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Abstract 

Machine translation is fundamental in closing the gap between different languages, especially in the areas of con- cern and 

expertise such as agriculture. With the increase of digital tool usages in the agricultural practice, such an accurate and context-

sensitive translation is increasingly significant. Proper delivery of agricultural information, including farm methods, weather 

advisories, and crop suggestions is essential among farmers, farm laborers, policymakers and researchers. Nevertheless, 

typical text-based translation frameworks tend to be less than optimal because of uncertainness and a restricted knowledge 

of context. To address these shortcomings, the proposed study refers to Multimodal Machine Translation (MMT) to 

incorporate textual and visual information to enhance accuracy. Gated Fusion Transformer (GFT) model has been customized 

to the agricultural field so that the problem of ambiguity in contexts and inconsistencies in translation can be eliminated. 

Training and evaluation were done using the multilingual benchmark dataset known as FLORES-200. Two commonly 

employed measures of performance were used, i.e. BLEU and METEOR. The system under proposal produced a BLEU of 

58.2; METEOR score of 0.71, a high level and contextually relevant translation indicator. Besides benchmarking the GFT 

model in agricultural terms, this work adds value to the research community by offering a basis on which future development 

of multimodal translation systems in low-resource settings with domain-specific applications may be done.  

Keywords: Machine Translation; Domain Specific Translation; Multimodal Machine Translation; Multi Modal Fusion 

Mechanisms; Gated Fusion Transformer; Agricultural Translation. 

 

1- Introduction 

Machine Translation (MT) plays a critical role in cross-

lingual communication, especially in specialized fields, 

such as agricul- ture, where integrating textual and visual 

data can significantly enhance meaning. Conventional text-

based translation models frequently encounter semantic 

inconsistencies because of a lack of contextual depth. MMT 

aims to overcome these challenges by integrating multiple 

modalities, including images, structured data, and linguistic 

contexts, to improve translation accuracy. 

Several studies have sought to enhance the MT performance 

through multimodal integration. However, existing 

approaches, such as mBART [1], M2M-100 [2], and T5 [3], 

primarily rely on pre-trained multilingual text models and 

fail to effectively utilize visual information for context 

enhancement. Previous research has explored multimodal 

fusion, but often lacks efficient fusion mechanisms to 

balance information from different modalities. 

Additionally, most research has focused on general-purpose 

MT, neglecting the specialized requirements of domain-

specific translation such as agriculture, which demands 

models adapted to unique terminology and contextual 

meanings. Although some studies have experimented with 

multimodal integration in med- ical and technical 

translations, there is a scarcity of research on agriculture-

specific multimodal MT. Another major challenge is the 

absence of dedicated fusion mechanisms that can optimally 

integrate multimodal data without introducing 

redundancies. Current methods also fall short in quantifying 

the impact of different fusion techniques on translation 

quality, leaving a gap in the understanding of how 

multimodal interactions influence accuracy. 

In this paper, a Gated Fusion Transformer (GFT) is intro- 

duced, which is a novel multimodal architecture specifically 

designed for domain-specific MT in agriculture. The key in- 

novation of the GFT is its gated fusion mechanism, which 

effectively balances textual and visual features and 

addresses the limitations of existing models. The 

methodology includes detailed explanations of the GFT 
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model architecture, data pre-processing using the FLORES-

200 dataset, and evaluation metrics, such as BLEU and 

METEOR. 

The research analyzes Multimodal Machine Translation 

(MMT) performance within specific applications by 

translating English texts to Hindi for agricultural purposes. 

Text-only trans- lation models face limitations in modern 

translation because they cannot utilize the rich contextual 

information provided by combined text and visual data. The 

research presents the Gated Fusion Transformer model 

(GFT) along with evaluating its translation capabilities 

against dominant models in the field. This work makes 

several notable contributions: (1) we introduce a Gated 

Fusion Transformer that adjusts the flow of text and image 

information with gating, (2) we suggest new fusion methods 

targeted at translating terms related to agriculture, (3) we 

show that our method has better results than current 

language translation models and (4) we are the first to 

comprehensively study multimodal machine translation in 

the agricultural domain. Comparison of GFT performance 

with five leading MT models: mBART, M2M-100, T5, 

GPT-4 [4], and Seq2Seq [5]. Proof from the study indicates 

that combining multiple linguistic modes enhances the 

quality of translated content related to agriculture. 

