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This work presents a novel image description generation framework that
combines a Transformer-based encoder-decoder architecture with a custom
squeeze-and-excitation (SE) attention block integrated into an EfficientNet
feature extractor. The decoder uses FastText embeddings specifically trained for
Hindi and is evaluated on the Microsoft common objects in context (MS-COCO)
dataset. To improve the captioning process, the model incorporates a generative
pre-trained transformer (GPT) module to generate narrative descriptions based
on the initial captions and applies multiple similarity metrics to assess output
quality. The proposed system significantly outperforms existing methods,
achieving high bilingual evaluation understudy (BLEU) scores (BLEU-1 to
BLEU-4: 83.24, 73.17, 64.56, and 58.22), a consensus-based image description
evaluation (CIDEr) score of 81.41, an F1 score of 90.29, and a metric for
evaluation of translation with explicit ordering (METEOR) score of 81.18,

indicating strong caption accuracy. Furthermore, the model achieves low error
rates, with a word error rate (WER) of 15% and a character error rate (CER) of
11%. This work highlights the challenges of applying large-scale datasets like
MS-COCO to resource-limited languages and demonstrates the effectiveness
of integrating FastText embeddings with transformer-based models for Hindi
image captioning.
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1. INTRODUCTION

Image description synthesis employs perception techniques alongside language models to create
correct and relevant text. Deep learning models like convolutional neural networks (CNNs), recurrent neural
networks (RNNs), and architectures that are based on transformers (e.g., vision transformers (ViTs) and
data-efficient image transformers (DeiTs)) have significantly advanced this field by producing semantically
rich captions [1]], [2]. Multilingual captioning, especially in complex languages like Hindi, faces challenges
due to linguistic diversity and limited datasets. Hindi’s unique syntax and morphology demand adapted models,
but current resources like the translated Flickr8k dataset remain insufficient [3]]—[5]].
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Despite progress in Hindi image captioning, limitations in dataset diversity and model adaptability
hinder performance. Existing datasets like Flickr8k-Hindi and HIC restrict model generalizability. Integrating
CNNSs to extract visual features with transformer architectures for capturing global context enhances the
overall quality of generated picture descriptions [6]], [7]. Enhancing attention mechanisms further strengthens
contextual and linguistic coherence [8]. This study targets three core objectives: building diverse datasets,
refining contextual feature extraction, and improving linguistic accuracy.

This research advances Hindi image captioning by translating Microsoft common objects in context
(MS-COCO) into Hindi, creating a robust dataset. It integrates squeeze-and-excitation (SE) attention-enhanced
EfficientNet for detailed visual feature extraction and a transformer architecture tailored to Hindi’s linguistic
structure. FastText embeddings improve semantic richness, while generative pre-trained transformer (GPT)
refines captions for narrative depth. Evaluated using bilingual evaluation understudy (BLEU), consensus-based
image description evaluation (CIDEr), metric for evaluation of translation with explicit ordering (METEOR),
word error rate (WER), and character error rate (CER), the model establishes a strong performance
baseline. Unique contributions include a Devanagari-adapted SE block and GPT-based caption extension,
addressing dataset scarcity and linguistic complexity, with broad implications for inclusive Al in low-resource,
morphologically rich languages.

The proposed method surpasses prior Hindi image captioning approaches by combining SE-attention,
EfficientNet, and FastText embeddings for detailed visual capture and narrative-level generation. Unlike earlier
sentence-level models with limited multimodal fusion and evaluation, our approach introduces a linguistically
rich framework and a custom Hindi MS-COCO dataset with comprehensive metric coverage. Table 1 shows
the comparative analysis of Hindi image captioning approaches.

Table 1. Comparative analysis of Hindi image captioning approaches (v'= present, X = absent)
6

Paper 1
Sharma et al. [9]
Kaur et al. [10]
Patel et al. [11]
Gupta et al. [12]
Mishra et al. [13]
Mishra et al. [[14]
Bisht e al. [15]
Rai et al. [16]
Harshit et al. [17]
Proposed method
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Note: 1: SE-attention, 2: CNN backbone, 3: embedding model, 4: multimodal integration, 5: dataset type
MS-COCO, 6: narrative generation, and 7: evaluation metrics

Recent research in Hindi image captioning has explored various deep-learning architectures. Early
efforts used CNN-long short-term memory (LSTM) models with datasets like Flickr8k and Flickr30k to
generate Hindi captions, showing moderate success in visual-text alignment [[18]], [19]. Later works introduced
attention blocks and transformer-based decoders (e.g., GPT-2), improving syntactic coherence and context
capture [20], [13]. However, these models remain constrained by limited data and sentence-level generation,
leaving gaps in narrative fluency and linguistic richness [21].

