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Abstract (o)

Zero-shot translation aims to translate between
language pairs not seen during training in Mul-
tilingual Machine Translation (MMT) and is
widely considered an open problem. A com-
mon, albeit resource-consuming, solution is
to add as many related translation directions
as possible to the training corpus. In this
paper, we show that for an English-centric
model, surprisingly large zero-shot improve-
ments can be achieved by simply fine-tuning
with a very small amount of multi-parallel
data. For example, on the EC30 dataset, we
obtain up to +21.7 ChrF++ non-English overall
improvements (870 directions) by using only
100 multi-parallel samples while preserving
English-centric translation quality. This per-
formance exceeds M2M100 by an average of
5.9 ChrF++ in the involved non-English direc-
tions. When investigating the size effect of fine-
tuning data on translation quality, we found that
already a small, randomly sampled set of fine-
tuning directions is sufficient to achieve compa-
rable improvements. The resulting non-English
performance is close to the complete translation
upper bound. Even in a minimal setting—fine-
tuning with only one single sample—the well-
known off-target issue is almost completely
resolved, explaining parts—but not all—of the
observed improvements in translation quality.'

1 Introduction

The zero-shot capability shown by Multilingual
Machine Translation (MMT) (Johnson et al., 2017)
is of considerable significance, particularly in the
context of translating between low-resource or dis-
tant language pairs. However, even for systems
trained on large-scale data, the zero-shot perfor-
mance is still far from sufficient (Tan and Monz,
2023), especially when scaling up the number of in-
volved languages. Substantial efforts (Zhang et al.,
2020; Pan et al., 2021; Gu and Feng, 2022; Mao

"Models and codes are released: https: //github.com/
moore3930/MultiParallelFinetuning4MMT

(a) English-centric Translation

(c) Bridge Translation

(d) Our Method

Figure 1: (a) English-centric training data is normally
readily available but can only cover a few real-world
directions, while (b) complete translation (Freitag and
Firat, 2020) aims to cover all but suffers from the small
data scale. (c) Mining partial non-English data as the

languages shows promising zero-shot improve-
ments but is also resource-consuming when scaling up.
(d) We show that substantial overall improvements can
be achieved by fine-tuning an English-centric model
with tiny extra multi-parallel data, which is readily avail-
able, like NTREX (Federmann et al., 2022).

et al., 2023) have been dedicated to improving the
zero-shot capabilities of models trained on readily
available, predominantly English-centric corpora.

To fully cover translation directions, Freitag and
Firat (2020) propose mining multi-parallel (multi-
way aligned) samples to extend the training set
from English-centric to a complete multilingual
one as shown in Figure 1-(b). Non-English trans-
lation quality in this setting indeed increases sub-
stantially. However, such a setting is far away from
real-world practice when scaling up. As shown in
Freitag and Firat (2020), to solely extend the train-
ing set from bilingual aligned to all languages (6-
way) involved in their case, the amount of available
data drops from 123M to 10K, which is insufficient.
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To reflect worldwide translation needs, Fan et al.
(2021) build and open-source a training dataset cov-
ering 100 languages through industry-scale mining.
In addition to English-centric data, supervised data
for thousands of bridge language pairs is mined
and included, organized based on language fami-
lies. The MMT model trained on the resulting data,
M2M100, exhibits clear improvements in many
non-English directions. This work drives a simple
but resource-consuming solution for real-world de-
mand: mining as much training data as possible to
bridge non-English language pairs, at least at the
language family level.

In this paper, we take a step back and again look
at the readily available English-centric model. We
empirically show that the zero-shot ability of an
English-centric model can be easily unlocked via
fine-tuning with a tiny amount of multi-parallel
data, which is much simpler and more efficient
than the extensive training data mining and bridg-
ing done by earlier work. E.g., after fine-tuning the
English-centric system trained on the EC30 dataset
with 100 multi-parallel samples from NTREX (Fe-
dermann et al., 2022), we observed 21.7 ChrF++
zero-shot improvements across 870 language direc-
tions. This performance surpasses M2M100 (Fan
et al., 2021) by 5.9 ChrF++ (See Table 16), despite
M2M100 being trained on billions of sentence pairs
spanning thousands of non-English directions.

Furthermore, we investigate the size effect of
fine-tuning data: 1) Surprisingly, even when fine-
tuning using a randomly sampled 10% of direc-
tions, the overall improvements are nearly the same
as that of full-direction fine-tuning. 2) The improve-
ments brought by very small fine-tuning datasets
only slightly lag behind the upper bound (com-
plete translation) while preserving English-centric
capabilities, showing great practical potential. 3)
Even with just one single multi-parallel sample
for fine-tuning, the well-known off-target problem
(Zhang et al., 2020; Yang et al., 2021; Sennrich
et al., 2023), is easily addressed, reducing the off-
target rate from 51.8% to 1.9%. However, not all
improvements in translation quality can solely be
attributed to lower off-target rates as we also see
clear improvements in cases where translations are
already in the correct target language.

Given the high efficiency and practicality, we
encourage the community to consider fine-tuning
with tiny readily available multi-parallel data, like
NTREX (Federmann et al., 2022), as a strong base-

line for zero-shot translation. Our findings chal-
lenge some prevailing assumptions about MMT
systems based on the clear evidence proposed in
this paper that: 1) the off-target issue is likely over-
estimated and can be easily handled, and 2) the
potential of single-language-centric (like English)
MMT models is substantial and often overlooked.
We hope these insights will inspire new discussions
and explorations within the community.

2 Related Work

The zero-shot translation capability of MMT is
associated with multilingualism, following the hy-
pothesis of universal representation or interlingua.
Arivazhagan et al. (2019) view zero-shot transla-
tion as a domain adaptation problem (Ben-David
et al., 2006) in MMT, and apply auxiliary losses
to explicitly incentivize the model to learn and use
domain- (language-) invariant representation. Liu
et al. (2021) attribute the low quality of zero-shot
MT to the positional correspondence to input to-
kens, which hinders modeling language-agnostic
representation. Pan et al. (2021) and Stap et al.
(2023) use a contrastive loss to close the represen-
tational gap between different languages. Some
other approaches aim to harness the capabilities of
pretrained multilingual models for zero-shot trans-
lation. Chen et al. (2022) employ multilingual pre-
trained encoders to extend bilingual translation to
many-to-one translation. Recently, some work has
focused on leveraging pre-trained large language
models for multilingual translation (Zhang et al.,
2023; Moslem et al., 2023). Despite the inclusion
of the so-called “emergent abilities” (Wei et al.,
2022) triggered by zero-shot prompting, we cate-
gorize these works as following a similar line.
This paper focuses on a data-centric approach
for comprehensively improving zero-shot perfor-
mance. We empirically show that a well-trained
English-centric model can be easily boosted for
overall zero-shot capability via fine-tuning with
minimal data, even if only covering a small por-
tion of translation directions (10%). This allows
us to leverage multi-parallel data, which is hard
to obtain in large quantities, resulting in a highly
efficient and practical solution to overall zero-shot
translation. We note that Maillard et al. (2023) also
show that integrating small high-quality data (6K
samples) into the training corpus can have a big
impact on low-resource translation systems, espe-
cially when combined with back translation (Sen-
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nrich et al., 2016). However, we contend that the
reasons for the effectiveness differ: 1) as shown
in Section 3.6, the substantial improvements per-
sist when using data built from the training set,
where the influence from domain or quality level
is eliminated, and 2) our method can work with
extremely minimal fine-tuning data (100 or even a
single sample).

