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<English> Elon Musk (born 28 June 1971)
is a South African-Canadian-American
veteran businessman, investor, engineer,
and inventor.

ABSTRACT
Multiple critical scenarios need automated generation of descriptive text in low-resource (LR) languages given English fact triples.
For example, Wikipedia text generation given English Infoboxes,
automated generation of non-English product descriptions using
English product attributes, etc. Previous work on fact-to-text (F2T)
generation has focused on English only. Building an effective crosslingual F2T (XF2T) system requires alignment between English
structured facts and LR sentences. Either we need to manually obtain such alignment data at a large scale, which is expensive, or
build automated models for cross-lingual alignment. To the best
of our knowledge, there has been no previous attempt on automated cross-lingual alignment or generation for LR languages. We
propose two unsupervised methods for cross-lingual alignment.
We contribute XAlign, an XF2T dataset with 0.45M pairs across 8
languages, of which 5402 pairs have been manually annotated. We
also train strong baseline XF2T generation models on XAlign. We
make our code and dataset publicly available1 , and hope that this
will help advance further research in this critical area.

<hindi> एलन मस्क (जन्म 28 जून 1971) एक
दक्षिण अफ्रीकी-कनाडाई-अमेरिकी दिग्गज व्यापारी,
निवेशक, इंजीनियर, और आविष्कारक हैं।
<Elon_Musk, nationality, South_Africa>
<Elon_Musk, nationality, Canada>
<Elon_Musk, nationality, USA>
<Elon_Musk, date_of_birth, 28_June_1971>
<Elon_Musk, occupation, engineer>
<Elon_Musk, occupation, entrepreneur>
<Elon_Musk, occupation, inventor>
<Elon_Musk, occupation, investor>
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<gujarati> એલોન મસ્ક (જન્મ 28 જૂ ન 1971) એ
દક્ષિણ આફ્રિકા-કેનેડિયન-અમેરિકન પીte
ઉદ્યોગપતિ, રોકાણકાર, ઇજનેર અને શોધક છે.
<tamil> எலோன் மஸ் க் (பிறப்பு 28
ஜூன் 1971) ஒரு தென் னாப்பிரிக்ககனடிய-அமெரிக்க மூத்த
தொழிலதிபர், முதலீட்டாளர்,
பொறியாளர் மற்றும்
கண் டுபிடிப்பாளர் ஆவார்.

Figure 1: XF2T Example: Generating English, Hindi, Bengali,
Gujarati or Tamil sentences to capture semantics from English facts.
Proceedings of the Web Conference 2022 (WWW ’22 Companion), April 25–
29, 2022, Virtual Event, Lyon, France. ACM, New York, NY, USA, 4 pages.
https://doi.org/10.1145/3487553.3524265

1
CCS CONCEPTS

XF2T

<bengali> এলন মাস্ক (জন্ম 28 জুন 1971)
দক্ষিণ আফ্রিকা-কানাডিয়ান-আমেরিকান প্রবীণ
ব্যবসায়ী, বিনিয়োগকারী, প্রকৌশলী এবং
উদ্ভাবক।

INTRODUCTION

Fact-to-text (F2T) generation [23] is the task of transforming structured data (like fact triples) into natural language. F2T systems
are vital in many downstream applications like automated dialog
systems, question answering, etc. But most of such F2T systems
are English only and not available for low-resource (LR) languages.
This is mainly due to lack of training data in LR languages. For
example, Wikidata entries for person entities in LR languages are
minuscule in number compared to that in English (1.3M in English
vs total of ∼128K across our 7 LR languages). In addition, the average number of facts per entity in LR language Wikidata (11.3) is
almost half compared to English (22.8). Thus, monolingual F2T for
LR languages suffers from data sparsity. Hence, in this work, we propose a novel task of cross-lingual F2T generation (XF2T) which takes
a set of English facts2 as input and generates a sentence capturing
the fact-semantics in the specified LR language.
One major challenge in training an XF2T system is the availability of aligned data where English facts are well-aligned with
semantically equivalent LR text. The manual creation of such a
high-quality aligned dataset requires human annotations and is
quite challenging to scale. Recently various automatic alignment
2

