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Abstract

Multilingual semantic search is the task of re-
trieving relevant contents to a query expressed
in different language combinations. It is less
explored and more challenging than its mono-
lingual or bilingual counterparts, due to the
need to circumvent “language bias”. Overcom-
ing language bias requires a stronger alignment
approach to pull the contents to be retrieved
close to the representation of their correspond-
ing queries no matter their language combina-
tions. Traditionally, this is achieved through
more supervision in the form of multilingual
parallel resources which is expensive to obtain.
In this work, we propose a novel alignment
approach: MAML-Align,' specifically for low-
resource multilingual semantic search. Our ap-
proach leverages meta-distillation learning on
top of MAML, an optimization-based Model-
Agnostic Meta-Learner. MAML-Align dis-
tills knowledge from a Teacher meta-transfer
model T-MAML, specialized in transferring
from monolingual to bilingual semantic search,
to a Student model S-MAML, which trans-
fers from bilingual to multilingual semantic
search. To the best of our knowledge, we are
the first to extend meta-distillation to a multi-
lingual search application. Our low-resource
evaluation shows that on top of a strong base-
line based on sentence transformers, our meta-
distillation approach significantly outperforms
naive fine-tuning and vanilla MAML.

1 Introduction

The web offers a wealth of information in multi-
ple languages presenting a challenge for reliable,
efficient, and accurate information retrieval. Users
across the globe may express the need to retrieve
relevant content in a language different from the
language of the query or in multiple languages
simultaneously. These observations bolster the
strong demand for multilingual semantic search.

'We will release our code in the camera-ready version.
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Figure 1: A high-level diagram of our meta-distillation
MAML-Align framework for multilingual semantic
search and some of its application scenarios. This differs
from standard cross-lingual transfer setups where the
focus is on transferring between individual languages.
Given the nature of the downstream task where multi-
ple language combinations could be used in the query
and content to be retrieved, we study the transfer here
between different variants of the task. As illustrated
above, we focus on the three most to least resourced
variants where the queries and contents are either from
the same language (monolingual), two different lan-
guages (bilingual), or multiple languages (multilingual).
We leverage knowledge distillation to align between
the teacher T-MAML (Finn et al., 2017), specialized
in transferring from monolingual to bilingual, and the
student S-MAML specialized in transferring from bilin-
gual to multilingual semantic search. We show the merit
of gradually transferring between those variants through
few-shot and zero-shot applications involving different
language arrangements in the training and evaluation.

Compared to bilingual semantic search, often por-
trayed as cross-lingual information retrieval (Savoy
and Braschler, 2019; Grefenstette, 1998), multi-
lingual semantic search, which involves retrieving
answers in multiple languages is under-explored
and more challenging. One of the main challenges
of multilingual semantic search is the need to cir-
cumvent “language bias”. Language bias is the
tendency of a model to prefer one language over
another making it prone to retrieve answers from
the preferred language more regardless of how rel-
evant they truly are. For example, a weakly aligned
model which clusters relevant content and queries
more by language while poorly encapsulating their
meaning could pick answers that match the lan-



guage of the query even if they are incorrect. Cir-
cumventing language bias requires stronger align-
ment to factor out language so that the most seman-
tically relevant pairs across languages stand out as
closest in the embedding space (Roy et al., 2020).

The majority of approaches used to improve
the alignment between languages require paral-
lel resources across languages (Cao et al., 2020;
Zhao et al., 2021) which are expensive to obtain
especially for multilingual tasks and biased to-
wards high-resource language pairs/combinations.
Pre-trained unsupervised multilingual encoders
such as M-BERT (Devlin et al., 2019) and XLM-
R (Conneau et al., 2020) have been employed
as off-the-shelf zero-shot tools for cross-lingual
and multilingual downstream applications. How-
ever, these models still fail to significantly out-
perform traditional static cross-lingual embed-
dings (Glavas et al., 2019) on multilingual semantic
search (Litschko et al., 2021). Simply fine-tuning
M-BERT and XLM-R on English data is not suffi-
cient to produce an embedding space that exhibits
strong alignment (Roy et al., 2020). In fact, fine-
tuning such models to largely available monolin-
gual data makes them prone to "monolingual over-
fitting" as they are shown to transfer reasonably
well to other monolingual semantic search settings
but not necessarily to bilingual and multilingual
settings (Litschko et al., 2022).

Knowledge distillation and contrastive-
distillation learning approaches are used to
produce better-aligned multilingual sentence
representations with reduced need for parallel
corpora (Reimers and Gurevych, 2020; Tan
et al., 2023). However, they still rely on some
supervision in the form of monolingual corpora
and back-translation. Cross-lingual meta-transfer
learning (Nooralahzadeh et al., 2020; M’ hamdi
et al.,, 2021) leveraging MAML (Finn et al,
2017) has been shown to reduce overfitting to
high-resource monolingual setups and improve
the generalization to new languages with little to
no training. However, meta-learning can also be
prone to overfitting when multiple source domains
or task variants are trained on as part of one
single model which undermines its transferring
capabilities (Zhong et al., 2022).

To obtain a stronger alignment while prevent-
ing monolingual overfitting and with decreased
reliance on parallel resources, we propose a low-
resource adaptation of meta-distillation learning to
multilingual semantic search. We pursue a meta-

learning direction based on MAML to allow us to
effectively leverage high-resourced monolingual
and bilingual variants of semantic search to ef-
fectively transfer to multilingual semantic search.
To improve the meta-transferring capabilities of
MAML, we explore the combination of meta-
learning and knowledge distillation (Zhou et al.,
2022; Liu et al., 2022; Zhang et al., 2020) and
propose a new algorithm for gradually adapting
them to the task of multilingual semantic search
MAML-Align (Figure 1). We perform MAML-
Align in two stages 1) from monolingual to bilin-
gual and 2) from bilingual to multilingual to create
a more gradual feedback loop, which makes it eas-
ier to generalize to the multilingual case. We con-
duct experiments on two different semantic search
benchmarks: LAReQA (Roy et al., 2020), a span-
based question-answering task reformulated as a
retrieval task, and STSBwmuu (Cer et al., 2017), a se-
mantic similarity task. Our experiments show that
our multilingual meta-distillation approach beats
vanilla MAML and achieves statistically signifi-
cant gains of 0.6% and 10.6% on LAReQA and
1.2% and 2.5% on STSBwmuu over an off-the-shelf
zero-shot baseline based on sentence transform-
ers (Reimers and Gurevych, 2019) and naive fine-
tuning, respectively. We also show consistent gains
for both benchmarks on different languages even
those kept for zero-shot evaluation. Our approach
is model-agnostic and is extensible to other chal-
lenging multilingual and cross-lingual downstream
tasks requiring strong alignment.

Our main contributions are: (1) We are the first
to propose a meta-learning approach for multilin-
gual semantic search (§3) and to curate meta-tasks
for that effect (§4.2). (2) We are the first to propose
a meta-distillation approach to transfer semantic
search ability between monolingual, bilingual, and
multilingual data (§3.3). (3) We systematically
compare between several few-shot transfer learn-
ing methods and show the gains of our multilingual
meta-distillation approach (§5.1). (4) We also con-
duct ablation studies involving different language
arrangements and sampling approaches (§5.2).

