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Abstract

Translate-test is a popular technique to im-
prove the performance of multilingual language
models. This approach works by translating
the input into English using an external ma-
chine translation system before running infer-
ence. However, these improvements can be
attributed to the use of a separate translation
system, which is typically trained on large
amounts of parallel data not seen by the lan-
guage model. In this work, we introduce a new
approach called self-translate that leverages the
few-shot translation capabilities of multilingual
language models. This allows us to analyze the
effect of translation in isolation. Experiments
over 5 tasks show that self-translate consis-
tently outperforms direct inference, demonstrat-
ing that language models are unable to leverage
their full multilingual potential when prompted
in non-English languages.

1 Introduction

Multilingual autoregressive language models like
XGLM (Lin et al., 2022), BLOOM (Scao et al.,
2023) and PalLM (Chowdhery et al., 2022; Anil
et al., 2023) have shown impressive capabilities
on many tasks and languages. However, perfor-
mance is usually lower for non-English languages,
especially for low-resource ones (Ahuja et al.,
2023). A common approach to mitigate this prob-
lem is to use translate-test, where the test data
is translated into English using an external Ma-
chine Translation (MT) system, and then fed into
the model. While primarily explored in the tradi-
tional pretrain/finetune paradigm (Ponti et al., 2021;
Artetxe et al., 2023), early evidence has shown that
translate-test can also bring sizeable improvements
for few-shot learning with autoregressive language
models (Shi et al., 2022).

However, translate-test relies on a separate MT
system, which is usually trained on large amounts
of parallel data not seen by the primary model. In
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Figure 1: XGLM results (average accuracy). We show
that self-translate (using the model itself to translate the
input into English) works better than using the original
input in the non-English language.

this paper, we investigate if the improvements from
translate-test are solely due to the use of additional
resources. To answer this question, we propose a
new approach called self-translate, which leverages
the few-shot translation capabilities of autoregres-
sive language models (Vilar et al., 2023) instead
of using an external system. More concretely, we
prompt multilingual models to translate the input
into English, and then feed the translated input to
the same model to solve the task (Figure 2).

As shown in Figure 1, we find that self-translate
works better than solving the task directly in the
original language. This demonstrates that multilin-
gual language models are unable to leverage their
full potential when prompted in non-English lan-
guages. We find this phenomenon to be consistent
across tasks, and more prominent for large mod-
els and high-resource languages. All in all, our
work reveals an important limitation of multilin-
gual language models, and prompts for future work
to unleash their full potential without the need for
intermediate inference steps.



Input

STEP 1: TRANSLATION

Spanish: Mary no dio una bofetada a la
bruja verde.
English: Mary did not slap the green witch.

Spanish:

Prompt

English:

Andy plants 90 geraniums and 40 less
petunias than geraniums. How many
flowers does he plant in total?

Out

STEP 1: INFERENCE IN ORIGINAL LANGUAGE

Pregunta: John tenia 12 manzanas y se ha comido
la cuarta parte. ¢Cuéntas manzanas le quedan?
Solucioén paso por paso: John ha comido 12+4=3
manzanas. Por tanto le quedan 12-3=9 manzanas.
La respuesta es 9.

Pregunta:

Prompt

Solucién paso por paso:

Andy planta 90 geranios y 90-40=50 petunias. Por
tanto planta 90+50=140 flores. La respuesta es 140

Out

STEP 2: : INFERENCE IN ENGLISH

Question: John had 12 apples and ate a quarter
of them. How many apples does he have now?
Stepwise solution: John ate 12+4=3 apples.
Therefore, he has 12-3=9 apples now. The
answer is 9.

Question: Andy plants 90 geraniums and 40 less
petunias than geraniums. How many flowers
does he plant in total?

Stepwise solution:

Prompt

Andy plants 90 geraniums and 90-40=50
petunias. Therefore, he plants 90+50=140
flowers. The answer is 140.

Out

Figure 2: Direct inference (top) vs. self-translate (bottom). In direct inference (standard) the task is solved by
prompting the model in the original language. In self-translate (proposed), we first translate the input into English
by prompting the same model, and then solve the task in English.

2 Experimental settings

We next describe our experimental design, and re-
port additional details in Appendix A.

Models. We experiment with 7 models from 2
families: the 564M, 1.7B, 2.9B and 7.5B mod-
els from XGLM (Lin et al., 2022), and the 7B,
13B and 30B models from LLaMA (Touvron et al.,
2023a). XGLM has a multilingual focus and covers
many languages, but is smaller in size and lags be-
hind recent models in English. In contrast, LLaMA
is primarily trained on English and is much stronger
in this language, while also showing some multi-
lingual capabilities. Appendix B reports additional
results for BLOOM (Scao et al., 2023), LLaMA 2
(Touvron et al., 2023b), OpenLLaMA (Geng and
Liu, 2023), OpenLLaMA V2 (Geng and Liu, 2023),
Redpajama (Computer, 2023) and PolyLM (Wei
et al., 2023).

Methods. As shown in Figure 2, we compare two
methods for each model: direct inference, where
we feed the original (non-English) input to the
model, and self-translate, where we first translate
the input into English using the model itself, and
then feed this translated input to the same model
to solve the task. For translation, we do 4-shot

prompting using examples from the FLORES-200
dataset (Costa-jussa et al., 2022), prepending each
sentence with its corresponding language name.
We select the first sentences from the development
set, skipping those that are longer than 100 char-
acters. We use greedy decoding and translate each
field in the input (e.g., the premise and hypothesis
in XNLI) separately. For analysis, we additionally
compare self-translate to using an external state-of-
the-art MT system. To that end, we use the 3.3B
NLLB-200 model (Costa-jussa et al., 2022).

Evaluation. We use the following tasks for eval-
uation: XCOPA (Ponti et al., 2020), a common
sense reasoning task in 11 languages; XStoryCloze
(Lin et al., 2022), a common sense reasoning task
in 11 languages; XNLI (Conneau et al., 2018), a
natural language inference task in 15 languages;
PAWS-X (Yang et al., 2019), a paraphrase identifi-
cation task in 7 languages; and MGSM (Shi et al.,
2022), a mathematical reasoning task with grade
school problems in 11 languages. For MGSM,
we do 8-shot evaluation with a chain-of-thought
prompt, and extract the answer using a regular ex-
pression. The rest of the tasks are not generative,
so we feed each candidate in a zero-shot fashion
and pick the one with the highest probability.
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Table 1: Main results (accuracy). Task performance in terms of accuracy for different sizes of XGLM and LLaMA,
using direct inference and self-translate. The last column shows the average accuracy over all tasks. We highlight
the best results for each model and task in bold and show the difference between direct and self-translate.

