
method and resorts to the MT+DPR baseline
if no answer is found.

Fusion-in-Decoder. This encompasses a fam-
ily of multilingual retrieval-augmented gen-
eration models, which take the passages re-
turned by a multilingual retriever as inputs
to generate the answer in the target language.
CORA (Asai et al., 2021b), Sentri (Ren et al.,
2022) and LAPCA (Abulkhanov et al., 2023)
are included in this family by using the pas-
sages returned by their respective retrievers.

B Detailed Zero-shot Evaluation

Cross-lingual Retrieval. Table 5 presents the
detailed result comparisons in each of the 20
unseen languages covered by MKQA. Notably,
CLASS-ZS outperforms other baselines significantly

"https://huggingface.co/facebook/m2m100_418M

on average and achieves the best results in nearly
all languages except for Vietnamese. Compar-
ing the three variants of our method, fine-tuning
on supervised English data significantly enhances
cross-lingual transfer abilities to every unseen lan-
guage (i.e., CLASS-US vs CLASS-ZS). However,
fine-tuning CLASS-ZS on a limited number of super-
vised multilingual data with a restricted language
set does not lead to improved generalization per-
formance, as indicated by the result comparison
in every language between CLASS-ZS and CLASS.
Furthermore, a decrease in performance is also ob-
served in both supervised and zero-shot settings
when either multilingual QA pre-training or the en-
tire pre-training procedures are omitted, highlight-
ing the effectiveness of our pre-training approach
in enhancing cross-lingual ability.

Multilingual QA. Table 6 presents the detailed
multilingual QA results for each of the 20 unseen
languages covered by MKQA. We observe simi-
lar patterns where CLASS-US surpasses a range of
machine-translation-based methods and CLASS-ZS
outperforms the supervised CORA by a significant
margin. Further fine-tuning CLASS-ZS on a limited
number of supervised multilingual data with a re-
stricted language set hampers its generalizability,
with a decline in performance across all examined
languages.

C Error Analysis

We add additional error analysis regarding the issue
identified in multilingual QA (i.e., XOR-Full).

C.1 Quantitative Analysis

Our focus is on analysing the behaviour of our
model when handling cross-lingual queries in
XOR-Full. These queries require answers based on
English evidence (Asai et al., 2021a). Initially, we
analyse the retrieval accuracy of our model by as-
sessing whether the top-n retrieved tokens contain
the answer string in English or the target language.

As shown in Table 8, our pre-training method
shows significant improvements in finding correct
English evidence for those queries requiring cross-
lingual evidence retrieval (e.g., 50.4% -> 70.8%)
while maintaining competitive performance (Ta-
ble 8(c)) in finding in-language (i.e., the question
language) evidence if there exists. Nevertheless,
we have observed that these advancements do not
translate into enhancements in the subsequent QA
task, wherein the model is supposed to produce an
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Method ‘ Da De Es Fr He Hu It Km Ms NI No Pl Pt Sv Th Tr Vi cn hk tw Avg
Unsupervised

CLASS-US  |50.5 53.4 53.8 539 44.1 49.1 52.6 39.8 55.3 53.3 49.5 52.6 50.4 525 549 50.9 48.0 48.0 46.3 46.4 50.3
Zero-shot

BM25+MT |44.1 433 449 425 369 39.3 40.1 31.3 425 46.5 43.3 465 457 49.7 46.5 425 43.5 375 375 36.1 420
CLASS-ZS 59.3 589 59.4 59.2 50.1 54.0 58.7 46.2 59.6 60.4 58.5 57.5 58.0 59.4 58.0 55.1 54.1 52.1 51.5 51.4 56.1
- MLQA-PT | 58.0 57.6 57.7 58.0 47.3 51.8 57.2 444 58.0 59.3 57.1 56.1 56.2 57.7 56.4 53.6 52.3 50.6 49.8 49.1 54.4
- Pre-train | 50.9 50.5 49.9 50.0 32.5 419 49.6 329 499 523 50.2 46.6 49.3 51.5 442 44.7 413 37.8 37.7 37.1 45.0

Supervised
CORA 445 44.6 453 448 273 39.1 442 222 443 47.3 48.3 44.8 40.8 43.6 45.0 34.8 339 335 415 41.0 41.1
Sentri 57.6 56.5 559 55.1 479 51.8 543 43.9 56.0 56.3 56.5 55.8 54.8 56.9 55.3 53.0 54.4 50.2 50.7 49.4 533
QuiCK 58.3 56.4 552 555 447 524 523 42.0 569 57.5 57.0 549 54.7 58.0 55.7 53.9 54.9 50.4 49.3 489 53.4
CLASS 57.4 57.5 58.0 57.8 48.5 52.5 57.1 434 58.2 584 56.7 56.0 56.4 57.6 57.2 54.2 52.5 51.3 499 50.2 54.6

