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Neural Machine Translation (NMT) has made remarkable progress using large-scale textual data, but the
potential of incorporating multimodal inputs, especially visual information, remains underexplored in high-
resource settings. While prior research has focused on using multimodal data in low-resource scenarios, this
study examines how image features impact translation when added to a large-scale, pre-trained unimodal
NMT system. Surprisingly, the study finds that images might be redundant in this context. Additionally, the
research introduces synthetic noise to assess whether images help the model handle textual noise. Multimodal
models slightly outperform text-only models in noisy settings, even when random images are used. The study’s
experiments translate from English to Hindi, Bengali, and Malayalam, significantly outperforming state-of-the-
art benchmarks. Interestingly, the effect of visual context varies with the level of source text noise: no visual
context works best for non-noisy translations, cropped image features are optimal for low noise, and full image
features perform better in high-noise scenarios.This sheds light on the role of visual context, especially in noisy
settings, and opens up a new research direction for Noisy Neural Machine Translation in multimodal setups.
The research emphasizes the importance of combining visual and textual information to improve translation
across various environments. Our code is publicly available at https://github.com/babangain/indicMMT.
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1 Introduction
Unimodal Neural Machine Translation (UNMT) systems generate reliable outputs across many
domains and languages. However, these models often fail to translate ambiguous words that require
additional contextual information for disambiguation. This issue is further amplified when the
dataset is noisy, containing spelling or grammatical errors. Additionally, UNMT models struggle to
produce context-dependent translations. Multimodal Neural Machine Translation (MMT) is
particularly important in the era of social media.

In MMT, an image is used as contextual information to support the translation process. For
example, in the sentence “The color of the court is red,” the word court can be interpreted in multiple
ways. One interpretation is a playground for indoor games like tennis or badminton, while another
could refer to a judicial court. Although several techniques have been proposed for MMT, most
have been applied to high-resource language pairs, such as English–German or English–French.
These languages belong to the same linguistic family, use the Latin script, and often share common
vocabulary. Translating between distant language pairs, e.g., English and Hindi, is more challenging,
as they share fewer commonalities. Furthermore, Hindi sentences are gender-dependent, whereas
English is not [14]. For example, the translation of “I am going to the market.” differs depending
on whether the subject is male or female. Although there have been a few efforts to incorporate
multimodal information for translating English to Hindi, most do not leverage large-scale unimodal
pre-training. Existing methods either omit large-scale unimodal data entirely or use it only for
limited purposes such as word embedding training. While multimodal translation is inherently
different from unimodal translation, training encoders and decoders with large-scale unimodal
data may help achieve better translation performance. Although object tags can aid translation
quality [26], relying solely on object tags without incorporating additional visual information from
the image may be suboptimal for the following reasons:

— Only object tags (such as person, ball, tree, etc.) are linked to the source text; other details
about the objects and images that could assist in translation are not utilized.

— If there is no additional information about the objects, their locations, or their interactions,
the model may use object tags misleadingly. For instance, the model may fail to determine
whether the subject is male or female if another male person is present in the image and the
subject is actually female, as both would appear in the list of detected objects regardless of
their actions.

— For each detected object, only one tag with the highest confidence is selected. Misclassified
tags can mislead the (Neural Machine Translation) NMT model because tag selection is
discrete, and the object detection model is prone to errors.

— Due to inadequate training of the object detection model, many objects may remain
unclassified.

The aforementioned factors prevented object tag-based models from consistently improving the
results. Therefore, it is preferable to use and incorporate visual features that have been extracted
from pre-trained image models, e.g., Vision Transformer (ViT), VGG, ResNet [27], and so on.
When source texts are hidden, some probing tasks demonstrate how MMT models can retrieve
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missing data, such as color, person, and so on, from visual features [49]. Here, some part of the
textual input is masked, and the model is trained to translate the sentence with the help of the image,
forcing it to focus more on the visual features in order to retrieve information about masked input
tokens. However, it may not be a realistic strategy in scenarios involving incomplete information.
Any mask token will not be present in real-world datasets, where some of the information is
missing from the source text, and it may be challenging to infer that the information is insufficient.
In summary, efforts have been made to make use of visual features in the MT system directly. Most
of them only use multimodal data, which is scarcely available. Additionally, other techniques that
rely on strong baselines only use image object tags when fine-tuning. In this study, we investigate
the circumstances in which visual features have a positive impact on MMT systems. We use large
pre-trained models as a baseline so that the models are robust enough to distinguish words from
intra-sentence context when available. We observe that images have a negligible contribution in
non-noisy settings. We further observe that the models are able to utilize cropped image features
in low-noisy settings, and full image features are more effective in high-noisy settings. Our
study indicates that visual features’ impact on the model performance increases with noise in the
source text.

The major contributions of this article are briefly outlined below.
(i) Noisy MMT: We develop our systems for noisy MMT. To the best of our knowledge, this is

the earliest attempt of its kind to translate noisy utterances in multimodal settings. We observe an
increased positive impact of visual context in the presence of noise in the dataset.
(ii) Multilingual MMT: We perform multilingual multimodal fine-tuning and utilize a mul-

tilingual pre-trained model. This is the first attempt at a multilingual setting that includes Indic
languages.
(iii) Probing the Need for Images: By substituting relevant images corresponding to the text

with random ones, we investigate the effectiveness of using semantically aligned visual information.
This is the first attempt of its kind to conduct such probing in Indian languages.
(iv) Strong UNMT Baseline: We use a strong off-the-shelf UNMT model for fine-tuning. This

is essential to determine whether the improved performance of multimodal methods stems from
the extracted information in images or from the limitations of the text-only model in handling
ambiguity.
(v) Enhanced Visual Features in Indian Settings: We extract rich visual features from

ViT as well as CLIP instead of using CNN-based features adopted in contemporary Indic MMT
methods.
(vi) State-of-the-Art (SOTA) Results: This work primarily aims to understand the impact of

visual features on multimodal English-to-Indic language translation in the presence of noise. While
our goal is not solely to achieve SOTA performance, our model obtains SOTA results for all three
target Indic languages (Hindi, Bengali, and Malayalam), with English as the source language.

The rest of the article is organized as follows. In Section 2, we discuss related MMT methods
along with models for Indic languages and noisy text translation. Thereafter, Section 3 explains
the employed dataset and the noise addition procedure. Subsequently, Section 4 mentions our
methodology, and Section 5 and Section 6 discuss the results with observations and ablations.
Finally, Section 7 concludes this article.

2 Related Works
MMT has seen growing interest due to its ability to incorporate complementary visual context to
improve translation quality. However, the progress in this area is constrained by the limited avail-
ability of large-scale source-target-image triplet datasets. Despite this, a wide range of approaches
have been proposed to address the challenges in MMT through innovations in model architecture,
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integration of visual features, and adaptations for low-resource and linguistically diverse settings.
This section surveys major developments in general MMT, its application to Indian languages,
context-aware translation, and robustness to noisy input.