2 Multilingual Semantic Search

In this section, we define sentence-level semantic
search and its different categories (§2.1), language
variants (§2.2), and supervision degrees (§2.3).
2.1 Task Formulation

Our base task is sentence-level semantic search.
Given a sentence query ¢ from a pool of queries 2,



the goal is to find relevant content r from a pool of
candidate contents Z. The queries are sentences
and retrieved contents are either sentences or small
passages of a few sentences.

In terms of the format of the queries and con-
tents, there are two main categories of semantic
search: (1) Symmetric Semantic Search. Each
query ¢ and its corresponding relevant content r
have similar length and format. (2) Asymmetric
Semantic Search. ¢ and r are not of the same for-
mat. For example, g and r can be a question and a
passage answering that, respectively.

2.2 Task Language Variants

In the context of languages, we distinguish between
three variants of semantic search at evaluation time
(also shown in Figure 1): (1) Monolingual Seman-
tic Search (mono). The pools of queries and can-
didate contents 2 and % are from the same known
and fixed language £9 = €5 € £. (2) Bilingual
Semantic Search (bi). The pools of queries and
candidate contents are sampled from two different
languages {£9,€5} € £2, such that £o # £y.
(3) Multilingual Semantic Search (multi). This
is the problem of retrieving relevant contents from
a pool of candidates from a subset of multiple lan-
guages £ C £ to a query expressed in a subset
of multiple languages Z9 C .Z. Unlike other
variants (monolingual and bilingual), multilingual
semantic search doesn’t restrict which languages
can be used in the queries or the candidate contents.

2.3 Supervision Degrees

In the absence of enough training data for the task,
we distinguish between three degrees of supervi-
sion of semantic search:

* Zero-Shot Learning. This resembles ad-hoc se-
mantic search in that it doesn’t involve any fine-
tuning specific to the task of semantic search.
Rather, off-the-shelf pre-trained language mod-
els are used directly to find relevant content to
a specific query. This still uses some supervi-
sion in the form of parallel sentences used to
pre-train those off-the-shelf models. In the con-
text of multilingual semantic search, we include
in the zero-shot learning case any evaluation on
languages not seen during fine-tuning.

* Few-Shot Learning. Few-shot learning is used
in the form of a small fine-tuning dataset. In
the context of multilingual semantic search, few-
shot learning on a particular language implies
that that language is seen during fine-tuning or

meta-learning either to represent the query or the
contents to be retrieved.

3 Multilingual Meta-Distillation Learning

In this section, we start by giving some background
on meta-learning (§3.1) and the original MAML
algorithm (§3.2), then we present our optimization-
based meta-distillation learning algorithm MAML-
Align (§3.3) and how it differs from MAML.

3.1 Meta-Learning Background
Meta-learning is a techniques used for fast adap-
tation to new domains, tasks, and languages. This
is done by repeatedly simulating the learning pro-
cess on the target tasks using many high-resource
ones (Gu et al., 2018). The main distinction be-
tween meta-learning and conventional machine
learning is that while the latter focuses on one data
instance at a time, the former optimizes over a
distribution of many sub-tasks, referred to as *meta-
tasks’, sampled to simulate a low-resource scenario.
Each meta-task is defined as a tuple T; = (S;, Q;),
where S; and (); denote support and query sets,
respectively. Each S; and (); are labeled samples
from the downstream task data. In bi-level opti-
mization approaches (which we focus on in this
paper), the meta-learner trains on the support set
in the inner loop to produce a learner that will
make predictions on the query set, and then use
that to update the meta-parameters in the outer loop.
Therefore, the inner loop is specialized in learning
task-specific optimizations over the support sets;
the outer loop, on the other hand, learns the gen-
eralization over the query sets in a leader-follower
manner (Hospedales et al., 2020).

3.2 Original MAML Algorithm

Our first variant is a direct adaptation of MAML
to multilingual semantic search. We use the proce-
dure outlined in Algorithm 1. We start by sampling
a batch of meta-tasks from a meta-dataset distri-
bution Dx- x., which simulates the transfer from
X to X/. X and X7 are different task language
variants of semantic search (§2.2) from which the
support and query sets are sampled, respectively.
We start by initializing our meta-learner parame-
ters 6 with the pre-trained base model parameters
0p. For each batch of meta tasks, we perform an
inner loop (Algorithm 2): we go over each meta-
task T; = (5, Q;) in T where we update 6 using
SJX . After n steps of this update, we pre-compute
the loss of 6; on Qf’ and save it for later. At
the end of all meta-tasks in the batch, we perform



Algorithm 1 MAML.: Transfer Learning from X to
X1 (X— X1

Algorithm 3 MAML-Align: Knowledge distilla-
tion to align two different MAMLs (X—Y—Z)

Require: Meta-task set distribution Dx - x/ simulating trans-
fer from X to X/ task language variants, pre-trained
downstream base model B with parameters 6, and meta-
learner M with parameters (0, «, 3, n).

. Initialize 6 < 0p

: while not done do

3: Sample a batch of meta-tasks 7 = {71, ..

Dx- x1 «
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Algorithm 2 INNER_LOOP

1: function INNER_LOOP(T, 0, a, n)

2 for each T; = (S;*, Q') in T do

3 Initialize 6; < 6

4: fort=1...ndo .

5: Evaluate By, /00; = Vo, E% (Bs;)
6 Update ; = 0; — a@ng /693

7 end for «

8 Evaluate query loss L% (Bo,) and save it for

outer loop
9: end for
oX b s

10: LT <X ﬁTj (Bo;)

X
Q5
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X X
12: return 3. L5, 3 Eg
13: end function

(B9j)

one outer loop by summing over all pre-computed
gradients and updating 6. Following X-METR-
ADA (M’hamdi et al., 2021), we perform this al-
gorithm in two stages: meta-train and meta-valid
where meta-valid is a replication of meta-train with
the main difference being the task language variant
arrangements used to sample the meta-tasks.

3.3 MAML-Align Algorithm

The idea behind this extension is to use knowl-
edge distillation to distill -MAML to S-MAML
where T-MAML and S-MAML are replicates of
MAML and T-MAML is more high-resource than
S-MAML. Inspired by M’hamdi et al. (2021) work
which shows that multiple phases of bi-level op-
timization encourages faster adaptation to low-
resource languages, we also adopt a gradual ap-
proach to meta-transfer across different task lan-
guage variants with the help with knowledge distil-
lation. Given meta-tasks from Dx-y and Dy-z, the
goal is to use that shared task language variant of
transfer Y to align different modes of transfer of se-
mantic search. We start by executing the two inner
loops of the two MAMLs (with more inner steps for
T-MAML than S-MAML), where the support sets

Require: Meta-task set distributions Dx-y and Dy-z shar-
ing the same Y, pre-trained downstream base model B
with parameters 65, and meta-learners Mx -y with pa-
rameters (6, a, 3, n) and My - z with parameters (6/,
3, nl), where n/ < n.

1: Initialize 6 < 0

2: Initialize 0/ < O0p

3: while not done do

4: Sample batch of tasks 7 ~ Dx-y

5: Sample batch of tasks 7/ ~ Dy-z

Y
6: L5, L% =INNER_LOOP(Tx-v, 0, a, n)
7. L5, L2 = INNER_LOOP (Ty_7. 0/, o, n)
Y z

8: £task = (Z ‘Cg + ‘6212/2

9: l:kd:(zaqq —Z[ﬁg'/)z
10: Update 8 <— 0 — SV (Liask + ALxka)
11: end while

are sampled from X and Y, respectively. Then, we
compute, in the optimization process of the outer
loop, the weighted combination of L., the aver-
age over the task-specific losses on the query sets
sampled from Y and Z, and L}, the mean-squared
error on Y. Figure 2 illustrates a conceptual com-
parison between MAML and MAML-Align.

