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• Deep learning suffers from a lack of training samples
• Deep learning shows remarkable success in various fields of artificial intelligence 

(e.g., object classification, machine translation)
• But, use (VERY) large labeled dataset

• Collecting some annotations is too hard/expensive
• E.g., segmentation labels, bounding boxes, medical data
• For a new task, only few samples are available

• Transfer learning aims to transfer the knowledge
from source to target domains & tasks

Limited Training Samples in Real-world Applications
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Open Images Dataset (9M images)

* source: https://storage.googleapis.com/openimages/web/index.html , [Pan et al., 2010]

English Wikipedia (2.5B words) >50 bounding boxes in an image

https://storage.googleapis.com/openimages/web/index.html
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Transfer Learning in Artificial Intelligence
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Robots learns skills and transfers that knowledge to other robots 
have different kinematics

Speech recognition: Learn from specific languages/accents transfer 
to learn different languages/accents 

Simulated robots learn new movements from get 
transfer from previous learned task
(Top): from forward movements, learn backward 
move
(Bottom): learn faster movements from slow 
movements

* source: https://www.youtube.com/watch?v=_t1c_lrEH1k
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• Domain
• With a feature space      and a marginal probability distribution            for
• E.g.,      is natural or cartoon image spaces /             is dog or cat distribution

• Task
• With a label space      and a conditional probability distribution                 for
• E.g.,      is digit (0, 1, …) or animal (dog, cat, …) spaces

Domains & Tasks
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(e.g., John, Aaron, Adam, Will, John)
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• Definition of transfer learning [Pan et al., 2010] 
• Given a source domain        and learning task      , and a target domain        and 

learning task
• Transfer learning aims to improve the learning of the target predictive function

using the knowledge in        and        where                    or

What is Transfer Learning?
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• When tasks and domains are same, usually one can transfer knowledge for 
• Making target model that are smaller (model compression)
• But, perform better than scratch learning
• Using the knowledge transferred from the source model
• Knowledge distillation

• Make a target model mimic the source model
• Make outputs (or features) similar
• Since tasks and domains are same, following a source/reference model is useful

Type I: Same Tasks and Same Domain
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Person recognition 
(e.g., John, Aaron, Adam, Will, John)

{
{

}
}

Person recognition 
(e.g., John, Aaron, Adam, Will, John)
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• Labels to predict are same but input data samples are different
• Since tasks are same, by learning the features invariant to source and target 

domains, a target model can perform well 
• In many cases, target domain datasets do not have sufficient labels

• By learning domain invariant features, source model’s representations could be used for 
target domain

• Domain adaptation 
• Learn representations that confuse source and target domain inputs
• Learn target representations that are similar to source domain

Type II: Same Tasks, but Different Domains (Transductive Transfer Learning)
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0-9 digits classification
(e.g., 6, 2, 3, 8, 1, 0){

{
}
} 0-9 digits classification

(e.g., 0, 4, 8, 5, 3, 9)
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• Different tasks: different labels to predict
• When tasks are different, feature extractors and output layers are need to be 

adjusted a lot for new tasks
• Multi-task learning/fine-tuning are used to learn appropriate representations for 

target tasks from the source model’s representations
• Continual learning learns appropriate representations for target tasks without 

losing ones for past tasks.

Type III: Different Tasks (Inductive/Unsupervised Transfer Learning)
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Age (e.g., 31, 49, 34, 50, 31)

Person recognition 
(e.g., John, Aaron, Adam, Will, John)

{
{

}
}

Scene classification
(e.g., elevator, gas station, castle, 
cafeteria, cabin)

Object classification
(e.g., car, airplane, panda, lion, guitar)

{
{

}
}
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• Convolutional layers are viewed as a feature extractor.
• Lower convolutional layers capture low-level features.  e.g. edges
• Higher convolutional layers capture more complex, high-level features.  e.g. eyes

• A source model pre-trained by a large dataset, e.g., ImageNet, is well-generalized, 
so one can expect it as a good feature extractor or parameter initialization. 
• To avoid overfitting, one can often freeze convolutional layers for small target datasets.
• Can transfer to different domains and tasks
• But, same architectures (at least for feature extraction part)

Fine-tuning Approach

13* source: [Yaniv et al., 2014] 
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• Assumptions for fine-tuning approaches
• Features/Parameters learned from some task are useful for another tasks

• True in many artificial intelligence tasks (e.g. lower-level features of images such as edge)

• When do they fail to work
• When dataset of source and target tasks are very different
• When target tasks have no (or very small) labeled training data

Fine-tuning Approach

14

ImageNet
Pre-trained 

model
(e.g. ResNet)

ImageNet

Target task 
model

(a) Train large model on ImageNet (b) Using pre-trained weights 
as initial parameter of target 
model

(c) Fine-tuning the weights
for new task

Target task 
model

Target task dataset

Weight
initialization
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• [Wang et al., 2017] increases the target model capacity in various ways
• Channel-wise, depth-wise, (channel+depth)-wise
• Using the pre-trained weights for all the layers except newly augmented layers/channels
• Fine-tuning with target tasks

• Main idea at a high level
• Using the pre-trained weight of source model to initialize the target model
• Increase the capacity of target model in depth/channel-wise

Fine-Tuning with Increasing Target Model Capacity

15* source: [Wang et al., 2017] 
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• Evaluated on MIT-67, 102 Flowers, CUB200-2011, Stanford-40 with ImageNet 
pre-trained AlexNet

• Outperform most of task customized CNN or other multi-task learning methods
• Drawbacks:

• Did not apply on architecture like ResNet (model without fully-connected layers)
• Only augment the layers for fully-connected layers

Experimental Results

16
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• Normalization and scaling activations are important for the performance 
improvement
• Reconcile the learning pace of the new and pre-existing units
• Normalization and scaling is more crucial in Width-augmented CNN (WA-CNN)

• Without normalization and scaling, marginally better or worse than fine-tuning method

Experimental Results

17

Pre-trained units

New units

Performance on SUN-397 dataset by changing the fine-tuning layers 
from only new layer to all the layers
w/o (rand): new units are randomly initialized
w/o (copy+rand): initialize by copying 𝐹𝐶!, and add random noise
w/: with normalization and scaling

Conv

𝐹𝐶!

𝐹𝐶" New

WA-CNN

…

Conv

𝐹𝐶!

𝐹𝐶"

New

DA-CNN

…

ĥk = �hk/
��hk

��
2
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• [Hendrycks et al., 2019] shows that re-training also improves other tasks such 
as robustness and uncertainty

• Considered various scenarios such as label corruption, class imbalance, out-of-
distribution detection, etc.

Using Pre-Training Can Improve Model Robustness and Uncertainty
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ImageNet
Pre-trained 

model
(e.g. ResNet)

ImageNet

Pre-trained 
model

Train on ImageNet Using pre-trained weights
Train on CIFAR-10&100 

Weight
initialization

Better 
robustness & uncertainty

Random init
model

Train from scratch
CIFAR-10&100

>



Algorithmic Intelligence Lab

• Label corruption: when mis-labeled sample existed in train data

• Class imbalance: when labels are imbalanced

• Out-of-distribution detection: detecting unseen samples in the test set

Using Pre-Training Can Improve Model Robustness and Uncertainty

19* source: [Hendrycks et al., 2019] 
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• [Kolesnikov et al., 2019] shows that with a very large dataset, “general visual 
representation” can be learned
• Authors pre-trained a classifier with JTF-300M dataset (or ImageNet-21K)

• Shows remarkable success on various dataset 
• Even with only a few label! (common failure case)
• Generalist SOTA: pre-trained independently of the final task

Big Transfer (BiT): General Visual Representation Learning

20* source: [Kolesnikov, Beyer and Zhai et al.,2020] 

# of labels
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• [Kumar et al., 2022] shows that fine-tuning underperforms out-of-distribution 
(OOD) when pretrained features are good and distribution shift is large
• The authors show that linear probing then fine-tuning (LP-FT) can improve both in-

distribution (ID) and OOD

• Tests CLIP pretrained ViT-B/16 on ImageNet and various ID and OOD settings:

Fine-Tuning can Distort Pretrained Features and Underperform Out-of-Distribution

21

Downstream ID Corresponding OOD

”sketch” in DomainNet “real”, “clipart”, and 
“painting” in DomainNet

Black bears and sloth 
bears in Living-17

Brown bears and polar 
bears in Living-17

CIFAR-10 STL-10 / CIFAR-10.1

ImageNet-1k
ImageNetV2, ImageNet-R, 

ImageNet-A, and 
ImageNet-Sketch

ID classification results

OOD classification results
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• Learn a source model and distill its knowledge to a target model 
• Can lead to a better model with small architecture, or faster training

• Given a teacher network on domain     , enhance the training of (usually smaller) 
a student network on same domain     , using knowledge of a teacher network

• Done by matching the output of source and target models
• Design a new loss term (e.g., MSE loss, KL divergence) for making source and target 

outputs similar in addition to the original loss term (e.g., cross entropy loss)

Knowledge Distillation

23

Source (teacher) model

Target (student) model

Matching output
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• [Hinton et al., 2015] proposes
• Use temperature              to make a softer probability distribution over classes

where 𝑧! , 𝑞! are the 𝑖-th logit and probability, respectively
• Use the soft target as additional labels to train student model

where    ,      and      are ground-truth labels, target model outputs, and source model 
outputs, respectively. It is important to multiply soft targets by         because the 
magnitudes of the gradients produced by them scale as           . (derived in the next page)

Knowledge Distillation: Matching Output of Source and Target Model

24

Teacher
network

dog cat truck glasses trees

0.9

0.05 0.01 0.03 0.01

dog cat truck glasses trees

0.61
0.15 0.06

0.12
0.06

soften
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• Let       be a cross-entropy loss of softened labels.

• The gradient of      , with respect to each target logit      , and source logit      :

• If the temperature is high compared with the magnitude of the logits,

• If we assume that the logits have been zero-meaned (i.e.                                       )

• At high temperatures, the objective is equivalent to a quadratic function.
• Distillation pays much more attention to logits that are negative than the average.
• This is potentially advantageous because these logits (which are not the correct label) 

are almost completely unconstrained by the classification loss.

Knowledge Distillation: Effect of Temperature Scaling

25

scaling
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• MNIST experiments 
• Hand-written digits (28x28 grayscale images)
• 60000 training, 10000 test images
• Source model: 2 hidden layers MLP with 1200 hidden nodes
• Target model: 2 hidden layers MLP with 800 hidden nodes

Knowledge Distillation: Experimental Results

26

Model Error rate (%)

Source model 0.67

Target model 
(without knowledge distillation) 1.46

Target model 
(with knowledge distillation, 𝑇 = 20) 0.74

…
…

…

…
…

…

Source model Target model

1200 nodes

1200 nodes

800 nodes

800 nodes

Output 
matching
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• Smaller target models get advantages by following larger source models

• Useful when target and source datasets/tasks are same
• Performance may degrade when apply target dataset or task are changed

• Main challenges: what, when, and where to transfer
• Decide the form of transferring knowledge
• Decide when does transfer helps
• Decide which level representations (layers) to transfer

Beyond Knowledge Distillation

27
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• Visualizing attention maps in deep CNN is an open problem.

• Recently, a number of methods was proposed to improve attention maps.
• e.g.  Guided backpropagation [Springenberg et al., 2015], Grad-CAM [Selvaraju et al., 

2016].

• In CNN models, the attention maps produced by intermediate features can be 
transferable knowledge. 

Attention Transfer

28
Visualization of VQA model.

* source: [Selvaraju et al., 2016] 
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• [Zagoruyko et al. 2017] matches the attention of intermediate features
• Make a 2D attention map from feature activations with attention mapping function 𝐹

• , feature activation                                       (     channels, spatial size               )
• Train the original loss with the attention map matching regularization term

where                                        and                                      are respectively the    -th pair
of target (student) and source (teacher) attention maps.

Attention Transfer

29* source: [Zagoryuko et al., 2017] 
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• Attention transfer works better than original distillation methods or they can be 
used together
• Hyper-parametric choices:

• Choose proper attention mapping function
• Layers to transfer the attention map

Attention Transfer: Experimental Results

30

CIFAR-10 experiments. AT: attention transfer, F-ActT: full activation transfer, KD: knowledge 
distillation AT+KD: applying AT and KD at the same time. AT+KD is best in most cases (for 
student networks)

Large-scale experiments. Using ImageNet pre-trained model, fine-
tune source model with target dataset. Then, transfer to student 
model learning same target task.
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• [Srinivas et al., 2018] proposes several Jacobian-based regularizations
• Sobolev training [Czarnecki et al., 2017] demonstrated that using higher order 

(typically 1st order) derivatives along with the targets can help training. 
• [Srinivas et al., 2018] showed that matching Jacobians is a special case of previous 

distillation methods, when noise is added to the inputs.

• They added a new branch for distillation, and matched the output activations, 
attention maps, and their Jacobians (for the largest value of an attention map).

Jacobian Matching

31

Example of the piece-wise linear function;
The correct hypothesis is enriched with derivative information.

* source: [Czarnecki et al., 2017], [Srinivas et al., 2018] 

where    ,       are max points of    -th attention 
maps of target and source model, respectively.



Algorithmic Intelligence Lab

Jacobian Matching: Experimental Results

32

• Matching Jacobians improves distillation performance in small data.

• Matching Jacobians improves performance of all case of transfer learning.
• None of the methods match the oracle performance of pre-trained model.

