Visual
ntelligence

Lab.

----- = il Emh i JUNE 17-21, 2024

Quantifying Task Priority for Multi-Task Optimization

Wooseong Jeong, and Kuk-Jin Yoon N ERER Ban . M-
{stk14570, kjyoon}@Kkaist.ac.kr ; Visual Intelligence Lab., KAIST, Korea ik ‘mmm SEATTLE, WA

Background Proposed Method

* Multi-Task Learning (MTL) Is learning
paradigm that handle multiple tasks in a

Experimental Results

Table 1. Comparisons with previous optimization (NYUD-v2)

To measure task priority, we establish the connections in the network and assess their strength.
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