Attention mechanisms have become pivotal in enhancing caption quality by allowing models
to focus on key image regions. Techniques like self-enhanced attention (SEA), top-down attention,
and enhanced focal modules have demonstrated improved performance on standard datasets by refining
spatial focus and object relevance [22]-[24]. Multiview and heterogeneous attention frameworks further
advanced multimodal alignment and multilingual adaptability [25], [26], but often lacked customization
for Indian language scripts like Devanagari. EfficientNet has emerged as a compelling image encoder,
balancing accuracy and computational efficiency. Studies show its integration with transformer decoders
improves feature extraction and caption fluency while maintaining low model complexity—an essential
aspect for deployment in resource-constrained environments [27]-[29]. Lightweight combinations like
EfficientNet-MobileNet-Transformer have proven effective across standard benchmarks [30], [31].

One of the most enduring issue in Hindi picture description generation is the language’s intricate
linguistic structure. Morphologically rich structures, high out-of-vocabulary (OOV) rates, and limited training
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datasets hinder performance. FastText embeddings, with their subword modelling, have been shown to
outperform traditional Word2Vec and even rival transformer-based embeddings for named entity recognition
and sentiment tasks in Hindi [32f], [33]. Additionally, lacking large-scale, diverse Hindi caption datasets like
MS-COCO further restricts model generalizability. This research addresses these limitations through a novel
integration of SE-attention EfficientNet, FastText embeddings, and transformer decoders—explicitly tailored
to Hindi morphology and Devanagari script structure.

2. METHOD

This section presents a transformer-based Hindi image captioning framework combining
EfficientNet-B4, SE-attention, and FastText embeddings to handle Hindi’s morphological richness. The system
is divided into four stages. These are data preprocessing, SE-attention feature extraction, transformer-based
encoding-decoding, and GPT-based caption enhancement. Overall architecture: the model workflow
(Figure [T) begins with translating MS-COCO captions into Hindi [34], cleaning and tokenizing them, and
preparing image-caption pairs. Images are resized, converted into tensors, and passed to EfficientNet-B4,
enhanced with SE blocks.
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Figure 1. Proposed image captioning system

Feature extraction: EfficientNet + SE-attention. EfficientNet uses compound scaling for balancing
depth, width, and resolution [35]. The SE-attention and encoder-decoder flowchart is shown in Figure|2|, where
Figure 2(a) shows the SE-attention mechanism and Figure 2(b) shows the encoder—decoder architecture. We
extend its built-in SE block with a custom module, improving channel-wise and spatial recalibration.

X'i,j,c = s.Xi, j,c (1

Transformer encoder-decoder with FastText: features are fed into a transformer encoder with FastText
Hindi embeddings and positional encodings [36]. The decoder leverages self-attention, cross-attention, and
sequential feed-forward networks to produce captions that are rich in contextual meaning.

Attention(Q;, K;, V;) = softmax ( QK[ ) v o

FastText’s subword modeling effectively captures Hindi morphology and OOV words [37]. Its SGNS objective
enhances rare word representation quality.
Caption generation and GPT integration: the decoder outputs Hindi captions.

C! < Decode(Fy) (3)
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Captions are evaluated using BLEU, CIDEr, METEOR [38]]-[40]], and error metrics WER, CER [41]], [42]. We
then refine them with GPT, improving fluency and narrative depth.
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Figure 2. Attention and encoder—decoder flowcharts: (a) SE-attention mechanism and
(b) encoder—decoder architecture flowchart

GPT was used as a post-processing module to enhance narrative richness while preserving semantic
alignment. Transformer-generated captions were provided using a structured prompt with constraints on length,
tense, and topic relevance, ensuring coherent and image-consistent storytelling. GPT-enhanced captions are
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assessed using syntactic, lexical, semantic, and Jaccard similarity metrics [43]], enabling broader applications
like visual question answering and multilingual dialogue systems. In addition, a small-scale human evaluation
assessed narrative coherence and expressive quality, confirming that GPT outputs improved fluency and
descriptive depth without semantic drift. GPT was guided using a structured prompt template to control
narrative generation and prevent hallucinated content. An example of the prompt used is:

Given the following Hindi image caption, generate a short, coherent narrative. Do not introduce
new objects, actions, or events beyond the caption. Maintain the present tense and limit the output
to 2-3 sentences.