2.1 Multimodal Translation
One of the earliest attempts for MMT was to integrate visual features with a shared attention mech-
anism [6]. However, it did not result in performance improvement. Other early attempts include the
concatenation of text features with global and regional visual features [29] to generate Multimodal
Translation. Here, regional features are treated as tokens of the input sentence. Subsequently, a
multi-task-based training framework [18] was employed with a shared encoder where the tasks
included standard NMT tasks and visual feature reconstruction. The following attempts to tackle
challenges included consideration of visual features as pseudo-text features [8]. First, they projected
visual feature vectors into source text embedding space and used them as the first and/or last word
of the source sentence. Furthermore, they use them to initialize the hidden state of the encoder
instead of using a zero vector. Finally, they use the projected image representations and encoder
output to initialize hidden representations of a decoder. They use bidirectional RNN as the encoder.
Since visual features are needed in very specific cases, the model tends to learn to ignore visual
features, resulting in ignoring them, even when necessary. Therefore, a visual attention grounding
mechanism [86] was adopted for MMT that links the visual semantics with the corresponding
textual semantics.

In order to enable the MMT systems to adequately handle multimodal information, a translate
and refine approach [31] was adopted for MMT, where the first stage decoder generates translation
on textual information and second stage decoder refines it with the help of the visual features. To
improve the interaction between textual and visual features, a latent variable was added to model
[10]. This latent variable can be seen as a stochastic embedding that is used by the decoder for
translation, as well as it can be used to predict image features. Attention [79] based multimodal
interactions are widely used in MMT. This includes cross-attention between regional image features
and decoder self-attention output [85].

Multimodal information generally helped in obtaining better results. However, it was observed
that many of the improvements were not related to the presence of visual features in MMT. This
indicated a need to probe how and why MMT models generate better translation compared to
UNMT models. In a probing task [49], the words that included color information (red, green, etc.)
were masked. In addition, words that indicate characters and nouns were also replaced with mask
tokens from the source text to simulate a situation where information is insufficient in the source
text. They proposed a Selective Attention-based transformer that is able to recover the masked
information from the image at the generated translation better than other existing models. Similarly,
it was observed that models can integrate the visual modality if they are complementary rather
than redundant [7]. Furthermore, they observed that visual features increase the robustness of
NMT by acting as input noise.

2.2 Multimodal Translation on Indian Languages
The early attempts for MMT for Indian languages relied on synthetic data [16], which was gener-
ated by using a text-based PBSMT model. Then, they use the projected image feature for hidden
representations of encoder and decoder [8] to generate Multimodal MT. Initializing the hidden
representation of the decoder generated better results compared to that of the encoder. Subsequently,
it was observed that using multimodal methods achieves better results [47, 68] compared to UNMT
or image captioning. Doubly Attentive decoder [9] architecture, which was proven to generate a
better translation for other languages, was adopted for English-Hindi [42, 43]. They use pre-trained
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word embedding learned from IITB Corpus [39] to initialize the models and augment datasets by
using Giza++ Tool [53], to obtain phrase pairs. Furthermore, the pre-trained VGG19 [72] model is
used to extract image features.

It was observed that using text-based pre-trained models achieved better results for Hindi VG
Test set compared to the multimodal model trained only on multimodal dataset [23]. However, it
obtained lower results for the Challenge set. Furthermore, the text-based model was trained on a
larger bilingual corpus, which could be a major contributing factor to better results. Multimodal
Transformer architecture was adopted for English-Hindi [71], which improved the results compared
to its UNMT baseline. There are other works that utilized multiple captions from the dataset to
train the models [73]. It was observed that multiple captions introduce lexical diversity, which
helps to generate robust translation.

Only a limited number of studies have employed large-scale pre-training. A model was pre-
trained on IITB corpus [39], and it was observed that large-scale pre-training is more important
for better translation in contrast to image features [58]. In another study, the multimodal features
are found to be less relevant as a good pre-trained model can handle ambiguity issues [5]. A
pre-trained mBART model was used to initialize the weights [26]. Then, they used unimodal data
for the first stage of fine-tuning. Finally, they concatenated object tags with source text before
last-stage fine-tuning. Those methods are entirely unimodal except for the usage of Object detection
models for object tag extraction at data pre-processing stages. Thereafter, a similar method was
adopted for English-Bengali [59]. Inspired from [25], a sequence-to-sequence model was used for
MMT [60]. In this method, the input is the concatenated source and target side, and the output is
object tags, which act as dummy image features on unimodal datasets. They follow the object tag
concatenation-based method, which resulted in huge BLEU gains compared to the text-only model.
However, the text-only models were not trained on very large corpus in required languages. This
makes them unable to disambiguate sentences properly.

There were some attempts in the reverse direction, where Spatial attention was used for image
features [51] for Hindi to English Multimodal News Translation. In the meantime, some MMT
methods were proposed for other low-resource Indian languages. A transliteration-based phrase
augmentation method was adopted for English-Assamese [44] with Assamese VisualGenome
(VG) dataset [45] and English-Bengali [41]. A similar method was used for English-Hindi [46], and
this method was able to generate better results compared to UNMT. A comparison of results was
performed on the Mizo VG dataset [36] with Transformer, BiLSTM, and PBSMT models [40, 62, 77],
where the transformer outperforms the other models. However, it was observed that NMT-based
models generate a poor-quality translation for longer sentences. A multilingual multimodal NMT
system was introduced for English and Dravidian languages [11], which generated better results
compared to UNMT and single-language MMT. All these methods assumed the presence of clean
and grammatical training data, which may not be very suitable for real-world use cases.

2.3 Context-aware Translation
Apart from using multimodal information as context, there have been several attempts to use
unimodal information as a context. For example, the previous and next sentences can serve as
a useful context for document translation. Similarly, previous sentences in a conversation can
serve as a context for chat translation. The context is generally incorporated by concatenation
[24, 78] or using a different encoder for context. Hierarchical Attention Networks can achieve
better results [52] compared to context-agnostic NMT. It was observed that performance gains
from multi-encoder models cannot be entirely attributed to the contextual information. Setting
the weight of the context to zero during testing does not have a significant negative effect on the
results[20, 48]. Similarly, training and testing with random context also improve the results [1].
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The standard metrics for NMT were unable to capture the improvements at the discourse level. [19]
proposed a discourse-aware framework for performance evaluation.

2.4 Noisy NMT
The presence of noise in the data has adverse effects on the translation quality [3, 35]. Early attempts
for Noisy MT relied on Normalization of text [81]. Due to the lack of parallel corpora for Noisy NMT,
most of the research relies on synthetically generated noise. This method helped to achieve better
results in translating erroneous speech transcripts [75, 83]. Subsequently, the noise was added with
texts for different datasets with multiple types of synthetic noise [13, 33]. Generally, noisy text
translation can be viewed as a domain adaptation task. Fine-tuning on noisy data improves the
robustness of the model [4, 15, 28]. Other methods include the construction of source and target
side adversarial examples [12] for noisy NMT. Subsequently, Insertion and Deletion predictors were
added to the NMT, which improved results on noisy inputs [82]. It was observed that multi-tasking
with translation and denoising objectives helps to generate robust translation [61]. Furthermore,
they observed improvements after adding synthetic noise to the dataset and using Dual Channel
Decoding. Noisy text translation is an unexplored area in Indian languages. It was observed that
fine-tuning with noisy data improves the results for Conversational NMT [21]. However, since
the training datasets were synthetically generated, the improvements are mostly due to domain
adaptation.

