
Selective Task Group Updates for Multi-Task Optimization

Wooseong Jeong, and Kuk-Jin Yoon

{stk14570, kjyoon}@kaist.ac.kr ; Visual Intelligence Lab, KAIST, Korea

Background

Motivation

• Multi-task learning (MTL) enables shared learning across tasks to 

improve generalization and efficiency, but often suffers from negative 

transfer due to conflicting task objectives.

• Prior methods mitigate this by balancing gradients or loss weights in 

shared parameters, yet overlook the learning dynamics of task-specific 

parameters.

• This work proposes a new optimization approach that dynamically groups 

tasks based on their affinity and updates them sequentially, effectively 

addressing both shared and task-specific parameter learning.

Experimental ResultsMain Results

• Proximal inter-task affinity approximates inter-task relations by 

measuring loss changes after joint updates of task groups, enabling 

efficient tracking during optimization. Table 1. Comparison of time complexity and memory consumption between our optimization methods 

and other multi-task optimization approaches, including loss-based and gradient-based methods.

Figure 1. Comparison of the average time required by each optimization process to handle a single 

batch for 5tasks on PASCAL-Context (left) and 11 tasks on Taskonomy (right).

• Existing MTL methods adjust losses or gradients but overlook task-

specific parameter interactions (see Figure 1).

• We find that grouping and updating tasks sequentially improves task 

specialization and reduces negative transfer.

Figure 2. The averaged grouping results on the Taskonomy benchmark are shown for ViT-L in (a) 

and for ViT-T in (b). (c) illustrates how the number of task groups changes during optimization. (d) 

shows the change in proximal inter-task affinity from DE to C.

Table 2. Experimental results on the Taskonomy dataset using ViT-L.

• Inter-task affinity measures how the gradient update of one task 

affects the loss of another, but is impractical to track during 

optimization due to its computational cost.

• Higher inter-task affinity between tasks leads to better gradient 

alignment during optimization.

• Better gradient alignment between tasks results in greater loss reduction 

on the reference task.

• Proximal inter-task affinity provides a reliable approximation of true 

inter-task affinity for guiding task grouping.

• Sequentially updating high-affinity task groups reduces multi-task loss 

more effectively than joint updates.

• Our group-wise update strategy avoids costly gradient manipulation 

while achieving efficient optimization through sequential task grouping.


