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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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D = {X , P (X)}
<latexit sha1_base64="0Pzwsu0rzJXiWJOx54IMak9iXgE=">AAACC3icbVDLSsNAFJ3UV62vqEs3Q4tQQUpSC7oRCrpwWcG2gSaUyXTSDp1MwsxEKCF7N/6KGxeKuPUH3Pk3Ttoi2npg4Mw593LvPX7MqFSW9WUUVlbX1jeKm6Wt7Z3dPXP/oCOjRGDSxhGLhOMjSRjlpK2oYsSJBUGhz0jXH1/lfveeCEkjfqcmMfFCNOQ0oBgpLfXNshsiNcKIpdcZvIRu+vN3stNW1Tlxs75ZsWrWFHCZ2HNSAXO0+uanO4hwEhKuMENS9mwrVl6KhKKYkazkJpLECI/RkPQ05Sgk0kunt2TwWCsDGERCP67gVP3dkaJQykno68p8U7no5eJ/Xi9RwYWXUh4ninA8GxQkDKoI5sHAARUEKzbRBGFB9a4Qj5BAWOn4SjoEe/HkZdKp1+yzWv22UWk25nEUwREogyqwwTloghvQAm2AwQN4Ai/g1Xg0no03431WWjDmPYfgD4yPb98wmj8=</latexit>

X
<latexit sha1_base64="e+EU3rOZgL/PdqtOIwjYuCDZChI=">AAACGHicbVDLSsNAFJ3UV42vqEs3g6VQQWpSBd0IBV24rGDbQBPKZDpph04ezEyEEvIZbvwVNy4Ucdudf+OkDaKtBwbOnHMv997jxYwKaZpfWmlldW19o7ypb23v7O4Z+wcdESUckzaOWMRtDwnCaEjakkpG7JgTFHiMdL3xTe53HwkXNAof5CQmboCGIfUpRlJJfePMCZAcYcRSO9OrP5/bDF5DJ/1lnrZq9omT9Y2KWTdngMvEKkgFFGj1jakziHASkFBihoToWWYs3RRxSTEjme4kgsQIj9GQ9BQNUUCEm84Oy2BVKQPoR1y9UMKZ+rsjRYEQk8BTlfmmYtHLxf+8XiL9KzelYZxIEuL5ID9hUEYwTwkOKCdYsokiCHOqdoV4hDjCUmWpqxCsxZOXSadRt87rjfuLSrNRxFEGR+AY1IAFLkET3IEWaAMMnsALeAPv2rP2qn1on/PSklb0HII/0KbfpdOfdA==</latexit>

P (X)
<latexit sha1_base64="p1oaNIeZ8DM0IFtQ0BEFBgH55yI=">AAACHnicbVDLSsNAFJ3UV42vqEs3g6VQQUpSFd0IBV24rGDbQBPKZDpph04ezEyEEvIlbvwVNy4UEVzp3zhps6itBwbOnHMv997jxYwKaZo/WmlldW19o7ypb23v7O4Z+wcdESUckzaOWMRtDwnCaEjakkpG7JgTFHiMdL3xTe53HwkXNAof5CQmboCGIfUpRlJJfeOiVbNP9KoTIDnCiKV2Nve5zeA1dNI58zQvd7K+UTHr5hRwmVgFqYACrb7x5QwinAQklJghIXqWGUs3RVxSzEimO4kgMcJjNCQ9RUMUEOGm0/MyWFXKAPoRVy+UcKrOd6QoEGISeKoy31Qsern4n9dLpH/lpjSME0lCPBvkJwzKCOZZwQHlBEs2UQRhTtWuEI8QR1iqRHUVgrV48jLpNOrWWb1xf15pNoo4yuAIHIMasMAlaII70AJtgMETeAFv4F171l61D+1zVlrSip5D8Afa9y+A5KDY</latexit>

