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Information Retrieval
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Information Need

What?

(:) Why?

When?

Emojis taken from https://openmoji.org/ CC-BY-SA 4.0


https://openmoji.org/

Information Need

What?

When?

Christo and O Why?
Jeanne-Claude

Image Source: https://en.wikipedia.org/wiki/Christo_and_Jeanne-Claude, CC-BY-2.0


https://en.wikipedia.org/wiki/Christo_and_Jeanne-Claude

Query

Christo wraps N

German Reichstag.
Christo and O
Jeanne-Claude

Example taken from the CLEF 2003 dataset (Braschler, 2004).



English Document

Christo wraps N
German Reichstag.

Glasgow Herald (20.06.1995)

WORKERS lower a giant panel of cloth
over the entrance to the Reichstag in
Christo and Berlin, helping Hungarian artist
Christo to fulful a dream of 24 years.
Jeanne_CIaUde Christo and his wife Jeanne Claude are
( \ using a #4.6m loan secured on their
private art collection to fund the work
of covering the former German
Parliament in silver fabric. [..]

Example taken from the CLEF 2003 dataset (Braschler, 2004).



German Document

Christo wraps

German Reichstag.

Christo and
Jeanne-Claude

Example taken from the CLEF 2003 dataset (Braschler, 2004).

\

O

Frankfurter Rundschau
E (23.01.1994)
Des Kinstlers Plan, den Berliner
Reichstag zu verpacken, ist bei
Umweltschutzern auf Kritik gestoBen.
Unter Umweltgesichtspunkten, so urteilt
Michael Braungart, Vorsitzender des

Hamburger Umweltinstituts, ist das
Projekt eine Schweinerei. [...]



Information Asymmetry
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Linguistic Diversity
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EU Charter of
Fundamental Right

Universal Declaration of
Human Rights

“The Union shall respect cultural,
religious and linguistic diversity”

“everyone has the right to [...] seek,
receive and impart information and
ideas through any media and
regardless of frontiers.”



Cross-Lingual Information Retrieval (CLIR)

° Q\ Language # D: Language

® Bridge Information Asymmetry Query Document

® Promote Linguistic Diversity r@v@\A




Why Resource-Lean Transfer?

CLIR Training data

Direct Supervision

*and Neural Machine Translation

Supervised CLIR*

Resource-hungry
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Why Resource-Lean Transfer?

CLIR Training data

Direct Supervision

*and Neural Machine Translation

Supervised CLIR*

Resource-hungry
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>7k languages

O

Human relevance annotations
are too expensive.
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Contribution: Large-Scale Empirical Evaluation

Resource-lean Transfer —
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Contribution: Large-Scale Empirical Evaluation
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Contribution: Large-Scale Empirical Evaluation

Resource-lean Transfer

Unsupervised CLIR
® Cross-lingual Word Embeddings (CLWE)

No Supervision :

Mann
Konig @
[ ]
—— L
Dict. o Frau
Kénigin

v
Mann
Konig @ man
: Kénigin @ Frau
Onigin
king .Q @ woman

queen

~

e Litschko, R., Glavas$, G., Ponzetto, S.
P., & Vuli¢, I. Unsupervised
cross-lingual information retrieval
using monolingual data only. In
Proceedings of SIGIR’18.

e Litschko, R., Glavas$, G., Vulic, I., &
Dietz, L.. Evaluating resource-lean
cross-lingual embedding models in
unsupervised retrieval. In
Proceedings of SIGIR’19.

J
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Contribution: Large-Scale Empirical Evaluation

Resource-lean Transfer

Unsupervised CLIR
® Cross-lingual Word Emb

eddings (CLWE)

No Supervision :

/

e Litschko, R., Glava$, G., Ponzetto, S.
P., & Vuli¢, I. Unsupervised
cross-lingual information retrieval
using monolingual data only. In
Proceedings of SIGIR’18.

e Litschko, R., Glava$, G., Vulic, I., &
Dietz, L.. Evaluating resource-lean
cross-lingual embedding models in
unsupervised retrieval. In
Proceedings of SIGIR’19.
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Contribution: Large-Scale Empirical Evaluation

Unsupervised CLIR
® Cross-lingual Word Embeddings ( )

Resource-lean Transfer

RQ-1: How well do CLWEs work?