-MLQA-PT | 569 57.3 572 57.0 473 51.8 56.2 429 57.6 58.7 56.0 55.3 55.5 56.8 56.1 53.3 51.5 51.4 499 494 539
- Pre-train | 56.5 55.3 559 55.1 44.8 50.8 55.0 41.3 56.4 574 55.8 53.3 54.8 56.5 53.7 519 49.6 47.3 464 45.8 522

Table 5: Zero-shot cross-lingual retrieval results (R @2kt) on the MKQA dataset. "cn": "Zh-cn" (Chinese, simplified).
"hk": "Zh-hk" (Chinese, Hong Kong). "tw": "Zh-tw" (Chinese, traditional).

Method \Da De Es Fr He Hu It Km Ms NI No PI Pt Sv Th Tr Vi c¢n hk tw Avg

Unsupervised

26.3 27.0 25.0 23.7 224 26.0 13.2 22.8
Zero-shot

224 239 21.6 235 242 63 137 32 127 221 215 11.2 186 173 72 6.3 24.0 10.8 4.7 4.0 150
262 259 284 219 89 157 251 12 12.6 283 183 246 247 197 69 182 151 3.3 3.8 38 165
37.6 38.5 40.2 37.6 17.0 29.1 36.2 16.2 36.9 38.6 37.4 344 33.6 38.6 189 309 29.6 8.7 13.8 8.5 29.1

Supervised

193 21.6 21.3 219 89 165 209 12 12.6 21.5 174 24.6 199 20.0 83 16.6 15.1
30.4 30.2 32.0 30.8 15.8 184 29.0 5.8 27.8 32.1 29.2 25.6 284 309 85 222 209
334 354 37.5 357 12.3 27.7 353 10.2 34.6 36.1 34.3 31.9 32.8 33.3 17.6 29.3 25.1

CLASS-US [24.9 27.4 29.1 27.1 129 21.7 252 9.3 175 73 89 63 20.2
ReAtt+MT
MT+DPR

CLASS-ZS

MT+Mono
CORA
CLASS

49 38 51 148
52 6.7 54 218
8.6 10.2 74 26.4

Table 6: Zero-shot multilingual question answering results (F1) on the MKQA dataset. "cn": "Zh-cn" (Chinese,
simplified). "hk": "Zh-hk" (Chinese, Hong Kong). "tw": "Zh-tw" (Chinese, traditional).

Model | FI. EM BLEU example is shown in Figure 7. In cases where the
CLASS 304 210 206 top 100 retrieved passages contain answer strings
CLASS w/o MLQA-PT | 302 214  20.3 in the target language, our model tends to assign
CLASS w/o Pre-train 29.7 209 19.8

significantly higher scores to passages containing
these target language answer strings. By contrast,
when only English answer strings are present, the
distribution of cross-attention scores across all re-
trieved passages becomes more uniform, leading to
a general narrowing of the gap between positively
relevant passages and irrelevant ones.

Table 7: Multilingual QA results on queries requiring
cross-lingual evidence retrieval.

answer in the same language as the question with
English supporting documents. Table 7 shows that
our complete CLASS model fails to achieve addi-
tional benefits in QA tasks despite its outstanding

. .. ) . C.2 Case Study
performance in retrieving cross-lingual evidence.

As shown in Table 10, our model successfully re-
trieves the appropriate supporting document as its
top-1 retrieval. However, it encounters challenges
in generating Telugu answers, whereas it performs
accurately in English. This highlights our model’s
inability to translate English evidence into answers
in the target language, necessitating further efforts
to enhance the model’s capabilities in cross-lingual
evidence reasoning and answer generation.