4 Experimental Setup

In this section, we describe the downstream
datasets and models used (§4.1), their formulation
as meta-tasks (§4.2), and the different baselines
and model variants used in the evaluation (§4.3).

4.1 Downstream Benchmarks

We evaluate our proposed approaches over the fol-
lowing multilingual and bilingual sentence-level
semantic search datasets for which we describe the
downstream models used:?
¢ Asymmetric Semantic Search. @ We use
LAReQA (Roy et al., 2020), focusing on
XQuAD-R, which is a retrieval-based task re-
formulated from the span-based question answer-
ing XQuAD (Artetxe et al., 2020). This dataset
covers 11 languages. In this work, we only use
seven languages. Arabic, German, Greek, and
Hindi are used for few-shot learning. Russian,
Thai, and Turkish are kept for zero-shot evalu-
ation. There are less than 1200 questions and
1300 candidates for each language.> We design a
Transformer-based triplet-encoder model (modi-
fied from the original dual encoder in Roy et al.
*More details on the base model architectures can be found
in Appendix B. More experimental details on the datasets
statistics and hyperparameters used in Appendix C.

*We download the data from https://github.com/
google-research-datasets/lareqa.
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Figure 2: A conceptual comparison between MAML-Align and the original meta-learning baseline MAML. A
single iteration of MAML involves one inner loop optimizing over a batch of support sets from a source language
variant of the task followed up by an outer loop optimizing over the batch query sets curated from the target task
variant. In MAML-Align, on the other hand, we curate two support sets and one query set, where the second support
set is used as both a query and support set in T-MAML and S-MAML, respectively. We perform two inner loops.
Then, in the outer loop, we optimize jointly over the distillation and task-specific losses of the query sets.

(2020)) with three towers encoding 1) the ques-
tion, 2) its answer and its context, and 3) the
negative candidates and their contexts. Then, we
use triplet loss (Schroff et al., 2015) to minimize
the distance between towers 1 and 2 on one hand
and maximize the distance between towers 1 and
3 on the other hand.

¢ Symmetric Semantic Search. As there is no
multilingual parallel benchmark for symmetric
search, we focus, in our few-shot learning ex-
periments, on a small-scale bilingual benchmark.
We use STSBwmuii from SemEval-2017 Task 1 (Cer
etal., 2017).* This is a semantic similarity bench-
mark, which consists of a collection of sentence
pairs drawn mostly from news headlines. It
covers English-English, Arabic-Arabic, Spanish-
Spanish, Arabic-English, Spanish-English, and
Turkish-English. There are only 250 sentence
pairs for each language pair. Each sentence pair
is scored between 1 and 5 to denote the extent
of their similarity. We use a Transformer-based
dual-encoder, which encodes sentences 1 and 2
in each sentence pair using a shared encoder. We
then compute the cosine similarity score between
the encodings of sentences 1 and 2.

4.2 Meta-Datasets

Following our formulation of downstream semantic
search benchmarks, we independently construct the
support set S in each meta-task by sampling a batch
of k question/answer/negative candidates triplets
and sentence pairs in LAReQA and STSBwuu, re-
spectively. Then, we construct q triplets or sentence

‘Downloaded from https://alt.qcri.org/
semeval2017/task1/index.php?id=data-and-tools.

pairs in the query set ) by picking for each triplet
or sentence pair in S either a similar or random
triplet or sentence pair.’

4.3 Baselines & Model Variants

Since we are the first, to the best of our knowledge,
to explore meta-learning for bilingual or multilin-
gual information retrieval or semantic search, we
only compare with respect to our internal variants
and design some external non-meta-learning base-
lines. We are also the first to explore fine-tuning
and meta-learning on extremely small-scale data
using cross-validation splits on both benchmarks.
This makes it hard to compare with existing ap-
proaches, therefore we rely more on our own inter-
nal baselines.

Baselines. We design the following baselines:

* Zero-Shot: This is our initial zero-shot approach
based on an off-the-shelf pre-trained language
model. Based on our preliminary performance
evaluation of different existing and state-of-the-
art off-the-shelf language models in Table 5, we
use the best model on our 5-fold cross-validation
test splits, which is sentence-BERT (S-BERT) as
our zero-shot model.®

e Fine-tune: On top of our off-the-shelf zero-shot
baseline S-BERT, we fine-tune jointly and di-
rectly on the support and query sets of each meta-
task in both meta-train and meta-valid. This few-
shot baseline makes for a fair comparison with
the meta-learning approaches.

SDetails of transfer modes and their support and query set
language arrangements are in Appendix C.2.

®paraphrase-multilingual-mpnet-base-v2 in https://
huggingface.co/sentence-transformers.
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Internal Variants. We design the following
meta-learning variants:

* MAML: On top of S-BERT, we apply MAML
(Algorithm 1). At each episode, we conduct a
meta-train followed by a meta-valid stage.

* MAML-Align: On top of S-BERT, we apply
MAML-Align (following Algorithm 3).

External Evaluation. To assess the impact of
using machine translation models with or without
meta-learning and the impact of machine trans-
lation from higher-resourced data, we explore
Translate-Train (T-Train), where we translate En-
glish data in SQUADex’ and STSBe® to the evalu-
ation languages. We then either use translated data
in all languages or in each language separately as a
data augmentation technique.

S Results & Analysis

This section presents the results obtained using dif-
ferent meta-learning model variants compared to
the baselines. Given the extremely small-scaled
dataset we are working with (Tables 2 and 3),
all experiments are evaluated using 5-fold cross-
validation and the mean is reported. Following
XTREME-R (Ruder et al., 2021) and SemEval-
2017 (Cer et al., 2017), scores are reported using
mean average precision at 20 (mAP@20) and Pear-
son correlation coefficient percentage (Pearson’s r
x 100) for LAReQA and STSBuwuu, respectively.’

5.1 Multilingual Performance Evaluation

Table 1 summarizes the multilingual performances
across different baselines and model variants for
both semantic search benchmarks. On average, we
notice that MAML-Align achieves better results
than MAML or S-BERT zero-shot base model and
significantly better than Fine-tune. It is worth not-
ing that we report the results for MAML using
trans mode, which is trained over a combination
of mono—bi and bi—multi in the meta-training
and meta-validation stages, respectively. This sug-
gests that MAML-Align helps more in bridging
the gap between those transfer modes. We per-
form a paired two-sample for means t-Test and

"We use the translate.pseudo-test provided for

XQuAD dataset by XTREME (Hu et al, 2020)
https://console.cloud.google.com/storage/
browser/xtreme_translations.

8We use the translated dataset from the origi-

nal English STSB https://github.com/PhilipMay/
stsb-multi-mt/.

® More fine-grained results for all languages and for both
benchmarks can be found in Tables 7 and 8 in Appendix D.

