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Much of the lecture comes from Lawrie et al., 2023

“Neural Approaches to Multilingual Information Retrieval”



CLIR - MLIR

© What’s the difference?

¢ What’s the definition?



MLIR

& Monolingual Retrieval in Multiple Languages

¢ Query to construct one ranked list where each document is in one of several languages

& Cross-Language Evaluation Forum (CLEF)
¢ Mixed-Language Queries

¢ Mixed-Language Documents



MLIR

2 Defining Multilingual Information Retrieval

There is no common currently accepted definition for multi-
lingual information retrieval (MLIR). The term has been
used in the past to cover a broad range of different ap-
proaches to information retrieval (IR) using one or more
languages. In this section, we will present a number of dif-
ferent descriptions of the multilingual IR task that have been
used by previous authors and outline our own approach to
the problem. Five different definitions for MLIR are out-

1 9 9 6 lined below.
(1) IR in any language other than English.

(2) IR on a parallel document collection or on a multilingual
document collection where the search space is restricted to
the query language.

Querying Across Languages: A Dictionary-Based Approach
to Multilingual Information Retrieval

David A. Hull Gregory Grefenstette

(3) IR on a monolingual document collection which can be
queried in multiple languages.

(4) IR on a multilingual document collection, where queries can
retrieve documents in multiple languages.

(5) IR on multilingual documents, i.e. more than one language
can be present in the individual documents




Datasets
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Table 1. Dataset statistics of CLEF 2001, 2002, and 2003. CLEF 2001 and 2002 share the
document collection but have different queries. Numbers in parentheses are the number of topics

in each query set. We report the number of documents judged relevant over all the topics in a
particular year.

Query English German Spanish French [talian Total

Set # Rel. # Docs|# Rel. # Docs|# Rel. # Docs|# Rel. # Docs|# Rel. # Docs|# Rel. # Docs

2001 (50)| 856 2,130 2,694 1,212 1,246 8,138

| 25,3 215,7 3 749,883
2002 (50)| 821 113:005|'g3g 225,371\ 700 215,738) 35 87,191 " 108,578 0o 749,883

2003 (60)| 1,006 169,477 1,825 294,809|2,367 454,045 946 129,806 - —6,144 1,048,137




MS MARCO

=" Microsoft

MS MARCO

¥ Follow @MSMarcoAl

Starting with a paper released at NIPS 2016, MS MARCO is a collection of datasets focused on deep learning in search.

The first dataset was a question answering dataset featuring 100,000 real Bing questions and a human generated answer. Since then we released a

1,000,000 question dataset, a natural langauge generation dataset, a passage ranking dataset, keyphrase extraction dataset, crawling dataset, and a
conversational search.




MmMMARCO

mMARCO: A Multilingual Version of the MS MARCO
Passage Ranking Dataset

Luiz Bonifacio Vitor Jeronymo Hugo Queiroz Abonizio
Univ. of Campinas Univ. of Campinas NeuralMind
NeuralMind NeuralMind

Israel Campiotti Marzieh Fadaee Roberto Lotufo Rodrigo Nogueira
NeuralMind Zeta Alpha Univ. of Campinas Univ. of Campinas
NeuralMind Univ. of Waterloo

NeuralMind

“Helsinki” models Google Translate
From Hugging Face API



Mr. TyDi

Mr. TyD1: A Multi-lingual Benchmark for Dense Retrieval

Xinyu Zhang, Xueguang Ma, Peng Shi, and Jimmy Lin

David R. Cheriton School of Computer Science
University of Waterloo

RB00gesS" Dol 08 1Y Bodup IB?
(Which is the largest marine animal?)

Des6DIDID-12 EDATE L) Jod?
(What is the weight of the IRNSS-1C satellite?)

aneees 2 = .
15@8‘;::;?;5:4??&;‘2&0” HERT ...The blue whale is a marine mammal belonging
relevant passage(s) ) ) relevant passage(s) to the baleen whale parvorder, Mysticeti. At up
(...At the time of launch, the fuel-laden IRNSS-1C to in length and with a maximum recorded
satellite weighed 1425.4 kg ...
E g ) weight of , it is the largest animal known to have
LEHEFDY 2014 €0 16, Mkt T 8D ever existed..
SwArD 55760 01:32 Mot HATHD, Dok