To gain deeper insights into the behaviour of our
model, we specifically analyse its QA performance
whenever the top-n retrieved evidence contains the
gold answer in either English or the target language.
As indicated in Table 9, our model demonstrates
reasonable performance only when the correct an-
swer string is presented in the target language.
However, it often fails to generate the correct an-
swer when the gold standard answer is provided

solely in English, despite our model being able to
include the correct English answer in its top-10k
retrieved tokens 71% of the time. This indicates a
deficiency in our model’s ability to identify correct
clues for QA among cross-lingual evidence. An

D More Analysis

Performance Evolution during Pre-training.
Figure 8 illustrates the trajectory of the perfor-
mance on the XOR-Retrieve cross-lingual retrieval
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Model |R@2kt R@5kt R@10kt

CLASS 61.0 70.6 75.6
CLASS w/o MLQA-PT| 59.0 68.8 74.6
CLASS w/o Pre-train 50.6 593 65.4

Model |R@2kt R@5kt R@10kt

CLASS 504  63.1 70.8
CLASS w/o MLQA-PT | 46.3  59.2 67.8
CLASS w/o Pre-train 32.7 42.1 50.4

Model |R@2kt R@5kt R@10kt

CLASS 418 473 50.8
CLASS w/o MLQA-PT | 42.7 479 51.2
CLASS w/o Pre-train 41.0 469 50.4

(a) English or target language answer (b) Only English answer is in top-n (c) Only Target language answer is
is in top-n retrieved tokens. retrieved tokens. in top-n retrieved tokens.

Table 8: Retrieval accuracy of queries requiring answers based on English evidence.

| Contain English Ans

F1: 41.0/EM: 30.6/BLEU: 33.2
F1: 13.5/EM: 2.1/BLEU: 12.9

No English Ans

F1: 37.7/EM: 28.3/BLEU: 32.5
F1: 10.1/EM: 1.0/BLEU: 6.8

Contain Target Ans
No Target Ans

Table 9: Multilingual QA results on queries requiring cross-lingual evidence retrieval, grouped by whether the

gold-standard answer string in English or the target language appears within the top-n retrieved tokens.

0.06

0.05 A

0.04 A

Cross-Attention Score
o o
o o
N w
N s

0.01 A

Passages

(a) Answer strings in target language or English are in top-
100 retrieved passage

0.06

0.05 A

0.04 A

Passages

Cross-Attention Score
o o
o o
N w
N s

(b) Only answer strings in English are in top-100 retrieved
passages

Figure 7: Cross-Attention score to each of top-100 re-

trieved passages. Passages that contain the answer string

in target languages or English are denoted with red and
bars, respectively.

task. As shown in the Figure, the use of code-
switching consistently yields inferior results com-
pared to CLASS and the variant using machine trans-
lation. After training on around 45 billion tokens,
CLASS consistently outperforms MT, matching the
performance of CS and MT with only 30% and
50% computation costs. This demonstrates greater
training efficiency. The performance continues to
improve over the next 50% of the training tokens,
implying that the scalability of pre-training data
remains beneficial as training progresses.

60
- 50
~
~N
©®
<
40 m— W/ CS
w/ MT
e CLASS
30
0 20 40 60 80 100

Billion of Tokens

Figure 8: Performance evolution in stage-1 pre-training.

70 e

60

50

R@2kt

—e— CLASS
CLASS w/o stage-2
—e— CLASS w/o pre-train

40

0
1% 5% 25% 50% 75%  100%

Figure 9: Scaling training data on cross-lingual retrieval.

Few-Shot Cross-lingual Retrieval. We consider
a few-shot learning task with varying numbers of
labelled training examples. Figure 9 shows that
CLASS is consistently better than the other two vari-
ants, although the performance gap diminishes as
more labelled data becomes available. Notably, as
illustrated in Figure 9, the introduction of stage-
2 pre-training results in a 75% reduction in the
required amount of labelled data. Furthermore,
employing pre-training of both stages eliminates
the need for any labelled data, in contrast to the
approach that solely relies on supervised data for
training (i.e., CLASS w/o pre-train).

Effects of Number of Retrieved Passages. Fig-
ure 10 reports the performance concerning the
number of retrieved passages for QA during in-
ference. We observe the performance improves
consistently as the number of retrieved passages
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- Query: 98320 DG SPRPAE AH? ("en": Who is the protagonist of the movie 'Oxygen'?)
- Gold Ans: [Fx508, e @m&ngos:ei] ("en": [Gopichand, Anu Emmanuel])

- TOP-1 Retrieved Passage: Oxygen is a 2017 Indian Telugu-language action film produced by S. Aishwarya on Sri Sai Raam
Creations banner, presented by A. M. Rathnam and directed by A. M. Jyothi Krishna. Starring Gopichand, Raashi Khanna,
Anu Emmanuel in the lead roles while Jagapati Babu in crucial supporting role and music composed by Yuvan Shankar Raja

- Telugu Prediction: @A’J‘&éocﬁo ("en": Brahmananda)
- English Prediction: Gopichand

Table 10: An example of our model in finding correct evidence while failing to generate the right answer in the
target language.