3 Results

Table 1 reports our main results, and Figure 1 visu-
alizes the average accuracy of XGLM as a function
of scale. Figure 3 compares the downstream perfor-
mance and translation quality of self-translate and
NLLB, grouped by low-resource and high-resource
languages. Additional results are reported in Ap-
pendix B. We next summarize our main findings:

Self-translate outperforms direct inference.
We find that self-translate works better than direct
inference on average for all models. The results
are also consistent across tasks, with only a few
exceptions for the smaller XGLM models that can
be explained by their lower translation capabilities.
This proves that multilingual language models are
more capable than immediately obvious in non-
English languages, but unveiling their full potential
requires performing intermediate steps.

Multilingual language models do transfer capa-
bilities across languages. One possible explana-
tion for the previous finding is that language models
acquire capabilities separately for each language,
without any effective cross-lingual transfer. How-
ever, a closer comparison of LLaMA and XGLM
refutes this hypothesis. In particular, we observe
that LLaMA is much better than XGLM in MGSM
despite being worse in other tasks. This is because
MGSM is an emergent task (Wei et al., 2022), and
XGLM, being smaller and less capable, obtains
near 0 accuracy. In contrast, LLaMA is more ca-
pable at solving math word problems, and it is

able to leverage this capability even if prompted
in other languages. The superior performance of
self-translate shows that this cross-lingual transfer
is not fully effective, but our results suggest that it
does happen to a large extent.

Self-translate is more effective for high-resource
languages and large models. Figure 1 shows
that the gap between self-translate and direct in-
ference gets larger at scale. Similarly, as shown
by Table 1, it is the largest LLaMA model that
obtains the biggest absolute gains over direct in-
ference. At the same time, Figure 3 (top) shows
that the effect of scale is bigger for high-resource
languages and, for the largest model sizes, high-
resource languages benefit more from self-translate
than low-resource languages. This suggests that
the effectiveness of self-translate is not explained
by the limited capacity of smaller models, and can
be expected to increase at scale.

MT outperforms self-translate, but the gap nar-
rows at scale. As shown by Figure 3 (top), NLLB
performs better than self-translate, meaning that it
can still be beneficial to use an external MT system.
However, the gap narrows at scale, as the trans-
lation capabilities of the largest models approach
NLLB (Figure 3, bottom). Given the recent claims
that state-of-the-art multilingual language models
are competitive with traditional MT systems (Vi-
lar et al., 2023; Hendy et al., 2023), this suggests
that stronger language models would not require
an external MT system for best results.
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Figure 3: Downstream (top) and MT (bottom) performance, grouped by low-resource (left) and high-resources
(right) languages. For downstream, we report average accuracy over XStoryCloze, XCOPA and XNLI, which
have the most language variety. Low- and high-resource languages follow Lin et al. (2022), merging the low and
ex-low categories. For MT, we report COMET (Rei et al., 2022), using the target language text for each field in
those datasets as the source, and the English text as the reference.

4 Related work

Translate-test is a strong baseline in the tradi-
tional pretrain/finetune paradigm (Ponti et al., 2021;
Artetxe et al., 2023). Early evidence shows that it
is also effective for prompting autoregressive lan-
guage models (Lin et al., 2022; Shi et al., 2022), as
these models have irregular performance depend-
ing on the input language (Bang et al., 2023). Re-
cent work has shown that multilingual language
models are good translators (Zhang et al., 2023;
Hendy et al., 2023; Vilar et al., 2023), which our ap-
proach exploits to replace the external MT system
in translate-test. Concurrent to our work, Huang
et al. (2023) propose a more complex prompting
method that involves translating the input, but they
only experiment with proprietary models and do
not study the role of translation in isolation. Finally,
Reid and Artetxe (2023) show that using synthetic
parallel data from unsupervised MT can improve

the performance of multilingual models, but they
focus on pretraining seq2seq models.

5 Conclusion

We have proposed a new method called self-
translate, where we use a multilingual language
model to translate the test data into English, and
then feed the translated data to the same model to
solve the task. Self-translate consistently outper-
foms the standard direct inference approach, which
directly feeds the test data in the original language.
Our approach does not involve any additional data
or training, showing that language models are not
able to leverage their full multilingual potential
when prompted in non-English languages. In the
future, we would like to explore training methods
to mitigate this issue without the need of interme-
diate inference steps. Our code and data will be
available upon acceptance.



Limitations

Despite consistently outperforming direct infer-
ence, self-translate is substantially slower due to
the cost of the translation step.

Our goal was to study a fundamental limitation
of multilingual language models, and we decided to
use base models to that end. In practice, instruction-
tuned models would remove the need for few-shot
prompts and make self-translate more efficient, as
well as enabling to translate and solve the task in a
single step.

Finally, all the datasets that we use were created
through (human) translation, which can result in
evaluation artifacts for methods involving machine
translation (Artetxe et al., 2020). A more realistic
scenario would be to use datasets that are natively
written in different languages, but such datasets are
scarce and not standard for evaluating autoregres-
sive language models.
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A Experimental details

In this section, we report additional experimental
details that cover the evaluation library, task de-
scriptions and prompts.

A.1 Evaluation library

We use LM Evaluation Harness (Gao et al., 2021)
for evaluation. There were no multilingual tasks
in the library, so we decided to add them so that
our results can be replicated and extended to more
models. For self-translate and MT, we define an-
other evaluation task that uses a different dataset
format. We created a fork of the evaluation library
that includes these additional tasks, which will be
available upon acceptance. All the translations
generated with self-translate and MT will also be
published.

A.2 Prompts

For self-translate and MT, we used the same En-
glish prompts used in XGLM to evaluate most tasks
(Table 2). For direct inference, we use multilin-
gual prompts, which are already available in some
datasets (e.g. MGSM). When multilingual prompts
are not available, we create them by translating
English prompts to each language, using Google
Translate. Note that this is suboptimal because
translations are generally not as good as native
prompts. Another option would be to always use
English prompts, but this is also unnatural because
it adds English tokens in the middle of other lan-
guages. All the multilingual prompts are available
in the evaluation library above.

B Additional results

In this section, we report additional results that
cover direct vs. self-translate, self-translate vs. MT,
results by language and translation metrics.