Mann

Konig @
[ ]

man

v
Mann
Koénig : man
: Kénicin @ Frau
Onigin
king .g ® wo
[ ]

queen

Kénigin

No Supervision :

Frau

e Litschko, R., Glavas$, G., Ponzetto, S.
P., & Vuli¢, I. Unsupervised
cross-lingual information retrieval
using monolingual data only. In
Proceedings of SIGIR’18.

e Litschko, R., Glavas$, G., Vulic, I., &
Dietz, L.. Evaluating resource-lean
cross-lingual embedding models in
unsupervised retrieval. In
Proceedings of SIGIR’19.
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Unsupervised CLIR with CLWEs

0.35 T
0.313
0.30 |-
0.25

0.20 |-

MAP

0.15 |
0.10 -0.09

0.05

0. 00 . L L . L L .
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/ [- Baseline  EEE Supervised [ Unsupervised]
Lexical IR

Machine Translation




Unsupervised CLIR with CLWEs

0.313

—

0.20 - 0.194
0.15 .
0.10 -0.09 R

0.05 R

LM-UNI MT-IR CCA PROC PROC-B  RCSLS ICP MUSE  VECMAP

—

I Baseline EEE Supervised [ Unsupervised]

HEEHE Vann
HEEHN Frau
BN Konig
M Konigin

CCA: Maximize Correlation between XS and XT.

View 2

Model proposed by Fauqi and Dyer (2014). lllustration adopted from (Bansal and Gimpel, 2015).



Model proposed by Smith et al. (2017)

Unsupervised CLIR with CLWEs
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0. 216
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Proc(-B): Decompose Similarity Matrix.
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Unsupervised CLIR with CLWEs

Model proposed by Hoshen et al. (2018)

0.35 T T
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o RCSLS: Minimize cosine distance + adjust for hubness.
°

21



Unsupervised CLIR with CLWEs
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Extract Mapping

£

PCA

AN -. |CP: Cross-lingual k-NN, refine mapping, repeat.

Model proposed by Hoshen et al. (2018)

N

Refine transformation
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King — Mapping

—=|

Konig

Model proposed by Conneau et al. (2018)

MAP

Unsupervised CLIR with CLWEs
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MUSE: Adversarial Learning
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Unsupervised CLIR with CLWEs
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ng| o M| = | _a M |Kong kel
q:eegn ~ i & | konn distributions.

Model proposed by Artetxe et al. (2018)



Results
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I Baseline @@ Supervised [ Unsupervised]

CLWEs outperform lexical baseline and fall behind Machine Translation.

Supervised CLWE outperform unsupervised CLWE methods.



Contribution: Large-Scale Empirical Evaluation

- Unsupervised CLIR

Resource-lean Transfer

® Cross-lingual Word Embeddings (CLWE)

No Supervision :
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Contribution: Large-Scale Empirical Evaluation

(mPLM)

Resource-lean Transfer

RQ-2: Impact of contextualization?

Unsupervised CLIR
® Cross-lingual Word Embeddings (CLWE)
e multilingual Pre-trained Language Models

+ + + +

No Supervision :

/

e Litschko, R., Vuli¢, I., Ponzetto, S. P.,

~

& Glava$, G. (2021). Evaluating
multilingual text encoders for
unsupervised cross-lingual retrieval.
In Proceedings of ECIR’21.

Litschko, R., Vuli¢, 1., Ponzetto, S. P.,
& Glava$, G. (2022). On cross-lingual
retrieval with multilingual text
encoders. Information Retrieval
Journal, 25.2 (2022).
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MAP

Unsupervised CLIR with mPLM
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Unsupervised CLIR with mPLM

0.25

0.216
0.20 |-
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MAP
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ProcB ISO SEMB AOC

|— Baseline @ mBERT [ XLM]

[CLS] w; [SEP]

mBERT / XLM

CLWEs from encoding words in ISOlation.




{w; =1,wy = ate, w3 = dinner }

mMBERT / XLM
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Unsupervised CLIR with mPLM

0.25

0.216

0.20
0.174

0.15 0.136

MAP
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0.00 ——
ProcB ISO SEMB AOC

[- Baseline @@ mBERT = XLM]

Encode queries and documents similar to
Sentence EVIBeddings.
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Unsupervised CLIR with mPLM
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We had a three-course dinner.