High Level Answer Category ‘ Named Entity Types ‘ Most appropriate wh_word
PERSON/NORP/ORG PERSON, NORP, ORG Who

PLACE GPE, LOC, FAC Where

THING PRODUCT, EVENT, WORKOFART, LAW, LANGUAGE | What

TEMPORAL TIME, DATE When

NUMERIC PERCENT, MONEY, QUANTITY, ORDINAL, CARDINAL | How much/How many

Table 11: The heuristics rules for choosing the most appropriate question word based on named entity types (taken
from Lewis et al. (2019)).

42
40
—
“ 38
36 —e— CLASS
X X CORA
34
5 15 25 50 100

Number of Passages

Figure 10: Effects of employing different numbers of
retrieved passages for QA during inference time.

increases. CLASS significantly outperforms CORA
when using only top-5 retrieved passages, showcas-
ing superior inference efficiency.

E Query Transformation Examples

Figure 11 showcases examples illustrating the gen-
eration of meta-examples through prompting Chat-
GPT. Prompts E.1, E.2, E3, E4, E.5, E.6, and
E.7 provide detailed illustrations of prompting a
much smaller large language model, LLaMA-2-7B,
to perform query transformation using In-Context
Learning, which incorporates meta-examples in the
target language L from K into the prompt to guide
the model’s behaviour. The choice of the question
word is determined based on the detected entity
type of the answer and the heuristic rules outlined
in Table 11.
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Finnish Prompt

You are an Al model that rewrites sentences into questions, using a given question word and answer.
Rewrite this sentence "Strapping Young Lad (Iyh. SYL) oli Devin Townsendin vuonna 1994 perustama kanadalainen metal-
liyhtye." into a natural question whose question word is "Milloin" and answer is "1994". Please respond in the format: "The

transformed question is: Milloin Devin Townsend perusti kanadalaisen metalliyhtyeen Strapping Young Lad (lyh. SYL)? "

r
\

Russian Prompt

You are an Al model that rewrites sentences into questions, using a given question word and answer.
Rewrite this sentence " B 215 roxy Ilao [Tao arakoBas Yzkan Jly u pasrpomut ero B 6urse B 1poxoze SAHIUHTyaHb.
" into a natural question whose question word is " Ko " and answer is " Y>kan JIy ". Please respond in the format: "The trans-

formed questionis: Kro 6pu1 arakoBan Ilao Ilao u pasrpomien B 6urse B npoxoae Aunuaryans B 215 rogy? "

r
\

Japanese Prompt

You are an Al model that rewrites sentences into questions, using a given question word and answer.

Rewrite this sentence "AEFFARE Mt (< FOLBHL AL %) 1. ERELITHICH 5 Mt THh 5. "into a natural

—-n

question whose question word is " & Z" and answer is "= #X/E". Please respond in the format: "The transformed question is:

HEFFIRE it IZ & Clcdh B itk cdn 2 "

r
\

Korean Prompt

You are an Al model that rewrites sentences into questions, using a given question word and answer.
Rewrite this sentence "194] 7] T uko] ofd A E o= =G EX N L Q1= 50| 2 A 225 )" into a
natural question whose question word is "©] T]" and answer is "©} ¥ 21 =", Please respond in the format: "The transformed

question is: 194] 7] Zuko]] E=FJ 3} EX S Q F5l= 5 0] 24 F4E Yetes ol g yzp? "

r
\

Arabic Prompt

You are an Al model that rewrites sentences into questions, using a given question word and answer.

Rewrite this sentence " 9gIS(y 8, sl Wialin 1Jall, 3295 5 Mewlay(y gila ¥a 05 T Pop 9ilyuge ISl 2,
9B a3, 3 9 Bl 9aigw & »3 Tl )i.«.u\.wl wiald g 350 gitabiul aUu 3ol a5 93Lg B, i 9w 7.«.4,5\.( dawgl A,
«w(y 448 »8. " into a natural question whose question word is " ja¢y " and answer is " > g & »@ Twul ". Please respond in
the format: "The transformed question is:

g a3 18513 Ty Wonilorty 918 page 9BLica 2Ll ol 2538 135 33410 I¥aZelp 2UZalie Balls "

r
\

Bengali Prompt

You are an Al model that rewrites sentences into questions, using a given question word and answer.
Rewrite this sentence "®TI9C T RGNS A SR €1 A1, %)_ig BT O 4TS TATAI | into a natural
question whose question word is "TPTTY" and answer is "®TS9", Please respond in the format: "The transformed question is:

(AT 2T TSR Ao AR [ AW QR G OIwd 2 SHSH AMF 7 "

r
\

Telugu Prompt

You are an Al model that rewrites sentences into questions, using a given question word and answer.