B.1 Direct vs. self-translate

We include additional direct vs. self-translate re-
sults for BLOOM (Scao et al., 2023), LLaMA
2 (Touvron et al., 2023b), OpenLLaMA (Geng
and Liu, 2023), OpenLLaMA V2 (Geng and Liu,
2023), Redpajama (Computer, 2023) and PolyLM
(Wei et al., 2023). Similar to XGLM, BLOOM has
a multilingual focus and covers many languages.
The rest of the models are similar to LLaMA, which
is primarily trained on English and is much stronger
in this language, while also showing some multi-
lingual capabilities. Table 3 shows the results as
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Task ‘ Template ‘ Candidate Verbalizer
XCOPA | (00 cantence 1) therefore Thock] Hdeniy
XStoryCloze ‘ {Context} [Maskl] ‘ Identity
XNLI ‘ {Sentence 13}, right? [Mask], {Sentence 2} ‘ Entailment: Yes | Neutral: Also | Contradiction: No
PAWS-X ‘ {Sentence 1}, right? [Mask], {Sentence 2} ‘ True: Yes | False: No
MGSM ‘ Question: {Question} Step-by-Step Answer: ‘ None

Table 2: Handcrafted English prompts for multilingual tasks. The identity function maps each candidate choice
to itself. In the case of MGSM there is no verbalizer, because the model generates an answer that is extracted with a

regular expression.

accuracy of the direct and self-translate methods
in all tasks for different models and sizes. Results
resemble the ones obtained by XGLM and LLaMA
in the main results, so we can conclude that self-
translate is consistent across different models.

B.2 Self-translate vs. MT

We include additional self-translate vs. MT results
for XGLM (Lin et al., 2022) and LLaMA (Tou-
vron et al., 2023a). Table 4 shows task accuracy for
different sizes of these models, using self-translate
inference and MT. The last column shows the av-
erage accuracy over all tasks.

B.3 Results by language

We include additional language results for XGLM
(Lin et al., 2022) and LLaMA (Touvron et al.,
2023a). Tables 5 to 9 show the results by language
in different tasks, using different model sizes and
the direct inference, self-translate, and MT meth-
ods. The last column shows the average accuracy
over all languages except English.

B.4 Translation metrics

We obtain similar results with BLEU (Papineni
et al., 2002) and COMET (Rei et al., 2022) metrics.
We report the average COMET and BLEU scores
across all languages for NLLB, XGLM, BLOOM
and LLaMA in Tables 10 and 11.

B.5 Translation metrics by language

We report NLLB, XGLM, BLOOM and LLaMA
COMET metrics for each language and task in
Tables 12 to 16, and BLEU metrics in Tables 17
to 21.



Model Size  Method XStoryC  XCOPA XNLI PAWS-X MGSM | Avg

0.6B Direct 52.9 54.0 36.6 49.3 1.7 38.9
’ Self-translate ~ 52.9 51.0 414 48.4 1.5 39.0
17B Direct 55.2 55.1 39.2 47.0 2.3 39.8
’ Self-translate ~ 55.5 54.7 41.9 48.0 1.8 40.4
BLOOM
30B Direct 56.4 56.1 39.8 49.4 2.0 40.7
’ Self-translate  57.2 56.7 44.1 52.1 2.1 42.4
71B Direct 58.2 56.9 40.7 50.2 3.2 41.8
’ Self-translate  59.3 59.7 45.4 54.4 3.1 44.4
7B Direct 55.6 56.7 39.2 57.9 1.8 422
Self-translate  57.8 59.3 47.6 61.3 7.2 46.6
LLaMA 2
13B Direct 57.2 58.2 39.8 52.4 13.2 44.2
Self-translate  59.9 61.3 46.0 55.2 19.2 48.3
3B Direct 51.4 53.0 36.3 52.6 1.1 38.9
Self-translate  52.3 53.1 41.8 56.8 14 41.1
RedPajama
7B Direct 53.3 52.5 38.2 54.5 2.0 40.1
Self-translate  53.9 55.2 42.6 574 3.2 42.5
3B Direct 51.0 52.4 35.7 48.4 1.1 37.7
Self-translate  53.4 52.5 39.7 53.1 1.9 40.1
OpenLLaMA 7B Direct 52.4 52.9 37.0 51.8 1.9 39.2
Self-translate ~ 55.5 53.9 43.1 56.9 3.6 42.6
13B Direct 53.8 54.0 38.6 52.7 3.5 40.5
Self-translate  55.4 56.0 44.2 58.0 53 43.8
3B Direct 52.2 53.7 36.8 49.0 2.2 38.8
Self-translate  54.5 55.6 43.4 52.8 3.0 41.9
OpenLLaMA V2
7B Direct 53.9 54.4 38.2 52.3 3.6 40.5
Self-translate ~ 55.7 56.9 44.6 56.2 5.7 43.8
1 7B Direct 51.8 54.3 37.4 48.2 1.4 38.6
’ Self-translate  52.6 53.2 40.6 49.4 1.6 39.5
PolyLM
13B Direct 56.3 58.9 41.4 55.0 4.4 43.2
Self-translate  57.4 60.4 45.6 57.3 53 45.2

Table 3: Direct vs. self-translate. Task accuracy for different sizes of BLOOM, OpenLLaMA, OpenLLaMA V2,
Redpajama and PolyLM, using direct inference and self-translate. The last column shows the average accuracy over
all tasks. We highlight the best results for each model and task in bold.

Model Size  Method XStoryC~ XCOPA XNLI PAWS-X MGSM ‘ Avg
06B Self-translate  52.8 534 41.5 50.6 14 39.9
) MT 57.3 59.8 46.3 51.7 1.1 43.2
1.7B Self-translate  55.9 58.4 449 50.2 1.7 42.2
’ MT 60.7 62.3 47.4 51.2 2.3 44.8
XGLM
2 9B Self-translate  58.2 62.5 46.2 53.2 1.6 44.3
’ MT 62.3 65.3 48.8 55.7 2.2 46.9
758 Self-translate ~ 60.9 64.4 48.9 55.4 0.1 45.9
’ MT 63.6 66.3 50.7 57.4 0.0 47.6
7B Self-translate  55.8 54.9 43.0 57.0 6.1 43.4
MT 66.8 68.6 48.6 58.8 10.7 50.7
Self-translate ~ 57.7 56.5 35.1 52.1 10.0 42.3
LLaMA 138 yip 68.1 70.4 3.0 542 165 | 489
30B Self-translate ~ 59.0 58.4 43.5 55.6 16.3 46.6
MT 68.7 71.5 46.1 55.9 28.6 54.2

Table 4: Self-translate vs. MT. Task accuracy for different sizes of XGLM and LLaMA, using self-translate and
MT. The last column shows the average accuracy over all tasks. We highlight the best results for each model and
task in bold.