Model | LAReQA  STSBwui
Zero-Shot | 57.0 81.4
Few-Shot Learning
Fine-tune 47.0 79.9
MAML(*) 57.2 81.3
MAML-Align(*) 57.6 824
Machine-Translation
T-Train+Fine-tune | 46.1 73.7
T-Train+MAML(*) | 57.0 80.9

Table 1: This is a comparison of different zero-shot
baselines, few-shot learning, and machine translation-
enhanced models. Other zero-shot external models (Ta-
ble 5) show sub-optimal results so we don’t include
them. For LAReQA and STSBwuii, we report mAP@20
and Pearson’s r x 100, respectively. All results are aver-
aged over 5-fold cross-validation and multiple language
choices. Models in (*) are our main contribution. We
report the average over many model variants translating
from English to one target language at a time for T-Train
model variants. Best and second-best results for each
benchmark are in bold and underlined, respectively.

find that the gains using MAML-Align are statis-
tically significant with p-values of 0.00213 and
0.00248 compared to S-BERT and MAML respec-
tively on LAReQA, rejecting the null hypothesis
with 95% confidence.'” We also observe that fine-
tuning baselines are consistently weak compared to
different meta-learning model variants, especially
for LAReQA. We conjecture that fine-tuning is
overfitting to the small amounts of training data,
unlike meta-learning approaches which are more
robust against that. However, for STSBwmusi, the
gap between fine-tuning and meta-learning while
still existing and in favor of meta-learning is a bit
reduced. We hypothesize that even meta-learning
models are suffering from meta-overfitting to some
degree in this case.

We notice that T-Train+tMAML on top of
machine-translated data doesn’t necessarily boost
the performance on LAReQA or STSBwmuii on aver-
age. This suggest that not all languages used in the
machine-translated data provide an equal boost to
the performance due to noisy translations for cer-
tain languages. While introducing higher quality
machine translations could be beneficial in gen-
eral, there is a compromise to be made in terms of
translation API calls overheads and human labor to
evaluate the quality of the translations. The purpose

!%We obtain p-values results 0.0134 and 7.04e — 10 when
comparing MAML-Align to S-BERT and MAML using paired
t-test on top of bootstrap sampling on the results of each query
before taking the mean. The gains using MAML-Align are
uniformly consistent for different cross-validation splits.
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Figure 3: mAP@20 and Pearson’s r x 100 5-fold cross-validated multilingual performance evaluation evaluated on
LAReQA and STSBwuii in the first and second subplots, respectively. There are consistent gains in favor of MAML
and MAML-Align compared to their fine-tuning and Zero-Shot counterparts for all languages and language-pairs.
Languages in (*) are used for zero-shot evaluation, whereas other languages are included either during Meta-train
and Meta-valid stages or fine-tuned on. Best results for each language or language pair are highlighted in Bold.

of this work is to evaluate in few-shot learning sce-
narios rather than using data augmentation for that
effect. We conjecture that based on our observation
in this few-shot learning setup, meta-learning on
top of higher-quality machine-translated data could
boost the performance even more.

Figure 3 highlights a fine-grained comparison be-
tween different model categories on all languages
and language pairs for each benchmark. We notice
that the gain in favor of meta-learning approaches is
consistent across different languages and language
pairs. This confirms our findings that while MAML
improves a bit over Zero-Shot reducing the impact
of overfitting that vanilla Fine-tune suffers from,
MAML-Align boosts the gains of meta-learning on
all languages and language pairs except for Arabic-
English and Spanish-English. The gain applies to
zero-shot languages such as Russian and Turkish.

5.2 Ablation Studies
Due to the lack of parallelism in STSBmui mak-

ing a multilingual evaluation on it not possible,
we focus hereafter on LAReQA in the remaining
analysis and ablation studies. Figure 4 shows the
results across different modes of transfer for Fine-
tune and MAML. Among all transfer modes, trans,
mono—bi, and mono—mono have the best gains,
whereas bi—multi and mixt are the weakest forms
of transfer. Trans, which uses mono—bi during
meta-train and bi—multi during meta-valid, is the
best transfer mode for MAML while being one of

the weakest for Fine-tune. This not only shows that
curating different transfer modes for different meta-
learning processes is beneficial but it also suggests
that meta-learning is more effective at multi-stage
adaptation than fine-tuning on them jointly. Mixt is
weaker than trans and this implies that jointly op-
timizing different forms of transfers of meta-tasks
in one stage makes it harder for MAML to learn to
generalize. MAML-Align is shown to be better for
combining different optimization objectives.

H mono — mono M mono —> bi mono —> multi

bi— multi W mixt M trans
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Figure 4: mAP@20 multilingual performance aver-
aged over 5-fold cross-validation splits on LAReQA
comparing between different meta-transfer modes for
Fine-tune and MAML models. The gap is large between
Fine-tune and MAML across all meta-transfer modes
and is even larger in favor of MAML when trans mode
(uses mono—bi and bi—multi in the meta-training and
meta-validation, respectively) is used.

Figure 5 shows a multilingual performance com-
parison between different sampling modes in meta-
tasks constructions. In each meta-task, we either
sample the query set that is the most similar to its



corresponding support set (Similar) or randomly
(Random). We hypothesize that the sampling ap-
proach plays a role in stabilizing the convergence
and generalization of meta-learning. While we
were expecting that sampling for each support set
a query set that is the most similar to it would help
meta-learning converge faster and thus generalize
better, it generalized worse on the multilingual per-
formance in this case. On the other hand, random
sampling generalizes better to out-of-sample test
distributions leading to lower biases between lan-
guages in the multilingual evaluation mode.
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Figure 5: mAP@20 multilingual 5-fold cross-validated
performance on LAReQA between different query set
sampling modes in meta-tasks for MAML and MAML-
Align. We notice that random query sampling has better
generalization for both models.

Figure 6 shows the results for different sampling
modes of negative examples in the triplet loss. For
each support and query set in each meta-task, we
either sample random, hard, or semi-hard triplets to
test the added value of triplet sampling in few-shot
learning. We follow the same approach outlined
in Schroff et al. (2015) to sample hard and semi-
hard triplets.!! While we expect training with more
hard triplets to help converge the triplet loss in
MAML, the multilingual performance using this
type of sampling falls short of random sampling.
This is due to the fact that more sophisticated ways
of triplet loss sampling usually require a more care-
ful hyper-parameter tuning to pick the right amount
of triplets. For few-shot learning applications, this
usually results in a significant reduction in the num-
ber of training examples, which could further hurt
the generalization performance. In future work, we
plan to investigate hybrid sampling approaches to
monitor at which point in meta-learning the train-
ing should focus more on hard or easy triplets. This
could be done by proposing a regime for making
the sampling of meta-tasks dynamic and flexible to
also combat meta-over-fitting.

""More details about that can also be found in Appendix B.
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Figure 6: mAP@20 5-fold cross-validated mean multi-
lingual performance over different triplet negative sam-
pling modes on LAReQA tested on different languages
using MAML-Align. Random sampling seems best on
average for few-shot learning, whereas hard sampling is
more stable across cross-validation splits.

