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Abstract

Knowledge Graphs represent real-world en-
tities and the relationships between them.
Multilingual Knowledge Graph Construction
(mKGC) refers to the task of automatically
constructing or predicting missing entities and
links for knowledge graphs in a multilingual
setting. In this work, we reformulate the
mKGC task as a Question Answering (QA) task
and introduce mRAKL: a Retrieval-Augmented
Generation (RAG) based system to perform
mKGC. We achieve this by using the head
entity and linking relation in a question, and
having our model predict the tail entity as an
answer. Our experiments focus primarily on
two low-resourced languages: Tigrinya and
Amharic. We experiment with using higher-
resourced languages Arabic and English for
cross-lingual transfer. With a BM25 retriever,
we find that the RAG-based approach improves
performance over a no-context setting. Further,
our ablation studies show that with an idealized
retrieval system, mRAKL improves accuracy by
4.92 and 8.79 percentage points for Tigrinya
and Amharic respectively.

KGs is expensive (Paulheim, 2018). Recent work
has investigated the use of pre-trained Language
Models (LMs) for KG Construction (e.g. Saxena
et al., 2022a; Yao et al., 2019). However, most of
the work is focused on English, for which LMs
have good performance (Zhou et al., 2022).
Multilingual Knowledge Graph Construction
(mKGC) research allows us to (1) extend the down-
stream benefits of KGs to multiple languages, and
(2) capture culturally nuanced and relevant informa-
tion across languages. However, the challenges of
mKGC are exacerbated for languages with limited
data available. Prior work using LMs for mKGC
relies on pre-training LMs with large amounts of
structured data (e.g., Zhou et al. (2022) train on
a KG with 52M triples). However, languages
on the long tail do not have such datasets avail-
able (Joshi et al., 2020). Based on official statistics,
only 0.2% of the total entities in Wikidata (Vran-
deci¢ and Krotzsch, 2014) have labels in the low-
resourced language Amharic.! Additionally, most
pre-trained LMs do not have good performance for
low-resourced languages (Ojo et al., 2024).
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Progress in the field of Natural Language Processing (NLP) depends on the existence of language resources:
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The State and Fate of Linguistic Diversity and Inclusion in the NLP World
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this paper we look at the relation between the
types of languages, resources, and their rep-
resentation in NLP conferences to understand
the trajectory that different languages have
followed over time. Our quantitative inves-
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Abstract

Language technologies contribute to promot-
ing multilingualism and linguistic diversity
around the world. However, only a very small
number of the over 7000 languages of the
world are represented in the rapidly evolving
language technologies and applications. In
this paper we look at the relation between the
types of languages, resources, and their rep-
resentation in NLP conferences to understand
the trajectory that different languages have
followed over time. Our quantitative inves-
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language for two sets of conferences.
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What is a low-resourced language?

Artifacts

¢ Linguistic Knowledge
e Data
o Technology

The Zeno’s Paradox of ‘Low-Resource’ Languages
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Abstract

The disparity in the languages commonly stud-
ied in Natural Language Processing (NLP) is
typically reflected by referring to languages
as low vs high-resourced. However, there is
limited consensus on what exactly qualifies as
a ‘low-resource language.’” To understand how
NLP papers define and study ‘low resource’ lan-
guages, we qualitatively analyzed 150 papers
from the ACL Anthology and popular speech-
processing conferences that mention the key-
word ‘low-resource.” Based on our analysis, we
show how several interacting axes contribute to
‘low-resourcedness’ of a language and why that
makes it difficult to track progress for each indi-
vidual language. We hope our work (1) elicits
explicit definitions of the terminology when it
is used in papers and (2) provides grounding for
the different axes to consider when connoting
a language as low-resource.

referred to as ‘high-resource.” This framing of
high vs low-resource languages resembles Zeno’s
Achilles paradox: ‘high-resourced languages’ are
the tortoise, that have been given a head start in the
research community and continue to receive much
of the attention, and ‘low-resource languages’ are
Achilles. In reality, Achilles can always outrun the
tortoise2. However, the face value interpretation of
the paradox can serve as an analogy for how the
current trajectory of the NLP research community
to include majority of the worlds languages in the
path already forged for ‘high-resourced’ languages
leaves ‘low-resource languages’ constantly trying
to catch up to a goalpost that is always moving.
The disparity in research and performance of
language technologies across languages can be
a double-edged sword. On the one hand, under-
studied and underserved languages may be at a
higher risk of language loss and have speakers ex-
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What are Knowledge Graphs?
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What are Knowledge Graphs?
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Knowledge Graph Completion

