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Mid-Semester Logistics Update
- Here is a quick overview of what's still ahead:

- 3/20: HW4 Diffusion Models was due yesterday

- 3/21: L10 Semi-Supervised Learning; Unsupervised Distribution Alignment [this lecture! :) ]

- 4/4:   L11 Compression

- 4/5:   Final Project 3-page milestone: instructions

- 4/11: Midterm 11 and L12 Multimodal Models (***310 SDH***)

- 4/18: L13 AI for Science (Guest Instructor John Ingraham)

& Neural Radiance Fields (Guest Instructors Matthew Tancik & Ben Mildenhall)

- 4/19: L14 Representation Learning in Reinforcement Learning

- 5/10: Final Project Reports and Final Project Video Presentations due
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https://sites.google.com/view/berkeley-cs294-158-sp24/home/final-project?authuser=0
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Outline

- Intros
- Semi-Supervised Learning
- Unsupervised Distribution Alignment
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High Level Intuition
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[source: A primer on semi-supervised learning by Neeraj Varshney]
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Semi-Supervised Learning

● Classification: Fully Supervised
○ Training data: (image, label), predict label for new images.

●  What if we have a few labeled samples and many unlabeled samples? 
Labeling is generally time-consuming and expensive in certain domains.

● Semi-Supervised Learning
○ Training data: Labeled data (image, label) and Unlabeled data 

(image)
○ Goal: Use the unlabeled data to make supervised learning 

better
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Why Semi-Supervised Learning?

Slide: Thang Luong
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What is Semi-Supervised Learning?
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Supervised Learning

Semi-Supervised Learning
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Many (Related) Semi-Supervised Learning Ideas
■ Approaches

■ Entropy minimization
■ Pseudo Labeling
■ Consistency Training: Logit Consistency across Augmentations

■ Pi-Model, Temporal Ensembling, Mean Teacher 
■ Virtual Adversarial Training 

■ UDA: Unsupervised Data Augmentation for Consistency Training
■ MixMatch: Holistic Approach to Semi-Supervised Learning
■ Noisy Student (Self-Training at Scale)

8



L10 Semi-Supervised Learning and Unsupervised Distribution Alignment
UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan

Entropy Minimization

9

Minimize:

Classification loss 
- log p(y|x) on labeled examples

Entropy
-sum_y p(y|x) log p(y|x) on unlabeled examples

Intuition: will favor decision boundary in 
low density area
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Pseudo Labeling
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1. Train p(y|x) on labeled data
2. Repeat:

- Evaluate p(y|x) on unlabeled 
data + assign pseudo-labels for 
most confident

- Train p(y|x) on labeled + 
pseudo-labeled data
Until: all data labeled

Intuition: gradually grow out from 
labeled data
~ gradual version of entropy minimization
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Label Consistency with Data Augmentation
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Label Consistency with Data Augmentation

Could be Unlabeled or Labeled
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Label Consistency with Data Augmentation
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Label Consistency with Data Augmentation

Make sure that the logits are similar
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More Data Augmentation -> Regularization 
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pi-Model
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pi-Model
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Temporal Ensembling for Semi-Supervised Learning

https://arxiv.org/pdf/1610.02242.pdf
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Temporal Ensembling
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Temporal Ensembling for Semi-Supervised Learning

https://arxiv.org/pdf/1610.02242.pdf
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Temporal Ensembling
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Temporal Ensembling for Semi-Supervised Learning

https://arxiv.org/pdf/1610.02242.pdf
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Mean Teacher
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Mean Teachers are better role models

https://arxiv.org/abs/1703.01780
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Virtual Adversarial Training
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Virtual Adversarial Training: A Regularization Method for Supervised and Semi-Supervised Learning

https://arxiv.org/abs/1704.03976
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Virtual Adversarial Training
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Realistic Evaluation of Semi-Supervised Learning
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Wide ResNet
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Wide Residual Networks

https://arxiv.org/abs/1605.07146
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Comparison
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Varying number of labels
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UDA: Unsupervised Data Augmentation

Slides / Figures from Thang Luong
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UDA: Unsupervised Data Augmentation

Key Idea: Apply SOTA Data Augmentation to unlabeled 
data via consistency training in semi-supervised learning

28



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialConsistency Training in Semi-Supervised Learning

Add noise to regularize model 
prediction: VAT  [Miyato et al., 2018]
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Proprietary + ConfidentialConsistency Training in Semi-Supervised Learning

Add noise to regularize model 
prediction: VAT  [Miyato et al., 2018]



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialLabel propagation

Graph taken from VAT (Miyato et al. 2017)
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Proprietary + ConfidentialUnsupervised Data Augmentation (UDA)



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialAugmentation provides Diverse and Valid Perturbations

● Back translation for Text Classification:
○ English –> French –> English
○ Sampling: diverse (high-temperature) vs valid (low-temperature).