Fact is a triple composed of subject-predicate-object
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approaches have been proposed for English F2T alignment like
pairing up Wikipedia sentences with Infobox [17], using distant
supervision [9], finding the lexical overlap between textual and
structural entities [1, 11, 13], etc. Taking inspiration, we propose
two novel methods for cross-lingual F2T, and use them to create and
contribute a new dataset, XAlign. It consists of sentences from LR
language Wikipedia mapped to English fact triples from Wikidata.
It contains data for the following languages: Hindi (hi), Telugu (te),
Bengali (bn), Gujarati (gu), Marathi (mr), Kannada (kn), Tamil (ta)
and English (en). Fig. 1 shows an XF2T example from our dataset.
Overall, we make the following contributions in this work. (1)
We propose the problem of XF2T alignment and generation for LR
languages. (2) We contribute a high quality XF2T dataset, XAlign,
with overall 0.45M pairs (5402 human-labeled) in 8 languages. (3) We
propose transfer learning and distant supervision based methods
for cross-lingual alignment. (4) We train multiple multi-lingual
XF2T models which lead to a best BLEU score of 25.02. We make
the code and dataset publicly available1 .

2

RELATED WORK

Recently, various approaches have been proposed for entity linking
(link mention in a sentence to a KG entity) [4] and fact linking (link
sentence to a set of facts) [15]. To the best of our knowledge, there
has been no prior work on creating the XF2T dataset that requires
pairing up a set of English facts with sentences in other languages.
Table 1 shows basic statistics of popular F2T datasets. Some previous
studies [12] on F2T collected aligned data by crowdsourcing while
others have performed automatic alignment [1]. For XF2T dataset
creation, we explore two different unsupervised methods to perform
automated cross-lingual alignment. Unlike other datasets which are
mostly on English, our dataset contains 8 languages and is a crosslingual dataset. Most of the F2T methods can be classified as (1)
template-based methods [8], (2) Seq-2-seq attention networks [17],
(3) hierarchical attention networks [18], (4) pretrained Transformer
methods [6, 11, 25]. Template-based methods fail for fact triples in
a previously unseen domain. Also, all of these methods focus on
English F2T only. We focus on XF2T.

3

Dataset

Languages A/M

WikiBio
E2E
WebNLG’17
fr-de Bio
TREX
WebNLG’20
KELM
WITA
WikiTableT
GenWiki

en
en
en
fr, de
en
en, ru
en
en
en
en

A
M
M
A
A
M
A
A
A
A

XAlign

en + 7 LR

A

|I|

|F|

728K
19.70
50K
5.43
25K
2.95
170K, 50K 8.60, 12.6
6.4M
1.77
40K, 17K 2.68, 2.55
8M
2.02
55K
3.00
1.5M
51.90
1.3M
1.95
0.45M

2.02

|P|

|T|

1740
945
373
1331, 1267
642
372, 226
663
640
3K
290

26.1
20.1
22.7
29.5, 26.4
79.8
23.7
21.2
18.8
115.9
21.5

X-Lingual
No
No
No
No
No
Yes
No
No
No
No

367

19.8

Yes

Table 1: Statistics of popular F2T datasets: WikiBio [17],
E2E [19], WebNLG 2017 [12], WebNLG 2020 [10], fr-de
Bio [18], KELM [1], WITA [11], WikiTableT [5], GenWiki [13], TREX [9], and XAlign (ours). Alignment method
could be A (automatic) or M (manual). |I|=# instances, |F|=avg
fact count, |P|=# unique predicates, |T|=avg word count.

non-breaking prefixes. We prune out (1) other language sentences
using Polyglot language detector3 , (2) sentences with <5 or >100
words, (3) sentences which could potentially have no factual information (i.e., sentences with no noun or verb4 ). For each sentence
per Wikipedia URL, we also store the section information.
We extract facts from the Wikidata dump dated 2020-12-21 for
all the 8 languages for each entity in 𝐷 using the Wikidata API5 .
We gather facts corresponding to Wikidata property types like
WikibaseItem, Time, Quantity, Monolingualtext which capture most
of the useful factual information for person-type entities. This leads
to overall ∼0.91M facts for ∼85K entities.

