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Litelong or continual learning (CL)
(Thrun 1996, Silver et al 2013; Ruvolo and Eaton, 2013; Chen and Liu, 2018)

Learn a sequence of tasks, T,, T,, .... Tu. ... Incrementally.
Each task t has a training dataset Pt = {(%:,¥i)}i=1 in a
neural network.

In supervised learning, a task is a set of classes to be learned.
Incremental: In learning a new task, we don’t see the data of previous tasks

General challenges:

1. Catastrophic forgetting (CF): Learning of the new task T, should not
result in accuracy degradation for any of the previous N tasks.

2. Knowledge transfer (KT): leveraging the knowledge learned from the
previous tasks to learn the new task T,,, better.



Two popular CL settings: TIL

Task incremental learning (TIL): train a “separate” model for each
task and task-id is provided during testing

o Example: Task 1: learn to recognize different breeds of dogs. Task 2:
learn to recognize different animals. Task 3: learn to recognize different

types of fish.
o Testing needs task information (e.g., task id).

Task incremental learning (TIL). TIL learns a sequence of tasks, 1,2,...,T". Each task k has a
training dataset Dy, = {((x},, k), y),2, }, where ny is the number of data samples in task k € T =

{1,2,...,T}, and =%, € X is an input sample and y%. € Y, C Y is its class label. The goal of TIL is
to construct a predictor o identify the class label y € Y, for (x, k) (the given test

instance x from task k).



TIL has reached its upper bound accuracy

The upper bound of TIL is multitask learning.

Several methods can achieve forgetting free.

o E.g., HAT (Serra et al. 2018) and SupSup (Worthsman et al., 2020)
Parameter isolation: finding a subnetwork for each task.

In terms of knowledge transfer, it is reaching the upper bound
(Ke et al, 2021; Ke et al, 2023).

Serra, Suris, Miron, and Karatzoglou. Overcoming catastrophic forgetting with hard attention to the task. ICML-2018.
Wortsman, Ramanujan, Liu, Kembhavi, Rastegari, Yosinski, and Farhadi. 2020. Supermasks in superposition. NeuriPS-2020.

Ke, Liu, Xiong, Celikyilmaz, Li. Sub-network Discovery and Soft-masking for Continual Learning of Mixed Tasks. findings, EMNLP-
2023), December 6 —10, 2023, Singapore.

Ke, Liu, Ma, Hu Xu, Shu. Achieving Forgetting Prevention and Knowledge Transfer in Continual Learning. NeurlPS-2021.



Two popular CL settings: CIL

Class incremental learning (CIL): produce a single model from all
tasks and classify all classes during testing

o Example: Task 1: learn to recognize pig and cat. Task 2: sheep. Task 3:
chicken and dog. Task 4: horse and cow

o Testing:

Class incremental learning (CIL). CIL learns a sequence of tasks, 1,2, ..., T. Each task k has a
training dataset Dy, = {(:r;k, yi )k}, where ny is the number of data samples in task k, and %, € X

is an input sample and y; € Y (the set of all classes of task k) is its class label. All Yj’s are disjoint
YxNYy =0,Vk £k and | J,_, Y, =Y. The goal of CIL is to construct a single predictive
function or classifier H that can identify the class label y of each given test instance z.
Kim, Xiao, Konishi, Ke and Liu. A Theoretical Study on Solving Continual Learning. NeurlPS-2022, Nov. 28 - Dec. 9, 2022
van de Ven and Tolias Three scenarios for continual learning, arXiv preprint arXiv:1904.07734, 2019.



Additional challenge of CIL (Kim etal, 2022)

CIL has another challenge of inter-task class separation (ICS).

o Since after learning each task, its data is no longer accessible, then how to
establish the decision boundaries between the classes of the new task and
those of old tasks?

Question: What is the right way to solve CIL regardless what
classification algorithm is used?

Kim, Xiao, Konishi, Ke and Liu. A Theoretical Study on Solving Continual Learning. NeurlPS-2022, Nov. 28 - Dec. 9, 2022..
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CIL decomposition and theoretical result im ctal, 2022)

CIL problem can be decomposed into two subproblems: within-
task prediction (WP) and task-id prediction (TP)

P(z € Xy 5o|D) = Y Pz €Xyjolz € Xi, D)P(z € Xi|D)

k=1,....,n
— P(:E € XkD:jD|$ S XkD!D)P(m € Xko|D)
N—— N——
WP (i.e., TIL) TP

Theoretical results: Good WP and TP (or OOD) are necessary
and sufficient for good CIL.

o TP and OOD bound each other.

