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Abstract

Current multimodal machine translation
(MMT) systems rely on fully supervised
data (i.e sentences with their translations and
accompanying images), which is costly to
collect and prevents the extension of MMT
to language pairs with no such data. We
propose a method to bypass the need for fully
supervised data to train MMT systems, using
multimodal English data only. Our method
(ZeroMMT) consists in adapting a strong
text-only machine translation (MT) model by
training it jointly on two objectives: visually
conditioned masked language modelling and
the Kullback-Leibler divergence between
the original MT and new MMT outputs. We
evaluate on standard MMT benchmarks and
on CoMMuTE, a contrastive test set designed
to evaluate how well models use images to
disambiguate translations. ZeroMMT obtains
disambiguation results close to state-of-the-art
MMT models trained on fully supervised
examples. To prove that ZeroMMT generalizes
to languages with no fully supervised training
data, we extend CoMMUTE to three new
languages: Arabic, Russian and Chinese. We
also show that we can control the trade-off
between disambiguation capabilities and
translation fidelity at inference time using
classifier-free guidance and without any
additional data. Our code, data and trained
models are publicly accessible.!?

1 Introduction

Multimodal machine translation (MMT) refers to
the use of additional modalities, such as images or
videos, in machine translation (MT) systems. The
main purpose is to provide an additional signal in
the case of ambiguity in the text to be translated
(i.e the text alone does not provide enough informa-
tion). Most current MMT models are trained solely

"https://github.com/MatthieuFP/CoMMUTE
2https://github.com/MatthieuFP/zerommt
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on the Multi30K (M30K) dataset (Elliott et al.,
2016, 2017; Barrault et al., 2018), a multilingual
and multimodal corpus composed of 30K images,
their English captions and translations in French,
German and Czech. There have been recent break-
throughs in MMT thanks to the use of pretrained
text-only MT systems and monolingual caption-
ing data in order to adapt MT systems to MMT
(Futeral et al., 2023; Gupta et al., 2023; Vijayan
et al., 2024). Good results have been shown using
this strategy on COMMuTE (Futeral et al., 2023), a
benchmark designed to evaluate MMT models on
their use of images to disambiguate between con-
trastive translations, and these results were signifi-
cantly better than MMT systems trained on M30K
only (Yin et al., 2020; Yao and Wan, 2020; Liu
etal., 2021; Wuet al., 2021; Li et al., 2022b). How-
ever, these models still rely on the multilingual and
multimodal M30K corpus during training to en-
sure good translation performance. This presents a
core limitation: collecting translations of captions
is costly,” restricting MMT’s extension to new lan-
guages. Zero-shot transfer between languages has
been tested to bypass the problem (Hirasawa et al.,
2023), but this results in the poor exploitation of the
visual modality to disambiguate ambiguous texts.

In this work, we address this limitation by
proposing a method requiring only monolingual
multimodal text data (i.e. English text-image pairs),
removing the need for fully supervised data, i.e. par-
allel and multimodal data such as M30K. We start
from a strong pretrained MT system and use it to
translate multimodal English data into the target
languages of interest. We then adapt the pretrained
MT system to images using two objectives: (1) vi-
sually conditioned masked language modelling
(VMLM) (Li et al., 2019; Lu et al., 2019) on multi-
modal English data to force the model to use image

3 Authors of M30K stated they spent €23,000 on the trans-
lation of the 30,000 English captions into German.
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information and (2) a KL penalty on the translated
multimodal data to maintain translation capabilities.
We test our method on six languages directions: En-
glish to French, Czech, German, Arabic, Russian
and Chinese, extending the CoMMuTE dataset to
cover the three additional languages. Our method,
called ZeroMMT, obtains CoMMUuTE scores close
to the supervised state of the art, while there is
only a small drop in BLEU and COMET scores
compared to the underlying text-only MT system
on standard MMT benchmarks composed mainly
of unambiguous examples (i.e. where images are
not useful for correct translation). We further show
that we can control the trade-off between disam-
biguation and general translation performance at
inference time with classifier-free guidance.

2 Related Work

Training MMT systems Research in MMT orig-
inally focused on which visual features to use
(Li et al., 2022a) and how to integrate them into
sequence-to-sequence models (Sutskever et al.,
2014) trained from scratch on the widely used
M30K benchmark (Libovicky et al., 2016; Calixto
et al., 2016; Elliott and Kadar, 2017; Calixto and
Liu, 2017; Yin et al., 2020; Liu et al., 2021; Li et al.,
2022b). These MMT systems typically show im-
provements of around 1-2 BLEU points on standard
MMT benchmarks in comparison to text-only base-
lines trained from scratch, which is not significant
enough to state that MMT systems are better than
their text-only counterparts (Mathur et al., 2020).
Wu et al. (2021) observed that while they obtained
+1 BLEU on average on M30K test sets with the use
of images, they got the same improvements with
randomly initialized visual features, most likely
due to regularization, i.e. the images were in reality
not being exploited effectively. On top of that, be-
ing trained from scratch on fully supervised MMT
data only, these models lag far behind state-of-the-
art MT systems (Costa-jussa et al., 2022) trained
on large amounts of parallel text.

Futeral et al. (2023) show that M30K contains
few ambiguous examples requiring visual context,
and that models can get good results on the bench-
mark while still struggling to exploit images cor-
rectly. They introduce VGAMT, an adapted MMT
model based on a frozen state-of-the-art MT model.
They also show that visually masked language mod-
elling (VMLM) on English captioning data was a
key additional objective to force MMT systems to

become truly multimodal. Sato et al. (2023) and
Bowen et al. (2024) further show that choosing the
masked tokens in a smart way instead of randomly
slightly boosts results. However, these methods
still require fully supervised data to be good at
translation; training on VMLM alone results in a
collapse in translation capabilities.

A few works have used pseudo-multimodal par-
allel data by translating English captions into the
target language using a pretrained MT system (Li
et al., 2021; Caglayan et al., 2021; Vijayan et al.,
2024). However, Caglayan et al. (2021) and Vi-
jayan et al. (2024) used them in a pretraining step
in a form of distillation of the knowledge of the
MT system into the new MMT model before fine-
tuning on M30K. Li et al. (2021) use backtransla-
tion to translate English captions into Turkish to
train a Turkish-to-English MMT model for disam-
biguating gender pronouns from Turkish to English.
While effective, their method cannot be applied be-
yond this particular context because it requires the
MT system to output the correct translation, which
cannot be assumed to be the case in more general
ambiguous contexts (i.e. when text context is not
enough to translate the English text correctly).