Distillation performance on the CIFAR100 dataset

Transfer performance from Imagenet to MIT Scenes dataset



Algorithmic Intelligence Lab

• [Ahn et al., 2019] maximizes mutual information between source/target models 
• Use the variational information maximization [Barber et al., 2003]
• Instead of matching a specific form of feature representations

• Use a Gaussian distribution for modeling             with heteroscedastic mean       
and homoscedastic variance 

Variational Information Distillation for Knowledge Transfer

33

I(t; s) = H(t)�H(t|s)
= H(t) + Et,s[log p(t|s)]
= H(t) +Et,s[log q(t|s)] +Es[DKL(p(t|s)||q(t|s))]
� H(t) +Et,s[log q(t|s)]
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* source: [Ahn et al., 2019]
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• Apply Variational Information Distillation (VID) to different locations
• VID-I: between intermediate layers of teacher/student networks
• VID-LP: between penultimate layers of teacher/student networks

• VID can be applied between CNNs/MLPs
• VID achieves state-of-the-art performance

compared to other MLPs on CIFAR-10

Variational Information Distillation for Knowledge Transfer

34

Knowledge Distillation on CIFAR-10 Transfer learning from ImageNet to CUB200
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• [Park et al., 2019] transfers the mutual relations of data examples
• Knowledge distillation (KD) only mimic the output of individual data point

• Author considers two types of relations: distance & angle

Relational Knowledge Distillation

35

Distance: L2 distance 

Angle: Cosine similarity

𝑙": feature matching loss (Huber, L2 etc.)

* source: [Park et al., 2019]
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• Apply three types of relational knowledge distillation (RKD)
• RKD-D: only considers distance relationship
• RKD-A: only considers angular relationship
• RKD-DA: considers both, distance and angular relationship 

Relational Knowledge Distillation: Experimental Results
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Recall@1 on CUB-200 dataset. The teacher is ResNet50-512 (model-d refers dimension)

Accuracy (%) on CIFAR-100 and Tiny ImageNet.

Teacher: ResNet-50, student: VGG11
HKD: Conventional knowledge distillation
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• Previous methods transfer hand-crafted and fixed source knowledge 
• Hand-crafted matching formulations

• E.g., KL divergence [Hinton et al., 2015] between output layers, attention map
[Zagoruyko et al. 2017] between hidden feature maps

• Hand-crafted matching connections
• Transfer on output activations of each group of residual/convolutional blocks

• [Jang et al., 2019] automatically finds what and where to transfer based on 
meta-learning for maximizing transfer effect

Learning What and Where to Transfer

37

Previous methods Learning What and Where to Transfer (L2T-ww)

* source: [Jang et al., 2019]
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• [Jang et al., 2019] uses meta-weighted feature matching for transfer

• Meta-network 𝒇 decides useful channels to transfer

Learning What and Where to Transfer
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* source: [Jang et al., 2019]
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• [Jang et al., 2019] uses meta-weighted feature matching for transfer

• Meta-network 𝒈 decides useful pairs of source/target layers to transfer

Learning What and Where to Transfer
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Lwfm(✓|x,�) =
X

(m,n)2C

�m,nLm,n
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<latexit sha1_base64="vCrLMCcInMnLaMtxwVMTL+Nvmzg="></latexit> Transfer loss on pair (𝑚, 𝑛)

Weight for pair (𝑚, 𝑛)

* source: [Jang et al., 2019]
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Q) How to learn meta-networks 𝑓, 𝑔?

• [Jang et al., 2019] proposes a bilevel scheme for training meta-parameters 𝜙 of 
meta-networks 𝑓, 𝑔

• Effective for learning 𝜙 with a small number of steps 𝑻
• A popular bilevel scheme [Franceschi et al., 2018] requires many steps

• Joint-learning 𝜃 and 𝜙 without separate meta-learning phase

Learning What and Where to Transfer

40

1. Knowledge transfer: for 𝑡 = 1,… , 𝑇,

2. One-step adaption: 

3. Evaluation:

4. Update 𝜙 based on                       using second-order gradientsr�Lmeta(�)
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Task-specific loss

Transfer loss
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• L2T-ww outperforms previous methods on various datasets, architectures

• L2T-ww can aggregate multiple source knowledge (left)
• L2T-ww can transfer knowledge effectively on limited-data regime

Learning What and Where to Transfer

41* source: [Jang et al., 2019]
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• [Tian et al., 2020] transfers the output similarity of data points
• Maximize the similarity of same data point, and minimize between other points

• Contrastive-object maximize the mutual information between models

Contrastive Representation Distillation

42* source: [Tian et al., 2020]

𝑓#(𝑥!) and 𝑓$(𝑥!) is similar (same sample)
𝑓#(𝑥!) and 𝑓$(𝑥%) is not similar (other 𝑵− 𝟏 samples)

Maximize similarity

ℎ 𝑇, 𝑆 ∈ [0, 1] is a similarity measure
Where 𝑇 = 𝑓# 𝑥$ , 𝑆 = 𝑓%(𝑥&) is the representation 
and 𝑔#, 𝑔% is a linear layer of teacher and student, respectively

Minimize similarity
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• CRD consistently outperforms previous methods on various architectures

• Visualization: difference of correlation matrices of student and teacher logits.
• CRD shows significant matching between student’s and teacher’s correlations 

Contrastive Representation Distillation: Experimental Results

43
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General Approaches for Domain Adaptation

• Domain adaptation aims to learn 𝑓: 𝑋! → 𝑌! only using (𝑋", 𝑌") and 𝑋!

• There are two general approaches:
• Source/target feature matching: Make features of 𝑋$ and 𝑋# be similar
• Target data augmentation: Generate target data (𝑋#& , 𝑌#&) using domain transfer

45*Source: Ganin et al. “Unsupervised Domain Adaptation by Backpropagation”, ICML 2015



Algorithmic Intelligence Lab

Domain adversarial neural network (DANN)

• [Ganin et al., 2015]
• Goal: Make features of source data 𝑋$ and target data 𝑋# be similar
• Idea: Train discriminator 𝐷 which classifies domain label, and adversarially train 

network to fool discriminator fail to distinguish source/target feature

• To this end, gradient from domain classifier is reversely applied for the network 

46
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Adversarial discriminative domain adaptation (ADDA)

• [Tzeng et al., 2017]
• Goal: Make features of source data 𝑋$ and target data 𝑋# be similar
• Instead, one can alternatively update discriminator, similar to GAN scheme
• Also, one can train separate feature extractors for source/target domain

• It is less stable for train, but shows better performance than gradient reversal
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Domain Separation Network (DSN)

• [Bousmaliz et al., 2016]
• Motivation: Is it rational to exactly match features for source/target data?
• Idea: Consider style of each domain in addition to the shared content
• To this end, train shared content encoder 𝐸' and private style encoders 𝐸$$, 𝐸$#

• Classifier ignores styles but only use shared content as an input

48
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Residual Transfer Network (RTN)

• [Long et al., 2016]
• Motivation: Is it rational to exactly match classifiers for source/target data?
• Idea: Define source classifier as a residual function of target classifier

• To ensure that 𝑓# learns structure of target domain, minimize 
entropy for target data, which is popular method for semi-
supervised learning [Grandvalet & Bengio, 2004]

• Hence, in addition to (supervised) classification loss 𝐿 and 
feature matching loss 𝐷(𝑋$, 𝑋#) (e.g., GAN loss), use 
(unsupervised) entropy loss 𝐻 on target dataset

49*Source: https://wiki.math.uwaterloo.ca/statwiki/index.php?title=Unsupervised_Domain_Adaptation_with_Residual_Transfer_Networks

https://wiki.math.uwaterloo.ca/statwiki/index.php?title=Unsupervised_Domain_Adaptation_with_Residual_Transfer_Networks
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Domain Randomization

• [Tobin et al., 2017]
• Motivation: Source/target feature matching can be viewed as disentangling

content and style (remove style of each domain but only keep common content)
• Idea: In simulation-to-real (sim2real) setting, we can disentangle content by 

domain augmentation
• Train NN on simulations with randomly generated styles
⇒ style sums up, and only content remains

50
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Domain Randomization

• Results
• https://blog.openai.com/generalizing-from-simulation/

51

https://blog.openai.com/generalizing-from-simulation/
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General Approaches for Domain Adaptation

• Domain adaptation aims to learn 𝑓: 𝑋! → 𝑌! only using (𝑋", 𝑌") and 𝑋!

• There are two general approaches:
• Source/target feature matching: Make features of 𝑋$ and 𝑋# be similar
• Target data augmentation: Generate target data (𝑋#& , 𝑌#&) using domain transfer

52*Source: Ganin et al. “Unsupervised Domain Adaptation by Backpropagation”, ICML 2015
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SimGAN

• [Shrivastava et al., 2017]
• Idea: Generate target data with domain transfer model 𝐺: 𝑋$ → 𝑋#

• Given source data 𝑥(, 𝑦( and transfer model 𝐺, we can generate labeled 
target data 𝑥)&, 𝑦)& = (𝐺 𝑥( , 𝑦(), and use it to train target network

• Popular application is augmenting real images from synthetic images

53*Source: Shrivastava et al. “Learning from Simulated and Unsupervised Images through Adversarial Training”, CVPR 2017
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CyCADA

• [Hoffman et al., 2017]
• Motivation: Bridging gap between two approaches: source/target feature 

matching and target data augmentation?
• Combine ADDA (feature matching via GAN) and CycleGAN (domain transfer)

54

source/target
feature matching

target data
augmentation
(CycleGAN)
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• [Zhang et al., 2017] defines the multi-task learning as following:
• Given 𝒎 learning tasks

• where all the tasks or a subset of them are related,
• Multi-task learning (MTL) aims to improve the learning of a model for

using the knowledge contained in all or some of the 𝑚 tasks

• In the view of definition of transfer learning [Pan et al., 2010],
all learning tasks                are considered as both source and target tasks

What is Multi-task Learning?

56
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• [Misra et al., 2016] tries to find the best shared representations for multi-task 
learning with cross-stitch units

• are activation map (at location i,j) of networks for task A, B, respectively
• is trained by backpropagation with different learning rates
• Maintain one cross-stitch unit per channel

Cross-stitch Networks for Multi-task Learning

57
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* source: [Misra et al., 2016]
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• Multi-task (Surface Normal / Segmentation) learning on NYU-v2 dataset
• Cross-stitch uses 2 convolutional networks
• Ensemble uses 4 convolutional networks (2 for each task)
• It shows that sharing information can improve the performance

• Drawbacks
• Parameter-inefficiency because it requires one CNN per each task

Cross-stitch Networks for Multi-task Learning
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• [Mudrakarta et al., 2019] introduces a single odel-patch for each task
• One shared base model for all tasks
• For multi-task learning, train model-patches and shared parts simultaneously
• For transfer learning, freeze the shared parts / train new model-patch only
• Multiple networks share most weights (>95% parameters)

• Two types of model-patch
• Scale-and-bias (S/B) patch: a normalization layer (e.g., BN)
• Depth-wise-convolution (DW) patch: depth-wise separable convolutional layers

K for the Price of 1: Parameter-efficient Multi-task and Transfer Learning

59* source: [Mudrakarta et al., 2019]
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• Despite using much fewer parameters, competitive performance is achieved

• When transfer learning, despite fine-tuning much fewer parameters,
it achieves nontrivial performance

K for the Price of 1: Parameter-efficient Multi-task and Transfer Learning

60

One model for each task
One patch for each task
Sharing Most weights ≈
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• The naive approach to combining multi objective losses is to perform a 
weighted linear sum of the losses for each individual task.

• [Kendall et al., 2018] proposes that homoscedastic (i.e. task-dependent) 
uncertainty can be used as a weight for losses in a multi-task learning problem.
• They adapted a likelihood as below, with a noise scalar . Note that the probability 

distribution becomes uniform as                .

• Let's assume that the total likelihood can be factorized over the each output, given 
some sufficient statistics.

Multi-task Learning Using Task Uncertainty
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For classification tasks

For regression tasks
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• The log likelihood for output can be written as

• If there are two regression tasks,

• If the 1st task is a regression task, and the 2nd one is a classification task,

Multi-task Learning Using Task Uncertainty

63

For classification tasks

For regression tasks
This constructions can be 

trivially extended to 
multiple outputs.

weighted sum

weighted sum
as                   .



Algorithmic Intelligence Lab

• In practice, the log variance                         is trained by the network .
• This term is added to weighted sum of original multi-task losses.

• In experiments, there are three tasks:
• Semantic segmentation (classification)
• Instance segmentation (regression)
• Depth regression (regression)

Multi-task Learning Using Task Uncertainty

64* source: [Kendall et al., 2018] 

Approx. optimal weights are found by grid search.
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• [Chen et al., 2018]

• At time   , the weighted average for multi-task learning = 

• The gradient for a task might be dominant when multi-task learning
• It depends on task difficulties, loss functions, and so on
• Q) What is correct balance for      ?

• Key Idea: If a task is not trained enough ⇒ norm of its gradient should be large

Gradient Normalization for Adaptive Loss Balancing in Deep Multitask Networks
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• Gradient norm
• : gradient norm of task i
• : average gradient norm across all tasks

• Training rates for measuring current states of learning of tasks
• Inverse training rates
• Relative inverse training rates 

• Large          ⇒ need to train more ⇒ need large gradients
• Our desired gradient norm:

where      is a hyperparameter
• To balance the norms based on training rates, minimize            over 

Gradient Normalization for Adaptive Loss Balancing in Deep Multitask Networks
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Algorithmic Intelligence Lab

• Train on NYUv2+kepoint/segmentation dataset with 3 different tasks

• If using farther weights from GradNorm, then worse results are obtained

Gradient Normalization for Adaptive Loss Balancing in Deep Multitask Networks
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Algorithmic Intelligence Lab

• [Sener et al., 2018]
• The loss function for multi-task learning is generally the weighted summation

• For finding weights, expensive grid search or heuristics are required
• Heuristics: [Kendall et al., 2018], [Chen et al., 2018]

• Pareto optimality (multi-objective optimization formulation)
• A solution     dominates      if                             for all tasks
• A solution      is called Pareto optimal if there is no     that dominates 
• The Pareto optimal solution can be considered as a solution for multi-task learning
• Q) How to find the Pareto optimal solutions?