3 Dataset Details
We use the VG datasets containing Bengali [69], Hindi [57], and Malayalam [56] sentences for
fine-tuning. The train, validation, test, and challenge subsets of each dataset contain 29,230, 998,
1,595, and 1,400 sentences, respectively. The challenge subset comprises sentences with potential
ambiguity (such as “court”) that may or may not be resolved using textual information alone. Each
row in a dataset contains the following fields:

— Source text: The utterance in English.
—Target text: The corresponding utterance in Hindi, Bengali, or Malayalam.
— Image ID: The filename of the image relevant to the utterance.
—Coordinates of image: The dataset provides the bounding box of the specific image region

on which the utterance is based.
A sample of the dataset is presented in Figure 1, and we describe some additional dataset statistics

in Table 1. We frequently noticed that the image size within the box’s boundaries is insufficient.
More information might be available if the entire image were used rather than just the cropped area
contained within the bounding box. A study [22] observed that using the cropped image feature of
ResNet-50 yields better results compared to the full image. However, the difference is marginal in
most experimental settings, and using full images achieved slightly better results in one setting.
Therefore, we perform our experiments in both setups.

3.1 Noisy Data Generation
We generate noise in the datasets as they appear in social media. Social media captions frequently
misspell words with two identical consecutive characters, write words without vowels, and omit
articles (a, an, the). Since our work intends to find if the visual context can help to translate noisy
text, we did not add noise to the images.

3.1.1 Low Noise. We iterate through all the words in a sentence and remove them if we encounter
an article with 0.2 probability. If the word is non-article or article but not removed in the previous
step, we look for vowel characters in the word and remove them with 0.1 probability. Finally, we
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Full Image Cropped Image

Source Target
Hindi : लबंा धातु प्रकाश पोस्ट

Tall metal lightpost Bengali : লম্বা ধাতব লাইটপোস্ট
Malayalam : ഉയരമുള്ള മെറ്റൽലൈറ്റ്പോസ്റ്റ്

Fig. 1. Example of combined Hindi, Bengali, and Malayalam dataset.

Table 1. Statistics of Hin: Hindi, Beng: Bengali, and Mala: Malayalam VG Datasets

Subset #Sentences #Average Words per Utterance
English Hindi Bengali Malayalam

Train 28,930 4.95 5.03 3.94 3.70
Valid 998 4.93 4.99 3.94 3.63
Test 1,595 4.92 4.92 4.02 3.57

Challenge 1,400 5.85 6.17 4.76 4.32

check if the word contains the same letters at two consecutive positions. In that case, we remove
one of them with 0.2 probability. We started with 0.3 probability for each noise generation operation
and randomly selected 20 samples from the dataset. We engaged some human annotators who
are active on social media to rate noised sentences in terms of naturalness from 1 to 5. A rating
of 5 indicates that these types of noisy sentences often appear in social media, and a rating of 1
indicates that the appearance of these types of noisy sentences is quite unlikely. We keep reducing
the probability of each type of noise by 0.1 until we reach at least a 4.5 rating on average.

The statistics of added noise with respect to the actual sentences are reported in Table 2. As
we acquire the noisy version of the data through subjective human judgment, we use the BLEU
[55] metric to report n-gram matches as a measure of similarity. Similarly, TER [74] indicates the
number of edits required to obtain the original source from the corrupted text. chrF2 [64, 65] is a
character-level F-score metric. To maintain a consistent distribution of noise throughout training,
validation, and evaluation, we introduce noise to all the available subsets of the data. In low noise
settings, the resulting BLEU scores typically fall within the range of 65.9 to 67.5, while chrF2 scores
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Table 2. Statistics of the Source Text After Addition of Noise when
Compared with Original Source Text

Dataset Low Noise High Noise
BLEU chrF2 TER BLEU chrF2 TER

Train 67.5 87.3 16.2 38.1 71.1 34.9
Valid 66.9 87.1 16.4 36.7 70.6 35.5
Test 67.0 87.0 16.5 36.9 70.6 35.3
Challenge 65.9 87.7 16.5 37.3 71.9 36.0

range from 87.0 to 87.7; a lower TER score, in this case, indicates a lower amount of noise, which
ranges from 16.2 to 16.5 in low noise settings.

3.1.2 High Noise. We remove articles with 0.3 probability. Unlike low noise, we do not make
further modifications to articles if they are not removed because we are already adding other
noises in high amount. Then, we remove vowels and repeat characters with 0.3 probability each.
In scenarios with high noise levels, the achieved BLEU scores usually lie between 36.7 to 38.1, and
the corresponding chrF2 scores range from 70.6 to 71.9. A lower TER score in such cases suggests a
reduced amount of noise, which typically falls within the range of 34.9 to 36.0 in high-noise settings.

3.2 Pre-processing
Weuse langid.py [50], a language identification tool to detect if any sentence pair contains the wrong
language. We found some alignment issues in the corpus, such as the presence of source sentences
in the target field of the dataset. Some human annotators manually annotated those instances
by translating them into the target language, taking the corresponding image into consideration.
Furthermore, the source data was unavailable in a few instances of Hindi VG. Since the Bengali VG
is aligned with Hindi VG, we copy the corresponding source sentence from Bengali VG. Finally,
while Malayalam VG contains the same set of sentences, image pairs are Hindi and Bengali VG;
they are not aligned. We align them to match the order of Bengali VG. Aligning the datasets helps
to reduce memory usage, as visual features can be common between all languages. Finally, we
follow the same pre-processing steps that are performed to train the pre-trained model. Since
Hindi, Bengali, and Malayalam are written in different scripts, we convert all target side data to
the Devanagari script by a publicly available tool [38]. We use Hindi, Bengali, and Malayalam
VG datasets to fine-tune all our models. For cropped experiments, we crop image portions within
bounding boxes. We extract (cropped as well as full) image features from vit_base_patch16_224
model [37] unless mentioned otherwise.

4 Methodology
In the literature, previous probing methods focused on the usability of images when some informa-
tion from the source was deprived of the model. For example, the words with color, person, and
so on, which can be available in the image, are masked. Although the models function well in
these circumstances, masking words in the source sentence explicitly tells the model that some
information is hidden. This forces the model to look for pertinent data in the image. However, in
most situations, there will not be explicit mask tokens that indicate that a word is absent. On the
other hand, simply dropping the words (without mask token) and expecting the models to retrieve
them does not align with the MT objective. For example, in the source sentence chinese characters
on a red vehicle, if we remove the word red, then chinese characters on a vehicle is also a valid
sentence, and the model should not attempt to add information related to color in the generated
translation. Doing this would lead to undesirable information in the generated sentence, which is
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Fig. 2. Selective attention architecture for Multimodal MT. (softcopy after zooming-in exhibits better display).

absent in the source. Therefore, instead of providing any information if the input sentence is noisy,
we try to determine whether the models can use information from images in the presence of noise
in the source text.

4.1 Baseline
We use a transformer-4x model1 trained on Samanantar [67] corpus containing 49.6 million sentence
pairs between English and 11 Indian languages as our baseline. The model consists of six encoder
and six decoder layers. We initialize weights from this model for all our experiments and use the
same dictionary for byte-pair-encoding. For the English-Malayalam Challenge set, it achieves a
26.3 BLEU score, whereas the SOTA system [26, 60] achieves a 20.4 BLEU score. This outperforms
SOTA by 5.9 BLEU points even before fine-tuning on any data. After fine-tuning the model on only
source-target sentence pairs on respective VG data, we observe that it outperforms all the existing
multimodal models by a large margin. Considering the additional overhead of handling images
and extracting visual features, we attempt to find if they are worth it when we can simply use a
text-based model only and achieve better results since text-only data is available in large quantities.