There have been efforts to train MMT models
without using fully supervised data (Su et al., 2019;
Huang et al., 2020; Fei et al., 2023). These ap-
proaches are however fundamentally different from
this work as their goal is to obtain MT models
using synthetic text-only parallel data through the
use of visual pivoting, not targeting disambiguation
capabilities. Hirasawa et al. (2023) proposed a zero-
shot method to learn MMT by training on the little
fully supervised data available aiming for zero-shot
cross-lingual transfer. As the amount of fully su-
pervised data for a single language is small (< 30K
text-image pairs), and few languages are covered
(< 8), this method results in poor exploitation of
the image to learn disambiguation capabilities.

Evaluating MMT systems The test sets typically
used to evaluate MMT systems are the test subsets
of M30K (Elliott et al., 2016, 2017; Barrault et al.,
2018). However, some of the translations were
produced without access to the images and they
have also been found to contain only a few ambigu-
ous examples where visual context is necessary
(Futeral et al., 2023). They are therefore not best
adapted to evaluating MMT systems. Elliott (2018)
and Caglayan et al. (2019) proposed to use an ad-
versarial evaluation method and a probing method
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Figure 1: Overview of our approach. We train on two objectives: Visually conditioned masked language modelling
(VMLM) and Kullback-Leibler (KL) divergence. All weights are frozen during training except the visual projector

and the adapters in the MT model.

based on masked text inputs to assess the utility of
images in translation. However, this is not a good
proxy for evaluating an MMT model’s capacity to
disambiguate translations as it relies on masked
inputs and so says little about models’ capacities
to disambiguate when given unmasked text inputs.
Lala and Specia (2018), Li et al. (2021) and Zhu
et al. (2023) released evaluation datasets composed
of sentences in English with ambiguous words ac-
companied with disambiguating images. However,
Li et al. (2021) only target the ambiguity of gen-
der pronouns, and all these datasets are prone to
distributional bias, which is difficult to measure
and is such that text-only MT systems can perform
very well on them (i.e. images are in fact often
not necessary for correct translation). Traditional
MT metrics (Papineni et al., 2002; Banerjee and
Lavie, 2005; Rei et al., 2020) are also unable to
catch how well MMT systems use images as they
do not specifically target translations where images
would be required to translate correctly. Tackling
these issues, Futeral et al. (2023) introduced CoM-
MUTE, a contrastive evaluation dataset, composed
of English sentences to be translated, built around
ambiguous words, each sentence accompanied by
two translations with two images, each of which
disambiguates the English sentence. MMT models
are evaluated on their capacity to give a lower per-
plexity to the correct translation than the incorrect
one, given the source sentence and an image. As
perplexity is used to evaluate MMT models, it is a
direct proxy of MMT models’ capacity to disam-
biguate English sentences. Furthermore, text-only
MT systems can only perform as well as random
(50%), as they do not have access to the images.

3 Extending the CoOMMuTE benchmark

En Ar Ru Zh

#unique sents. 155 310 310 310
#tokens 1,384 2,958 3,105 2,832
#unique toks. 559 870 1,002 762

Table 1: Statistics of the extension of CoOMMuTE.

Currently available for English-to-
{French,German,Czech}, we extend the
CoMMuTE benchmark to three new target
languages: Arabic, Chinese and Russian, using
professional translators. We also release a small
validation set of 30 English ambiguous words
(non-overlapping with test set examples) with two
French translations, each with its own image, to be
used for model selection during training. Table 1
shows statistics of our extension of COMMuTE.*

4 Our Approach

Our goal is to train an MMT model capable of ef-
fectively using images to disambiguate ambiguous
translations (i.e. where an image is necessary to
translate correctly, which is MMT’s main purpose)
while keeping the general MT capacity of the un-
derlying MT model, without using fully supervised
data (i.e. in a zero-shot way). This allows us to
extend MMT to more language pairs, currently not
possible without collecting fully supervised data.
As shown in Figure 1, we start from a strong
pretrained NLLB (Costa-jussa et al., 2022) MT
model and use it to translate English captions. Sim-
ilarly to Futeral et al. (2023), we turn it into an

“Tokenisation using NLLB (Costa-jussa et al., 2022).
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MMT model by adding lightweight trainable mod-
ules (visual projectors and adapters), keeping origi-
nal weights frozen during training. We use visual
embeddings from SigLIP (Zhai et al., 2023) and
concatenate them to the sequences of text embed-
dings in the NLLB encoder. Our approach, Ze-
roMMT, is based on two objectives: (1) force the
model to use images when translating by using
visually-conditioned masked language modeling
(VMLM) and (2) maintain the performance of the
original MT system without any fully supervised
data using the Kullback-Leibler (KL) divergence
between the MMT system’s output and the original
MT system’s output distributions using the previ-
ously automatically translated data. While (1) has
already been proved successful for learning visual
disambiguation capabilities (Futeral et al., 2023),
we further show (Section 6) that (2) is key for re-
taining a strong translation capacity in an MMT
setting, enabling zero-shot training.

In more detail, let x1 ., denote the sequence
of tokens of the English sentence, ¢ the image
embedding, yi1.. ., the translated sequence of
tokens, fp the original MT system and fp g the
MMT system built on top of the text-only MT
model with additional light-weight modules (,
both outputting probability distributions over
tokens. We formally define the losses as follows:

Lymim = Zyj log (fo,58(Yj; Y<j» T\ ar+1)) (D
J

=Y folyjiy<j,x)log

J

Jo(yjsy<j, )

2
Jo.8(ys3y<j, 1) @)

where . is the set of masked input indices. The
final loss is a weighted combination of (1) and (2),
and we choose the A value based on results on
validation sets as described in Section 5.2:

L = Lyvim + \Lkr

5 Experiments

5.1 Data

We trained our models on the Conceptual Captions
dataset’ (Sharma et al., 2018). We translated Con-
ceptual Captions into French, German, Czech, Chi-
nese, Russian and Arabic using NLLB (Costa-jussa
etal., 2022) (of size 600M, 1.3B or 3.3B depending
on the experiment) using a beam of size 4 for the
600M model and 2 for the largest ones.

S At the time of writing, we were able to collect 2,831,746
out of the 3,300,000 images.

