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Outline

• Data augmentation 
– w/ Assignment 2

• Transfer learning
• Domain adaptation
• Semi-supervised learning
• Active learning / Uncertainty measure
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Data augmentation: basics

• The more training samples are, the better the result will be
– However, hard to get many samples with true labels

• We create ‘new’ samples from existing ones = data augmentation
• All sorts of image transformation that do not change ‘contents’

– Crop, horizontal/vertical flip
– Geometric warp: scaling, sheer, etc.
– Color changes

[Karianakis+2015]



AutoAugment

• Search for the best combination of pre-defined image transformations; 
some of them have parameters need to be set
– ShearX/Y, TranslateX/Y, Rotate, AutoContrast, Invert, Equalize, Solarize, Posterize, 

Contrast, Color, Brightness, Sharpness, Cutout, Sample Pairing

• Reinforcement learning is employed to do this search

Cubuk+(Google Brain), AutoAugment: Learning Augmentation Strategies from Data, CVPR2019 

5

１つの
り，１つの
きの画像変換からなる



Cutout

• Mask a part of the image with randomly generated gray square
• Some relation to dropout

Devries+, Improved Regularization of Convolutional Neural Networks with Cutout, arXiv2017
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• Pick two samples w/ different labels and mix up them as follows
– λ is a random number sampled from a beta distribution β(α,α)

Mixup
Zhang+, mixup: Beyond empirical risk minimization, ICLR18
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Mixup
Zhang+, mixup: Beyond empirical risk minimization, ICLR18
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Assignments 2

• Mission: Apply data augmentation to MNIST digit classification and analyze 
its effect
– Send your submission to okatani@vision.is.tohoku.ac.jp by Nov. 18

• Minimum requirements:
– Use at least 5 different augmentation methods using torchvision.transforms; you can find 

the definition of affine transformation here
– Choose a network and train it on 1,000 samples with each of the augmentation 

methods
– Observe your results and explain what you have found 
– Don’t forget to report the augmentation methods you tested

• Optional (5% additional score will be given if you accomplish this):
– Analyze the effect of Mixup on MNIST; a sample code is here
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transform = transforms.Compose([transforms.RandomAffine((-10.0, 10.0)),
transforms.ToTensor(),
transforms.Normalize((0.1307,), (0.3081,))])

https://en.wikipedia.org/wiki/Affine_transformation

https://drive.google.com/open?id=16FR37YVBEOIGoi0y25wD5ypf4eIaZ7nb

http://vision.is.tohoku.ac.jp
https://pytorch.org/docs/stable/torchvision/transforms.html
https://en.wikipedia.org/wiki/Affine_transformation
https://drive.google.com/open%3Fid=16FR37YVBEOIGoi0y25wD5ypf4eIaZ7nb


Transfer Learning

• Formal definition: Applying knowledge gained in the process of solving 
one problem to a different but related problem

• Known to be highly effective for neural networks
• They primary reason of using TL: train NNs on a task with a limited 

amount of training data
• Example: Object category recognition and scene category 

recognition

CNN ‘lion’

CNN ‘kitchen’



TL: Using layer activation as features

• Using a CNN trained on one task as a `feature extractor’
– Input an image into the CNN, extract activation (a vector) of one 

selected layer, and use it for classifying the input

DeCAF [Denahue+13], CNN features off-the-shelf [Razavian+14]

From Razavian+, CNN Features off-the-shelf: an Astounding Baseline for Recognition, 2014

Feature

‘kitchen’

SVM etc.



TL: Fine-tuning of a pretrained CNN

• A network (i.e., its weights) trained on one task is utilized for 
another task by i) retraining the net on the new task
– At least the last layer needs to be renovated

• E.g., a different number of classes

– Equivalent to initializing weights by the old task àTraining is stabilized; 
weights are already close to the optimum for the new task
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TL: Fine-tuning of a pretrained CNN

• A network (i.e., its weights) trained on one task is utilized for 
another task by ii) optimizing weights of only selected layers 
– Usually high layers are selected, because lower layers are expected to 

have learned fundamental features, which may be shared by other tasks
– By selecting a few layers, the number of free parameters decreases à

a small amount of data may be sufficient
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Transferability between tasks
Zamir+, Taskonomy: Disentangling Task Transfer Learning, CVPR2018
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Domain shift

• Source domain and target domain
• Labeled samples are available in the 

source domain; e.g., synthetic data
• Unlabeled samples in the target 

domain
• Differences between the two 

domains matter, even if small
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How large can the effect be?

