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ABSTRACT

Generative Large Language Models (LLMs) have achieved remarkable advance-
ments in various NLP tasks. However, these advances have not been reflected
in the translation task, especially those with moderate model sizes (i.e., 7B or
13B parameters), which still lag behind conventional supervised encoder-decoder
translation models. Previous studies have attempted to improve the translation
capabilities of these LLMs, but their gains have been limited. In this study, we
propose a novel fine-tuning approach for LLMs that is specifically designed for
the translation task, eliminating the need for the abundant parallel data that tradi-
tional translation models usually depend on. Our approach consists of two fine-
tuning stages: initial fine-tuning on monolingual data followed by subsequent
fine-tuning on a small set of high-quality parallel data. We introduce the LLM
developed through this strategy as Advanced Language Model-based trAnslator
(ALMA). Based on LLaMA-2 (Touvron et al., 2023b) as our underlying model,
our results show that the model can achieve an average improvement of more
than 12 BLEU and 12 COMET over its zero-shot performance across 10 trans-
lation directions from the WMT’21 (2 directions) and WMT’22 (8 directions)
test datasets. The performance is significantly better than all prior work and
even superior to the NLLB-54B model (NLLB TEAM et all [2022) and GPT-
3.5-text-davinci-003, with only 7B or 13B parameters. This method estab-
lishes the foundation for a novel training paradigm in machine translation. F_]

1 INTRODUCTION

Generative (decoder-only) large language models (LLMs) such as GPT models (Brown et al., 2020
OpenAl, 2023), PaLM (Chowdhery et al.l [2022), OPT (Zhang et al.| [2022), BLOOM (Scao et al.,
2022), LLaMA (Touvron et al., [2023azb), and others have exhibited remarkable capabilities across
various NLP tasks. However, for the translation task, only very large models such as GPT-3.5
and GPT-4 can rival the supervised encoder-decoder state-of-the-art (S0TA) models like NLLB
(NLLB TEAM et al.l 2022), while they still fall short in translation for low-resource languages
(Hendy et al.l 2023} Jiao et al., |2023). The discrepancy becomes more evident when comparing
other LLMs with traditional translation models (Zhu et al.l [2023a)). For instance, the OPT-175B
model trails behind the NLLB-1.3B model by an average of more than 15 BLEU (Papineni et al.,
2002) points for languages within the Indo-European-Romance family. The gap is even larger in
smaller LLMs; for example, XGLM (Lin et al.,|2021)), with a parameter size of 7B, lags behind the
NLLB-1.3B by a substantial 30 BLEU points (Zhu et al.,|2023a)). Therefore, there is an urgent need
to narrow this performance gap between LLMs and conventional SoTA models.

As exemplified by NLLB-1.3B, traditional machine translation models demonstrate proficiency in
producing high-quality translations with a small number of parameters. By extension, smaller LLMs

"We release our code and models at: |https: //github.com/felixxu/ALMA
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should similarly possess the capability to adeptly manage the translation task. Recent research has
sought to enhance translation performance by commencing with smaller LLMs (Yang et al., 2023}
Zeng et al.,|2023;/Chen et al.,2023;|Zhu et al.,[2023b; |L1 et al.,|2023;Zhang et al., 2023b)), especially
7B or 13B parameters. Nevertheless, the achieved improvements remain modest and limited. As
depicted in Figure[I] contemporary studies such as Balyling (Zhang et al., [2023b) and BigTranslate
(Yang et al.| |2023)), which use LLaMA as their backbone, exhibit a maximum increment of 3 to
4 BLEU or COMET in relation to the zero-shot performance of LLaMA on the WMT’ 22 test set
8 directions)ﬂ While these gains represent promising research direction for smaller LLMs in the
translation task, a significant performance chasm persists when benchmarked against very large
LLMs such as GPT-3.5-text-davinci-003 and SoTA translation models such as NLLB-54B.
We posit that the modest translation gains observed in prior studies can be ascribed to an unsuitable
training recipe.
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Figure 1: Translation performance of contemporary decoder-only LLM translation systems based
on LLaMA (Yang et al.} 2023} Zhang et al., 2023b), and zero-shot performance of LLaMA, for the
WMT’22 test data across 8 directions (translating to or from English for German, Czech, Chinese,
and Russian). Benchmark comparisons also include two leading translation models, NLLB-54B
and GPT-3.5-text-davinci-003. Our systems, developed on LLaMA-2 with 7B and 13B pa-
rameters, surpass previous models by an impressive margin of nearly 10 BLEU and 7 COMET.
Furthermore, they even slightly outperform GPT-3.5 and NLLB-54B on average.

We hypothesize that an efficacious training recipe ought to follow two stages: learning general
multilingual linguistic knowledge and inducing (instructing) models toward translation genera-
tion. Consequently, we propose a two-stage fine-tuning approach and introduce the LLM developed
through this strategy as Advanced Language Model-based trAnslator (ALMA). Specifically, given
most LLMs are trained on English-dominant data, the first stage is fine-tuning non-English mono-
lingual data to enhance the model’s proficiency in other languages involved in the translation task.
Secondly, drawing inspiration from the recognized significance of data quality in other applications
(Zhou et al.l [2023; [Maillard et al., 2023 (Gunasekar et al., |2023)), we fine-tune the model with a
small amount of high-quality parallel data.

Our main contributions are summarized as follows:

Diminished Necessity of Parallel Data Traditional translation frameworks rely on large amounts
of parallel data, which may lead to a false impression that such data is essential for the translation
task with LLMs. Prior studies have fine-tuned LLMs with datasets containing over 300M parallel
instances (Yang et al.,|2023). However, our empirical evaluations suggest that this strategy may not
be optimal, and even harm the translation capabilities of LLM:s.

LLM Via A New Training Recipe: ALMA We introduce a novel two-stage fine-tuning method
for translation with decoder-only LLMs. Leveraging LLaMA-2 as the base model, we attain an
average improvement of more than 12 BLEU and COMET scores over its zero-shot performance

2All COMET scores in the paper is COMET-22 (Unbabel /wmt22-comet-da) (Rei et al.|[2022).
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across 10 translation directions from WMT 21 and WMT’22 test datasets. Notably, the perfor-
mance surpasses all previous work and is even better than the NLLB-54B model and GPT-3.5-
text-davinci-003.

Efficient Computational Cost Our ablation study reveals both stages are crucial factors for achiev-
ing large improvements. The most computationally intensive part is monolingual data fine-tuning,
however, we show that only fine-tuning 1B monolingual tokens is sufficient to have comparable
performance to NLLB-54B in 10 translation directions, which only requires around 18 hours to
complete with 16 MI200 GPUs.

2 PRELIMINARY

2.1 TASK DEFINITION

We consider a decoder-only transformer model parameterized by 6 for machine translation. Let x
represent the source sentence and y its corresponding target sentence. We utilize a fixed prompt
template, denoted as Z, to guide the model in generating translation. The log-likelihood loss of the
parallel sentence (%, y) with regard to the model parameters € can be formulated as follows:

Lni(x,y,0) = —log P(y|x,Z;0) (D
T

- — Z log P(yt|y<taxa Za 0)7 (2)
t=1

where 7' is length of the target sentence, and y; is the ¢-th target token. The loss is a standard causal
language modeling (CLM) loss, which predicts the next token based on prior tokens. We use the
same sentence-level translation prompt template suggested by |[Hendy et al.|(2023)), and illustrate the
prompt and the model input/target in Figure [2] Note that we do not compute the loss for the prompt
template and source sentence during training (Zhang et al., |2023a). In Appendix |A] we show that
CLM is more suitable for the translation task compared with other modeling methods, such as prefix
language modeling (Wang et al.;|2022)) and mixture-of-denoisers (Tay et al.||2022a).

; Input

, ,
| Target
: Y \

No loss computed CLM loss
Figure 2: The prompt used for training and evaluation. [source language] and [target language]
represent the full name of the language, e.g., Translate this from German to English. Note that we
do not compute loss for the prompt.