3 Experiments

In this paper, we propose a simple approach
that largely improves overall zero-shot translation
quality, i.e., fine-tuning an English-centric model
in multiple directions with sentence pairs con-
structed from small, readily available multi-parallel
datasets, like NTREX (Federmann et al., 2022). We
refer to such a process as “fine-tuning with multi-
parallel data” or “multi-parallel fine-tuning”.

3.1 Fine-Tuning Data Construction

Given a multi-parallel dataset comprising /V dis-
tinct languages, each with K samples, we can gen-
erate pairwise data in all NV x (N —1) possible direc-
tions. Note that acquiring large quantities of multi-
parallel data poses challenges due to many profes-
sional human translators being involved. However,
horizontally expanding a readily available multi-
parallel dataset to include one more language is
straightforward. It simply requires annotating K
additional samples for the new language based on
the current dataset, with 2 x N new translation
directions indirectly covered.

3.2 Datasets

NTREX-128. NTREX? (Federmann et al., 2022)
is initially proposed as an evaluation dataset, ex-
panding multilingual testing for translation from
English into 128 target languages, which consists
of 1997 samples per language and mainly focus
on the News domain. Given the multi-parallel or-
ganization of NTREX data, we can easily build
arbitrary pairwise data across 128 languages. In
this paper, we leverage NTREX to create our fine-
tuning datasets and conduct experiments to high-
light the big impact of such a tiny amount of data.

Europarl-8. Europarl® (Koehn, 2005) consists of
20 English-centric language pairs from the proceed-
ings of the European Parliament, with sizes ranging
from 399K to 2M. A characteristic of Europarl is

2https ://github.com/MicrosoftTranslator/NTREX
3https ://www.statmt.org/europarl

that part of the samples are multi-way aligned. In
this paper, we select the eight most resource-rich
languages, i.e., EN, DA, DE, ES, FI, FR, IT, and
NL, to mine a fully multi-parallel dataset named
Europarl-8 via aligning multi-way sentences with
the same English part. This results in about 1.2M
fully multi-parallel data instances, where each sen-
tence has 7 counterparts in other languages.

EC30. To ensure a more diverse and inclusive
large-scale evaluation, we follow Tan and Monz
(2023); Wu and Monz (2023) and use the EC30
dataset, which is built from WMT (Bojar et al.,
2017) and OPUS (Tiedemann, 2012) corpora.
EC30 comprises 61 million English-centric bilin-
gual sentences for training, encompassing 30 non-
English languages with diverse resource levels
(High: 5M, Medium: 1M, Low: 100K). Each re-
source group includes languages from 5 families
with multiple writing systems.

Evaluation Benchmark. For all of the experi-
ments in this paper, we evaluate translations via the
Flores-101 benchmark (Goyal et al., 2022). Flo-
res comprises 3001 sentences sourced from En-
glish Wikipedia, which covers a variety of top-
ics and domains and is translated into 101 lan-
guages by professional translators. We use dev
and devtest as the validation and test dataset, con-
sisting of 997 and 1012 samples, respectively.
All results are evaluated on three widely used
metrics, namely, ChrF++ (Popovié, 2017), Sacre-
BLEU (Post, 2018)*, and COMET (Rei et al.,
2020), to demonstrate the consistency of improve-
ments across a broad spectrum of evaluation met-
rics. A more detailed description of the datasets is
provided in Appendix A.1.

3.3 Experimental Setup
3.3.1 Training Setting

For experiments on the EC30 dataset, we use
Transformer-Big with 16 attention heads, 1,024 em-
bedding dimensions, and 4,096 feedforward dimen-
sions. For Europarl-8, we use a smaller backbone,
as the training data is smaller, where a standard 6-
layer encoder, 6-layer decoder transformer model
is applied with 4 attention heads, 512 embedding
dimensions, and 1,024 feedforward dimensions. In
total, 447M and 64M training parameters are in-
volved for the two models. More detailed training
settings are provided in Appendix A.2.

*nrefs: 1 lcase:mixedleff:noltok: 1 3alsmooth:explversion:2.3.1
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Model HH HM HL MH MM ML LH LM LL | AVG
Baseline 11.0 14.8 10.6 11.3 14.9 10.5 13.7 17.4 10.9 12.8
E’ Boost-100 | 37.9  39.1 306 38.0 388 305 339 348 268 | 345
S | Boost-All | 38,6 399 320 387 395 318 349 359 284 | 355
E [AT100 3269 42437 3200 1267 4239 3200 4202 +174 159 | 4217
A-All +27.6 +25.1 +21.4 +274 +24.6 +21.3 +21.2 +185 +17.5 | +22.7
Baseline 28.0 304 200 279 295 19.7 240 260 164 | 247
5’ Boost-100 | 36.6 374 290 365 369 28.8 321 327 248 | 328
b | BoostAll | 372 382 306 373 378 305 334 340 269 | 340
o | A-100 +8.6 +70 +9.0 +86 +74 +9.1 +8.1 +6.7 +8.4 | +8.1
A-All +92 +78 +106 +94 +83 +108 +94 +80 +10.5| +9.3

Table 1: Zero-shot performance (ChrF++, 870 directions) trained on the EC30 dataset (61M English-centric sentence
pairs), grouped by High-, Medium, and Low-resource, respectively. A-100 and A-All mean the corresponding
performance changes after fine-tuning compared to the baselines. Large improvements are observed in both One-Tag
and Two-Tag settings after fine-tuning with 100 samples. Results in SacreBLEU and COMET are provided in
Table 12 and Table 14, respectively. The comparison with M2M 100 is provided in Table 16.

Model High Medium Low Overall
EN-X X-EN | EN-X X-EN | EN-X X-EN | EN-X X-EN AVG
Baseline 525 575 | 539 565 | 425 498 | 49.6 546 521
éﬁ Boost-100 | 51.9 56.6 | 53.6 57.0 | 426 502 | 494 546 520
¢ | Boost-All | 519 560 | 53.6 566 | 432 509 | 496 545 520
E [AI00 | 06 09 | 03 405 | 401 304 | 02 00 00
A-All -0.6 -1.5 -0.3  +0.1 | +0.7  +1.1 0.0 -0.1  -0.1
Baseline 526 570 | 540 562 | 429 496 | 498 543 52.1
éﬁ Boost-100 | 52.0 56.1 | 53.7 565 | 432 499 | 496 542 519
§ | Boos-All | 517 557 | 535 562 | 435 503 | 496 541 518
S | A-100 -0.6 -0.9 0.3 +03 | +03 403 | -0.2 -0.1  -02
A-All -0.9 -1.3 -0.5 0.0 +0.6 +0.7 | -0.3 -02  -03

Table 2: English-centric performance (ChrF++, 60 directions) trained on the EC30 dataset (61M English-centric
sentence pairs). EN-X and X-EN denote the average out-of- and into-English translation performance for each
resource group, respectively. It’s easy to see that the performance changes (A-100 and A-All) after fine-tuning are
negligible. Results in SacreBLEU and COMET are provided in Table 13 and Table 15, respectively.