Kim, Xiao, Konishi, Ke and Liu. A Theoretical Study on Solving Continual Learning. NeurlPS-2022, Nov. 28 - Dec. 9, 2022..



Intuition ot the theory

In learning a new class or task,
o the system does not see the data of previous tasks, and

o yet it needs to learn decision boundaries separating the classes of
the current task and those of previous tasks,

The only possible solution is
o Each task is good at OOD detection.

Based on this, we also proved that CIL is learnable (Kim et al, 2023)

Kim, Xiao, Konishi, and Liu. Learnability and Algorithm for Continual Learning, ICML-2023..



One proposed method (no pre-trained model)

(Kim et al, 2022)

Theory-based methods outperform baselines by a large margin

(Kim et al 2022)
No replay or pre-training
Combination of

o a TIL method to tackle CF
E.g., HAT and SupSup

o a strong OOD detection
E.g., CSI.

HAT+CSI and Sup+CSl

Method M-5T C10-5T C100-10T C100-20T T-5T T-10T
OWM 95.8+0.13 51.8+0.05 28.9+0.60 24.1+0.26 10.0+0.55 8.6+0.42
MUC 74.9+0.46 52.9+1.03 30.4+1.18 14.2+030 33.6+0.19 17.4+0.17
PASST 76.6+1.67 47.3+098 33.0£058 25.0+0.69 28.440.51 19.1+0.46
LwF 85.5+£3.11 54.7+1.18 45.31+0.75 4431046 32.240.50 24.3+0.26
iCaRL* 96.0+0.43 63.4+1.11 51.4+099 47.8+048 37.0+041 28.3+0.18
Mnemonics™  96.340.36 64.1+£1.47 51.0£034 47.6+£0.74 37.14046 28.5+0.72
BiC 94.1+0.65 61.4+1.74 5291064 48.94+0.54 41.740.74 33.8+0.40
DER++ 95.3£0.69 66.0+1.20 53.7+£1.30 46.6+1.44 35.840.77 30.5+0.47
Co?L 65.6

CCG 97.3 70.1

HAT 81.9+3.74 62.7+1.45 41.1+093 25.6+0.51 38.5+1.85 29.8+0.65
HyperNet 56.6+4.85 53.4+2.19 30.2+154 18.7+1.10 7.9+£0.69  5.340.50
Sup 70.1£1.51 62.4+1.45 44.6£044 3474030 41.841.50 36.5+0.36
PR-Ent 74.1 61.9 45.2

HAT+CSI 94.4+0.26 87.8+0.71 63.3£1.00 54.6+0.92 45.7+0.26 47.1+0.18
Sup+CSI 80.7+2.71 86.0£0.41 65.1+£0.39 60.2+0.51 48.9+0.25 45.7+0.76
HAT+CSI4+c  96.9+0.30 88.0+0.48 65.24+0.71 58.0£045 51.7+£0.37 47.61+0.32
Sup+CSI+c 81.0+£2.30 87.3+0.37 65.2+037 60.5+0.64 49.240.28 46.2+0.53

Kim, Xiao, Konishi, Ke and Liu. A Theoretical Study on Solving Continual Learning. NeurlPS-2022, Nov. 28 - Dec. 9, 2022..



‘ Proposed method 2 (using a pre-trained model)

(Lin et al. 2024)

C10-5T C100-10T C100-20T T-5T T-10T Average
Last ATA Last ATA Last ATA Last ATA Last ATA \ Last AIA