Option 1: Manual Construction

How much is a Triple?
Estimating the Cost of Knowledge Graph Creation

Heiko Paulheim

Data and Web Science Group, University of Mannheim, Germany
heiko@informatik.uni-mannheim.de

Abstract. Knowledge graphs are used in various applications and have
been widely analyzed. A question that is not very well researched is:
what is the price of their production? In this paper, we propose ways
to estimate the cost of those knowledge graphs. We show that the cost
of manually curating a triple is between $2 and $6, and that the cost
for automatically created knowledge graphs is by a factor of 15 to 250
cheaper (i.e., 1¢ to 15¢ per statement). Furthermore, we advocate for
taking cost into account as an evaluation metric, showing the correspon-
dence between cost per triple and semantic validity as an example.

Keywords: Knowledge Graphs, Cost Estimation, Automation
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Option 2: KG Embedding Models

KG Embedding

Entity/Relation Representation ,

Translational Distance Models

(distance-based scoring functions) )

Semantic Matching Models

(similarity-based scoring functions) )

Representation Learning

A 4
\
Scoring Function Definition
-
v

Q. Wang, Z. Mao, B. Wang and L. Guo, "Knowledge Graph Embedding: A Survey of Approaches and Applications," in IEEE Transactions on Knowledge and Data
Engineering, vol. 29, no. 12, pp. 2724-2743, 1 Dec. 2017, doi: 10.1109/TKDE.2017.2754499.
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Option 2: KG Embedding Models

v

e High quality and performance

KG Embedding

Entity/Relation Representation ,

Translational Distance Models
(distance-based scoring functions) )

Semantic Matching Models
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Q. Wang, Z. Mao, B. Wang and L. Guo, "Knowledge Graph Embedding: A Survey of Approaches and Applications," in IEEE Transactions on Knowledge and Data
Engineering, vol. 29, no. 12, pp. 2724-2743, 1 Dec. 2017, doi: 10.1109/TKDE.2017.2754499.
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Option 2: KG Embedding Models

v

KG Embedding _ _

e High quality and performance

Entity/Relation Representation , \

Translational Distance Models o

v L (distance-based scoring functions) )

Scoring Function Definition h

e N oA : -

v Semantic Matching Models e Model size increase with KG 1

] = (similarity-based scoring functions) ) Size

Representation Learning e Separate model for downstream |
tasks
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Q. Wang, Z. Mao, B. Wang and L. Guo, "Knowledge Graph Embedding: A Survey of Approaches and Applications," in IEEE Transactions on Knowledge and Data
Engineering, vol. 29, no. 12, pp. 2724-2743, 1 Dec. 2017, doi: 10.1109/TKDE.2017.2754499.
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Knowledge Graph Construction

Option 3: Transformer Based KGE Models
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[ predict tail: john o'connor | position held ]—\_> P archbishop
. -

[ predict head: blondeliini | parent taxon ]—> KGT5
&

[predict answer: what do jamaican people speak]—‘—_> ® ——I—P[jamaican english]

Figure 1: Overview of our method KGT5. KGTS5 is first trained on the link prediction task (predicting head/tail
entities, given tail/head and relation). For question answering, the same model is further finetuned using QA pairs.
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Sequence-to-Sequence Knowledge Graph Completion and Question Answering (Saxena et al., ACL 2022)
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Knowledge Graph Construction

Option 3: Transformer Based KGE Models

e Multilingual KGs

OF GENIJI .
THE TALE OF GENJI, translation. ¥4 .]
THE TALE OF GENJI, has-genre, MONOGATARI ]

( ceenas

[ predict tail: john o'connor | position held ]—|_> o—* archbishop The Tale of Genji has genre Mono
. =

 predict head: biondeliini | parent taxon ——>» KGT5H ”

e . T ¥
(predict answer: what do jamaican people speak]—r» ® _I—b[jamaican english | l l

Figure 1: Overview of our method KGTS. KGTS5 is first trained on the link prediction task (predicting head/tail Multilingual Causal LM Mono gatari
entities, given tail/head and relation). For question answering, the same model is further finetuned using QA pairs.