Dinner was delicious

MBERT / XLM

CLWEs from Average Over Contexts Embeddings.

|
aggregate
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._>
W dinner — mean-pooling




MAP

Unsupervised CLIR with mPLM
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MAP

Degree of Contextualization
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0.216
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[- Baseline W mBERT [ XLM]

How much contextualization do we need?



0.25

0.20 |-

0.15

MAP

0.10 +

0.05 |-

0.00

Degree of Contextualization

0.216

CLEF (ISO)

0.174 0.178
0.155
0.136
0.088
| .046
ProcB 1SO SEMB AOC
(mmm Baseline == mBERT == XM|

Ko

0O 2 4 6 8 10 12 14 16

Layer

34



Degree of Contextualization
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Degree of Contextualization
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Results
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RQ-2: Weaky aligned contextual representations do not outperform CLWEs.

o Lower (upper) layers work better for ISO (AOC, SEMB).
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Contribution: Large-Scale Empirical Evaluation
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Contribution: Large-Scale Empirical Evaluation

~

., ............................................................................................. 'Y Litschko' R., Vul'é, I., POnZettO, S- P-,
. Transfer from related tasks § & Elives, € (2024, Bvalligitag

multilingual text encoders for

Reso urce- I €an Tra n Sfe r unsupervised cross-lingual retrieval.
- Few-shot CLIR o ] In Proceedings of ECIR’21.
j Limited Supervision :

e e Litschko, R., Vuli¢, I., Ponzetto, S. P.,
& Glava$, G. (2022). On cross-lingual
retrieval with multilingual text
encoders. Information Retrieval
Journal, 25.2 (2022).

J

RQ-3: How well do multilingual Sentence Encoders perform?

RQ-4: Can we improve their performance with few in-domain data?

39



Transfer from Related Tasks

0.216

0 L L L
prOC»B DISTILxia - w DISTILvse DISTILpuperT

LaBSE

LASER mUSE

B Baseline @@ Knowledge Distilation 3 Other]

Knowledge Distilation (DISTIL)

Contrastive Loss (LaBSE)

Machine Translation (LASER)
Multi-task Learning (mUSE)
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Transfer from Related Tasks

0.216

0 proc-B DISTIL‘x;,_“,n DIST‘IL(-SI.; DISTIL‘D,,,;;..;RT LaéSE LAS‘ER mLIlSE
beSt-perfOFming CLWE / BN Baseline @ Knowledge Distilation 3 Other]
method (Proc-B)
e Knowledge Distilation (DISTIL) e Machine Translation (LASER)
e Contrastive Loss (LaBSE) e Multi-task Learning (mUSE)
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Transfer from Related Tasks
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0.216
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best-performing CLWE / (mmm Baseline EEE Knowledge Distilation =3 Other
method (Proc-B)

MAP

0.15

0.10 -

0.05

® RQ-4: On average, multilingual sentence encoders outperform CLWEs.

o Mixed results w.r.t. best-performing CLWE-based approach.



Context Outside Maximum Sequence Length?

0.35
0.30 |
0.25
0.216
L 0201 6177 0.198 0.183
% 0.15+ 0 141
0.10+
0 068
0.05 -
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[- Baseline  EEE Knowledge Distilation 3 Other]
Proc-B Sentence Encoder
p— m Unfair comparison?
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Increase Maximum Sequence Length?
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Score Top-k Sentences
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Score Top-k Sentences
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Score Top-k Sentences
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Score Top-k Sentences

0.35 T T T T T T T
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Score Top-k Sentences
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proc-B

. . — Score entire document.

2 3 + «— Different number of top-k sentences.
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Score Top-k Sentences

0.35 T
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Proc-B does not benefit from sentence splitting.
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Score Top-k Sentences
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<~ Score first 128 subwords.
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Score Top-k Sentences
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Score Top-k Sentences

0.35 T T T T T T T
+3.44
0.30 | i
+7.51
0.25 ———
-0.86 +2.56 +3.72
0.20 |- e
% FEiy +9.94 ——
0.15 e
0.10 | g
0.05 | g
0.00
proc-B DISTILxiai-x  DISTILuse  DISTILpusert LaBSE LASER mUSE
|
B Baseline @@ Knowledge Distilation 3 Other]
0.22 _procB 030 DISTIL b 025 _mUSE__

0.31

0.30

0.29

0.28

0.27 - -
1



Results
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RQ-3: Similarity-specialized sentence encoders outperform CLWEs.

o Excessive / insufficient context degrade their effectiveness.

