
Multimodal Pretraining Impact on Zero-Shot

Cross-Lingual Transfer in XTREME-R

Assignee Research

July 12, 2026

Abstract

In zero-shot cross-lingual transfer, a supervised NLP task trained
on a corpus in one language is directly applicable to another language
without any additional training. A source of cross-lingual transfer can
be as straightforward as lexical overlap between languages (e.g., use of
the same scripts, shared subwords) that naturally forces text embed-
dings to occupy a similar representation space. Recently introduced
cross-lingual language model (XLM) pretraining brings out neural pa-
rameter sharing in Transformer-style networks as the most important
factor for the transfer. In this paper, we aim

1 Introduction

This paper examines: Analyzing Zero-shot Cross-lingual Transfer in Super-
vised NLP Tasks. Research question: How does the combination of text
and image intermediate tasks in multimodal pretraining a�ect the zero-shot
cross-lingual transfer performance on XTREME-R compared to text-only
pretraining?.

2 Methodology

Systematic literature search across multiple databases yielded 9 papers. Claims
were extracted from source material and veri�ed against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score
of 9.0/10.

3 Results

9 papers retrieved. 12 claims extracted; 12 independently veri�ed. Quality
review score: 9.0/10.
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4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

XLM by Conneau & Lample [2] has reported the
state-of-the-art on downstream benchmarks.

✓ 0.19

Recent studies show that parameter sharing in-
duced by the Transformer architecture is the
most attributable factor for c

✓ 0.22

XLM-RoBERTa (XLM-R) [1] is a large XLM
whose output constitutes token embeddings (up
to 512 token vectors of 768 dimensi

✓ 0.21

To produce �xed-size sentence embeddings nec-
essary for a task like semantic textual similarity
(STS), we average the to

✓ 0.32

We adopt a siamese network architecture by
Sentence-BERT [7] that avoids the combinato-
rial explosion to form sentence pa

✓ 0.26

We learn cross-lingual sentence mappings di-
rectly from sentence-pair examples.

✓ 0.24

We use linear algebraic methods to compute
a projection matrix that achieves �ne-grained
alignment of sentence embeddin

✓ 0.29

We use a single-layer neural net that can itera-
tively learn the same projection by gradient de-
scent.

✓ 0.27

The STSb sentence pairs are labeled with a sim-
ilarity score ranging from 0 to 5.

✓ 0.21

We provide rigorous results on cross-lingual
transfer present in three important supervised
NLP tasks that require high-

✓ 0.28

We propose to directly compute a cross-lingual
mapping that aligns sentence embeddings of dif-
ferent languages whereas pr

✓ 0.33

We show bene�ts of the �ne-grained cross-
lingual sentence alignment that enables directly
comparing sentences from dif

✓ 0.23
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