This discussion assesses the effectiveness of various fusion 

processes and suggests areas for further improvement. It ex- 

plores how multimodal fusion affects translation accuracy 

across domains and compares domain-specific multimodal 

models to general-purpose multilingual MT models. 

Furthermore, this study investigated the contributions of 

several fusion mechanisms to translation quality and 

optimal configuration. 

In this we proposed a Gated Fusion Transformer (GFT) as 

an innovative solution to the problems encountered by 

classic text-based translation models in domain-specific 

applications. This paper emphasizes the important findings, 

contributions, and implications for future multimodal 

translation research, addressing a critical research need in 

English-to-Hindi MMT for agriculture. 

Machine translation (MT) is critical for improving cross- 

linguistic communication. It has a big impact in specific 

domains such as agriculture. In these domains, textual, 

visual, and struc- tured data all contribute to meaning. 

Traditional text-only trans- 

  

lation models often fail to capture the contextual depth 

required in specialized domains, leading to semantic 

inconsistencies [6]. Recent advancements in Multimodal 

Neural Machine Translation (MMT) have addressed these 

limitations by integrating multiple modalities such as 

images, structured data, and linguistic context, thereby 

enhancing translation accuracy [7]. In this study, a Gated 

Fusion Transformer (GFT), a multimodal transformer-

based architecture, was designed to efficiently integrate 

textual and visual information. The performance of the GFT 

was compared against five leading MT models in the 

context of English-to-Hindi translation for the agriculture 

domain. This study addressed the following research 

questions:  

1. How does multimodal integration enhance domain-

specific translations?  

2. Does the GFT model outperform the traditional and 

pretrained multilingual models? 

3. What is the impact of the fusion mechanisms on 

translation quality? 

The remaining of this paper is organized as follows. Section 

2 literature review analyzes prior studies on MMT, fusion 

mechanisms, and domain-specific MT, identifying their 

limi- tations. Next the section 3 is methodology explains the 

GFT model architecture, data preprocessing (FLORES-200 

dataset), and evaluation metrics (BLEU and METEOR). 

After that the section 4 is experiments and results presents 

a comparative performance analysis of GFT against 

mBART, M2M-100, T5, GPT-4, and Seq2Seq with 

Attention. In Section 5 (Discussion), the impact of the 

fusion mechanisms is evaluated and directions for future 

improvements are proposed. Section 6 (Conclusion) 

summarizes the key findings, contributions, and 

implications for future research on multimodal translations. 

2- Related Work 

Recent developments in machine translation and 

multimodal learning have led to the emergence of several 

state-of-the- art architectures, each employing unique 

strategies to improve translation quality. This section 

reviews key advances in neural machine translation (NMT) 

and multimodal MT. 

According to the author [8][58] English to Hindi translation 

using multimodal concepts and monolingual data to 

improve the translation quality, the models are considered 

as multimodal neural machine translation, the dataset is 

Hindi Visual Genome 3, and the evaluation metrics are 

BLEU Score, Ribes Score, and AMFM Score. The authors 

[9] and [10] stated that gated fusion transformers have been 

explicitly utilized in multimodal machine translation 

(MMT) for English-Hindi tasks to improve translation 

quality by integrating textual and visual features, with clear 

experimental success reported in low-resource settings. 

However, no study has focused directly on the agricultural 

domain. 

The features of the image were extracted using pre-trained 

visual encoders or advanced techniques such as latent 

diffusion models for the enhancement of synthetic data [11], 

[12]. These enhanced translations resolve ambiguities in 

low-resource settings such as English-Hindi. The 

advancement of neural machine translation (mBART) [13] 

is a multilingual auto-encoder-based translation model that 

leverages denoising pre-training for sequence-to-sequence 
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taks. M2M-100 [14] is a fully multilingual transformer 

model designed for more than 100 languages, eliminating 

dependency on English- centric translation pipelines. T5 

[15] is a text-to-text transformer model that is trained for 

multiple NLP taks, for machine translation utilizing transfer 

learning across language pairs. 