RQ-4: Few-shot CLIR improves DISTIL, ..

by +2.5MAP (see §5.5.5EF ).
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Contribution: Large-Scale Empirical Evaluation

. Unsupervised CLIR e Qf
S — No Supervision :
Transfer from related tasks

Resource-lean Transfer g Q7
- Few-shot CLIR :
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Contribution: Large-Scale Empirical Evaluation

— Unsupervised CLIR Qf
E No Supervision :
- Transfer from related tasks ;
Resource-lean Transfer —— : Qf
- Few-shot CLIR :
................................................ Limited SuperViSion
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Contribution: Large-Scale Empirical Evaluation
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Contribution: Large-Scale Empirical Evaluation

Resource-lean Transfer —
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Contribution: Large-Scale Empirical Evaluation
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Contribution: Large-Scale Empirical Evaluation

— Unsupervised CLIR | Qf
A No Supervision :
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Few-shot CLIR :
: Limited Supervision :
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Contribution: Large-Scale Empirical Evaluation

Resource-lean Transfer —

? Cross-Encoder
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[CLS] Query [SEP] Document [SEP]
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Contribution: Large-Scale Empirical Evaluation

— Unsupervised CLIR Qf
A No Supervision :
- Transfer from related tasks ;
Resource-lean Transfer —— : Qf
- Few-shot CLIR :
Limited Supervision
g 1 e Litschko, R., Vuli¢, I., & Glavas$, G.
T Zero-shot Transfer : (2022, October). Parameter-Efficient
_E. : . HP 3 Neural Reranking for Cross-Lingual
RQ-5: How well can CLIR be & Parameter-Efficient Transfer g and Multilingual Retrieval. I
modularized with PEFT? L Monolingual Supervision . & proceedings COLING'22.

MolR data (cheap) \' / self-supervised (cheap)

CLIR = L2R + MLM
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Contribution: Adapters for Cross-Lingual Reranking

T T
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[CLS] Query [SEP] Doc [SEP] % [ = "“§%" \
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Following Pfeiffer et. al. (2020).



Contribution: Adapters for Cross-Lingual Reranking

+RA +LASPIt +RA +LADoc +RA +LAQuerY

[CLS] Query [SEP] Doc [SEP] [CLS] Query [SEP] Doc [SEP] [CLS] Query [SEP] Doc [SEP]

Bl Ranking Adapter ®RB Query LA = Document LA 3 BERT-Layer

Following Pfeiffer et. al. (2020).
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Contribution: Sparse Fine-Tuning Masks for Cross-Lingual Reranking

c) Re-ranking

mBERT == T T __
I | | | | | | | I |

b) Sparse task i
fine-tuning |

. ji

a) Sparse language :|i
fine-tuning i

(I _Ii

[CLS] Query [SEP] Document [SEP]

Following Ansell et. al. (2021).
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Contribution: Sparse Fine-Tuning Masks for Cross-Lingual Reranking

+RM +LMPboth
| RV vy Y

:H: I

Ranking Mask (RM) — Query Language Mask (LM) — Document Language Mask (LM)

Following Ansell et. al. (2021). 66



Results: Parameter-Efficient CLIR

B Baseline ||
[ Adapter
3 SFTM

0.267

0.262

RQ-5: Adapters and SFTMs outperform baselines and improve upon MT PR.

o Performance crucially depends on reduction factor (see §8 [Z}).



Contribution: Large-Scale Empirical Evaluation

— Unsupervised CLIR Qf
E No Supervision :
- Transfer from related tasks ;
Resource-lean Transfer —— : Q7
- Few-shot CLIR :
................................................ Limited SuperViSion

—  Zero-shot Transfer
. e Parameter-Efficient Transfer

Monolingual Supervision
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Contribution: Large-Scale Empirical Evaluation

Resource-lean Transfer —

— Zero-shot Transfer o Litschko, R., Artemova, E., & Plank, B.
] 9 3 Boosting Zero-shot Cross-lingual
e Parameter-Efficient Transfer : Retrieval by Training on Artificiatly

§ J|  Code-Switched Data. In Findings of

® Monolingual Overfitting ACL'23.