We evaluate our models on the M30K test
sets (Elliott et al., 2016, 2017; Barrault et al.,
2018) for English-to-{German,French,Czech},
the EMMT test set (Zhu et al., 2023) for English-
to-Chinese, comprising 500 English product
titles from e-commercial websites translated
into Chinese, and the VATEX test set (Wang
et al., 2019) for English-to-Chinese, composed
of 10-second videos® with English captions
translated into Chinese. We use these test sets
to make sure general translation quality is not
harmed when introducing additional visual inputs
in unambiguous cases (as described previously,
they cannot be used in practice to evaluate
MMT models’ ability to use images correctly).
Finally we evaluate on COMMUTE for English-to-
{German,French,Czech,Chinese,Russian,Arabic},
used to test how well the MMT models exploit
visual context for disambiguation.

5.2 Implementation details

Modelling We trained three different versions of
ZeroMMT depending on the size of the underlying
NLLB model’ (Costa-jussa et al., 2022) (600M,
1.3B and 3.3B). For SigLIP (Zhai et al., 2023),
we use ViT-B-16-SiglIP-384 trained on WebLlI
(Chen et al., 2023) from the timm library (Wight-
man, 2019). Following VGAMT (Futeral et al.,
2023), we used bottleneck adapters (Houlsby et al.,
2019) as implemented in the Adapters Python li-
brary (Poth et al., 2023) with a factor reduction of 8
and ReLU activation (Agarap, 2018) for each layer.
The visual projector is a 1-layer neural network fol-
lowed by ReLU activation projecting SigLIP (Zhai
et al., 2023) embeddings towards the hidden dimen-
sion of NLLB. The image representation is then
concatenated to the sequence of text embeddings.
The cross-attention mechanism in the decoder of
the model can only attend to the positions of text
embeddings. Similarly to VGAMT, we randomly
mask 25% of the input tokens for VMLM.

Training We train our models with a batch size
of 32, the Adam optimizer (Kingma and Ba, 2015)
with 81 = 0.9 and 52 = 0.99 and learning rate of
10~*. We use A = 0.1 to balance the two training
losses. All hyperparameters were selected based
on the combination of the CoMMUuTE validation
set (see Section 3) and the English—French valida-

®We take 5 frames per second, compute SIGLIP features
and average them to obtain the visual input.
7As implemented in Transformers (Wolf et al., 2020).
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Ar Cs De Fr Ru Zh
Text-only MT baselines 50.0 50.0 50.0 50.0 50.0 50.0
NLLB-SIGLIP topline 82.6 76.0 83.7 75.0 75.8 88.1

MMT - fully supervised
Gated Fusion bilingual - 51.0 +19 49.7 06 50.0 +0.8 - -
VTLM + MMT bilingual - 52.0 £0.7 50.2 +03 51.4 409 - -
VGAMT ful bilingual - 55.6 +08 59.0 +05 67.1 +0.7 - -
VGAMT SIGLIP-only multi. - 575412 57.1 404 61.3 +1.1 - -
MMT - cross-lingual zero-shot
M2KT-VPN bilingual - 50.1 06 50.3 05 50.9 +0.8 - -
MMT - zero-shot

Multilingual OpenFlamingo 61.3 59.1 63.7 68.5 67.4 66.5
ZeroMMT-600M (ours) multi.  56.1+08  55.5+05 557403 587404 572412 58.2+1.1
ZeroMMT-1.3B (ours) multi. 573402 59.4405 57.4+04 622405 60.6+£05 60.1408
ZeroMMT-3.3B (ours) multi. 589405 61.7+03  60.8+08  65.0+07 62.9+03 60.140.7

Table 2: Results on CoMMUTE, averaged over 3 runs (£ standard error). The best scores for each category are in

bold and the second best are underlined.

Fr De Cs Zh
BLEU COMET BLEU COMET BLEU COMET BLEU COMET

Text-only MT baselines
NLLB-600M distilled 49.17 +078  85.18 £0.67 33.04 £344 81.98 £2.16 26.58 £0.19  85.02 £042 16.07 £1.35  57.81 +4.21
NLLB-1.3B 51.90 079 86.28 £0.77 3539 +2.83  83.49 +2.15  30.77 £046  87.48 £029 18.22 £020 60.02 £3.51
NLLB-3.3B 5373 £0.57  86.98 £0.88 37.26 £2.10 84.76 £1.76  33.37 £027  88.70 £0.37  20.55 £046 61.27 £3.50

MMT - fully supervised
Gated Fusion bilingual 49.79 £746  80.62 £3.01  31.57 £524 72.89 £3.15 28.30 £252  79.24 4+2.41 - -
VTLM + MMT bilingual 55.27 +6.00 83.45 £1.98 35.94 +344 79.10 £235 32.63 +226 82.40 +1.77 - -
VGAMT full bilingual 59.97 +6.66 88.29 +1.83  39.10 £3.14 85.72 +£1.73 35.89 +£1.70  89.50 +1.08 - -
VGAMT SIGLIP-only multi. 58.39 +567 87.27 £1.74 37.36 £351  83.85 £2.04 34.88 £1.77 87.45 £1.19 - -

MMT - cross-lingual zero-shot
M2KT-VPN bitingual 51.58 +6.72 80.19 £3.77  29.27 £577  71.63 £2.77  28.02 £231  78.63 +2.77 - -
MMT - zero-shot

Multilingual OpenFlamingo ~ 35.08 +0.76  82.66 £1.38  24.92 £289  79.93 +2.44 3.27 £0.04  70.73 +£0.55 8.60 £5.86  53.38 +10.24
ZeroMMT-600M (ours) multi. ~ 49.00 £1.07  84.82 £0.79  32.79 £2.97  81.13 £248 25.24 +0.62 83.79 £055 15.74 £1.62 57.10 £4.72
ZeroMMT-1.3B (ours) multi. 52.06 £1.15  86.15 +0.84 35.18 £258 83.35 +190 30.14 +048 86.94 £033  17.11 £0.71  59.17 +4.34
ZeroMMT-3.3B (ours) multi. 53.34 £050 86.69 +0.94 37.08 +2.49 84.41 +£1.77 33.03 034 88.37 £032 19.43 064 60.61 +4.28

Table 3: Aggregated generation results for En—X. Fr and De results are averaged over Test2016, Test2017 from
M30K and AmbiguousCOCO. Cs results are averaged over M30K Test2016 and Test2018. Zh results are averaged

over EMMT and VATEX test sets.

tion dataset of M30K, each score weighted equally.
All our models are multilingual if not otherwise
specified. We run each experiment three times with
three different seeds and report average scores and
standard error. It took 15 hours on one NVIDIA
V100 for the 600M model and 20 hours on one
NVIDIA A100 for the largest models.