3. EXPERIMENTAL RESULTS
This section discuss the dataset, preprocessing pipeline, model training, performance metrics, ablation
study, benchmarking, and qualitative evaluations.

3.1. Dataset details

We used the COCO-2017 dataset [34], translating English captions into Hindi using Google Translate
API. Table 2] summarizes dataset stats; Figure [3|shows a sample translation frame. We translated COCO-2017
English captions into Hindi using Google Translate and applied a multi-stage quality assurance process to
reduce noise and address Hindi’s linguistic complexity.

Table 2. COCO-2017 dataset statistics

Dataset Training  Validation  Testing  Vocabulary size
COCO-2017 118k 5k 40.7k 29,075
image caption caption_hindi

0 /kaggle/input/coco-2017-dataset/coco2017/train.. A bearded man wearing a hat smiles and stands ... aﬁm@mﬁﬁmﬁ mw%’ﬁ

1 /kagglefinput/coco-2017-dataset/coco2017/train.. A hand holding a Nintendo Wii game contraller. P Y O HACE! wii T Sgies ¥ gl
2 /kaggle/input/coco-2017-dataset/coco2017 /train.  The small bathroom has a colorful shower curta... BIe FyEH i 167 uel § e ..
3 /kagglefinput/coco-2017-dataset/coco2017/train... A cat is cradled by a female while she is usin... T fdee ®1 4P J1G1 A g & Io1 3@ § & ..
4 fkaggle/input/coco-2017-dataset/coca2017 /train.., there is a plate of food on display on the table Il 1R e © U Wi HEidid &

Figure 3. A sample translation frame

Translation quality assurance and validation: to improve translation quality, a three-stage
post-translation validation process was applied.
— Automated filtering: captions were normalized using Unicode standardization for the Devanagari script,
removal of duplicated tokens, punctuation correction, and elimination of non-Hindi artifacts.
— Semantic consistency: Hindi captions H; were compared with their English counterparts E; using FastText
embeddings. Captions with cosine similarity below a threshold (7 = 0.65) were discarded:
Slm(E,,HZ) = ' (5)
— Manual validation: a random subset of 5,000 image—caption pairs was reviewed by native Hindi speakers,
with over 93% of captions deemed linguistically acceptable after automated filtering.

3.2. Data pre-processing and model training configuration
Images were resized to 224x224 and normalized. Captions were cleaned, tokenized, and padded to
51 tokens. FastText Hindi embeddings (300-dim) were projected to 512-dim using:

E'=WE+b (6)

Where E' is the original 300-dimensional FastText embedding, W is a learnable weight matrix of shape
(512 x 300), and b is a bias vector.
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Model training was performed using the AdamW optimizer with label smoothing (0.1), KLDivLoss,
a warmup scheduler with 4000 steps, and gradient clipping (norm =1.0). A teacher forcing strategy was
adopted throughout the training. The hyperparameters and associated model performance metrics are provided
in Table[3l

Table 3. Training hyperparameters and model performance metrics

Hyperparameter Value Performance metric ~ Value

Label smoothing 0.1 Model size 157.3 MB
Optimizer AdamW Trainable params 392M
Learning rate 5x 1074 Inference time 16.1 ms/image
Loss function KLDivLoss GPU usage 4450 MB
Warmup Steps 4000 FLOPs 0.84 GFLOPs
Gradient clipping 1.0

Training strategy ~ Teacher forcing

3.3. Performance and evaluation metrics

BLEU, CIDEr, METEOR, WER, and CER were used to evaluate captioning. GPT-refined captions
were assessed using syntactic, lexical, semantic, and Jaccard similarities. Evaluation metrics such as BLEU and
CIDEr primarily rely on n-gram overlap and may be sensitive to surface-level variations in morphologically rich
languages like Hindi, where multiple valid inflected forms and flexible word order are common. As a result,
these metrics can underestimate semantic correctness despite accurate visual grounding. METEOR, along with
WER and CER, provides complementary insight by accounting for linguistic variation, word alignment, and
error patterns specific to Hindi. Training metrics and system performance trends are shown in Figure ]
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Figure 4. Hindi image captioning: training accuracy and loss overview