Multimodal MT incorporates visual cues alongside text, 

leading to more accurate translation. Recent efforts in 

image-assisted translation, such as ViLBERT, CLIP, and 

Vision Transformers, have influenced the design of MMT 

architectures, including GFT [16]. Gated fusion 

mechanisms have been introduced to effectively balance 

textual and visual contributions [17]. [18], presents a 

bidirectional Recurrent Neural Network (RNN) en- coder 

combined with a doubly attentive transformer decoder for 

multimodal translation. The model was fine-tuned on the 

Hindi Visual Genome dataset, which comprises 28,929 

parallel English- Hindi sentences. The primary research gap 

addressed in this study is the scarcity of resources for Hindi 

translation and the need for improved multimodal feature 

integration. The proposed approach significantly advances 

state-of-the-art methodologies, achieving an impressive 

BLEU score of 42.47 on the evaluation set. 

The review process joyful multiple metrics, incorporating 

BLEU, RIBES, and AMFM, to guarantee a comprehensive 

per- formance assessment. The creation of the Hindi Visual 

Genome dataset specifically for Hybrid-modal machine 

translation appli- cations is a remarkable addition to 

Hybrid-modal translation search. With the use of this 

dataset, English parts can be self- operating translated into 

Hindi while taking related images into account and 

advancing contextual awareness. A challenge test set of 

1,400 sections was included in the dataset, offering a 

reliable standard by which to assess Hybrid-modal 

translation models. This study highlights how significant it 

is to grow Hybrid- modal attribute incorporation to increase 

translation accuracy. The efficacy of this dataset for 

multimodal translation tasks was validated by trials that 

showed a BLEU score of 37.50 on the challenge test set. 

Recent developments underlined the need of combining 

textual and visual modalities for machine interpretation. 

Improved contextual alignment between textual and visual 

data has been shown by refined models on the Visual 

Genome dataset, improving rendering accuracy. BLEU 

ratings, which offer a normalize indica- tor of conversion 

quality, were a major component of the evaluation calculate 

employed in these examinations. To enhance the robustness 

of the model in practical appeal and optimize the fusion 

mechanisms, more examinations is necessary. 

 

 

 

 

3- Experimental Setup 

3-1- Dataset Selection 

Agriculture-related English-Hindi conversion were release 

from the FLORES-200 dataset [19], which offers high-

quality parallel conversions for 200 languages. To ensure 

relevance for agricultural appeal, the dataset consists of 

domain-specific terms (such as crop diseases, irrigation 

techniques, and agricultural implements). 

3-2- Preprocessing 

Several Technique were working to prepare the data for the 

model during preprocessing. Initially, the mBART 

tokenizer was used to computing the series, which helped to 

efficiently encode them. By doing this, the textual data was 

support to be roughly formatted for the model input. Apart 

from text processing, the image data was subjected to 

particular accommodation in order to conform to the 

model’s specifications. To guarantee consistency across all 

samples, the photos were scaled to match the expect input 

measurements. Additionally, the image data was normalized 

to preserve uniformity and enhance the model’s 

performance. Techniques for data amplification are applied 

to increase the dataset’s stability. One such method is 

synonym replacement, which adds difference to the text by 

replacing specific words with their synonyms. Back-

translation, which creates a difference of phrase patterns by 

translating a text into another language and then back again, 

was another enlargement skill used. 

4- Methodology 

A Gated Fusion Transformer (GFT) expands the classic 

trans- former architecture by including a gated fusion 

module. This module adaptively weights text and image 

embeddings before sending them to the encoder, leading in 

improved domain-specific knowledge preservation. For 

Hybrid-modal machine translation, gated fusion 

transformers give a number of advantages, particu- larly for 

agricultural content. By merging textual and visual data, the 

translation process was Upgraded, becoming more Precise 

and contextually relevant. The Gated Fusion Transformer 

uses that both text and images contribute effectively. A 

feedforward network (FFN) operates as part of the 

representation refinement process. 

FFN = ReLU((Wffn ∗ Attention) + bffn) (6) 

The learnable weight and bias term consists of Wffn and 

bffn. a gate fusion technique to combine generated visual 

information with upgraded text data, which refines the 

Linguistic accuracy of translations [20]. This model grabs 

the connection between visuals and text, Consequent in a 
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more advanced understanding of agricultural phraseology 