Evaluation We evaluate MMT generation with
BLEU (Papineni et al., 2002) and COMET (Rei
et al., 2020). For BLEU, we use the Sacrebleu
implementation (Post, 2018) with /3a tokeniza-
tion for French, German and Czech and z/ tok-
enization for Chinese. For COMET, we use the
wmt22-comet-da (Rei et al., 2022) model from the
XLM-R backbone (Conneau et al., 2020). The
translations were obtained with beam search de-
coding of size 4. Following (Futeral et al., 2023),

we calculate disambiguation accuracy using CoM-
MuTE: given an English sentence and an associ-
ated image, we compute the perplexities of each
contrastive translation, giving a score of 1 if the per-
plexity of the correct translation is lower than the
perplexity of the contrastive one and O otherwise.

5.3 Results

Baselines and comparative models We com-
pare our approach to several others. Firstly, we
compare to the text-only MT systems on which
the ZeroMMT models are based, NLLB-600M dis-
tilled, NLLB-1.3B and NLLB-3.3B. We also com-
pare against well-known fully supervised MMT
systems: Gated Fusion (Wu et al., 2021), a tiny
3M-parameter Transformer (Vaswani et al., 2017)
trained from scratch on M30K; VTLM (+ MMT)
(Caglayan et al., 2021), a 44M-parameter MMT
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Ar Cs De Fr Ru Zh

NLLB-600M 79.06 8331 80.84 80.17 79.94 7541
ZeroMMT-600M (ours) 79.43 82.62 81.11 81.36 80.67 75.90
NLLB-1.3B 80.59 84.12 81.28 80.14 81.72 75.30
ZeroMMT-1.3B 81.02 8541 8346 8235 8345 77.06
NLLB-3.3B 7990 8497 8120 81.16 8226 76.69
ZeroMMT-3.3B 80.64 86.69 83.54 8340 83.87 77.85

Table 4: COMET scores on COMMUTE (as a translation
set). The best result for each model size is in bold.

system first pretrained on the translation language
modelling (TLM) objective (Lample and Conneau,
2019) with an additional image as input on trans-
lated captioning data (using the same translated
data and tokenizer as ZeroMMT-600M) and then
MMT-finetuned on M30K; and VGAMT (Futeral
et al., 2023), a 630M-parameter MMT system (of
which 13M trainable), which is an MT-fine-tuned
mBART (Liu et al., 2020) transformed into an
MMT system through the addition of lightweight
adapters trained jointly on the MMT and VMLM
objectives. VGAMT originally uses multiple types
of visual input and is bilingual. Therefore, to have a
comparable setup we retrain a VGAMT-like model
with NLLB-600M distilled as the underlying MT
model, with SIGLIP features only and in a multilin-
gual setting. Finally, we compare to Multilingual
OpenFlamingo (Futeral et al., 2024), a 3B multilin-
gual multimodal language model pretrained on a
large number of text-image pairs and interleaved
documents which allows for zero-shot MMT in a
way that is comparable with our model and M2KT-
VPN (Hirasawa et al., 2023), a cross-lingual zero-
shot MMT model based on a tiny Transformer.

We compute an approximate upperbound on
CoMMUuTE for models trained with SIGLIP fea-
tures by evaluating on NLLB-SIGLIP (Visheratin,
2023). For each CoOMMUTE instance, we compute
the cosine similarity between the translation and
(1) its associated image and (ii) the other image. If
the cosine similarity of (i) is higher than (ii), it is
considered a correct prediction.

Quantitative results Tables 2 and 3 show the
results on CoMMUuTE and the aggregated results
on generation benchmarks not composed of am-
biguous examples (i.e. images are not required)
respectively. For full results, see Appendix A. Com-
pared to the text-only NLLB-600M distilled model,
our approach results in only a small drop in per-
formance on generation benchmarks (-0.52 BLEU
and -0.79 COMET on average), where images are

not required to translate the sentence correctly, de-
spite not using the M30K training data or any fully
supervised data. For the disambiguation task, Mul-
tilingual OpenFlamingo obtains the strongest CoM-
MuTE scores but it fails in generation as it was
not specifically trained to translate. Our approach
is significantly better than the random baseline
(>55% for all languages for the smallest model,
>61% on average for the largest model), showing
that it is able to exploit images for disambiguation;
results are close to VGAMT scores (for similar
model sizes) for Czech despite not having been
trained on fully supervised data. Table 4 shows
additional results on CoOMMUuTE but used as a tra-
ditional MMT generation benchmark. We obtain
higher COMET scores than the text-only baseline
NLLB on all languages for all model sizes except
Czech for the smallest model. These results show
that our approach is able to improve translation per-
formance by exploiting images for disambiguation
in cases of ambiguous examples without using any
fully supervised data during training. We shall see
in Section 7 how image exploitation can be con-
trolled at inference time and how our approach can
be made to outperform Multilingual OpenFlamingo
in image exploitation (as measured on CoMMuTe).

Qualitative results We analysed some transla-
tions of our ZeroMMT-600M model and compared
them with those of the text-only distilled NLLB-
600M model. Our model is able to exploit the im-
age to slightly change the translation towards the
correct meaning, as shown in Figure 2a, where am-
biguous parts of the translations change when the
image is provided. In Figure 2b, the translation is
also improved; bass is translated as i ‘fish’ rather
than [k ‘bass (low tone)’. We also notice few
variations in the other areas of the translation with
respect to the NLLB translation, which means that
our model correctly identifies the part to change.
More examples can be found in Appendix B.

Human evaluation We conduct human evalu-
ation between ZeroMMT-3.3B and NLLB-3.3B
outputs to further confirm these results. We set
up A/B testing where annotators were asked to as-
sess which of the translations was better given the
source translation and the accompanying image.
We randomly sampled 100 examples from CoM-
MuTE to assess which model is better in cases of
ambiguity in the source sentence and 100 examples
from M30K test sets (equally represented) in cases
where images do not provide additional informa-
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En Source
Fr Ours
NLLB
Ours
D Fro nus

(a) English—French example.

: Next to the main square or the little one?
: A coté de la place principale ou de la petite?
: A coté de la place principale ou de la petite?

: A coté du carré principal ou du petit?
: A coté de la place principale ou de la petite?

: What a beautiful bass!

En  Source

D 7,  Ours : ﬁ%—ﬁ‘%@ﬂ’ﬂ&%!
NLLB XE—1EMIES!
7h Ours D XE2—1EWE!

D NLLB : RR—EWMES!

(b) English—Chinese example.

Figure 2: Translations of COMMUTE by our approach,
ZeroMMT-600M, and the NLLB distilled MT model.