Rewrite this sentence " D" DG Bobd 3 TRD S5 D636 B weoko wog HBT TReS” DI Frrid 2eres’
D0 9D x:%baeaoés &o®. " into a natural question whose question word is " 6> " and answer is " 0o . Please
respond in the format: "The transformed question is: €308 32 0‘30 DI o0 2ges™ OIQ Bodd 3 T SR§s°

DO B eoaio &) D& IDE? "

Figure 11: Meta-examples obtained by prompting ChatGPT are shown for each language coverd by XOR-TYDI
QA. Lightblue texts indicate the transformed questions.
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Prompt E.1: Finnish Example & Translation

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: Toisaalta hén oli taiteiden suosija ja hdnen valtakaudellaan Preussi sai haltuunsa suuren osan Puola-Liettuasta
Puolan jaoissa vuosina 1793 ja 1795.

Question word: Missd

Answer: Preussi

Transformed Question: Missd maassa taiteiden suosija hallitsi ja misséd valtakunnassa saatiin haltuunsa suuri osa Puola-
Liettuasta Puolan jaoissa vuosina 1793 ja 1795?

Sentence: Hén pelasi urallaan my6s Ruotsissa ja Slovakiassa.

Question word: Missi

Answer: Slovakia

Transformed Question: Missd maassa hin pelasi urallaan Ruotsin lisdksi?

Sentence: Barokin jilkeen concerto grossoja ovat siveltineet muun muassa Heitor Villa-Lobos, Bohuslav Martint, Alfred
Schnittke ja Philip Glass.

Question word: Kuka

Answer: Bohuslav Martint

Transformed Question: Kuka siveltdjistd Heitor Villa-Lobosin, Alfred Schnittken ja Philip Glassin ohella on sdveltinyt
concerto grossoja barokin jilkeen?

Sentence: Hinen ajatteluunsa vaikuttivat muun muassa buddhalaiset ja taolaiset ideat, joihin hén tutustui Aasian matkoillaan,
Mahatma Gandhin vikivallattomuusliike, seké hinen katolinen uskontonsa.

Question word: Kuka

Answer: Mahatma Gandhi

Transformed Question: Kuka vaikutti hdnen ajatteluunsa, mahtimaailmaan ja katoliseen uskontonsa?

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: On the other hand, he/she was a fan of the arts and during his/her reign, Prussia took over a large part of
Poland-Lithuania in the partitions of Poland in 1793 and 1795.

Question word: Where

Answer: Prussia

Transformed Question: In which country did the lover of the arts rule and in which kingdom was a large part of Poland-
Lithuania taken over during the partitions of Poland in 1793 and 1795?

Sentence: He/She also played in Sweden and Slovakia during her career.

Question word: Where

Answer: Slovakia

Transformed Question: In which country did he/she play in his/her career besides Sweden?

Sentence: After the Baroque, concerto grossos have been composed by, among others, Heitor Villa-Lobos, Bohuslav Martind,
Alfred Schnittke and Philip Glass.

Question word: Kuka

Answer: Bohuslav Martint

Transformed Question: Besides Heitor Villa-Lobos, Alfred Schnittke and Philip Glass, which of the composers has composed
concerto grossos after the Baroque?

Sentence: His/Her thinking was influenced, among other things, by Buddhist and Taoist ideas, which he/she got to know
during his/her travels in Asia, Mahatma Gandhi’s non-violence movement, and his/her Catholic religion.

Question word: Who

Answer: Mahatma Gandhi

Transformed Question: Who influenced his/her thinking, the world of power and his/her Catholic religion?

. J
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Prompt E.2: Russian Example & Translation

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: Kopabiin npoekTa BbinoaHsm KOHTPOJb 3a ydeausmu BMC crpan HATO B Hopsexxckom u Cpe-
JM3€MHOM MODSIX, CJIEJUIIN 33 KOpabesJbHbIMY U aBraHOCHbIME rpymmnamu dioroB CIITA n Benukobpuranum.
Question word: Kro

Answer: HATO

Transformed Question: Kro Boimosas koarposs 3a yuenusimu BMC B Hopsexkckom u CpeuzeMHOM MOpPAX U
CJIeTAIT 3a KOpabe/lbHbIMU U aBUaHOCHBIMU Tpymnnamu ¢pioroB CIIIA u Bemukobpuranun?