4

F2T ALIGNMENT IN XALIGN

At this point, for every (entity 𝑒, language 𝑙) pair, the dataset 𝐷
has a set 𝐹𝑒𝑙 of English Wikidata facts and a set of Wikipedia sentences 𝑆𝑒𝑙 in language 𝑙. Next, we build an automatic aligner to
associate a sentence in 𝑆𝑒𝑙 with a subset of facts from 𝐹𝑒𝑙 . As shown
in Fig. 2, we propose a two-stage system for the automatic alignment. In the first stage (Candidate Generation), we generate (facts,
sentence) candidates based on syntactic+semantic match. In the
second stage (Selection), we retain only strongly aligned candidates
using transfer learning and distant supervision methods.

DATA COLLECTION AND PRE-PROCESSING

We start by gathering a list of 85K person entities from Wikidata
each of which have a link to a corresponding Wikipedia page in at
least one of our 7 LR languages. This leads to a dataset 𝐷 where
every instance 𝑑𝑖 is a tuple ⟨entityID, English Wikidata facts, LR
language, LR-language Wikipedia URL for the entityID⟩.
For each language, we use Wikiextractor [2] to extract text from
the Wikipedia xml dump dated 2021-05-20. We split this main text
into sentences using Indic NLP [16], with a few additional heuristics
to account for Indic punctuation characters, sentence delimiters and
Wikipedia
(articles)

Wikidata
(facts)

F2T Alignment
Stage 1:
Candidate
Generation
Stage 2:
Candidate
Selection
XAlign
Dataset

Train
Pretrained
multilingual
model
Finetune XF2T
Generator

Test
Set of English
Facts
XF2T
Generator
LR Language
sentence

Figure 2: XAlign: XF2T System Architecture

4.1

Stage 1: Candidate Generation
|𝑓 |

|𝑠 |

Given a set of English facts {𝑓𝑖 }𝑖=1 and set of sentences {𝑠 𝑗 } 𝑗=1
in language 𝑙, for every (𝑓𝑖 , 𝑠 𝑗 ) pair, we compute a similarity score
𝑠𝑖𝑚(𝑓𝑖 , 𝑠 𝑗 ) that captures syntactic+semantic similarity. For syntactic
match, we use TFIDF by translating either the fact to language 𝑙 or
the sentence to English. For semantic match, we compute cosine similarity between MuRIL [14] representations of the fact and the sentence, or between their translations. Thus, 𝑠𝑖𝑚(𝑓𝑖 , 𝑠 𝑗 ) is computed as
average of these 4 scores: sim-MURIL(𝑓𝑖 , 𝑠 𝑗 ), sim-TFIDF(translate(𝑓𝑖 ,
𝑙), 𝑠 𝑗 ), sim-TFIDF(𝑓𝑖 , translate(𝑠 𝑗 , English)), sim-MuRIL(translate(𝑓𝑖 ,
𝑙), translate(𝑠 𝑗 , English)). For translating sentences, we use IndicTrans [22]. When translating the facts, we retain the label of entities
within the fact triple for which Wikidata multi-lingual label is available for LR language, and translate only the remaining parts of
3

https://polyglot.readthedocs.io/en/latest/Detection.html 4 For POS tagging, we
use Stanza [21] for en, hi, mr, te, ta; LDC Bengali POS Tagger [3] for bn; and [20] for
gu. 5 https://query.wikidata.org/
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Lang
hi
mr
te
ta
en
gu
bn
kn

|V|

|I|

Train+Validation
|T|
|F|

75037 56582 25.3/5/99
49512 19408 20.4/5/94
60865 24344 15.6/5/97
121212 56707 16.7/5/97
103626 132584 20.2/4/86
34605
9031 23.4/5/99
130684 121216 19.3/5/99
87760 25441 19.3/5/99

