Hybrid Re-matching for Continual Learning with
Parameter-efficient Tuning
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Continual learning based on parameter-efficient tuning achieves superior performance without storing historical exemplars.

However, reliance solely on pre-trained features for parameter matching exacerbates the inconsistency between the training
and inference phases, thereby constraining the overall performance.

Previous methods determine the task identity through a one-shot matching, which performs sub-optimal. Consequently, we
2 propose a re-matching mechanism to calibrate the matching results.
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We propose a Hybrid Re-Matching Parameter-Efficient Tuning (HRM-PET) method,
which contains two re-matching operations.
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Confidence-based Re-matching
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We design confidence-based re-matching for all samples with incorrect initial matching.
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Cross-Task Instance Relationship Distillation
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We further introduce cross-task instance relationship distillation to align the shared
feature space, which promotes the learning of task-invariant knowledge.

5

Haxr¥

Nankai University

1\

*Vb&

7919

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.




Comparative experiments

Split CIFAR-100 Split ImageNet-R ImageNet-A 5-Datasets
PTM Method An 1 Fxl An t Fn | An t Fnl An t Fn |

DualPrompt [88] 86.60+0.19 4.45+0.16 68.79+0.31 4.49+0.14 39.76+0.18 5.85+1.14 76.09+0.91 15.70£1.13
S-Prompt++ [86] 88.81+0.18  3.87+0.05 | 69.684+0.12  3.29+0.05 | 39.10+0.30 5444098 | 83.38+029  4.114+0.29

v CODA-Prompt [73] | 86.94+0.63  4.04+0.18 | 70.03+0.47  5.17+0.22 | 30.96+0.14  558+045 | 62.54+1.34  18.58+1.67
Q LAE [19] 85.10+0.24  5.01+0.35 | 72.254+0.62  3.43+0.65 | 40.36+1.26  9.33+045 | 64.16+0.10 10.25+0.22
S CPrompt [21] 83.18+1.89 6.98+1.56 69.24+1.31 542+1.78 37.60+1.01 8.12+0.99 71.72+0.65  18.87+1.12
@ InfLoRA [47] 85.28+0.10 4.284+0.91 72.24+0.54 3.20+1.27 42.124+1.97 6.01+1.71 71.97+0.67  12.23+1.05
HiDe-LoRA [80] 88.434+0.38 3.161+0.16 71.90+0.22 4.331+0.24 42.18+0.10 6.154+0.17 93.25+0.03 1.0440.03
HRM-PET (Ours) 89.45+0.23  3.83+0.13 | 73.86+0.14  3.60+0.15 | 44.28+0.12  541+0.32 | 93.99+0.12  0.61+0.14
DualPrompt [88] 78.76+0.23  9.84+0.24 | 54.55+0.53  5.384+0.70 | 21.60+£1.70  6.92+0.84 | 67.60+1.47 26.24+1.11
S-Prompt++ [86] 79.14+0.65  9.17+£1.33 | 55.16+0.83  4.07+0.16 | 23.89+0.86  5.86+0.68 | 71.46+2.94 19.38+4.28

M CODA-Prompt [73] | 80.83+0.27  7.50+0.25 | 61.22+0.35 9.66+0.20 | 28.10+0.28  6.33+£0.76 | 56.12+3.18  27.23+2.51
] LAE [19] 78.874+0.58  10.55+0.40 | 60.68+0.12  4.67+0.87 | 29.76+0.16  9.77+1.06 | 63.86+1.00 13.75+1.12
S CPrompt [21] 82.34+0.81 6.98+1.16 | 64.64+0.87  7.06+0.71 31.66+0.61  10.26+0.79 | 67.38+1.90  16.48+0.81
a InfLoRA [47] 87.95+0.39  4.88+0.46 | 70.13+0.24  4.90+0.37 | 33.87+1.55 9.04+146 | 75.64+0.17  8.831+0.59
HiDe-LoRA [80] 88.44+0.17  4.53+0.34 | 73.404+0.22  3.774+0.41 38.55+043  7.49+0.19 | 93.53+0.31 1.69+0.10
HRM-PET (Ours) 89.70+0.13  3.75+0.11 | 75.23+0.21  3.68+0.17 | 40.88+0.32  4.98+0.61 | 94.384+0.11  1.07+0.15
DualPrompt [88] 76.631+0.05 8.414+0.40 61.51+1.05 5.024+0.52 21.60+0.39 6.431+0.64 65.35+£1.26  27.62+1.75
S-Prompt++ [86] 77.53+0.56  8.07+£0.97 | 60.82+0.68  4.16+0.14 | 21.12+1.12  6.52+0.37 | 71.71+£1.50  6.64+0.14

v CODA-Prompt [73] | 79.11+£1.02  7.69+1.57 | 66.56+0.68  7.224+0.38 | 28.69+0.73  6.34+1.23 | 44.34+3.33  21.89+4.06
o LAE [19] 75454043  10.55+0.36 | 67.95+0.55  5.56+0.41 | 27.18£0.21  9.77+0.67 | 67.00+1.46  13.75+0.98
§ CPrompt [21] 76.32+0.79  12.494+1.36 | 68.25+1.43 8.25+1.19 29.70+0.91 8.23+1.11 75.21+0.84 9.86+1.12
- InfLoRA [47] 85.5140.10 6.28+0.16 71.90+0.10 4.91+2.70 32.01+0.70 7.454+0.67 75.33+0.61 9.124+0.48
HiDe-LoRA [80] 86.43+0.23 5.234+0.34 72.79+0.28 4.39+0.16 35.63+0.25 6.254+0.13 93.48+0.06 1.70+0.03
HRM-PET (Ours) 87.11+0.15  4.57+0.14 | 74.64+0.28  3.924+0.19 | 37.89+0.34 519+041 | 94.15+0.15  0.87+0.20
DualPrompt [88] 74.90+0.21 10.26+0.62 | 58.57+0.45 5.80+0.21 21.27+0.52 5.16+0.81 68.21+1.11  24.04+0.86
S-Prompt++ (861 74.97+0.46 7.78+0.66 57.64+0.16 5.08+0.31 20.58+1.52 6.2240.68 75.19+0.80 6.76+1.76