ZeroMMT 34
Draw 64
NLLB §12
0 20 40 60 80 100

Figure 3: French human evaluation on 100 examples
from CoMMUTE. ‘Draw’ means both translations are
exactly the same or considered of same quality.

tion for translation. Figure 3 shows that ZeroMMT-
3.3B is considered to be better than NLLB-3.3B
by a large margin in cases of ambiguity. In cases
where the image adds no additional information
(i.e. the sentence to translate is non-ambiguous),
Figure 4 shows that translations are considered the
same in most cases (80%), and in the remaining
cases NLLB-3.3B is considered to be slightly bet-
ter than ZeroMMT-3.3B (11 vs. 9). The results of
a similar analysis for Arabic and Chinese is given
in Figures 5 to 7. By manually looking at some
examples, we noticed that the few unambiguous
cases where NLLB-3.3B is considered superior to
ZeroMMT-3.3B are due to hallucinations (since
we add additional information in cases it is not
necessary, this can occasionally occur).

ZeroMMT 9
Draw 80
NLLB 11
0 20 40 60 80 100

Figure 4: French human evaluation on 100 examples
from M30K test sets. ‘Draw’ means both translations
are exactly the same or considered of the same quality.

6 Ablation study

Translation sets CoMMuTE
BLEU COMET accuracy
ZeroMMT-600M 32.73 41233 77.95 +1082  56.9 +14
w/o VMLM 33.12 £1201  78.49 +i0.69 50.3 +o04
w/o KL 14.10 £1070  65.88 +11.72 58.9 +13
+ MMT w/o KL 32.09 1262 77.50 +10.80 55.5 13

Table 5: Ablation study. Aggregated scores over bench-
marks and languages. The best results are in bold and
second best are underlined.

We conduct an ablation study on our ZeroMMT-
600M model to analyse the impact of our two ob-
jectives. We first train a model without the VMLM
objective, then a model without the KL penalty. We
also test the replacement of the KL penalty with
a standard auto-regressive MMT translation loss
with the translated data as the ground truth, and fi-
nally we vary the KL penalty coefficient to observe
the evolution of COMET and CoMMuTE scores.
Additional ablation study on the choice of visual
feature can be found in Appendix A.4.

KL penalty only (i.e. without VMLM) Table 5
shows that with the KL penalty only, the model can-
not exploit visual information for translation. This
is because there is no need to use the input image
and the model learns to ignore it. The aggregated
CoMMUTE score is close to random guessing.

VMLM only (i.e. without KL) Table 5 also
shows that, while the VMLM objective allows the
model to obtain good scores on CoOMMuTE (it is
able to exploit visual information), the scores on
generation benchmarks collapse as expected, with
-19 BLEU points and -12 COMET points in com-
parison to the full approach.

KL penalty vs. MMT objective Finally, we
replace the KL penalty with the standard MMT
objective (i.e. + MMT w/O KL in Table 5) as the ob-
jective to maintain translation quality. We observe
a drop of 0.64 BLEU points and 0.45 COMET
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Figure 5: Chinese human evaluation on 100 examples
from COMMUuTE. ‘Draw’ means both translations are
exactly the same or considered of same quality.

ZeroMMT 24
Draw 74
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Figure 7: Arabic human evaluation on 100 examples
from COMMUTE. ‘Draw’ means both translations are
exactly the same or considered of the same quality.
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Figure 8: Evolution of aggregated COMET and CoM-
MuTE scores when changing the KL penalty coefficient.

points on average in comparison with the use of
the KL penalty. It additionally results in an average
drop of 1.4 points on CoOMMuTE.

Varying the trade-off between objectives In
Figure 8 we show the variation of COMET and
CoMMUTE when testing our approach with differ-
ent \ coefficients for the KL penalty. We notice
that when A is too high, it results in a large average
drop of performance on CoMMuTE.

7 Controlling the disambiguation level

We show that our method allows us to obtain
an MMT system with a good trade-off between
strong translation quality on unambiguous exam-
ples (i.e. where images are not necessary to trans-
late correctly) and the capacity to exploit visual
context for disambiguation. However, some ap-
plications could require stronger disambiguation
capabilities and be less reliant on translation fi-

ZeroMMT 14
Draw

NLLB 15

71

0 20

40 60

80 100

Figure 6: Chinese human evaluation on 100 examples
from VATEX. ‘Draw’ means both translations are ex-
actly the same or considered of same quality.

0% BLEU COMET CoMMuTE
1.0 37.62 +12.11  81.12 +10.59 61.6 +2.1
1.25 37.30 +£12.07  80.98 +10.56 64.2 £25
1.5 36.84 +£11.89  80.76 +10.53 65.8 +2.7
2.0 35.02 £11.07  79.92 +10.42 68.5 £2.9
2.5 32.15 +£10.14  78.42 +10.16 70.3 +2.6
3.0 28.75 4+9.08 76.25 +9.69 71.7 +25
MOF  20.37 £12.92  73.60 +11.98 64.4 +3.4

Table 6: Evolution of BLEU, COMET and CoMMuTE
scores of our CFG-enabled ZeroMMT-3.3B model (ag-
gregated over benchmarks and languages) compared
to CFG-free ZeroMMT (i.e. v = 1.0). The best and
second best results for each model size are shown ty-
pographically. “MOF” shows scores for Multilingual
OpenFlamingo.

delity on unambiguous cases or vice versa. Instead
of retraining a model to control the trade-off be-
tween the two objectives, we instead propose to use
classifier-free guidance (CFG) (Ho and Salimans,
2021; Sanchez et al., 2023) to control this trade-off
at inference time. We define CFG in the context of
MMT as follows:

fo.8(Y55y<j> z,1) = fo(yjs y<j, x)+

. 3)
Y(fo.8(yj5y<js . 1) — folys3y<j, @)

where fp is the text-only MT system, fg g the
adapted MMT system, = and y the source and gen-
erated sentence, ¢ the visual input, j the token index
and ~ the CFG value controlling guidance.

We analyse the evolution of BLEU and COMET
scores on standard generation benchmarks (where
text context is enough to translate correctly), and
CoMMUTE scores when varying the v parameter.
Table 6 shows that ZeroMMT-3.3B can achieve a
boost in COMMUuTE accuracy of up to 4.2 points
for v = 1.5, while facing only a moderate drop of
BLEU and COMET scores on unambiguous gen-
eration benchmarks (which do not require images
as additional context in theory). Higher ~ values
result in stronger disambiguation capabilities, as
shown by CoMMUTE, but this comes at the ex-
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pense of a drop in generation quality on the un-
ambiguous benchmarks. CFG can therefore allow
us to control the trade-off between disambiguation
capability and translation fidelity depending on the
application. Importantly, we strongly outperform
Multilingual OpenFlamingo on all metrics for dif-
ferent CFG values and we can obtain CoMMuTE
scores up to 71.7 on average for v = 3.0. Results
for ZeroMMT-600M and 1.3B can be found in Ta-
ble 11 in Appendix A.2.