• Multiple Gradient Descent Algorithm (MGDA)

• Its solution gives Pareto stationary (necessary for optimality) solutions or a descent direction that 
improves all tasks

• It can be efficiently solved by Frank-Wolfe algorithm (detail is omitted)

Multi-task Learning as Multi-objective Optimization
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• Issue: MGDA needs to compute                              for each task 
• Linear scaling of the training time

• Solution: Use encoder-decoder architectures
• One shared encoder for all tasks
• One separate decoder for each task
• Encoder-decoder architectures are typically used for multi-task learning

• Then, we can state an upper bound and minimize it efficiently

Multi-task Learning as Multi-objective Optimization
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• 40 binary tasks on CelebA dataset (lower is better)
• This multi-objective optimization [Sener et al., 2018] outperforms uniform scaling, 

heuristic weights [Kendall et al., 2018], [Chen et al., 2018]
• Grid search is not available because there are too many tasks

Multi-task Learning as Multi-objective Optimization

70



Algorithmic Intelligence Lab

1. Introduction
• Limited training samples in real-world applications
• What is transfer learning?
• Overview of various scenarios of transfer learning

2. Transfer Learning Methods
• Fine-tuning
• Knowledge distillation
• Domain adaptation

3. Multi-task Learning
• Sharing architectures
• Loss balancing

4. Continual Learning
• Regularization-based approaches
• Replay-based approaches
• Expansion-based approaches

Table of Contents
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Algorithmic Intelligence Lab

• Deep neural networks (DNNs) can be trained well on a given individual task.
• E.g., image classifier

What is Continual Learning?

72
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Algorithmic Intelligence Lab

• Deep neural networks (DNNs) can be trained well on a given individual task.
• E.g., image classifier

• Catastrophic Forgetting/Inference: DNNs which trained on multiple tasks in 
sequence forget previous tasks.

What is Continual Learning?
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Algorithmic Intelligence Lab

• Train from scratch with all data of tasks can mitigate forgetting
• However, it takes too much time to training.
• Data of the past task may be unavailable.

What is Continual Learning?
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Algorithmic Intelligence Lab

• Train from scratch with all data of tasks can mitigate forgetting
• However, it takes too much time to training.
• Data of the past task may be unavailable.

• Continual Learning
• Learn from a non-iid stream of data without catastrophically forgetting the 

previously learned knowledge.
• Humans can learn incrementally throughout their lifetime.

What is Continual Learning?

75
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Algorithmic Intelligence Lab

• Preliminary
• Common benchmark

• Split MNIST : the original MNIST is split into disjoint subset(task), where each set consists 
of two digit classes (a two-way classification).

• Split CIFAR-10/100: the original CIFAR-10/100 is split into disjoint subset(task), where 
each set consists of two classes (a two-way classification).

• Permuted MNIST: MNIST with different random permutation in pixel level, where each 
task is a ten-way classification.

• Baseline model
• Fine-tune: trains a model incrementally based on the model parameters learned in the 

previous stage.

What is Continual Learning?
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D3

<latexit sha1_base64="CIqGESUdN9vtTcroXRLPexTrbwA=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oseiHjxWMG2hDWWz3bZLN5uwOxFK6G/w4kERr/4gb/4bt20OWn0w8Hhvhpl5YSKFQdf9cgorq2vrG8XN0tb2zu5eef+gaeJUM+6zWMa6HVLDpVDcR4GStxPNaRRK3grHNzO/9ci1EbF6wEnCg4gOlRgIRtFK/m0vO5/2yhW36s5B/hIvJxXI0eiVP7v9mKURV8gkNabjuQkGGdUomOTTUjc1PKFsTIe8Y6miETdBNj92Sk6s0ieDWNtSSObqz4mMRsZMotB2RhRHZtmbif95nRQHV0EmVJIiV2yxaJBKgjGZfU76QnOGcmIJZVrYWwkbUU0Z2nxKNgRv+eW/pHlW9WrVi/tapX6dx1GEIziGU/DgEupwBw3wgYGAJ3iBV0c5z86b875oLTj5zCH8gvPxDYZIjoI=</latexit>

...



Algorithmic Intelligence Lab

• Preliminary
• Basic continual learning setup

• Classification tasks are given with the task description 𝑡.
• E.g., for MNIST-Split dataset, is it the 1st or 2nd class with given task description?

• Advanced continual learning setup (task-free)
• No explicit task identifier/boundary information at train/test time.
• Assume input stream is infinite and non-iid.
• The data domain may gradually shift without any clear task boundary.
• Such setups are recently proposed to assume more realistic/practical situation.

What is Continual Learning?

77

Data: 

Init: ✓0

<latexit sha1_base64="8onvQHTLC7XLHuPAw3AIbotmYfU=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGnf7ZcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fja/d0rOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms+fJQGjOUE4soUwLeythI6opQxtRyYbgLb+8SloXVa9WvbyvVeo3eRxFOIFTOAcPrqAOd9CAJjCQ8Ayv8OY8Oi/Ou/OxaC04+cwx/IHz+QPOe4/T</latexit>

Data: 

Init: 

Data: 

Init: ✓1

<latexit sha1_base64="5TRFZFCtt932DJ7/WyGtfEgCHvA=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGnf65crbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fja/d0rOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms+fJQGjOUE4soUwLeythI6opQxtRyYbgLb+8SloXVa9WvbyvVeo3eRxFOIFTOAcPrqAOd9CAJjCQ8Ayv8OY8Oi/Ou/OxaC04+cwx/IHz+QPP/4/U</latexit>

✓T�1

<latexit sha1_base64="CD1RynaqiEvTgIbxTBVmjoLffJo=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBiyWRih6LXjxWaG2hCWWznbZLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uHRo4lTzaHFYxnrTsgMSKGghQIldBINLAoltMPx3cxvP4E2IlZNnCQQRGyoxEBwhlbyfRwBsl7WvPCmvXLFrbpz0FXi5aRCcjR65S+/H/M0AoVcMmO6nptgkDGNgkuYlvzUQML4mA2ha6liEZggm988pWdW6dNBrG0ppHP190TGImMmUWg7I4Yjs+zNxP+8boqDmyATKkkRFF8sGqSSYkxnAdC+0MBRTixhXAt7K+UjphlHG1PJhuAtv7xKHi+rXq169VCr1G/zOIrkhJySc+KRa1In96RBWoSThDyTV/LmpM6L8+58LFoLTj5zTP7A+fwBrhuRdQ==</latexit>

...✓1

<latexit sha1_base64="5TRFZFCtt932DJ7/WyGtfEgCHvA=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGnf65crbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fja/d0rOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms+fJQGjOUE4soUwLeythI6opQxtRyYbgLb+8SloXVa9WvbyvVeo3eRxFOIFTOAcPrqAOd9CAJjCQ8Ayv8OY8Oi/Ou/OxaC04+cwx/IHz+QPP/4/U</latexit>

✓2

<latexit sha1_base64="6yse2MOFpmEjicoTMixnycTW0oM=">AAAB73icbVBNS8NAEN34WetX1aOXxSJ4Kkmp6LHoxWMF+wFtKJvtpF262cTdiVBC/4QXD4p49e9489+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqDk0ey1h3AmZACgVNFCihk2hgUSChHYxvZ377CbQRsXrASQJ+xIZKhIIztFKnhyNA1q/2S2W34s5BV4mXkzLJ0eiXvnqDmKcRKOSSGdP13AT9jGkUXMK02EsNJIyP2RC6lioWgfGz+b1Tem6VAQ1jbUshnau/JzIWGTOJAtsZMRyZZW8m/ud1Uwyv/UyoJEVQfLEoTCXFmM6epwOhgaOcWMK4FvZWykdMM442oqINwVt+eZW0qhWvVrm8r5XrN3kcBXJKzsgF8cgVqZM70iBNwokkz+SVvDmPzovz7nwsWtecfOaE/IHz+QPRg4/V</latexit>

✓T�1

<latexit sha1_base64="CD1RynaqiEvTgIbxTBVmjoLffJo=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBiyWRih6LXjxWaG2hCWWznbZLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uHRo4lTzaHFYxnrTsgMSKGghQIldBINLAoltMPx3cxvP4E2IlZNnCQQRGyoxEBwhlbyfRwBsl7WvPCmvXLFrbpz0FXi5aRCcjR65S+/H/M0AoVcMmO6nptgkDGNgkuYlvzUQML4mA2ha6liEZggm988pWdW6dNBrG0ppHP190TGImMmUWg7I4Yjs+zNxP+8boqDmyATKkkRFF8sGqSSYkxnAdC+0MBRTixhXAt7K+UjphlHG1PJhuAtv7xKHi+rXq169VCr1G/zOIrkhJySc+KRa1In96RBWoSThDyTV/LmpM6L8+58LFoLTj5zTP7A+fwBrhuRdQ==</latexit>

(       , 𝑡=3) = 1st or 2nd?

Train Test

Data: 

Init: ✓0

<latexit sha1_base64="8onvQHTLC7XLHuPAw3AIbotmYfU=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGnf7ZcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fja/d0rOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms+fJQGjOUE4soUwLeythI6opQxtRyYbgLb+8SloXVa9WvbyvVeo3eRxFOIFTOAcPrqAOd9CAJjCQ8Ayv8OY8Oi/Ou/OxaC04+cwx/IHz+QPOe4/T</latexit>

Data: 

Init: 

Data: 

Init: ✓1

<latexit sha1_base64="5TRFZFCtt932DJ7/WyGtfEgCHvA=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGnf65crbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fja/d0rOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms+fJQGjOUE4soUwLeythI6opQxtRyYbgLb+8SloXVa9WvbyvVeo3eRxFOIFTOAcPrqAOd9CAJjCQ8Ayv8OY8Oi/Ou/OxaC04+cwx/IHz+QPP/4/U</latexit>

✓T�1

<latexit sha1_base64="CD1RynaqiEvTgIbxTBVmjoLffJo=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBiyWRih6LXjxWaG2hCWWznbZLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uHRo4lTzaHFYxnrTsgMSKGghQIldBINLAoltMPx3cxvP4E2IlZNnCQQRGyoxEBwhlbyfRwBsl7WvPCmvXLFrbpz0FXi5aRCcjR65S+/H/M0AoVcMmO6nptgkDGNgkuYlvzUQML4mA2ha6liEZggm988pWdW6dNBrG0ppHP190TGImMmUWg7I4Yjs+zNxP+8boqDmyATKkkRFF8sGqSSYkxnAdC+0MBRTixhXAt7K+UjphlHG1PJhuAtv7xKHi+rXq169VCr1G/zOIrkhJySc+KRa1In96RBWoSThDyTV/LmpM6L8+58LFoLTj5zTP7A+fwBrhuRdQ==</latexit>

...✓1

<latexit sha1_base64="5TRFZFCtt932DJ7/WyGtfEgCHvA=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGnf65crbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fja/d0rOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms+fJQGjOUE4soUwLeythI6opQxtRyYbgLb+8SloXVa9WvbyvVeo3eRxFOIFTOAcPrqAOd9CAJjCQ8Ayv8OY8Oi/Ou/OxaC04+cwx/IHz+QPP/4/U</latexit>

✓2

<latexit sha1_base64="6yse2MOFpmEjicoTMixnycTW0oM=">AAAB73icbVBNS8NAEN34WetX1aOXxSJ4Kkmp6LHoxWMF+wFtKJvtpF262cTdiVBC/4QXD4p49e9489+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqDk0ey1h3AmZACgVNFCihk2hgUSChHYxvZ377CbQRsXrASQJ+xIZKhIIztFKnhyNA1q/2S2W34s5BV4mXkzLJ0eiXvnqDmKcRKOSSGdP13AT9jGkUXMK02EsNJIyP2RC6lioWgfGz+b1Tem6VAQ1jbUshnau/JzIWGTOJAtsZMRyZZW8m/ud1Uwyv/UyoJEVQfLEoTCXFmM6epwOhgaOcWMK4FvZWykdMM442oqINwVt+eZW0qhWvVrm8r5XrN3kcBXJKzsgF8cgVqZM70iBNwokkz+SVvDmPzovz7nwsWtecfOaE/IHz+QPRg4/V</latexit>

✓T�1

<latexit sha1_base64="CD1RynaqiEvTgIbxTBVmjoLffJo=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBiyWRih6LXjxWaG2hCWWznbZLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uHRo4lTzaHFYxnrTsgMSKGghQIldBINLAoltMPx3cxvP4E2IlZNnCQQRGyoxEBwhlbyfRwBsl7WvPCmvXLFrbpz0FXi5aRCcjR65S+/H/M0AoVcMmO6nptgkDGNgkuYlvzUQML4mA2ha6liEZggm988pWdW6dNBrG0ppHP190TGImMmUWg7I4Yjs+zNxP+8boqDmyATKkkRFF8sGqSSYkxnAdC+0MBRTixhXAt7K+UjphlHG1PJhuAtv7xKHi+rXq169VCr1G/zOIrkhJySc+KRa1In96RBWoSThDyTV/LmpM6L8+58LFoLTj5zTP7A+fwBrhuRdQ==</latexit>

(      ) = 4?

Train Test



Algorithmic Intelligence Lab

• How to solve this problem?

