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. Motivation : Adapter-based Continual Learning
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 When and how can we achieve positive backward transfer, similar to humans?

How can these tasks be managed flexibly in dynamic environments?



. Challenges in Continual Imitation Learning

1. Requirement for
comprehensive expert
demonstration

2. Frequent task shifts in non-

. ; 3. Actual privacy concerns
stationary environments

- Inefficient, especially for « The continual shifting of « Accumulating knowledge in
long-horizon tasks. tasks in non-stationary model parameters can raise
- Sometimes impossible to environments privacy issues.
collect expert - Difficulty in adapting to - Sensitive information may
demonstrations. unseen tasks be implicitly retained.



. IsCiL : Incremental skills for Continual imitation Learning

How to solve? : Retrievable skills
1. Prototype-based skill incremental learning [training]
2. Task-wise selective adaptation [evaluation]

[ —

rXZ* + N\ \
+ 6 "
DZ* * ( + ’ [ Z

Skill dataset

Initialize novel skill prototype & adapter



. IsCiL : Incremental skills for Continual imitation Learning
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. IsCiL : Incremental skills for Continual imitation Learning

Prototype-based skill incremental learning
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. IsCiL : Incremental skills for Continual imitation Learning
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. IsCiL : Incremental skills for Continual imitation Learning
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. Experiment Settings and Scenarios
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. Results : Incomplete demonstration

- |
Stream Evolving Kitchen-Complete Evolving Kitchen-Semi Evolving Kitchen-Incomplete
CiL-algorithm | FWT (%) BWT &%) AUC @% FWT@% BWT @ AUC@% FWT@% BWT@ AUC %)
Pre-trained | - - 24.3+05 - - 29.1+09 - - 24.3+05
Seq-FT 90.9+26 -63.7427 35.0+07 37.1421 -25.1427 16.5+07 32.7+43 -19.6+30 15.7+05 AUC: Indicates average performance across all stages.
EWC 342+08 -19.54+42 17.1+27 272413 -18.0+13 122414 193423 -32+4113  104+17
Seq-LoRA 77.5+26 -552+18 283+15 374438 -255+32 159416 329425 -19.9420 14.5+02
L2M 24.7+48 -25+a45 22.7+16 19.2+444 02+13 19.1+48 17.5+40 -2.0+32 15.8+438
L2M-g 382434 -6.5+37 323414 379437 -45+31  32.1+12 37.5+100 -6.54+69 31.0+88
TAIL-g 85.3+80 -49.9467 41.5+17 55.0+15 -21.1+22 372424 532417 -20.0 35.4+07
TAIL-T 86.2+56 0.0+00 86.245¢ ,41.2425 0.0+00 412425, 33.8430 0.0+00 33.8434
IsCiL (ours) 793+17  11.0+16 8984105 - 68.1+22 8.6+06  758+18  61.8+00 13.7 74.0 19 . o o .
« IsCiL efficiently improves A
Multi-task | 933417  -1.6+23 923418 754445 8.0+55 832411 T71.7+11 12.6+08 = 83.0+1.1 SC € cient y p oves UC
Stream Evolving World-Complete Evolving World-Semi Evolving World-Incomplete
. . performance
CiL-algorithm | FWT % BWT®% AUC@w FWT@w BWT@% AUCw FWT@w BWT @ AUC %)
Pre-trained | 0.0+00 - - 0.0+0.0 - 0.0+00
Seq-FT 88.9+3 -73.6+42 249404 389459 -27.5455 132409 414420 -33.0 12.2+08 ° IsCiL shows ositive backwa rd
EWC 25.7+38  -18.04+02 10.5+35 13.9+14 -9.1+138 6.2+18 18.2+28 -11.6 8.5+009 p
Seq-LoRA 85.6+29 -75.14+23 214+12 322452 -182+49 16.0423 38.1+16 -30.6+09 11.7+009
L2M 721453 -6.6+21 659433 41.0+421  63+30 47.0407 26.1+11  57+28 314420 transfer
L2M-g 64.24+39 -19.3+44 48.64+20 44.5+20 34425 48.2+02 33.2+20 -0.6+09  33.1+22
TAIL-g 90.0+30 -56.8404 39.54290 432478 -17.6+435 274451 514425 214406 32.5+23
TAIL-T 85.7+509 0.0+00  85.7+53% ,27.5+0.7 0.0+00 27.5+0. 39.7+10 0.0+00 39.7+154
IsCiL (ours) 81.7+0 2.7+09 843411 60.0+1.1 93+14 689105 632415 8.7+27 712442
Multi-task | 88.6+36 2.8435 90.7+12 55.0436 27.64+41  809+03 73.2+17 12.6+12  84.2+13