3.3.2 Fine-Tuning Setting

We use full-parameter fine-tuning and keep our
setup as simple as possible to highlight general-
izability. We reset all running statuses, including
optimizer, Ir scheduler, and data loaders. Also, the
fine-tuning parameters are aligned with those in
the training period, except for the experiments in
Section 4, where we set batch accumulation to 1 as
extremely small fine-tuning data is used.

Note that, because we only fine-tune with a small
amount of data, the process is highly efficient: most
fine-tuning experiments in this paper were com-
pleted within 1 GPU hour.

3.4 Large-Scale Experiments on EC30

In this section, we show how far a tiny amount of
multi-parallel data can improve the zero-shot capa-
bility of an already well-trained large-scale English-
centric MMT system. We conduct experiments on

EC30, involving 30 English-centric and 870 zero-
shot directions. We build fine-tuning data based
on NTREX to cover all except Occitan-related
directions—Occitan is not included in NTREX—
as described in Section 3.2. It is noteworthy that
MMT systems typically use two language tag strate-
gies: 1) the one-tag strategy, i.e., adding the tar-
get language IDs to the encoder input, which is
shown by Wu et al. (2021) to be more effective
for zero-shot translation, or 2) the two-tag strat-
egy, i.e., adding source and target language IDs to
the encoder and decoder input, respectively, which
is often applied to recent large-scale MMT sys-
tems (Fan et al., 2021; Pan et al., 2021; Costa-jussa
et al., 2022). To show comprehensive results, we
conducted experiments in both settings.

Table 1 shows the zero-shot performance across
9 resource groups. Boost-All refers to using all
1997 multi-parallel samples from NTREX to con-
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Figure 2: Zero-shot performance (ChrF++) on EC30 for each scaling step, grouped by High-, Medium, and
Low-resource, respectively. (a) When we randomly selected {10%, 20%, 40%, 80%} of directions and fine-tuned
with 100 samples, the overall zero-shot performance stayed nearly unchanged. However, (b) when we fixed 10% of
the directions and increased the fine-tuning samples from 100 to 800, we observed consistent improvements across
all resource groups. Note that S-100 and D-10% are identical. Meanwhile, the directions or samples involved in
the previous step are always subsets of those in the subsequent step.

struct pair-wise fine-tuning data for all directions
(including English-centric ones), while Boost-100
means using only 100 randomly sampled samples,
rather than 1997, to construct the fine-tuning data.

We find that 1) fine-tuning with tiny data leads
to very strong overall improvements for both tag-
ging strategies, with up to +9.3 and +22.7 aver-
age ChrF++ point gains, respectively. 2) The zero-
shot capability of the two-tag baseline lags behind
the one-tag baseline, in line with Wu et al. (2021).
However, after fine-tuning with multi-parallel data,
the overall performance in the two-tag setting con-
sistently outperforms the one-tag setting for each
group, yielding an average margin of +1.5 ChrF++
(35.5 v.s., 34.0). Consistent improvements also
hold for other metrics, see Appendix A.3.

In Table 6, we show that 854 out of 870 zero-
shot directions get strong boosts (more than 10.0
ChrF++). The resulting zero-shot performance
even averagely surpasses the industrial system,
M2M100, by 5.9 ChrF++ (See Table 16), despite
M2M100 being trained on billions of sentence pairs
spanning thousands of non-English directions.

In Table 2, we show the impact of fine-tuning
on English-centric directions: The trade-off ef-
fect mainly occurs in the high-resource group.
However, the influence on the medium- and low-
resource groups is negligible or even positive, espe-
cially for the low-resource part, resulting in nearly
unchanged overall English-centric performance.
For instance, fine-tuning with 100 multi-parallel
samples on the two-tag model yields +21.7 ChrF++
zero-shot gains, with negligible drops in averaged

English-centric performance (-0.1 ChrF++).

It is noteworthy that fine-tuning with just 100
samples achieves comparable improvements to us-
ing the entire NTREX dataset (+21.7 v.s. +22.7 in
Table 1), even though the latter’s size is 20 times
larger. This diminishing effectiveness naturally
leads us to ask (i) whether more fine-tuning data
or more fine-tuning directions is important and (ii)
how close can our method come to the upper-bound
improvements.

We answer both questions in Section 3.5 and 3.6,
respectively. If not specified, we employ the two-
tag strategy in subsequent experiments because
of its higher zero-shot and English-centric perfor-
mance after fine-tuning.

3.5 More Data or More Directions?

In Section 3.4, we showed that fine-tuning an
English-centric model with a small amount of bi-
text derived from NTREX (covering all directions)
yields substantial zero-shot improvements. A nat-
ural assumption is that the improvement in each
direction is triggered by the corresponding direc-
tional data. In this section, we investigate whether
this is true, i.e., what will happen if we only cover a
subset of translation directions during fine-tuning.

We conduct experiments on the same English-
centric model trained on EC30, see Section 3.4,
and control the scale of the fine-tuning data in the
following two settings: (a) We conducted a random
sampling of 100 multi-paralle]l NTREX sentences
to construct pairwise data to cover all 870 direc-
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Figure 3: ChrF++ improvements of the

and
Europarl-8 dataset. It is clear that the overall non-English capability of the

models over the English-centric baseline on the
model is close to the

(complete translation), meanwhile, it also holds the performance in English-centric directions.

tions’. Then, we randomly sampled {10%, 20%,
40%, 80%} directions for fine-tuning. (b) We fixed
the 10% of directions as mentioned in (a) and con-
ducted a random sampling of {100, 200, 400, 800}
multi-parallel NTREX instances to construct the
fine-tuning set for the corresponding directions.

Note that the bitext size in settings (a) and (b) for
each scaling step is kept identical, e.g., to facilitate
a fair comparison with the setting of fine-tuning
with 100 multi-parallel samples in 80% directions,
we also consider fine-tuning in 10% directions with
800 multi-parallel samples. Meanwhile, the direc-
tions or samples involved in the previous step are
always subsets of those in the subsequent step.

In Figure 2, we show all of the corresponding
fine-tuning results. Surprisingly, when fixing the
size of the multi-parallel samples to 100 and then
increasing the fine-tuning directions from 10% to
80%, no improvement is observed for any resource
group (Figure 2-a). Fine-tuning in randomly sam-
pled 10% directions using 100 samples achieves
comparable overall results to fine-tuning in all di-
rections (Boost-100). However, when we fix the
directions to 10% and increase the multi-parallel
sample size from 100 to 800, consistent improve-
ments for all groups can be observed (Figure 2-b).
This shows that the overall improvements are not
sensitive to the number of directions, at least when
the directions extend to a certain scale, like 10%.

In Appendix A.4.1, we further show that when
we limited the fine-tuning direction set to fall in a
specific family (Germanic), overall improvements

>These directions include English-centric ones while ex-
cluding Occitan-related ones as it is not available in NTREX.

only slightly lag behind that of fully fine-tuning,
showing surprising boosting effects.

3.6 How Close to the Upper Bound?

In this section, we show to what extent our fine-
tuning method can approximate an upper bound.
Here, we consider the performance of complete
translation, i.e., training with fully multi-parallel
data, as the “upper bound”, since identical scales
of non-English bitext cover all the directions that
the English-centric counterparts cannot cover.