Sentence: 1 ampesns 1768 roma loBepHio HazHaUalOT eHCcHi0 KoposeBcKoit akajieMun My3bIKu B pasmepe 1000
JIMBPOB KaK aBTOPY MY3bIKU.

Question word: Kro

Answer: KoposieBCKoOit akaJIeMun My3bIKH

Transformed Question: Ko 1 anpess 1768 roma Hassauun nexcuio B pa3Mepe 1000 nuspos JloBepHIO Kak aBTOpY
MY3bIKH !

Sentence:  Coduis Illapnérra Asrycra (22 despans 1847, Mouxern — 4 maga 1897, Ilapuxk) — mpurmecca
Basapckasi, repuornast Basapckasi, nmosaHee reproruist Anancorckast u OpJieaHcKast.

Question word: ['me

Answer: Mionxen

Transformed Question: I'ne pommiace Codusi ITapsiorra ABrycra, npusnnecca basapckasi?

Sentence: B mepBsoit mosioBure XIX Beka mapoo3sl B Poccuio, B OCHOBHOM, BBO3W/INCH W3-3a PybOeKa.
Question word: Korma

Answer: XIX Bek

Transformed Question: Korna naposossl B Poccuio, B 0CHOBHOM, BBO3MJINCH U3-3a PybexKa?

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: The project’s ships monitored NATO naval exercises in the Norwegian and Mediterranean Seas and monitored ship
and aircraft carrier groups of the US and British navies.

Question word: Who

Answer: NATO

Transformed Question: Who monitored naval exercises in the Norwegian and Mediterranean seas and monitored ship and
aircraft carrier groups of the US and British fleets?

Sentence: On April 1, 1768, Dauvergne was awarded a pension from the Royal Academy of Music in the amount of 1000
livres as the author of music.

Question word: Who

Answer: Royal Academy of Music

Transformed Question: Who, on April 1, 1768, awarded a pension of 1000 livres to Dovergne as the author of music?

Sentence: Sophia Charlotte Auguste (22 February 1847, Munich - 4 May 1897, Paris) - Princess of Bavaria, Duchess of
Bavaria, later Duchess of Alencon and Orléans.

Question word: Where

Answer: Munich

Transformed Question: Where was Sophia Charlotte Augusta, Princess of Bavaria born?

Sentence: In the first half of the 19th century, steam locomotives were mainly imported to Russia from abroad.
Question word: When

Answer: 19th century

Transformed Question: When were steam locomotives mainly imported into Russia from abroad?

L J
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Prompt E.3: Japanese Example & Translation

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: 2H . BRI EMEOIEZEDL L. £MulIc W TR O B TFZEML ChZKRWIChH) . BT
OEORR=HE & L 7=,

Question word: Zff

Answer: T4

Transformed Question: 2712 &I TEEDE O L /= EFMFIOTRIEL T L KW Iclif - 720330 T T h 2

Sentence: COMZEAMETZHIT Y Fr—R - F+ X7z L pERL . I v AV o LI 22 A UMHIE L. &
DITICHENS1T80FEET ) — A H B T 4 FHINOHINHE & 72 - 7=,

Question word: & Z

Answer: ) — A 7705 4+

Transformed Question: ) F ¥ — R - ¥+ X7 z L I NHIFE L L 5 =0T TTHh?

Sentence: Z A & N LIAG. BIZERRIEIIEIEMICH N CEHRI N TV =,

Question word: Zff

Answer: AETE

Transformed Question: g h* 2 & ) PIFTICRIBMICH EN THEBRIN TV 2o TTh?

Sentence: HIE Z DMEZ B FNEZEN S - JHRITTIX RV v & HERI L 7=,
Question word: Zff
Answer: &R

Transformed Question: zfld & DS IEHFRIBZED S - IR TlZ W HEIL ZzoTL X 5 0 ?

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: In February, Dou Xian sent Zuo’s lieutenant, Geng Kui, to besiege and defeat the Northern Xiongnu Danyu at
Jinweishan, and took Danyu’s mother, the Yan family, prisoner.

Question word: Who

Answer: Xiongnu

Transformed Question: In February, in Jinweishan, which was the land of Danyu that was besieged and severely defeated by
Geng Ku, the commander of the left school sent by Dou Xian?

Sentence: The act to incorporate the town was introduced by Richard Caswell, who made it his home and later became North
Carolina’s first governor from 1776 to 1780.

