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

◼ Learn a sequence of tasks, T1, T2, …, TN, … incrementally. 

Each task t has a training dataset                               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 TN+1 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 TN+1 better. 



Two popular CL settings: TIL

◼ Task incremental learning (TIL): train a “separate” model for each 

task and task-id is provided during testing 

❑ 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.  

❑ Testing needs task information (e.g., task id). 



TIL has reached its upper bound accuracy

◼ The upper bound of TIL is multitask learning. 

◼ Several methods can achieve forgetting free. 

❑ 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. NeurIPS-2021.



Two popular CL settings: CIL

◼ Class incremental learning (CIL): produce a single model from all 

tasks and classify all classes during testing

❑ Example: Task 1: learn to recognize pig and cat. Task 2: sheep. Task 3: 

chicken and dog. Task 4: horse and cow

❑ Testing: 

Kim, Xiao, Konishi, Ke and Liu. A Theoretical Study on Solving Continual Learning. NeurIPS-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 et al, 2022)

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

❑ 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. NeurIPS-2022, Nov. 28 - Dec. 9, 2022..
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CIL decomposition and theoretical result (Kim et al, 2022)

◼ CIL problem can be decomposed into two subproblems: within-

task prediction (WP) and task-id prediction (TP)

◼ Theoretical results: Good WP and TP (or OOD) are necessary 

and sufficient for good CIL. 

❑ TP and OOD bound each other. 

WP (i.e., TIL) TP

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



Intuition of the theory

◼ In learning a new class or task, 

❑ the system does not see the data of previous tasks, and

❑ yet it needs to learn decision boundaries separating the classes of 

the current task and those of previous tasks, 

◼ The only possible solution is 

❑ 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

❑ a TIL method to tackle CF

◼ E.g., HAT and SupSup

❑ a strong OOD detection

◼ E.g., CSI. 

◼ HAT+CSI and Sup+CSI

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



Proposed method 2 (using a pre-trained model)
(Lin et al. 2024)

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



Graph Class Incremental Learning (Niu et al, NeurIPS-2024)

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

◼ When a task arrives, we can simply add new classes and 

their training samples to the prompt.

◼ This approach does not work due to the LLM token limit

❑ 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

❑ Divide classes learned so far into chunks such that each chunk is within the 

token limit of the LLM

❑ Prompt LLM to generate confidence that x belongs to each class in a chunk, 

❑ Get the top k classes with the highest confidences from all chunks 

❑ 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)

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)

❑ Training: ECL uses only the features from the LLM, no parameter 

updating

◼ Generating tags for training examples using ICL

❑ Compute a mean of tag embeddings for each class and a shared covariance matrix 

of the embeddings for all classes

❑ 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, 2025a)

◼ Table 1: LLM is Mistral 7B

◼ Table 2: with or without ECL

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



Not a good idea

◼ 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. 

❑ 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?

❑ 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. 

❑ The extracted features are kernelled using the RBF kernel and 

random Fourier features

❑ Training / Learning

◼ Compute a feature mean for each class and a shared covariance matrix 

❑ Testing

◼ Using LDA

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



KLDA for CIL using text datasets
(Momeni et al, 2025b)

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

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

(upper bound)



More results
(Momeni et al, 2025b)

◼ Using more LMs

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

(upper bound)



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

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

(upper bound)



Note the gap: Last and upper bound in (Lin et al 2024)

Non-CL is Joint (upper bound)

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

◼ Foundation models are critical for continual learning (CIL)

❑ Eliminate catastrophic forgetting and inter-task class separation challenges

◼ Help CIL achieve upper bound accuracy

◼ The new methods are theoretically justified

❑ 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?

❑ Does continual learning need to learn features?

❑ Do humans learn features? Are they in-built?



Thank You

Q&A

Students: Zhiyuan Chen (ex), Sepideh Esmaeilpour (ex), Zixuan Ke (ex), Gyuhak Kim (ex), Nianzu 

Ma (ex), Sahisnu Mazumder (ex), Saleh Momeni, Jade Qiu, Lei Shu (ex), Hu Xu (ex)

Collaborators: Wenpeng Hu, Scott Grigsby, Yiduo Guo, Tatsuya Konishi, Haowei Lin, Eric Robertson, 

Yijia Shao, Changnan Xiao. 
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