Figure 1: An illustration of the main idea support-
ing Prix-LM: it infuses complementary multilingual
knowledge from KGs into a multilingual causal LM;
e.g., Japanese KG stores more comprehensive genre
information of THE TaLe oF Genn than KGs in other
languages. Through cross-lingual links (translations),
such knowledge is then propagated across languages.

Sequence-to-Sequence Knowledge Graph Completion and Question Answering (Saxena et al., ACL 2022)
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Prix-LM: Pretraining for Multilingual Knowledge Base Construction (Zhou et al., ACL 2022)
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Knowledge Graph Construction

Option 3 + Context: Transformer Based KGE Models with Context

y N d )
T verbalize ‘ KGTS .I'! :’::[:lf::sli’c
( , genre, 7) ‘ Predict tail: genre v
£ E 3. Telenovela
4. Drama
&
(" query: genre
context: instance of | [ilm [SEP]
. — o — country of origin | [SEP] 1. Drama ’
reverse of | A B. Crevenna [SEP] 2. Fantasy
/ verbalize | L KGTS- 3
context context

=
=
=
=
=
=
=
=
=
=
=
=
=

Figure 1: Overview of KGT5-context (at bottom) and comparison to KGTS5 (on top): real example from Wiki-
dataSM, best viewed in color. KGT5-context differs from KGTS in that it appends the neighboring relations and
entities of Yambao (a drama movie) to the verbalized query. Both models then apply T35, sample predictions from
the decoder, map the samples to entities, and rank by sample logit scores.
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Friendly Neighbors: Contextualized Sequence-to-Sequence Link Prediction (Kochsiek et al., RepL4NLP 2023)
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Knowledge Graph Construction

Option 3: Transformer Based KGE Models with/without Context

Good quality and performance

Model size independent of KG size

Can use knowledge in pre-training
End-to-end trainable for downstream tasks

X

e Mostly for mid- to high resourced languages
e require structured data for context
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Friendly Neighbors: Contextualized Sequence-to-Sequence Link Prediction (Kochsiek et al., RepL4NLP 2023)
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Current methods rely on large, structured data for training!

How do we make this work for Low-resourced languages?
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How do we make this work for Low-resourced languages?

1. Current methods rely on large, structured data for training!
We do not currently have large structured datasets for low-resourced languages

Unstructured data is more easily accessible for low-resourced languages




How can we use unstructured data which is more

easily accessible to perform mKGC for low-resourced

languages?
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task

<What is Johannes Kepler's Occupation?>

Ion answering

Reformulating KGC as a Quest

<Johannes Kepler, Occupation, ?>

Method
Step 1



Method

Step 1: Reformulating KGC as a Question answering task
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Step 2: Have a generative model predict the answer given the question

What is Johannes Kepler's Occupation? 93“::;'“"9
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Method

Step 1: Reformulating KGC as a Question answering task

Step 2: Have a generative model predict the answer given the question

Step 3: Retrieve context from unstructured data to aid generation

retriever [... Kepler ... fathers of modern ] generative
Model What is Johannes Kepler's Occupation? LM
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Method

Step 1: Reformulating KGC as a Question answering task

Step 2: Have a generative model predict the answer given the question

Step 3: Retrieve context from unstructured data to aid generation

retriever [... Kepler ... fathers of modern ] generative
Model What is Johannes Kepler's Occupation? LM

Step 4: Do this multilingually!
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Method

Target Languages: Amharic and Tigrinya Transfer Languages: Arabic and English

Preparing our dataset

I | |
i Step 1: Extract Triples ! : Step 2: Get labels for the head, relation, { } Step 3: Verbalize the triple as a question-answer
I from Wikidata ! I and tail in each language. : } pair.
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Method

Target Languages: Amharic and Tigrinya Transfer Languages: Arabic and English

Preparing our dataset

| |
i Step 1: Extract Triples ! Step 2: Get labels for the head, relation, Step 3: Verbalize the triple as a question-answer
I from Wikidata ! I and tail in each language. pair.
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Method

Target Languages: Amharic and Tigrinya

Preparing our dataset

Step 1: Extract Triples
from Wikidata

Triple
(Q106368583, P19, Q115)

Transfer Languages: Arabic and English

e s )
: Step 2: Get labels for the head, relation, { ,
| and tail in each language. 1k pair.
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Method

Target Languages: Amharic and Tigrinya Transfer Languages: Arabic and English

Preparing our dataset

KG Triples Head Tail

Tigrinya 3.5k 244 170
Amharic 34k 8568 5058

Table 1: Details on size of KGs in the two target lan-
guages.