Translate this from [source language] to [target language]:
[source language]: <source sentence>
[target language]:

2.2 A BACKBONE LLM FOR TRANSLATION

We seek a robust LLM to serve as our foundational model. With the recent emergence of numerous
LLMs, we prioritize evaluating the zero-shot translation performance of these models before delv-
ing into optimal training recipes. As most of these models provide a 7B version, our comparative
analysis centers on this magnitude: OPT-7B (Zhang et al., |2022), Falcon-7B (Almazrouei et al.,
2023), BLOOM-7B (Scao et al.,[2022), MPT-7B (MosaicML/ [2023)), LLaMA-1-7B (Touvron et al.,
2023a), and LLaMA-2-7B (Touvron et al., 2023b)). We additionally present results from GPT-3.5-
text-davinci-003 (hereinafter referred to as GPT-3.5-D) and GPT-3.5-turbo-0301 (here-
inafter referred to as GPT-3.5-T) to show the performance gap

Zero-Shot Evaluation We conduct zero-shot evaluations on 5 English-centric language pairs,
considering both from English and to English directions: German (de), Czech (cs), Icelandic
(is), Chinese (zh) and Russian (ru), where Icelandic test data is from WMT’21 and the oth-
ers are from WMT’22. We choose these test dataset because they are the recent and less likely

*https://beta.openai.com/docs/model-index—for-researchers
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to overlap the training data used by LLMs, and importantly, they have high-quality data to avoid
problems of “translationese” (Zhang & Torall 2019). The beam size is 5. We report sacre-
BLEU (zh tokenizer for Chinese and 13a for the others) (Post, 2018). We also report COMET
(Unbabel/wmt22-comet—da) (Rei et al., [2022) because BLEU only reflects the degree of lex-
ical match. In this paper, We rely more on COMET than BLEU due to its better alignment with
human evaluations (Freitag et al., 2022)E]
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Figure 3: Averaged zero-shot translation performance on 10 directions: cs<+en, de<sen, is<en,
zh<ren, ru<ren, where is<ren is from WMT’ 21 test data and the others from WMT’22 test data.

LLM Translation Performance The overall results for the LLMs are presented in Figure |3} with
scores averaged across five languages for translations to and from English. Among the 7B LLMs,
LLaMA-2-7B exhibits superior performance translating into English, while MPT-7B leads in trans-
lations out of English, as measured by BLEU. However, when evaluated with COMET, LLaMA-2-
7B wins in both directions. We show the numeric results in Appendix [B} Consequently, we select
LLaMA-2-7B and MPT-7B for further investigation into the necessity of parallel data for LLMs.

3 Do LLMS HAVE AN APPETITE FOR PARALLEL DATA?

Conventional machine translation training predominantly relies on utilizing large volumes of parallel
datasets within encoder-decoder frameworks. This trend is not confined to training models from
scratch but also pertains to strategies that fine-tune pre-trained LLMs, often involving millions of
parallel sentences (Rothe et al., 2020; [Liu et al.| [2020; (Xu et al.} 2021 2023} [Yang et al., [2023). In
this section, we examine whether the recently proposed decoder-only LLMs retain a dependence on
substantial parallel data and adhere to the traditional training paradigm.

3.1 EXPERIMENTAL DESIGN

Following Section our focus narrows to fine-tuning LLaMA-2-7B and MPT-7B. To allow for a
deep analysis, we concentrate on one language pair, English—Russian (en—ru). We opted for a
language pair that is translating out of English and to a non-Latin language, since those categories
show larger gaps with SOTA models in our initial investigation in Section[2.2] We use the clean data
filtered from 75M parallel sentences from Hendy et al.|(2023)) and split the data size in 5 levels: 10K,
100K, 1M, 5M, and 20M. We use the same prompt template and training scheme as described in
Section and train the model by updating all parameters. Detailed training settings can be found
in Appendix[C|

3.2 OBSERVATIONS

The fine-tuning results for LLaMA-2-7B and MPT-7B at each data size step are presented in Figure
[l Additionally, we benchmark these against the performance of the NLLB-54B model to show the
disparity with one of the SoTA multilingual translation models.

4 According to [Freitag et al.| (2022), COMET holds the 2-nd position in alignment with human ratings,
whereas BLEU is situated at the 19-th spot among 20 metrics.
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Figure 4: BLEU and COMET scores obtained during the fine-tuning of MPT-7B and LLaMA-2-
7B across each data step for en—ru. Additionally, we present the results for NLLB-54B and a
7B model trained from scratch. A notable decline in LLaMA-2-7B’s COMET score suggests that
substantial parallel data might dilute its pre-existing knowledge.

Small Training Data Is Enough According to COMET, there is a notable difference in the curve of
LLaMA-2-7B and MPT-7B: LLaMA-2-7B peaks with 10K and 100K training data before experienc-
ing a decline, while MPT-7B exhibits continuous improvement with more training data. LLaMA-
2-7B requires only limited training examples (10K and 100K) to achieve competent translation.
However, a surplus of examples (5M or 20M) seems to dilute its existing knowledge in Russian.
Conversely, MPT-7B, potentially due to its inherently weaker translation capability, exhibits im-
proved performance with an increase in training data. This may suggest that LLaMA-2 or other
well-trained LLMs may not necessitate substantial parallel data.

Large Parallel Data Wash Out the Knowledge Both LLMs eventually achieve similar BLEU and
COMET with 20M training data, regardless of their performance on smaller data. We hypothesize
that this phenomenon is caused by catastrophic forgetting (Frenchl |1999; [Kirkpatrick et al.,|2017)),
suggesting that too many parallel data wash out the pre-existing knowledge. To validate this hy-
pothesis, we consider an extreme case: training the model from scratch using 20M data, thereby
erasing all prior knowledgeE] As expected, it tends up with a similar performance in both BLEU and
COMET evaluations (triangle in Figure [), strengthening our speculation regarding the dilution of
LLM’s intrinsic knowledge with extensive data training.

Beyond BLEU COMET reveals a decline in translation performance for LLaMA-2-7B as the
amount of parallel data increases, a trend not captured by BLEU which shows an increase. This
discrepancy arises since BLEU primarily evaluates lexical overlap, and the extensive WMT training
data, being similar in domain to the test set, likely enhances this measure. This highlights the neces-
sity of utilizing additional metrics (like COMET) for a comprehensive evaluation of translation.

From our observations, LLaMA-2 (potentially other well-trained LLLMs) should not adopt the same
training approach as earlier models—-whether randomly initialized or pre-trained—that rely heavily
on vast amounts of training data.

4 A NEW TRAINING RECIPE

We demonstrate that LLMs like LLaMA-2-7B do not voraciously consume parallel data. We in-
troduce a novel training strategy that markedly enhances translation performance without relying
heavily on parallel data. The recipe comprises two stages: continuous monolingual data fine-
tuning and high-quality parallel data fine-tuning. After applying our training recipe to LLMs, we
name the resulting model as ALMA (Advanced Language Model-based trAnslator).

Monolingual Data Fine-tuning LLMs like LLaMA are pre-trained on English-dominated corpora.
This potentially explains their inadequate translation performance which necessitates cross-lingual
capabilities. To ameliorate this, our first stage is fine-tuning LLMs with monolingual data of non-
English languages involved in translation tasks, enhancing their proficiency in these languages. Note

>We initialize parameters randomly based on the LLaMA-2-7B model, but use the same vocabulary.



Published as a conference paper at ICLR 2024

that we also add English monolingual data during fine-tuning to prevent English knowledge forget-
ting. Previous studies also offer some clues that monolingual data help in translation. For instance,
Tan et al| (2023) utilizes a monolingual target corpus to bridge the gap in translation mismatches
caused by domain discrepancies. BigTranslate (Yang et al.,[2023) and PolyLM (Wei et al.| [2023)
use a huge amount of Chinese monolingual data and improve translation to or from Chinese. Fur-
thermore, |Li et al.| (2023)) utilizes monolingual generation instructions to improve translation. In
Section[6.1] we show that utilizing small monolingual data and modest computational cost (e.g., 1B
monolingual tokens mixed by 6 languages and fine-tuning under 18 hours), can facilitate significant
improvements in 10 translation directions. Note that we employ full-weight fine-tuning at this stage.