Non-CL | 95.79%15 97.01*%% 82.76°"22 87.20°"% 82767922 87.53*031 7252041 7703047 72 52%041 77 03041 [ 8127 85.16
OWM | 41.697%* 56007346 21395318 40,1058 16.98544 3258%!98 24 555248 45 18*033 17525345 35755221 12443 41.92
ADAM | 83.92*031 90.33*042 121=03 72 555041 58 g9=06l 70 g9F03l 50 11046 61,8501 49 685N 61,4404 | 60.78 7141
PASS 86.21F110 8903713 68.90"%* 77.017**% 66.77°1% 76.42%1% 61.0370% 67.127026 5834704 73359 | 6825 75.38
HATqr | 82.40%%12 91,0659 6291592 7399086 59 54+041 gg 12*106 59 27*010 g9 3g8*114 54 035021 65635164 | 63.62 73.84
SLDA | 88.647005 03 543086 g7 go=005 77 72=038 g7 gp=00> 78 51%058 570935005 66 03%1 57935006 6739518 | 68 02 76.64
L2P 73.59F415 84,6072 61727081 72.88F118 53 84F159 66.52F160 50 12709 g781F1H 54005114 645917 | 60.47 T71.28
iCaRL | 87.55%%%7 89.74%66% 68.90="% 76.50*¢ 69.15"% 77.06%%%¢ 53.13%'% 61.367%2" 51.8852% 635657 | 66.12 73.64
A-GEM | 56.33%777 68.19%32% 25215400 43.83+067 21 .99+401 35 97+115 30 535399 49 26064 27190552 39585732 31.19 47.37
EEIL 82.34%313 90,5007 68.08"1 81.10%"%7 63.79%066 79 54F06% 53 34034 g6 63F040 5038097 66.54*0% | 63.50 76.86
GD 89.1670% 94.22*07 436" 80.51F"7 60.10°"7* 78.43%07¢ 53 017097 7.51F0% 424852 63914 [ 61.82 76.92
DER++ | 84.63%%°! 89.01%%% 69.7379% 80.647™ 70.03F!'% 81.72*!7% 5584%221 66,5557 54207 67.147140 | 66.89 77.01
HAL 8438270 87005727 67.177'Y 77.42F27 6737510 77.85F170 52 8072 65.31F08 55255300 64 48+ | 65.39 7441
DER 86.79*!20 92, 83*110 73 30=038 g goF045 73 ppF0ST 82 79076 59 57089 50 32057 57 18140 70215080 | 6977  79.81
FOSTER | 86.09%%%% 01 54%065 7169702 81.167%% 7291504 83,02*08 54.44%02% 9955028 55704 70.00%¢ | 68.17 79.13
BEEF | 87.10°"% 93.10*'2! 72,00"% g81.91%%%% 71.88%"* 8145507 61.4170% 71.21%7 58167 71.16%"% | 70.13 79.77
MORE | 89.16%%% 094.23%082 7023%227 8124+ 7053519 81.59%0%% 64975128 74 03%1%1 63.0671%¢ 727451 | 7159 80.77
ROW 90.97*01%  94.45+021 74725048 gy @704 74 60F012 83,1279 6511717 741671 63217277 72912127372 81.50
TPL (ours) | 92.33°°%* 9511°%% 76.53°"% 84.10°"* 76.34°"° 84.46°"> 68.64°* 76.77°"> 67.20°"" 75.727"%7 | 76.21 83.23
Non-CLpg | 96.905"%7 09796%005 83 615033 89 72*010 g3 61033 gg go*006 g5 555007 gg 26008 g571=014 8866=""" 87.08 90.70
TPLpg; | 94.867"%2 0689002 82 43*012 g8 28*017 80.86"""7 87.32*097 84.06*"!" 87.19*0! §387"07 874071 8522 8942

Lin, Shao, Qian, Pan, Guo, and Liu. Class Incremental Learning Via Likelihood Ratio Based Task Prediction. ICLR-2024



‘ Graph Class Incremental Learning iu et al, NeurIps-2024)