Manually Labeled Test
|A| |I|
|T|
|F|

𝜅

2.0/1/10
2.2/1/10
1.7/1/10
1.8/1/10
2.2/1/10
1.8/1/10
2.0/1/10
1.9/1/10

0.81
0.61
0.56
0.76
0.74
0.50
0.64
0.54

4
4
2
2
4
3
2
4

842
736
734
656
470
530
792
642

11.1/5/24
12.7/6/40
9.7/5/30
9.5/5/24
17.5/8/61
12.7/6/31
8.7/5/24
10.4/6/45

2.1/1/5
2.1/1/8
2.2/1/6
1.9/1/8
2.7/1/7
2.1/1/6
1.6/1/5
2.2/1/7

Table 2: Basic Statistics of XAlign. |I|=# instances,
|T|=avg/min/max word count, |F|=avg/min/max fact
count, |V|=Vocabulary size, 𝜅=Kappa score, |A|=# annotators

the fact. We retain a sentence 𝑠 𝑗 if the most similar fact 𝑓𝑖 has
𝑠𝑖𝑚(𝑓𝑖 , 𝑠 𝑗 ) > 𝜏. For every sentence, we retain at most top-𝐾 most
similar facts. We set 𝜏=0.65 and 𝐾=10 for our expts empirically.

4.2

Manual Annotations for Ground-Truth Data

We need manually annotated data for evaluation of Stage 2 output
as well as our XF2T generation. We perform manual annotation
in two phases. For both the phases, the annotators were presented
with (LR language sentence 𝑠, 𝐾 English facts) output by Stage
1. They were asked to mark facts present in 𝑠. There were also
specific guidelines to ignore redundant facts, handle abbreviations,
etc. More detailed annotation guidelines and ethical statement are
mentioned here1 . In the first phase, we got 60 instances labeled per
language by a set of 8 expert annotators (trusted graduate students
who understood the task very well). In phase 2, we selected 8 annotators per language from the National Register of Translators6 . We
tested these annotators using phase 1 data as golden control set,
and shortlisted up to 4 annotators per language who scored highest
(on Kappa score with golden annotations). We report details of this
test part of our XAlign dataset in Table 2. On average, a sentence
can be verbalized using two fact triples.

4.3

Stage 2: Candidate Selection

For every entity and language pair, Stage 1 outputs sentences each
associated with a maximum of 𝐾 facts. We use two different techniques to retain only strongly aligned (fact, sentence) pairs: transfer
learning from NLI (Natural language Inference) task and distant
supervision from another English-only F2T dataset. For both the
methods, the input is “sentence⟨SEP⟩subject|predicate|object”.
Transfer learning from NLI: Given a premise and a hypothesis,
NLI aims to predict whether the hypothesis entails, contradicts or
is neutral to the premise. Fact to sentence alignment is semantically
similar to NLI where the sentence and the fact can be considered