Question word: Where

Answer: North Carolina

Transformed Question: Where did Richard Caswell become the first governor?

Sentence: Before this, Zhang Hua was shunned by Sima Lun and killed.

Question word: Who

Answer: Zhang Hua

Transformed Question: Who had been shunned and killed by Sima Lun before this?

Sentence: Lu Xun surmised that this Mujiqi was the ancestor and origin of Sun Wukong.

Question word: Who

Answer: Lu Xun

Transformed Question: Who could have guessed that Mujiqi was the ancestor/origin of Son Goku?

\ J
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Prompt E.4: Korean Example & Translation

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: AENA] £ 8dtH, WYX= 1037 AZA FIE @O YEOZ A3 s AHE Atk

Question word: -+

Answer: 2 ¥ 2|

Transformed Question: =77} A= o) A Z218 5 100 S ¢ F3h2 A7tk R o2 o) s 4bs k2
l%] B

—

Sentence: 17} TS W 2] 10d 0] H=2013d 49, 222 S IFE 100,000 7 3] Yo7 5 F 5
FEEET 158

Question word: -+

Answer: AEE2E g AH

Transformed Question: =7} 2013 49 77} 2& m it 2] 10d 0] & dfo] LT E 100,000 5] g oz ==

CEEEESBEL

Sentence: 194 7] Zulo]| o} Y B = o)l = =2 7} E 2|7
Question word: ©] T]

Answer: o}l =

Transformed Question: 1941 7] F3ko]l S Y3} Ex /)8 & 275+ 25 0] 2 B8 thebs o g AU

Sentence: AFRHA 2 ] () =& JF= g ol 29 thelE Zutef 9l thy 7h2dl shubolt)
Question word: ©]T]
Answer: 21}

Transformed Question: AFELAE T}2] 7} 9= L& ojr] 2l 72

)

rlo

o

te &% ol 2A B4dE Ak

g 87

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: After winning the battle, Overwatch continued to maintain peace for 10 years, but was disbanded due to internal
strife.

Question word: Who

Answer: Overwatch

Transformed Question: Who won the battle, kept the peace for ten years, and then disbanded due to infighting?

Sentence: In April 2013, 10 years after he left the club, Sporting Lisbon paid tribute to Ronaldo by registering him as their
100,000th member.

Question word: Who

Answer: Sporting Lisbon

Transformed Question: Who paid tribute to Ronaldo by registering him as their 100,000th member in April 2013, marking 10
years since he left the club?

Sentence: In the late 19th century, movements calling for independence and land reform spread widely in Ireland.
Question word: Where

Answer: Ireland

Transformed Question: In which country did the movement calling for independence and land reform spread significantly in
the late 19th century?

Sentence: Ponte Sant’ Angelo () or Hadrian’s Bridge is one of the bridges in Rome.
Question word: Where

Answer: Rome

Transformed Question: Where is the Ponte Sant’ Angelo?
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Prompt E.5: Arabic Example & Translation

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence:  gJd SoM$ B, sdlload ol gd 5 2 9WaA 2yl 3, olp WY 9ISEd 1312 1 (o JuSiundad g0 Saiilsa, 2,
clp VAV,

Question word: ¢y

Answer: SJls

Transformed Question:  jagy 1332J 9t oM aaut w20 B, wilload B 92y gWad B joil B, clp \VAVS

Sentence: g£aly ilala & yE0A wiy 3¢y Jw B 5 1WERL 5 Sauel 93l ) sUeildwd B, S 6.
Question word: .y

Answer: & ;S d wiy 3 Jow

Transformed Question: ¢y Sl0 Juna adalas 1¥S25 , Sael 93l sUeilawd 3, S o 538

Sentence: ool iada gdo 13 gad 13 poalalind Sdal Taual oA 3lag 130auiS auly 1T glald YV 9 YY.
Question word: =, ) )

Answer:  W3da gdo 1 9@ 13 pmlalind

Transformed Question: ¢y adua ) ol2 3l WGadg 240y Haglald Y g YXS

Sentence: g8 |;‘-IZE :-..\fil;é.‘, Sua y Walam Sleluly Suaeld 31 g ylel S yio Syl Jhom jo p0d el 1AV 9abd g 5lel
JA)A?.' 3e9) Yo

Question word: Ty

Answer:  3.a , alag

Transformed Question: gy a1 g ylol Sy S oy 3o 0 104 2l 1AVYS

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: Clay was born in Hanover County, Virginia in 1777, but moved to Lexington, Kentucky in 1797.
Question word: Where

Answer: Kentucky

Transformed Question: Where did Clay move after his birth in Hanover County, Virginia in 17977

Sentence: The CPS system was the most advanced and won the competition.
Question word: Who

Answer: CPS system

Transformed Question: Who had the most advanced system and won the competition?