Final training and validation accuracy reached 76% and 78% respectively (Table[d). Model is efficient
(16.1 ms inference time), using 4450 MB GPU memory. Evaluation metrics are presented in Figure [3]
where Figure 5(a) shows image captioning evaluation metrics, Figure 5(b) shows WER and CER evaluation,
Figure 5(c) shows scalability analysis, and Figure 5(d) shows ablation study. Table ] summarizes the scores.
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Table 4. Combined summary of model training, performance, and evaluation metrics

Metric Training  Validation = Model metric Value Evaluation metric ~ Score
Final loss 1.3 1.2 Model size 157.3 MB BLEU-1to 4 83.24%, 73.17%,
64.56%, 58.22%

Final accuracy 76% 78% Trainable params ~ 39.2M CIDEr 81.41%

- - - Inference time 16.1 ms/image  METEOR 81.18%

- - - GPU usage 4450 MB F1-score 90.29%

- - - FLOPs 0.84 GFLOPs ~ WER 14.82%

- - - - - CER 10.75%

Image Captioning Evaluation Metrics (BLEU, CIDEr, F1, METEOR) WER (Word Error Rote): 6.1482

0.90 CER (Character Error Rate): 8.1675

WER & CER Evaluation for Image Captioning

(b)
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Figure 5. Combined view of four image captioning analysis visuals: (a) image captioning evaluation metrics,
(b) WER and CER evaluation for image captioning, (c) scalability analysis, and (d) ablation study

3.4. Ablation analysis
Three model variants were tested: base transformer, with SE-attention, and with SE + FastText.

Table [5] and Figure [5(d) demonstrate consistent improvement in all evaluation metrics with each architectural
enhancement. To assess the statistical significance of performance gains introduced by SE-attention and
FastText embeddings, a two-tailed paired t-test was conducted across five independent experimental runs
(N=5). The test was applied to per-run evaluation scores computed on the same test set for all model
configurations. Results indicate that the SE + FastText model achieves statistically significant improvements
over the base configuration in BLEU-4, CIDEr, METEOR, and Fl-score at the 95% confidence level
(p < 0.05), suggesting that the observed gains are unlikely to be due to random variation.

Furthermore, as shown in Figure [5[c), the model is linearly scalable for training time and memory
requirements as the dataset size increases from 10K to 118K samples. This confirms the model’s suitability
for large-scale deployment scenarios. The ablation study evaluates components that directly influence caption
generation, including SE-attention and FastText embeddings. GPT was excluded from the ablation analysis, as
it functions solely as a post-processing module for narrative enhancement and does not affect core captioning
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metrics. Its impact is assessed separately through narrative-level evaluation. All ablation experiments
were conducted over multiple runs, and the reported results reflect consistent performance trends across
configurations, indicating the robustness of the observed improvements.

Table 5. Ablation study results with statistical significance analysis (p < 0.05)

Metric Base SE SE+FastText  t-value  p-value
BLEU-4 41.08 4944 58.22 3.12 0.021
CIDEr 68.49  77.26 81.41 3.45 0.015
F1 84.00 88.47 90.29 2.87 0.028
METEOR 7623 80.76 81.18 2.41 0.041

3.5. Scalability and generalization

Beyond scalability evaluation, the proposed model was also tested on an external Hindi image
captioning dataset, Flickr8k-Hindi, to examine its generalization capability. Using the same model architecture
and evaluation setup, the approach maintained stable performance across datasets, obtaining a BLEU-4 score
of 54.10, a CIDEr score of 74.85, a METEOR score of 76.32, and an F1-score of 87.45. Linguistic accuracy
remained strong, with a WER of 18.6% and a CER of 13.9%. Although the dataset differs in scale and
annotation style, the model consistently preserved relative performance gains over baseline configurations,
demonstrating effective robustness and cross-dataset generalization.

3.6. Benchmarking and qualitative evaluation

The Table [6] proposed model outperforms existing Hindi image captioning approaches across BLEU
scores, establishing a strong performance baseline. To assess the impact of GPT-based narrative enhancement,
a comparative evaluation was conducted between base captions and GPT-enhanced narratives. Automatic
similarity metrics, including syntactic, lexical, semantic, and Jaccard similarity, were used to verify semantic
consistency and prevent content drift.