We conduct experiments on Europarl-8, see Sec-
tion 3.2, where 8-way aligned data are available.
Both English-centric and complete translation mod-
els are trained based on it. Note that we reuse
the former’s vocabulary for the latter to ensure a
fair comparison. Also, we present the results after
fine-tuning the English-centric model using full-
direction pairwise data constructed from all of the
1,997 samples from NTREX.

In Figure 3, we show that 1) the upper-bound
performance, i.e., that of the complete model, sur-
passes the baseline by a large margin, resulting
in +17.4 average ChrF++ gains for non-English
directions. 2) However, the boosted model’s per-
formance closely approaches the upper bound in
all non-English directions. 3) For the 14 English-
centric directions, both the upper bound and the
boosted models exhibit degradation compared to
the baseline, which reveals trade-off effects from
English-centric to non-English directions. How-
ever, the boosted method only slightly degrades
for a few English-centric directions (e.g., en-fi and
en-it in Figure 3), whereas the upper bound model
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Figure 4: Zero-shot performance and off-target ratio on Europarl-8 at each scaling step. Surprisingly, fine-tuning
with one sample almost completely handles the off-target problem (from 51.8 % to 1.9%). The green solid line
denotes the quality improvements of the translation samples that have no off-target issue, where the gains from one
single sample are also large (+5.5 ChrF++). Mean and variance for each scaling step are provided in Table 17.

drops for most. Detailed scores, including those
in other metrics, are provided in Appendix A.5.
In short, the boosted model achieves strong non-
English gains (+14.3 ChrF++, 42 directions) with
a negligible cost in English-centric directions.

4 Analysis
4.1 Off-Target and Fine-Tuning Data Size

The off-target problem has been viewed as a pri-
mary cause that impairs the zero-shot capabil-
ity (Zhang et al., 2020; Yang et al., 2021; Sennrich
et al., 2023; Chen et al., 2023). In this section, we
delve into the impact of fine-tuning data size on
off-target ratios and final performance. Moreover,
we disentangle the gains of the already on-target
translations, showing the extent to which the en-
hancements are beyond alleviating the off-target
issue. Note that since Europarl-8 is fully multi-
parallel, we can readily build the corresponding
full-direction fine-tuning data at different scales.
Here, we sample multiple sets of multi-parallel
instances from the training set of Europarl-8, rang-
ing from 1 to 12.8K with different seeds 3 times.
The average results in ChrF++ after fine-tuning for
each scaling step are provided in Figure 4. Also, we
report the corresponding off-target ratio evaluated
by fastText® (Joulin et al., 2017) following previous
works (Yang et al., 2021; Costa-jussa et al., 2022).
In Figure 4, the blue solid line shows the overall
zero-shot performance at each scaling step, where
the starting point (fine-tuning with O samples) de-
notes the performance of the original English-

6https ://github.com/facebookresearch/fastText

centric model. Notably, a high off-target ratio
(51.8%) exists at this point. Surprisingly, even fine-
tuning with just one multi-parallel sample, very
strong overall zero-shot improvements can be ob-
tained (from 25.7 to 36.0 ChrF++). Meanwhile,
the off-target issue is almost completely resolved,
dropping from 51.8% to 1.9%. Increasing from 1
to 100 samples, we can still observe clear zero-shot
capability boosting (from 36.0 to 39.3 ChrF++),
while the off-target change is marginal. Further
scaling up fine-tuning data from the point of 100
samples shows nearly linear performance gains.

We further disentangle the evaluation set into
on-target parts’ for each language direction, where
each source sample is already translated into the
correct direction when evaluating the English-
centric model. In Figure 4, the green solid line
denotes the average performance on the on-target
part. It is easy to see that the improvements brought
from one single fine-tuning sample are still strong
(+5.5 ChrF++), even after isolating the impact of
off-target issues. As the number of fine-tuning
samples increases, on-target improvements closely
follow the trend of the overall improvements, fur-
ther showing that the overall improvements are not
only due to resolving the off-target issue.

Given the clear findings mentioned above, we
question previous works (Zhang et al., 2020; Sen-
nrich et al., 2023; Chen et al., 2023) that attribute
off-target as a challenging problem and primary
source for the low zero-shot performance.

"Note that the on-target sample size varies across direc-
tions, with an average of 488 samples per direction.
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Model HH HM HL M-H MM ML LH LM L-L|ZS-AVG | EN-AVG
Baseline 1.0 148 106 113 149 105 137 174 109 128 52.1

" (a) Multi-Parallel | 37.6 389 30.I 367 373 29.0 321 329 248| 333 | 509
(b) Multi-Directional | 37.6 39.1 303 37.1 38.0 29.7 330 34.1 260 | 339 51.5

Table 3: Decoupling multi-parallel and multi-directional fine-tuning on the EC30 dataset. ZS-AVG and EN-AVG
denote the average results of the zero-shot and English-centric performance in ChrF++, respectively. In all groups,
the performance in setting (a) closely trails but never surpasses that in setting (b), showing that the boosting effects

do not depend on multi-way semantic equivalence.

4.2 Does Multi-Parallelism Matter?

We have shown remarkable boosting effects ob-
tained from a tiny amount of multi-parallel data.
But, does the data have to be multi-parallel? In this
section, we explore whether utilizing multi-parallel
data, instead of just pairwise data, for fine-tuning
is vital for significant enhancements.

To this end, we design experiments to decouple
the impacts of multi-parallel signals. Let’s con-
sider creating fine-tuning data in 5 languages from
NTREX, involving 20 directions. We carefully con-
trol the resulting bitext distribution: Firstly, we ran-
domly map the 1,997 multi-parallel samples into
10 buckets, ensuring an even allocation of approxi-
mately 100 samples per bucket. Then, we construct
pairwise data in the following two ways:

(a) Multi-Parallel: We constructed pairwise sam-
ples in the 20 directions using the multi-
parallel data in one randomly picked bucket.

(b) Multi-Directional: For each bucket, we con-
struct fine-tuning samples for only one spe-
cific language pair (2 directions), also result-
ing in the 20 translation directions.

Note that the size of the bitext in settings (a)
and (b) are identical. In (a), each sentence has
semantically equivalent counterparts in all other 4
languages. However, in (b), each sentence has only
one counterpart, resulting in simple pairwise data.

To cover different language families and re-
source levels, we choose DE, FR, RU, HE, and AR
as these 5 languages. In Table 3, we show the re-
sults that fine-tune the EC30-based English-centric
model with data in (a) multi-parallel and (b) multi-
directional settings, respectively. Firstly, compared
to the baseline model, clear improvements can be
observed for zero-shot translation in both settings.
Meanwhile, in all groups, the performance in set-
ting (a) closely trails but never surpasses that in
setting (b). It shows that the boosting effects do
NOT depend on multi-way semantic equivalence,

Setting EN-X X-EN | Zero-Shot | Off-Target (%)
Baseline | 49.8  51.3 25.7 51.8
“Numbers | 499 515 | 268 | 461
Words 483  50.7 35.8 3.6
NTREX | 495 509 40.0 0.5

Table 4: The results (ChrF++) after fine-tuning. "Num-
bers", "Words", and "NTREX" denote different types of
fine-tuning data (see Section 4.3).

implying simple multi-directional data is sufficient
in case fully multi-parallel samples do not exist.