What is Continual Learning?
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Algorithmic Intelligence Lab

• How to solve this problem?
• Part 2: Regularization-based Approach

• Elastic Weight Consolidation (EWC) [Kirkpatrick, J.,Pascanu, R., et al., 2017]

• Learning without Forgetting (LwF) [Li et al., 2016]

• Part 3: Replay-based Approach
• ER-Reservoir sampling [Chaudhry et al., 2019]

• Gradient Episodic Memory (GEM) [Lopez-Paz and Ranzato, 2017]

• Dark Experience Replay (DER) [Buzzega, 2020]

• Deep Generative Replay [Shin et al., 2017]

• Part 4: Expansion-based Approach
• Progressive Neural Network [Rusu and Rabinowitz et al., 2016]

• Dynamically Expandable Networks (DEN) [Yoon, et a., 2018]

What is Continual Learning?
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✓A
⇤

<latexit sha1_base64="zEBlTMcePq+eQsGYSIN7kL1kifg=">AAAB+XicbVDLSgNBEJz1GeNr1aOXwSCIh7ArAfUW9eIxgnlAsi6zk9lkyOyDmd5AGPZPvHhQxKt/4s2/cZLsQRMLGoqqbrq7glRwBY7zba2srq1vbJa2yts7u3v79sFhSyWZpKxJE5HITkAUEzxmTeAgWCeVjESBYO1gdDf122MmFU/iR5ikzIvIIOYhpwSM5Nu27sGQAfH1TZ4/6fPctytO1ZkBLxO3IBVUoOHbX71+QrOIxUAFUarrOil4mkjgVLC83MsUSwkdkQHrGhqTiClPzy7P8alR+jhMpKkY8Ez9PaFJpNQkCkxnRGCoFr2p+J/XzSC88jSP0wxYTOeLwkxgSPA0BtznklEQE0MIldzciumQSELBhFU2IbiLLy+T1kXVrVWvH2qV+m0RRwkdoxN0hlx0ieroHjVQE1E0Rs/oFb1Z2nqx3q2PeeuKVcwcoT+wPn8A5bqT2Q==</latexit>



Algorithmic Intelligence Lab

1. Introduction
• Limited training samples in real-world applications
• What is transfer learning?
• Overview of various scenarios of transfer learning

2. Transfer Learning Methods
• Fine-tuning
• Knowledge distillation
• Domain adaptation

3. Multi-task Learning
• Sharing architectures
• Loss balancing

4. Continual Learning
• Regularization-based approaches
• Replay-based approaches
• Expansion-based approaches

Table of Contents
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Algorithmic Intelligence Lab

• Continual Learning basically aims to overcome Plasticity-Stability dilemma.
• Balance between network stability (to preserve past knowledge) and plasticity (to 

rapidly learn the current experience). 

Regularization-based Continual Learning

81

Low error for task A

✓A
⇤

<latexit sha1_base64="zEBlTMcePq+eQsGYSIN7kL1kifg=">AAAB+XicbVDLSgNBEJz1GeNr1aOXwSCIh7ArAfUW9eIxgnlAsi6zk9lkyOyDmd5AGPZPvHhQxKt/4s2/cZLsQRMLGoqqbrq7glRwBY7zba2srq1vbJa2yts7u3v79sFhSyWZpKxJE5HITkAUEzxmTeAgWCeVjESBYO1gdDf122MmFU/iR5ikzIvIIOYhpwSM5Nu27sGQAfH1TZ4/6fPctytO1ZkBLxO3IBVUoOHbX71+QrOIxUAFUarrOil4mkjgVLC83MsUSwkdkQHrGhqTiClPzy7P8alR+jhMpKkY8Ez9PaFJpNQkCkxnRGCoFr2p+J/XzSC88jSP0wxYTOeLwkxgSPA0BtznklEQE0MIldzciumQSELBhFU2IbiLLy+T1kXVrVWvH2qV+m0RRwkdoxN0hlx0ieroHjVQE1E0Rs/oFb1Z2nqx3q2PeeuKVcwcoT+wPn8A5bqT2Q==</latexit>

Sub-optimal parameter of task A



Algorithmic Intelligence Lab

• Continual Learning basically aims to overcome Plasticity-Stability dilemma.
• Balance between network stability (to preserve past knowledge) and plasticity (to 

rapidly learn the current experience). 

Regularization-based Continual Learning

82

Low error for task BLow error for task A

✓A
⇤

<latexit sha1_base64="zEBlTMcePq+eQsGYSIN7kL1kifg=">AAAB+XicbVDLSgNBEJz1GeNr1aOXwSCIh7ArAfUW9eIxgnlAsi6zk9lkyOyDmd5AGPZPvHhQxKt/4s2/cZLsQRMLGoqqbrq7glRwBY7zba2srq1vbJa2yts7u3v79sFhSyWZpKxJE5HITkAUEzxmTeAgWCeVjESBYO1gdDf122MmFU/iR5ikzIvIIOYhpwSM5Nu27sGQAfH1TZ4/6fPctytO1ZkBLxO3IBVUoOHbX71+QrOIxUAFUarrOil4mkjgVLC83MsUSwkdkQHrGhqTiClPzy7P8alR+jhMpKkY8Ez9PaFJpNQkCkxnRGCoFr2p+J/XzSC88jSP0wxYTOeLwkxgSPA0BtznklEQE0MIldzciumQSELBhFU2IbiLLy+T1kXVrVWvH2qV+m0RRwkdoxN0hlx0ieroHjVQE1E0Rs/oFb1Z2nqx3q2PeeuKVcwcoT+wPn8A5bqT2Q==</latexit>

Too plastic:
Forget knowledge

of task A

While learning new task B...



Algorithmic Intelligence Lab

• Continual Learning basically aims to overcome Plasticity-Stability dilemma.
• Balance between network stability (to preserve past knowledge) and plasticity (to 

rapidly learn the current experience). 

• How to stabilize important parameters for previous tasks and plasticize other 
parameters to learn new tasks?

Regularization-based Continual Learning

83

Low error for task BLow error for task A

✓A
⇤

<latexit sha1_base64="zEBlTMcePq+eQsGYSIN7kL1kifg=">AAAB+XicbVDLSgNBEJz1GeNr1aOXwSCIh7ArAfUW9eIxgnlAsi6zk9lkyOyDmd5AGPZPvHhQxKt/4s2/cZLsQRMLGoqqbrq7glRwBY7zba2srq1vbJa2yts7u3v79sFhSyWZpKxJE5HITkAUEzxmTeAgWCeVjESBYO1gdDf122MmFU/iR5ikzIvIIOYhpwSM5Nu27sGQAfH1TZ4/6fPctytO1ZkBLxO3IBVUoOHbX71+QrOIxUAFUarrOil4mkjgVLC83MsUSwkdkQHrGhqTiClPzy7P8alR+jhMpKkY8Ez9PaFJpNQkCkxnRGCoFr2p+J/XzSC88jSP0wxYTOeLwkxgSPA0BtznklEQE0MIldzciumQSELBhFU2IbiLLy+T1kXVrVWvH2qV+m0RRwkdoxN0hlx0ieroHjVQE1E0Rs/oFb1Z2nqx3q2PeeuKVcwcoT+wPn8A5bqT2Q==</latexit>

Too plastic:
Forget knowledge

of task A

While learning new task B...



Algorithmic Intelligence Lab

• Continual Learning basically aims to overcome Plasticity-Stability dilemma.
• Balance between network stability (to preserve past knowledge) and plasticity (to 

rapidly learn the current experience). 

• How to stabilize important parameters for previous tasks and plasticize other 
parameters to learn new tasks?
• Fisher information roughly measures the sensitivity of the model’s output 

distribution to small changes in the parameters.
• Def (Fisher Information). The negative second derivative of the log likelihood function. 

Regularization-based Continual Learning
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Low error for task BLow error for task A

✓A
⇤

<latexit sha1_base64="zEBlTMcePq+eQsGYSIN7kL1kifg=">AAAB+XicbVDLSgNBEJz1GeNr1aOXwSCIh7ArAfUW9eIxgnlAsi6zk9lkyOyDmd5AGPZPvHhQxKt/4s2/cZLsQRMLGoqqbrq7glRwBY7zba2srq1vbJa2yts7u3v79sFhSyWZpKxJE5HITkAUEzxmTeAgWCeVjESBYO1gdDf122MmFU/iR5ikzIvIIOYhpwSM5Nu27sGQAfH1TZ4/6fPctytO1ZkBLxO3IBVUoOHbX71+QrOIxUAFUarrOil4mkjgVLC83MsUSwkdkQHrGhqTiClPzy7P8alR+jhMpKkY8Ez9PaFJpNQkCkxnRGCoFr2p+J/XzSC88jSP0wxYTOeLwkxgSPA0BtznklEQE0MIldzciumQSELBhFU2IbiLLy+T1kXVrVWvH2qV+m0RRwkdoxN0hlx0ieroHjVQE1E0Rs/oFb1Z2nqx3q2PeeuKVcwcoT+wPn8A5bqT2Q==</latexit>

Too plastic:
Forget knowledge

of task A

While learning new task B...

I(✓) = �d2l(✓)

d✓2

<latexit sha1_base64="ANsDNrQsOO+Air25m0qaUkjeqZE=">AAACFHicbZDLSgMxFIYz9VbrbdSlm2ARKmKZKRXdCEU3uqtgL9BpSyaTaUMzF5IzQhn6EG58FTcuFHHrwp1vY3oRtPpD4OM/53ByfjcWXIFlfRqZhcWl5ZXsam5tfWNzy9zeqasokZTVaCQi2XSJYoKHrAYcBGvGkpHAFazhDi7H9cYdk4pH4S0MY9YOSC/kPqcEtNU1j64LDvQZkEN8jo8dXxKaep2S+HZHqTelTmnUNfNW0ZoI/wV7Bnk0U7VrfjheRJOAhUAFUaplWzG0UyKBU8FGOSdRLCZ0QHqspTEkAVPtdHLUCB9ox8N+JPULAU/cnxMpCZQaBq7uDAj01XxtbP5XayXgn7VTHsYJsJBOF/mJwBDhcULY45JREEMNhEqu/4ppn+hgQOeY0yHY8yf/hXqpaJeLJzflfOViFkcW7aF9VEA2OkUVdIWqqIYoukeP6Bm9GA/Gk/FqvE1bM8ZsZhf9kvH+Beh0nYg=</latexit>



Algorithmic Intelligence Lab

L(✓) = LB(✓) +
X

i

�

2
Fi(✓i � ✓⇤A,i)

2

<latexit sha1_base64="ttk6LaBevclrfLHoHiBdwelMp7M="></latexit>

• [Krikpatrick et al., 2017] Elastic Weight Consolidation (EWC)
• Limiting the learning of parameters critical to the performance of past tasks, as 

measured by the Fisher information matrix (FIM).

• Penalizing output changes of model from changes in model parameter can be used 
as a regularizer!
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• [Krikpatrick et al., 2017] Elastic Weight Consolidation (EWC)
• Limiting the learning of parameters critical to the performance of past tasks, as 

measured by the Fisher information matrix (FIM).

• Results on the permuted MNIST task
• EWC retains previous tasks’ performance.
• L2 regularized scheme more tends to 

stabilize on previous task.
• SGD is too plastic, 

which results in forgetting previous tasks.

Regularization-based Continual Learning
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• [Li et al., 2016] Learning without Forgetting (LwF) 

• Preserve output logit (LwF-logit) of current task samples with the model trained 
on previous task: regularize output
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• [Li et al., 2016] Learning without Forgetting (LwF) 

• Preserve output logit (LwF-logit) of current task samples with the model trained 
on previous task: regularize output
• Use both {sample, target} and {sample, LwF-logit} pairs to train (multi head).

Regularization-based Continual Learning
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• [Li et al., 2016] Learning without Forgetting (LwF) 

• Preserve output logit (LwF-logit) of current task samples with the model trained 
on previous task: regularize output
• Use both {sample, target} and {sample, LwF-logit} pairs to train (multi head).

• Both EWC and LwF regularize changes in trained model’s parameters or outputs 
rather than storing previous tasks’ samples to preserve learned knowledge.
• Control plasticity-stability using a hyperparameter.

Regularization-based Continual Learning
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1. Introduction
• Limited training samples in real-world applications
• What is transfer learning?
• Overview of various scenarios of transfer learning

2. Transfer Learning Methods
• Fine-tuning
• Knowledge distillation
• Domain adaptation

3. Multi-task Learning
• Sharing architectures
• Loss balancing

4. Continual Learning
• Regularization-based approaches
• Replay-based approaches
• Expansion-based approaches

Table of Contents

90



Algorithmic Intelligence Lab

• Continual Learning assumes a particular situation where access to previous 
data is limited to the current task.

Replay-based Continual Learning
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• Continual Learning assumes a particular situation where access to previous 
data is limited to the current task.
• What if we can replay some of the previously observed samples?

• Memory replay
• Episodic memory that stores a subset of data can alleviate forgetting.
• Which samples should be stored in replay memory?
• How to prevent forgetting while learning new task via utilizing episodic memory?

Replay-based Continual Learning
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• Continual Learning assumes a particular situation where access to previous 
data is limited to the current task.
• What if we can replay some of the previously observed samples?

• Memory replay
• Episodic memory that stores a subset of data can alleviate forgetting.
• Which samples should be stored in replay memory?
• How to prevent forgetting while learning new task via utilizing episodic memory?

• Generative replay
• Pseudo-rehearsal technique: Pseudo-inputs and pseudo-targets produced by a 

memory network can be fed into the task network.
• How to generate fake inputs learned from past input distribution and train current 

task simultaneously?

Replay-based Continual Learning
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• Continual Learning assumes a particular situation where access to previous 
data is limited to the current task.
• What if we can replay some of the previously observed samples?

• Memory replay
• Episodic memory that stores a subset of data can alleviate forgetting.
• Which samples should be stored in replay memory?
• How to prevent forgetting while learning new task via utilizing episodic memory?

• Generative replay
• Pseudo-rehearsal technique: Pseudo-inputs and pseudo-targets produced by a 

memory network can be fed into the task network.
• How to generate fake inputs learned from past input distribution and train current 

task simultaneously?

Replay-based Continual Learning
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• If one can store samples representative to input distribution, the replayed 
samples enable us to partially retrieve previous task.
• Possibly effective to prevent forgetting!