and concepts, which are tough in this sector. In agricultural 

uses, the model has exhibited good accuracy and rates of up 

to 0.95, 0.92, and 0.94 in disease detection tasks. Enhanced 

BLEU scores in comparative studies demonstrate that the 

integration of multimodal data greatly improves translation 

performance [20]. Better object detection and classification 

results are achieved by the Gated Fusion Transformer’s 

efficient handling of complex agricultural data, including 

fine- grained picture features and detailed textual 

descriptions [21]. Accurate translation of agricultural 

content, which frequently includes complex and varied 

information, re- quires robustness. On the other hand, 

although the Gated Fusion Transformer is highly effective 

in Hybrid-modal settings, there are still problems with 

securing the cable layer of the visual data that is created and 

the necessity for large training datasets, which may limit its 

use in settings with restricted resources [20]. The Gated 

Fusion Transformer (GFT) approach for Hybrid- modal 

machine translation merges textual and visual input to rise 

translation precision. The method starts with a visual 

encoder, which extracts image features using an attenti 

mechanism to create a visual output while also grasping 

tough contextual information. Textual data is also encoded 

positionally, ensuring that the model honors word order. 

The Gated Fusion Module merges both textual and visual 

characteristics, and the fusion process is directed by the 

equation: 

 

Fig. 1. Gated Fusion Transformer 

The Gated Fusion Transformer (GFT) figure 1 stands as an 

advanced architectural design which enhances translation 

quality through the fusion of visual information into text-

based machine translation systems. The model requires two 

main inputs which are the text and image data. The language 

input receives embedding  processing after tokenization and 

image processing involves the application of visual feature 

extractors through pre- trained CNN or ViT before feature 

extraction. The features are jointly  aligned with text 

features to achieve dimensional compatibility between 

elements. 

During Transformer Encoder in figure 1, text embeddings 

receive positional encodings for maintaining word order 

details. Self-attention together with feed-forward layers 

operate on the inputs in an encoder to generate contextual 

feature vectors. The core innovation of GFT model involves 

the Gated Fusion Mechanism because it receives text and 

visual features together. A gating function based on sigmoid 

activation governs the amount of visual information that 

will contribute to the process. A dynamic gating function 

within the system determines how X is transformed into 

query Q, Key K, and Value V representation is mechanism 

aims to improve translation outcomes while avoiding noise 

contamination.  

4-1- Detailed Architecture Components 

Visual Feature Extractor 

Input : Image I ˆ ( H W 3 ) Process : 

– ResNet − 50 / ViT f e a t u r e  e x t r a c t i o n 

– Global Average Pooling 

Output : V i s u a l  f e a t u r e s V ˆ d v 

1. Text Encoder 

Input : Source t e x t tokens S = {s1 , s2 ,  . . . , sn } Process 

: 

– Embedding l a y e r :  E s = Embed ( S ) 

 

– P o s i t i o n a l  encoding :  P s = PosEnc ( E s ) 

– Multi −head s e l f − a t t e n t i o n  l a y e r s 

Output : Text  f e a t u r e s T ˆ ( n d  t ) 

Gated Fusion Mechanism (Proposed Innovation) 

Algorithm 1: Gated Fusion Process 

Text features T , Visual features V Fused features F Con 

catenate features: C ← [T ; Vexpanded] Compute gate 

weights: 

Gt = σ(Wgt · C + bgt)  

Gv = σ(Wgv · C + bgv ) 

Apply gating: 

Ft = Gt ⊙ T 

Fv = Gv ⊙ Vexpanded 

 

Combine: F Ft + Fv Layer 
normalization: F 

LayerNorm(F ) 

2. Transformer Decoder 

• Masked self-attention 
• Cross-attention with fused features 
• Feed-forward networks 
• Residual connections 
•  
•  
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4-2- Training Algorithm 

Algorithm 2: GFT Training process  

Dataset  D  = {(Si, Ii, Ti)} Parameters: θ = Wenc, Wdec, 

Wgate, Wffn Initialize parameters θ randomly each epoch 

each batch B in D Extract visual features: 

V ← VisualEncoder(I)  

Encode text:  

Hs ← TextEncoder(S) Apply gated fusion:  

F ← GatedFusion(Hs, V) 

4-3- Innovation Highlights  

Novel Contributions 

1. Adaptive Gating Strategy: Dynamic weight 

assignment based on contextual relevance 

2. Domain-Specific Fusion: Agricultural 

terminology-aware integration 

3. Multi-Scale Visual Processing: Hierarchical 

feature extraction 

4. Cross-Modal Attention: Bidirectional information 

flow 

4-4- Architectural Novelty 
o Learnable gate parameters for modality weighting 

o Context-aware fusion avoiding information 

redundancy 

o Agricultural domain vocabulary enhancement 

o Robust handling of low-resource language pairs 

 
5- Results and Comparative Analysis 

This part provides performance comparisons between the 

Gated Fusion Transformer (GFT) model and existing top 

ma- chine translation models currently available. 