6 Related Work

Most approaches to bilingual semantic search rely
on machine translation to reduce the problem to
monolingual search (Lu et al., 2008; Nguyen et al.,
2008; Jones et al., 2008). However, such systems
are inefficient due to error propagation and over-
heads from API calls. Moreover, the number of
language combinations in the query and content
to be retrieved can get prohibitively large (Savoy
and Braschler, 2019). Multilingual models M-
BERT and XLM are used for semantic search vari-
ants (Yang et al., 2020; Hoogeveen et al., 2015;
Lei et al., 2016) but are suboptimal necessitat-
ing more parallel resources. Cross-lingual meta-
transfer learning applications include Gu et al.
(2018); Hsu et al. (2020); Winata et al. (2020);
Xiao et al. (2021). Meta-distillation learning has
been leveraged either to help the teacher trans-
fer better to the student (Zhou et al., 2022; Liu
et al.,, 2022) or make meta-learning algorithms
more portable (Zhang et al., 2020). Xu et al. (2021)
follows a gradual multi-stage process which is dif-
ferent from our work in that it uses fine-tuning
for domain adaptation to interpolate between in-
domain and out-domain data. In contrast, we apply
meta-distillation to multilingual semantic search
and show that it outperforms gradual fine-tuning.'?
7 Conclusion

In this work, we adapt multilingual meta-transfer
learning combining MAML and knowledge dis-
tillation to multilingual semantic search. Our
experiments show that our multilingual meta-
knowledge distillation approach outperforms both
vanilla MAML and fine-tuning approaches on top
of a strong sentence transformers model. We evalu-
ate comprehensively on two types of multilingual
semantic search and show improvement over the
baselines even on unseen languages.

?More detailed related work can be found in Appendix A.



Limitations

In this paper, we have focused on improving
multilingual sentence transformers using meta-
distillation learning for semantic search. Since
our approach tests for strong alignment and is
based at its core on a model-agnostic algorithm
(MAML), we conjecture that it should be extensi-
ble to any multilingual task requiring strong align-
ment. The community is welcome to further inves-
tigate its performance to other benchmarks such
as XTREME (Hu et al., 2020) and XTREME-
R (Ruder et al., 2021).

All insights and claims from this study are tied
to the experimental setup that we describe exten-
sively in the main paper and appendix. We follow a
consistent configuration of the hyperparameters for
each of the two downstream tasks which we deem
to be a fair comparison across all setups and model
variants. We don’t think that exploring all different
combinations of languages in the construction of
the query and the content to be retrieved is feasible.
So, we leave performing extensive hyperparam-
eters search for different model variants, modes
of transfer, and language combinations for future
exploration.

We also have memory constraints when it comes
to training meta-learning algorithms to deal with
ranking and retrieval of sentences from multiple
languages at the same time for one query. Our mem-
ory constraints make it challenging to explore more
sophisticated state-of-the-art Sentence Transform-
ers such as sentence-T5 or GPT Sentence Embed-
dings SGPT (Ni et al., 2022; Muennighoff, 2022).
Applying MAML as an upstream model on top of
T5-based downstream model makes it even more
computationally infeasible. Our main goal is not
to reach state-of-the-art performance for different
benchmarks but to showcase the relative advantage
of meta-distillation in a few-shot learning setup.
Our upstream approach is model-agnostic and can
be continuously adapted to novel embedding ap-
proaches as they evolve.
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A More Related Work
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mantic search using meta-learning and knowledge
distillation, we analyze independently previous
work in the area of semantic search in general, mul-
tilingual semantic search, bilingual meta-transfer
learning, and meta-distillation learning before delv-
ing into some applications of meta-transfer learn-
ing for retrieval ranking and how our work applies
meta-transfer and meta-distillation for multilingual
semantic search as a whole.
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Textual Semantic Search Textual semantic
search is the task of retrieving semantically rel-
evant content for a given query. Unlike tradi-
tional keyword-matching information retrieval, se-
mantic search seeks to improve search accuracy
by understanding the searcher’s intent and disam-
biguating the contextual meaning of the terms in
the query (Muennighoff, 2022). Semantic search
has broad applications in search engines such as
Google (Nayak, 2019), Bing (Zhu et al., 2021), etc.
They rely on Transformers (Vaswani et al., 2017)
as their dominant architecture going beyond non-
semantic models such as BM25 (Robertson and
Zaragoza, 2009).

Multilingual Semantic Search Previous work
which extends semantic search to different lan-
guages is often focused on cross-lingual informa-
tion retrieval. Progress in cross-lingual information
retrieval (CLIR) or semantic search has seen multi-
ple waves (Grefenstette, 1998). Traditionally, when
we think of CLIR we automatically think of ma-
chine translation (MT) as if they are two faces to
the same coin. The only difference is that transla-
tion tools are used to render documents readable in
the case of MT whereas CLIR focuses on rendering
them searchable if at the very core translation tech-
nology is what is used for CLIR and MT rather than
other paradigms such as transfer learning. Most
approaches that fall into this category translate
queries into the language of the documents and
then perform monolingual search (Lu et al., 2008;
Nguyen et al., 2008; Jones et al., 2008). While this
is an efficient option, that might not be the most
effective approach as queries can be so short and
ungrammatical making them hard to translate ac-
curately. So, in this case, translating all documents
or sentences to the target languages can be used
leading to better accuracy but less efficiency. This
translation form is even more inefficient in the case
of multilingual semantic search where the num-
ber of possible language combinations that can be
used in the source and target languages can grow
exponentially. Those pipeline approaches suffer
from error propagation of the machine translation
component into the downstream semantic search,
especially for low-resource languages.

More prominent approaches include transfer
learning where both query and documents or sen-
tences are encoded into a shared space. The first
class of approaches in this category use pre-trained
language models where both the query and the
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documents are encoded into a shared space. The
cross-lingual ability of models like M-BERT and
XLM has been analyzed for different retrieval-
based downstream applications including question-
answer retrieval (Yang et al., 2020), bitext min-
ing (Ziemski et al., 2016; Zweigenbaum et al.,
2018), and semantic textual similarity (Hoogeveen
etal., 2015; Lei et al., 2016). Litschko et al. (2022)
systematic empirical study focused on the suitabil-
ity of SOTA multilingual encoders for cross-lingual
document and sentence retrieval tasks across a num-
ber of diverse language pairs. They benchmark
the performance in unsupervised ad-hoc (setup
with no relevance judgments for IR-specific fine-
tuning) and supervised sentence and document-
level CLIR. In other words, they profile the suit-
ability of SOTA pre-trained multilingual encoders
for different CLIR tasks and diverse language pairs
across unsupervised, supervised and transfer setups.
They also propose localized relevance matching for
document-level CLIR (independently score a query
against document). For unsupervised document-
level CLIR, they show that pre-trained multilingual
encoders on average fail to significantly outper-
form earlier models based on CLWESs. They also
show that the performance of those multilingual
encoders crucially depends on how one encodes se-
mantic information with the models (treating them
as sentence/document encoders directly versus av-
eraging over constituent words and/or subwords).
Multilingual sentence encoders fine-tuned on la-
beled data from sentence pair tasks like natural lan-
guage inference or semantic text similarity as well
as using parallel sentences on the other hand are
shown to substantially outperform general-purpose
models in sentence-level CLIR. The second class
focuses on training training models with informa-
tion retrieval objectives but it is not clear how they
generalize to new languages. In our work, we in-
vestigate ways to further improve the transfer of
these off-purpose sentences on top of semantic spe-
cialization in a data-efficient manner.