Model Size  Method ar en es eu hi id my ru SW te zh | avg

Direct 50.1 60.6 551 531 523 540 515 562 531 559 533|535
0.6B  Self-translate ~ 52.2 _ 531 540 535 536 523 539 521 530 500 | 528
MT 58.1 _ 572 557 574 579 552 588 565 595 56.8 | 573
Direct 525 643 592 561 558 580 538 598 560 580 562 | 565

1.7B  Self-translate  55.4 _ 584 543 551 571 555 584 553 548 549 | 559
XGLM MT 61.9 _ 604 583 617 614 578 627 600 613 616 | 60.7
Direct 539 673 610 563 575 614 552 622 567 600 576 | 582
29B  Self-translate  56.3 _ 613 569 583 604 576 597 579 563 57.8 | 582
MT 63.0 _ 632 612 633 629 588 647 600 628 63.0 | 623
Direct 562 698 641 577 588 629 571 635 593 602 589 | 599
7.5B  Self-translate  60.7 _ 638 598 613 629 578 644 600 576 604 | 609
MT 64.3 _ 647 631 649 634 603 659 614 633 650 | 63.6
Direct 483 748 65.1 50.1 5277 521 487 614 504 529 543 | 536

7B Self-translate  52.2 _ 680 500 519 565 502 668 506 514 604 | 558
MT 67.7 _ 684 654 685 683 625 701 643 655 672 | 66.8
Direct 49.7 773 694 507 523 553 478 634 499 533 565 | 54.8
LLaMA  13B  Self-translate 55.2 _ 721 50.8 537 593 518 704 484 518 632|577
MT 68.6 _ 700 664 700 690 628 71.7 66.0 677 69.1 | 68.1
Direct 509 782 708 514 56.7 592 488 66.7 506 532 586 | 56.7

30B  Self-translate  56.4 _ 740 488 602 626 510 714 489 499 67.0 | 59.0
MT 70.0 _ 715 666 700 693 636 733 670 669 69.0 | 68.7

Table 5: XGLM and LLaMA results on XStoryCloze for each language. We show task accuracy for different
sizes of these models, using direct inference self-translate and MT. The last column shows the average accuracy
over all languages except English.

Model Size  Method et ht id it qu SW ta th tr vi zh | avg
Direct 556 550 572 538 492 532 562 552 544 584 556 | 549

0.6B  Self-translate 52.2 542 594 518 500 526 550 552 552 518 504 | 534

MT 600 61.0 604 618 504 594 616 588 624 618 60.2 | 59.8

Direct 56.8 558 646 540 522 566 552 582 534 630 580 |57.1

1.7B  Self-translate 59.0 57.0 606 60.0 50.8 578 588 584 608 610 584 | 584

XGLM MT 656 628 634 656 504 622 638 61.0 638 640 626 | 623
Direct 582 558 66.8 602 502 588 542 570 56.6 652 60.0 | 585

29B  Self-translate 644 652 648 642 520 622 594 608 620 654 674 | 625

MT 692 654 672 708 510 648 652 640 664 672 67.0 | 653

Direct 612 574 694 636 488 600 544 594 584 702 63.8 | 60.6

7.5B  Self-translate 66.8 64.6 66.8 684 51.0 62.8 656 628 654 652 68.6 | 644

MT 71.8 648 676 728 504 668 674 620 69.8 68.6 67.6 | 66.3

Direct 488 51.0 546 620 514 508 552 558 556 516 562|539

7B  Self-translate 542 512 594 738 484 528 476 50.8 516 478 660 | 549

MT 72.6 682 710 754 522 674 702 622 726 712 716 | 68.6

Direct 482 528 578 672 502 512 544 546 53.0 538 584 | 547

LLaMA  13B  Self-translate 51.8 514 628 758 51.6 494 512 514 566 492 69.8 | 56.5
MT 732 700 728 768 516 702 71.8 648 732 752 752 | 704

Direct 472 518 60.6 714 494 524 532 546 522 524 622|552

30B  Self-translate 50.4 53.0 68.0 79.0 494 502 528 486 59.8 584 732 | 584

MT 752 712 732 806 526 706 722 646 742 750 76.8 | 715

Table 6: XGLM and LLaMA results on XCOPA for each language. We show task accuracy for different sizes of
these models, using direct inference self-translate and MT. The last column shows the average accuracy over all
languages.



Model Size Method ar bg de el en es fr hi m  sw th tr ur vi zh | avg

Direct 334 413 445 39.6 483 42.0 455 387 446 36.1 388 402 345 385 335|394
0.6B  Self-translate 40.2 439 439 422 _ 433 433 414 430 390 419 406 40.6 415 358|415
MT 469 47.1 46.6 46.6 _ 475 465 456 457 456 463 464 438 468 47.1 | 463
Direct 335 447 453 40.1 497 43.6 457 426 46.0 420 41.7 430 395 450 338|419

1.7B  Self-translate 44.2 46.8 47.0 46.1 _ 459 468 44.1 457 438 440 4277 42.0 447 443 | 449
MT 473 478 48.8 48.1 _ 485 48.6 47.1 472 459 465 483 442 486 473|474
XGLM Direct 337 46.0 483 414 51.1 467 450 440 453 444 420 450 40.1 46.0 348 | 43.0
29B Self-translate 439 48.1 484 473 _ 482 485 441 465 448 458 452 424 466 46.7 | 462
MT 489 495 500 494 _ 505 500 485 479 477 475 486 454 49.6 49.0 | 488
Direct 334 449 490 40.7 539 477 469 472 463 458 437 463 421 463 354|440
7.5B  Self-translate 47.0 51.6 504 50.7 _ 51.8 51.6 46.8 500 473 474 475 445 489 48.6| 489
MT 506 51.8 51.8 51.6 _ 528 521 51.0 505 487 48.6 51.8 469 502 51.2|50.7
Direct 33.6 37.0 448 349 51.1 40.6 438 36.1 394 337 345 356 334 356 362|371