Evaluation relied on BLEU and METEOR scores to 

calculate translation accu- racy through measuring the 

shared content between generated output and reference 

translations. The evaluation demonstrates how multi-modal 

fusion powers translation improvement when analyzing the 

agricultural domain. 

The evaluation included well-recognized metrics from ma- 

chine translation assessment to provide both a thorough and 

trustworthy assessment of performance. The assessed 

BLEU score evaluates translation quality through its 

assessment of the accurate usage of n-grams between 

generated text and reference materials to detect lexical 

similarities. The BLEU score is calculated by usin below 

equation. 

 

BLEU = BP × exp N n=1 wn · log pn  (9) 

where: 

• BP(Brevity Penalty) = min 1, exp 1 – r 

5-1-1.1. r = reference length 

5-1-1.2. c = candidate length 

5-1-1.3. pn = modified n-gram precision 

5-1-1.4. wn = uniform weights =  1 

Additionally, the Metric for Evaluation of Translation with 

Explicit Ordering (METEOR) offers a more nuanced 

assessment by incorporating factors such as synonymy, 

stemming, and word order, providing a holistic measure of 

translation accuracy. These metrics collectively facilitated a 

robust evaluation of the system’s effectiveness in producing 

high-quality translations. 

METEOR Score is determined by using below formula 

 

METEOR = 
 (1 − β) · P · R 

                      αP + (1 − α)R   (10) 

Where: 

• P (Precision) = matched unigrams| 

   |candidate unigrams| 

• R(Recall) =|matched unigrams| 

       |reference unigrams| 

• α, β = tuning parameters 

 

Table 1: Comparison of Translation Models Based on Bleu Scores 
 

S 
N
O 

Datas
et 

Language 
Pair 

Model BLEU 
Score 

1 wmt 
2014 

English to 
French 

SMT+iterative 
backtranslation [22] 

26.22 

2 wmt 
2016 

English to 
French 

DelighT [23] 40.5 

3 wmt 
2014 
wmt2
016 

German to 
English 
German to 
English 

SMT+iterative 
backtranslation [22] 

17.43 
23.05 

4 wmt 
2016 

German to 
English 

Attentional encoder 
decoder+ BPE [24] 

38.6 

5 wmt 
2016 

German to 
English 

Linguistic Input 
features [25] 

28.7 

6 wmt 
2016 

German to 
English 

ExploitingMono at 
Scale [26] 

47.5 

7 wmt 
2014 

French to 
English 

SMT+iterative 
backtranslation [22] 

17.43 

8 wmt 
2016 

English to 
Czech 

Attentional encoder 
decoder+ BPE [24] 

25.8 

9 wmt 
2016 

Czech to 
english 

Attentional encoder 
decoder+ BPE [24] 

25.8 

 

The various translation models and different language pairs 

by using WMT-2014 and WMT-2016 dataset the 

performance of BLEU Score is describing in Table I. For 

the English to French Language pair, the SMT+iterative 

back translation model, the BLEU Score is 26.22 on the 

WMT dataset, and the model DelighT BLEU Score is 40.5 

on dataset WMT-2016 exhibited a significant enhancement 

in the quality of translation. For the German-to- English 

language pair, the SMT+iterative back translation model 
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BLEU Score is 17.43 on the WMT 2014 dataset and on the 

WMT- 2016 dataset, showing notable enhancements in the 

quality of translation. The Attentional encoder 

decoder+BPE model per- forms well for German-to-

English translation with a BLEU Score of 38.6 on the WMT 

2016 dataset. The Linguistic input features model BLEU 

Score is 28.7 and Exploiting Mono at Scale model achieves 

the highest BLEU Score of 47.5 indicating excellent 

translation quality of the language pair German to English. 

The SMT+iterative back translation model also scores 

17.43 for the french to English language pair on the WMT 

2014 dataset. The Attenional encoder decoder+BPE model 

achieves a BLEU Score of 25.8 for English to Czech and 

Czech to English translation with the WMT-2016 dataset, 

reflecting the performance. The performance of translation 

models with different Langugapairs and datasets showed 

significant improvements in certain models and language 

pairs. Translation quality was evaluated using the BLEU 

and METEOR scores. The results are summarized below. 