Multilingual Meta-Transfer Learning Meta-
learning has gained the attention of the NLP com-
munity recently with applications in cross-domain,
cross-problem, and cross-lingual transfer learn-
ing (Lee et al., 2022). Meta-learning has been
leveraged for semantic search-related tasks but only
monolingually. Lin and Chen (2020) is the first
work of its kind to device a meta-learning algo-
rithm for information retrieval tasks. They lever-



age model-agnostic meta-learner (MAML) to learn
an initialization of model parameters for the re-
ranker of documents by reformulating the problem
as a N-way K-Shot setup where query is a cate-
gory and the document corresponding to it as a
positive example and four documents not related
to the query. They show that their approach im-
proves over baselines involving vanilla DSSM and
Vector Space Models. They also show that fine-
tuning in addition to meta-learning lead to more
gains. However, they use meta-learning just at the
level of the ranker and not for other components
like searcher in which they only use traditional ap-
proaches like Match 25 to calculate the relationship
between query documents and retrieval documents.
It is not clear whether meta-learning can be used
more in an end-to-end fashion or to improve other
components. Other meta-learning work which fo-
cus on the re-ranking component include Laadan
et al. (2019); Carvalho et al. (2008) but they all
follow a pipelined approach.

Since there is no prior work leveraging meta-
learning for cross-lingual or multilingual semantic
search, to the best of our knowledge, we describe
in this section. The first work of its kind using
meta-learning for cross-lingual transfer learning
is Gu et al. (2018), which is applied to neural ma-
chine translation. They extend MAML(Finn et al.,
2017) to transfer from multilingual high-resource
language tasks to to low-resource languages. They
show the competitive advantages of cross-lingual
meta-transfer learning compared to other multilin-
gual baselines. Other applications include speech
recognition (Hsu et al., 2020; Winata et al., 2020;
Chen et al., 2020; Xiao et al., 2021), Natural Lan-
guage Inference(XNLI) (Conneau et al., 2018) and
Multilingual Question Answering(MLQA) (Lewis
et al., 2020) using X-MAML (Nooralahzadeh et al.,
2020), task-oriented dialog (Schuster et al., 2019)
and TyDiQA (Clark et al., 2020) using X-METRA-
ADA (M’hamdi et al., 2021), dependency pars-
ing (Langedijk et al., 2022).

Most recent work adapting meta-learning to ap-
plications involving different languages focus on
cross-lingual meta-learning. Multilingual meta-
learning differs from cross-lingual meta-transfer
learning in its support for multiple languages
jointly. M’hamdi et al., for example, propose X-
METRA-ADA which performs few-shot learning
on one single target language at a time and also en-
able zero-shot learning on target languages not seen
during meta-training or meta-adaptation. Their ap-
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proach shows gains compared to naive fine-tuning
in the few-shot more than the zero-shot learning
scenario. Tarunesh et al. (2021) propose a meta-
learning framework for both multi-task and multi-
lingual transfer leveraging heuristic sampling ap-
proaches. They show that a joint approach to multi-
task and multilingual learning using meta-learning
enables effective sharing of parameters across mul-
tiple tasks and multiple languages thus benefits
deeper semantic analysis tasks such as QA, PAWS,
NLI, etc. van der Heijden et al. (2021) propose
a meta-learning framework and show its effective-
ness in both the cross-lingual and multilingual train-
ing adaptation settings of document classification.
However, their multilingual evaluation is focused
on the scenario where the same target languages
during meta-testing can be also used as auxiliary
languages during meta-training. This motivates us
to investigate in this paper more in the direction
of multilingual meta-transfer learning, where we
test the generalizability of our meta-learning model
when it is learned by taking into consideration mul-
tiple languages jointly for semantic search.

Meta-Distillation Learning Previous works at
the intersection of meta-learning and knowledge
distillation either use meta-learning as a more ef-
fective alternative to the more traditional knowl-
edge distillation methods. Recently, more work
has started adopting a meta-learning approach to
knowledge distillation by consolidating a feedback
loop between the teacher and the student networks
where the teacher can learn to better transfer knowl-
edge to the student network (Zhou et al., 2022) or
by meta-learning the distillation hyperparameter
tuning (Liu et al., 2022). Knowledge distillation
has also been leveraged to enhance the portability
of MAML networks (Zhang et al., 2020). It has
been shown that a portable MAML with a smaller
capacity can further boost few-shot learning better
than vanilla MAML. To the best of our knowledge,
we are the first to explore knowledge distillation
to bridge the gap between different cross-lingual
meta-transfer learning models and to enhance the
alignment between them.

B More Details on Base Models

For asymmetric semantic search, we use a
Transformer-based triplet-encoder model. In the
original paper on the asymmetric benchmark we
evaluate on (Roy et al., 2020), a dual-encoder
model is trained using contrastive loss in the form



of an in-batch sampled softmax loss. This format
reuses for each question answers from other ques-
tions in the same batch (batched randomly) as nega-
tive examples. Instead, we use triplet loss (Schroff
et al., 2015), which was also shown to outper-
form contrastive loss in general. Triplet loss is
shown to surpass contrastive loss in general.'? Its
strength derives not just from the nature of its func-
tion but also from its sampling procedure. This
sampling procedure which merely requires posi-
tive instances to be closer to negative instances
doesn’t require gathering as many positive ex-
amples as contrastive loss requires. This makes
triplet loss more practical in our few-shot learning
multilingual/cross-lingual scenario, as it provides
more freedom in terms of constructing negative
candidates to tweak different sampling techniques
from different languages. We thus define a triplet
encoder model (shown in Figure 7) with three tow-
ers encoding the question, its answer combined
with its context, and the negative candidates and
their contexts. While those towers are encoded
separately, they still share the same Transformer
encoder model which is initialized with pre-trained
Sentence Transformers. On top of that, two dot
products d(q, p) and d(g, n) are computed. d(q, p)
is the dot product between the question ¢ and its
answer p, whereas d(q,n) is between ¢ and its
non-answer candidate. Triplet loss is computed
as : L = max (d(q,p) — d(gq,n) + margin,0)
where margin is a tun-able hyperparameter to
eventually make each triplet an easy one by push-
ing the distance d(a, p) closer to 0 and d(a, n) to
d(a,p) + margin.

Triplets (g, p,n) can be sampled with different
levels of difficulty, as follows:

* Easy triplets: d(q, p) + margin < d(q,n).
* Hard triplets: d(q,n) < d(q,p).

d(g,p) < d(g,n) <

* Semi-hard triplets:
d(q,p) + margin.

For symmetric search, we use a Transformer-
based dual-encoder model (shown in Figure 8),
which encodes sentence 1 and sentence 2 in each
sentence pair separately using the same shared en-
coder. Then, the cosine similarity score is com-
puted for each sentence pair and the mean squared
error (squared L2 norm) is computed between that
and the golden score. This is not a retrieval-based
task, but a semantic similarity task.

BAs posited in https://shorturl.at/ktvx9.
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Figure 7: Architecture of Transformer-based triplet
encoder for asymmetric semantic search.
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Figure 8: Architecture of Transformer-based dual-
encoder for symmetric semantic search.

C More Experimental Setup Details

C.1 Downstream Datasets

Tables 2 and 3 show a summary of the statistics
of LAReQA and STSBwmuii per language and split,
respectively. XQuAD-R in LAReQA has been dis-
tributed under the CC BY-SA 4.0 license, whereas
STSBmui has been released under the Creative
Commons Attribution-ShareAlike 4.0 International
License. The translated datasets from SQUADEx
and STSBen are shared under the same license
as the original datasets. SQUADEen is shared un-
der XTREME benchmark Apache License Version
2.0. STSBen scores are under Creative Commons
Attribution-ShareAlike 3.0 Unported (CC BY-SA
3.0) and sentence pairs are shared under Com-
mons Attribution - Share Alike 4.0 International
License).