• Sampling strategy: How we keep a fixed buffer of size M to be used as a 
representative of the previous samples?

• [Chaudhry et al., 2019] Reservoir sampling attempts to keep memory to be 
representative.
• Basic operations: samples can be stored, discarded or replaced at every update 

step.

Replay-based Continual Learning
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• [Chaudhry et al., 2019] Reservoir sampling 

• In the beginning when the buffer is not full, add incoming samples.

Replay-based Continual Learning
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• [Chaudhry et al., 2019] Reservoir sampling 

• In the beginning when the buffer is not full, add incoming samples.
• Once the buffer is full, replace current sample with a probability 

(replay buffer size)/(# examples encountered so far).

Replay-based Continual Learning
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• [Chaudhry et al., 2019] Reservoir sampling 

• In the beginning when the buffer is not full, add incoming samples.
• Once the buffer is full, replace current sample with a probability 

(replay buffer size)/(# examples encountered so far).
• The sample to be replaced in the replay buffer is selected with a uniform 

distribution.

• Reservoir sampled instances in replay buffer are representative of the inputs.
• It also works in the infinite non-iid input stream settings

Replay-based Continual Learning
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• [Chaudhry et al., 2019] Reservoir sampling 

• How to train with Reservoir sampled buffer?

• Populate samples from buffer same sized with batch size and jointly train model.

• Since experience replay with Reservoir sampling is simple yet effective, it is used as 
a strong baseline for replay-based continual learning studies. 

Replay-based Continual Learning
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• Continual Learning assumes a particular situation where access to previous 
data is limited to the current task.
• What if we can replay some of the previously observed samples?

• Memory replay
• Episodic memory that stores a subset of data can alleviate forgetting.
• Which samples should be stored in replay memory?
• How to prevent forgetting while learning new task via utilizing episodic memory?

• Generative replay
• Pseudo-rehearsal technique: Pseudo-inputs and pseudo-targets produced by a 

memory network can be fed into the task network.
• How to generate fake inputs learned from past input distribution and train current 

task simultaneously?
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• [Lopez-Paz et al., 2017] Gradient Episodic Memory (GEM)

• Assume the continuum of data is locally iid.
• We update parameters on observed triplet (𝑥, 𝑡, 𝑦) where (𝑥, 𝑦) is a pair of input-

target and 𝑡 is task identifier.
• Prevent forgetting by optimizing networks on observed triplet only allowed to 

decrease loss on populated samples from memory.
• We define average loss on samples from memory

• Then, we optimize parameters in what follows 

• We store trained triplets in fixed size memory in FIFO(first in first out) manner.

Replay-based Continual Learning
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• [Lopez-Paz et al., 2017] Gradient Episodic Memory (GEM)

• Optimization rephrasing : the gradients of past and current task should be 
aligned.

• If satisfied, the gradient 𝑔 is unlikely to increase the loss at previous tasks
• If not satisfied, at least one previous task’s loss is likely to increase after updating 

parameter on direction to 𝑔. 
• If above products are negative, project 𝑔 to the closest gradient F𝑔 satisfying 

positive transfer. 
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• [Aljundi et al., 2019] Gradient based Sample Selection (GSS) 
• Maximize the variance of the stored memories with respect to the gradient 

direction of the model update they would generate.

Replay-based Continual Learning
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• [Aljundi et al., 2019] Gradient based Sample Selection (GSS) 
• Maximize the variance of the stored memories with respect to the gradient 

direction of the model update they would generate.

• The feasible set following constraints of GEM can decrease when the angles 
between each pair of gradients increase.

Replay-based Continual Learning
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• [Aljundi et al., 2019] Gradient based Sample Selection (GSS) 
• Maximize the variance of the stored memories with respect to the gradient 

direction of the model update they would generate.

• The feasible set following constraints of GEM can decrease when the angles 
between each pair of gradients increase.

• Such minimization is equivalent to maximization of the variance of the gradient 
direction.
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• [Aljundi et al., 2019] Greedy alternative for Gradient based Sample Selection 
(GSS-Greedy) 
• In the beginning when the buffer is not full, add incoming samples and its score(c)

to the replay buffer.

Replay-based Continual Learning
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• [Aljundi et al., 2019] Greedy alternative for Gradient based Sample Selection 
(GSS-Greedy) 
• In the beginning when the buffer is not full, add incoming samples and its score(c)

to the replay buffer.
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• [Aljundi et al., 2019] Greedy alternative for Gradient based Sample Selection 
(GSS-Greedy) 
• Once the buffer is full and the current sample’s similarity is positive (score c >= 1), 

discard and receive incoming sample. 
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• [Aljundi et al., 2019] Greedy alternative for Gradient based Sample Selection 
(GSS-Greedy) 
• Once the buffer is full and the current sample’s similarity is negative (score c < 1), 

randomly select a sample(i) with the normalized score as the probability to be 
replaced.

Replay-based Continual Learning

109

𝒞! 𝒞"Buffer 𝒞# 𝒞$ 𝒞%&! 𝒞%...

c𝒞#

The drawn sample i ⇠ P (i) = Ci/
X

Cj

<latexit sha1_base64="79yuNYzQNNTU2LDibe1/Ka+noeI=">AAACFXicbVDLSsNAFJ34rPUVdelmsAgVpCZS0Y1Q7MZlBfuAJoTJdNKOnUnCzEQooT/hxl9x40IRt4I7/8ZJm0VtPXDhcM693HuPHzMqlWX9GEvLK6tr64WN4ubW9s6uubffklEiMGniiEWi4yNJGA1JU1HFSCcWBHGfkbY/rGd++5EISaPwXo1i4nLUD2lAMVJa8sxT6kjKYaNMT+A1dDhSA4xYWh979MyRCZ9VHjyzZFWsCeAisXNSAjkanvnt9CKccBIqzJCUXduKlZsioShmZFx0EklihIeoT7qahogT6aaTr8bwWCs9GERCV6jgRJ2dSBGXcsR93ZkdKee9TPzP6yYquHJTGsaJIiGeLgoSBlUEs4hgjwqCFRtpgrCg+laIB0ggrHSQRR2CPf/yImmdV+xq5eKuWqrd5HEUwCE4AmVgg0tQA7egAZoAgyfwAt7Au/FsvBofxue0dcnIZw7AHxhfv3sannM=</latexit>

The maximal cosine similarity of the current sample
with a fixed number of other random samples in the 
buffer.



Algorithmic Intelligence Lab

• [Aljundi et al., 2019] Greedy alternative for Gradient based Sample Selection 
(GSS-Greedy) 
• Once the buffer is full and the current sample’s similarity is negative (score c < 1), 

randomly select a sample(i) with the normalized score as the probability to be 
replaced.

• Replace the drawn sample(i) from buffer with probability 𝒞!/(𝑐 + 𝒞!).
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• Experimental results
• Baselines

• Rand: randomly select M samples from incoming and stored memories.
• GSS-Clust / FSS-Clust: M centroid cluster-based selection either in the feature space (FSS) 

or the gradient space (GSS).
• GSS-IQP: an integer quadratic programming solver for GSS (MNIST only).
• GSS-Greedy: a greedy alternative for GSS.

• MNIST divided into 5 tasks with two labels in each.

• CIFAR10 divided into 5 tasks with two labels in each.

Replay-based Continual Learning
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• [Buzzega et al., 2020] Dark Experience Replay (DER) 

• Encourage the network to mimic its original responses for past samples.
• Logit matching: retain the network’s logits instead of the ground truth labels.
• Similar to previous replay-based methods, DER also looks for parameters that fit 

the current task well while approximating the behavior observed in the old ones.
• However, DER does not approximate past behaviors in gradient spaces. 
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Algorithmic Intelligence Lab

• [Buzzega et al., 2020] Dark Experience Replay (DER)

Replay-based Continual Learning
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• Despite its simplicity, DER/DER++ 
outperform most of CL baselines 
in various scenarios. 
• DER++ additionally 

populates and utilizes 
ground truth labels (y). 

• The source of its greatness is not 
fully explained yet.
• There is still much room for 

improvement!



Algorithmic Intelligence Lab

• Recent progress in contrastive representation learning shows superior 
performance in various downstream tasks and domains

• [Cha et al., 2021] Contrastive Continual Learning (Co2L) leverages this learning 
scheme for continual learning
• CO2L learns the representations with supervised contrastive loss
• CO2L preserves learned representations using self-supervised distillation

Replay-based Continual Learning
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Algorithmic Intelligence Lab

• Fast recap of contrastive learning
• The self-supervised contrastive loss (left) contrasts a single positive for each 

anchor (i.e., an augmented version of the same image) against a set of negatives 
consisting of the entire remainder of the batch

• The supervised contrastive loss (right) contrasts the set of all samples from the 
same class as positives against the negatives from the remainder of the batch

Replay-based Continual Learning
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Algorithmic Intelligence Lab

• [Cha et al., 2021] Contrastive Continual Learning (Co2L)
• CO2L learns the representations with supervised contrastive loss

• The loss is modified to the asymmetric version, to prevent a model from overfitting to a 
small number of past task samples.
• current task samples as anchors; past samples from the buffer as negative

Replay-based Continual Learning
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Algorithmic Intelligence Lab

• [Cha et al., 2021] Contrastive Continual Learning (Co2L)
• CO2L preserves learned representations using self-supervised distillation

• Instance-wise Relation Distillation (IRD) loss regulates the changes in feature relation 
between batch samples via self-distillation

Replay-based Continual Learning

117

where



Algorithmic Intelligence Lab

• CO2L consistently outperforms all memory replay-based continual learning 
baselines in various scenarios

• The proposed asymmetric contrastive loss is more effective than the original 
SupCon loss

Replay-based Continual Learning
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Algorithmic Intelligence Lab

• Continual Learning assumes a particular situation where access to previous 
data is limited to the current task.
• What if we can replay some of the previously observed samples?

• Memory replay
• Episodic memory that stores a subset of data can alleviate forgetting.
• How to utilize episodic memory to prevent forgetting while learning new task?
• Which samples should be stored in replay memory?

• Generative replay
• Pseudo-rehearsal technique: Pseudo-inputs and pseudo-targets produced by a 

memory network can be fed into the task network.
• How to generate fake inputs learned from past input distribution and train current 

task simultaneously?

Replay-based Continual Learning
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Algorithmic Intelligence Lab

• [Shin et al., 2017] Deep Generative Replay

• A cooperative dual model architecture consisting of a deep generative model 
(“generator”) and a task solving model (“solver”) to retains the knowledge 
without revisiting actual past data. 

Replay-based Continual Learning
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Algorithmic Intelligence Lab

• [Shin et al., 2017] Deep Generative Replay

• A cooperative dual model architecture consisting of a deep generative model 
(“generator”) and a task solving model (“solver”) to retains the knowledge 
without revisiting actual past data. 

• Generator is sequentially trained to generate pseudo-input from current task 
inputs and generated inputs from old scholar’s generator.

Replay-based Continual Learning
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Algorithmic Intelligence Lab

• [Shin et al., 2017] Deep Generative Replay

• A cooperative dual model architecture consisting of a deep generative model 
(“generator”) and a task solving model (“solver”) to retains the knowledge 
without revisiting actual past data. 

• Generator is sequentially trained to generate pseudo-input from current task 
inputs and generated inputs from old scholar’s generator.

• Solver is sequentially trained on both current input-target pairs and pairs of 
generated input-target from old scholar’s solver.

Replay-based Continual Learning
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Algorithmic Intelligence Lab

• [Shin et al., 2017] Deep Generative Replay

• Experimental results
• Test accuracy of sequentially learned solver measured on full test data from MNIST.
• The first solver learned from real data, and subsequent solvers learned from 

previous scholar networks.

• Permuted MNIST experiment
• Generative replay(GR) trains well as much as Exact replay (ER).
• Sequential training on a solver alone suffer forgetting (None).
• Replaying gaussian noise does not help tempering performance loss (Noise).

Replay-based Continual Learning
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Algorithmic Intelligence Lab

• [Shin et al., 2017] Deep Generative Replay
• Learning new domains

• MNISTàSVHN, SVHNàMNIST 
• Generative replay learns new domains sequentially without forgetting.

Replay-based Continual Learning
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Algorithmic Intelligence Lab

• [Shin et al., 2017] Deep Generative Replay
• Learning new classes

• MNIST divided into 5 tasks with two labels in each.
• Generative replay learns new classes sequentially without forgetting.

Replay-based Continual Learning
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Algorithmic Intelligence Lab

1. Introduction
• Limited training samples in real-world applications
• What is transfer learning?
• Overview of various scenarios of transfer learning

2. Transfer Learning Methods
• Fine-tuning
• Knowledge distillation
• Domain adaptation

3. Multi-task Learning
• Sharing architectures
• Loss balancing

4. Continual Learning
• Regularization-based approaches
• Replay-based approaches
• Expansion-based approaches

Table of Contents
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Algorithmic Intelligence Lab

• Regularization-based approaches prevent forgetting by regularizing the change 
of a specific set of weights (e.g. EWC).
• Making the current weights closer to the previous ones may not always ensure that 

the predictions on the past tasks also remain unchanged.

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• Regularization-based approaches prevent forgetting by regularizing the change 
of a specific set of weights (e.g. EWC).
• Making the current weights closer to the previous ones may not always ensure that 

the predictions on the past tasks also remain unchanged.

• Expansion-based Continual Learning
• Expand the model architecture to accommodate new data instead of fixing it 

beforehand.
• Prevent pre-existing components from being overwritten by the new information.

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• [Rusu et al., 2016] Progressive Neural Networks
• Begin with just a single column NN with an initial task.

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• [Rusu et al., 2016] Progressive Neural Networks
• Begin with just a single column NN with an initial task.
• Allocating a new column for each new task, whose weights are initialized randomly.

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• [Rusu et al., 2016] Progressive Neural Networks
• Begin with just a single column NN with an initial task.
• Allocating a new column for each new task, whose weights are initialized randomly.