4.2 Unimodal Fine-tuning
First, we follow pre-processing steps as mentioned in Section 3.2 and combine data from Hindi,
Bengali, and Malayalam VG datasets. Then, we initialize the encoder and decoder weights from
the baseline model (including word embedding) and continue training. This model surpasses all
existing baselines on all the languages and both Test and Challenge subsets by large margins. This
model does not use any information from images. Unimodal data are widely available, whereas
multimodal datasets only have a small number of examples. If multimodal models are not trained
on unimodal data, it is difficult to produce reliable outputs.

4.3 Multimodal Fine-tuning with Selective Attention
For Multimodal Translation, we follow the Selective Attention architecture as introduced in [49].
The architecture of the model has been shown in Figure 2. For a given data point of <image, source
sentence, target sentence> in the training dataset, at first, we obtain the word and positional
embedding for the given source text. The Positional encoding describes the location or position
of a token in a sequence in such a way that each position is assigned a unique representation. In
Transformers positional encoding, each position is mapped to a vector. As an example, for an input

1https://ai4b-public-nlu-nlg.objectstore.e2enetworks.net/en2indic.zip
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sequence of length L, the positional encoding of the 𝑘th object within this sequence is given by
sine and cosine functions of varying frequencies as follows:

𝑃(𝑘, 2𝑖) = 𝑠𝑖𝑛 (
𝑘

𝑛2𝑖/𝑑
) ; 𝑃(𝑘, 2𝑖 + 1) = 𝑐𝑜𝑠 (

𝑘
𝑛2𝑖/𝑑

) ; (1)

where, 𝑛 is a user-defined scalar, and 𝑖 is used for mapping the indices of the column. The obtained
representation is forwarded through the encoder layer of the Transformer [80]. Each encoder layer
consists of three major components:Multi-Head Attention (MHA) layers, Fully Connected layers
and the Add and Norm layer. MHA is a module for attention mechanisms that simultaneously runs
through multiple attention mechanisms. After that, the independent attention outputs are combined
and transformed linearly into the expected dimension. Intuitively, having multiple attention heads
makes it possible to focus on different parts of the sequence simultaneously [80].

After the self-attention mechanism has computed the attention scores between each input
token and every other token in the sequence, each token’s representation is passed through the
feedforward network. The output of the feedforward network is then added back to the original
input representation of the token, which helps to capture more complex relationships between
tokens in the sequence. The Add and Norm layer acts as a residual connection and performs
normalization of the outputs at the corresponding sub-layer.

To obtain the representation 𝐻𝑖𝑚𝑔 of the corresponding input image, we pass the image through
the pre-trained ViT. It is one of the recent architectures for image classification, which employs
a Transformer-like architecture over patches of the image. Any image is first split into fixed-size
patches. Each patch is then linearly embedded, after which the position embeddings are added, and
the resultant vector is fed to a standard Transformer encoder.

Then, we add an attention layer, where 𝐻𝑡𝑒𝑥𝑡 is the <query> and 𝐻𝑖𝑚𝑔 is used as <key and value>
[37]. We perform selective attention on both the 𝐻𝑖𝑚𝑔 and 𝐻𝑡𝑒𝑥𝑡, where𝐻𝑖𝑚𝑔 acts as <key and value>
pair and 𝐻𝑡𝑒𝑥𝑡 acts as a query for the computation of the attention as follows:

𝐻 attn
𝑖𝑚𝑔 = 𝑠𝑜𝑓 𝑡𝑚𝑎𝑥 (

𝐻𝑡𝑒𝑥𝑡𝑄(𝐻𝑖𝑚𝑔𝐾)T

√𝑑𝑘
)𝐻𝑖𝑚𝑔𝑉 ; (2)

where, 𝑄, 𝐾, and 𝑉 are the layer-specific query, key, and value vectors. Subsequently, text-encoder
output 𝐻𝑡𝑒𝑥𝑡 and selective-attention output 𝐻 attn

𝑖𝑚𝑔 are combined with gated fusion to obtain the final
encoder representation 𝐸𝑛𝑐𝑜𝑢𝑡.

𝐸𝑛𝑐𝑜𝑢𝑡 = (1 − 𝜆) 𝐻𝑡𝑒𝑥𝑡 + 𝜆 𝐻 𝑎𝑡𝑡𝑛
𝑖𝑚𝑔 ; 𝜆 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 (𝑊𝑡𝐻𝑡𝑒𝑥𝑡 +𝑊𝑖𝐻 𝑎𝑡𝑡𝑛

𝑖𝑚𝑔 ) ; (3)

where, 𝜆 indicates the importance of visual features compared to text features. Here, 𝑊𝑡 and 𝑊𝑖 are
trainable parameters.

Finally, 𝐸𝑛𝑐𝑜𝑢𝑡 is forwarded to the decoder. In addition to the encoder sublayers, the decoder
contains an MHA layer for Encoder-Decoder cross-attention. This layer is similar to encoder-
decoder attention in standard transformer architecture, except it attends to the output of gated
fusion instead of the output of the text encoder.

We observe that the model was able to achieve only up to 0.25 BLEU improvements in some
subsets compared to the text-only model, and it decreased for other test sets by up to 1.38 BLEU.The
results indicate that the images are not very useful for generating better translation in high-resource
settings. Therefore, we experiment with another architecture for Multimodal Translation.

4.4 Multimodal Transformer
We experiment with the Multimodal Transformer [84] as the alternate architecture for the same
task. The source text features 𝑥 𝑡𝑒𝑥𝑡 ∈ ℝ𝑚×𝑑 are obtained by enriching the source text embedding
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by the positional embeddings at first. The corresponding image’s features 𝑥 𝑖𝑚𝑔 are extracted by
passing the input image through the ViT. Since the image and text features belong to different
embedding spaces, we project visual features into the text embedding dimension by a learnable
projection matrix, 𝑊 𝑖𝑚𝑔 to obtain 𝑥 𝑖𝑚𝑔𝑊 𝑖𝑚𝑔 ∈ ℝ𝑛×𝑑. Following this, the features are concatenated
with each other to obtain a final input representation 𝑥𝑐𝑜𝑚 in 𝑅(𝑚+𝑛)×𝑑, where projected visual
features are 𝑥 𝑖𝑚𝑔𝑊 𝑖𝑚𝑔 ∈ ℝ𝑛×𝑑.

In the succeeding phases, we use the combined feature 𝑥𝑐𝑜𝑚 as the <key and value> vector
for the attention computation in the transformer encoder. The text representation is used as the
query vector in the text encoder. The output of the final encoder from the last encoder layer is
forwarded as keys and values, while the target text representation is passed as the query vector to
the MHA module in the decoder module. The encoder and decoder architectures are inspired by the
traditional transformer architecture itself. The detail of the architecture is described in Figure 3.