Methods Data CoraFull Arixv Reddit Products
Replay | AA/%7T AF/%7 AA/%T AF/%T AA/%T AF/%T AA/%T AF/%7T
Fine-tune X 3.5+0.5 -95.2+0.5 4.9+00 -89.7+0.4 59+1.2 -97.9+3.3 7.610.7 -88.71+0.8
Joint X 81.21+0.4 - 51.3+0.5 - 97.1+0.1 - 71.5+0.1 -
EWC X 52.6+8.2 -38.5+12.1 | 85+1.0 -69.548.0 | 10.3+11.6 -33.2+26.1 | 23.843.8 -21.7£7.5
MAS X 6.5£1.5 -92.3+£1.5 4.8+04  -72.244.1 9.2+14.5 -23.1£28.2 | 16.7+4.8 -57.0+31.9
GEM X 8.4+1.1 -88.4+1.4 49+0.0 -89.840.3 11.5+£5.5 -92.4+5.9 4.5+1.3 -94.7+0.4
LwF X 33.4+1.6 -59.6+2.2 | 9.9+12.1 -43.6+11.9 | 86.6%1.1 -9.2+1.1 48.2+1.6 -18.6*+1.6
TWP X 62.6+2.2 -30.61+4.3 6.7+1.5 -50.61+13.2 8.0+5.2 -18.8+9.0 | 14.1+£4.0 -11.4+2.0
ERGNN v 345+44 -61.6+4.3 | 21.5£54  -70.0£5.5 82.7+0.4  -17.3+0.4 | 48.3+1.2 -45.7+1.3
SSM-uniform v 73.0+£0.3 -14.840.5 | 47.1+£0.5 -11.7%£1.5 94,310.1 -1.4+0.1 62.0+1.6 99+1.3
SSM-degree v 75.4+0.1 -9.7+0.0 48.3+0.5 -10.7£0.3 04.440.0 -1.3+0.0 63.310.1 -9.6=x0.3
SEM-curvature v 77.7£0.8 -10.0£1.2 | 49.9+0.6 -8.4+1.3 06.31+0.1 -0.610.1 65.1=1.0 9.5%0.8
CaT v 80.4+0.5 -53+04 | 48.2+04 -12.610.7 97.31+0.1 -0.4+0.0 70.3+0.9 -4.5+0.8
DeLoMe v 81.0+£0.2 -3.3+0.3 50.6+0.3 5.1+0.4 97.410.1 -0.1+0.1 67.5+0.7 -17.3£0.3
OODCIL v 71.3£0.5 -1.140.1 19.3+1.4 -1.0+£0.4 79.3+0.8 -0.14+0.0 41.6+0.9 -1.6+0.4
TPP (Ours) X 93.41+0.4 0.0+:0.0 85.4+0.1 0.00.0 99.51+0.0 0.0+0.0 94.0+0.5 0.0+0.0
Oracle Model X 05.5+0.2 - 90.3+0.4 - 99.5+0.0 - 95.31+0.8 -

Niu, Pang, Chen, Liu. Replay-and-Forget-Free Graph Class-Incremental Learning: A Task Profiling and Prompting Approach. NeurlPS-2024
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CIL using in-context learning: Naive approach

When a task arrives, we can simply add new classes and
their training samples to the prompit.

This approach does not work due to the LLM token limit
o Long context LLMs don’t work well for CL.



(1). Incremental summarization (Qiu et al, Coling-2025)

Online or stream continual learning

Training: Each class is represented by a summary that is
Incrementally updated as new samples arrive

Testing: for each test instance x, we

o Divide classes learned so far into chunks such that each chunk is within the
token limit of the LLM

o Prompt LLM to generate confidence that x belongs to each class in a chunk,
o Get the top k classes with the highest confidences from all chunks

o Prompt the LLM again with only the resulting k classes,
Select the class with the highest confidence for x.

Qiu, Ke and Liu. Continual Learning Using Only Large Language Model Prompting. COLING-2025



‘ Results

= (Qiu et al, Coling-2025)

CL Baselines

CIS (Llama) Joint (Llama)
3/4-Blurry | 4/3-Blurry | Zero-shot | Prompting Fine-tuning EWC LAMOL VAG
7 samples | 7 samples | no sample | 7 samples | 7 samples | full data | 7 samples | full data | 7 samples | full data | 7 samples | full data
Banking-77 | 78.78 +1ee | 79.23 4250 | 50.22 5000 | 87.92 toe0 | 09.39 1007 | 9119 o0e | 2.14 +o3s | 9.09 +ose | 3.50 4004 | 33.43 +ois | 36.25 4380 | 55.19 4154
CLINC-80 91.51 +a3s | 90.40 +s546 | 80.67 +oo0 | 95.10 4250 | 9118 +046 | 97.92 4006 | 1.14 4033 | 8.20 +os 17.60 o019 | 52.20 +0m | 64.75 +oe | 80.68 +on
DBpedia-14 | 92.07 10 | 92.26 +o76 | 93.36 +om0 | 90.50 +oa0 | 93.74 o0 | 99.00 4000 | 6.55 4073 | 23.14 4155 | 0.70 +00s | 2801 4002 | 55.30 +330 | 560.58 +1.2
Reuters-14 | 83.97 +10e | 84.61 +12¢ | 92.55 404z | 7782 +200 | 82.64 1033 | 92.55 04z | 7.70 +om0 1279 +oaa | 0.95 1007 | 2993 o7 | 44.08 +o7 | 58.71 +102

Qiu, Ke and Liu. Continual Learning Using Only Large Language Model Prompting. COLING-2025




(2). ICL with the help of an external learner

Employ an external continual learner (ECL) that has no
forgetting, but inaccurate (Momeni et al, 2025a)

o Training: ECL uses only the features from the LLM, no parameter
updating
Generating tags for training examples using ICL

0 Compute a mean of tag embeddings for each class and a shared covariance matrix
of the embeddings for all classes

o Testing: apply linear discriminant analysis (LDA),
(1) Given a test sample, ECL identifies the top-k candidate classes
(2) Summaries of the top-k classes are used by ICL for final classification.