as the premise and the hypothesis resp. Hence, we could infer (fact,
sentence) alignment by directly probing an NLI model. We experiment with multi-lingual NLI models like XLM-R, mT5, MuRIL. We
use their Xtreme-XNLI finetuned checkpoints from Huggingface7 .
If the model predicts entailment, we consider the (fact, sentence)
pair to be aligned, else not. Thus, from amongst 𝐾 candidate facts
for every sentence, we select a subset of facts, which are compared
with the golden fact list to evaluate accuracy of each model.
Distant supervision: Given an (English fact, LR language sentence) pair, we train a binary classifier to predict whether the fact
and the sentence are strongly aligned or not, using the Knowledge
Enhanced Language Modeling (KELM) [1] dataset. KELM has automatically aligned English (Wikipedia sentence, Wikidata facts) pairs.
For a Wikipedia page corresponding to Wikidata entity 𝑒, KELM
aligns sentence 𝑠 with a Wikidata fact 𝑓 = ⟨𝑒, 𝑟, 𝑒 ′ ⟩ if 𝑠 contains
subject 𝑒 and object 𝑒 ′ . For every sentence 𝑠 in KELM, we create a
positive instance for every fact aligned with 𝑠. For every positive
instance, we also create a negative instance as mentioned next. We
order all the other sentences on the same Wikipedia page (which
contains 𝑠) in decreasing order of semantic similarity and choose a
sentence 𝑠 ′ randomly from top 10. We skip top two sentences as
they can be very similar to 𝑠. We then use the pair (fact extracted
from 𝑠 ′ , sentence 𝑠) as a negative instance. Overall, the dataset contains ∼1.3M instances. Since our XAlign dataset is cross-lingual
but KELM is English-only, for inference on output of Stage 1 data,
we experiment with cross-lingual, translate-test and translate-train
settings. Translate-train performs the best and hence we report
results using this setting.
Table 3 shows candidate selection F1 scores across all the languages on our golden annotated dataset. Besides our proposed
transfer learning and distant supervision based models, we also
compare with the KELM-style [1] and WITA-style [11] alignment
baselines. All experiments were run on a machine with four 10GB
RTX 2080 GPUs. We finetune for 5 epochs with L2-norm weight
decay of 0.001 and dropout of 0.1. We set the learning rate of 1e-5,
2e-5 and 1e-3 for XLM-RoBERTa, MuRIL and mT5 resp. We observe
that mT5 with transfer learning performs the best.

5

XALIGN DATASET ANALYSIS AND XF2T

We run mT5-transfer-learning Stage 2 aligner on Stage 1 output to
get Train+Validation part of XAlign. Table 2 shows dataset stats.
Fig. 3 shows fact count distribution. Top 10 frequent fact properties
across all languages are date of birth, occupation, position held,
7

MuRIL does not support vocabulary for all XNLI languages, so we finetuned it for
en, hi and ur only.

https://www.ntm.org.in/languages/english/nrtdb.aspx
Methods

hi

mr

te

ta

en

language
hi
en
bn
kn
ta
te
mr
gu

0.5
gu

bn

kn

Avg.

Baselines

KELM-style [1]
WITA-style [11]
Stage-1 + TF-IDF

49.3
50.7
75.0

42.6 36.8
57.4 51.7
68.5 69.3

45.1 41.0 37.2
45.9 60.2 50.0
71.8 73.7 70.1

43.6 33.8
53.5 53.0
78.7 64.7

41.1
52.8
71.5

Distant
supervision

MuRIL [14]
76.3
XLM-RoBERTa [7] 78.1
mT5 [24]
79.0

68.4 74.0
69.0 76.5
71.4 77.6

75.5 70.5 78.5
73.9 76.5 78.5
78.6 76.6 80.0

62.4 67.7
66.9 72.4
69.8 70.5

71.7
74.0
75.4

Transfer
learning

MuRIL [14]
71.6
XLM-RoBERTa [7] 77.2
mT5 [24]
90.2

71.7 76.5
76.7 78.0
83.1 84.1

75.1 73.4 78.7
81.2 79.0 80.5
88.6 84.5 85.1

79.5 71.8
83.1 72.7
75.1 78.5

74.8
78.6
83.7

Table 3: Stage-2 (Fact, Sentence) Candidate Selection F1.

