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Abstract- We present a unified cross-modal transformer 

that generates in both directions between images and 

language: producing semantic segmentation masks from 

captions and captions from masks within a single model. A 

shared cross-modal attention stack, built on a Swin-B 

vision encoder and a BERT text encoder, aligns the two 

modalities in a common space. On Cityscapes and 

PASCAL-Context the model reaches 69.7% mIoU for text-

to-mask and a BLEU-4 of 33 for mask-to-text, 

outperforming strong unidirectional baselines. 

 

I. INTRODUCTION 

 

Translating freely between pixels and words is a long-

standing goal of scene understanding, with 

applications in accessible interfaces and controllable 

image editing. Most systems specialize in one 

direction, learning either captioning or referring 

segmentation, which duplicates effort and forfeits the 

mutual constraints the two tasks impose. We argue that 

a single bidirectional model can exploit those 

constraints, using each direction as implicit 

supervision for the other. 

 

II. RELATED WORK 

 

Captioning advanced from Show-and-Tell to 

transformer decoders, and segmentation from 

DeepLab to Mask2Former, but the two literatures 

rarely meet. Recent generalist models such as OFA 

hint at unified vision-language modelling, yet they 

seldom emit dense pixel masks. Our work closes that 

gap with an architecture designed for symmetric mask-

and-caption generation. 

 

III. METHODOLOGY 

 

A. Architecture Overview 

A Swin-B encoder tokenizes the image while a BERT 

encoder tokenizes text, and the two streams meet in a 

shared block of cross-modal attention layers. A 

lightweight mask decoder and an autoregressive text 

decoder branch from this shared representation, so 

both tasks draw on the same aligned features. 

 

B. Datasets and Preprocessing 

We train on Cityscapes for urban segmentation and 

PASCAL-Context for broader category coverage, 

pairing masks with templated and human captions. 

Text is tokenized with a 32K WordPiece vocabulary 

and masks are rendered as per-pixel class tensors at 

512x512. 

 

C. Training Objective 

Training minimizes a joint loss combining pixel-wise 

cross-entropy for masks, sequence cross-entropy for 

captions, and a contrastive alignment term that pulls 

matched image-text pairs together in the shared space. 

The alignment term is what couples the two directions 

during optimization. 

 

IV. EXPERIMENTAL RESULTS 

 

On text-to-mask synthesis the unified model attains 

69.7% mIoU, ahead of the specialist Mask2Former at 

66.1% and the generalist OFA at 64.8%. The gain is 

largest on thin structures such as poles and pedestrians, 

where caption grounding helps disambiguate 

boundaries. 
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Figure 1. Text-to-mask mIoU for two specialist baselines, OFA, and the unified model. 

 

Caption quality improves steadily with training and 

stays above the OFA baseline throughout, reaching 

BLEU-4 of 33 at 100k steps versus 26 for OFA. 

Shared attention lets the decoder ground words in 

concrete mask regions, reducing hallucinated objects. 

 

 

 
Figure 2. BLEU-4 over training for the unified model and the OFA baseline. 
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Table 1. Bidirectional results: the unified model 

versus the strongest unidirectional baseline. 

Task Metric Unified-

XM 

OFA 

Text→Mask mIoU 

(%) 

69.7 64.8 

Text→Mask Pixel Acc 

(%) 

91.2 88.6 

Mask→Text BLEU-4 33.0 26.0 

Mask→Text CIDEr 118.4 102.7 

 

V. DISCUSSION 

 

Ablating the contrastive alignment term reduces mIoU 

by 7% and BLEU by 4.8 points, confirming that 

explicit cross-modal grounding, not merely parameter 

sharing, drives the gains. The chief cost is memory, 

since the dense mask decoder and the autoregressive 

text head must be resident together. 

 

VI. CONCLUSION 

 

A single unified transformer can generate masks and 

captions bidirectionally and beat specialized baselines 

on both. We will extend it to open-vocabulary 

categories and to instance-level masks, and explore 

distillation to shrink the joint decoder footprint. 
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