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• [Rusu et al., 2016] Progressive Neural Networks
• Begin with just a single column NN with an initial task.
• Allocating a new column for each new task, whose weights are initialized randomly.
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Algorithmic Intelligence Lab

• Experiments
• Setup

• Evaluate across three different RL domains
• Pong variants: synthetic version of Pong including flipped, noisy, scaled and recolored 

transforms.
• Labyrinth games: a set of 3D maze games
• Atari games: random sequences of Atari games 

• New column is linearly added when new task(domain) is given.

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• Experiments
• Baselines

• Baseline 2: a quite standard in supervised learning with finetuning only output layer of 
pretrained networks.

• Baseline 3: support full finetuning of pretrained network
• Baseline 4: Does progressive NN take advantage of positive transfer from previously 

learned columns?

• Metrics
• Transfer score: the relative performance of an architecture compared with baseline1 

(high is better). Clipped in range [0,2].
• Provide mean and median transfer scores.

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• Results

• Baseline2 (Single column, only output layer is finetuned) fails to learn the target 
task (negative transfer).

• Progressive NNs (with 2 or more columns) show greater transferability from source 
task domains to target domain.

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• Results

• Baseline 3 shows high positive transfer but progressive NN shows much higher 
performance in terms of mean and median score.
• This suggests progressive NN is better to exploit transfer when source and target 

domains are compatible.
• Also, since baseline3 learns target domain without preserving features of source task 

domains, it might suffers catastrophic forgetting while progressive NN does not.

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• [Yoon et al., 2018] Dynamically Expandable Networks (DEN)
• Progressive NN-like approaches increase model size linearly on the number of tasks.

Expansion-based Continual Learning 
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t-1 t



Algorithmic Intelligence Lab

• [Yoon et al., 2018] Dynamically Expandable Networks (DEN)
• Progressive NN-like approaches increase model size linearly on the number of tasks.
• DEN selectively retrains the old network, expanding its capacity when necessary.

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• [Yoon et al., 2018] Dynamically Expandable Networks (DEN)
• Selective retraining
• Dynamic network expansion
• Network split/duplication

Expansion-based Continual Learning 
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Selective retraining Network split/duplicationDynamic network expansion



Algorithmic Intelligence Lab

• Selective Retraining
• At the initial task (t=1), train with L1-regularization (sparse network)

Expansion-based Continual Learning 
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Algorithmic Intelligence Lab

• Selective Retraining
• At every Incoming new task, 

• Train only 𝑊.,/
/ weights (L1-reg).

Expansion-based Continual Learning 
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Frozen



Algorithmic Intelligence Lab

• Selective Retraining
• At every Incoming new task, 

• Train only 𝑊.,/
/ weights (L1-reg).

• Then, the non-zero values of 𝑊.,/
/ weights is related to t-task (parameter selection).

• Selected subnetworks (S): A set of neurons adjacent to selected parameters
• Train subnetwork S with L2-reg.

Expansion-based Continual Learning 
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Selected 
subnetwork (S)



Algorithmic Intelligence Lab

• Dynamic network expansion
• Does selective retrained model perform well on task t? 
• If (ℒ) > 𝜏), expand network.

Expansion-based Continual Learning 
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<latexit sha1_base64="HpD1Icdj6cuMM/4UzpcMg/msUgM=">AAAB9HicbVDLSgMxFE3qq9ZXfezcDBbBhZYZEdRd0Y3LCvYB07Fk0kwbmsmMyZ1CGfoJrt24UMStf+EPuPNvzLRdaOuBezmccy+5OX4suAbb/sa5hcWl5ZX8amFtfWNzq7i9U9dRoiir0UhEqukTzQSXrAYcBGvGipHQF6zh968zvzFgSvNI3sEwZl5IupIHnBIwkte4T+HEGbVTkfViyS7bY1jzxJmSUuV4z338rOJqu/jV6kQ0CZkEKojWrmPH4KVEAaeCjQqtRLOY0D7pMtdQSUKmvXR89Mg6NErHCiJlSoI1Vn9vpCTUehj6ZjIk0NOzXib+57kJBBdeymWcAJN08lCQCAsiK0vA6nDFKIihIYQqbm61aI8oQsHkVDAhOLNfnif107JzVr68NWlcoQnyaB8doCPkoHNUQTeoimqIogf0hF7QKx7gZ/yG3yejOTzd2UV/gD9+AGeTlCI=</latexit>
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Algorithmic Intelligence Lab

• Dynamic network expansion
• Does selective retrained model perform well on task t? 
• If (ℒ) > 𝜏), expand network.
• Using group sparse regularization to dynamically decide how many neurons to add 

at which layer

Expansion-based Continual Learning 
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Group defined on the incoming 
weights for each neuron (e.g., 
activation map for CNN filter).
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Algorithmic Intelligence Lab

• Dynamic network expansion
• Does selective retrained model perform well on task t? 
• If (ℒ) > 𝜏), expand network.
• Using group sparse regularization to dynamically decide how many neurons to add 

at which layer

Expansion-based Continual Learning 

145

Layer L

Layer L-1

Input Layer

t-1 t

minimize
WN

l

L
⇣
WN

l ;W t�1
l ,Dt

⌘
+ µ

���WN
l

���
1
+ �

X

g

���WN
l,g

���
2

<latexit sha1_base64="h/XmrXSiudw+fn2J5DFNtdTl8YQ="></latexit>

Group defined on the incoming 
weights for each neuron (e.g., 
activation map for CNN filter).

WN
l

<latexit sha1_base64="5TVvJ5vHxjL5/OzqDEYuArzW3Ek=">AAAB+nicbVDLSsNAFJ3UV62vVJduhhahq5KIUN0V3biSCvYBbQyT6aQdOpmEmYlSYr5E3LhQxK0/4dad6Mc4abvQ1gMDh3Pu5Z45XsSoVJb1aeSWlldW1/LrhY3Nre0ds7jbkmEsMGnikIWi4yFJGOWkqahipBMJggKPkbY3Osv89g0Rkob8So0j4gRowKlPMVJacs1i+zrpBUgNMWLJRZq6zDXLVtWaAC4Se0bK9VLl+6v2ft9wzY9eP8RxQLjCDEnZta1IOQkSimJG0kIvliRCeIQGpKspRwGRTjKJnsIDrfShHwr9uIIT9fdGggIpx4GnJ7OUct7LxP+8bqz8YyehPIoV4Xh6yI8ZVCHMeoB9KghWbKwJwoLqrBAPkUBY6bYKugR7/suLpHVYtY+qJ5e6jVMwRR7sgxKoABvUQB2cgwZoAgxuwQN4As/GnfFovBiv09GcMdvZA39gvP0A6heYLQ==</latexit>

WN
l�1

<latexit sha1_base64="xcbX9/U9cHsmwfGbcl9UIDEpSf8=">AAAB/nicbVDLSgMxFM3UV62vUXHlJliEbiwzIqi7ohtXUsE+oB2HTJq2oZnMkGSEEkZc+xciuFDErd/hzrU/YqbtQlsPBA7n3Ms9OUHMqFSO82Xl5uYXFpfyy4WV1bX1DXtzqy6jRGBSwxGLRDNAkjDKSU1RxUgzFgSFASONYHCe+Y1bIiSN+LUaxsQLUY/TLsVIGcm3dxo3uh0i1ceI6cs09TU7cFPfLjplZwQ4S9wJKVZKpe+HO/lU9e3PdifCSUi4wgxJ2XKdWHkaCUUxI2mhnUgSIzxAPdIylKOQSE+P4qdw3ygd2I2EeVzBkfp7Q6NQymEYmMksqZz2MvE/r5Wo7omnKY8TRTgeH+omDKoIZl3ADhUEKzY0BGFBTVaI+0ggrExjBVOCO/3lWVI/LLtH5dMr08YZGCMPdsEeKAEXHIMKuABVUAMYaPAIXsCrdW89W2/W+3g0Z012tsEfWB8/Pq2ZYA==</latexit>

W t�1
l�1

<latexit sha1_base64="HpD1Icdj6cuMM/4UzpcMg/msUgM=">AAAB9HicbVDLSgMxFE3qq9ZXfezcDBbBhZYZEdRd0Y3LCvYB07Fk0kwbmsmMyZ1CGfoJrt24UMStf+EPuPNvzLRdaOuBezmccy+5OX4suAbb/sa5hcWl5ZX8amFtfWNzq7i9U9dRoiir0UhEqukTzQSXrAYcBGvGipHQF6zh968zvzFgSvNI3sEwZl5IupIHnBIwkte4T+HEGbVTkfViyS7bY1jzxJmSUuV4z338rOJqu/jV6kQ0CZkEKojWrmPH4KVEAaeCjQqtRLOY0D7pMtdQSUKmvXR89Mg6NErHCiJlSoI1Vn9vpCTUehj6ZjIk0NOzXib+57kJBBdeymWcAJN08lCQCAsiK0vA6nDFKIihIYQqbm61aI8oQsHkVDAhOLNfnif107JzVr68NWlcoQnyaB8doCPkoHNUQTeoimqIogf0hF7QKx7gZ/yG3yejOTzd2UV/gD9+AGeTlCI=</latexit>

W t�1
l

<latexit sha1_base64="iJvgmlQAIduQ8X+e14o4kjyQgvc=">AAAB8nicbVDLSsNAFJ3UV62v+lq5CRbFjSURQd0V3bisYJtCGstkOmmHTmbCzI1QQj6jGxeKuPVr3Pk3Th8LbT1w4XDOvdx7T5hwpsFxvq3C0vLK6lpxvbSxubW9U97da2qZKkIbRHKpWiHWlDNBG8CA01aiKI5DTr1wcDf2vWeqNJPiEYYJDWLcEyxiBIORfO8pg3M372Q875QrTtWZwF4k7oxUaqcHXj7yDuud8le7K0kaUwGEY61910kgyLACRjjNS+1U0wSTAe5R31CBY6qDbHJybp8YpWtHUpkSYE/U3xMZjrUexqHpjDH09bw3Fv/z/BSi6yBjIkmBCjJdFKXcBmmP/7e7TFECfGgIJoqZW23SxwoTMCmVTAju/MuLpHlRdS+rNw8mjVs0RREdoWN0hlx0hWroHtVRAxEk0Qi9ojcLrBfr3fqYthas2cw++gPr8wdHrZOB</latexit>



Algorithmic Intelligence Lab

• Dynamic network expansion
• Does selective retrained model perform well on task t? 
• If (ℒ) > 𝜏), expand network.
• Using group sparse regularization to dynamically decide how many neurons to add 

at which layer

Expansion-based Continual Learning 
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Layer L

Layer L-1

Input Layer

t-1 t

minimize
WN

l

L
⇣
WN

l ;W t�1
l ,Dt
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���WN
l
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���WN
l,g

���
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<latexit sha1_base64="h/XmrXSiudw+fn2J5DFNtdTl8YQ="></latexit>

Group defined on the incoming 
weights for each neuron (e.g., 
activation map for CNN filter).

WN
l

<latexit sha1_base64="5TVvJ5vHxjL5/OzqDEYuArzW3Ek=">AAAB+nicbVDLSsNAFJ3UV62vVJduhhahq5KIUN0V3biSCvYBbQyT6aQdOpmEmYlSYr5E3LhQxK0/4dad6Mc4abvQ1gMDh3Pu5Z45XsSoVJb1aeSWlldW1/LrhY3Nre0ds7jbkmEsMGnikIWi4yFJGOWkqahipBMJggKPkbY3Osv89g0Rkob8So0j4gRowKlPMVJacs1i+zrpBUgNMWLJRZq6zDXLVtWaAC4Se0bK9VLl+6v2ft9wzY9eP8RxQLjCDEnZta1IOQkSimJG0kIvliRCeIQGpKspRwGRTjKJnsIDrfShHwr9uIIT9fdGggIpx4GnJ7OUct7LxP+8bqz8YyehPIoV4Xh6yI8ZVCHMeoB9KghWbKwJwoLqrBAPkUBY6bYKugR7/suLpHVYtY+qJ5e6jVMwRR7sgxKoABvUQB2cgwZoAgxuwQN4As/GnfFovBiv09GcMdvZA39gvP0A6heYLQ==</latexit>

WN
l�1

<latexit sha1_base64="xcbX9/U9cHsmwfGbcl9UIDEpSf8=">AAAB/nicbVDLSgMxFM3UV62vUXHlJliEbiwzIqi7ohtXUsE+oB2HTJq2oZnMkGSEEkZc+xciuFDErd/hzrU/YqbtQlsPBA7n3Ms9OUHMqFSO82Xl5uYXFpfyy4WV1bX1DXtzqy6jRGBSwxGLRDNAkjDKSU1RxUgzFgSFASONYHCe+Y1bIiSN+LUaxsQLUY/TLsVIGcm3dxo3uh0i1ceI6cs09TU7cFPfLjplZwQ4S9wJKVZKpe+HO/lU9e3PdifCSUi4wgxJ2XKdWHkaCUUxI2mhnUgSIzxAPdIylKOQSE+P4qdw3ygd2I2EeVzBkfp7Q6NQymEYmMksqZz2MvE/r5Wo7omnKY8TRTgeH+omDKoIZl3ADhUEKzY0BGFBTVaI+0ggrExjBVOCO/3lWVI/LLtH5dMr08YZGCMPdsEeKAEXHIMKuABVUAMYaPAIXsCrdW89W2/W+3g0Z012tsEfWB8/Pq2ZYA==</latexit>