Sentence: British Airways also operates the Teen Club lounge between gates B21 and B23.
Question word: Who

Answer: British Airways

Transformed Question: Who operates the Executive Club lounge between gates B21 and B23?

Sentence: Two halls were recently opened in Al-Azm Palace containing a panorama of the October Liberation War of 1973,
and a panorama of the July War of 2006.

Question word: Where

Answer: Al-Azm Palace

Transformed Question: Where is the panorama of the October Liberation War of 1973?
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Prompt E.6: Bengali Example & Translation

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: @Y ST SN WMl 29 =T |

Question word: (&

Answer:

Transformed Question: AT AT AT (< AT =L ?

Sentence: THEMIE FTOTHE AT TS AR QO = WO TR |
Question word: (T

Answer: JTOI]
Transformed Question: FT*EF T8 TOIRTAG (AT SIS 7

Sentence: SIS ZTGTH FCTA ¥ SREH N AW, F LfBRFA 7 A4S A |

Question word: TFTAT

Answer: O[O

Transformed Question: (FTT ST AR Fe[T SAZIE N AT QR {HAGHFAT O A6 TATA AT 7

Sentence: €% TG -aF PTAG-@ JRPLS AT ST @F6 WL A |
Question word: TFTAT
Answer:

Transformed Question: @6 STRE PI (AT ST G0 VR A ?

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: Draupadi was the first to die on the journey.
Question word: Who

Answer: Draupadi

Transformed Question: Who died first on the journey?

Sentence: In addition, Russia has a permanent embassy in Doha, the capital of Qatar.
Question word: Where

Answer: Qatar

Transformed Question: Where is the permanent embassy of Russia located?

Sentence: Thousands of people die of starvation in India, but missionaries are indifferent to them.

Question word: Where

Answer: India

Transformed Question: Where are thousands of people dying of starvation and the missionaries are indifferent to them?

Sentence: It is an open-air fish market located in Seattle, Washington.
Question word: Where

Answer: Seattle

Transformed Question: Where is an open air fish market in Washington?
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Prompt E.7: Telugu Example & Translation

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: € MravANES® H8, BEH, AFPNDE, DEFIM, LPETPODLL AVBVHDD DD Dok,
Question word:

Answer: S0&

Transformed Question: € TPaBLES” DD Do IO 2.8E3?

Sentence: & DHOOES” POB0ES’D SGFTD ARDADRVD PDEMDEVL BT SCERV0B.

Question word: Dézjci

Answer: @3J°

Transformed Question: & B0%0e° H0B0S® ELFTR HRIACLZVD DEMWEVL IE) ¢ S°CERA?

Sentence: DBES” HVG Dot § T LI5S DE20FLB BD IO o HBT TRES” DI Frrdd 2eres” DRFod d
D608’ €08, =

Question word: DS

Answer: 200

Transformed Question: esog A% T°Qo DI Fordd 2gre™d G Bodd 3 TR E355° DRI B eeaDo &)
DY ADE? e

Sentence: ;8D LHBIO0), WE D0 WPDD Seaco BT DD DYHC.
Question word: &
Answer: (6 o°e

Transformed Question: e85 EHpd6), VEE D0 LIV Bt D8 DD Dyeycd?

Rewrite sentences into short and precise questions, using given question words and answers:

Sentence: The main crops in this village are rice, sugarcane, mango, groundnut, vegetables etc.
Question word: Who

Answer: mango

Transformed Question: Which is one of the main crops in this village?

Sentence: China accounted for a significant increase in world emissions during this period.

Question word: Where

Answer: China

Transformed Question: Where in the world has caused the significant increase in emissions during this time?

Sentence: Among these, the famous Sri Vasavi Kanyaka Parameshwari Devi Temple is located in the town of Penugonda in
the West Godavari district of the state of Andhra Pradesh.

Question word: Who

Answer: Penugonda

Transformed Question: Which town in West Godavari district of Andhra Pradesh state has the famous Sri Vasavi Kanyaka
Parameshwari Devi temple?

Sentence: Seeing Satyaki being stopped by Kritavarma, Drona went towards Dharmaraja.
Question word: Who

Answer: Dharmaraja

Transformed Question: To whom did Drona go when he saw Kritavarma stopping Satyaki?
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