High-Quality Data Fine-tuning Drawing on insights from Section that LLMs may require
only small parallel data, coupled with previous research emphasizing training data quality (Zhou
et al., [2023; |[Maillard et al.l [2023; |Gunasekar et al. 2023)), we fine-tune the model using a small,
yet high-quality parallel dataset in this stage. To ensure the data quality, we collect human-written
datasets from WMT test data and Flores-200 (NLLB TEAM et al., [2022)) development and test sets.
Here, we explore both full-weight and lightweight Low-Rank Adaptation (LoRA) (Hu et al.| 2022
Mangrulkar et al., 2022)) fine-tuning, where we apply LoRA to the down-projection layer in each
feed-forward network.

5 EXPERIMENTS

5.1 DATA

For our parallel training data, we collect human-written test datasets from WMT’17 to WMT’ 20,
plus the development and test sets from Flores-200 (NLLB TEAM et al.| 2022), resulting in a total
of 58K training examples across all languages. For the test data, we still use the same 10 transla-
tion directions to be consistent with our study in Section@ cs$ren, desren, is<ren, zhsren,
ru<ren, where is<ren is from WMT’21 and the others are from WMT’22. Test data in WMT’21
(except for is) is used for the development dataset (a total of 8K parallel sentences)E] The monolin-
gual dataset is sourced from OSCAR (Ortiz Su’arez et al., [2019; |[Kreutzer et al., |2022). We mix the
monolingual data and fine-tune the model with a sampling ratio of 20%, 14%, 8%, 19%, 22%, and
17% respectively for de, cs, is, zh, ru and en. We explain the reasoning behind the sampling
ratios and show the detailed parallel data information in Appendix [D}

5.2 TRAINING SETUP

We train the model in a many-to-many multilingual translation manner, and use LLaMA-2-7B (or
13B) as our backbone model given its best zero-shot performance. Our two-stage fine-tuning process
yields two model types, differentiated based on the utilization of LoRA:

ALMA-7B/ALMA-13B Full-Weight fine-tuning on monolingual data followed by Full-Weight fine-
tuning on high-quality parallel data for LLaMA-2-7B or -13B models.

ALMA-7B-LoRA/ALMA-13B-LoRA Full-Weight fine-tuning on monolingual data followed by
LoRA fine-tuning on high-quality parallel data for LLaMA-2-7B or -13B models.

If using LoRA, the LoRA rank is 16 and only updates 0.1% parameters (7.7M for 7B and 12M for
13B model). Both monolingual data fine-tuning and human-written data fine-tuning basically share
the same hyperparameter settings. Specifically, we fine-tune LLaMA-2 with a batch size of 256,
a warm-up ratio of 0.01, and a sequence containing a maximum of 512 tokens. For monolingual
data fine-tuning, we train the LLaMA-2-7B up to 20B tokens and LLaMA-2-13B up to 12B tokens.
However, it is very likely that the model would be better in translation with more monolingual data
fine-tuning. For human-written data fine-tuning, we train the model for 2 epochs (enough to see
a clear convergence) and pick the best model with the lowest validation loss. For both stages, we
adopt deepspeed (Rasley et al.,|2020) to accelerate our training.

SThere is no development dataset for Icelandic.
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5.3 BASELINES

We evaluate our method against two baseline categories. First, we consider prior studies with the
goal aligning with ours: leveraging LLMs for translation. Secondly, we benchmark against the
current SoTA translation models. It’s worth noting that this comparison isn’t entirely fair due to
discrepancies in training data and model architectures (e.g., 175B GPT-3.5 vs. our 7B models).
Nevertheless, utilizing the same test set provides insights into our model’s current standing.

Prior Similar Work We compare our model with BigTranslate (Yang et al.| [2023), which extends
LLaMA-1-13B to over 100 translation directions; TIM (Zeng et al., [2023), which uses correct and
incorrect examples to help LLM to learn translation; SWIE (Chen et al., |2023)), which improves
LLM in translation via instruction augmentation; and BayLing (Zhang et al.l 2023b), which uses
interactive translation instructions. Given that the same test data and evaluation metrics are utilized,
we directly report BLEU and COMET from their papers (except for BigTranslate, we assess their
released model using the prompt they provided).

SoTA Models We consider the NLLB-54B model, which is the largest and best translation model
released in the NLLB family (NLLB TEAM et al.| 2022)); and the zero-shot performance of GPT-
3.5-text-davinci-003 (GPT-3.5-D) and GPT-3.5-turbo-0301 (GPT-3.5-T). Additionally,
we present the zero-shot results for GPT-4E]

de cs is zh ru Avg.
Models BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
SoTA Models
NLLB-54B 3450 8645 37.60 90.15 24.15 81.76 2738 7891 3096 8792 3092 85.04
GPT-3.5-D, zero-shot 31.80 85.61 31.30 8857 1590 7628 3830 8576 27.50 86.74 2896 84.59
GPT-3.5-T, zero-shot 3440 87.00 3292 90.17 1874 81.04 4490 87.00 2990 87.60 32.17 86.56
GPT-4, zero-shot 3538 87.44 3453 90.77 - - 4398 8749 3045 88.87 - -
Prior Similar Studies
TIM-BLOOMZ-7B 20.63 74.16 - - - - 3720 84.89 - - -
TIM-LLaMA-1-7B 2559 82.56 - - - - 19.33  75.46 - - -
SWIE-BLOOMZ-7B 21.83 75.17 - - - - 36.88 84.53 - - -
SWIE-LLaMA-1-7B 2721 82.36 - - - - 31.24/ 80.63 - - - -
BigTranslate-13B 2148 78.81 120.67 80.65 228 [35.56 128.56 81.31 [17.66 7821 [18.13 [70.91
Bayling-13B 25.62 82.69 [1643 [78.22 - 37.92 8462 [277 [71.01 - -

Our Recipe with Backbone Model: LLaMA-2-7B
LLaMA-2-7B, zero-shot ~ [19.00 [7639 [16.02 [79.13 [1.33 4383 [1697 [71.80 [16.00 [73.24 [13.86 68.88
ALMA-7B (Ours) 3031 8559 29.88 89.10 2571 8552 3648 8505 27.09 87.17 29.89 86.49
ALMA-7B-LoRA (Ours) 30.16 8545 30.17 89.05 2519 8544 3647 84.87 2693 87.05 29.78 86.37
Our Recipe with Backbone Model: LLaMA-2-13B
LLaMA-2-13B, zero-shot [13.69 [75.55 [0.87 68.57 236 3847 3000 79.70 1059 63.84 9.50 65.23
ALMA-13B (Ours) 31.37 8545 31.12 8942 26.67 8585 39.05 8576 2876 87.50 31.39 86.80
ALMA-13B-LoRA (Ours) 31.47 85.62 3238 89.79 26.68 86.08 39.84 8596 2896 87.53 31.87 87.00

Table 1: The overall results in en—xx. ALMA models significantly outperform all prior simi-
lar studies and are comparable to SOTA models. We categorize BLEU and COMET scores into
three groups: scores that are more than 10 points below the higher value of GPT-4/GPT-3.5-T
are emphasized in /dark'red boxes, those that are more than 5 points below are emphasized in
shallow red boxes, and all other scores are emphasized in green boxes. Bold numbers represent
the highest scores among ALMA models and prior similar studies.

5.4 RESULTS

We show our main results of en—xx and xx—en respectively in Table |I| and In summary,
our best system (ALMA-13B-LoRA) outperforms all previous studies, NLLB-54B, and GPT-3.5-D,
while it marginally underperforms compared to GPT-3.5-T and GPT-4.