Momeni, Mazumder, Ke and Liu. In-context Continual Learning Assisted by an External Continual Learner COLING-2025



Results momeni et al. 20252)

Fine-tuning based Methods

Dataset  #Tasks Vanilla EWC L2P LAMOL VAG INCA JOINT
CLINC 10 0l.27 1196 04221194 9203 4170 98421084 76.4210099 94.40 97.60
Banking 7 2777 4946 29.10 4178 25.78 1191 42.6041136 59341128 8490 9250
DBpedia 7 39.021968 40.304980 42841547 48.61 41182 65404150 8420 95.70
HWU 8 3838 1401 427241960 287741318 44851157 5H6.881190 86.61 9043
Model CLINC Banking DBpedia HWU

Mistral-7B 04.40% 84.90%  84.20% 86.61%

. . . Llama3-8B 95.73% 84.30% 87.60% 87.45%

Table 1 . LLM IS M IStraI 7B Gemini 1.5 flash | 95.32% 86.15% 91.63% 89.22%

Without ECL

Mistral-7B 86.93% 6590% 65.30% 81.04%

Llama3-8B 83.73% T77.80% 72.770% 83.27%

. " I Gemini 1.5 flash | 93.86% 83.52% 79.64% 87.27%

Table 2' Wlth Or WIthOUt ECL LongAlpaca-7B 4587% 33.20%  2490%  35.97%

LongAlpaca-13B | 51.20% 63.60% 59.10% 62.83%

Longl lama-3B 62.00% 52.80% 3890% 58.46%

Longl.lama-7B 84.67% 73.10%  61.00% 77.88%

Momeni, Mazumder, Ke and Liu. In-context Continual Learning Assisted by an External Continual Learner. COLING-2025



Not a good 1dea

Weird idea: Generating tags from training samples and then

getting their embeddings to compute mean and covariance.

We did this because we originally want to do retrieval-augmented CL

Retrieval uses TF-IDF to obtain the top k classes. Each class is represented
by a set of tags generated from its training documents.

0 Sadly, nobody liked the idea. The paper got rejected multiple times.

Why not extracting features of training samples directly from
an LLM to compute the mean and covariance?

o This did wonders!
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KLDA: kernel linear discriminant analysis
(Momeni et al, 2025b)

Using only large foundation models as feature extractors,
no training.

o The extracted features are kernelled using the RBF kernel and
random Fourier features

o Training / Learning
Compute a feature mean for each class and a shared covariance matrix

o Testing
Using LDA

Momeni, Mazumder, and Liu, Continual Learning Using a Kernel-Based Method over Foundation Models AAAI-2025



(upper bound)

‘ KLDA for CIL using text datasets

(Momeni et al, 2025b)

= LM = BART-base as VAG (Shao et al, ACL-2023) uses BART-base

Method CLINC (10-T) Banking (7-T) DBpedia (7-T) HWU (8-T)
Joint Fine-tuning 95.33 +0.04 91.36 +032 94.83 +o.16 88.60 1029
“Vanilla | 42.06 £153  31.80 £120 43454254 3095 +£337
EWC 45.73 +0.46 38.40 +2.70 44.99 +2.90 34.01 +3.46
KD 36.33 10.86 27.40 +1.59 42.10 4240 25.46 42.13
L2P 30.66 1246 31.45 t+o0.55 23.52 +1.54 24.04 +0.88
LAMOL 58.42 4084 42.60 +1.36 48.61 +1.82 44 .85 1157
VAG 76.42 40.90 59.34 +1.28 65.40 +1.52 56.88 +1.22
“NCM | 83.60 000  71.10 000  75.70 +000  73.30 +0.00
LDA 93.71 +0.00 89.09 +0.00 93.42 +0.00 86.41 +0.00
KLDA 95.90 +o0.68 02.23 +032 94.13 4032 87.27 +139
KLDA with Ensemble 96.62 +0.08 93.03 +0.06 94.53 +o0.12 89.78 +0.09