7B Self-translate 40.7 48.7 50.6 43.5 _ 498 495 397 480 348 363 38.0 364 399 46.1]|43.0
MT 486 493 499 50.1 _ 504 50.1 485 483 465 464 48.0 455 492 493 | 48.6
Direct 341 341 353 348 357 334 334 355 341 330 345 340 343 340 344|342
LLaMA 13B Self-translate 353 34.7 353 35.1 _ 36.0 358 354 350 349 348 346 349 354 344|351
MT 341 353 353 355 _ 352 352 353 353 352 341 346 350 348 36.1 | 35.1
Direct 344 38.6 440 351 479 404 429 366 382 342 340 363 343 356 33.6|37.0

30B Self-translate 422 47.6 47.7 4438 _ 481 478 414 473 373 374 420 389 416 443|435
MT 462 464 473 469 _ 417 474 457 463 448 450 453 438 465 46.6 | 46.1

Table 7: XGLM and LLaMA results on XNLI for each language. We show task accuracy for different sizes of
these models, using direct inference self-translate and MT. The last column shows the average accuracy over all
languages except English.

Model Size  Method de en es fr ja ko zh\ avg
Direct 49.1 506 525 508 441 462 478 | 484
0.6B  Self-translate  51.1 _ 501 503 509 504 51.0 | 50.6
MT 53.5 _ 528 510 512 504 512|517
Direct 57.6 52.6 53.8 473 46.1 514 48.1 | 50.7
1.7B  Self-translate  50.0 _ 516 516 496 49.1 494 | 50.2
MT 51.9 _ 516 528 502 51.1 495|512
XGLM
Direct 506 54.8 531 49.7 509 468 53.7 | 50.8
29B  Self-translate  54.9 _ 539 542 521 516 527|532
MT 56.5 _ 570 562 548 545 554 | 557
Direct 559 589 528 518 520 460 513|516
7.5B  Self-translate  57.7 _ 561 56.1 545 530 549 | 554
MT 59.6 _ 584 590 546 552 577|574
Direct 546 619 56.1 529 567 497 49.1 | 532
7B Self-translate  59.8 _ 607 592 539 525 558|570
MT 59.9 _ 606 60.1 576 575 573 | 588
Direct 529 53.1 524 546 450 469 452 | 495
LLaMA  13B  Self-translate  52.9 _ 525 529 512 516 515|521
MT 53.6 _ 544 538 553 544 538 | 542
Direct 584 585 56.0 525 466 456 462 | 509
30B  Self-translate  56.5 _ 568 58.1 545 521 555|556
MT 56.6 _ 578 569 551 548 542|559

Table 8: XGLM and LLaMA results on PAWS-X for each language. We show task accuracy for different sizes
of these models, using direct inference self-translate and MT. The last column shows the average accuracy over all
languages except English.
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Model Size  Method bn de en es fr ja ru swW te th zh | avg

Direct 1.2 0.8 2.0 1.2 1.6 4.0 0.4 24 0.4 1.6 32 1.7
0.6B  Self-translate 0.0 2.0 _ 20 1.6 0.8 1.2 2.0 24 0.8 1.6 1.4
MT 1.2 1.2 _ 08 0.8 2.0 1.6 1.2 0.4 1.6 0.0 1.1
Direct 0.8 1.2 2.0 24 2.0 1.6 0.8 1.2 2.0 2.0 2.8 1.7

1.7B  Self-translate 1.2 2.0 _ 28 1.6 24 2.8 1.2 1.2 0.8 1.2 1.7
MT 2.0 24 _ 2.0 0.8 2.8 2.0 2.8 32 2.8 24 23

XGLM

Direct 0.0 0.8 2.4 2.0 1.2 2.0 2.0 2.0 2.0 0.8 1.2 1.4

29B  Self-translate 0.8 1.2 _ 1.6 1.6 1.6 1.2 2.0 1.2 24 2.0 1.6
MT 2.8 24 _ 2.8 24 1.2 1.6 2.0 32 0.8 2.4 22
Direct 0.0 1.2 0.0 0.0 0.0 0.4 2.4 0.4 1.2 1.6 1.2 0.8

7.5B  Self-translate 0.0 0.4 _ 00 0.0 0.0 0.4 0.0 0.4 0.0 0.0 0.1
MT 0.0 0.0 _ 00 0.0 0.0 0.0 0.0 0.0 0.4 0.0 0.0
Direct 0.0 9.6 13.6 104 8.8 52 10.0 2.0 0.0 0.0 4.4 5.0

7B Self-translate 20 112 _ 112 124 48 108 1.2 0.4 24 4.8 6.1
MT 10.0 124 _ 120 9.6 10.8 108 12.0 9.6 84 112 | 10.7
Direct 00 16.0 208 152 156 52 100 3.6 0.0 0.0 8.8 74
LLaMA  13B  Self-translate 36 17.6 _ 204 180 92 152 3.6 0.0 1.6 104 | 100
MT 16.8  20.0 _ 208 152 152 156 192 140 140 144 | 165
Direct 00 292 396 332 304 72 2712 52 0.0 00 228 | 155

30B  Self-translate 8.0 344 _ 96 244 208 296 6.4 0.4 36 256 | 163
MT 284 324 _ 312 352 292 264 320 256 20.0 256 | 28.6

Table 9: XGLM and LLaMA results on MGSM for each language. We show task accuracy for different sizes of
these models, using direct inference self-translate and MT. The last column shows the average accuracy over all
languages except English.

Model Size XStoryC XCOPA XNLI PAWS-X MGSM Avg

0.6B 86.9 803 846 854 802 835
138 88.2 820 856 860 838 853
NLLB 4 3p 88.3 821 855 860 835 85.1
33B 88.7 833 859 862 845 857
0.6B 634 613 662 660 547 623
178 771 741 758 759 684 743
XGLM 95 81.1 776 785 792 735 780
7.5B 842 798 817 816 792 813
0.6B 615 540 636 606 482 576
1.7B 736 619 674 721 617 673
BLOOM 35 763 633 695 747 691 706
7.1B 78.8 664 731 788 745 743
7B 66.8 504 715 809 660 689
LLaMA  13B 68.8 618 750 86 696 716
30B 717 650 784 838 675 733