Comparing With LLaMA-2 Zero-Shot For all 10 translation directions and both 7B and 13B mod-
els, LLaMA-2 trained by our recipe significantly outperforms its original zero-shot performance.
For instance, ALMA-7B achieves +16.12 BLEU and +17.61 COMET for en—xx on average. It is
worth noting that LLaMA-2-13B suffers from the off-target issue in en—xx zero-shot translation.
However, it can be substantially alleviated by few-shot in-context learning (Brown et al., [2020),
but still largely lag behind our methods (e.g., over 10 BLEU and COMET when translating from
English). We discuss this further in Appendix [E]

"GPT-4 results are sourced from Zhang et al.[(2023b).
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Models de cs is zh ru Avg.
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
SoTA Models
NLLB-54B 26.89 7894 39.11 80.13 23.09 71.66 16.56 70.70 39.11 81.88 28.95 76.66
GPT-3.5-D, zero-shot 3090 8479 4450 86.16 31.90 82.13 25.00 81.62 3850 84.80 34.16 83.90
GPT-3.5-T, zero-shot 33.10 8550 4720 87.30 37.50 8550 26.60 8290 4240 86.10 3736 8546
GPT-4, zero-shot 3387 85.62 48.67 8743 - - 2720 8279 4351 86.18 - -
Prior Similar Studies
TIM-BLOOMZ-7B 2431 77.65 - - - - 2342  79.50 - - - -
TIM-LLaMA-1-7B 2791 82.80 - - - - 19.33  75.46 - - - -
SWIE-BLOOMZ-7B 2595 78.80 - - - - 2340 79.36 - - - -
SWIE-LLaMA-1-7B 3048 8297 - - - - 2130 76.48 - - - -
BigTranslate-13B 2335 80.68 [33.67 81.19 651 5471 [14.116 7426 [26.81 77.80 [20.90 [73.80
Bayling-13B 27.34 83.02 [33.87 81.65 - - 20.12 77.72 3395 82.07 - -

Our Recipe with Backbone Model: LLaMA-2-7B
LLaMA-2-7B, zero-shot ~ 30.42 82.74 [36.56 8242 [10.98 6279 18.19 75.00 36.02 82.84 [2643 77.16
ALMA-7B (Ours) 2949 8398 4291 8590 3526 8597 2352 79.73 3893 84.81 34.02 84.08
ALMA-7B-LoRA (Ours) 29.56 8395 4349 8593 3564 86.09 2364 79.78 39.21 84.84 3431 84.12
Our Recipe with Backbone Model: LLaMA-2-13B
LLaMA-2-13B, zero-shot 31.06 83.01 40.02 8327 [577 6635 21.81 78.10 36.50 8291 29.03 78.73
ALMA-13B (Ours) 30.73 8442 44.68 8629 3646 8630 24.65 79.90 4037 85.09 3538 84.40
ALMA-13B-LoRA (Ours) 31.14 84.56 4528 8647 3695 86.42 2546 80.21 40.27 8527 3582 84.59

Table 2: The overall results in xx—en. ALMA models significantly outperform all prior similar
studies and are comparable to SOTA models. The color and boldface are the same in Table

Compared with Prior Similar Studies ALMA significantly outperforms all prior studies. Big-
Translate, which is fine-tuned on Chinese corpus and 300M parallel corpus, struggles to surpass
LLaMA-2’s zero-shot performance, except for en—zh. This observation also aligns with our find-
ings that an excessive amount of parallel data may damage the model, whereas target monolingual
data is helpful to translation. Both TIM and SWIE specifically target two high-resource languages,
de and zh. Their performance, however, is predominantly determined by their backbone models:
effective translation is observed for zh but is lackluster for de when using BLOOMZ, and vice versa
with LLaMA-1. In contrast, ALMA is versatile, showcasing strong results across all directions.

Compared with SoTA models Our best model (ALMA-13B-LoRA) substantially outperforms
NLLB-54B and GPT-3.5-D on average. In en—xx direction, it even outperforms GPT-3.5-T on
average COMET (87.00 vs. 86.56) and has close performance when it comes to xx—en. Notably,
SoTA models typically excel with high-resource languages but falter with low-resource languages
such as is. With our recipe, the performance of is remains strong and performs the best.

NLLB-54B 2094 NLLB-54B
GPT-3.5-D 356 GPT-3.5-D

0B (zero-shot) 2035 0B (zero-shot)
1B 3012 1B

2B 2B

Model
©
@
Model
©
@

118 501
128 8508
138 509
148 514
158 s
168 8520
178 s07
188 8518
198 a2
208 a5z

70 72 74 76 80 82 84 86

15.0 175 20.0 225 275 30.0

78
COMET

(a) BLEU (b) COMET

25.0
BLEU

Figure 5: The average performance of ALMA-7B at the completion of each 1B-token fine-tuning.
The scores in the figure are averaged across 10 directions

6 ANALYSES

6.1 HoOw MUCH MONOLINGUAL DATA TO USE?

In our main results, we present ALMA with our best settings, fine-tuned on either 20B or 12B tokens.
Yet, we snapshot all ALMA models after every 1B monolingual tokens (and human-written parallel
data) they have been fine-tuned with, and evaluate all their translation performance. As illustrated
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Use Mono.  Parallel Data Quality Avg. xx—en Avg. en—xx
BLEU COMET BLEU COMET

X X 26.43 77.16 13.86 68.88

b 4 Random 28.24 78.69 19.68 73.89

b 4 Filtered 28.39 78.94 19.56 74.35

X HW 29.39 80.00 22.17 76.52

X 28.49 80.32 26.35 84.73

Random 32.47 83.02 26.98 83.15

Filtered 32.32 83.03 27.38 83.98

HW 34.02 84.08 29.89 86.49

Table 3: Ablation study on the effect of monolingual data and parallel data quality. The backbone
model is LLaMA-2-7B. A red cross (X) in the table denotes the omission of monolingual data fine-
tuning or parallel data (indicative of zero-shot translation). A green check (¢/) signifies that the
model undergoes fine-tuning with monolingual data.

in Figure [5] we report the ALMA-7B’s average performance across all directions after fine-tuning
every 1B tokens. The test dataset remains the same, i.e., the 10 aforementioned directions. We
provide detailed numeric results and similar analysis for ALMA-13B to Appendix [F} Importantly,
merely fine-tuning on 1B monolingual tokens, followed by fine-tuning on human-written data, yields
performance comparable to NLLB-54B and GPT-3.5-D. In practice, we employ 16 MI200 GPUs
with a batch size of 256 and sequence length of 512, which requires only 18 hours to complete the
fine-tuning of 1B tokens and an additional hour allocated for human-written data fine-tuning. It
takes around 19 hours of training to have a strong MMT model.

6.2 THE EFFECT OF MONOLINGUAL DATA AND PARALLEL DATA QUALITY

To scrutinize the impact of monolingual data, we juxtapose LLaMA-2-7B models fine-tuned with
and without monolingual data (20B tokens), while keeping the same parallel data. Furthermore, to
evaluate the impact of parallel data quality, we introduce three distinct parallel datasets for stage 2
fine-tuning. The first dataset is the human-written data (HW) utilized in prior experiments. The sec-
ond is the filtered data (Filtered) referenced in Section [3.1] Lastly, we employ a randomly selected
dataset (Random) sourced from the comprehensive WMT data. We anticipate the quality hierarchy
as HW, followed by Filtered, and lastly, Random. For both Filtered and Random, each translation
direction has 10K parallel data, aligning the total training dataset size with HW. We show the abla-
tion results in Table E} Using the LLaMA-2-7B as our foundational model, it’s evident that with the
same parallel data, incorporation of monolingual data largely enhances translation results, e.g., an
increase from 74.35 to 83.98 in en—xx COMET scores when training on the same Filtered data.
Moreover, regardless of the monolingual data’s presence, models fine-tuned with higher-quality data
exhibit better performance. Both monolingual and human-written data emerge as critical factors in
improving translation. Detailed results for each language pair are deferred to the Appendix [G|