Momeni, Mazumder, and Liu, Continual Learning Using a Kernel-Based Method over Foundation Models AAAI-2025



More results
(Momeni et al, 2025b)

= Using more LMs

Model Dataset KLDA-E Joint
. . CLINC 94.5340.00 | 93.20+0.16
MiniLM Banking | 91.730.09 | 90.90-00s
. d_af"e“_ DBpedia 86.83+0.17 | 87.43+0.16
HIERNON HWU 87.95+023 | 87.13+0.12
CLINC 04.984-031 | 94.56+0.04
BEIET'MSE Banking | 91.00+024 | 88.96-0.16
- e DBpedia | 95.40+0.08 | 95.0340.09
HETRIOnS HWU 88.32+031 | 87.26+028
CLINC 96.31+0.06 | 95.9610.30
ROBERTa-Iarge | Banking | 92.93:t00s | 91.16:t00s
o d_a’”“’“_ DBpedia 94.60+008 | 94.99+021
HHEIRON HWU 89.25+0.04 | 88.40+029
T5-3b CLINC 96.04+0.17 | 96.8610.06
» Banking 93.77+0.05 | 92.30%0.10
oo d_““""s_ DBpedia | 95.3340.09 | 94.6040.03
HHEISIOnS HWU 89.31+4027 | 90.300.10
. CLINC 97.13+0.11 | 97.60%0.11
Vitstral-7b Banking | 92.53+012 | 92.5040.14
100 d_a’”“’“_ DBpedia | 96.00+0.08 | 95.70+0.07
77 CHIEIRIOnS HWU 90.0240.09 | 90.43+0.11

(upper bound)

Momeni, Mazumder, and Liu, Continual Learning Using a Kernel-Based Method over Foundation Models. AAAI-2025



KLDA for CIL using image datasets

(Momeni et al, 2025b)

DINOv2: a pre-trained model trained with self-supervision
Using a pre-trained foundation model trained using supervised data is

problematic: information leak

(upper bound)

Model Dataset KLDA Joint
CIFARI10 07.00+0.07 | 97.02+0.09
DINOvZ-small | ~1pap100 | 84214008 | 85.524017
334]3 laye”f T-ImageNet | 78.6740.08 | 81.3040.17
TEISIOn: Cars 81.9440.11 | 81.88+40.23
CIFARI10 08.45+0.04 | 98.5440.06
DINSI"Z"’HSE CIFARI00 | 88.81+007 | 90.3040.09
, ayerff T-ImageNet | 83.184-0.11 | 86.434-0.14
768 dimensions Cars 87.45+0.14 | 87.47+40.21

Momeni, Mazumder, and Liu, Continual Learning Using a Kernel-Based Method over Foundation Models .AAAI-2025



Note the gap: Last and upper bound 1n (in et al 2024

Non-CL is Joint (upper bound)