Table 6. Comparison of Hindi image captioning models

Authors Model Bl B2 B3 B4
Mishra et al. Encoder-decoder 62.9 433 29.1 19.0
Singh et al. CNN + RNN 51.3 30.4 16.7 12.4
Dhir CNN + GRU 57.0 39.0 26.4 17.3
Rathi CNN + LSTM 58.0 47.0 39.0 35.0
Meghwal CNN + LSTM 62.5 45.8 32.8 23.2

Proposed model =~ CNN + transformer ~ 83.24  73.17 64.56  58.22

In addition, a small-scale human evaluation was performed on a randomly selected subset of samples.
Native Hindi speakers rated both versions using a three-point Likert scale (low, medium, high) based on
narrative coherence and expressive richness. As summarized in Table[7} GPT-enhanced narratives consistently
improved coherence and expressive depth while preserving the original semantic content. Sample qualitative
results with captions and narrations are presented in Figure|[d]

To contextualize the quantitative evaluation metrics, a qualitative error analysis was conducted on a
randomly selected subset of 200 generated captions. Each caption was manually examined and assigned a
dominant linguistic error category. The analysis revealed that most inaccuracies were minor and linguistically
driven rather than semantic. Common error types included gender and number agreement mismatches,
variations in word order, and postposition usage. These errors generally preserved the intended meaning
but negatively affected n-gram—based metrics, highlighting the importance of complementing quantitative
scores with qualitative analysis for morphologically rich languages such as Hindi. The results are summarized
in Table

Table 7. Human evaluation of caption vs. GPT-enhanced narrative

Criterion Base caption ~ GPT-enhanced
Narrative coherence Medium High
Expressive richness Low Improved
Semantic consistency High High
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Generated Caption: U &Aq &1 AR UF @t & &S & amee de gon &
Reference Caption: Ueh &aq 1 4R U @f¥al & 4 dea gan &
BLEU-1: 0.8462, BLEU-2: 0.7966

§ BLEU-3: 0.7414, BLEU-4: 0.6703

CIDEr: 1.0000

WER: 0.1818, CER: 0.1957

F1-Score: 0.9091, METEOR: 0.8036

Generated C: éfgrion:

ol &2 T R T FeRT @ G g

Narration

Yol B! [0l | G g, U Yoz DeR 7 srel] g2 Al bl
WRHR At 3 Al BT qronfl Y 4R1 g3 @IS, 7 S dgd Wi A
SR il 1 o o St T S oy F U Yar 29 &A1 4,
| o e fendl ol it e a1 STl <

Syntactic (POS Tag) similarity: 0.87
Lexical similarity: 0.44

Semantic similarity: 0.60

Jaccard similarity: 0.45

Generated Caption:

sl gradl Al SR 3= Afesl # s wie|

Narration:

1371 &1 Y™ o T & U Wi ¥ Gg Bar ardt ve wie
sitepIell, drde, #id SR 3 ol @ Urell dar 31 78 oA 3w
e 7 farf afssmi, o e aae SR Wiy v & s
Sl Sor T W 41 T 4Tl 7 Haw Ue B TGP I B
ferg o, afcer sifal @1+ @z @ aredt o

Sample Image - 2 Syntactic (POS Tag) similarity: 0.82
Lexical similarity: 0.57
Semantic similarity: 0.62
Jaccard similarity: 0.51

Figure 6. Sample images with generated captions, evaluation scores, and GPT-enhanced narrations

Table 8. Distribution of common error types in Hindi caption generation

Error type Percentage (%)
Gender/number agreement errors 36.0
Word order variations 28.5
Postposition usage errors 20.0
Lexical inflection errors 15.5

Scores indicate semantic correctness and fluency. GPT-based narrations further enhance richness and
expressiveness and descriptions maintain semantic alignment with high syntactic and lexical similarity. The
model effectively balances accuracy and creativity in Hindi caption generation.

4. CONCLUSION

This work presents an advanced Hindi image captioning framework that integrates a custom
SE-attention mechanism with an EfficientNet-based transformer encoder—decoder architecture. Experimental
results show substantial improvements in BLEU, CIDEr, and METEOR scores, along with reduced WER and
CER, compared to existing methods. The use of FastText embeddings enables effective modeling of Hindi’s
morphological and syntactic characteristics, making the approach suitable for non-English and low-resource
language captioning. The model maintains robust performance across datasets of varying scale. Although the
model exhibits good cross-dataset generalization, domain-specific variations in visual content and linguistic
style may affect performance in new application settings. Future work will focus on domain adaptation and
transfer learning strategies, such as fine-tuning on target-domain data and multilingual pretraining, as well
as exploring advanced attention mechanisms, multi-modal extensions, and reinforcement learning to further
enhance caption quality.
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