8 Conclusion

We present ZeroMMT, a novel zero-shot MMT
approach bypassing the need for parallel multi-
modal data. ZeroMMT shows good disambigua-
tion capabilities (it is able to effectively exploit
images) while maintaining good translation results,
with only a very small drop in performance ac-
cording to standard generation benchmarks where
images are not necessary for correct translation.
ZeroMMT allows us to extend MMT to new lan-
guage directions; we show that it performs well
on the COMMUTE test set for Russian and Arabic
for which no parallel multimodal training data is
available. Moreover, we show that it is possible
to control the disambiguation-generation trade-off
using classifier-free guidance. It is therefore a step
towards having MMT systems that cover a broader
set of languages without having to rely on acquiring
costly training data.

Limitations

While our approach allows us to exploit images for
translation disambiguation as shown by the scores
obtained on CoMMuTE, it is still behind the up-
perbound. Zero-shot disambiguation capabilities
also come at the expense of a slight drop in transla-
tion quality in cases where text context is enough to
translate correctly as shown by BLEU and COMET
scores. To fill this gap, a next step, which we leave
to future work, would be to detect ambiguity in
the source sentence and access the images only in
those cases. Indeed, in most cases, images are not
necessary to translate the English source sentence
correctly. There are therefore areas for improve-
ment even if our zero-shot approach is close to its
fully supervised counterparts. It is nevertheless a
step towards zero-shot multimodal machine trans-
lation and the expansion of MMT to new language
pairs.

Ethics Statement

The released extension of COMMUTE is designed
to evaluate disambiguation capabilities of MMT
systems and should not be used in any other way.
Images were collected under the Creative Com-
mons license and COMMUuTE is distributed under
CC-BY-SA-4.0 license. All of our models are also
distributed under CC-BY-SA-4.0 license.
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A Detailed results

A.1 Main results

Tables 7 to 10 show full BLEU and COMET scores
for all languages and all benchmarks.

A.2 Impactof vin CFG

Table 11 shows the impact of v on BLEU, COMET
and CoMMUuTE scores of our CFG-enabled Ze-
roMMT 600M and 1.3B models (aggregated
over benchmarks and languages) compared to the
vanilla, CFG-free ZeroMMT model (i.e. v = 1.0).
See Section 7 for results with our ZeroMMT-3.3B
model.

A.3 Ablation study - Full results

Tables 12 to 15 show the full results of the ablation
study for all languages and all benchmarks.

A.4 Ablation study - Choice of visual
representation

We additionally train several ZeroMMT-600M
models with different types of visual encoder. As
shown by Table 16, the type of visual encoder
does not have an impact on global translation per-
formances as BLEU and COMET scores do not
vary a lot on standard benchmarks between mod-
els. However, we notice significant differences on
CoMMuTE; the performance of CLIP® SIGLIP?
and SIGLIP large'® visual encoders are about 1.5
points higher on average on CoMMuTE in compar-
ison to VIT!! and ResNet-50.!% This is probably
due to the fact that VIT and ResNet-50 are trained
on ImageNet, which limits their capacity to Ima-
geNet classes while CLIP and SIGLIP-like visual
encoders are trained on free-form image-text large
datasets. However, all scores on CoMMuTE are
well above random, therefore validating the method
for different types of visual representation.

B Additional examples

Figures 9a to 9f show additional translation ex-
amples from CoMMUuTE by ZeroMMT (Ours)
and the text-only NLLB-600M distilled model.

8yiT-B-32

9vit_base_patch1 6_siglip_384
10vit_so4®0m_pa’cch1 4_siglip_384
Hgoogle/vit-base-patch16-224-in21k
Zmicrosoft/resnet-50
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Test2016 Test2017 COCO
BLEU COMET BLEU COMET BLEU COMET

Text-only MT baselines
NLLB-600M distilled 48.71 85.18 48.54 85.99 50.28 84.36
NLLB-1.3B 51.68 86.60 51.06 87.01 52.95 85.22
NLLB-3.3B 54.15 87.57 52.92 87.64 54.11 85.73

MMT - fully supervised
Gated Fusion bilingual 5870 £030 83.60 £008 50.80+070 81.74+025 40.40+040 76.52 4025
VTLM + MMT bilingual 63.37 £0.13 8529 £006 5577 £0.17 84.35+004 47.69 £o0.16 80.70 £0.20
VGAMT full bilingual 67.20 £0.10 89.78 +£004 61.60 £0.10 89.37 £004 51.10 £0.60 85.78 +0.11
VGAMT SIGLIP-only multi. 65.04 £ 052 88.74 £004 5890 +028 88.23+0.19 51.24+073 84.84 £029

MMT - cross-lingual zero-shot
M2KT-VPN bilingual 59.21 £056 83.954+0.13 52.63 £063 81.55+041 42904020 75.08 £0.51
MMT - zero-shot

Multilingual OpenFlamingo 36.01 83.56 35.10 83.72 34.14 80.71
ZeroMMT-600M (ours) multi.  48.62 £038  84.92 £0.09 48.10 £0.11  85.66 £0.16 50.29 +0.82  83.78 £0.20
ZeroMMT-1.3B (ours) multi. 5147 £011 8642 +0.17 51.10+002 87.00+017 53.60+054 85.03 +0.08
ZeroMMT-3.3B (ours) multi. 52.89 £036 87.22 £005 53.29+0.19 87.48 +£0.13 53.86+030 85.38 £0.13

Table 7: En—Fr results for Test2016, Test2017 and COCO subsets of M30K, avg. over 3 runs (& standard error).