4.3 The Role of Semantic and Syntactic
Information in Fine-Tuning Data

Considering that a small amount of fine-tuning data,
e.g., 100 or even one single sample, can still sub-
stantially enhance overall zero-shot performance,
a related question arises: To what extent do these
improvements stem from the intrinsic information
inherent in the data itself? In this section, we pro-
vide some insights into the role that the semantics
and syntactic of fine-tuning data play in the surpris-
ing improvements for zero-shot translation.

We choose the English-centric model trained on
Europarl-8 as our baseline (see Section 3.6), and
fine-tune it on three datasets as follows:

Number Pairs. For each direction, we perform a
uniform sampling of digits (ranging from 1 to 1000)
multiple times, concatenating them to a certain
length. Then, it is replicated for both the source and
target sides, forming a number translation sample,
as shown in Figure 6. Given no semantic other than
numerical information is contained in this setting,
we try to check whether the improvements stem
from factors other than the data itself, e.g., the tags.

Word Pairs. We utilize bilingual dictionaries
from MUSE 8 (Lample et al., 2018) to build word
pairs for all of the directions. MUSE contains 110
English-centric bilingual dictionaries and all lan-
guages of Europarl-8 are included. We first select

8https: //github.com/facebookresearch/MUSE
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the intersection of English words for the 7 involved
English-centric dictionaries. Then, we extend them
by mapping words paired with the same English
words together’. E.g., given an EN-DE pair {bike,
Fahrrad} and an EN-NL pair {bike, fiets}, we can
build a new DE-NL word pair { Fahrrad, fiets}. Fi-
nally, we built 28 dictionaries (16,737 word pairs
for each) covering all 56 directions.

Sentence Pairs. We use 100 randomly selected
multi-parallel samples from NTREX to construct
pairwise data covering all directions.

To ensure a fair comparison, we maintain similar
surface information across the three datasets, such
as aligning the number of tokens in the number-pair
and word-pair datasets with the English portion in
the sentence-pair dataset. Table 4 shows the corre-
sponding fine-tuning results: 1) Fine-tuning with
number pairs results in marginal improvements.
Conversely, fine-tuning with word pairs leads to no-
ticeable zero-shot improvements (+10.1 ChrF++).
Simultaneously, the off-target ratio also decreases
to an acceptable level. This means that semantic in-
formation, particularly at the lexical level, plays an
important role here. 2) When using sentence-pair
data (NTREX) to fine-tune, considerable further
improvements compared to word-pair counterparts
can be observed, showing that syntactic-level infor-
mation also matters.

5 Conclusion

In this paper, we show that the zero-shot perfor-
mance of an English-centric MMT model can be
easily boosted by a tiny amount of multi-parallel
data. On EC30, +21.7 ChrF++ average gains can
be achieved by fine-tuning using 100 samples from
NTREX, meanwhile preserving the English-centric
performance, see Section 3.4. More surprisingly,
we show that fine-tuning on a small portion (10%)
of directions can achieve comparable improve-
ments to full-direction fine-tuning, see Section 3.5,
which are even close to the ideal but impractical
upper-bound model, see Section 3.6.

In terms of using language tags, we show that
fine-tuning can address the two-tag model’s per-
formance degradation in zero-shot directions (Wu
et al., 2021). Moreover, the final performance sub-
stantially surpasses that of the one-tag model across
multiple metrics, see Section 3.4.

?Specifically, for each one-to-many mapping that exists,
we randomly select a one-to-one mapping.

We also question earlier findings (Zhang et al.,
2020; Yang et al., 2021; Sennrich et al., 2023; Chen
et al., 2023) that consider the off-target issue as a
challenging problem for MMT. This paper shows
that the off-target issue can be easily addressed by
fine-tuning with even a single sample. Moreover,
we also observe clear gains on the already on-target
translations after fine-tuning with a few samples,
implying that the off-target issue is not the primary
source, but more like a symptom, of low zero-shot
quality, see Section 4.1.

By decoupling the impacts of multi-parallel sig-
nals, we demonstrate that fine-tuning data does not
have to be multi-parallel to achieve significant im-
provements, see Section 4.2. However, we still
recommend using multi-parallel data, as it is al-
ready sufficient, albeit small-scale, and convenient
for building fine-tuning data in each involved direc-
tion. Lastly, we shed some light on the impact of
different types of signals from the fine-tuning data
on the final performance, see Section 4.3.

Given the clear advantages of our proposed
method, we encourage the community to consider
fine-tuning as a strong baseline for zero-shot trans-
lation, especially in the two-tag setting. Further-
more, we suggest that the community reconsider
the real bottlenecks of MMT systems in light of the
evidence presented in this paper: 1) the off-target
issue is overestimated and can be easily managed,
and 2) the potential of single-language-centric (like
English) MMT models, is substantial and often
overlooked.

Limitations

Multi-parallel data are normally built in a way
that translates the same English data into multi-
ple other languages by professional human trans-
lators. Hence, in the resulting non-English fine-
tuning data, both the source and target side are
translated instead of using the original text. This
may exacerbate potential drawbacks in certain di-
rections, such as translationese.

Broader Impact

MMT systems have significant progress recently.
However, potential challenges such as mistransla-
tion or fairness problems still exist, e.g., the gen-
eration ability is not guaranteed to be fair across
languages or demographic features, which may run
the risk of reinforcing societal biases.
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A Appendix

A.1 Detailed Dataset Description

EC30. In Table 5, we list the details of the EC40
dataset. We conducted experiments on EC30, a
subset of EC40, where we excluded the data of
10 super low-resource languages, resulting in 30
English-centric language pairs with a total of 61M
pairwise data. Each resource group consists of
languages from 5 families with multiple writing
systems.

A.2 Training Setting

For all of the English-centric training, the learning
rate is 5e-4 with 4,000 warmup steps and a inverse
sqrt decay schedule. All dropout rates and label
smoothing are set to 0.1. In the case of EC30 and
Europarl-8, the batch size is set as 8,196 tokens, ac-
cumulating gradients 20 and 8 times, respectively.
Also, data from different language pairs are sam-
pled with a temperature of 5.0 and 2.0, respectively.
The same temperature is applied to both BPE build-
ing and MMT training periods. We train all models
with an early-stopping strategy'® and evaluate by
using the best checkpoint as selected based on the
loss on the development set.

For fine-tuning, all parameters are kept the same
as those in training, except for 1) we set batch
accumulation as 1 in Section 4 as extremely small
fine-tuning data is used, and 2) we set patience as
3 for quick experiments.

Note that we use 4 A6000 GPU cards for
English-centric training with FP16 optimization,
which means the actual batch size is also 4 times
bigger. For fine-tuning, we use a single A6000
GPU card.

A.3 Detailed Results on EC30

We report our detailed results in 970 directions
(including English-centric and zero-shot directions)
on EC30 datasets for both one-tag and two-tag
models. The results are measured by 3 widely used
metrics, 1.e., ChrF++, SacreBLEU, and COMET.
Table 6, Table 7 and Table 8 show the specific
performance of the two-tag model in each direction
measured by ChrF++, SacreBLEU, and COMET,
respectively. In each table, we report the corre-
sponding performance of the baseline, boost-100,

Patience is set to {10, 20}, i.e., training stops if perfor-
mance on the validation set does not improve for the last {10,
20} checkpoints, with 1,000 steps between checkpoints.

and boost-all models. We also report the corre-
sponding results in one-tag setting in Table 9, Ta-
ble 10, and Table 11, respectively. The results
grouped by resource level can be found in Ta-
ble 1, 12, and 14 for ChrF++, SacreBLEU, and
COMET, respectively.