6.3 OTHER ANALYSES

We also explore additional in-depth analyses and elaborate on them in the appendix: 1) The impact
of the volume and domain of human-written data on translation performance is explored in Appendix
2) A comparison between stage 2 fine-tuning (parallel data fine-tuning) and in-context few-shot
learning can be found in Appendix[I} 3) An evaluation of the zero-shot cross-lingual capabilities of
LLaMA-2 after stage 1 fine-tuning on other tasks is presented in Appendix [J|

7 CONCLUSION

In this paper, we show that LLMs do not require as extensive a collection of parallel data as tradi-
tional translation models do. Subsequently, we introduce a novel training recipe for decoder-only
LLMs in translation, resulting in strong translation models, ALMA. When using our LLaMA-2
as our foundational model, ALMA exceeds the zero-shot translation performance of LLaMA-2 by
more than 12 BLEU and COMET scores across 10 directions on average. Moreover, ALMA models
surpass all preceding studies and even outperform NLLB-54B and GPT-3.5-D.
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A  COMPARING LLM TRAINING OBJECTIVES FOR MACHINE TRANSLATION
We evaluate three potential training objectives for decoder-only LLM in machine translation.

Causal Language Modeling (CLM) We first consider a standard language modeling loss that
predicts the next token based on all prior tokens.

Prefix Language Modeling (Prefix LM) For decoder-only models, a prefix can be defined with
a non-causal attention mask. Analogous to standard language modeling, the model predicts each
token outside the prefix based on previous tokens. In the context of machine translation, the provided
prompt serves as the prefix, as depicted in Figure[2]

Mixture-of-Denoisers (MoD) The UL2 model (Tay et al., 2022a)) introduces a unified approach
to masking methods, utilizing a mixture-of-denoisers (MoD) strategy, which has also been imple-
mented in the fine-tuning of PaLM (Tay et al., 2022b). This strategy is grounded in three objectives:

* Regular Denoising: In this approach, noise is sampled in spans and replaced with sentinel
tokens, aligning with the standard span corruption technique delineated in [Raffel et al.
(2020). The parameters set for this objective include a mean of 3 and a corruption rate of
15

» Extreme Denoising: This method amplifies the noise to a comparatively ’extreme’ level,
characterized by a mean length of 32 and a corruption rate reaching up to 25

* Sequential Denoising: This is known as the Prefix LM objective previously mentioned.

In our training process, we allocate a 25% probability each for both regular and extreme denoising,
and a 50% probability for sequential denoising.

We employ the MPT-7B as our backbone model. Our investigation considers four distinct training
data sizes: 0 (zero-shot), 100K, 1M, and 5M, with translation directed from Russian to English.
We use the parallel dataset previously described in Section For each data size, the MPT-7B
is fine-tuned using the corresponding training objective, noting that all trainings utilize full-weight
fine-tuning.

The results of the comparison between training objectives can be viewed in Figure [f] Although
three objectives end up with similar performance under 5M training data, both prefix LM and MoD
markedly lag behind CLM under limited parallel data (100K or 1M). Surprisingly, with 100K, mod-
els fine-tuned using prefix LM and MoD even underperform their zero-shot performance. Con-
versely, CLM demonstrates a healthy improvement as the amount of parallel data increases. Conse-
quently, we adopt CLM as our primary training objective for machine translation.
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Figure 6: The comparison of translation performance across various training objectives and parallel
data sizes is depicted. or datasets of 100K and 1M, both prefix LM and MoD lag behind CLM and
even undeperform the zero-shot performance. Notably, only CLM demonstrates a healthy improve-
ment as the volume of training data increases.

15



Published as a conference paper at ICLR 2024

B FULL RESULTS OF ZERO-SHOT EVALUATION

In Section[2.2] we present the average zero-shot translation performance of recently released LLMs.
Detailed results for each translation direction can be found in Table 4]

de cs is zh ru Avg.
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
Translating from English (en— xx)
OPT-7B 9.79 6574 295 5155 142 4566 159 4884 131 4157 341 50.67
BLOOM-7B 731 6221 3.09 5622 149 4997 2041 7403 589 5655 7.64 59.80
Faclon-7B 19.23 7730 586 57.04 1.69 37.53 2690 79.28 4.61 5355 11.66 60.94
LLaMA-1-7B 21.00 79.50 16.31 78.16 242 3492 1563 68.03 17.61 76.73 1459 67.47
MPT-7B 2091 7856 1195 69.80 3.21 41.71 2541 80.20 1399 7243 15.09 68.54
LLaMA-2-7B 19.00 7639 16.02 79.13 1.33 4383 1697 71.80 16.00 7324 13.86 68.88
Translating to English (xx—en)
OPT-7B 2443 7837 1482 6686 3.13 52.63 335 5434 447 5330 10.04 61.10
BLOOM-7B 22.06 74.10 6.06 55.18 2.14 4870 13.66 74.62 20.06 69.27 12.80 64.37
Faclon-7B 29.21 82.02 20.06 71.15 429 5253 1945 76.68 19.50 73.19 18.50 71.11
LLaMA-1-7B 29.14 8190 3293 81.18 6.78 58.15 1329 72.09 3293 81.71 23.01 75.01
MPT-7B 29.32 81.80 2745 76.12 1244 6276 19.72 7725 3055 79.21 2390 75.43
LLaMA-2-7B 30.42 82.74 36.56 8242 1098 62.79 18.19 7500 36.02 82.84 2643 77.16

Models

Table 4: The detailed results of LLM zero-shot performance in Figure

C TRAINING DETAILS

We fine-tune the backbone model using a warm-up ratio of 0.01, a maximum sequence length of
512 tokens, and a weight decay of 0.01. The test data from WMT 21 serves as our development
set. The training spans 3 epochs (for MPT-7B as detailed in Section [3} and 2 epochs for LLaMA-2
human-written data fine-tuning). The best model is selected based on the lowest validation loss,
with validation performed every 10% of the total training progress. We utilize 16 MI200 GPUs
for training; each GPU manages 4 batches and has a gradient accumulation step of 4, yielding an
effective batch size of 256. The peak learning rate is set at 2e-5 , with an inverse square learning
rate decay to 0. The training operates under £p1 6 precision, facilitated by deepspeed Rasley et al.
(2020), employing ZeRO stage 2.

D DATA INFORMATION

D.1 SAMPLING RATIO FOR MONOLINGUAL DATA

In Table[5] we observe a substantial imbalance in the volume of monolingual data available for differ-
ent languages, denoted by their respective word countﬁ Specifically, the English language dataset
contains 523.9B words, vastly outnumbering other languages, such as Icelandic, which contains
0.3B words. Utilizing an unmodified concatenation and shuffling approach for this data would dis-
proportionately prioritize English, undermining our objective of enhancing the model’s proficiency
in non-English languages. To address this, we straightforwardly set the sampling ratio for English as
P(l=en) = %, thereby ensuring a balanced learning emphasis. The remaining % of the probability
allocation employs temperature sampling, as suggested by |Aharoni et al.|(2019), a technique preva-
lently adopted in the processing of unbalanced multilingual machine translation. Consequently, the
process of selecting a monolingual example from language [ adheres to the following distribution:

P(l) x ( Di )T st Zp(z’):g 3)

ZZ’GL Dl, el

where D; is the amount of the data in language [, T is the temperature, and L is the set of all
languages except for English. The temperature we use is 6.

$https://huggingface.co/datasets/oscar-corpus/OSCAR-2301
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Parallel Data Monolingual Data
Train  Development Test (from English) Test (to English) | # Words  Sampling Ratio
German (de) 14211 1002 2037 1984 73.8B 20%
Czech (cs) 12076 1002 2037 1448 9.7B 14%
Icelandic (is) 2009 - 1000 1000 0.3B 8%
Chinese (zh) 15406 1002 2037 1875 44.4B 19%
Russian (ru) 15000 1002 2037 2016 78.0B 22%
English (en) - - - - 523.9B 17%

Table 5: The statistics for the data we utilize for the monolingual data fine-tuning and human-written
data fine-tuning.

