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Abstract- The integration of visual and linguistic 

modalities has transformed computer vision and 

natural language processing research. Cross-modal 

synthesis, which seeks to generate segmentation 

masks from text and captions from images, presents 

significant opportunities for understanding visual 

scenes semantically. In this work, we propose a 

unified transformer-based framework that performs 

bi-directional synthesis between image captions and 

semantic segmentation masks. The model, built on 

top of a multi-modal transformer encoder-decoder, 

learns shared latent representations enabling 

seamless translation between visual regions and 

linguistic tokens. Extensive experiments on COCO-

Stuff and ADE20K datasets demonstrate that our 

method outperforms baseline models by 16% in 

mIoU for caption-to-mask synthesis and 14% BLEU 

improvement for mask-to-caption generation, 

establishing a new benchmark for multi-modal 

reasoning. 

 

I. INTRODUCTION 

 

The ability to translate between visual and linguistic 

modalities has gained prominence with the advent of 

transformer-based architectures. Tasks like image 

captioning, visual question answering, and image 

segmentation have traditionally been treated 

independently, yet they share a common semantic 

space. Cross-modal synthesis bridges this gap by 

enabling bi-directional reasoning—generating pixel-

level semantic maps from textual descriptions and 

conversely, generating textual descriptions from 

structured visual cues. 

 

This study explores a unified framework leveraging a 

multi-modal transformer that performs both text-to-

mask and mask-to-text generation. Our motivation 

arises from medical and autonomous driving domains 

where captions or textual prompts can describe scenes 

requiring semantic decomposition. Unlike prior 

unidirectional models (e.g., CLIP, BLIP, and 

Mask2Former), our model performs simultaneous 

dual translation by sharing cross-attention layers 

between image and text embeddings. 

 

II. RELATED WORK 

 

Early works such as Show-and-Tell (Vinyals et al., 

2015) and Show-Attend-and-Tell (Xu et al., 2016) 

established attention-based captioning frameworks. 

For segmentation, architectures like DeepLab (Chen et 

al., 2017) and Mask R-CNN (He et al., 2018) became 

standard. However, the convergence of visual-

language models was spearheaded by CLIP (Radford 

et al., 2021) and BLIP-2 (Li et al., 2023), which 

demonstrated shared latent spaces between modalities. 

Recent research, including Segment Anything 

(Kirillov et al., 2023) and OFA (Wang et al., 2022), 

revealed the potential of transformer-based cross-

modal learning for multi-task applications. 

Nevertheless, these frameworks primarily focus on 

representation alignment rather than generative 

synthesis. Our work advances this by achieving true 

bi-directional cross-modal synthesis, aligning 

linguistic semantics with pixel-level visual content. 

 

III. METHODOLOGY 

 

A. Architecture Overview 

Our architecture comprises a dual-stream transformer 

with shared cross-modal attention layers. The encoder 

processes inputs in both modalities—image 

embeddings via Vision Transformer (ViT-B/16) and 

tokenized captions via BERT embeddings—while the 

decoder performs the reverse synthesis task. Positional 

encodings ensure spatial alignment between word 

tokens and segmentation patches. 
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B. Dataset and Preprocessing 

We utilize the COCO-Stuff (164K images) and 

ADE20K (25K scenes) datasets. Captions are 

tokenized using WordPiece with 30K vocabulary size. 

Segmentation masks are converted into one-hot pixel-

level tensors of 512×512 resolution. We also 

synthetically augment captions with paraphrased 

variants to improve linguistic robustness. 

 

C. Training Objective 

Our model employs a joint training objective 

combining pixel-wise cross-entropy loss for 

segmentation and sequence-level cross-entropy for 

text generation: 

 

L_total = λ₁ * L_mask + λ₂ * L_text + λ₃ * L_align 

where L_align minimizes the cosine distance between 

latent embeddings of text and mask representations. 

The λ values were empirically set to 0.6, 0.3, and 0.1 

respectively. 

 

D. Evaluation Metrics 

For text-to-mask synthesis, we report mean 

Intersection-over-Union (mIoU), pixel accuracy, and 

visual fidelity score (VFS). For mask-to-text 

synthesis, we evaluate BLEU-4, CIDEr, and 

METEOR metrics. All experiments were run on 

8×A100 GPUs for 100 epochs with AdamW optimizer 

(learning rate 5e-5). 

 

IV. EXPERIMENTAL RESULTS 

 

Quantitative comparisons demonstrate significant 

improvements over existing baselines. Diffusion-

based multimodal models such as StableDiffusion and 

OFA were used as benchmarks. Our approach 

achieves higher accuracy and textual coherence across 

both synthesis directions. 

 

Model Dataset mIoU 

↑ 

Pixel 

Acc. ↑ 

VFS 

↑ 

OFA COCO-

Stuff 

58.7 85.3 0.72 

BLIP-2 COCO-

Stuff 

61.2 87.1 0.74 

Proposed COCO-

Stuff 

70.9 91.4 0.81 

Proposed ADE20K 68.4 90.6 0.80 

Table 2 shows performance in mask-to-caption 

generation compared to recent baselines. 

 

Model Dataset BLEU

-4 ↑ 

CIDE

r ↑ 

METEO

R ↑ 

OFA COCO-

Stuff 

27.6 110.5 21.8 

BLIP-2 COCO-

Stuff 

31.4 118.9 23.6 

Propose

d 

COCO-

Stuff 

35.9 126.3 25.2 

Propose

d 

ADE20

K 

33.1 122.4 24.1 

Figure 1 visually demonstrates caption-to-mask 

synthesis quality improvements. The proposed model 

accurately delineates semantic regions such as 'road', 

'car', and 'person', matching caption content with high 

spatial precision. 

 

V. DISCUSSION 

 

The shared latent representation achieved via multi-

modal attention facilitates superior context 

preservation during translation. When translating from 

text to segmentation, attention heatmaps reveal strong 

alignment between nouns and object boundaries, 

validating semantic grounding. Conversely, during 

mask-to-caption synthesis, the model exhibits 

contextual awareness—producing grammatically 

correct captions even for overlapping regions. 

 

An ablation study demonstrates that removing the 

alignment loss (L_align) reduces mIoU by 8% and 

BLEU by 5.2 points, confirming its role in cross-

modal consistency. Furthermore, increasing 

transformer depth beyond 12 layers yielded 

diminishing returns, suggesting optimal representation 

convergence. 

 

VI. CONCLUSION 

 

This paper introduces a unified multi-modal 

transformer for cross-modal synthesis between image 

captions and semantic segmentation masks. Through 

joint embedding alignment and dual-stream attention, 

our approach enables bi-directional generation with 

enhanced semantic and structural fidelity. Future 

extensions will integrate 3D scene understanding and 
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temporal consistency for video-based caption-to-

segmentation translation. 
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