𝑎𝑡𝑡𝑛𝑖𝑗 =
𝑚
∑
𝑗=1

𝑠𝑜𝑓 𝑡𝑚𝑎𝑥 (
𝑥 𝑐𝑜𝑚𝑖 𝑄(𝑥 𝑡𝑒𝑥𝑡𝑗 𝐾)T

√𝑑𝑘
) 𝑥 𝑡𝑒𝑥𝑡𝑗 𝑉 ; (4)

where, 𝑎𝑡𝑡𝑛𝑖𝑗 is the output attention between 𝑥 𝑐𝑜𝑚𝑖 and 𝑥 𝑡𝑒𝑥𝑡𝑗 . Here, 𝑄, 𝐾, and 𝑉 are the layer-specific
query, key, and value vectors. We obtain the final encoder representation at the last encoder layer
and forward the output to the decoder.

Analogous to the results obtained using the Selective Attention architecture, the Multimodal
Transformer architecture was able to achieve only 0.10 BLEU improvements on the test set, on
average. However, for the case of the Challenge set, the results actually deteriorated, with a drop of
around 0.7 BLEU score.

5 Experiments
This section discusses the results with non-noisy, low-noisy, and high-noisy settings. Furthermore,
we report the findings after we replace the actual image with a random image from the dataset; we
probe the gate values indicating the relative contribution of visual features compared to textual fea-
tures. We also report the results by using CLIP as an alternative model for visual feature extraction.

5.1 Non-noisy Settings
We report our results in Table 3 under non-noisy setups. In this setting, both training and testing
are done with the original dataset. Text-only baseline achieved 49.08 and 48.42 BLEU scores. While
these scores are superior to all the existing models, they are due to large-scale pre-training. Selective
attention architecture performs inferior to text-only baseline in non-noisy settings. Although it
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Table 3. Results of the Methods with Large-scale Pre-training

Method Image Type Hindi Bengali Malayalam Average
Test Chal Test Chal Test Chal Test Chal

SOTA [26, 60] Object Tags 44.64 51.66 43.9 32.9 41.00 20.4 43.18 34.99
IndicTrans None 34.74 46.32 26.68 28.91 28.62 26.30 30.01 33.84

+ Text None 45.79 56.72 50.08 47.78 51.38 40.76 49.08 48.42
+ SelAttn Crop 46.04 56.36 48.70 47.82 51.56 39.76 48.77 47.98
+ SelAttn Full 45.30 56.03 49.74 47.48 51.55 39.49 48.86 47.67
+ MMtrans Crop 45.47 55.61 49.03 47.32 52.40 40.40 48.97 47.78
+ MMtrans Full 45.10 56.59 50.45 47.24 52.00 39.77 49.18 47.87

Test: Evaluation Subset; Chal: Challenge Subset; Text: Text-only finetune; SelAttn: Selective Attention; MMtrans:
Multimodal Transformer.

Table 4. Difference in Results Obtained by Multimodal Models and Text-based Model Under Non-noisy
Setting

Hindi Bengali Malayalam AverageArchitecture Image Feat Eval Chal Eval Chal Eval Chal Eval Chal
SelAttn Crop 0.25 -0.36 -1.38 0.04 0.18 -1.00 -0.31 -0.44
SelAttn Full -0.49 -0.69 -0.34 -0.30 0.17 -1.27 -0.22 -0.75
MMtrans Crop -0.32 -1.11 -1.05 -0.46 1.02 -0.36 -0.11 -0.64
MMtrans Full -0.69 -0.13 0.37 -0.54 0.62 -0.99 0.10 -0.55

Green/Positive indicates that the MMT model achieved better results than the UNMT model.

achieves better results in some subsets, the improvements are insignificant. Subsequently, we report
the comparison of the multimodal model with respect to the unimodal model in Table 4. We observe
that the image has an overall negative effect on the results. Surprisingly, it performs worse on
the challenge subset, which was constructed with ambiguous words. However, the presence of an
ambiguous word does not necessarily make a sentence ambiguous, as the proper meaning of the
word can be inferred from the surrounding words within the sentence.

The results in Table 4 indicate that the images are mostly redundant when used on top of a
strong baseline under non-noisy settings. Our observation is similar to [26], where object tags were
concatenated with source tags and trained on top of the mBART model. They achieved 0.52 BLEU
improvement on the test set over the text-only model. However, BLEU decreased slightly by 0.06
points on the challenge subset for English-Hindi. Although another study [60] used similar methods
and observed huge improvements over text-based models, their baseline was much weaker. Our
text-based baseline (without fine-tuning on multimodal data) performs better than their fine-tuned
model in some subsets in terms of BLEU score. We found that images do not have a clear positive
impact on the results under non-noisy settings. We investigate if the visual context has a positive
impact when part of the source text is deprived or distorted via the addition of noise. Specifically,
we add noise types that are predominant in social media text such that multimodal models could
be useful for text translation in social media.

5.2 Low Noise Settings
The results for low noise settings are reported in Table 5. Selective attention with cropped image
features surpassed the text-based models on three subsets (out of six). It is to be noted that the
improvements were observed on the test subset, where words were not so ambiguous. It generated
lower scores in the challenge subset than the text-based model, which contains ambiguous words.
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Table 5. Results of the Methods in Low-noise Settings

Method Image Type Hindi Bengali Malayalam Average
Test Chal Test Chal Test Chal Test Chal

Text None 44.03 50.82 45.29 42.67 47.70 34.76 45.67 42.75
SelAttn Crop 44.20 50.62 46.07 42.33 49.34 34.19 46.54 42.38
SelAttn Full 43.48 51.03 45.24 41.72 47.83 34.32 45.52 42.36
MMtrans Crop 43.25 50.42 45.11 42.20 48.48 34.08 45.61 42.23
MMtrans Full 42.80 50.68 44.87 41.12 47.91 33.82 45.19 41.87
Test: Evaluation subset; Chal: Challenge subset; Text: Text-only fine-tune; SelAttn: Selective Attention; MMtrans:
Multimodal Transformer.

Table 6. Difference in Results Obtained by Multimodal Models and UNMT Model Under Noisy Settings

Hindi Bengali Malayalam AverageArchitecture Image Feat Noise Eval Chal Eval Chal Eval Chal Eval Chal
SelAttn Crop Low 0.17 -0.20 0.78 -0.34 1.64 -0.57 0.87 -0.37
SelAttn Full Low -0.55 0.21 -0.05 -0.95 0.13 -0.44 -0.15 -0.39
MMtrans Crop Low -0.78 -0.40 -0.18 -0.47 0.78 -0.68 -0.06 -0.52
MMtrans Full Low -1.23 -0.14 -0.42 -1.55 0.21 -0.94 -0.48 -0.88
SelAttn Crop High 0.07 -0.51 -0.11 -0.78 -0.27 -1.19 -0.1 -0.82
SelAttn Full High -0.04 -0.52 0.44 -0.17 0.44 -0.14 0.28 -0.27
Green/Positive indicates that the MMT model achieved better results than the UNMT model.

Table 7. Results of the Methods in High-noise Settings

Method Image Type Hindi Bengali Malayalam Average
Test Chal Test Chal Test Chal Test Chal

Text None 41.44 45.28 42.49 36.56 44.38 29.35 42.77 37.06
SelAttn Crop 41.51 44.77 42.38 35.78 44.11 28.16 42.67 36.24
SelAttn Full 41.40 44.76 42.93 36.39 44.82 29.21 43.05 36.79

Test: Evaluation subset; Chal: Challenge subset; Text: Text-only fine-tune; SelAttn: Selective Attention.