Test2016 Test2017 COCO
BLEU COMET BLEU COMET BLEU COMET

Text-only MT baselines
NLLB-600M distilled 37.14 83.79 33.24 83.21 28.73 78.95
NLLB-1.3B 37.91 85.14 36.81 84.86 31.44 80.45
NLLB-3.3B 39.47 86.22 37.86 85.76 34.44 82.28

MMT - fully supervised
Gated Fusion bilingual 38.70 £020 76324017 29.50 +£020 73.61 £032 26.60 £030 68.74 £0.36
VTLM + MMT bilingual 40.46 +0.64 8158 £008 35.19+016 79.79 £006 32.18 £021 75.94 £0.08
VGAMT full bilingual 43.30 £020 87.34 £008 38.30+020 86.49 +007 35704030 83.33 +£0.08
VGAMT SIGLIP-only multi. 4193 +075 85.794+0.13 36.68 £023 84.72+027 33484013 81.05+029

MMT - cross-lingual zero-shot
M2KT-VPN bpilingual 37.14 £0.69 7551 £063 27.09 £040 T72.29 £067 23.57 £054 66.07 £ 1.11
MMT - zero-shot

Multilingual OpenFlamingo 28.86 82.31 2391 80.91 21.99 76.58
ZeroMMT-600M (ours) multi.  36.22 £040 83.04 £039 33.11 068 82.54 +0.17 29.04 £0.13 77.72 +0.16
ZeroMMT-1.3B (ours) multi. 37.63 +£0.13 84.80 £0.19 36.24 +054 84.56+0.19 31.66+047 80.68 +0.14
ZeroMMT-3.3B (ours) multi. 39.58 +030 85.85+005 37.97 +021 8546+013 3371 +040 8192 +0.16

Table 8: En—De results for Test2016, Test2017 and COCO subsets of M30K, avg
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Test2016 Test2018

BLEU COMET BLEU COMET
Text-only MT baselines
NLLB-600M distilled 26.39 85.44 26.76 84.60
NLLB-1.3B 30.31 87.77 31.23 87.19
NLLB-3.3B 33.64 89.08 33.10 88.33
MMT - fully supervised
Gated Fusion bilingual 30.80 £ 040 81.64 +032 25.80+0.10 76.85+0.18
VTLM + MMT bilingual 3487 +£0.19 84.154+017 30.38 £035 80.64 +0.20
VGAMT full bilingual 37.60 £020 90.57 £008 34.20 £0.10 88.43 £0.06

VGAMT SIGLIP-only multi. 36.62 £ 042 88.63 +0.16 33.134+023 86.28 £0.11

MMT - cross-lingual zero-shot

M2KT-VPN bilingual 30.29 +£054 81.33 +£050 25.75+028 7593 +072
MMT - zero-shot
Multilingual OpenFlamingo 322 71.27 3.31 70.18

ZeroMMT-600M (ours) multi.  25.66 +0.43  84.27 £036 24.82 +049 83.32 +0.14
ZeroMMT-1.3B (ours) multi. 2098 £059 87.13 £027 30.29 £025 86.75 £0.28
ZeroMMT-3.3B (ours) multi. 3299 +038 88.67 £0.07 33.08 £030 88.06 +0.11

Table 9: En—Cs results for Test2016 and Test2018 subsets of M30K, avg. over 3 runs (+ standard error).

EMMT VATEX
BLEU COMET BLEU COMET
Text-only MT baselines

NLLB-600M distilled 14.72 53.60 17.42 62.03
NLLB-1.3B 18.42 56.51 18.02 63.54
NLLB-3.3B 21.01 57.77 20.09 64.77

MMT - zero-shot
Multilingual OpenFlamingo 2.74 43.14 14.46 63.62

ZeroMMT-600M (ours) multi.  14.12 £0.09 52.39 £0.07 1736 +£0.13 61.82 +£0.12
ZeroMMT-1.3B (ours) multi. 1642 +£0.15 54.84 +044 17.80 £0.16 63.50 £0.16
ZeroMMT-3.3B (ours) multi. 1897 £059 5634 £050 19.88 £025 64.87 £0.07

Table 10: En—Zh results for EMMT and VATEX test sets, averaged over 3 runs (£ standard error).

y BLEU COMET CoMMuTE BLEU COMET CoMMuTE
ZeroMMT-600M ZeroMMT-1.3B

1.0 32.73 +12.33  77.95 +10.82 56.9 +1.4 35.62 +12.58  80.07 +10.78 59.5 +1.8
1.25 32.39 41224  77.73 +10.76 584 +1.4 35.25 +1256  79.89 +10.73 61.6 +£1.3
1.5 31.81 +£12.04  77.39 +10.66 59.7 +1.8 34.67 £1242  79.62 £10.65 63.8 £2.8
2.0 30.29 £11.52  76.35 £10.46 62.3 £1.9 3296 £11.92  78.72 £10.40 66.1 £2.4
2.5 27.98 £10.75  74.68 +10.09 64.1 +2.1 30.36 1129  77.09 +10.04 68.0 +2.4
3.0 25.03 +9.56 72.29 +9.58 65.4 +22 27.06 +1021  74.60 +9.49 69.2 +2.0

Table 11: Evolution of BLEU, COMET and CoMMUuTE scores of our CFG-enabled ZeroMMT 600M and 1.3B
models (aggregated over benchmarks and languages) compared to the vanilla, CFG-free ZeroMMT model (i.e. 7 =
1.0). The best result of each model size is in bold. The second best result is underlined. See Section 7 for
ZeroMMT-3.3B results.
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Test2016 Test2017 COCO CoMMuTE

BLEU COMET BLEU COMET BLEU COMET Accuracy

ZeroMMT-600M 48.62 £038 84.92 +009 48.10+0.11 85.66 £0.16 50.29 +082 83.78 +0.20 58.7 +0.4
w/o VMLM 49.01 +0.16 85.09 +£0.04 47.644+0.19 8559 +004 4992 +028 83.91 +0.02 50.0 +£0.3
w/o KL 2873 £597 78.51 £296 23.63 £599 7695 +£340 30.78 £648 76.50 £ 2.98 60.4 + 1.4

+ MMT w/o KL 48.68 +0.22 84.64 +021 47.64 +035 8537 +£005 49.404+0.19 83.11 +0.18 56.8 +£1.7

Table 12: Ablation study En—Fr. The best result is in bold and the second best result is underlined.

Test2016 Test2017 COCO CoMMuTE
BLEU COMET BLEU COMET BLEU COMET Accuracy
ZeroMMT-600M 36.22 +040 83.044+039 33.11 £068 82.54 +0.17 29.04 +0.13 77.72 +0.16 55.7+03
w/o VMLM 37.17 £016 83.59 +008 33.724+021 83.10 £009 28.14+038 78.53 +0.21 50.0 +£0.0
w/o KL 1242 £576  67.10 £ 5.04 7.92 £436 64.92 +4.64 839 +£417 61.32 +428 56.8 + 1.1

+ MMT w/o KL 3595 +051 8258 +0.10 32.72+031 82.02+011 27404033 77.13 £0.02 54.6 +£0.6

Table 13: Ablation study En—De. The best result is in bold and the second best result is underlined.