Method

Target Languages: Amharic and Tigrinya Transfer Languages: Arabic and English

Preparing our dataset

Tigrinya KG|Amharic KG
Language Wiki Head Tail Head Tail

KG Triples Head Tail

. G NAD)
A (0 ST o
Amharic 34k 8568 5058 rapie - ' ' ' '
English |6.84M [100 100 90.40 98.39
Table 1: Details on size of KGs in the two target lan- Tigrinya &/ 100100 3.60 4.03

guages.
Table 2: Percentage of the head and tail entities in each
of the target language KGs with textual representations
in each of the transfer languages.




Method

Target Languages: Amharic and Tigrinya

Preparing our dataset

KG Triples Head Tail

Tigrinya 3.5k 244 170
Amharic 34k 8568 5058

Table 1: Details on size of KGs in the two target lan-
guages.

Transfer Languages: Arabic and English

figrinya Ka Ambharic KG
Head Tail |Head Tail

Ambharic 14.04K]79.50 86.47 [ 100 100
Arabic 1.23M (95.49 99.41 [79.56 94.36
English 6.84M | 100 100 [90.40 98.39
Tigrinya 506 (100 100 )3.60 4.03

Table 2: Percentage of the head and tail entities in each
of the target language KGs with textual representations
in each of the transfer languages.

Language Wiki




Method

Target Languages: Amharic and Tigrinya

Preparing our dataset

KG Triples Head Tail

Tigrinya 3.5k 244 170
Amharic 34k 8568 5058

Table 1: Details on size of KGs in the two target lan-
guages.

Transfer Languages: Arabic and English

Tigrinya KG (Amharic KG
Language Wiki Head Tail |Head Tail

Ambharic 14.04K79.50 86.47| 100 100
Arabic 1.23M 95.49 99.41 |79.56 94.36
English 6.84M 100 100 [90.40 98.39
Tigrinya 506 100 100 3.60 4.03 )

Table 2: Percentage of the head and tail entities in each
of the target language KGs with textual representations
in each of the transfer languages.
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Experiments & Results

Language — Tigrinya Ambharic
mT5* (- 0.49
Langu_age Models h?VG Zero-Shot  AfriTeVat | 0.22 0.61
very little parametric Aya* 0,67 152
knowledge in GPT-4 223 583
. mT5 2.01 23.32
low-resourced languages. Finetuned  joor . 213 503




Experiments & Results

Language Models trained
on smaller number of
related languages
perform better”.

Language — Tigrinya Ambharic
mT5* - 0.49
Zero-Shot  AfriTeVa 0.22 0.61
Aya* 0.67 1.52
GPT-4 2.23 5.83
Finetuned mT35 2.01 23.32
AfriTeva . 5.13 29.15

_________

The Less the Merrier? Investigating Language Representation in Multilingual Models (Nigatu et al., Findings 2023)



https://aclanthology.org/2023.findings-emnlp.837/

Experiments & Results

Language Models trained
on smaller number of
related languages
perform better”.

Language — Tigrinya Ambharic
mT5* - 0.49
Zero-Shot  AfriTeVa 0.22 0.61
Aya* 0.67 1.52
GPT-4 2.23 5.83
Finetuned mT5 201 23.32
AfriTeva 5.13 . 29.15

*in line with prior work The Less the Merrier? Investigating Language Representation in Multilingual Models (Nigatu et al., Findings 2023)



https://aclanthology.org/2023.findings-emnlp.837/

Experiments & Results

Tigrinya KG  Amharic KG
H@l H@10 H@]l H@I10

mBAKL outperforms KGT5-No-Context 691 2857 32.58 52.57
prior work for (" KGT5-Description 5.8 2344 3291 43.32)
low-resourced language .. KGT>-One-Hop _ 446 2433 _28.83 48.17 ]
context. (ours) No-Context  5.13 26.11 29.15 54.81

(ours) Self-Context 11.83 34.59  41.37 61.87 |




Experiments & Results
Tigrinya KG  Amharic KG

H@l H@10 H@] H@I0

KGT5-No-Context 691 28.57 32.58 52.57
KGT5-Description 5.8  23.44 3291 43.32
KGT5-One-Hop  4.46 2433  28.83 48.17

mBAKL outperforms (ours) No-Context  5.13 26.11  29.15 54.81
prior work for (ours) Self-Context 11.83 34.59 41.37 61.87
low-resourced language

context.