Sotdore sgﬁé“é DoF... ...Coral reefs are accumulated from the

A given list of
calcareous exoskeletons of marine invertebrates

Other passages from

irrelevant passages e .
P g (...The satellite was launched on Thursday, October Wikipedia (English) L
16, 2014 at 01:32 Indian time and was successfully of the order Scleractinia...
launched into orbit...)
m a es * = —
. ../ OED JO PP

. GDETTADY SoDBBNOR B T8 BAHO XOR-TYDI (Retrieve)

O‘Fho.er pa}sages from SROFD DA SRR G0 °

Wikipedia (TEIUEU) ... found a way to find their weights depending on the

vibrations of the satellites.
Mr. TYDsx

®
ono m Figure 1: Comparison between TYDI, XOR-TYDI, and Mr. TYDI with an example in Telugu. The green blocks
indicate relevant passages and the red blocks indicate non-relevant passages.




NeuCLIR

& 2022
¢ 2023 (On-Going)

NeuCLIR

¢ Russian, Chinese, Farsi

Official website for the NeuCLIR
track at TREC 2023.




Evaluation

© MAP
¢ nDCG
¢ Pwl0
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Result Pooling

Manual Examination of all Documents is infeasible

Top-Ranked Documents from Multiple IR systems (k=100 or 1,000)
Multiple Assessors

Can be Boolean (or not)

Cohen’s Kappa

Mate Retrieval in Multilingual (Bitexts/Translations Used)



5 Broad Approaches
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1997 1) Embeddings "~

Automatic 3-Language Cross-Language Information Retrieval
with Latent Semantic Indexing

Bob Rehder Michael L. Littman Susan Dumais Thomas K. Landauer
Dept. of Psychology Dept. of Computer Sci. Microsoft Research Dept. of Psychology
Inst. of Cognitive Science Inst. of Cognitive Science
U. of Colorado, Boulder Duke University One Microsoft Way U. of Colorado, Boulder
Boulder, CO 80309 Durham, NC 27708 Redmond WA, 98052 Boulder, CO 80309

rehder@psych.colorado.edu mlittman@cs.duke.edu sdumais@microsoft.com landauer@psych.colorado.edu

Tempest

Cosine Similarity



1.) Embeddings

© Rehder et al. 1997

& Gabrilovich and Markovitch 2007
¢ Sorg and Cimiano 2012

RO 0

¢ Modern Language Model Approaches



2.) Query 1n All Languages
Problems with Scale of # Langs

A Multilingual Approach to Multilingual Information
Retrieval

Jian-Yun Nie, Fuman Jin

Laboratoire RALI
Département d’Infor_matique et Recherche opérationnelle, Mixed query with
Université de Montréal language tags
C.P. 6128, succursale Centre-ville
Montréal, Québec, H3C 3J7 Canada

. ‘s . Translation Translation Translation English que
{nie, jinf}@iro.umontreal.ca > ’ - £151 queLy

into French into German into Italian pre-processing

English
Query




3.) Translate Index



4.) Pivot Languages

& Translate Queries into Subset of Languages
¢ Translate Documents into Subset of Languages

¢ Extreme Case = Only 1 Language



5.) Merge Ranked Lists

& Most Widely Studied

& Monolingual or Bilingual Retrieval to create a list for each document language
¢ Similar to Collection Sharding (efficiency method)

& ... but requires normalization prior to late fusion

& Normalization 1s challenging!



Normalization

Algorithm 11-2 Aggregation of multiple rankings r1,...,Tn based on Z-score normalizy,
defines the score at rank position i, score,(d) defines the score of
D-DEVIATION are defined on the set of score values of

tion. For ranking r, 7[i]
document d. MIN, MEAN, and ST

ranking r




Normalization

ation of multiple rankings 71,..+,Tn based on Z-score normaliz,
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tion. For ranking r, r[i] defines the score at r
document d. MIN, MEAN, and ST
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for all r € R do // Normalization

D-DEVIATION are defined on the set of score valueg of




Normalization

wltiple rankings 71, ..., "n based on Z-score normaliz,.