W t�1
l�1

<latexit sha1_base64="HpD1Icdj6cuMM/4UzpcMg/msUgM=">AAAB9HicbVDLSgMxFE3qq9ZXfezcDBbBhZYZEdRd0Y3LCvYB07Fk0kwbmsmMyZ1CGfoJrt24UMStf+EPuPNvzLRdaOuBezmccy+5OX4suAbb/sa5hcWl5ZX8amFtfWNzq7i9U9dRoiir0UhEqukTzQSXrAYcBGvGipHQF6zh968zvzFgSvNI3sEwZl5IupIHnBIwkte4T+HEGbVTkfViyS7bY1jzxJmSUuV4z338rOJqu/jV6kQ0CZkEKojWrmPH4KVEAaeCjQqtRLOY0D7pMtdQSUKmvXR89Mg6NErHCiJlSoI1Vn9vpCTUehj6ZjIk0NOzXib+57kJBBdeymWcAJN08lCQCAsiK0vA6nDFKIihIYQqbm61aI8oQsHkVDAhOLNfnif107JzVr68NWlcoQnyaB8doCPkoHNUQTeoimqIogf0hF7QKx7gZ/yG3yejOTzd2UV/gD9+AGeTlCI=</latexit>

W t�1
l

<latexit sha1_base64="iJvgmlQAIduQ8X+e14o4kjyQgvc=">AAAB8nicbVDLSsNAFJ3UV62v+lq5CRbFjSURQd0V3bisYJtCGstkOmmHTmbCzI1QQj6jGxeKuPVr3Pk3Th8LbT1w4XDOvdx7T5hwpsFxvq3C0vLK6lpxvbSxubW9U97da2qZKkIbRHKpWiHWlDNBG8CA01aiKI5DTr1wcDf2vWeqNJPiEYYJDWLcEyxiBIORfO8pg3M372Q875QrTtWZwF4k7oxUaqcHXj7yDuud8le7K0kaUwGEY61910kgyLACRjjNS+1U0wSTAe5R31CBY6qDbHJybp8YpWtHUpkSYE/U3xMZjrUexqHpjDH09bw3Fv/z/BSi6yBjIkmBCjJdFKXcBmmP/7e7TFECfGgIJoqZW23SxwoTMCmVTAju/MuLpHlRdS+rNw8mjVs0RREdoWN0hlx0hWroHtVRAxEk0Qi9ojcLrBfr3fqYthas2cw++gPr8wdHrZOB</latexit>



Algorithmic Intelligence Lab

• Network split/duplication
• Prevent forgetting after training with dynamic expanded networks

Expansion-based Continual Learning 
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Layer L

Layer L-1

Input Layer

t-1 t-1 t

W t�1
L

<latexit sha1_base64="bOMx0hhySuipZsF2UfIVIHVQ1Yg=">AAAB8HicbVA9SwNBEJ3zM8avqKXNYRBsDHcSULugjYVFBPMhyRn2Nptkye7esTsnhCO/wsZCEVt/jp3/xk1yhSY+GHi8N8PMvDAW3KDnfTtLyyura+u5jfzm1vbObmFvv26iRFNWo5GIdDMkhgmuWA05CtaMNSMyFKwRDq8nfuOJacMjdY+jmAWS9BXvcUrQSg+NxxRP/XHntlMoeiVvCneR+BkpQoZqp/DV7kY0kUwhFcSYlu/FGKREI6eCjfPtxLCY0CHps5alikhmgnR68Ng9tkrX7UXalkJ3qv6eSIk0ZiRD2ykJDsy8NxH/81oJ9i6ClKs4QabobFEvES5G7uR7t8s1oyhGlhCqub3VpQOiCUWbUd6G4M+/vEjqZyW/XLq8KxcrV1kcOTiEIzgBH86hAjdQhRpQkPAMr/DmaOfFeXc+Zq1LTjZzAH/gfP4ANKOQCg==</latexit>

W t�1
L�1

<latexit sha1_base64="nUm6nlxC4ukp1ho+meRoVRlcVAc=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69BIvgxZJIQb0VvXjwUMF+QBvLZrtpl242cXdSKKG/w4sHRbz6Y7z5b9y0PWjrgxke782ws8+PBdfoON9WbmV1bX0jv1nY2t7Z3SvuHzR0lCjK6jQSkWr5RDPBJasjR8FasWIk9AVr+sObzG+OmNI8kg84jpkXkr7kAacEjeQ1H1M8cyfd9C7rxZJTdqawl4k7JyWYo9YtfnV6EU1CJpEKonXbdWL0UqKQU8EmhU6iWUzokPRZ21BJQqa9dHr0xD4xSs8OImVKoj1Vf2+kJNR6HPpmMiQ40IteJv7ntRMMLr2UyzhBJunsoSARNkZ2loDd44pRFGNDCFXc3GrTAVGEosmpYEJwF7+8TBrnZbdSvrqvlKrX8zjycATHcAouXEAVbqEGdaDwBM/wCm/WyHqx3q2P2WjOmu8cwh9Ynz/dyJGI</latexit>

W t�1
1

<latexit sha1_base64="a2gEXsngx+dEcNJXllty1o6oHg8=">AAAB8nicbVBNS8NAEJ34WetX1aOXYBG8WBIpqLeiF48V7Ae0sWy2m3bpZjfsToQS+jO8eFDEq7/Gm//GbZuDtj4YeLw3w8y8MBHcoOd9Oyura+sbm4Wt4vbO7t5+6eCwaVSqKWtQJZRuh8QwwSVrIEfB2olmJA4Fa4Wj26nfemLacCUfcJywICYDySNOCVqp03rM8Nyf9DJbpbJX8WZwl4mfkzLkqPdKX92+omnMJFJBjOn4XoJBRjRyKtik2E0NSwgdkQHrWCpJzEyQzU6euKdW6buR0rYkujP190RGYmPGcWg7Y4JDs+hNxf+8TorRVZBxmaTIJJ0vilLhonKn/7t9rhlFMbaEUM3trS4dEk0o2pSKNgR/8eVl0ryo+NXK9X21XLvJ4yjAMZzAGfhwCTW4gzo0gIKCZ3iFNwedF+fd+Zi3rjj5zBH8gfP5A9RzkPs=</latexit>



Algorithmic Intelligence Lab

• Network split/duplication
• Prevent forgetting after training with dynamic expanded networks
• Measure the amount of semantic drift for each hidden unit 𝑖: 

Expansion-based Continual Learning 
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Layer L

Layer L-1

Input Layer

t-1 t-1 t

W t�1
L

<latexit sha1_base64="bOMx0hhySuipZsF2UfIVIHVQ1Yg=">AAAB8HicbVA9SwNBEJ3zM8avqKXNYRBsDHcSULugjYVFBPMhyRn2Nptkye7esTsnhCO/wsZCEVt/jp3/xk1yhSY+GHi8N8PMvDAW3KDnfTtLyyura+u5jfzm1vbObmFvv26iRFNWo5GIdDMkhgmuWA05CtaMNSMyFKwRDq8nfuOJacMjdY+jmAWS9BXvcUrQSg+NxxRP/XHntlMoeiVvCneR+BkpQoZqp/DV7kY0kUwhFcSYlu/FGKREI6eCjfPtxLCY0CHps5alikhmgnR68Ng9tkrX7UXalkJ3qv6eSIk0ZiRD2ykJDsy8NxH/81oJ9i6ClKs4QabobFEvES5G7uR7t8s1oyhGlhCqub3VpQOiCUWbUd6G4M+/vEjqZyW/XLq8KxcrV1kcOTiEIzgBH86hAjdQhRpQkPAMr/DmaOfFeXc+Zq1LTjZzAH/gfP4ANKOQCg==</latexit>

W t�1
L�1

<latexit sha1_base64="nUm6nlxC4ukp1ho+meRoVRlcVAc=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69BIvgxZJIQb0VvXjwUMF+QBvLZrtpl242cXdSKKG/w4sHRbz6Y7z5b9y0PWjrgxke782ws8+PBdfoON9WbmV1bX0jv1nY2t7Z3SvuHzR0lCjK6jQSkWr5RDPBJasjR8FasWIk9AVr+sObzG+OmNI8kg84jpkXkr7kAacEjeQ1H1M8cyfd9C7rxZJTdqawl4k7JyWYo9YtfnV6EU1CJpEKonXbdWL0UqKQU8EmhU6iWUzokPRZ21BJQqa9dHr0xD4xSs8OImVKoj1Vf2+kJNR6HPpmMiQ40IteJv7ntRMMLr2UyzhBJunsoSARNkZ2loDd44pRFGNDCFXc3GrTAVGEosmpYEJwF7+8TBrnZbdSvrqvlKrX8zjycATHcAouXEAVbqEGdaDwBM/wCm/WyHqx3q2P2WjOmu8cwh9Ynz/dyJGI</latexit>

W t�1
1

<latexit sha1_base64="a2gEXsngx+dEcNJXllty1o6oHg8=">AAAB8nicbVBNS8NAEJ34WetX1aOXYBG8WBIpqLeiF48V7Ae0sWy2m3bpZjfsToQS+jO8eFDEq7/Gm//GbZuDtj4YeLw3w8y8MBHcoOd9Oyura+sbm4Wt4vbO7t5+6eCwaVSqKWtQJZRuh8QwwSVrIEfB2olmJA4Fa4Wj26nfemLacCUfcJywICYDySNOCVqp03rM8Nyf9DJbpbJX8WZwl4mfkzLkqPdKX92+omnMJFJBjOn4XoJBRjRyKtik2E0NSwgdkQHrWCpJzEyQzU6euKdW6buR0rYkujP190RGYmPGcWg7Y4JDs+hNxf+8TorRVZBxmaTIJJ0vilLhonKn/7t9rhlFMbaEUM3trS4dEk0o2pSKNgR/8eVl0ryo+NXK9X21XLvJ4yjAMZzAGfhwCTW4gzo0gIKCZ3iFNwedF+fd+Zi3rjj5zBH8gfP5A9RzkPs=</latexit>

Hidden unit 𝑖 and its incoming weight

⇢ti = kwt
i � wt�1

i k2

<latexit sha1_base64="UoL1/jqq2zL9/hpBF0N9ztcPslg=">AAACC3icbZC7SgNBFIZn4y3G26qlzZAg2CTshoBaCEEbywjmAtlkmZ1MkiGzF2bOGsImvY2vYmOhiK0vYOfbOLkUmvjDwMd/zuHM+b1IcAWW9W2k1tY3NrfS25md3b39A/PwqKbCWFJWpaEIZcMjigkesCpwEKwRSUZ8T7C6N7iZ1usPTCoeBvcwiljLJ72AdzkloC3XzDqyH7bB5fgKO+PhjPJ42E4gb09c7ozdomvmrII1E14FewE5tFDFNb+cTkhjnwVABVGqaVsRtBIigVPBJhknViwidEB6rKkxID5TrWR2ywSfaqeDu6HULwA8c39PJMRXauR7utMn0FfLtan5X60ZQ/eilfAgioEFdL6oGwsMIZ4GgztcMgpipIFQyfVfMe0TSSjo+DI6BHv55FWoFQt2qXB5V8qVrxdxpNEJyqIzZKNzVEa3qIKqiKJH9Ixe0ZvxZLwY78bHvDVlLGaO0R8Znz8+kJnt</latexit>



Algorithmic Intelligence Lab

• Network split/duplication
• Prevent forgetting after training with dynamic expanded networks
• Measure the amount of semantic drift for each hidden unit 𝑖: 

• If such semantic drift is too large, copy neuron and adjacent weights.
• The original neuron and weights are restored to the time stamp at t-1th task trained. 

Expansion-based Continual Learning 
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Layer L

Layer L-1

Input Layer

t-1 t-1 t

W t�1
L

<latexit sha1_base64="bOMx0hhySuipZsF2UfIVIHVQ1Yg=">AAAB8HicbVA9SwNBEJ3zM8avqKXNYRBsDHcSULugjYVFBPMhyRn2Nptkye7esTsnhCO/wsZCEVt/jp3/xk1yhSY+GHi8N8PMvDAW3KDnfTtLyyura+u5jfzm1vbObmFvv26iRFNWo5GIdDMkhgmuWA05CtaMNSMyFKwRDq8nfuOJacMjdY+jmAWS9BXvcUrQSg+NxxRP/XHntlMoeiVvCneR+BkpQoZqp/DV7kY0kUwhFcSYlu/FGKREI6eCjfPtxLCY0CHps5alikhmgnR68Ng9tkrX7UXalkJ3qv6eSIk0ZiRD2ykJDsy8NxH/81oJ9i6ClKs4QabobFEvES5G7uR7t8s1oyhGlhCqub3VpQOiCUWbUd6G4M+/vEjqZyW/XLq8KxcrV1kcOTiEIzgBH86hAjdQhRpQkPAMr/DmaOfFeXc+Zq1LTjZzAH/gfP4ANKOQCg==</latexit>

W t�1
L�1

<latexit sha1_base64="nUm6nlxC4ukp1ho+meRoVRlcVAc=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69BIvgxZJIQb0VvXjwUMF+QBvLZrtpl242cXdSKKG/w4sHRbz6Y7z5b9y0PWjrgxke782ws8+PBdfoON9WbmV1bX0jv1nY2t7Z3SvuHzR0lCjK6jQSkWr5RDPBJasjR8FasWIk9AVr+sObzG+OmNI8kg84jpkXkr7kAacEjeQ1H1M8cyfd9C7rxZJTdqawl4k7JyWYo9YtfnV6EU1CJpEKonXbdWL0UqKQU8EmhU6iWUzokPRZ21BJQqa9dHr0xD4xSs8OImVKoj1Vf2+kJNR6HPpmMiQ40IteJv7ntRMMLr2UyzhBJunsoSARNkZ2loDd44pRFGNDCFXc3GrTAVGEosmpYEJwF7+8TBrnZbdSvrqvlKrX8zjycATHcAouXEAVbqEGdaDwBM/wCm/WyHqx3q2P2WjOmu8cwh9Ynz/dyJGI</latexit>