We also report the influence fine-tuning brings
on English-centric directions, which can be found
in Table 2, 13, and 15 for ChrF++, SacreBLEU,
and COMET, respectively.

A4
A.4.1 Limited Fine-tuning Direction Set

More Data or More Directions?

To further investigate the surprising boosting ef-
fects that partial directional data brings, we limit
the fine-tuning direction set to fall in a specific fam-
ily and check the corresponding influence across
language families. Here, we limit the fine-tuning
set within Germanic (including English) and also
use NTREX to build pairwise samples to cover all
of the possible 42 translation directions.

Figure 5 summarizes the zero-shot performance
across language groups. It is easy to see that
even when limiting fine-tuning to a specific lan-
guage family (Boost-Germanic), the overall per-
formance remains comparable to full fine-tuning
(Boost-All). More specifically, Boost-Germanic
achieves a slight improvement over Boost-All in
Germanic directions, meanwhile slightly lagging
behind in all other groups, which is also intuitive.
However, the gap between the two settings is still
small. This finding further demonstrates the insen-
sitivity of the directional data during fine-tuning.
Detailed results, including those in other metrics,
are provided in Table 18.

A.4.2 Detailed Results: More Data or More
Directions?

Table 18 shows the detailed results when fine-

tuning with Germanic data and all of the NTREX

data.

A.5 Detailed Results: How Close to the Upper
Bound?

In Table 19, 20 and 21, we show the detailed
results for the baseline, boosted, and upper bound
models on the Europarl-8 dataset in the metric of
ChrF++, COMET, and SacreBLEU, respectively.

A.6 Number Pairs

The synthetic number pairs and word pairs are il-
lustrated in Figure 6.
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Resource Germanic Romance Slavic Indo-Aryan Afo-Asiatic
ISO Language Script | ISO  Language  Script | ISO Language  Script | ISO Language Secript ISO Language  Script
High (5M) DE German Latin | FR French Latin | RU Russian  Cyrillic | HI Hindi Devanagari | AR Arabic Arabic
NL Dutch Latin | ES Spain Latin | CS Czech Latin | BN  Bengali Bengali HE Hebrew  Hebrew
Med (IM) NY% Sweqish Lat?n IT Italian Latin | PL Polish La_tin KN Kannadfi Devanagar? MT Maltese Lat?n
DA Danish Latin | PT  Portuguese Latin | BG Bulgarian Cyrillic | MR Marathi  Devanagari | HA Hausa* Latin
Low (100K) AF Afrikaans Latin | RO  Romanian Latin | UK  Ukrainian Cyrillic | SD Sindhi Arabic TI Tigrinya  Ethiopic
LB Luxembourgish Latin | OC Occitan Latin | SR Serbian Latin | GU Gujarati Devanagari | AM  Amharic  Ethiopic
eLow (50K) NO Norwegian Latin | AST  Asturian  Latin | BE Belarusian Cyrillic | NE Nepali ~ Devanagari | KAB  Kabyle* Latin
IC Icelandic Latin | CA Catalan Latin | BS Bosnian Latin | UR Urdu Arabic So Somali Latin

Table 5: Details of the EC40 dataset. Numbers in the table represent the number of sentences, e.g., SM denotes
exactly 5,000,000 sentences. Two exceptions are Hausa and Kabyle, where the size is 334K and 18K, respectively.

W Baseline Boost-All M Boost-Germanic

I Baseline Boost-All B Boost-Germanic I Baseline Boost-All B Boost-Germanic
50 50 50
40 40 40
30 30 30
20 20 20
10 I I 10 10
: [ ]| )| B :

Germanic Romance  Slavic Aryan  Asiatic Romance  Slavic Aryan  Asiatic Romance  Slavic Aryan  Asiatic

(a) Within Each Family (b) Out of Germanic (c) Into Germanic

Figure 5: Zero-shot performance (ChrF++) on EC30. Boost-All means fully fine-tuning, while Boost-Germanic
means partially fine-tuning using Germanic languages. (a) shows the average performance evaluated within a specific
language group, where both the source and target languages belong. (b) and (c) show the average performance in
out-of-Germanic and into-Germanic directions, respectively. Detailed results are provided in Table 18.

Table 6: The ChrF++ performance on EC30 for the baseline, boost-100, and boost-all models in the two-tag fashion,
respectively. 970 directions of results are shown, including both English-centric and zero-shot ones. Overall, in all
870 zero-shot directions, the boost-100 model achieves better performance compared to the baseline. Moreover, in
845 out of 870 zero-shot directions, the gain exceeds 10.0.

Table 7: The SacreBLEU performance on EC30 for the baseline, boost-100, and boost-all models in the two-tag
fashion, respectively. 970 directions of results are shown, including English-centric and zero-shot ones. Overall, in
all 870 zero-shot directions, the boost-100 model achieves better performance compared to the baseline. Moreover,
in 702 out of 870 zero-shot directions, the gain exceeds 5.0.
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Table 8: The COMET performance on EC30 for the baseline, boost-100, and boost-all models in the two-tag
fashion, respectively. 970 directions of results are shown, including English-centric and zero-shot ones. Overall, in
869 out of 870 zero-shot directions, the boost-100 model achieves better performance compared to the baseline.
Moreover, in 636 out of 870 zero-shot directions, the gain exceeds 10.0.

Table 9: The ChrF++ performance on EC30 for the baseline, boost-100, and boost-all models in the one-tag fashion,
respectively. 970 directions of results are shown, including English-centric and zero-shot ones. Overall, in all 8§70

zero-shot directions, the boost-100 model achieves better performance compared to the baseline. Moreover, in 564
out of 870 zero-shot directions, the gain exceeds 5.0.

Table 10: The SacreBLEU performance on EC30 for the baseline, boost-100, and boost-all models in the one-tag
fashion, respectively. 970 directions of results are shown, including English-centric and zero-shot ones. Overall, in
869 out of 870 zero-shot directions, the boost-100 model achieves better performance compared to the baseline.
Moreover, in 423 out of 870 zero-shot directions, the gain exceeds 3.0.