. Results : Unseen task adaptation

|
Stream Evolving Kitchen-Complete Unseen Evolving World-Complete Unseen
Algorithm | FWT (%) BWT %) AUC %) | FWT-A % AUC-A (%) | FWT %) BWT @) AUC (%) | FWT-A %) AUC-A (%)
Seq-FT 723116 -47.7+16 304102 27.8106 19.5 t0.1 529436 -26.7+18 30.1421 16.34138 24025
EWC 21.0+159 -14.0420 16.8+16 18.1+42 144116 16.5+19 -8.1+t08 9.6126 6.1+ 8.312.1
Seq-LoRA 624138 -41.51: 254109 28.1100 18.2.+0.0 45.2+04 -358+13 145109 64> 82118
L2M 223423 0311 22.7435 15.3432 21.244.1 55.1437 -1.4133 53.6410 40.3:24 41.2420
L2M-g 33.8.10: 43412 300404 22.2106 24.1 107 433116 -8.2136 35.7+116 24.2 115 25.7 +1.7
TAIL-g 67.6 -34.9 5 36.8 13> 34.7 122 30.1 41 53.2+14 -27.1+12 292403 18.61009 19.1 106
IsCiL (ours) | 69.5 16.3 844 13 52.1175 72.812.1 643126 -0.5 63.9 06 45.8 147 453 109
Multi-task | 85.3 37418 8884100 | 70.8+00 79.0401 | 85.4+09 5.6105 904105 | 783 85.9104
Complete
7 Demo.ofr, |-
----------- Demo. of ‘;n_ S AUC-A: Indicates average performance of unseen tasks across all stages.

- IsCiL effectively handles Unseen tasks



. Results : Unseen task adaptation
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Stream Evolving Kitchen-Complete Unseen Evolving World-Complete Unseen

Algorithm | FWT %) BWT %) AUC %) | FWT-A %) AUC-A %) | FWT % BWT %) AUC %) | FWT-A %) AUC-A %)
Seq-FT 723116 -47.7+16 304102 27.8106 19.5 101 529436 -26.7+18 30.112. 16.3 1138 24.0 256
EWC 21.0+159 -14.0120 168116 18.1.442 144115 16.5+19 -8.11t08 = 9.6426 6.1113 8.312.1
Seq-LoRA 62.4 -41.5:3 254109 28.1+00 18.2.+0.0 452104 -35.8+13 145109 6.4125 82118
L2M 22.34123 03115 227435 15.3432 21.244.1 55.1437 -1.4133  53.6410 40.3 412120
L2M-g 33.8 43112 300104 22.2106 24.1107 433116 -8.2136 35.7+16 24.2115 25.7 +1.7
TAIL-g 67.6 -34.9 s 36.8 3> 34.7 122 30.1.41: 53.2+14 -27.1112 | 292%03 18.6:109 19.1 106
IsCiL (ours) | 69.5 16.3 844 1 52.1175 72.812.1 643126 -0.5 63.9 1 0.6 45.8 147 453 0
Multi-task | 85.3 37118  88.8400 | 70.8+00 79.0401 | 854109 5.6t05 904105 | 783 859104

Complete Unseen
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AUC-A: Indicates average performance of unseen tasks across all stages.
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- IsCiL effectively handles Unseen tasks




. Results : Unlearning for privacy

|
Stream Evolving Kitchen-Complete Unlearning  Evolving Kitchen-Incomplete Unlearning
Algorithm FWT %) BWT %) AUC (%) FWT %) BWT %) AUC %)
TAIL'T CLPU 86,2 3.0 U,.U +=0).0) 86.2 5.6 33*8 3.0 U.U 0.0 33.8 3.0
[sCiL (ours) 750472  11.2455 85.2+1.8 614120 124129 12.7429
Unlearning as adaptation Complete
| st Unleaning Stage : Unleaming task 7 pope ! ST T Tbemolofr,
1 = S ety ——— e
SKills 3 g Demo. of 7,, -
T CTUER SR s s S S S
1 t . . Skill Retriever
T2 :' E Skill Decoder
Tk | Remove i - IsCiL effectively handles unlearning requests

____________________

- It remains robust in incomplete settings




. Results : Unlearning for privacy

|
Stream Evolving Kitchen-Complete Unlearning  Evolving Kitchen-Incomplete Unlearning
Algorithm FWT %) BWT %) AUC %) FWT @ BWT %) AUC %)
TAIL-7 CLPU | 86.2156  0.0:100 86.2156 33.8+130  0.0+00 33.8130
[sCiL (ours) 750472 11.2455 85.2+18 614120 124129 12.7429
Unlearning as adaptation Complete Unlearnlng
oo Uiearing Stage - Unieaming ik or oo’ e hemar T
L BT e e e e = . e e s s "
Skills u : 3 g Demo. of 7, - — \ |
T CTTERER] e I I I S I
1 t . . Skill Retriever | L mmme-——m-=- T T e e e e e e e e e e e e e e \
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Tk | Remove i - IsCiL effectively handles unlearning requests
T, T It remains robust in incomplete settings




. Results : Unlearning for privacy

|
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. Conclusion

Flexibility of retrievable skills

2. Frequently shifting problems
tasks in non-stationary 3. Actual privacy concerns
environments

1. Require comprehensive
demonstration

Enhance bidirectional . . . Effect
. Unseen task adaptation Simple unlearning
transfer without

using existing skills extension in CiL
rehearsal

Generalization : Model Merging & Task Arithmentic
Efficiency : Caching algorithm for Retrieval Process
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