D.2 DATA STATISTICS

We show data statistics in Table 5] The training parallel data is sourced from the WMT’17 to
WMT’20. The development data was acquired from WMT 21, and the test data was derived from
WMT’22, with the exception of the Icelandic dataset, which was procured from WMT’21. This
means, Icelandic does not have development dataset. Additionally, the monolingual data was ex-
tracted from the Oscar dataset.

E OFF-TARGET ISSUE FOR LLAMA-2-13B

In the zero-shot scenario, the performance of LLaMA-2-13 is reasonable for translations into En-
glish. However, we identify a significant off-target issue with LLaMA-2-13B when translating from
English to other languages. This issue is highlighted in Table |6/ using a red highlighted box . An
illustrative example of the off-target issue is provided below:

Translate this from English to Russian:

English: Plug the wall charger (not included) to a power outlet, and then connect
your eReader to the wall charger.

Russian: Comment: I’'m voting to close this question as off-topic because it is not

about programming.
Models de cs is zh ru Avg.
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
Backbone Model: LLaMA-2-13B, Translating from English (en—xx)
zero-shot 13.69 7555 087 6857 236 3847 30.00 79.70 0.59 6384 9.50 65.23
Prompt in Target Language 2591 81.88 20.80 81.82 2.05 40.80 31.82 82.08 22.66 83.29 20.65 73.97
Filtered 1-shot 2571 80.85 20.77 8130 278 4297 31.70 82.12 2232 83.03 20.66 74.05
Filtered 5-shot 2632 81.67 20.89 8145 278 4262 3201 82.02 2326 8328 21.05 7421
HW 5-shot 2633 82.63 21.87 8266 3.04 4193 30.73 82.65 2277 8421 2095 74.82

ALMA-13B-LoRA (ours) 31.47 85.62 3238 89.79 26.68 86.08 3984 8596 2896 87.53 31.87 87.00
Backbone Model: LLaMA-2-13B, Translating to English (xx—en)

zero-shot 31.06 83.01 40.02 8327 1577 6635 21.81 78.10 36.50 8291 29.03 78.73
Prompt in Target Language 31.06 83.01 40.02 83.27 15.77 66.35 21.81 7810 36.50 8291 29.03 78.73
Filtered 1-shot 30.75 8291 3947 8290 1371 6473 21.00 7835 37.13 8285 2841 78.35
Filtered 5-shot 3092 8341 4144 8381 1785 6822 19.86 78.15 3646 8226 2931 79.17
HW 5-shot 31.52 83,57 4210 84.69 1788 6993 2326 7936 3742 84.12 3044 80.33

ALMA-13B-LoRA (ours) 31.14 84.56 45.28 8647 36.95 8642 2546 80.21 40.27 85.27 35.82 84.59

Table 6: We demonstrate the off-target problem encountered during zero-shot translation from En-
glish to other languages using the LLaMA-2-13B model. Instances of this issue are highlighted
within red boxes . Implementing prompts in the target languages and incorporating few-shot learn-
ing can markedly alleviate this issue. It is pertinent to note that the quality of the shots also influences
the final outcomes.

Expectedly, the model should produce translations in Russian. Yet, LLaMA-2-13B outputs “I'm
voting to ..., indicating a misinterpretation of the task, potentially linked to its pre-training phase.

We address this off-target behavior through two methods.

Prompt in the Target Language One approach is to utilize prompts in the target language (Rau-
nak et al., 2023). For instance, when translating from English to Chinese, the preferred prompt
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is: R H M TESCEIIFEALH L \nZE3L: <source sentence>\n"3: ” as opposed to “Translate
this from English to Chinese:\nEnglish: <source sentence>\nChinese:”. Employing this technique
markedly enhances the zero-shot performance of LLaMA-2-13B. Specifically, the BLEU score es-
calates from 0.87 to 20.80 for en—cs, and from 0.59 to 22.66 for en—ru.

In-Context Few-Shot Learning Employing in-context few-shot learning by including several ex-
amples within the prompt has proven effective. We investigate both 1-shot and 5-shot learning
scenarios. As delineated in Section [I} we utilize two sets of examples: Filtered, extracted from the
WMT training data, and another set randomly chosen from human-written data, termed HW. Table
[l demonstrates that both 1-shot and 5-shot configurations effectively counteract the off-target chal-
lenges. Few-shot learning exhibits performance comparable to the strategy of using prompts in the
target language. Moreover, echoing observations from Section[[] examples of human-written quality
outperform those from the Filtered set.

Nevertheless, both strategies trail behind our proposed solution by a margin of approximately 5
BLEU and COMET points during translations into English, and by over 10 BLEU and COMET
points in translations originating from English.

Models de cs is zh ru Avg.
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
Translating from English (en—xx)
NLLB-54B 3450 8645 37.60 90.15 24.15 81.76 2738 7891 3096 87.92 30.92 85.04
GPT-3.5-D 31.80 85.61 3130 88.57 1590 7628 38.30 85.76 27.50 86.74 2896 84.59
1B 28.02 8424 2540 8734 2135 83.05 3554 8480 2548 8631 27.16 8515
2B 29.68 85.04 27.18 88.00 2349 8430 36.12 85.10 26.17 86.56 28.53 85.80
3B 29.25 84.82 2826 8831 23.60 84.62 37.06 8527 2638 86.72 2891 8595
4B 29.61 8524 2827 8829 2390 8442 3726 8540 27.02 8691 29.21 86.05
5B 29.52 85.04 2829 8843 2385 8458 37.19 8542 2650 86.85 29.07 86.06
6B 2949 85.01 2845 8843 2431 8463 37.16 8545 2692 8690 29.27 86.08
7B 2946 85.11 2825 8845 2427 8478 3726 8543 2680 8695 29.21 86.14
8B 29.31 8492 2793 8833 2384 8474 37.19 8530 2627 86.76 2891 86.01
9B 29.36 84.85 2786 88.11 2443 8460 37.15 8530 2641 86.52 29.04 85.88
10B 2947 84.82 29.18 8841 2559 8509 3741 8531 2771 8698 29.87 86.12
11B 29.55 85.14 2894 8841 2538 85.18 37.60 8543 2732 86.96 29.76 86.22
12B 29.71 85.02 2878 8849 2510 8498 37.75 8547 27.64 8699 29.80 86.19

12B, beam size=5 31.37 8545 31.12 8942 26.67 85.85 39.05 8576 2876 87.50 31.39 86.80
Translating to English (xx—en)

NLLB-54B 2689 7894 39.11 80.13 23.09 71.66 16.56 70.70 39.11 81.88 2895 76.66
GPT-3.5-D 30.90 8479 4450 86.16 3190 82.13 2500 81.62 3850 8480 34.16 83.90
B 30.66 8436 4371 86.06 3496 85.54 2322 79.88° 38.87 8488 3428 8414
2B 3026 84.32 4246 85.86 3430 8563 22.66 79.88 37.30 8470 3340 84.08
3B 30.14 84.27 4222 8598 3455 8579 2256 79.64 3831 8477 33.56 84.09
4B 30.14 84.38 42.84 86.03 34.86 8575 23.18 7995 3845 8490 3389 84.20
5B 3020 8442 4289 86.14 3452 8587 2332 80.07 38.07 85.02 3380 84.30
6B 3022 8435 4285 8622 3475 8596 2340 7994 3825 8490 33.89 84.27
7B 30.37 8436 4277 86.11 3586 86.12 2276 79.86 37.95 8490 3394 8427
8B 30.16 84.33 4325 8598 34.85 8583 2290 79.82 3742 84.84 3372 84.16
9B 30.11 8430 4290 8597 3521 8585 2250 7952 37.74 8492 3369 84.11
10B 2993 8432 43.02 86.10 3598 86.09 2254 79.77 37.86 84.88 33.87 8423
11B 30.57 8433 4342 86.11 36.19 86.14 2298 79.84 3840 84.88 3431 84.26
12B 30.40 8430 43.16 86.17 3573 86.19 23.89 80.17 3849 84.89 3433 84.34

12B, beam size=5 30.73 84.42 44.68 86.29 36.46 8630 24.65 79.90 4037 85.09 3538 84.40

Table 7: The comprehensive numeric results for LLaMA-2-13B fine-tuned by every 1B monolingual
tokens followed by human-written data fine-tuning.