C10-5T C100-10T C100-20T T-5T T-10T Average

Last AlA Last AlA Last AlA Last AlA Last AlA |Last AlA

Non-CL | 95.79*%1% 97 01%04 82 76*02% 87.20%%% 82.76%0%2 g87.53*031 72524041 77 03*047 7252041 77 03*041 | 8127 85.16
OWM | 41.697%* 56,0074 2139518 4p.10*'% 16,9854 3258198 24,5524 45,18%0% 17,525 3575527 | 2443 4192
ADAM | 83927031 90 33%042 g1 215036 73 554041 58 ggF06l 70 ggH0S1 50 11046 g1 g5H0Sl 49 6gFOH0 6] 44704 | 60,78  T1.41
PASS 86215110 89.03*713  68.00°"* 77.017% 66.77°11F 76.42%17 61.0350F 67.1276%° 58347047 67335307 | 6825 75.38
HATq | 82407712 91,0610 29150 73994086 59 544041 g9 124106 59 22010 g9 38114 54 03021 65.63°1% | 63.62 73.84
SLDA | 88.64°005 93 54%066 g7 g2=005 77 720358 g7 =005 78 514058 5793005 g6 03+ 57935006 67395181 | 6R02 76.64
L2P 73.59%%15 84,6012 6172708 7288118 53 84*159 g6.52+161 59 124096 g7 81+ 5400514 64,5951 | 60.47 71.28
iCaRL | 87.555"9% 8974663 68907047 7650533 §9,159 770672 53.13%'% 61.367%2' 51.8872%¢ 63.5677% | 66.12 73.64
A-GEM | 56.33%777 68.19%3% 2521400 4383067 21 99F401 3597+LI5 30 535399 49 26F064 2190737 3958532 | 31,19 47.37
EEIL 82.34%313 90.50*77 68.08°7°" 81.10%"7 63.79706¢ 79 541069 53 34703 66 631040 503809 6654001 | 63.59 76.86
GD 89.16°"% 94.22%%7% 6436777 80.51M"7 60.105"7* 78.43%076 53017097 675170 424857 6391594 | 61.82 7692
DER++ | 84.63*%%" 80.01%%% £9.73*%9 g0.64*2™ 70.03*'4¢ 81.72*'7% 5584*2% 66.55537 5420938 67.14%'9° | 66.89 77.01
HAL 84,3827 87.0017Y 67.17F'° 7742127 67.37F'4 77.85%17! 52807237 6531 5525390 64.48%'% | 6539 74.41
DER 86.79%120 92 g3*h10 73 30038 g7 gg*045 77 0p*03T g2 79+076 59 §7+089 70 32057 57 18F140 7021%0% | 6977 79.81
FOSTER Eﬁrng+{l.3ﬂ 9]‘54+u.ﬁ5 ?Lﬁg-!-ﬂ.l-l 3].16“”9 72‘.91—&11.45 83F02+u.3ﬁ 54_447[:.23 ﬁgigjﬂl.lﬁ 55.?1—}*{"4“ Tn_mH].Zh 68.17 79.13
BEEF | 87.10°"% 9310*"2" 72,0003 g1.91%03% 7188403 8145507 61.41%%% 71217 58.16°°% 71.16%°% | 70,13 79.77
MORE | 89.16%0% 04.23%082 7023%227 g]24*12 70535199 g] 50*09% g49751 2% 74 03161 63,0652 72745117159 80.77
ROW 90.97019 94 454021 74 72%048 g2 @704 74 60*012 8312497 65117197 741601 6321727 7291212 7372 81.50
TPL I:DI.II'S] 92‘33.-1-{].31 95‘11.—1::}.&-4 Tﬁ¢53'+0'2? Ml“:l—.{:l.ﬁ-d 75.34_}“'3}: 34-*45*“'23 68.64:[!.:14 TGJ?.—bﬂ.ZS ﬁmzn-i—.ﬂ.il TEJIHI'” Tﬁ.zl 33‘23

Lin, Shao, Qian, Pan, Guo, and Liu. Class Incremental Learning Via Likelihood Ratio Based Task Prediction. ICLR-2024



‘ Outline

s Continual learning and its key challenges

m Theory about class incremental learning (CIL)

m CIL using in-context learning

s Enabling CIL to achieve joint training accuracy (upper bound)
= Summary




Summary

Foundation models are critical for continual learning (CIL)

o Eliminate catastrophic forgetting and inter-task class separation challenges
Help CIL achieve upper bound accuracy

The new methods are theoretically justified

o They are all good at OOD detection for each task/class
Summary represents a class only (Qiu et al 2025):
Mean and covariance represent the distribution of a class (Momeni et al 2025)

Controversial questions?
o Does continual learning need to learn features?
o Do humans learn features? Are they in-built?
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» Theory for continual/lifelong learning

e Continual learning paradigms (class-incremental, task incremental, domain incremental, curriculum learning, active learning, federated learning,
online learning, meta-learning, few-shot learning, and other non-stationary learning paradigms)

e Challenges with non-stationary learning (loss of plasticity, catastrophic forgetting, policy collapse, unlearning, OOD generalization, distribution
shift, etc.)

« Continual reinforcement learning (options, skill discovery, hierarchical RL, intrinsically motivated learning, multi-agent RL)

» Continual learning in LLMs (in-context learning, pre-training, model editing, fine-tuning, adaptation)

» Knowledge transfer (transfer learning, multi-task learning, domain adaptation, sim2real, meta-learning)

» Non-stationary Optimization

» Streaming learning, on-device, real-time learning

» Open-world learning, open-ended learning

» Neuroscience-inspired continual/lifelong learning

» Applications (control, robotics, healthcare, etc.)

» Datasets, benchmarks, evaluation, software libraries
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