• Domains = noises or transformations applied on clean images
• CNNs trained on one domain are not effective on others

– 他のノイズにはほとんど転移しない

Geirhos+(U Tubingen), Generalisation in humans and deep neural networks, NIPS2018 
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Domain adaptation: adversarial training
Tzeng+, Adversarial Discriminative Domain Adaptation, CVPR2017
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• Try to extract features from samples of 
target domain that are indistinguishable 
from those of source samples
– Discriminator:  trained so as to distinguish 

the domain from the feature
– Target CNN: trained so as to yield 

indistinguishable feature from inputs

• Use the target CNN + the classifier to 
classify samples in the target domain



Domain adaptation: adversarial training
Tzeng+, Adversarial Discriminative Domain Adaptation, CVPR2017
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Semi-supervised learning

• Problem setting:  We have a small amount of labeled samples and a 
large amount of unlabeled samples
– Background: Annotating (giving labels to) samples is expensive

• How can we utilize the unlabeled samples?

Oliver+(Google Brain), Realistic Evaluation of Semi-Supervised Learning Algorithms, arXiv2018 
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Semi-supervised learning

• Consistency regularization … (a)
– Apply transformations used in data augmentation to unlabeled samples 

and require the predictions to be consistent before/after the trans.
• Pseudo labeling … (b)

– Regard the prediction for unlabeled samples with high confidence to 
be true prediction

• Entropy minimization … (c)
– Require the distribution of class scores to be sharper

Oliver+(Google Brain), Realistic Evaluation of Semi-Supervised Learning Algorithms, arXiv2018 
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Unsupervised data augmentation (UDA)

• Consistency regularization with all possible data augmentation methods

Xie+(Google Brain), Unsupervised Data Augmentation, arXiv19.04 
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Unsupervised data augmentation (UDA)

• Currently the best semi-supervised learning method
– It surpasses the full-supervised training on SVHN

Xie+(Google Brain), Unsupervised Data Augmentation, arXiv19.04 
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ImageNetをラベル付き，JFTの⼀部
(1.3M)をラベルなしとした場合



Unsupervised data augmentation (UDA)

• It works well also for NLP tasks
– Combined with a BERT pretrained model, it achieves SOTA-level 

performance with only 20 samples

Xie+(Google Brain), Unsupervised Data Augmentation, arXiv19.04 
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E.g. Yelp “They have the best happy hours, the 
food is good, and service is even better. When it is 
winter we become regulars.” → 4 star



Active learning: Motivation and applications

• Goal: enable to select a fixed number of samples such that an NN achieves 
the maximum performance when trained on them
– Maximum performance from fewest samples
– Useful especially when we have a lot of unlabeled data but annotation cost is 

high
– Or equivalently, we with to achieve a target accuracy with minimum 

annotation cost

• Which sample to choose:  the priority computed by an acquisition function

36
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Active learning: Outline

• The standard procedure is as follows:
1. Train your net with initial N labeled samples 
2. Select N’ samples (unlabeled) using the current net and give them 

labels
3. Train your net using all the samples you currently have (from scratch) 
4. Go to 2

• Approaches [Settles, Active learning literature survey, 2010]

– Based on information theory: Select samples providing the maximum 
information gain

– Based on uncertainty: Select samples leading to the most uncertain 
prediction

37
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Math of uncertainty
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An input

Prediction
（e.g. class ID）

Training data

Uncertainty 
of prediction
given an input
(Uncertainty 
due to input)

Uncertainty of model 
parameter dependent on 

training data
(Uncertainty of model)

Approximated by an 
ensemble of models (trained 
from different initial values)

• Classification: 
p(y=c|x) is 
directly predicted

• Regression: y is 
predicted, not 
p(y|x)



Metrics of uncertainty

Single model

• Max-softmax
– aka. confidence
– Lower = more uncertain

• Entropy of softmax
– Higher = more uncertain

Ensemble models

• Max of averaged softmax
• Entropy of averaged softmax
• Variance of softmax

– (in)consistency of model’s prediction

• Variation Ratio (varR)
– Lower = more uncertain
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Softmax with temperature scaling

• Maximum of softmax outputs＝confidence

• Softmax w/ temperature scaling
– Larger T makes the distribution more flat
– The default is T =1
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Calibration of softmax

• Criticism for confidence: modern NNs tend to be overconfident
• Calibration: Adjust temperature so that confidence will be close 

to classification accuracy 

Guo+, On Calibration of Modern Neural Networks, ICML2017 
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E.g. Samples with confidence=0.5 
should be classified accurately 
with probability = 0.5



Model ensemble ≒ MC-dropout

• Ensemble of different models
– The same network trained with 

different initial values

• MC-dropout
– Dropout is used at test time
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Active learning with an ensemble of networks

• An ensemble of networks trained with different initial values
– Acquisition function: varR (variarion ratio)

Beluch+, The power of ensembles for active learning in image classification, CVPR2018
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Outline

• Data augmentation 
– w/ Assignment 2

• Transfer learning
• Domain adaptation
• Semi-supervised learning
• Active learning / Uncertainty measure
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