F NUMERIC RESULTS FOR MODELS FINE-TUNED WITH EVERY 1B TOKENS

In Table [7] and [8] results for LLaMA-2-13B and LLaMA-2-7B are presented. Both models were
fine-tuned at every 1B-token interval (comprising six languages) before subsequent fine-tuning with
human-written parallel data. Full-weight fine-tuning was employed to ensure a consistent compar-
ison. During inference, the 7B models utilized a beam search of size 5, while the 13B models
adopted a greedy search strategy. For 13B models, we only utilize a beam size 5 for the final models
we reported in the main manuscript (Table[T]and 2).
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The data from these tables highlight that fine-tuning only 1B tokens, followed by human-written data
fine-tuning, is adequate to compete with or even outperform the state-of-the-art (SoTA) models.

de cs is zh ru Avg.
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
Translating from English (en—xx)
NLLB-54B 34.50 86.45 37.60 90.15 24.15 81.76 2738 7891 3096 87.92 30.92 85.04
GPT-3.5-D 31.80 8561 3130 8857 1590 76.28 38.30 85.76 2750 86.74 2896 84.59

Models

1B 28.40 8445 2699 8791 20.64 8322 3509 8441 2510 8633 2724 8526
2B 2896 84.62 28.05 8834 2223 8444 3439 84.08 26.02 8637 2793 8557
3B 29.10 84.66 28.68 88.46 2323 84.74 3550 84.40 2635 86.75 2857 85.80
4B 29.02 84.75 28.14 88.53 2378 84.94 3551 84.65 2622 86.68 2853 8591
5B 29.34 84.89 29.00 88.82 24.16 84.76 3582 8471 2621 86.74 2891 8598
6B 28.78 84.61 2831 88.56 23.85 84.82 3496 84.43 26.03 86.67 2839 8582
7B 28.72 84.83 2772 8849 2388 84.86 35.18 8433 26.17 86.54 2833 8581
8B 29.03 84.78 28.76 88.64 23.49 8494 3538 84.66 2642 8645 28.62 85.89
9B 2897 84.79 28.06 8839 2357 85.04 3511 8449 2620 86.70 2838 85.88
10B 2925 84.81 2797 8852 2355 8508 3560 84.66 26.18 86.58 2851 8593
11B 29.62 8523 28.77 88.68 2427 85.08 3575 8473 2655 8691 2899 86.13
12B 29.85 85.15 2890 88.67 24.68 8527 3631 8478 2695 87.00 2934 86.17
13B 29.88 8520 29.30 88.80 24.78 8524 3635 84.77 2698 87.05 29.46 86.21
14B 2995 8523 2959 89.09 2502 8520 3637 84.83 27.00 87.10 29.59 86.29
15B 30.10 8522 29.79 89.09 2521 8540 3627 84.78 2737 8694 29.75 86.29
16B 30.12  85.32 29.65 89.14 2487 8534 3658 8493 2697 8698 29.64 86.34
17B 30.07 8532 2932 8871 2528 85.13 36.24 8489 2743 87.05 29.67 86.22
18B 29.63 8540 29.14 89.02 25.11 8533 36.64 8496 2696 87.02 29.50 86.35
19B 30.01 85.25 29.75 89.06 25.66 8537 36.87 8511 27.13 8698 29.88 86.35
20B 3031 8559 29.88 89.10 25.71 8552 3648 8505 27.09 87.17 29.89 86.49

Translating to English (xx—en)
NLLB-54B 26.89 7894 39.11 80.13 23.09 71.66 1656 70.70 39.11 81.88 28.95 76.66

2B 29.53 84.00 4332 85.66 3379 85.17 22.19 7898 3882 8459 33.53 83.68
3B 30.15 84.00 43.08 8579 3443 8547 2270 7929 3932 84.61 3394 83.83
4B 29.82 8398 4326 8592 3455 8559 2327 7984 39.00 84.62 3398 83.99
5B 30.09 84.15 4339 8597 3526 8577 23.65 80.05 3881 84.65 3424 84.12
6B 3026 84.00 4391 8586 3546 8582 2375 79.85 39.37 8458 34.55 84.02
7B 29.44 83.87 4253 8590 3433 8571 2323 79.76 38.60 8458 33.63 83.96
8B 29.69 84.00 42.85 85.68 3438 85.69 2292 7931 3854 8447 33.68 83.83
9B 2976 83.94 4289 8590 3447 8546 23.03 79.57 38.01 8450 33.63 83.87
10B 29.05 83.87 41.88 85.61 33.69 8540 2297 7929 37.83 8428 33.08 83.69
11B 29.39 83.82 4342 8595 3487 85.69 2268 79.61 3813 8444 3370 83.90
12B 29.49 84.00 4322 8597 3524 8574 2294 79.65 3872 8459 3392 83.99
13B 29.51 8394 4290 85.88 3534 8578 2280 79.64 38.65 84.60 33.84 83.97
14B 29.65 8393 4289 8583 3547 8583 2240 79.65 38.67 8470 33.82 83.99
15B 29.48 83.89 4321 8593 3572 8588 2274 7934 39.04 84.63 34.04 8393
16B 29.67 8399 4327 86.03 3554 8590 2295 79.57 3928 8479 34.14 84.06
17B 29.48 8393 43.16 8581 3519 8581 2290 7935 3850 84.66 33.85 8391
18B 29.43 8398 4325 8594 3516 8583 23,57 79.69 3832 84.64 3395 84.02
19B 29.54 84.06 42.85 8583 3597 86.03 2342 79.56 3934 84.83 3422 84.06
20B 29.49 8398 4291 8590 3526 8597 2352 79.73 3893 8481 34.02 84.08

Table 8: The comprehensive numeric results for LLaMA-2-7B fine-tuned by every 1B monolingual
tokens followed by human-written data fine-tuning.

G DETAILED RESULTS IN ABLATION STUDY

We show the detailed results of the ablation study on the effect of monolingual data and the quality
of the data in Table

H IS MORE HUMAN-WRITTEN PARALLEL DATA BETTER?

The composition of our human-written data consists of the prior-year WMT test sets (approximately
10K parallel sentences per pair) and Flores data (around 2K per pair). In this analysis, we assess the
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de cs is zh ru Avg.
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
Translating from English (en—xx)

Use mono. Parallel Data Quality

X X 19.00 76.39 16.02 79.13 133 43.83 1697 7180 16.00 73.24 1386 68.88
X Random 2274 78.06 19.38 79.59 620 5045 27.66 79.70 2240 81.64 19.68 73.89
X Filtered 21.92 7759 1993 8024 691 5142 27.15 80.09 2190 8242 1956 74.35
X HW 27.30 83.46 2259 8459 3.61 4581 33.74 8381 23.63 8494 2217 76.52
b 4 2744 84.17 28.61 88.57 2155 83.69 2851 8156 25.65 8567 2635 8473
Random 2738 82.12 2843 86.82 21.65 80.53 31.68 81.73 2574 84.53 2698 83.15
Filtered 2797 83.16 2845 8726 23.03 8240 3155 8226 2592 84.84 2738 83.98
HW 30.31 8559 29.88 89.10 25.71 85.52 36.48 85.05 27.09 87.17 29.89 86.49

Translating to English (xx—en)
X b 4 3042 8274 36.56 8242 1098 62.79 18.19 75.00 36.02 82.84 2643 77.16
X Random 29.15 8233 38.61 82.67 17.14 6825 19.32 7724 3698 8297 2824 78.69
X Filtered 2929 8242 3841 8280 17.89 69.05 19.22 7741 37.12 83.04 2839 78.94
X HW 2995 8393 4032 8431 1561 69.13 2251 7877 38.56 83.88 29.39 80.00
b 4 2828 8248 38.05 84.18 3279 84.07 944 69.71 33.88 81.18 28.49 80.32
Random 28.89 8274 40.64 85.01 3511 8567 19.50 77.67 38.19 84.01 3247 83.02
Filtered 28.63 82.85 4093 8485 3512 8549 19.04 7792 3790 84.02 3232 83.03
HW 29.49 8398 4291 8590 3526 8597 2352 79.73 38.93 84.81 34.02 84.08

Table 9: Detailed results of ablation study on the effect of monolingual data and parallel data qual-
ity. The backbone model is LLaMA-2-7B. A red cross (X) in the table denotes the omission of
monolingual data fine-tuning or parallel data (indicative of zero-shot translation). A green check
(V) signifies that the model undergoes fine-tuning with monolingual data.