Tigrinya Ambharic

% % % %
con. tail con. tail

o o ——

KGT5-Description 149.7711.78 16.3 10.71
KGT5-One-Hop  148.8310.89 125.7711.65
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Experiments & Results

MRAKL outperforms
prior work for
low-resourced language
context.

Tigrinya KG  Amharic KG
H@l H@10 H@l1 H@10
KGT5-No-Context 691 28.57 32.58 52.57
KGT5-Description 5.8  23.44 3291 43.32
KGT5-One-Hop  4.46 2433 28.83 48.17
(ours) No-Context 5.13 26.11 29.15 54.81
(ours) Self-Context 11.83 34.59 41.37 61.87
Tigrinya Ambharic
%o % %o %
con. taill con. tail
KGT5-Description  49.77/1.781 6.3 10.71"
KGT5-One-Hop  48.83 EO.89I 25.77 :‘1.65 :




Experiments & Results

MRAKL allows for implicit S ea— "
cross-lingual link

. . Lz:::;xgte Context Prediction
prediction, where
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Experiments & Results

MRAKL allows for implicit
cross-lingual link
prediction, where
transfer language
context helps improve
generation
performance.

Target lang. — Tigrinya Amharic

Context lang. — Amh Ara Eng Tir Avg.| Amh Ara Eng Tir Avg.
No-Context 11.64 12.08 14.06 14.06! 12.97] 30.26 25.34 31.32 8.79 127.81
H@] LaBSE  12.10 10.29 13.17 13.62_12.30 | 29.15 24.36 30.69 10.49 27.07_ .
BM25  13.70 12.53 15.84 16.51' 14.65 32.68 27.75 32.48 10.99'29.82' ::

No-Context 22.60 21.48 22.77 22.32 22.29 | 38.79 33.81 40.11 17.68 36.43

H@3 LaBSE 21.19 18.12 20.76 20.38 22.53 | 38.35 32.97 39.25 17.26 35.74

BM25  21.23 21.25 23.88 23.88 22.57 | 40.49 35.44 45.58 17.09 37.57

No-Context 39.72 36.91 38.83 38.16 38.40 | 48.69 43.38 50.36 29.78 45.41

H@10 LaBSE 39.50 36.02 36.38 37.95 37.45| 4691 42.02 47.88 30.79 44.77

BM25  37.21 37.58 39.73 39.73 38.57 | 48.88 44.06 49.20 29.95 46.38
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Our Contributions

(VATAVATAYAVATAVAVAYAY,

e Dataset: QA and KG
o We started with what is available in the
target languages.
e Models: Retriever, Generator
e Technology: mRAKL

Artifacts \
e Linguistic Knowledge |
« Data |
l o Technology :
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e Adding more transfer languages
e Adding more unstructured data

e Applying this to QA

Future Work

WANANASANMARAAVAAAAVAVAN ANV VAANVAANAANANAAAAAARARANARANV AN AR AN AN AANVAAN A ARSI AN ANARANAANAAANANAAAARAARARAAAAAARARAY

%) kY)Y N\

VARV VVAVAVAVAN AR AUV ANV VAUV VAV AR A A AV AAN VAR AR ANV AUV A AR AR A VAV VAV AVAN AV AV VAT,




W
Y

Past and Future, Future Work

(Past) Why don’t we have data on Wikipedia for low-resourced languages?

® Hellina Hailu Nigatu, John Canny, Sarah Chasins. (2023). "A Need Finding Study with

Low-Resourced Language Content Creators." Proceedings of 4th ACM African Human-Computer
Interaction Conference (AfriCHI 2023)

® Hellina Hailu Nigatu, John Canny, Sarah Chasins. (2024). "Low-Resourced Languages and Online

Knowledge Repositories: A Need-Finding Study" Proceedings of ACM Conference on Human
Factors in Computing Systems (ACM CHI).
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9
KA
it

9
9,

¢
9,

AN
& &)

(Future, Future) How can we build Dialect-Aware Language Technologies
to support low-resourced Wikipedia article creation?

The Free Encyclopedia

e Machine Translation
e Speech Recognition
e Audio Archives

Visit my Website!!

™ hellina_nigatu@berkeley.edu
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