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Background Main Results Experimental Results

* Multi-task learning (MTL) enables shared learning across tasks to - Proximal inter-task affinity approximates inter-task relations by  Our group-wise update strategy avolds costly gradient manipulation
iImprove generalization and efficiency, but often suffers from negative measuring loss changes after joint updates of task groups, enabling while achieving efficient optimization through sequential task grouping.
transfer due to conflicting task objectives. efficient tracking during optimization. Table 1. Comparison of time complexity and memory consumption between our optimization methods

: 4 : - - - - and other multi-task optimization approaches, including loss-based and gradient-based methods.
»  Prior methods mitigate this by balancing gradients or loss weights in Definition 2 (Proximal Inter-Task Affinity). Consider a multi-task nenwork shared by the task P PP : .
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arameters. , oy . N . L o Gradient-based Methods O(1) O(K) v {CJ(lj X C?(K?)
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» Higher inter-task affinity between tasks leads to better gradient chcd —— " S—
otivation alignment during optimization. - m—— —
FAMO [ ] FAMO B
. “ ati - - _ Theorem 1. Let g, denote the task-specific gradients backpropagated from the loss function L, with Ours E— ours -
EXISJ_[":]g MTL methOdS adJ_USt losses (_)r gradlents but overlook task respect to the parameters O%. At a given time step t, if the inter-task affinity from task group {i, k} i : ’ " Timets) 5 ) ) 1 T rimets ’
SpECIfIC parameter interactions (See Flgure 1) to task k is greater than or equal to the inter-task affinity from group {j, k} to task k, denoted as Figure 1. Comparison of the average time required by each optimization process to handle a single

Al 2 Ajjk_?k. Then for a sufficiently small learning rate n < 1, it follows that g; - gi. > g; - G

« We find that grouping and updating tasks sequentially improves task batch for Stasks on PASCAL-Context (left) and 11 tasks on Taskonomy (right).

specialization and reduces negative transfer.  Better gradient alignment between tasks results in greater loss reduction

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