C.2 Upstream Meta-Tasks

We detail in Table 4 the arrangements of lan-
guages for the different meta-tasks used in the
meta-training D, Meta-validation Dievaiias
and meta-testing D,....« datasets. To make the
comparison fair and consistent across different


https://shorturl.at/ktvx9

Train Dev Test

Language | ISO HQ  #C | #Q  #C | #Q  #C

Arabic AR | 696 783 | 220 255 | 274 184
German DE 696 812 | 220 256 | 274 208
Greek EL 696 788 | 220 254 | 274 192
Hindi HI 696 808 | 220 252 | 274 184
Russian RU 696 774 | 220 262 | 274 183
Thai TH 696 528 | 220 178 | 274 146
Turkish TR 696 732 | 220 248 | 274 187

Table 2: Statistics of LAReQA in each 5-fold cross-
validation split. #Q denotes the number of question
whereas #C denotes the number of candidates.

. # Sentence Pairs
Language Pair ISO Train  Dev  Test
English-English EN-EN | 150 50 50
Spanish-Spanish | ES-ES 150 50 50
Spanish-English | ES-EN | 150 50 50
Arabic-Arabic AR-AR | 150 50 50
Arabic-English AR-EN | 150 50 50
Turkish-English* | TR-EN | 150 50 50

Table 3: Statistics of the STSBmuii from SEM-Eval2007
in each 5-fold cross-validation split. * means that for
Turkish-English, there are only 250 ground truth sim-
ilarity scores, while there are 500 sentence pairs. We
assume that the ground truth scores are only for the first
250 sentence pairs. In addition to that, we use 5749
train, 1500 dev, and 1379 test splits from the STSB orig-
inal English benchmark.

transfer modes, we use the same combination of
languages and tweak them to fit the transfer mode.
By picking a high number of meta-tasks during
meta-training, meta-validation, and meta-testing,
we make sure that all transfer modes are exposed
to the same number of questions and candidates.
We use Train and Dev splits are used to sample
D etacrain A0 Dyeqavaria» TESPECtively

C.3 Hyperparameters

Based on our prior investigation of different
sentence-transformer models in Table 5, we no-
tice that paraphrase-multilingual-mpnet-base-v2'#,
which maps sentences and paragraphs to a 768-
dimensional dense vector space, performs the best
for LAReQA, so we use it in our S-BERT experi-
ments on that dataset. The good initial performance
of this pre-trained model is not surprising since it
was trained on parallel data and is recommended
for use in tasks like clustering or semantic search.
For pre-processing LAReQA and SQUADEe~, we
truncate/pad all questions to length 96 and all an-
swer or negative candidates concatenated with their

14https ://huggingface.co/sentence-transformers/
paraphrase-multilingual-mpnet-base-v2.

16

contexts to 256. For pre-processing STSBwmui and
STSBex, we pad or truncate each sentence to fit the
maximum length of 100.

For both benchmarks, for Fine-tune baselines,
following XTREME-R, we use AdamW optimizer
(Loshchilov and Hutter, 2019). We use a learning
rate of [r = be — 5, e = le — 8 and a weight decay
of 0, with no decay on the bias and LayerNorm
weights. We use a batch size of 8 triplets or sen-
tence pairs. For LAReQA, we sample 3 negative
examples per anchor and then project those to 3
triplets with one negative example and use a margin
of 1. In STSBwmuii, we use just sets of sentence pairs
composed of one source and one target sentence
each, where we don’t have negative examples so
we don’t need to flatten the dimensions of the nega-
tive examples. We sample 7,000, 2,000, and 1,000
meta-tasks in the meta-training, meta-validation,
and meta-testing phases respectively. We use meta-
batches of size 4. In each meta-task, we randomly
sample k = 8 and ¢ = 4 support and query triplets
respectively. We use the same meta-tasks and sam-
pling regime in Fine-tune as well.

For MAML and MAML-Align in both bench-
marks, we use learn2learn (Arnold et al., 2020)
implementation to handle gradient updates, espe-
cially in the inner loop. For the inner loop, we use
learn2learn pre-built optimizer with a learning rate
a = le — 3. The inner loop is repeated n = 5
times for meta-training and meta-validation and
meta-testing. For the outer loop, we use the same
optimizer with the same learning rate § = le — 5
that we used in the Fine-tune model. At the end of
each epoch, we perform meta-validation similarly
to meta-training with the same hyperparameters de-
scribed before. We use the same hyperparameters
for MAML-Align for both -MAML and S-MAML
except that we run the gradient updates in the inner
loop in S-MAML just once, whereas for -"MAML
we perform n = 5 inner loop gradient updates.
We jointly optimize the outer loop losses weight-
ing the knowledge distillation by A = 0.5. We
don’t use meta-testing but keep it for evaluation
purposes. For a consistent comparison, we don’t
use meta-testing for our main evaluation as we use
standard testing cross-validation splits, but we will
include those meta-testing datasets to encourage
future work on few-shot learning. All experiments
are run for one fixed initialization seed using a 5-
fold cross-validation. We observe a variance with
respect to different seeds smaller than the variance
with respect to 5-fold cross-validation, so we re-


https://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-base-v2
https://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-base-v2

Support—Query/Supportl—Support2—Query
Transfer Mode Phase LAReQA ‘ STSBuu
EL_EL—AR_AR
mono—mono All HI_HIDE DE (EN_EN,AR_AR,ES_ES)—(EN_EN,AR_AR,ES_ES)
. EL_EL—EL_AR
mono—bi All HI_HI_HI DE [EN_EN,AR_AR,ES_ES]—[AR_EN.,ES_EN,TR_EN]
. EL_EL—EL_{AR,EL} .
mono—multi All HI_HI-HI_{DE.HI) Not Applicable
. . EL_AR—EL_{AR,EL} .
bi—multi All HI_DE—HI_{DE.HI} Not Applicable
mono—mono
mixt All mono—bi . Not Applicable
mono—rmulti
bi—multi
Meta-train | mono—bi .
trans Meta-valid | bi—multi Not Applicable
4 . EL_EL—EL_AR—EL {ARELHI} | -h-EN—7AR EN=EN_{AR.EN.ES)
mono—bi—multi | All HI_HI—+HI_DE—sHI_{AR.DE.HI) AR_AR—AR_ES—AR_{AR,EN,ES}
- - - T ES_ES—ES_AR—ES_{AR,EN,ES}

Table 4: Arrangements of languages for the different modes of transfer and meta-learning stages for two standard
benchmark datasets LAReQA and STSBwmuii. X—Y denotes transfer from an X model (for example a monolingual
model) used to sample the support set to a Y model (for example bilingual model) used to sample the query set. We
denote a support or query set in LAReQA by x_y where x and y are the ISO language codes of the question and the
candidate answers and x_y in STSBwmud where x and y are the ISO language codes of sentence 1 and 2 respectively.
We use parenthesis to mean that the same language pairs cannot be used in both support and query sets, brackets to
denote non-exclusivity (or in other words the language pairs used as a support can also be used as a query), and
curled braces to mean the query set may be sampled from more than one language. We do not experiment with
mono—multi, bi—multi, mixt, and trans for STSBwmuui, since it is not a multilingual parallel benchmark, but we still
experiment with mono—bi—multi using machine-translated data in that case.