M CODA-Prompt [73] | 77.50+0.64 8.10+0.01 63.15+0.39 6.86+0.11 24.28+0.56 6.661+1.22 51.52+2.10  27.5543.01
8 LAE [19] 73.624+0.44  12.56+0.29 | 63.70+0.84  5.44+0.24 | 23.10+0.38  8.68+1.01 65.33+1.55 10.25+1.23
Z CPrompt [21] 74.64+1.69  11.79+1.99 | 63.67+0.57  9.85+0.91 26.49+0.81  7.80+0.87 | 73.40+095 17.67+1.41
A InfLoRA [47] 82.37+0.65  6.40+0.33 | 68.514+0.20  5.01+£0.69 | 31.67+0.28  5.124+0.49 | 79.09+0.23  11.234+0.05
HiDe-LoRA [80] 84.85+0.21  5.36+0.22 | 70424+0.22  4.60+0.19 | 31.72+0.33  4.984+0.34 | 93.25+0.04  1.3440.01
HRM-PET (Ours) 85.93+0.14  5.14+0.24 | 72.32+0.20  3.49+0.27 | 33.37+0.35 4.78+0.55 | 93.90+0.05  0.67+0.07
DualPrompt [88] 77.77+0.68  6.61+£1.08 | 52.57+0.82  2.73+0.49 | 18.07£1.03  4.11+0.65 | 68.17+0.35 23.56+0.46
S-Prompt++ [86] 76.30+0.54  14.67+0.64 | 53.15+1.10 4.11+1.84 17.96+0.66  4.50+1.96 | 71.75+£0.57  13.60+0.73

M CODA-Prompt [73] | 76.83+£0.34  12.60+0.02 | 55.754+0.26  10.46+0.04 | 13.75+0.21  8.34+0.19 | 52.814+2.41  33.584+2.99
Z LAE [19] 78.31+0.32  15.244+0.19 | 54.11+£0.16 10.21+0.34 | 21.42+0.15 12.43+1.11 | 57.444+0.18 17.11+0.36
g CPrompt [21] 77.384+0.99  12.244+1.56 | 59.47+2.56  8.61+1.85 | 22.16+091  6.94+0.69 | 73.17+0.84 17.67+1.34
= InfLoRA [47] 82.704+0.39 8.384+0.66 65.03+0.87 5.69+1.10 26.00+0.81 6.50+0.64 74.00+0.38 10.49+0.42
6 HiDe-LoRA [80] 85.37+0.21 5.4240.19 68.01+0.59 4.57+0.86 28.30+0.47 6.74+0.35 92.72+0.07 1.71+0.06
HRM-PET (Ours) 86.00+0.14  5.32+0.19 | 69.32+0.22  4.10+0.35 | 29.73+0.52  6.2310.61 93.31+0.08  1.23+0.15
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» 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.

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



Haxr¥

Nankai University

Ablation experiments

]
Method Sup-21K iBOT-21K iBOT-1K DINO-1K MoCo-1K
Baseline 71.47£0.26 73.4910.31 72.9940.56 70.40£0.62 67.8910.29
Baseline+DRM 72.5540.10 74.11£0.22 73.4810.35 71.05£0.27 68.70+£0.42
Baseline+CRM 72.8040.15 74.35+0.26 74.011+0.30 71.32+£0.23 68.80£0.20
Baseline+DRM+CRM 73.38+£0.21 74.80£0.15 74.18£0.18 71.85+£0.45 69.10+0.15
Baseline+DRM+CRM+CTIRD 73.8610.14 75.23+0.21 74.64£0.28 72.32+£0.20 69.32+0.22

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

:\5100 BN CRM+DRM Sup-21K WSS BOT-IK WS MoCo-1K 20 —#—Incomrect-iBOT-21K - Correct-iBOT-2 1K
‘; mEs CRM iBOT-21K WSS DINO-1K BEEN Average 80 [ —e—Incomrect-Sup-21K —e— Correct-Sup-21K
Q
5 | i
£ 90 o 70 » Proportion
3 l » Parameter 60 of detected
2 80 matching <50 incorrect
o v o
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: 2 matching
Q
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Split CIFAR-100 Split ImageNet-R
7 Datasets
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Ablation experiments

]
CIFAR-100 ImageNet-R N CIFAR-100 ImageNet-R
Method An 1 Timel | Ay T Timel Distillation | g 1. iBOT-21. | Sup-21.  iBOT-2l.
- Logits [45] 87.66 88.02 72.88 7451
Baseline 88.40 2.69 71.60 2.81 Features [105] | 87.40 83.72 71.15 71.64
Baselme+DRM 8880 281 7260 291 IRD* [7] 88.59 88.98 73.21 74.58
Baseline+CRM+DRM 89.45 3.01 73.86 3.24 CTIRD 89.45 89.70 73.86 75.23

» The additional computational time during the inference process.» Comparison of different knowledge distillation methods

Mismatched to other task identities

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