X 2 X
<latexit sha1_base64="L65ecqb28YBGCyHIUEbgJZUwKrI=">AAACL3icbVBdS8MwFE3n16xfVR99CY7BBBntFPRFGCji4wS3FdYx0izbwtK0JKkwSv+RL/6VvYgo4qv/wnQbsg8PBE7OuZd77/EjRqWy7Xcjt7a+sbmV3zZ3dvf2D6zDo4YMY4FJHYcsFK6PJGGUk7qiihE3EgQFPiNNf3ib+c1nIiQN+ZMaRaQdoD6nPYqR0lLHunc9yr0AqQFGLHFTs1gruWdmcUH6+9yl8AZ6yZx5npV7accq2GV7ArhKnBkpgBlqHWvsdUMcB4QrzJCULceOVDtBQlHMSGp6sSQRwkPUJy1NOQqIbCeTe1NY1EoX9kKhH1dwos53JCiQchT4ujLbVC57mfif14pV77qdUB7FinA8HdSLGVQhzMKDXSoIVmykCcKC6l0hHiCBsNIRmzoEZ/nkVdKolJ2LcuXxslCtzOLIgxNwCkrAAVegCh5ADdQBBi9gDD7Ap/FqvBlfxve0NGfMeo7BAoyfX/h2p8I=</latexit>

X
<latexit sha1_base64="e+EU3rOZgL/PdqtOIwjYuCDZChI=">AAACGHicbVDLSsNAFJ3UV42vqEs3g6VQQWpSBd0IBV24rGDbQBPKZDpph04ezEyEEvIZbvwVNy4Ucdudf+OkDaKtBwbOnHMv997jxYwKaZpfWmlldW19o7ypb23v7O4Z+wcdESUckzaOWMRtDwnCaEjakkpG7JgTFHiMdL3xTe53HwkXNAof5CQmboCGIfUpRlJJfePMCZAcYcRSO9OrP5/bDF5DJ/1lnrZq9omT9Y2KWTdngMvEKkgFFGj1jakziHASkFBihoToWWYs3RRxSTEjme4kgsQIj9GQ9BQNUUCEm84Oy2BVKQPoR1y9UMKZ+rsjRYEQk8BTlfmmYtHLxf+8XiL9KzelYZxIEuL5ID9hUEYwTwkOKCdYsokiCHOqdoV4hDjCUmWpqxCsxZOXSadRt87rjfuLSrNRxFEGR+AY1IAFLkET3IEWaAMMnsALeAPv2rP2qn1on/PSklb0HII/0KbfpdOfdA==</latexit>

P (X)
<latexit sha1_base64="p1oaNIeZ8DM0IFtQ0BEFBgH55yI=">AAACHnicbVDLSsNAFJ3UV42vqEs3g6VQQUpSFd0IBV24rGDbQBPKZDpph04ezEyEEvIlbvwVNy4UEVzp3zhps6itBwbOnHMv997jxYwKaZo/WmlldW19o7ypb23v7O4Z+wcdESUckzaOWMRtDwnCaEjakkpG7JgTFHiMdL3xTe53HwkXNAof5CQmboCGIfUpRlJJfeOiVbNP9KoTIDnCiKV2Nve5zeA1dNI58zQvd7K+UTHr5hRwmVgFqYACrb7x5QwinAQklJghIXqWGUs3RVxSzEimO4kgMcJjNCQ9RUMUEOGm0/MyWFXKAPoRVy+UcKrOd6QoEGISeKoy31Qsern4n9dLpH/lpjSME0lCPBvkJwzKCOZZwQHlBEs2UQRhTtWuEI8QR1iqRHUVgrV48jLpNOrWWb1xf15pNoo4yuAIHIMasMAlaII70AJtgMETeAFv4F171l61D+1zVlrSip5D8Afa9y+A5KDY</latexit>

T = {Y, P (Y |X)}
<latexit sha1_base64="S1UOBC5dv+nK7DGZSZybGtDe9QI="></latexit>

Y
<latexit sha1_base64="hT/y1eeuPGSBh+P5WU7mrVL2j4U="></latexit>

P (Y |X)
<latexit sha1_base64="SdZRRTPWM1xS4rCG+7jkYTvrhvw="></latexit>

Y 2 Y
<latexit sha1_base64="jajn4jzBJNerfLTg1GrK5o3eJLU="></latexit>

Y
<latexit sha1_base64="hT/y1eeuPGSBh+P5WU7mrVL2j4U="></latexit>

Age (e.g., 31, 49, 34, 50, 31)