Table 2: comparison of models with accuracy 

Model BLEU Score METEOR Score 

GFT 58.2 0.71 

mBART 54.6 0.68 

M2M-100 52.3 0.65 

T5 50.7 0.63 

GPT-4 48.9 0.60 

Seq2Seq 45.2 0.58 

 

The experimental results in Table II reveal several key 

insights regarding the performance of different models in 

English-to- Hindi multimodal machine translation for the 

agricultural do- main. The Gated Fusion Transformer (GFT) 

model consistently outperformed the other evaluated 

models and achieved the highest BLEU and METEOR 

scores. This superior performance underscores the 

effectiveness of its gated fusion mechanism in integrating 

multimodal contexts, thereby enhancing context retention 

and producing more precise and semantically relevant 

translations. By dynamically balancing textual and visual 

in- formation, the GFT model mitigates ambiguities and 

ensures accurate translation of domain-specific 

terminology. 

In contrast, mBART and M2M-100 demonstrated 

competitive performance, largely because of their extensive 

multilingual pre- training. However, their lack of explicit 

multimodal fusion capa- bilities limits their ability to 

effectively translate domain-specific terminology, 

particularly in cases where textual context alone is 

insufficient. Similarly, general-purpose models, such as T5 

and GPT-4, exhibit suboptimal results in domain-specific 

translation despite their state-of-the-art performance in 

broader natural language processing (NLP) tasks. The 

absence of mechanisms to incorporate visual context leads 

to reduced contextual accuracy, particularly for specialized 

agricultural terms. Furthermore, the traditional Seq2Seq 

model, which relies solely on textual input, struggles to 

capture domain-specific nuances, resulting in the lowest 

performance among the evaluated models. 

The impact of multimodal fusion is evident in the superior 

translation quality achieved by the GFT. The model’s 

ability to seamlessly integrate textual and visual features 

enables it to resolve textual ambiguities by using 

complementary visual information. Moreover, it effectively 

translates domain-specific terms by leveraging both 

modalities and demonstrates adapt- ability to low-resource 

settings by utilizing supplementary infor mation from the 

images. This capability is particularly crucial in specialized 

domains, where textual data alone may be insufficient for 

accurate translation. 

Despite these advancements, several avenues for future 

re- search and optimization remain. Expanding the training 

cor- pus with additional agricultural datasets can further 

enhance the robustness and generalizability of the model. 

In addition, refining fusion mechanisms to optimize 

performance across di- verse domains can strengthen 

multimodal translation capabilities. Exploring hybrid fusion 

techniques that combine gated fusion with attention-based 

enhancements presents another promising direction for 

improving the translation accuracy and contextual 

understanding. These refinements have the potential to 

further advance multimodal machine translation, ensuring 

more effective and domain-specific translations. 

Table 3: score comparison of multimodal machine translation 
models 

Dataset Model BLEU 
Hindi Visual 
Genome 

ViTA [27] 44.6 

Multi30k, flickr opus-mt-te-base-gnw-gnw 
[28] 

32.2 

Multi30k VAG-NMT [29] 31.6 

Multi30k ERINE-UniX2 [30] 49.3 
Multi30k IKD-MMT [31] 41.28 
Multi30k DCCN [32] 39.7 
Multi30k caglayan [33] 39.4 
Multi30k Gumbel-Attention MMT 

[34] 
39.2 

Multi30k multimodal transformer 
[35] 

38.7 

Multi30k ImagiT [36] 38.4 
Multi30k del+obj [37] 38 
Multi30k VMMTF [38] 37.6 
Multi30k IMGD [39] 37.3 
Multi30k NMTSRC+IMG [40] 37.1 
Multi30k VAG-NMT [29] 31.6 
Multi30k PS-KD [41] 32.3 
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Fig. 2. Results analysis of accuracy on multimodal machine translation 

6- Conclusion 

This study demonstrates the effectiveness of the GFT for 

English-to-Hindi multimodal translation in the agricultural 

do- main. By leveraging gated fusion mechanisms, the GFT 

achieves superior BLEU and METEOR scores, 

underscoring its practical applicability for domain-specific 

MT tasks. Future research should focus on scaling GFT to 

larger datasets, fine-tuning additional agricultural data, and 

extending its application to other multimodal domains. 
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