Table 11: The COMET performance on EC30 for the baseline, boost-100, and boost-all models in the one-tag
fashion, respectively. 970 directions of results are shown, including English-centric and zero-shot ones. Overall, in

866 out of 870 zero-shot directions, the boost-100 model achieves better performance compared to the baseline.
Moreover, in 501 out of 870 zero-shot directions, the gain exceeds 5.0.
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Model H-H HM HL M-H MM ML L-H L-M L-L | AVG
Baseline 1.5 2.2 1.3 1.8 2.4 1.3 26 3.1 1.3 2.0
c;%” Boost-100 | 13.4 142 9.0 13.8 142 92 108 112 6.8 11.4
& | Boost-All | 14.0 149 100 144 149 101 116 121 7.8 12.2
E [AT100 " [ +10.9 4120 477 +12.0 118 +79 482 481 455 | +94
A-All +12.5 +12.7 487 +12.6 +12.5 +88 +9.0 +9.0 +6.5 | +10.2
Baseline 8.4 9.0 4.6 8.8 8.9 4.7 64 6.7 3.1 6.7
é” Boost-100 | 12.4 12.8 8.0 12.7 12.6 8.1 9.5 9.7 5.7 10.2
b | BoostAll | 129 134 90 132 133 91 104 106 68 | 109
O | A-100 +4.0 +3.8 +34 +39 +3.7 +34 +3.1 +3.0 +2.6 | +3.5
A-All +4.5 +44 +44 +44 +44 +44 +4.0 +39 +3.7 | +4.2

Table 12: Zero-shot performance (SacreBLEU) on the EC30 dataset (61M sentence pairs) with two language tag
strategies, grouped by High-, Medium, and Low-resource, respectively. A-100 and A-All mean the corresponding
performance changes compared with the baselines.

Model High Medium Low Overall
ode EN-X X-EN | EN-X X-EN | EN-X X-EN | EN-X X-EN AVG
Bascline | 28.0 314 | 295 314 | 187 258 | 254 295 275

& | Boost-100 | 27.3 299 | 290 311 | 188 250 | 250 287 269

& | Boost-All | 27.1 297 | 287 31.1 | 193 258 | 250 289 27.0

E [A00 |07 15| 05 03 [+01 08 | 04 08 06
A-All 09 -1.7 | -08 -03 | 406 00 | -04 -06 -05

Baseline 284 309 | 298 309 195 253 | 259 29.0 275

& | Boost-100 | 27.6 305 | 29.6 314 | 194 255 | 255 291 273

g | Boost-All | 270 300 | 287 312 | 196 255 | 25.1 289 270

S [ A-100 08 04| 02 405 [ 01 02| 04 401 02
A-All 14 =09 | -1 403 | 401 402 | 08 -01 05

Table 13: English-centric performance (SacreBLEU) on the EC30 dataset (61M sentence pairs). EN-X and X-EN
denote the average out-of- and into-English translation performance of each resource group, respectively.

Model HH HM HL MH MM ML LH LM LL | AVG
Baseline 51.0 524 473 48,6 499 450 464 493 43.6 | 482
Boost-100 | 70.6 712 640 691 697 63.1 63.1 648 587 | 66.0
Boost-All | 71.3  71.8 657 699 704 648 644 660 609 | 673

A-100 +19.6 +18.8 +16.7 +20.5 +19.8 +18.1 +16.7 +15.5 +15.1 | +17.8
A-All +20.3 +194 +184 +21.3 +20.5 +19.8 +18.0 +16.7 +17.3 | +19.1
Baseline 61.2 62.6 54.4 58.8 60.2 52.2 51.9 54.9 47.8 56.0

Two-Tag

c:v? Boost-100 | 68.1 68.8 61.7 66.5 67.1 60.5 60.2 62.1 55.8 63.4
o | Boost-All | 689 695 636 676 680 627 621 637 587 | 650
O | A-100 +6.9 +6.2 +7.3 +7.7 +6.9 +8.3 +8.3 +7.2 +8.0 | +74

A-All +7.7 +6.9 +9.2 +8.8 +7.8 +10.5 +10.2 +8.8 +10.9 | +9.0

Table 14: Zero-shot performance (COMET) on the EC30 dataset (61M sentence pairs) with two language tag
strategies, grouped by High-, Medium, and Low-resource, respectively. A-100 and A-All mean the corresponding
performance changes compared with the baselines.
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Model High Medium Low Overall
EN-X X-EN | EN-X X-EN | EN-X X-EN | EN-X X-EN AVG
Baseline 82.3 83.8 81.0 800 | 73.7 733 | 79.0 79.0 79.0
éﬁ Boost-100 | 82.0 834 | 81.1 813 | 737 744 | 789 797 793
& | Boost-All | 82.1 83.0 | 81.0 81.1 74.3 752 | 79.1 79.8 79.5
S TA00 ] 03 04 [+00° #1300 L0701 407 303
A-All -0.2 -0.8 0.0 +1.1 +0.6  +19 | +0.1 +0.8  +0.5
Baseline 82.0 833 80.6 796 | 732 726 | 786 785 785
é” Boost-100 | 81.8 83.0 | 80.8 809 | 737 742 | 788 794 79.1
b | BoostAll | 816 827 | 806 807 | 739 747 | 787 794 790
O | A-100 -0.2 -0.3 +0.2  +13 | +0.5 +16 | 402 +09 +0.6
A-All -0.4 -0.6 0.0 +1.1 +0.7  +2.1 +0.1 +0.9 +0.5

Table 15: English-centric performance (COMET) on the EC30 dataset (61M sentence pairs). EN-X and X-EN
denote the average out-of- and into-English translation performance of each resource group, respectively.

Model HH HM HL M-H MMM ML L-H LM L-L |AVG
M2M100 40.0 356 248 350 303 21.8 331 299 203 | 30.1
Baseline 11.0 148 106 113 149 105 137 174 109 | 128
Boost-100 | 379 389 322 376 38.0 31.7 345 352 28.6 | 350
Boost-All 38.6 396 335 383 386 330 356 363 303 | 36.0

Appom-100 | 2.1 433 +74 +26 +77 499 +14 +53 +83 | +49
Appop-All | 1.4 +4.0 +87 +33 +83 +11.2 +25 +64 +10.0 | +59

Two-Tag

Table 16: The performance (ChrF++) of our methods compared to M2M 100 (418M parameters) in the involved
directions of EC30. Note that some scores slightly differ from those presented in Table 1. This disparity arises
because M2M 100 lacks support for the medium-resource language mt and the low-resource language fi. To ensure a
fair comparison, we evaluate in 756 zero-shot directions, where these two languages are excluded. Ajps25,-100 and
A proar-All denote the performance gap between M2M100 and our two boosted models (Boost-100 and Boost-All).

Data Size 1 2 5 10 25 50 100
AVG (ChrF++) | 36.0 369 38.0 386 389 392 393
STDEV 05 05 02 02 02 01 0.1

Table 17: We report the mean and variance of the overall zero-shot performance for each step in Figure 4 after
running with three random seeds. Across sample sizes ranging from 1 to 100, we note a consistently small standard
deviation. Furthermore, with increasing sample sizes, the standard deviation diminishes further, indicating a stable
performance across observations.