This indicates that text-based models are very good at handling most ambiguity when trained on
large data.

We report the difference between the multimodal and unimodal models on rows 1–4 of Table 6.
The selective attention model with cropped image feature outperformed the text-only model
by 0.87 BLEU on average on the test set. While multimodal transformer architecture performed
competitively with the text-only baseline in some subsets, the overall results were lower than that of
the selective attention model on both the challenge and test sets as depicted in Table 5. We observe
that using only cropped image features has only a positive effect on the evaluation set (row 1) on low-
noise settings. Similarly, the cropped image features have a higher positive impact on the Malayalam
test set as well as a lesser overall negative impact than full images in multimodal transformer
architecture. This suggests the superiority of cropped image features under low-noise settings.

5.3 High Noise Settings
Since the Multimodal Transformer model was unable to score the best results in any of the subsets
in low-noise settings, we primarily focused on Selective Attention and text-only models. We report
the results in Table 7 and the difference with respect to the unimodal model on rows 5–6 of Table 6.
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Table 8. Comparison of Using Random Images vs. UNMT Under Noisy Setup

Hindi Bengali Malayalam AverageArchitecture Image Feat Noise Eval Chal Eval Chal Eval Chal Eval Chal
SelAttn Crop Low 0.26 -0.70 1.13 -0.79 1.27 -0.81 0.89 -0.77
SelAttn Full Low -0.40 -0.36 -0.17 -1.22 -0.93 -2.05 -0.50 -1.21
MMtrans Crop Low -0.69 -0.32 -0.18 -0.49 0.48 -0.08 -0.13 -0.30
MMtrans Full Low -0.79 0.12 -0.72 -1.41 1.01 -0.60 -0.16 -0.63
SelAttn Crop High -0.24 -0.25 -0.32 -0.82 -0.51 -1.29 -0.36 -0.78
SelAttn Full High 0.13 -0.41 0.24 -0.49 0.52 -0.81 0.30 -0.57
Green/Positive indicates that random images achieved better results than the unimodal model.

Table 9. Comparison of Using Random Images vs. Actual Images Under Noisy Setup

Hindi Bengali Malayalam AverageArchitecture Image Feat Noise Eval Chal Eval Chal Eval Chal Eval Chal
SelAttn Crop Low -0.09 0.50 -0.35 0.45 0.37 0.24 -0.02 0.40
SelAttn Full Low -0.15 0.57 0.12 0.27 1.06 1.61 0.35 0.82
MMtrans Crop Low -0.09 -0.08 0.00 0.02 0.30 -0.60 0.07 -0.22
MMtrans Full Low -0.44 -0.26 0.30 -0.14 -0.80 -0.34 -0.32 -0.25
SelAttn Crop High 0.31 -0.26 0.21 0.04 0.24 0.10 0.26 -0.04
SelAttn Full High -0.17 -0.11 0.20 0.32 -0.08 0.67 -0.02 0.30
Green/Positive indicates that actual images achieved better results than random images.

Here, using the cropped image was not found to be very effective compared to the text-based
baseline. Selective Attention architecture with cropped images was able to surpass the text-only
baseline on only one test set out of six, where the BLEU improvement was only 0.07 points. Using
visual features from the full image was more effective than using cropped image features. This is
the opposite for low-noise settings. This indicates that the model utilizes visual features more in
high-noise settings.

5.4 Probing with Random Images
At first glance, the comparable performance of models using random and relevant images may seem
to challenge the assertion that visual context is beneficial for handling noisy inputs. However, a
deeper examination reveals a more nuanced interaction between visual context and model behavior.
Our experiments demonstrate that incorporating visual context consistently improves performance
in noisy settings compared to text-only models, affirming that visual information is indeed “helpful.”
However, the observation that random images yield similar results to relevant ones suggests that
the observed improvements are not attributable to the semantic relevance of the visual information.
Instead, the inclusion of image features—whether random or relevant—appears to enhance model
robustness, potentially through regularization or by mitigating the effects of textual noise.

To investigate whether these improvements stem from meaningful visual information, we con-
ducted probing experiments where relevant images were replaced with randomly selected images
from the same dataset. The results, as presented in Table 9, reveal that in low-noise settings, random
images yield similar performance to relevant images for cropped features. For instance, the Selective
Attention architecture achieved comparable results on the test set with random images, with only
a marginal drop of -0.40 BLEU on the challenge set. However, when using full images, the use of
random images had a more pronounced effect, reducing BLEU by 0.35 and 0.82 on the Test and

ACM Trans. Asian Low-Resour. Lang. Inf. Process., Vol. 24, No. 8, Article 79. Publication date: August 2025.



Impact of Visual Context on Noisy Multimodal NMT 79:15

Table 10. Results of CLIP Features vs. ViT Feature in High-noise Settings

Method Image Feature Hindi Bengali Malayalam Average
Test Chal Test Chal Test Chal Test Chal

Text None 41.44 45.28 42.49 36.56 44.38 29.35 42.77 37.06
SelAttn CLIP 41.11 45.21 42.67 36.35 44.61 29.24 42.80 36.93
SelAttn ViT 41.51 44.77 42.38 35.78 44.11 28.16 42.67 36.24

Test: Evaluation subset; Chal: Challenge subset; Text: Text-only fine-tune; SelAttn: Selective Attention.

Challenge subsets, respectively. This outcome aligns with the observation that textual context alone
is often sufficient in low-noise scenarios, as evidenced by the strong performance of text-only
models fine-tuned on noisy data.

In high-noise settings, the results with random images remained largely consistent with those
obtained using relevant images. Comparisons with text-based baselines, as detailed in Table 8,
exhibit trends similar to those in Table 6. These findings indicate that the performance gains
achieved with relevant images can also be attained using random images. This suggests that the
model does not leverage meaningful visual information but instead utilizes image features as a form
of noise, enhancing its robustness during training. Consequently, the absence of correct images
during inference has minimal impact on performance.

These results highlight a critical limitation of current multimodal approaches: while visual context
improves overall performance, the model appears to rely on generic signal patterns from image
features rather than extracting and integrating complementary information. This underscores the
need for further research to develop mechanisms that can effectively extract and leverage relevant
visual features, ensuring that the visual modality contributes meaningfully rather than merely
acting as a source of noise.

5.5 Using CLIP Image Features
We explore whether the relatively low impact of image features in multimodal translation can be
attributed to the type of features used in previous experiments. To deepen our understanding, we
extend the investigation by incorporating image features derived from CLIP [66], a SOTA model
designed for learning transferable visual representations. We chose to perform the experiment on
high-noise settings because high-noise settings have been found to be most effective for utilizing
image features. We use ViT-B/16 model to extract image features and use it as 𝐻𝑖𝑚𝑔 in Equation (2).
Our findings, summarized in Table 10, reveal that the use of CLIP-derived image features does
not significantly alter the overall observations. The model’s performance with these features
remains closely aligned with that achieved using ViT-based features from earlier experiments. This
consistency underscores a notable insight: the limited influence of image features in multimodal
translation may not primarily stem from the feature extraction.