Test2016 Test2018 CoMMuTE
BLEU COMET BLEU COMET Accuracy
ZeroMMT-600M 25.66 +0.43 84.27 £036 24.82 +£049 83.3240.14 55.5+05
w/o VMLM 26.49 +020 85.17 £007 26.55 +003 84.34 +0.07 50.1 £0:2
w/o KL 1090 £549 7197 £542 8.15+414 67.27 £568 59.1 +0.8

+ MMT w/o KL 25.10 +£027 83.78 £020 2543 +£0.10 82.66 +0.10 54.8 £0.9

Table 14: Ablation study En—Cs. The best result is in bold and the second best result is underlined.

EMMT VATEX CoMMuTE
BLEU COMET BLEU COMET Accuracy
ZeroMMT-600M 14.12 £0.09 52.39 +007 17.36 +0.13 61.82 +0.12 582 +1.1
w/o VMLM 15.19 £ 027 53.60 +£0.11  17.40 £0.10 61.95 +0.12 50.1 +£0.2
w/o KL 1.12 +48 43.30 £1.06 8.99 +427 51.01 £538 60.7 £ 05

+ MMT w/o KL 11.89 +£044 51.56+063 1670 £0.18 62.16 +0.24 56.5 £0.5

Table 15: Ablation study En—Zh. The best result is in bold and the second best result is underlined.

Fr De Cs

BLEU COMET BLEU COMET BLEU comgr ~ COMMUTE
ZeroMMT-600M (SIGLIP) 49.00 £1.07 84.82 £0.79 32.79 +297 81.13 +248 25.24 4062 83.79 £055 56.90 £1.40
ZeroMMT-600M (SIGLIP large)  48.77 +1.16  84.61 £0.77  32.39 +320 81.13 +240 25.35 +026 83.89 £0.40 56.73 £1.65
ZeroMMT-600M (CLIP) 4894 £1.08 84.77 £0.74 32554331  81.11 £243  25.44 4040 83.62 £0.65 57.25 £1.70
ZeroMMT-600M (VIT) 48.86 £1.45 84.64 +0.67 32.62+3.03 81.17 +223 25.10 037 83.64 £0.53  55.59 £0.96
ZeroMMT-600M (ResNet) 48.98 +1.12  84.90 +0.71 3290 +320 81.34 +241 25.56 +0.40 83.75 +042  55.54 +091

Table 16: Impact of visual features. Aggregated generation results for En—X. Fr and De results are averaged over
Test2016, Test2017 from M30K and AmbiguousCOCO. Cs results are averaged over M30K Test2016 and Test2018.
CoMMUTE results are averaged over languages. Bold is best result. Underline is second best.
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En Source

Ours
n Fr NLLB
Ours
E Fr NLLB

(a) French example from CoMMuTE. The English word
‘sheets’ can refer to ‘paper’ or ‘bed sheets’. Correctly trans-

: Awoman is folding sheets.

: Une femme est en train de plier des feuilles.
: Une femme est en train de plier des draps.

: Une femme est en train de plier des draps.
: Une femme est en train de plier des draps.

lated by ZeroMMT in both cases.

En Source
Ours
n De (s
Ours
E De NLLB

(c) German example from CoMMuTE. The English word ‘gum’
can refer to ‘mouth tissue’ or ‘chewing gum’. Correctly trans-

: Your gum doesn't look good!

: Dein Zahnfleisch sieht nicht gut aus!
: Dein Kaugummi sieht nicht gut aus!

. Deine Kaugummi sieht nicht gut aus!
: Dein Kaugummi sieht nicht gut aus!

lated by ZeroMMT in both cases.

En Source

Ours
g =
Ours
E Ar NLLB

(e) Arabic example from CoMMUuTE. The English word ‘spir-
its” can refer to ‘souls’ or ‘alcoholic beverages’. Correctly

. It must be the spirits!

R QTP (AVE JE RS

!C\});Y\diljy
s A el il pall L e e e
T Wi ny

translated by ZeroMMT in both cases.

F Ours
F NuB

Ours
E Fr s

i

En Source

Give me the bill.
Donne-moi la facture.
Donnez-moi la facture.

Donne-moi le billet.
Donnez-moi la facture.

(b) French example from CoMMuTE. The English word ‘bill’
can refer to ‘paper statement of money owed’ or ‘banknote’.

Correctly translated by ZeroMMT in both cases.

En Source
Ours
n Ru NLLB
Ours
E Ru NLLB

3

: The match lasted a long time!

: Marty gnuncst oueHb gonro!
: Marty gnuncs gonro!

: Cnunyka o4eHb Jonro ropen.
: Mary anuncs gonro!

(d) Russian example from CoMMuTE. The English word
match’ can refer to ‘sports game’ or ‘small flammable sticks’.

Correctly translated by ZeroMMT in both cases.

En Source

Ours
n zh NLLB
Ours
E zh NLLB

: We've got another jam I'm afraid.

: BHEXRET.
s BMAR— ARG, EIED.
: BEXEBLEEET,

o BNES— ARG EED.

(f) Chinese example from CoMMuTE. The English word ‘jam’

can refer to ‘paper stuck in a printer’ or ‘being stuck in the
traffic’. Correctly translated by ZeroMMT in both cases.

Figure 9: Translations of CoOMMuTE by our approach, ZeroMMT-600M, and the NLLB distilled MT model.
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En  Source

Ru Ours
NLLB

E Ours

RU - NLs

: Have you got any coke?
: Y 1ebs ecTb koka-kona
: Y 1eb65 ecTb KOKanH?

: Y 1eb65 ecTb KOKanH?
: Y 1eb65 ecTb KOKanH?

(a) English—Russian example.

En  Source
Ours
n A" NLLB
Ours
E AT NLLB

Hand me the dough!

Iepaall giac]
3 giill ikl

: a;ﬁ.’d\gf'dnci

a;ﬁ.’d\gf'dnci

(c) English—Arabic example.

En  Source
Ours
n De  \is
De Ours
NLLB

1 He is sitting on the trunk.

: Ersitzt auf dem Baumstamm.
: Er sitzt auf dem Kofferraum.

: Ersitzt auf dem Kofferraum.
: Ersitzt auf dem Kofferraum.

(b) English—-German example.

En  Source

n Cs Ours
NLLB
Ours

E S IT

. We changed coaches.

1 Zménili jsme trenéry.
1 Zménili jsme trenéry.
: Zménili jsme autobusy.
: Zménili jsme trenéry.

(d) English—Czech example.

Figure 10: Additional translations of CoOMMuTE by our approach, ZeroMMT-600M, and the NLLB distilled MT

model.
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