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Abstract- We propose a unified multimodal transformer 

with a mixture-of-experts (MoE) core for joint semantic 

segmentation and caption generation. A ConvNeXt-B 

visual encoder and a T5 text encoder feed a shared MoE 

block whose experts specialize by modality and task, routed 

dynamically per token. On LVIS and NYU-Depth v2 the 

model attains 70.9% mIoU and a BLEU-4 of 34, improving 

over a strong generative baseline while keeping active 

compute modest through sparse routing. 

 

I. INTRODUCTION 

 

Scaling a single model to do both dense prediction and 

language generation usually forces a compromise 

between capacity and efficiency. Mixture-of-experts 

offers a way out, activating only the parameters a 

given token needs, so a joint segmentation-and-

captioning model can grow in capacity without 

growing in per-token cost. We explore this idea for 

unified multimodal understanding. 

 

II. RELATED WORK 

 

Unified segmenters like OneFormer and kMaX-

DeepLab handle multiple segmentation tasks but not 

language, while generative captioners such as GIT 

ignore dense masks. Sparse MoE has scaled language 

models efficiently but is under-explored for pixel-

level vision. We bring MoE routing to the joint vision-

language setting with modality-and-task-specialized 

experts. 

 

III. METHODOLOGY 

 

A. Architecture Overview 

A ConvNeXt-B encoder and a T5 encoder produce 

visual and textual tokens that enter a shared mixture-

of-experts transformer; a learned router sends each 

token to a small subset of experts. Sparse activation 

keeps the active parameter count low even though total 

capacity is large, and separate heads emit masks or 

captions. 

B. Datasets and Preprocessing 

We train on LVIS for long-tailed segmentation and 

NYU-Depth v2 for indoor scenes with paired captions, 

tokenizing text with a 34K vocabulary and rendering 

masks at 512x512. Class-balanced sampling counters 

LVIS's heavy tail. 

 

C. Training Objective 

Optimization combines pixel-wise and caption cross-

entropy with an alignment loss and a load-balancing 

regularizer that prevents expert collapse, ensuring the 

router spreads tokens across experts rather than 

overusing a few. 

 

IV. EXPERIMENTAL RESULTS 

 

The MoE model leads text-to-mask at 70.9% mIoU, 

above kMaX-DeepLab's 67.2% and the GIT baseline's 

63.9%. Gains concentrate on rare LVIS categories, 

where dedicated experts appear to capture tail classes 

that a dense model averages away. 
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Figure 1. Text-to-mask mIoU for two unified segmenters, GIT, and the MoE model. 

 

Caption BLEU-4 climbs to 34 at 100k steps against 

GIT's 27, and CIDEr shows a similar lead. Routing 

language tokens to text-specialized experts seems to 

sharpen fluency without disturbing the visual experts. 

 

 
Figure 2. BLEU-4 over training for the MoE model and the GIT baseline. 
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Table 1. Bidirectional results for the mixture-of-

experts model versus the generative baseline. 

Task Metric UMT-

MoE 

GIT 

Text→Mask mIoU (%) 70.9 63.9 

Text→Mask Pixel Acc 

(%) 

92.0 88.1 

Mask→Text BLEU-4 34.0 27.0 

Mask→Text CIDEr 121.5 104.0 

 

V. DISCUSSION 

 

Disabling load balancing causes a few experts to 

dominate and drops mIoU by 6%, underscoring that 

healthy routing is essential to the gains. Sparse 

activation keeps inference affordable, though the full 

parameter set still inflates memory and checkpoint 

size, which distillation could address. 

 

VI. CONCLUSION 

 

A mixture-of-experts transformer unifies 

segmentation and captioning efficiently, with 

specialized experts benefiting rare categories and 

caption fluency alike. We will study larger expert 

pools and expert pruning to trim the memory footprint 

for deployment. 
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