Avg. xx—en Avg. en—xx

BLEU COMET BLEU COMET
Backbone: LLaMA-2-7B After Stage 1
Flores 30.50 83.24 29.28 86.52
Flores+ WMT 34.02 84.08 29.89 86.49

Parallel Data Used

Table 10: The performance of LLaMa-2-7B (post stage 1 fine-tuning) when fine-tuned exclusively
on Flores versus when fine-tuned on both WMT and Flores.

impact of additional human-written parallel data. Specifically, we compare models (LLaMa-2-7B
after stage 1) fine-tuned exclusively on Flores against those fine-tuned on both Flores and WMT
data. Results can be found in Table [T0] Notably, upon integrating WMT data into the training
set, we discern a modest improvement in COMET scores. However, there’s an uptick in BLEU
scores, particularly for translations into English. We attribue the increase in lexical match (BLEU)
to the domain alignment of WMT data. Consequently, our hypothesis is that while an augmented
volume of human-written data might marginally enhance segment-level human judgment correlation
(COMET), in-domain data can significantly enhance lexical matching.

Avg. xx—ren Avg. en—xx
Methods BLEU COMET BLEU COMET
Backbone: LLaMA-2-13B After Stage 1
Zero-Shot 33.07 83.07 26.76 84.03
Filtered 5-shot 33.12 83.13 27.50 83.78
HW 5-shot 33.75 83.91 27.59 85.24
Our Stage 2 34.31 84.12 29.78 86.37

Our Stage 2 + HW 5-shot  34.14 84.27 28.56 85.87

Table 11: The performance between 5-shot ICL and stage 2 fine-tuning using the LLaMA-2-13B
model post stage 1 as the backbone. Our findings indicate that the quality of shots affects ICL
performance. Notably, stage 2 fine-tuning markedly surpasses the 5-shot ICL and ICL does not help
more on stage 2.

I PARALLEL DATA FINE-TUNING VS. IN-CONTEXT LEARNING

An alternative way to instruct the model to have better translation is in-context learning (ICL)
(Brown et al.| [2020), as opposed to additional fine-tuning on parallel data. However, ICL is lim-
ited to only a few shots given the length of translation examples, while fine-tuning can leverage
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entirely available data. For ICL, we consider 5-shot evaluations. 5 examples are randomly selected
from Filtered data (the Quality-Random examples used by [Hendy et al.| (2023)). We also consider
another 5 examples randomly from the human-written data to examine the impact of example qual-
ity. We here compare the performance of our fine-tuning method and 5-shot ICLE] We assess the
LLaMA-2-13B after stage 1 (12B token fine-tuning) and present results in Table[TT]

Interestingly, ICL also holds the same property that higher quality data leads to better performance
(Filtered 5-shot vs. HW 5-shot). Moreover, as expected, ICL substantially underperforms our stage
2 fine-tuning possibly due to the small examples provided, which aligns with the findings in the
previous work (Liu et al., 2022 [Mosbach et al., [2023). This could also clarify why implementing
ICL subsequent to stage 2 yields no additional benefits, as all high-quality data has already been
incorporated during stage 2 fine-tuning (the last row in the Table).

J CROSS-LINGUAL PROFICIENCY OF FINE-TUNED MODELS

We explore the cross-lingual competencies of our models derived from LLaMA-2 after fine-tuning
them on monolingual data. Our aim is to discern whether augmenting monolingual data enhances
performance in cross-lingual tasks. Experiments were conducted on zero-shot cross-lingual tasks en-
compassing three benchmarks: Cross-lingual language understanding (XNLI)|Conneau et al.| (2018)),
XStoryCloze—a translation of the English StoryCloze dataset into ten languages (Mostafazadeh
et al.| 2017), and XWinograd—a multilingual compilation of Winograd Schemas [Tikhonov &
Ryabinin| (2021). Evaluations were restricted to languages overlapping with our fine-tuned lan-
guages, namely, German (with only XNLI being inclusive), Chinese, Russian, and English. Unfor-
tunately, none of these datasets covers Icelandic. We first consider baselines for some widely used
models: XLM-R large (Conneau et al., 2020), XGLM-7.5B (Lin et al., 2021), BLOOM-7B (Scao
et al., 2022)), and MPT-7B (MosaicML}, 2023)). In these comparisons, LLaMA-2 demonstrates the
top performance for the tested languages. Subsequent fine-tuning with either 1B or 20B monolin-
gual tokens on both LLaMA-2-7B and 13B models yields substantial enhancements for non-English
languages across all tasks. A consistent trend observed was that increased monolingual data cor-
responds to greater performance boosts. Only English is observed for a negligible difference after
fine-tuning monolingual data, which is an anticipated outcome given LLaMA-2’s proficient grasp
of English. The tool we utilize for LLM evaluation is lm—-evaluation—-harness (Gao et al.,
2021)

Models XNLI Xstorycloze XWinograd

de en ru zh Avg. en ru zh Avg. en ru zh Avg.
XLMR-Large 3229 2751 3120 3341 31.10 49.83 4825 4646 48.18 4731 48.89 4405 46.75
XGLM-7.5B 4831 54.06 46.55 34.66 4590 69.82 6334 5890 64.02 7935 63.17 7282 71.78
BLOOM-7B 39.04 5337 42.61 3550 4263 7048 52.68 61.88 61.68 82.06 56.83 7421 71.03
MPT-7B 4787 55.62 46.10 36.71 46.58 78.09 57.71 59.50 65.10 86.58 68.89 73.21 76.23
LLaMA-2-7B 4590 56.51 4133 3482 44.64 77.04 6307 5956 6656 8791 6889 70.63 7581

LLaMA-2-7B, 1B mono. 47.63 57.87 44.02 3470 46.06 75.84 6459 60.03 6682 8563 6698 71.83 74.81
LLaMA-2-7B, 20B mono.  50.48 57.35 4647 3382 47.03 7571 6757 6281 68.70 86.06 66.67 7520 7598
LLaMA-2-13B 49.08 5321 4474 36.14 4579 7836 66.18 6340 06931 8899 6825 7798 7841
LLaMA-2-13B, 1B mono.  47.27 49.56 44.14 3835 4483 78.09 68.63 62.01 69.58 8847 6921 7817 78.62
LLaMA-2-13B, 12B mono. 49.56 54.02 47.55 40.72 4796 7829 69.82 63.67 70.59 88.82 70.16 78.17 79.05

Table 12: We evaluate the zero-shot cross-lingual efficacy on three multilingual datasets. Our find-
ings indicate that fine-tuning LLaMA-2 with more monolingual data results in enhanced perfor-
mance for non-English languages.

°Due to ICL’s extended prompt length, employing a large beam size is impractical; hence, we opt for a beam
size of 1 for all to ensure a fair comparison.
Yhttps://github.com/EleutherAI/lm-evaluation-harness/tree/big-refactor
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