Monolingual Supervision

Train Eval (MolR)

o = O
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Contribution: Large-Scale Empirical Evaluation

Resource-lean Transfer —

— Zero-shot Transfer o Litschko, R., Artemova, E., & Plank, B.
] 9 3 Boosting Zero-shot Cross-lingual
o Pa rameter- Eff' cient Tra n Sfe r 3 Retrieval by Training on Artificially

§ J|  Code-Switched Data. In Findings of

® Monolingual Overfitting ACL'23.

Monolingual Supervision

Train Eval (CLIR)

Q m O
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Contribution: Large-Scale Empirical Evaluation

— Unsupervised CLIR e Qf
......................................................................... No Supervision :
- Transfer from related tasks ;

Resource-lean Transfer —— Qf
- Few-shot CLIR :

— Zero-shot Transfer o Litschko, Rl, Artemoval E. & Plank, B!
] . . : Boosting Zero-shot Cross-lingual
. . L Parameter-Efficient Transfer Retrieval by Training on Artificially
RQ-6: Does Code Switching e  Monolingual Overfitting P Codeswitched Dato. In Findings of

mitigate Monolingual

Monolingual Supervision

Overfitting?

- = Eval (CLIR)
N

s
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Motivation: Monolingual Overfitting

Training

crocodiles

We use the mMARCO dataset (Bonifacio et al., 2021).

what i1s a death roll in

Keyword
Matching

)r®

Semantic
Matching

The death roll performs a number of functions
for the Saltwater Crocodile. When it grabs
very large prey the crocodile has to drag it
into the water and drown it so the crocodile
[...] to roll over and over again to drown
it's prey.
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Motivation: Monolingual Overfitting

o

c

£ what 1s a death roll in
© .

= crocodiles

x

B

= Q Symptome von Fieber
.g (symptoms of fever)

)

=

We use the mMARCO dataset (Bonifacio et al., 2021).

The death roll performs a number of functions
for the Saltwater Crocodile. When it grabs
very large prey the crocodile has to drag it
into the water and drown it so the crocodile
[...] to roll over and over again to drown
it's prey.

Die Liste der Anzeichen und Symptome, die in

verschiedenen Quellen fiir Fieber erwahnt werden,

umfasst die 8 unten aufgefithrten Symptome:
Schwitzen. Temperatur. Strenge. Brechreiz.
Erbrechen. Durchfall. Lethargie.
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Motivation: Monolingual Overfitting

The death roll performs a number of functions

for the Saltwater Crocodile. When it grabs
what is a death roll in very large prey the crocodile has to drag it
into the water and drown it so the crocodile
[...] to roll over and over again to drown
it's prey.

Training

crocodiles ——

Die Liste der Anzeichen und Symptome, die in
Symptome von Fieber % verschiedenen Quellen flir Fieber erwahnt werden,

umfasst die 8 unten aufgefithrten Symptome:

Schwitzen. Temperatur. Strenge. Brechreiz.
Erbrechen. Durchfall. Lethargie.

(symptoms of fever)

Monolingual IR

Die Liste der Anzeichen und Symptome, die in
hi 11 fiur Fi &
CHMIITOME JIMXOPAIKA versc 1ed§nen Quellen fiur ”1eber erwahnt werden,
umfasst die 8 unten aufgefiihrten Symptome:
Schwitzen. Temperatur. Strenge. Brechreiz.
Erbrechen. Durchfall. Lethargie.

(symptoms of fever)

Cross-lingual IR

We use the mMARCO dataset (Bonifacio et al., 2021).



Method: Artificial Code-Switching

Zero-Shot Transfer

Query: what is a death roll in

g crocodiles

Passage: the death roll performs
a number of functions for the
Saltwater...

Zero-shot rerankers are biased towards lexical matching.
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Method: Artificial Code-Switching

Zero-Shot Transfer Translate Train (Fine-tuning)

Query: what is a death roll in

. (? Query: UTO TaKoe CIOMCOK KPOKOOMIIOB
g crocodiles

Passage: Die Todesrolle erfullt fur das
Passage: the death roll performs . .
. Salzwasserkrokodil eine Reihe von
a number of functions for the i
Funktionen. ..
Saltwater...

Machine Translation is expensive and prone to error propagation.
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Method: Artificial Code-Switching

Zero-Shot Transfer

Query: what is a death roll in

g crocodiles

Passage: the death roll performs
a number of functions for the
Saltwater...