Person recognition 
(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 (not covered in this lecture)
• 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

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

12* 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
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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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• Increasing the target model capacity in various ways [Wang et al., 2017] 
• 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

14* 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

15
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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
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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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• Select samples from the source domain before pre-training [Cui et al., 2018]
• Select only related samples to the target task
• Pre-train CNNs on the selected set ⟹ Fine-tune CNNs on the target dataset

• How to measure similarity between samples in source/target datasets?
• for                               where          is a feature extractor
• Earth Mover’s Distance: minimum cost of moving samples between two sets

• With some constraints
• Incrementally select samples in the source domain using a greedy strategy 

Sample Selection for Pre-training

17* source: [Cui et al., 2018] 
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• Transfer learning performance on the selected subsets

• Pre-training on selected subsets achieves good performance consistently

• The relationship between transfer learning performance and domain similarity 

• Drawbacks
• Pre-training for each model

• Pre-training takes few hours ~ days
• Need all samples in source domain

• # of samples in source datasets > 1M

Sample Selection for Pre-training

18
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* source: [Cui et al., 2018] 
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• Pre-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

19
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• 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

20* source: [Hendrycks et al., 2019] 
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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
• Matching outputs or intermediate features

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

22

Source (teacher) model

Target (student) model

Matching output
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• [Hinton et al., 2015] propose
• 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

23
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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

24
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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

25

Model Error rate (%)

Source model 0.67

Target model 
(without knowledge distillation) 1.46

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

…
…

…

…
…

…
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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

26
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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

27
Visualization of VQA model.

* source: [Selvaraju et al., 2016] 
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• Matching the attention of intermediate features [Zagoruyko et al. 2017] 
• 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

28* 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

29

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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• Several Jacobian-based regularizations have been proposed recently
• 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

30

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.
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Jacobian Matching: Experimental Results

31

• 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
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• [Ahn et al., 2019] maximize mutual information between source/target models 
• Use the variational information maximization [Barber and Agakov, 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

32

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

33

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

34

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

35

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 find what and where to transfer based on 
meta-learning for maximizing transfer effect

Learning What and Where to Transfer

36

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

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

• Meta-network 𝒇 decides useful channels to transfer

Learning What and Where to Transfer

37
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• [Jang et al., 2019] use meta-weighted feature matching for transfer

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

Learning What and Where to Transfer

38
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Q) How to learn meta-networks 𝑓, 𝑔?

• [Jang et al., 2019] propose 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

39

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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• 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

40* 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

41* 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

42
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• Overview of various scenarios of transfer learning

2. Transfer Learning Methods
• Fine-tuning
• Matching outputs or intermediate features

3. Multi-task Learning
• Sharing architectures
• Loss balancing
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• Definition of multi-task learning [Zhang and Yang, 2017] 
• 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?

44
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• Cross-stitch units [Misra et al., 2016] try to find the best shared representations 
for multi-task learning

• 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

45
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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

46
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• One model-patch [Mudrakarta et al., 2019] 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

47* 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

48

One model for each task
One patch for each task
Sharing Most weights ≈
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• What is transfer learning?
• Overview of various scenarios of transfer learning

2. Transfer Learning Methods
• Fine-tuning
• Matching outputs or intermediate features
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3. Multi-task Learning
• Sharing architectures
• Loss balancing
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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] proposed 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

50

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

51

For classification tasks

For regression tasks
This constructions can be 

trivially extended to 
multiple outputs.

weighted sum

weighted sum
as                   .
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• 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

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

Approx. optimal weights are found by grid search.
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• 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

53
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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 
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• Train on NYUv2+kepoint/segmentation dataset with 3 different tasks

• If using farther weights from GradNorm, then worse results are obtained
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• 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
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• 40 binary tasks on CelebA dataset (lower is better)
• This multi-objective optimization [Sener and Koltun, 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
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