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Introduction & Motivation

» Performance vs. Efficiency trade-off in dense vision tasks
« Low hardware cost on edge devices
« High-performance detection, segmentation, etc.

Multi-Scale High-Resolution Vision Transformer for Semantic Segmentation
Jiagi Gu?l, Hyoukjun Kwon?, Dilin Wang?, Wei Ye?, Meng Li%, Yu-Hsin Chen?, Liangzhen Lai?,
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> How to inherit from HRNet and ViTs and evolve?

Directly merge HRNet + VIT:. prohibitive cost

'

HRNet [1]

@ Multi-scale, Cross-resolution: HR

@ Limited receptive field: Conv
@ High complexity: multi-branch
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@ Single-scale, Low-res.: Sequential
|
:‘ Large receptive field: attention
|

High complexity: attention
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Need synergistic customization

Stage
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Proposed HRVIT Architecture
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Semantic Segmentation on ADE20K / Cityscapes
» +1.8% higher mloU + 28% fewer params + 21% less computation
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! RViTACEn W x40 » Multi s_cal_e re_pre_sentatlon Iearnlng_ IS critical to VITs N
. ) | ) » Co-optimization iIs the key to balancing performance and efficiency
> Heterogenous branch design » Extend to more dense pre_dlctlon vision tasks + deploy to ed_ge devices
« Customized window size, branch depth, MLP ratio, #channels, etc Open-source:  github.com/facebookresearch/HRVIT
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