Bilingual Code-Switching (CS)*

Cross-lingual Word Embedding Space (Lample et al., 2018)

i Query: uTo is a death roll in KPOKOIMJIEL

<if7 Passage: The death roll BumojHseT a
upcyno of dyuxumm for B Saltwater...

*Code-Switching similar to Tan and Joty (2021).

Translate Train (Fine-tuning)

23

Query: UTO TakKOe CIMCOK KPOKOIUJIOB

Passage: Die Todesrolle erfillt fiur das
Salzwasserkrokodil eine Reihe von
Funktionen. ..
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Method: Artificial Code-Switching

Zero-Shot Transfer

Query: what is a death roll in

g crocodiles

Passage: the death roll performs
a number of functions for the
Saltwater...

Bilingual Code-Switching (CS)*

Cross-lingual Word Embedding Space (Lample et al., 2018)

i Query: uTo is a death roll in KPOKOIMJIEL

<if7 Passage: The death roll BumojHseT a
upcyno of dyuxumm for B Saltwater...

*Code-Switching similar to Tan and Joty (2021).

Translate Train

% Query:

(Fine-tuning)

UTO TaKoe CIMCOK KPOKOIOMIIOB

Passage: Die Todesrolle erfillt fiur das
Salzwasserkrokodil eine Reihe von
Funktionen. ..

Multilingual Code-Switching (CS)*

i
=5

N
B

Query: cosa is a wgo rollen in
KPOKO OJIEL

Passage: Der death rotolo performs
a umcio of plgall for B Saltwater...
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Code-Switching is Effective

29.5

26.8

Monolingual IR

Cross-lingual IR

Fine-tuning

— Zero-Shot]

24.1

Multilingual IR
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Code-Switching is Effective

29.5

Monolingual IR

Cross-lingual IR

Multilingual IR

3 Fine-tuning

[ Zero-Shot

=3 Multilingual CS

= Bilingual CS ]
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Code-Switching is Robust

Monolingual IR

Translation Probability

30

28

MRR@10
N
e

N
N

Cross-Lingual IR

Acur =10.1

0.00 0.25 0.50 0.75

Translation Probability

- - Zero-Shot

Fine-tuning ]

81



MRR@10

Code-Switching is Robust

Monolingual IR Cross-Lingual IR

30 oo : 30l |
28 AMOIR =47 ) 2B ]
26 | R
o
24 1 ©2Ar |
%ﬂ ACLIR =10.1

16 L 1 I 16 ! 1 1
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Translation Probability Translation Probability
- - Zero-Shot -~ Fine-tuning — Bilingual CS — Multilingual CS]
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...and mitigates Monolingual Overfitting

Multilingual IR
42.2

40 -

30
o
— 24
® i
o
<20}

10.2
10 | H
0 . o
No Overlap (n; =0) Some Overlap (1 = n, = 3) Significant Overlap (n, > 3)

[ Zero-Shot
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...and mitigates Monolingual Overfitting

Multilingual IR
42.242.5

40 +

30 + 28.1
o
— 24
®
o
€20}

15.4
10.
10+
No Overlap (n; =0) Some Overlap (1 = n; = 3) Significant Overlap (n; > 3)

[- Zero-Shot 3 MuItiIinguaICS]




Take-away

Multilingual Code-Switching (CS)*

Muiltilingual Word Embedding Space (Lample et al., 2018)

i = Query: cosa is a <go rollen in
—_—
10

Passage: Der death rotolo performs
if a umcio of plgall for B Saltwater...

RQ-6: Monolingual overfitting negatively impacts zero-shot transfer for CLIR...

...and can be regularized by code switching the training data.
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Contribution: Large-Scale Empirical Evaluation

— Unsupervised CLIR Qf
E No Supervision :
- Transfer from related tasks ;

Resource-lean Transfer —— : Qf
Few-shot CLIR Limited Supervision :
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Summary of Findings
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Summary of Findings

A. CLWEs are resource-lean and effective.
B. Contextualized representations do not outperform CLWEs.*
C. Too much / too little context harms CLIR performance.

*Specializing mPLMs for sentence-similarity helps.
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B. Contextualized representations do not outperform CLWEs.*
C. Too much /too little context harms CLIR performance.

D. Monolingual overfitting harms zero-shot CLIR and can be regularized with code switching.

E. Decomposing CLIR into L2R and language acquisition is resource-lean and effective. :
Monolingual Supervision :

*Specializing mPLMs for sentence-similarity helps.
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