Table 10: COMET translation metrics for different models.
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Model Size XStoryC  XCOPA XNLI PAWS-X MGSM Avg
0.6B 38.0 32.1 38.0 49.0 321 378
NLLB 1.3B 40.6 36.6 40.3 513 41.3 420
1.3B 40.9 35.6 40.1 50.9 409 417
3.3B 41.8 37.6 41.5 51.9 4377 433
0.6B 7.1 6.5 10.4 18.0 54 9.5
1.7B 18.5 18.1 20.3 28.3 17.1  20.5
XGLM 5o 238 241 241 31 235 257
7.5B 29.0 28.4 28.8 37.0 28.3 303
0.6B 7.9 4.8 11.8 16.2 54 9.2
1.7B 17.3 10.5 14.9 27.2 12,6 16.5
BLOOM "3 202 130 171 3.1 203 203
7.1B 25.2 16.5 21.4 36.1 277 254
7B 14.7 8.9 19.9 39.1 239 213
LLaMA 13B 17.7 12.4 24.1 42.5 279 249
30B 21.2 154 27.7 45.4 255 27.0
Table 11: BLEU translation metrics for different models.
Model Size ru zh es ar hi id te SW eu my  avg
0.6B 87.07 85.00 8936 8839 90.52 88.08 86.44 86.04 86.87 8135 869
NLLB 1.3B  88.44 86.02 9033 89.85 9156 89.14 87.64 87.31 86.92 8526 88.2
1.3B  88.18 8636 90.22 89.83 91.39 89.05 8730 87.21 87.25 8599 88.3
33B 88.63 87.54 90.54 9036 91.70 89.54 88.00 87.46 86.92 86.60 88.7
0.6B  73.05 5447 7208 6144 68.85 77.52 57.04 5863 59.52 50.99 634
XGLM 1.7B 8096 77.26 8195 7635 7748 8396 74.09 75.15 71.25 73.03 77.1
29B 8336 82.11 85.61 79.84 8299 85.66 7543 79.71 79.32 7747 81.1
7.5B 8576 8425 87.81 83.81 86.25 87.60 80.66 8292 82.05 81.36 8§4.2
0.6B 4320 70.47 73.65 72.18 7340 79.31 58.06 42.03 5573 4725 615
BLOOM 1.7B 6047 82.81 8544 8040 81.05 8506 7248 66.06 7198 50.69 73.6
3B 6344 8445 87.16 8220 83.16 8572 7511 71.03 7699 53.68 76.3
7.1B  68.97 86.63 8842 84.68 86.76 87.87 78.86 75.15 80.88 49.80 78.8
7B 85.66 79.10 8856 65.12 6796 77.08 5039 52.14 49.66 52.55 66.8
LLaMA 13B 87.02 82.66 89.37 70.64 72.86 81.15 48.62 53.14 5136 51.17 68.8
30B 8798 8437 90.13 77.37 81.64 8455 4938 59.99 5250 49.04 717
Table 12: XStoryCloze COMET translation metrics for different models.
Model Size et ht it id qu SW zh ta th tr vi  avg
0.6B 82.78 7542 86.49 8523 62.17 79.74 84.66 8393 7630 84.54 8197 803
NLLB 1.3B 86.57 78.88 88.95 8744 6426 8201 87.07 86.50 78.79 8697 8429 829
1.3B 8538 77.84 88.50 86.86 6297 8143 86.44 8579 7772 8631 83.55 82.1
33B 86.76 79.16 89.16 87.56 63.87 82.08 87.85 86.60 80.10 87.42 8523 83.3
0.6B 68.27 58.08 6579 7398 3454 5472 5021 6452 7124 6444 6833 613
XGLM 1.7B 7878 67.84 79.09 8147 5098 69.01 80.06 77.22 77.88 74.84 77.87 74.1
29B 83.16 71.97 8296 8422 50.82 7441 8393 79.67 8137 7898 8223 77.6
7.5B 8549 7247 85.19 86.04 5533 7729 8541 8347 8236 81.38 83.61 79.8
0.6B 41.78 41.47 4871 7573 3732 4093 7523 65.09 4251 50.09 7522 54.0
BLOOM 1.7B 4541 46.04 6538 82.57 4508 5894 8471 76.72 4641 4874 8143 619
3B 4622 4821 70.61 83.61 43.38 63.68 8620 80.41 43.01 4786 8356 633
7.1B 4793 5022 7559 8624 47.02 67.57 8799 8399 4790 5054 85.17 664
7B 5126 48.89 8589 7059 49.65 50.03 80.04 49.16 53.79 5932 5476 594
LLaMA 13B  52.17 49.01 8722 75.13 48.00 50.14 83.16 49.02 58.65 6793 59.71 61.8
30B 5541 5229 8842 79.85 4848 5473 85.10 5296 59.66 71.51 6620 65.0