5.6 Gate Values
Given the observed limited contribution of images to the translation quality, we further investigated
the behavior of the gating mechanism (𝜆), as described in Equation (3). The gate value, which
dynamically adjusts based on the image and text representations, provides insight into the relative
importance assigned to the image modality during translation.

In the high-noise training regime with the full image settings, the average gate values computed
over the test set and challenge set were found to be 0.000781 and 0.000742, respectively. Interest-
ingly, when random images were used during inference, the corresponding average gate values
were 0.000780 and 0.000738 for the test and challenge sets. These values demonstrate minimal
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Table 11. Evaluation Results Comparing Translations Produced with Actual and Random Images on
Multi30k Test Set

Option English-Hindi English-Bengali
Hypothesis-h1 is much better (enhances adequacy) 12 10
Hypothesis-h1 is better (minor grammatical improvements) 4 2
Both hypotheses are of similar quality 15 25
Hypothesis-h2 is much better (enhances adequacy) 13 11
Hypothesis-h2 is better (minor grammatical improvements) 6 2

variation between the settings, indicating that the model assigns an almost negligible weight to the
image modality, regardless of whether the input images are relevant or random. This consistency
further supports our hypothesis that the contribution of the image modality is more aligned with
regularization rather than providing substantive contextual information to improve translation
quality.

5.7 Using Multi30K Dataset for Testing
The primary focus of this work is on multimodal translation from English to Indic languages. The
widely used Multi30K dataset [17] has been used in several methods to generate multimodal transla-
tion [63], visual pre-training [70], image captioning [76], and so on. However, this dataset supports
German, French, and English. Moreover, the pre-trained models employed in our experiments are
not tailored for the languages in the Multi30K dataset, making direct comparisons challenging.
Despite these constraints, we conducted an exploratory analysis as follows.

We utilized the Multi30K test set to generate translations using our trained models under high-
noise settings. Since this dataset lacks references in Indic languages, we relied on human annotations
to evaluate the quality of the translations. For each test instance, two hypotheses were generated:

h1: Translations produced using the actual image associated with the text.
h2: Translations produced using a randomly sampled image during inference.

A subset of 50 English source sentences from the Multi30K dataset was randomly selected,
and translations were evaluated in both the English-Hindi and English-Bengali directions. Two
experienced annotators were tasked with comparing the translations for each hypothesis and
selecting one of the following options:

— Hypothesis-h1 is much better (enhances adequacy of the translation).
— Hypothesis-h1 is better (with less significant or minor grammatical improvements).
— Both hypotheses are of similar quality.
— Hypothesis-h2 is much better (enhances adequacy of the translation).
— Hypothesis-h2 is better (with less significant or minor grammatical improvements).

The results of the human evaluation are summarized in Table 11.The findings reveal no significant
difference between translations generated using actual images and those generated with randomly
sampled images. For English-Hindi, translations with actual images are rated better in 12 instances,
whereas translations with random images are preferred in 13 instances. Similar trends are observed
for English-Bengali. These results support our hypothesis that images primarily act as regularizers
rather than providing significant contextual information for improving translation quality.

It is important to note that the overall quality of translations in this analysis was reported to
be poor, likely due to the high-noise settings used during training and inference. This limitation
restricted the scope of our evaluation and highlighted the need for further investigation to isolate
the impact of images. However, such an exploration is beyond the scope of this article.
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Table 12. The Results by Removing the Selective Attention Module Entirely (Rows 6–8) and Replacing the
Combined Image and Text Feature with Text Features Only, Removing the Image Modality (Rows 4–5)

Method Training Testing Hindi Bengali Malayalam Average
Features Features Test Chal Test Chal Test Chal Test Chal

SelAttn Actual Actual 41.40 44.76 42.93 36.39 44.82 29.21 43.05 36.79
SelAttn Actual Random 41.53 44.35 43.17 35.90 45.34 28.40 43.35 36.22
SelAttn Random Random 41.80 45.60 42.88 36.53 44.86 29.45 43.18 37.19
SelAttn → Text Actual None 41.35 44.75 42.84 36.19 45.02 28.59 43.07 36.51
SelAttn → Text Random None 41.79 45.60 42.88 36.56 44.73 29.45 43.13 37.20
NoSelAttn Actual Actual 41.42 45.31 42.61 35.46 44.32 28.22 42.78 36.33
NoSelAttn Actual Random 41.20 45.26 42.71 35.78 43.93 28.03 42.61 36.36
NoSelAttn Random Random 42.08 45.36 43.70 36.57 44.67 29.08 43.48 37.00
Test: Evaluation subset; Chal: Challenge subset; Text: Text-only fine-tune; SelAttn: Selective Attention; NoSelAttn:
Not Selective Attention.

6 Ablation and Discussion
To assess the contribution of different components in our multimodal architecture, we conduct a
detailed ablation study, the results of which are presented in Table 12.

6.1 Impact of Removing Visual Features
Rows 4 and 5 in Table 12 present results where the multimodal input is reduced to text-only features
by removing the visual modality while retaining the rest of the architecture, including the gating
mechanism. Specifically, we replace the fused image-text representation with only text-derived
features. We experiment with both actual and randomly sampled training features, and in both
cases, we remove visual features entirely at test time. Surprisingly, this simplification results in
only marginal changes in BLEU scores across all languages and evaluation settings.

For example, using actual training features and removing image features at test time (row 4),
the model achieves an average BLEU score of 43.07 on test sets and 36.51 on challenge sets. This is
nearly identical to the performance of the full SelAttn (Selective Attention) mechanism with actual
image features (row 1), which scores 43.05 and 36.79, respectively. A similar trend holds when
random features are used for training (row 5), with scores of 43.13 (Test) and 37.20 (Challenge).
These results suggest that the image modality, in its current integration, contributes little in terms
of meaningful semantic enhancement and can be effectively replaced by text-only input without
sacrificing performance.

6.2 Impact of Removing Selective Attention
Rows 6–8 of Table 12 evaluate the impact of removing the SelAttn entirely. Here, the gating and
fusion modules are retained, but the attention layer that modulates visual information is disabled.
Interestingly, this also results in minimal performance degradation. In fact, the best test BLEU
average of 43.48 is achieved in the configuration where both training and testing use randomly
sampled features without any selective attention (row 8). This slightly outperforms the full SelAttn
model, further questioning the efficacy of the attention mechanism in contributing meaningful
information from the image stream.

Moreover, when actual features are used for training and testing without SelAttn (row 6), the
performance is 42.78 (Test) and 36.33 (Challenge), again showing only a marginal drop from the
baseline. These findings imply that the selective attention mechanism offers limited gains in this
setup, and its removal does not adversely affect the system’s robustness or accuracy.
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6.3 Effect of Random Image Features
Another notable pattern across Table 12 is the consistent performance of models that utilize
random image features. Whether SelAttn is enabled or not, and regardless of whether training or
testing features are randomized, the BLEU scores remain relatively stable. For instance, the SelAttn
model with random features at both training and test time (row 3) achieves 43.18 (Test) and 37.19
(Challenge), which are slightly better than the full model with actual features. This observation
suggests that the gains observed from using the image stream may not be due to semantic visual
information but rather due to the introduction of controlled noise that acts as a regularizer.