Algorithm 11-2 Aggregation of n RN
tion. For ranking r, r[i] defines the score at rank position i, score,(d) defines the score of

document d. MIN, MEAN, and ST
ranking r
R il
for all r € R do // Normalization
@ — MEAN(r)
o « STD-DEVIATION(r)

S p—MIN(T)
g

D-DEVIATION are defined on the set of score valueg of




Normalization

ation of multiple rankings 71,...,7n based on Z-score normalizy,

Algorithm 11-2 Aggreg :
& ank position i, score,(d) defines the score of

tion. For ranking r, r[i] defines the score at r
document d. MIN, MEAN, and ST
ranking 7
R il
for all r € R do // Normalization
@ — MEAN(r)
o « STD-DEVIATION(r)
S pu—MIN(T)
for i = lg..lrl do
r(i) — T(i;_“' )
end for
end for

D-DEVIATION are defined on the set of score valueg of




Normalization

Algorithm 11-2 Aggregation of multiple rankings 71,...,"n based on Z-score normalizy.
tion. For ranking r, 7[i] defines the score at rank position i, scorer(d) defines the score of

document d. MIN, MEAN, and STD-DEVIATION are defined on the set of score valueg of

ranking r
R {’]‘1, Cinay ,‘T‘n}
for all r € R do // Normalization
w +— MEAN(r)
o « STD-DEVIATION(r)
Sl pu—MIN(T)

for i = lg..lrl do
r(i) — "O=£ 45
end for
end for

T oty
for all d € D do /]| Aggregation
s+—0
for all » € R do
S+ S - 8COre:




Normalization

Algorithm 11-2 Aggregation of multiple rankings 71,...,"n based on Z-score normalizy.
tion. For ranking r, 7[i] defines the score at rank position i, scorer(d) defines the score of

document d. MIN, MEAN, and STD-DEVIATION are defined on the set of score valueg of

ranking 7

R {’]‘1, Cinay ,‘T‘n}

for all r € R do // Normalization
w +— MEAN(r)
o « STD-DEVIATION(r)
Sl pu—MIN(T)
for = lg..lrl do

r(s) — JE=E L5

end for

end for

T oty
for all d € D do /]| Aggregation
s+—0
for all » € R do
§ «+ 8 + score,(d)
end for
score,_(d) «— s
end for




Normalization

Algorithm 11-2 Aggregation of multiple rankings T ) T'n based on Z-score normalizy.
tion. For ranking r, 7[i] defines the score at rank position i, scorer(d) defines the score of

document d. MIN, MEAN, and STD-DEVIATION are defined on the set of score valueg of

ranking 7

R — {’]‘1_,..,,‘7'”} ;
for all r € R do // Normalization

w +— MEAN(r)
o « STD-DEVIATION(r)
Sl pu—MIN(T)
for i = lg..lrl do
r(s) — JE=E L5
end for
end for

T oty

for all d € D do /]| Aggregation
s+—0
for all » € R do

§ «+ 8 + score,(d)

end for
score,_(d) «— s

end for

Te «— DESCENDING-SORT(TC)

return 7.




But we are 1n the neural world. ..



ColBERT score
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https://medium.com/@varun030403/colbert-a-complete-guide-1552468335ae




mBERT (Multilingu

NeuCLIR

1 BERT)

N

Devlin et al., 2018



Multilingual Translate Training (MTT)

¢ Translate monolingual training data to target languages
& MTT-S (Batches contain Single-Language)
& MTT-M (Multilingual Batches)

¢ ... and you can have zero-shot



CLEF ColBERT-X MTT

P@10
2001 2003 | 2001 2002 2003

MTT-M | 0.4627 0.4617 | 0.704 0.752 0.653
MTT-S | 0.422 0.433 | 0.696 0.702 0.649




CLEF MAP

MAP
Query ColBERT-X

2
Set ITD MULM BM25 MTT-M ET

Title Queries

- 0.398 . 0.391
0.349 - 0.360 0.322

— 0.337 . 0.389
0.276 - 0.352 0.333

- 0.349 0.349
0.305 - 0.332 0.290

2001

2003

- 0.361 . 0.375

All 0.310 - .3 0.3147

2002 ‘



Speed

Table 6. ColBERT-X GPU hours for translating and indexing. BM25 does not use GPU.

CLEF2001-2002 CLEF2003
Model ITD | Translation Index Total | Translation Index Total

%Tfanslat ﬂgfhep; s

— 124 124

ihﬂg COTPUS: iss OW sv.




Language Bias

¢ Exhibits Bias towards language trained on
&
¢ Document Scores not drawn from the same distribution

& All Western European and Latin Script
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