Table 13: XCOPA COMET translation metrics for different models.
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Model Size ar bg de el es fr hi ru swW th tr ur vi zh  avg
0.6B 8391 86.05 87.17 87.14 88.19 87.09 8553 8275 80.69 8253 8594 80.09 85.02 82.64 84.6
NLLB 1.3B 8527 8697 88.16 88.04 88.74 87.84 8638 83.78 82.06 83.71 87.08 81.13 86.03 83.52 85.6
1.3B 8492 8691 88.00 88.02 88.73 87.82 86.22 83.66 81.82 8337 8692 81.06 8584 83.63 855
33B 8538 87.19 8829 8840 88.97 88.07 86.74 84.05 8222 8422 8740 8153 86.31 8447 859
0.6B 60.80 73.87 7376 71.82 72.89 7499 6473 6933 5749 6594 6275 60.62 6527 5202 66.2
XGLM 1.7B 7272 80.62 80.64 81.78 80.82 8095 7241 76.01 69.78 7653 7242 67.55 7638 73.10 75.8
29B 75.17 8224 83.02 8377 82.63 8255 77.06 78.67 7339 77.61 7516 7T1.51 79.16 77.66 78.5
7.5B  79.66 84.69 85.78 85.73 8597 8555 80.19 81.00 77.22 81.23 79.88 74.83 81.87 79.85 817
0.6B 7445 47.03 63.00 46.67 8234 82.67 74.18 4884 53.88 46.89 49.18 66.12 7831 76.58 63.6
BLOOM 1.7B 77.11 5194 67.78 50.11 84.05 84.46 7628 61.11 62.78 49.06 50.15 69.20 8043 7853 674
3B 79.00 53.83 72.10 52.79 8541 8544 7844 65.10 68.50 4898 49.89 7153 82.09 80.02 695
7.1B 8129 6150 78.12 58.62 8695 86.78 8133 70.10 72.72 5197 53.47 74.65 8344 8221 73.1
7B 66.76 83.89 86.57 72.61 8694 86.65 66.69 81.54 51.36 58.09 64.03 5427 6259 7832 715
LLaMA 13B  72.16 85.07 8745 7756 87.82 87.32 7259 82.65 5352 63.76 72.12 59.76 6836 80.35 75.0
30B  77.03 8636 88.14 82.33 88.32 87.78 7850 8340 60.13 66.14 7634 67.02 7472 81.74 784
Table 14: XNLI COMET translation metrics for different models.
Model Size de es fr ja ko zh  avg
0.6B 87.06 87.60 87.31 8293 8459 8273 854
NLLB 1.3B 8726 87.81 87.55 8424 8546 83.84 86.0
1.3B  87.33 87.87 8759 84.19 85.15 8358 86.0
33B 8738 8791 87.66 8438 8567 84.16 86.2
0.6B 74.77 7442 76.62 5572 6130 5328 66.0
XGLM 1.7B  81.66 82.19 82.06 68.13 7294 68.66 75.9
29B 8338 83.78 83.72 7340 76.78 74.16 79.2
7.5B 8496 8534 8541 77.03 80.24 76.53 81.6
0.6B  60.17 7443 76.62 4991 38.58 63.76 60.6
BLOOM 1.7B 7449 8375 8428 63.20 5149 75.14 72.1
3B 7848 8531 8535 6830 53.03 7774 4.7
7.1B 8227 8642 86,50 7390 63.02 80.72 78.8
7B 8597 8647 86.16 7641 7519 7498 80.9
LLaMA 13B 86.28 86.77 86.65 7996 78.81 7740 82.6
30B 86.64 87.26 86.99 81.35 8129 79.34 83.8
Table 15: PAWS-X COMET translation metrics for different models.
Model Size es fr de ru zh ja th SW bn te avg
0.6B 8335 8143 8348 7824 7993 7746 7573 7738 82.09 83.17 80.2
NLLB 1.3B  85.87 8495 8628 82.53 8198 8334 7859 8222 8659 8594 83.8
1.3B 8547 84.44 8572 8147 8234 8420 7843 82.18 86.18 8472 835
33B 86.11 85.03 8631 8237 8350 8437 80.86 83.11 8698 86.46 84.5
0.6B 61.85 63.52 66.69 5859 5241 5028 5225 4519 49.66 46.16 54.7
XGLM 1.7B 7749 7492 77779 71.00 6453 6492 68.06 63.58 5897 6238 0684
29B 81.03 79.37 8137 7740 6927 7494 70.80 7123 6538 64.14 735
7.5B 83.08 81.77 83.00 79.92 7753 79.17 77.06 76.18 77.61 77.03 79.2
0.6B 6435 6433 4294 3470 61.24 40.60 3291 3754 5654 47.12 482
BLOOM 1.7B 7125 7420 6494 5154 7233 59.10 4121 5278 68.19 6126 61.7
3B 83.14 8327 72770 6137 7796 66.53 4230 6134 7430 67.71 69.1
7.1B 8539 8436 7850 66.82 82.18 7439 4342 70.81 82.77 7645 745
7B 73.82 83.28 8525 81.04 7829 7841 51.07 4793 49.61 31.69 66.0
LLAMA 13B 79.72 8536 8427 83.05 80.52 81.41 5873 54.15 57.64 3144 69.6
30B 48.21 71.07 86.85 7893 8297 80.89 62.67 6328 67.77 31.88 675

Table 16: MGSM COMET translation metrics for different models.
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Model

Size

rua

zh

€s ar

hi

id

te

SW

cu

my  avg

0.6B
1.3B

NLLB

1.3B
3.3B

40.98
44.12
43.22
44.59

30.04
30.57
32.07
34.80

47.98
50.52
50.42
51.33

49.46
53.09
5291
54.80

45.07
48.62
48.08
49.16

38.44
40.98
41.13
42.27

29.45
32.19
31.39
33.09

41.51
43.86
44.17
45.00

3
3
3
3

5.24
3.77
5.63
3.55

22.00
28.18
29.94
29.69

38.0
40.6
40.9
41.8

0.6B
1.7B

XGLM

2.9B
7.5B

15.67
25.62
29.08
34.40

1.54
16.08
21.68
25.20

14.36
28.64
36.22
40.85

6.16
21.40
26.32
34.45

7.52
16.22
2491
30.32

16.92
26.07
28.86
33.59

1.28
10.46
11.37
17.05

3.82
21.17
27.19
33.48

1

2.81
1.38

20.04 1
2333 1

0.67
7.94
2.40
6.84

7.1
18.5
23.8
29.0

0.6B
1.7B

BLOOM

3B
7.1B

0.37
9.03
11.42
16.37

9.67
22.26
25.12
30.53

20.55
35.84
39.51
43.21

14.70
26.14
28.93
35.44

9.94
18.45
22.60
31.19

19.55
27.74
29.62
34.16

1.93
9.01
11.11
15.07

0.43
12.67
18.32
23.71

1
1

1.96
1.56
5.80

22.27

0.11
0.06
0.07
0.10

7.9
17.3
20.2
252

LLaMA

7B
13B
30B

36.15
39.22
41.26

20.08
25.29
27.88

43.75
45.85
4742

11.84
18.78
27.04

10.27
15.92
26.12

21.49
27.28
33.00

0.11
0.18
0.32

2.12
3.10
7.717

0.78
1.20
1.35

0.07
0.07
0.06

14.7
17.7
21.2

Table 17:

XStoryCloze BLEU translation metrics for different models.

