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Motivation

Ø Continual learning based on parameter-efficient tuning achieves superior performance without storing historical exemplars.
Ø However, reliance solely on pre-trained features for parameter matching exacerbates the inconsistency between the training 

and inference phases, thereby constraining the overall performance.
Ø Previous methods determine the task identity through a one-shot matching, which performs sub-optimal. Consequently, we 

propose a re-matching mechanism to calibrate the matching results.
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Direct Re-matching

We propose a Hybrid Re-Matching Parameter-Efficient Tuning (HRM-PET) method,
which contains two re-matching operations.

Ø Owing to the shared knowledge in 
the parameter pool, the task 
identity of the predicted class for 
some samples may be correct, 
despite the incorrect initial 
matching. 

Ø These samples can be detected 
when the predicted class does not 
belong to the matching task 
identity. The task identity is 
directly replaced with the one 
obtained from the prediction.
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Confidence-based Re-matching

We design confidence-based re-matching for all samples with incorrect initial matching.

Ø For the parameters and the class of 
data mismatched, they have never 
been trained together. Therefore, 
the confidence of these predictions 
may be lower than the correct 
matching.

Ø We detect incorrect matching 
based on the confidence of the 
predicted distribution, and obtain 
the corrected task identity from the 
class with the sub-highest score.
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Cross-Task Instance Relationship Distillation

We further introduce cross-task instance relationship distillation to align the shared
feature space, which promotes the learning of task-invariant knowledge.

Ø We aspire to directly re-match 
more samples in the first scenarios. 
Therefore, we integrate cross-task 
instance relationship distillation 
into the PET-based methods, 
which encourages aligning the 
shared feature space from different 
task parameters and improves the 
task-invariant knowledge.
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Comparative experiments

Ø To evaluate the effectiveness, we perform 
extensive comparative experiments with 7 
state-of-the-art PET-based methods. This 
comparison involves five pre-trained 
models across four datasets.

Ø We empirically validate the effectiveness 
of HRM-PET on extensive datasets using 
five distinct pre-trained models.
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Ablation experiments

Ø Ablation experiment to prob DRM, CRM, and CTIRD in ImageNet-R.

Ø Parameter 
matching 
accuracy

Ø Proportion 
of detected 
incorrect 
and correct 
matching
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Ablation experiments

Ø The additional computational time during the inference process. 

Ø Visualization of attention 
regions with (Ours) and 
without CTIRD (W/o).

Ø Comparison of different knowledge distillation methods
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Thank you


