
Motivation: Diverse training data collected from different domains 
or tasks is often utilized to train a unified model for pursuing universal 
capability. However, due to the presence of heterogeneity, such 
unification may suffer from strong conflicts during training, resulting in 
the suppression of the scale advantage of the pre-training dataset and 
severely impacting the performance of the model.

Main Task:  Mitigate the training conflicts among heterogeneous 
data collected from different domains or tasks.
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Method

Ø By introducing task-specific low-rank parameters, MoLA achieves 
parameter isolation between different tasks, thereby separating 
heterogeneous gradients to avoid conflicts between tasks.

Ø We propose MoLA-Grad and MoLA-Router, which use task 
identifiers and the router intervened by our TwD loss respectively, 
explicitly or implicitly mitigating the conflicts.

Ø Analysis on the training of MoLA from the perspectives of principal 
component changes and eigenvalue distributions.

Intuition:
Ø the low-rank property of MoLA ensures that the increase of 

parameters is controllable; 
Ø  the (primary-secondary) rank discrepancy between backbone and 

adapters encourages model to disentangle the shared knowledge 
and complementary knowledge.  
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MoLA allows for the extraction of more 
task-specific heterogeneous features, thus 
requiring the involvement of a greater 
number of eigenvectors for representation. 

The main difference from the original LoRA:
Ø Different learning stages. LoRA is used for adapting models to downstream tasks, 

while MoLA is used to train from scratch together with the backbone;
Ø Different impacts on training. LoRA can significantly amplify a small number of 

eigenvalues, thereby emphasizing task-relevant eigenvectors. Instead, MoLA 
significantly reduce the maximum eigenvalues to capture more heterogeneous 
information, alleviating training conflicts.

Ø Multi-input task heterogeneity:

Ø Domain heterogeneity: 
Ø Parameter number: 