Model

Size

et ht

it

id

qu

SW

zh

ta

th

tr

vi

avg

NLLB

0.6B
1.3B
1.3B
3.3B

39.07
45.42
43.75
45.57

33.85
40.40
38.26
40.42

45.88
51.01
50.93
52.45

33.15

3741 1
3722 1
38.12 1

9.26
2.02
0.48
1.38

32.29
35.57
35.39
36.91

35.16
38.20
38.52
42.42

32.33
37.47
37.36
38.34

2
2
2
2

1.23
4.75
3.36
6.36

37.66
42.61
40.93
43.06

32.81
3747
35.67
38.90

32.1
36.6
35.6
37.6

XGLM

0.6B 1
1.7B
2.9B
7.5B

25.29
34.93
39.55

2.08 9.37
20.36
25.21

28.41

10.06
28.12
32.88
40.18

12.99
23.88
27.51
31.90

0.35
1.16
1.91
4.11

2.96
15.62
21.70
27.25

0.92
22.94
29.21
32.50

2.29
12.69 1
1777 2
2527 2

7.67
2.80
2.52
4.79

4.62
15.54
22.32
26.41

8.73
20.31
29.36
32.14

6.5
18.1
24.1
28.4

BLOOM

0.6B
1.7B

3B
7.1B

0.09
0.24
0.29
0.76

0.22
0.59
1.39
2.88

2.40
13.94
19.83
26.80

16.07
25.17
27.15
32.87

0.17
0.37
0.31
0.48

0.11
6.59
10.67
15.72

13.70
2891
34.77
39.41

4.35
12.37
18.77
26.92

0.08
0.08
0.13
0.18

0.10
0.20
0.20
0.70

15.63
27.26
29.82
3491

4.8
10.5
13.0
16.5

LLaMA

7B
13B
30B

2.02
3.19
5.67

1.55
3.10
5.67

41.18
44.11
48.64

15.44
22.01
26.64

0.59
0.54
1.10

1.00
1.49
5.20

25.01
32.41
3541

0.16
0.14
0.68

1.86
6.06
6.62

5.15
14.36
18.91

3.98
8.48
14.96

8.9
12.4
154

Table 18: XCOPA BLEU translation metrics for different models.

Model

Size

de

el

es

fr

hi

jyit

SW

th

tr

ur

vi zh

avg

NLLB

0.6B
1.3B
1.3B
3.3B

37.99
41.09
40.56
42.19

44.65
46.97
46.69
47.66

46.13
48.54
48.37
50.05

50.92
53.02
53.05
53.80

45.09
47.17
46.81
47.73

38.09
40.78
40.40
41.73

31.41
33.49
33.36
33.98

34.09
36.30
36.45
37.89

28.16
30.00
29.90
31.35

36.28
39.24
39.00
40.61

30.61
32.84
32.28
33.86

39.10
41.81
41.41
43.20

27.71
29.48
29.52
31.31

38.0
40.3
40.1
41.5

XGLM

0.6B
1.7B
2.9B
7.5B

5.54
16.34
19.63
26.52

19.91
30.30
34.54
38.80

14.67
30.86
35.14
39.16

17.56
31.54
34.76
41.56

20.52
29.73
32.98
38.93

591
12.77
17.96
22.09

12.07
18.83
22.45
2591

4.97
16.63
20.83
26.29

7.25
15.23
17.68
22.56

4.38
11.78
15.09
19.71

4.50
9.81
13.58
17.61

8.85
21.11
24.71
29.08

1.67
12.36
16.84
19.80

10.4
20.3
24.1
28.8

BLOOM

0.6B
1.7B

17.71
21.61
24.10

7.1B  29.03

12.21
16.19
19.05
28.06

1.08
2.71
4.42
8.66

33.99
37.73
40.60
45.07

33.08
36.64
38.84
42.44

12.62
15.36
17.61
22.74

2.10
8.77
11.22
15.50

435
10.58
15.99
21.16

0.92
1.07
1.48
2.53

0.90
1.21
1.35
3.08

7.53
10.26
12.46
16.73

22.30
26.12
28.96
31.94

14.71
16.82
19.12
23.17

11.8
14.9
17.1
21.4

LLaMA

7B
13B
30B

12.20
18.52
23.71

40.86
43.71
45.77

21.27
28.47
35.73

45.28
47.70
49.45

41.66
44.06
45.64

8.71
14.83
21.00

27.39
29.60
31.00

421
5.95
9.46

4.52
8.62
9.96

7.48
14.10
18.75

2.47
5.78
10.62

9.31
15.83
21.48

18.84
21.96
24.90

19.9
24.1
27.7

Table 19: XNLI BLEU translation metrics for different models.
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Model Size de es fr ja ko zh  avg
0.6B 5941 6480 6118 3300 3852 3694 490
NLLp 1B 6052 6556 6266 3753 4148 4008 513
13B 6066 6572 6252 3680 4077 3889 509
33B 6119 6602 6291 3812 4197 4121 519
0.6B 3041 3170 3400 289 564 342 180
wGLv  LTB 4435 4733 4303 913 1464 1134 283
20B 4869 5159 4839 1421 1919 1679 33.1
75B 5122 5458 5312 1827 2489 2009 37.0
0.6B 1595 3398 3467 279 106 869 162
17B 3225 5068 4956 738 561 1785 272
BLOOM  "35 3950 5456 5302 1109 683 2166 311
71B 4561 5841 5659 1589 1261 2748 36.1
7B 5624 59.61 5648 2055 2177 1970 39.1
LLaMA  13B 5736 61.05 5886 2616 2698 2452 42.5
0B 59.61 6307 6047 3007 3175 2748 454

Table 20: PAWS-X BLEU translation metrics for different models.

Model Size es fr de ru zh ja th SW bn te avg
0.6B 4834 3485 4457 3139 2814 1799 1737 34.62 2858 34.68 32.1

NLLB 1.3B 5794 4444 5421 4511 3323 29.69 19.62 4691 40.80 4154 413
1.3B  56.78 44.00 52.64 4211 3391 3351 19.83 4751 39.82 3845 409

33B 5791 4426 5341 4485 3844 3559 2430 5137 4289 44.02 437

0.6B 1294 1130 1594 7.53 1.77  0.82 1.22 1.27 0.77 060 54

XGLM 1.7B  36.77 2431 3333 2389 826 6.14 932 1676 5.43 6.50 17.1
29B 4450 3270 40.77 3320 1325 1441 1071 2470 11.80  9.28 235

75B 4504 3337 4155 3470 20.75 20.09 1844 3132 19.11 18.63 283

0.6B 1940 1329 475 038 7.83 .14  0.06 0.67 433 1.97 5.4

BLOOM 1.7B  28.14 2534 1791 939 1572 540 014 756 910 723 126
3B 4791 3739 2737 1690 2232 992 0.08 1502 1592 1025 203

7.1B 5444 4180 3530 2342 2946 1598 036 29.03 2769 1946 277

7B 4451 4192 51.04 4348 2582 2086 286 577 3.02 0.00 239

LLaMA 13B 5327 4499 5285 4792 2982 2669 626 9.66 7.61 0.00 27.9
30B  14.17 33.08 56.09 4529 3558 3084 840 1740 14.19 0.00 255

Table 21: MGSM BLEU translation metrics for different models.
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