Metric Model Within Family Out of Germanic Into Germanic
Germanic Romance Slavic Aryan Asiatic | Romance Slavic Aryan Asiatic | Romance Slavic Aryan Asiatic
Baseline 20.8 23.5 12.1 8.0 7.2 21.0 10.5 5.8 7.3 20.9 20.0 16.8 17.8
ChrF++ Boost-All 44.6 45.6 392 342 274 42.2 38.0 341 30.9 42.6 40.6 348 36.4
Boost-Germanic 45.0 445 385 30.3 25.0 41.3 374 324 294 42.4 40.5 33.2 359
Baseline 54.3 58.5 504 459 41.6 56.7 47.6 39.5 41.3 54.9 554 52.8 50.0
Comet Boost-All 68.2 71.6 740 712 66.2 66.3 69.2 69.5 68.2 67.3 67.3 634 61.1
Boost-Germanic 68.5 70.8 72.8 68.0 63.3 65.8 68.3 68.7 66.8 66.9 66.9 61.8 60.1
Baseline 2.8 3.7 2.0 3.7 0.8 2.7 1.6 25 1.1 2.6 22 1.6 1.7
SacreBLEU | Boost-All 17.5 18.7 135 159 6.5 16.4 12.8 153 8.6 15.1 13.8 9.7 11.3
Boost-Germanic 17.8 17.4 12.7 14.3 5.3 153 12.2 14.1 7.6 14.8 13.6 9.1 10.9

Table 18: Zero-shot performance on the EC30 dataset. Boost-All means fine-tuning using all of the NTREX data,
while Boost-Germanic means partially fine-tuning using Germanic languages. The results are in three groups:
1) "Within Family" shows the performance within a specific language group, where both the source and target
languages belong. 2) "Out of Germanic" shows the average performance that is translated out of Germanic languages,
e.g., from Germanic to Romance. and 3) "Into Germanic" shows the average performance that is translated into
Germanic languages, e.g., from Romance to Germanic.
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ChrF++ en da de es fi fr it nl

en - 55.5/55.1/53.6  50.6/51.0/49.0 46.2/46.3/44.8 44.2/43.3/42.8 57.4/56.8/55.3 47.9/47.0/46.3 46.5/46.8/45.3
da 57.2/57.1/55.4 - 28.3/44.3/47.2 24.8/39.9/42.3 22.4/38.5/41.8 30.5/45.6/50.4 26.8/39.5/43.3 23.4/41.9/44.2
de 53.4/53.1/52.0  28.5/44.9/48.7 - 24.6/39.3/41.9 21.4/36.6/40.5 30.2/44.4/49.0 26.9/39.1/42.6 23.4/41.4/43.7
es 48.0/47.8/46.8  26.5/39.7/43.3  25.9/38.3/40.8 - 20.9/34.8/38.1 30.5/44.0/47.4 28.3/40.6/43.2 22.6/38.2/40.7
fi 45.9/45.8/45.4  26.7/39.0/42.7 26.8/36.8/40.6 25.2/35.9/38.8 - 28.4/39.4/44.1  26.6/35.2/39.3  22.5/36.4/39.6
fr 56.0/55.3/54.0 27.3/43.8/47.4 26.8/42.7/45.7 25.7/42.4/44.5 20.7/37.6/41.2 - 28.4/43.8/46.3 23.0/41.2/43.5
it 50.2/49.6/48.9  26.4/40.8/44.4 25.8/39.8/43.0 26.5/41.6/43.9 21.1/35.1/39.3 31.2/46.4/49.8 - 22.9/39.0/41.9
nl 48.2/47.9/47.0  27.0/40.8/43.6  26.7/39.9/42.0 24.5/37.3/39.5 20.7/34.8/37.8 28.4/41.3/44.5 26.1/36.8/39.5 -

Table 19: The detailed ChrF++ results for the baseline, boosted, and upper bound models on the Europarl-8 dataset
are presented, encompassing 14 English-centric directions and 42 zero-shot directions.

COMET en da de es fi fr it nl
en - 79.5/78.8/76.9 72.8/72.5/70.4 75.1/74.9/71.6 77.5/76.6/75.7 75.3/73.8/72.0 76.1/74.9/72.8 75.4/75.0/73.0
da 78.6/78.7/71.6 - 49.7/64.8/71.8  55.3/65.3/71.4 50.4/68.5/75.6 52.7/61.6/70.3 53.1/64.6/72.4 52.4/68.1/73.5

de 76.6/76.6/75.8  56.1/71.6/76.1 - 54.2/63.6/69.7 49.0/66.2/73.9 51.4/61.7/68.6 52.6/64.2/71.4 51.0/68.5/73.7
es 75.5/75.5/74.6  54.8/66.6/73.7 46.9/60.7/67.3 - 48.2/66.5/73.4  53.4/65.5/72.1 54.5/69.6/75.8 50.3/64.6/70.7
fi 75.2/74.3/75.0  55.6/66.5/73.6 47.9/59.3/67.4 54.5/62.5/69.2 - 51.7/59.5/68.6  52.7/63.0/69.9 51.7/63.1/69.9
fr 79.1/79.1/71.6  57.4/69.6/75.5 48.6/63.7/70.6 57.9/70.9/75.2 50.3/68.9/75.6 - 56.3/72.5/77.2 52.7/68.4/73.2
it 76.6/76.6/75.8 55.8/67.8/74.2 47.4/61.3/69.2 56.6/70.4/74.8 48.8/66.6/74.3 54.8/67.3/73.4 50.8/65.6/71.8

nl 75.7/75.6/75.0 55.6/69.2/75.0 48.6/64.1/70.2 54.0/64.2/69.5 48.3/66.0/72.9 51.4/61.0/68.4 51.7/64.1/70.6

Table 20: The detailed COMET results for the baseline, boosted, and upper bound models on the Europarl-8 dataset
are presented, encompassing 14 English-centric directions and 42 zero-shot directions.

SacreBLEU en da de es fi fr it nl
en - 30.4/30.4/28.1  23.0/23.3/21.6  18.9/19.2/17.9 13.7/12.8/12.9 32.6/30.8/30.6  19.9/18.9/18.7 17.6/18.0/16.9
da 31.1/31.0/28.3 - 6.4/16.4/19.5  4.2/13.7/15.9 3.0/9.7/12.0 7.9/18.4/24.3  4.9/12.5/15.8  3.3/13.4/15.1
de 26.5/26.5/24.3  7.0/18.9/22.8 - 4.3/13.0/15.7 2.8/8.6/11.1 7.6/17.6/22.9  5.4/12.5/15.1 3.5/13.3/15.3
es 18.4/18.5/17.4  5.0/13.0/15.9  4.2/10.2/12.1 - 2.0/6.5/8.2 6.9/15.1/20.3  5.5/11.8/15.1 2.7/9.5/11.4
fi 18.5/18.4/17.9 5.7/13.7/16.8  4.8/10.1/13.1  4.5/10.5/12.7 - 6.1/13.5/18.0 4.5/9.2/12.7 2.8/9.0/11.3
fr 28.8/28.4/26.2  5.8/17.3/20.6  5.4/14.2/17.5  4.6/15.8/17.8 2.4/9.3/11.5 - 6.1/16.0/18.6  3.2/12.5/14.5
it 20.7/20.6/19.4  5.1/13.8/16.7  4.5/11.4/14.3  5.0/14.2/17.0 2.3/7.1/9.5 7.9/18.4/22.8 - 2.9/10.0/12.1
nl 20.7/20.5/19.2  5.6/14.6/17.0  5.1/12.2/13.7  4.2/11.4/13.3 2.4/7.4/8.9 6.6/14.7/18.0  4.3/10.3/12.1 -

Table 21: The detailed SacreBLEU results for the baseline, boosted, and upper bound models on the Europarl-8
dataset are presented, encompassing 14 English-centric directions and 42 zero-shot directions.

Figure 6: Illustration of number pairs.

Source Target
961 271 4 137 146 37 124 498 28 73 961 271 4 137 146 37 124 498 28 73
32313542121 324499 17 11 37 33 323 13542 121 324 499 17 11 37 33
71393 331 225517375223 12192 71393 33122551 737522312192
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