Fraction of total sentences

6
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Figure 3: Fact Count Distribution across languages
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XAlign: Cross-lingual Fact-to-Text Alignment and Generation for Low-Resource Languages
Lang. Input
hi
generate hindi : ⟨H ⟩ natalie portman ⟨R ⟩ place_of_birth ⟨T ⟩
jerusalem ⟨QR ⟩ country ⟨QT ⟩ israel ⟨S ⟩ early life
mr
generate marathi : ⟨H ⟩ carlos i of portugal ⟨R ⟩ date_of_birth ⟨T ⟩
28 september 1863 ⟨R ⟩ date_of_death ⟨T ⟩ 01 february 1908 ⟨R ⟩ noble_title ⟨T ⟩ king of portugal ⟨S ⟩ introduction
te
generate telugu : ⟨H ⟩ hardik pandya ⟨R ⟩ date_of_birth ⟨T ⟩ 11 october 1993 ⟨R ⟩ member_of_sports_team ⟨T ⟩ baroda cricket team ⟨R ⟩
occupation ⟨T ⟩ cricketer ⟨S ⟩ introduction
ta
generate tamil : ⟨H ⟩ n. s. n. nataraj ⟨R ⟩ country_of_citizenship ⟨T ⟩
india ⟨R ⟩ occupation ⟨T ⟩ politician ⟨R ⟩ position_held ⟨T ⟩ member of
the tamil nadu legislative assembly ⟨S ⟩ introduction
en
generate english : ⟨H ⟩ george knew, jr. ⟨R ⟩ country_of_citizenship ⟨T ⟩
united kingdom ⟨R ⟩ date_of_birth ⟨T ⟩ 05 march 1954 ⟨R ⟩ occupation
⟨T ⟩ cricketer ⟨S ⟩ introduction
gu
generate gujarati : ⟨H ⟩ anand bakshi ⟨R ⟩ date_of_birth ⟨T ⟩ 21 july
1930 ⟨R ⟩ date_of_death ⟨T ⟩ 30 march 2002 ⟨R ⟩ occupation ⟨T ⟩ lyricist ⟨R ⟩ occupation ⟨T ⟩ poet ⟨S ⟩ introdution
bn
generate bengali : ⟨H ⟩ ramprit mandal ⟨R ⟩ country_of_citizenship
⟨T ⟩ india ⟨R ⟩ member_of_political_party ⟨T ⟩ janata dal united ⟨R ⟩
occupation ⟨T ⟩ politician ⟨S ⟩ introduction
kn
generate kannada : ⟨H ⟩ barry c. barish ⟨R ⟩ award_received ⟨T ⟩ henry
draper medal ⟨QR ⟩ point_in_time ⟨QT ⟩ 2017 ⟨S ⟩ awards and honours

Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

Reference Text
पोटर् मन
ै का जन्म इज़रायल के जेरूसलम में हु आ था ।

Generated Text
पोटर् मन
ै का जन्म जेरूचलम में हु आ था ।

काल स पिहला ( २८ सप्टेंबर, १८६३ - १ फेब्रुवारी, काल स पिहला ( २८ सप्टेंबर १८६३ - १ फेब्रुवारी
१९०८ ) हा पोतुर्गालचा राजा होता.
१९०८ ) हा पोतुर्गालचा राजा होता.
హారిద్క్ పాండాయ్ ( 1993 అకోట్బరు 11 జననం ) బరోడా హారిద్క్ పండాయ్ ( జననం 11 అకోట్బర్ 1993 ) ఒక భారతీయ
కిర్కెట్ ఆటగాడు.
కిర్కెట్ టీంకు చెందిన భారత ఆటగాడు.
என். எஸ். நடராஜ் என்பவர் ஓர் இந்திய
அரசியல்வாதியும், தமிழகத்தின் முன்னாள்
சட்டமன்ற உறுப்பினரும் ஆவார்.
George Alan Knew ( born 5 March
1954 ) is a former English cricketer.