6.4 Effectiveness of Context for Machine Translation
Overall, the ablation results indicate that the visual modality and the selective attention mechanism
are not strictly necessary for strong performance in our task. Replacing the image features with
random noise or removing the attention module altogether does not substantially degrade results.
These findings highlight that the benefits attributed to the image modality likely stem from the
stochastic regularization effect it introduces rather than from its semantic content. This suggests
an alternative use of multimodal inputs: not primarily for semantic grounding, but as a source of
structured variability to improve robustness, especially in noisy or low-resource scenarios.

While the observations are surprising, a growing body of research suggests that the actual contri-
bution of context (here, image) may be overstated. A detailed evaluation designed with ambiguous
source sentences reveals that although MMT systems can technically process visual information,
they often fail to integrate it meaningfully into translation choices, limiting its practical use for
disambiguation or grounding [34, 49]. Adding to this perspective, another study systematically
replaced relevant images with random ones in a multimodal prompting setup and observed that
translation performance remained largely unaffected [2]. This surprising result indicates that visual
features may primarily stabilize learning dynamics rather than provide true contextual relevance,
aligning with the hypothesis that random images can offer similar benefits.

This phenomenon is not unique to multimodal contexts. In document-level and dialogue transla-
tion, where external textual context is incorporated, improvements over sentence-level baselines
are frequently modest and inconsistent [32]. Despite leveraging information from surrounding
sentences or dialogue turns, models often fail to utilize this additional context effectively. A broader
analysis of context-aware systems identifies a similar trend: while these models occasionally han-
dle specific phenomena better, such as pronoun resolution or discourse coherence, their overall
performance remains comparable to simpler sentence-level models [30]. This raises questions
about how much external context truly contributes to translation quality when averaged across
benchmarks. Interestingly, several of these studies have hypothesized that external context might
be more beneficial when the input text itself is noisy or ambiguous [7]. However, we observe that
even in such cases, image features fail to consistently enhance translations. Note that while the
previous study used masked tokens to indicate missing information, which may have helped the
model to look for additional information, we provide no such hints to the model to simulate real-life
noisy examples. Collectively, these observations support the emerging view that external context
in machine translation often functions more as a form of implicit regularization than as a direct
source of disambiguating information. The challenge of effectively integrating this context into
translation models remains largely unsolved.

6.5 Exploring DatasetQuality
We attempt to find out if the dataset is context-aware enough to facilitate the models to learn from
images, and if the test sets are context-aware to truly influence the results if the models are able
to generate image-aware translation. We build an annotation web portal to check the adequacy,

ACM Trans. Asian Low-Resour. Lang. Inf. Process., Vol. 24, No. 8, Article 79. Publication date: August 2025.



Impact of Visual Context on Noisy Multimodal NMT 79:19

Table 13. Details of Annotation for Quality and Image Awareness of the Datasets

Challenge Set (%) Test Set (%) Train Set (%)
Good 82 74 92 88 86 64

Adequacy Medium 8 18 8 8 14 32
Bad 10 8 0 4 0 4
Good 86 74 80 72 62 48

Fluency Medium 14 14 20 22 30 42
Bad 0 12 0 6 8 10
Yes 6 0 0

Need of Image Maybe 4 4 10
No 84 94 90

Not Reflected 6 2 0

fluency, and image awareness of the dataset by manual evaluation. We provide the annotators with
the source, target, and image. We ask the annotator to rate adequacy and fluency on a scale of three
- good, medium, and bad. Furthermore, we ask the annotators if they think the image is needed to
generate the translation. The answer should be No if they would translate it the same even if the
image were absent. The answer should be Yes if they would have translated it differently or be in
confusion without the availability of the image. The answer should be maybe when they would
have translated similarly anyway, but the image helped to clear the confusion. Finally, the answer
is not reflected when they believe that the translation could be better with the information from the
image, but the same is not reflected in the reference.

We report our observations in Table 13.While the dataset is mostly fluent and adequate, the source
text is usually enough to translate it. In the train set, 90% of the examples do not require an image to
translate correctly, while in 10%, it would have been somewhat helpful but can be translated without
it. This prevents the models from getting proper training signals to use multimodal information
effectively. In the challenge set of VG datasets, only 6% of the dataset would require the image to
translate it, whereas 4% would have been somewhat helpful. This is 0% and 4% for the test set. There
are many instances where an image is essential for accurately translating a sentence. However,
the reference translation does not adequately capture this image-aware context. We illustrate one
such example in Figure 4. This occurs in 6% and 2% of the examples in Challenge and Test sets,
respectively. We generate this report on the first 50 examples of Train, Challenge, and Test Sets of
Hindi VG and Bengal VG. This indicates that only a small percentage of examples require images for
correct translation. However, the usage of examples that are difficult to translate would encourage
the models to use visual features effectively, even when it is trained on a large unimodal corpus.
However, to the best of our knowledge, no such data is publicly available.

6.6 Experimental Setup
We try to keep the hyperparameters the same in every model for a fair comparison. We set the
learning rate to 3 × 10−5, which performed the best for the baseline model [67] during fine-tuning.
We set warmup updates to 4,000 and the initial learning rate to 10−7 with inverse square root as
the learning rate scheduler. Due to the small size of the dataset, we validate and save checkpoints
at frequent intervals, at multiples of 500 steps or at the end of an epoch. We continue training with
Early Stopping till the validation loss does not improve for five consecutive checkpoints. We use
Label Smoothed Cross Entropy as the loss function and set 0.1 as the smoothing_value. We set the
batch_size to 256 tokens and update_frequency to 2. Effectively, this makes the batch_size of 512
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Multimodal Translation - Annotation Portal

 

Source : the characters are chinese       Target: চরিত্রগুলি চীনা 











Adequacy:
 Bad  



Fluency:
 Good 





Would you need image to translate this sentence?
 Not Reflected 





Submit





Fig. 4. Example of the annotation process. This example is obtained from the Challenge Subset of Bengali

VG. It is to be noted that the reference is wrong since the image indicates that character refers to words in
the banner. However, the reference is referring the word character to protagonist (of movies, stories, etc.)

tokens per step. We use a single GeForce RTX 2080 Ti with 11 GB GPU RAM. All experiments
are conducted on Ubuntu 18.04.1 LTS x86_64. We perform memory-efficient FLOP16 training and
use the fairseq [54] library for our implementations. We set 42 as the random_seed and 0.7 as the
keeping_probability of dropout. During testing, we used beam search with a beam_width of 5.

7 Conclusion
Multimodal NMT can be useful for translating social media content. Previous studies suggest that
multimodal models generate better translations compared to unimodal NMT. However, this does
not always hold true, especially when the NMT model is trained on a large corpus. We observe that
images are often redundant in such high-resource settings. Our findings show that two well-known
MMT models do not consistently outperform a strong text-based baseline. We also find that visual
context becomes valuable when the source text is noisy. Experimentally, cropped image features
achieve the best results in low-noise settings, while full image features yield the best performance
in high-noise settings. This indicates that the impact of visual features increases with the level of
noise in the source text. However, we found that the improvements were not due to meaningful
information from the images, as similar results were achieved even with random image features.
This suggests that current models do not yet use images effectively, even when the text becomes
less adequate due to noise. One possible solution is to employ datasets where the image is essential,
thereby enabling models to learn to integrate visual features more effectively. In future work,
we aim to explore the effectiveness of multilingual multimodal NMT across other languages and
datasets under noisy conditions.
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