Sentence Transformers Model | mAP@20
LASER 13.54+0.7
LaBSE 48.7£2.6
M-BERT+SQUADEeN 379+34
distilbert-multilingual-nli-stsb-quora-ranking | 44.1 £ 0.9
use-cmlm-multilingual 36.8 £2.6
distiluse-base-multilingual-cased-v2 469 £ 2.5
paraphrase-multilingual-MiniLM-L12-v2 49.6 £2.7
multi-qa-distilbert-dot-v1 6.4£0.3

paraphrase-multilingual-mpnet-base-v2 57.0+£29

Table 5: Comparison of mAP @20 multilingual 5-fold
cross-validation evaluation of different S-BERT models
compared to M-BERT model. Best results are high-
lighted in bold.

port the latter to have a better upper bound of the
variance.

All experiments are conducted on the same com-
puting infrastructure using one NVIDIA A40 GPU
with 46068 MiB memory and one TESLA P100-
PCIE with 16384 MiB memory of CUDA version
11.6 each. We use Pytorch version 1.11.1, Python
version 3.8.13, learn2learn version 0.1.7, Hugging
Face transformers version 4.21.3 and Sentence-
Transformers 2.2.2. For paraphrase-multilingual-
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mpnet-base-v2 used in the experiments in the main
paper, there are 278,043,648 parameters. For
asymmetric and symmetric semantic search bench-
marks, there are three and two encoding towers,
respectively. Therefore, there are 834,130,944 and
556,087,296 parameters used for asymmetric and
symmetric semantic search benchmarks, respec-
tively.

For all experiments and model variants, we train
for up to 20 epochs maximum and we implement
early stopping, where we run the experiment for as
long as there is an improvement on the Dev set per-
formance. After 50 mini meta-task batches of no
improvement on the Dev set, the experiment stops
running. We use the multilingual performance on
the Dev set averaged over all languages of the query
set as the early stopping evaluation criteria. Based
on this early stopping policy, we report in Table 6
the typical runtime for each upstream model variant
and baseline.



Model Runtime

Fine-tune 2h 18 min
MAML 3 h 19 min
MAML-Align 19 h 29 min

Table 6: Runtime per model variant excluding evalua-
tion.

D More Results

Tables 7 and 8 show full fine-grained results for
all languages and language pairs for both semantic
search benchmarks.
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Testing Languages
Model Train Language(s) Few-Shot Languages Zero-Shot Languages
Configuration Arabic German Greek Hindi | Russian Thai Turkish Mean
AR DE EL HI RU TH TR
Zero-Shot Baselines
LASER - 13.2 15.1 146 94 14.9 13.0 14.1 13.5
LaBSE - 44.7 479 53.0 534 | 53.1 49.8 48.1 50.0
S-BERT - 563  54.6 582 572 | 58.7 60.2 54.1 57.0
+Few-Shot Learning
mono—mono 459 46.3 47.9 454 | 48.9 49.7 45.1 47.0
mono—bi 45.8 46.5 486 450 | 489 494 45.0 47.0
. mono—multi 404 42.5 43.1 37.8 | 44.1 443 41.1 41.9
S-BERT+Fine-tune bi—smulti 338 356 352 324 | 371 372 344 | 351
mixt 38.3 39.8 40.7 39.3 | 419 41.7 38.7 40.1
trans 38.7 39.9 41.8 40.1 | 42.6 42.6 394 40.7
mono—mono 56.3 54.5 58.5 57.0 | 593 59.6 53.8 57.0
mono—bi 55.9 55.0 584 569 | 58.8 599 542 57.0
mono—rmulti 54.9 53.6 570 558 | 577 58.7 53.1 55.9
S-BERT+MAML bi—multi 54.5 53.6 56.6 555 | 573 58.5 528 55.5
mixt 55.0 53.9 572 553 | 57.6 58.7 529 55.8
trans 56.0 54.8 59.1  57.0 | 59.1 599 544 57.2
S-BERT+MAML-Align mono—bi—multi 57.0 55.1 59.2 57.7 | 59.5 60.2 54.6 57.6
+Machine Translation
AR_AR—AR_AR | 46.6 45.8 48.8  46.8 | 49.3 48.6 449 473
DE_DE—DE_DE | 459 45.1 482 458 |49.0 48.8 445 46.8
S-BERT+T-Train+Fine-tune | EL_EL—EL_EL 43.5 43.1 43.8 434 | 46.5 45.0 41.7 43.8
HI_HI—HI_HI 46.5 44.8 47.1 459 | 484 49.6 43.7 46.6
All test languages 44.8 43.5 469 440 | 47.0 46.4 42.1 45.0
AR_AR—AR_AR | 57.3 553 593 583 | 60.2 60.7 54.8 58.0
DE_DE—DE_DE | 56.1 544 58.3 57.1 | 58.8 59.8 54.1 56.9
S-BERT+T-Train+MAML EL_EL—EL_EL 55.9 53.1 574 563 | 585 59.2 528 56.2
HI_HI—HI_HI 56.7 54.0 58.5 57.1 | 589 60.3 537 57.0
All test languages 55.9 53.8 58.0 56.6 | 58.1 59.2 534 56.4

Table 7: mAP@20 multilingual 5-fold cross-validated performance tested for different languages. Best and
second-best results for each language are highlighted in bold and ifalicized respectively, whereas best results across
categories of models are underlined. Gains from meta-learning approaches are consistent across few-shot and

zero-shot languages.

Train Language(s) Testing Languages
Model Configuration Arabic-Arabic  Arabic-English ~ Spanish-Spanish ~ Spanish-English  English-English ~ Turkish-English Mean
AR-AR AR-EN ES-ES ES-EN EN-EN TR-EN
Zero-Shot Learning
LASER 22.5+85 21.6 33.1 15.3 31.1 21.2 24.1
LaBSE 71.6 732 83.2 68.7 76.3 74.9 74.6
S-BERT 71.6 81.3 84.6 83.7 85.5 75.7 81.4
+Few-Shot learning
S-BERT+Fine-tune mono—bi 712 71.8 86.2 79.6 85.0 73.7 79.9
S-BERT+MAML mono—bi 77.6 80.9 85.1 835 85.6 75.5 81.3
S-BERT+MAML-Align mono— bi—multi 79.0 80.6 86.6 81.5 90.6 76.3 824
+Machine Translation
AR_AR—AR_AR | 59.5 50.6 82.7 70.1 824 62.5 68.0
. . EN_EN—EN_EN 72.6 73.1 82.4 722 80.3 68.8 74.9
S-BERT+T-Train+Fine-tune | pq pg ks BS | 742 723 823 66.8 79.7 685 739
TR_TR—TR_TR 73.9 74.6 85.9 79.6 84.3 68.5 71.8
All test languages 65.8 63.0 82.5 75.8 83.0 67.8 73.0
AR_AR—AR_AR | 75.5 80.5 85.8 83.1 85.6 75.0 80.9
. EN_EN—EN_EN | 77.8 81.7 85.1 83.8 85.7 75.8 81.6
S-BERT+T-TraintMAML | £ ks JES ES | 76.4 79.4 86.9 80.4 84.7 74.1 80.3
TR_TR—TR_TR 77.2 79.8 87.3 81.6 84.5 74.2 80.8
All test languages 77.6 81.8 84.7 83.6 85.6 759 81.5

Table 8: Pearson correlation Pearson’s r x 100 5-fold cross-validated performance on STSBwmuii benchmark using
different models few-shot learned on STSBwmuri or its translation. Best and second-best results for each language are
highlighted in bold and italicized respectively, whereas best results across categories of models are underlined.
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