என். எஸ். என் நடராஜ் ஓர் இந்திய
அரசியல்வாதியும், தமிழக சட்டமன்றத்தின்
முன்னாள் சட்டமன்ற உறுப்பினரும் ஆவார்.
George Knew ( born 5 March 1954 ) is
a former English ﬁrst-class cricketer.

આનંદ બક્ષી ( જુ લાઇ ૨૧ ૧૯૩૦ - માચર્ ૩૦ ૨૦૦૨
), ભારતનાં પ્રસધ્ધ કિવ અને ગીતકાર હતા.

આનંદ બક્ષી ( ૨૧ જુ લાઇ ૧૯૩૦ - ૩૦ માચર્ ૨૦૦૨
) હન્દી િફલ્મોના
એક પ્રસ ગીતકાર હતા.
઼

রাম ীত
ম ল
হেলন
একজন
ভারতীয়
রাজনীিতিবদ, িযিন জনতা দল ( সংযু
)
এর রাজনীিতর সােথ যু ।
ಮತುತ್ ಬಾಯ್ರಿಷ್ ಅವರಿಗೆ ೨೦೧೭ ರ ಹೆನಿರ್ ಡೆರ್ೕಪರ್
ಪದಕವನು
ನ್ ನೀಡಲಾಯಿತು.

রাম ী ম ল হেলন একজন ভারতীয় রাজনীিতিবদ,
িযিন জনতা দল ( সংযু ) এর রাজনীিতর সােথ
যু ।
೨೦೧೭ರಲಿಲ್ ಅವರು ಹೆನಿರ್ ಡೆರ್ೕಪರ್ ಮೆಡಲ್ ಗೌರವವನು
ನ್
ಪಡೆದರು.

TableDataset
4: Test Dataset
Examples
reference text
text and
fromfrom
our mT5-small
model.
Table 4: Test
Examples
withwith
reference
andpredictions
predictions
our mT5-small
model.

Model

hi

Baseline
2.7
Transformer 35.4
GAT+Trans. 29.5
mT5
40.6

mr

te

2.0
1.0
17.3 6.9
17.9 4.9
20.2 11.4

ta

en

1.7 1.01
8.8 38.8
7.2 40.3
13.6 43.7

gu
0.6
13.2
11.3
16.6

kn

Avg.

2.7 0.4
35.6 3.1
30.2 5.1
45.3 8.7

bn

1.5
19.9
18.3
25.0

Table 5: XF2T BLEU scores on XAlign test set

cast member, date of death, country of citizenship, award received,
place of birth, educated at, and member of sports team.
For XF2T generation, we leverage Train+Validation part of our
XAlign dataset to train multiple multi-lingual text generation models. We train mT5-small (finetuned on Xtreme-XNLI), a basic Transformer model, and GAT (Graph Attention Network)+Transformer
model (similar to [25]) for the XF2T task. For each of these models,
we concatenate the facts with the section header information in the
input text. We also compare with a baseline where English facts
are translated to LR language and concatenated to generate output.
While translating if mapped strings for entities were present in
Wikidata they were directly used.
Table 4 shows XF2T prediction examples for our best (mT5)
model. Table 5 shows BLEU results across different (model, language) combinations. Naïve translation baseline performs poorly.
mT5 performs best with 25.0 average BLEU across all languages.
While the BLEU is decent for en, hi and bn, further work needs to be
done to improve XF2T generation quality for other LR languages.
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CONCLUSION

In this work, we proposed a novel XF2T problem, contributed a new
XF2T dataset, XAlign, for 8 languages, proposed two novel F2T
alignment methods, and reported BLEU results on strong baseline
multi-lingual models. We strongly believe that our alignment models can significantly reduce human annotation costs in low-resource
(LR) NLG. We also plan to extend this work to other LR languages.
Acknowledgements: This research was partially funded by Ministry of Electronics and Information Technology (MeitY), Govt. Of
India under Sanction Order No: 11(6)/2019-HCC (TDIL).
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