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Continual Learning

• Realistic deep learning scenario to adapt models continuously on evolving data 
distribution to maintain knowledge of the past without access to previous data
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Problem of Continual Learning

• Assuming that the evolving data distributions are fully labeled is inaccurate

• Continuously requesting annotation from experts to recognize new fraud patterns is necessary 
for fraud detection systems[1]

• Devising a method to mitigate the limited labeling budget in CL scenarios is 
necessary
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Active Learning (AL)

• Select samples under a labeling budget to maximize performance by defining an 
informativeness measurement to assess each sample’s importance
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Active Continual Learning (ACL)

• A key problem for effectively mitigating the labeling budget, by querying the most 
important examples at each CL task that maximize the model’s performance
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Challenges

• Conventional AL algorithms are prone to catastrophic forgetting!

• AL does not assume distribution shifts

• Focuses on quickly learning new information, leading to loss of past information

• Find unlabeled samples in the new task that preserves the knowledge of the past
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Idea. Accumulated Informativeness

• Info St; 𝐷 = 𝔼 𝑥,𝑦 ~𝒜(𝐷) 𝑝(𝑦|𝐱; ෡𝜽𝑡) 𝑠. 𝑡. ෡𝜽𝑡 = arg min
𝜽

ℒCL (𝜽; 𝜽𝑡−1, 𝒜(𝑆𝑡))

• Expected likelihood of the model trained by 𝑆𝑡 over 𝐷

• Info(𝑆𝑡, 𝐷𝑡): Informativeness of 𝑆𝑡 w.r.t. the new task

• Info 𝑆𝑡, 𝐷1:𝑡−1 : Informativeness of 𝑆𝑡 w.r.t. the past tasks

• Accumulated Informativeness: An arbitrary combination of the two Info(⋅)
• AccuInfo St, D1:t = 𝑓 Info St; Dt , Info St; D1:t−1
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Accumulated Info. and Fisher-based ACL

• Fisher-based ACL offers a practical form of the arbitrary combination for 
accumulated informativeness, achieving an optimal balance between adaptation
and preservation
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Fisher Information Embedding (FIE)

• Fisher-based ACL is infeasible for large-scale data due to its heavy computation

• Propose the Fisher information embedding, the diagonal component of the FIM

• 𝐟 𝜽𝑡; 𝐱 = σ𝑦∈𝐶 𝑝 𝑦 𝐱; 𝜽𝑡 ∇𝜽𝑡log 𝑝 𝑦 𝐱; 𝜽t
2 ∈ ℝ|𝜽𝑡|

9

𝐟 𝜽𝑡; 𝐱 (𝑘,𝑖) = 𝑝𝑘 1 − 𝑝𝑘 𝐡 𝜽𝑡; 𝐱 i
2

Sample (Thrm. 4.3.2.)

𝐅(𝜽𝑡; 𝑆) =
1

𝑆
෍

𝐱∈𝑆

𝐟 𝜽t; 𝐱

Subset

𝑘: class, 𝑖: embedding

𝑆 …

Deep Learning Model

Fisher Information Embedding

FIM: 𝐈 𝜽𝑡; 𝑆

FIE: 𝐅 𝜽𝑡; 𝑆



Fisher-Optimality-Preserving Properties

• Diagonalizing FIM allows two properties of 𝐅(𝜽𝑡
∗; 𝑆𝑡

∗) to be found:

• Property 1. Position-Wise Optimality:

• Overall high magnitude of information is advantageous

• Property 2. Distribution-Wise Optimality (Thrm. 4.3.):

• Aligning the information distribution with the target FIE is beneficial when magnitude is the same
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Approximation of Fisher-based ACL
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Putting Them All Together: AccuACL

• Defining sample-wise scoring metric based on the two properties

• Property 1. Position-Wise Optimality:

• Magnitude score ℳ 𝜽𝑡, 𝐱 = 𝐟(𝜽𝑡; 𝐱) 2

• Property 2. Distribution-Wise Optimality:

• Distribution score 𝒟 𝜽𝑡, 𝐱,𝑀𝑡, 𝑈𝑡 = exp(−DJS(𝜎(𝒇(𝜽𝑡; 𝐱))||𝜎(𝑭 𝜽𝑡;𝑀𝑡, 𝑈𝑡 )))

• Overly-sample the subset that ranks highest with 𝒟, then further narrow it down 
with ℳ
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Overall Performance (1/2)

• AccuACL consistently outperforms AL baselines for different CL strategies
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Overall Performance (2/2)

• AccuACL consistently outperforms AL baselines for different CL strategies
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Experiments
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1 2 3 4Results

• AccuACL shows superior 

performance for various 

labeling budget

• AccuACL is able to achieve SOTA ACL 

performance with reasonable complexity



Thank You!
Jaehyun Park     Dongmin Park     Jae-Gil Lee


	Slide 1
	Slide 2: Continual Learning
	Slide 3: Problem of Continual Learning
	Slide 4: Active Learning (AL)
	Slide 5: Active Continual Learning (ACL)
	Slide 6: Challenges
	Slide 7: Idea. Accumulated Informativeness
	Slide 8: Accumulated Info. and Fisher-based ACL
	Slide 9: Fisher Information Embedding (FIE)
	Slide 10: Fisher-Optimality-Preserving Properties
	Slide 11: Putting Them All Together: AccuACL
	Slide 12: Overall Performance (1/2)
	Slide 13: Overall Performance (2/2)
	Slide 14: Experiments
	Slide 15