W t�1
1

<latexit sha1_base64="a2gEXsngx+dEcNJXllty1o6oHg8=">AAAB8nicbVBNS8NAEJ34WetX1aOXYBG8WBIpqLeiF48V7Ae0sWy2m3bpZjfsToQS+jO8eFDEq7/Gm//GbZuDtj4YeLw3w8y8MBHcoOd9Oyura+sbm4Wt4vbO7t5+6eCwaVSqKWtQJZRuh8QwwSVrIEfB2olmJA4Fa4Wj26nfemLacCUfcJywICYDySNOCVqp03rM8Nyf9DJbpbJX8WZwl4mfkzLkqPdKX92+omnMJFJBjOn4XoJBRjRyKtik2E0NSwgdkQHrWCpJzEyQzU6euKdW6buR0rYkujP190RGYmPGcWg7Y4JDs+hNxf+8TorRVZBxmaTIJJ0vilLhonKn/7t9rhlFMbaEUM3trS4dEk0o2pSKNgR/8eVl0ryo+NXK9X21XLvJ4yjAMZzAGfhwCTW4gzo0gIKCZ3iFNwedF+fd+Zi3rjj5zBH8gfP5A9RzkPs=</latexit>

Restore weight

Copied

⇢ti = kwt
i � wt�1

i k2

<latexit sha1_base64="UoL1/jqq2zL9/hpBF0N9ztcPslg=">AAACC3icbZC7SgNBFIZn4y3G26qlzZAg2CTshoBaCEEbywjmAtlkmZ1MkiGzF2bOGsImvY2vYmOhiK0vYOfbOLkUmvjDwMd/zuHM+b1IcAWW9W2k1tY3NrfS25md3b39A/PwqKbCWFJWpaEIZcMjigkesCpwEKwRSUZ8T7C6N7iZ1usPTCoeBvcwiljLJ72AdzkloC3XzDqyH7bB5fgKO+PhjPJ42E4gb09c7ozdomvmrII1E14FewE5tFDFNb+cTkhjnwVABVGqaVsRtBIigVPBJhknViwidEB6rKkxID5TrWR2ywSfaqeDu6HULwA8c39PJMRXauR7utMn0FfLtan5X60ZQ/eilfAgioEFdL6oGwsMIZ4GgztcMgpipIFQyfVfMe0TSSjo+DI6BHv55FWoFQt2qXB5V8qVrxdxpNEJyqIzZKNzVEa3qIKqiKJH9Ixe0ZvxZLwY78bHvDVlLGaO0R8Znz8+kJnt</latexit>



Algorithmic Intelligence Lab

• Network split/duplication
• Prevent forgetting after training with dynamic expanded networks
• Measure the amount of semantic drift for each hidden unit 𝑖: 

• If such semantic drift is too large, copy neuron and adjacent weights.
• The original neuron and weights are restored to the time stamp at t-1th task trained. 

• Then, retrain network on tth task while retaining t-1th task learned weights.

Expansion-based Continual Learning 
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Layer L

Layer L-1

Input Layer

t-1 t-1 t

W t�1
L

<latexit sha1_base64="bOMx0hhySuipZsF2UfIVIHVQ1Yg=">AAAB8HicbVA9SwNBEJ3zM8avqKXNYRBsDHcSULugjYVFBPMhyRn2Nptkye7esTsnhCO/wsZCEVt/jp3/xk1yhSY+GHi8N8PMvDAW3KDnfTtLyyura+u5jfzm1vbObmFvv26iRFNWo5GIdDMkhgmuWA05CtaMNSMyFKwRDq8nfuOJacMjdY+jmAWS9BXvcUrQSg+NxxRP/XHntlMoeiVvCneR+BkpQoZqp/DV7kY0kUwhFcSYlu/FGKREI6eCjfPtxLCY0CHps5alikhmgnR68Ng9tkrX7UXalkJ3qv6eSIk0ZiRD2ykJDsy8NxH/81oJ9i6ClKs4QabobFEvES5G7uR7t8s1oyhGlhCqub3VpQOiCUWbUd6G4M+/vEjqZyW/XLq8KxcrV1kcOTiEIzgBH86hAjdQhRpQkPAMr/DmaOfFeXc+Zq1LTjZzAH/gfP4ANKOQCg==</latexit>

W t�1
L�1

<latexit sha1_base64="nUm6nlxC4ukp1ho+meRoVRlcVAc=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69BIvgxZJIQb0VvXjwUMF+QBvLZrtpl242cXdSKKG/w4sHRbz6Y7z5b9y0PWjrgxke782ws8+PBdfoON9WbmV1bX0jv1nY2t7Z3SvuHzR0lCjK6jQSkWr5RDPBJasjR8FasWIk9AVr+sObzG+OmNI8kg84jpkXkr7kAacEjeQ1H1M8cyfd9C7rxZJTdqawl4k7JyWYo9YtfnV6EU1CJpEKonXbdWL0UqKQU8EmhU6iWUzokPRZ21BJQqa9dHr0xD4xSs8OImVKoj1Vf2+kJNR6HPpmMiQ40IteJv7ntRMMLr2UyzhBJunsoSARNkZ2loDd44pRFGNDCFXc3GrTAVGEosmpYEJwF7+8TBrnZbdSvrqvlKrX8zjycATHcAouXEAVbqEGdaDwBM/wCm/WyHqx3q2P2WjOmu8cwh9Ynz/dyJGI</latexit>

W t�1
1

<latexit sha1_base64="a2gEXsngx+dEcNJXllty1o6oHg8=">AAAB8nicbVBNS8NAEJ34WetX1aOXYBG8WBIpqLeiF48V7Ae0sWy2m3bpZjfsToQS+jO8eFDEq7/Gm//GbZuDtj4YeLw3w8y8MBHcoOd9Oyura+sbm4Wt4vbO7t5+6eCwaVSqKWtQJZRuh8QwwSVrIEfB2olmJA4Fa4Wj26nfemLacCUfcJywICYDySNOCVqp03rM8Nyf9DJbpbJX8WZwl4mfkzLkqPdKX92+omnMJFJBjOn4XoJBRjRyKtik2E0NSwgdkQHrWCpJzEyQzU6euKdW6buR0rYkujP190RGYmPGcWg7Y4JDs+hNxf+8TorRVZBxmaTIJJ0vilLhonKn/7t9rhlFMbaEUM3trS4dEk0o2pSKNgR/8eVl0ryo+NXK9X21XLvJ4yjAMZzAGfhwCTW4gzo0gIKCZ3iFNwedF+fd+Zi3rjj5zBH8gfP5A9RzkPs=</latexit>

⇢ti = kwt
i � wt�1

i k2
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• Timestamped Inference
• While network expansion and split procedures, DEN timestamps each newly added 

unit 𝑗 by setting 𝑧 % = 𝑡 to record the training stage 𝑡.
• At inference time, each task will only use the parameters that were introduced up 

to state 𝑡.

Expansion-based Continual Learning 
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• Timestamped Inference
• While network expansion and split procedures, DEN timestamps each newly added 

unit 𝑗 by setting 𝑧 % = 𝑡 to record the training stage 𝑡.
• At inference time, each task will only use the parameters that were introduced up 

to state 𝑡.
• This is why the network split/duplication works for preventing forgetting.

Expansion-based Continual Learning 

152

t-1 t t-1 t

Task identifier is given as 𝒕-1 Task identifier is given as 𝒕

Weights were retrained not too far 
from the weights trained at t-1th task

(split/duplication)
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• Baselines
• DNN-STL: Base DNN, trained for each task separately
• DNN-MTL: Base DNN, trained for all tasks at once
• DNN: Base DNN, using l2-regularizations
• DNN-L2: Base DNN, using l2-regularizations b/w weights of previous/current tasks
• DNN-EWC: DNN trained with elastic weight consolidation for regularization
• DNN-Progressive: DNN trained with progressive nets
• DEN

• Datasets
• MNIST-Variation: rotated / noised MNIST images. One-versus-rest binary task
• CIFAR-100: 100 classes. Binary task on each class.
• AwA (Animal with attributes): 50 classes. Binary task on each class.

Expansion-based Continual Learning 
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• Average Per-task performance
• DEN outperforms all online-trained baselines 

• Performance retention over time (MNIST-Variation)
• DEN steadily retains learned performance at any time (prevent forgetting)

Expansion-based Continual Learning 
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• [Yoon et al., 2020] Additive Parameter Decomposition (APD)
• To effectively mitigate both catastrophic-forgetting and order-sensitivity, APD 

decompose model parameters into a task-shared parameter 𝜎 and a task-adaptive 
parameter 𝜏), 𝑀):

• It can decompose the generic / task-specific knowledge

Expansion-based Continual Learning 
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• [Yoon et al., 2020] Additive Parameter Decomposition (APD)
• For sparsity, APD decompose model parameters into a task-shared parameter 𝜎 and 

a task-adaptive parameter 𝜏), 𝑀):

• When a new task 𝑡 arrives, APD minimizes the task loss with two additional 
regularization terms:

Expansion-based Continual Learning 
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• [Yoon et al., 2020] Additive Parameter Decomposition (APD)
• For order robustness, APD retroactively update task adaptive parameters of the 

past tasks, so that all previous tasks can maintain their original solutions
• When a new task 𝑡 arrives, 

• First recover all previous parameters for tasks 𝑖 < 𝑘:

• Then update previous parameters by constraining them to be close to the current 
parameters 𝜃$

Expansion-based Continual Learning 
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Current (𝑡) 
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• [Yoon et al., 2020] Additive Parameter Decomposition (APD)
• For further sparsification, APD clusters task adaptive parameters {𝜏!}!-+) , and 

decompose them into the locally-shared parameters (center of the cluster) 𝜎. and 
sparse parameters 𝜏̃! (i.e., hierarchical knowledge consolidation)

• Now, the final loss is as follows:

Expansion-based Continual Learning 
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• APD outperforms baseline continual learning methods in terms of task-average 
performance (“Accuracy”, ↑) and order robustness (“AOPD”, “MOPD”, ↓)
• Also, it shows high memory efficiency (“Capacity”, ↓)

• Each component improves the performance consistently
• APD-Fixed + retroactive update = APD(1)
• APD(1) + hierarchical knowledge consolidation = APD(2)

Expansion-based Continual Learning 
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• Many attempts exist to better transfer the knowledge from source to 
target domains.

• Mainly, two branches of approaches exist.
• [1] Training universal feature extractor from data rich source domain

• e.g.) Big Transfer, self-supervised learning methods

• [2] Consideration of ”what should be transferred” while doing 
transfer
• e.g.) Jacobian matching

• Fine-tuning/transferring knowledge from backbone network is 
getting very common:
• e.g.) Most NLP works fine-tune BERT (or GPT), rather than training from scratch

Summary
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• Continual learning aims to prevent catastrophic forgetting while learning sequential 
tasks.

• To prevent forgetting, previous works try to preserve learned knowledge by

• [1] Regulating parameter changes,
• Elastic Weight Consolidation (EWC)
• Learning without Forgetting (LwF)

• [2] Storing/replaying past task-specific samples,
• Experience Replay (ER)
• Deep Generative Replay

• [3] Expanding model to separate knowledge physically.
• Progressive Neural Network(PNN)
• Dynamically Expandable Networks(DEN)

• Recent works aim to overcome practical limitations of various types of continual 
learning settings. 
• Online streamed data (online learning)
• Task-free (training without task identifier/boundary information)

Summary
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Fine-tuning

• [Pan et al., 2010] A survey on transfer learning, IEEE Transactions on knowledge and data engineering, 2010.
link: https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=5288526

• [Wang et al., 2017] Growing a brain: Fine-tuning by increasing model capacity, CVPR, 2017.
link: https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=8099806

• [Hendrycks et al., 2019] Using Pre-training Can Improve Model Robustness and Uncertainty , ICML, 2019.
link: https://arxiv.org/pdf/1901.09960.pdf

• [Kolesnikov et al.,2020] Big Transfer (BiT): General Visual Representation Learning, 2020.
link: https://arxiv.org/pdf/1912.11370.pdf
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Knowledge distillation

• [Hinton et al., 2015] Distilling the knowledge in a neural network, NIPS workshops, 2015.
link: https://arxiv.org/pdf/1503.02531.pdf

• [Zagoruyko et al., 2017] Paying more attention to attention: Improving the performance of convolutional neural 
networks via attention transfer, ICLR, 2017.
link: https://arxiv.org/pdf/1612.03928.pdf
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link: https://arxiv.org/pdf/1803.00443.pdf

• [Ahn et al., 2019] Variational Information Distillation for Knowledge Transfer, CVPR, 2019.
link: https://arxiv.org/abs/1904.05835
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link: https://arxiv.org/abs/1910.10699
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Domain Adaptation

• [Grandvalet & Bengio, 2004] Semi-supervised Learning by Entropy Minimization. NIPS 2004.
link : https://papers.nips.cc/paper/2740-semi-supervised-learning-by-entropy-minimization

• [Ganin et al., 2015] Unsupervised Domain Adaptation by Backpropagation. ICML 2015.
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link : https://arxiv.org/abs/1703.06907

• [Shrivastava et al., 2017] Learning from Simulated and Unsupervised Images through Adversarial... CVPR 2017.
link : https://arxiv.org/abs/1612.07828

• [Bousmalis et al., 2017] Unsupervised Pixel-Level Domain Adaptation with Generative Adversarial... CVPR 2017.
link : https://arxiv.org/abs/1612.05424

• [Hoffman et al., 2018] CyCADA: Cycle-Consistent Adversarial Domain Adaptation. ICML 2018.
link : https://arxiv.org/abs/1711.03213
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Multi-task learning

• [Zhang et al., 2017] A Survey on Multi-Task Learning, arxiv, 2017.
link: https://arxiv.org/abs/1707.08114

• [Misra et al., 2016] Cross-stitch Networks for Multi-task Learning, CVPR, 2016.
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Continual Learning
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