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialAugmentation injects task-specific knowledge

● AutoAugment for Image Classification: 
○ Example policies: (Rotate, 0.8, 2), (Brightness, 0.8, 4)
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Proprietary + Confidential

Language Experiments
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Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialText Classification

 
● Four initialization settings
● 3-4 orders magnitude less data
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Proprietary + ConfidentialText Classification

SOTA on IMDb with 20 examples!
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Proprietary + ConfidentialTraining Signal Annealing (TSA)

● Prevent overtraining on labeled data
● Mask out labeled examples based on confidence scores
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Proprietary + ConfidentialIMDb Results with Different Labeled Data Sizes
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Proprietary + Confidential

Vision Experiments



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialSSL Benchmarks on CIFAR-10 and SVHN

30% error reduction from the previous SOTA with WRN-28-2.



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialSSL Benchmarks on CIFAR-10 and SVHN

Further advancing the SOTA with larger networks.



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + Confidential

With only 4k labeled examples, UDA nearly 
matches the fully supervised results

Results with more advanced architectures



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialAblation study on data augmentation

State-of-the-art augmentation is important!



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialImageNet 10% Labeled Examples Experiments

10% labeled data (ResNet-50)

Unlabeled data: 
ImageNet



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialImageNet Full Data Experiments

• Obtaining extra in-domain unlabeled 
data:

• Directly using out-of-domain 
unlabeled data hurts 
performance

• Use baseline to label 
out-of-domain images to infer 
the labels for out-of-domain 
data

• For each category, obtain the 
ones with the highest 
probabilities

Full labeled data (ResNet-50)

Unlabeled data: 
1.3M images from JFT



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialAblation study on TSA

• Yelp-5: 
• A lot of unlabeled examples
• Limited number of labeled 

examples 
• Exp-schedule is the best

• CIFAR-10: 
• 4,000 labeled examples
• 50,000 labeled examples
• Linear-schedule is the best



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialSummary

● Data augmentation is an effective perturbation for SSL.

● UDA significantly improves for both language and vision.

● UDA combines well with transfer learning, e.g., BERT.
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MixMatch

54



L10 Semi-Supervised Learning and Unsupervised Distribution Alignment
UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan

MixMatch
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MixMatch

MixUp
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MixMatch
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MixMatch
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MixMatch
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MixMatch
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Noisy Student

Slides / Figures from Thang Luong
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Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialBackground: Semi-supervised Learning (SSL)

Belief of many ML practitioners Belief of many SSL researchers
Figure credit: Vincent Vanhoucke



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialSelf-training with Noisy Student
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Proprietary + Confidential

● Noise: 
○ Input noise: RandAugment data augmentation.

○ Model noise: Dropout, Stochastic depth.

● Architecture: EfficientNets.

● Pseudo-labels: soft pseudo-labels (continuous).

● Labeled dataset: ImageNet (1.3M images). 

● Unlabeled dataset: JFT (300M unlabeled images). 

● Iterative training: B7->L2->L2->L2

Experiment Settings



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialImageNet Results

● 2% improvement of top-1 accuracy.

● 35% error reduction of top-5 accuracy.

● One order of magnitude less data without labels.

● Twice as small in the number of parameters.

Method # Param Extra Data Top-1 Acc. Top-5 Acc.
GPipe 557M - 84.3% 97.0%

EfficientNet-B7 66M - 85.0% 97.2%

EfficientNet-L2 480M - 85.5% 97.5%

ResNeXt-101 WSL 829M 3.5B instagram images labeled with tags 85.4% 97.6%

FixRes ResNeXt-101 WSL 829M 3.5B instagram images labeled with tags 86.4% 98.0%

Noisy Student (EfficientNet-L2) 480M 300M unlabeled images 88.4% 98.7%

https://arxiv.org/abs/1805.00932
https://arxiv.org/abs/1906.06423


Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialPerformance on small models without iterative training

● The same model is used as the teacher and the student.

● Much better tradeoff in terms of accuracy and model size.



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialRobustness results on ImageNet-A

ImageNet-A: difficult images that cause significant drops in accuracy to state-of-the-art models.



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialRobustness results on ImageNet-C, P

● ImageNet-C and P: images with common corruptions and perturbations such as blurring, fogging, rotation and 
scaling.

● Lower is better for mean corruption error (mCE) and mean flip rate (mFR).



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialQualitative Analysis on ImageNet-A, C and P

Black texts are correct predictions made by our model and red texts are incorrect predictions by 

our baseline model.
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Proprietary + ConfidentialQualitative Analysis on ImageNet-A

sea lion                               lighthouse dragonfly                               bull frog



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + ConfidentialQualitative Analysis on ImageNet-C

parking meter                       vacuum swing                              mosquito net



Source:  Lorem ipsum dolor sit amet, consectetur adipiscing elit. Duis non erat sem

Proprietary + Confidential

● Standard data augmentation  is used when we use 1.3M unlabeled images.
● RandAugment is used when we use 130M unlabeled images.

The Importance of Noise in Self-training

Why can the student model outperform the teacher model?
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Summary of Semi-Supervised Learning

■ Semi-Supervised Learning is a practically important problem for two 
scenarios:

■ Lot of labeled data and a lot more unlabeled data
■ Very little labeled data and plenty of unlabeled data

 

■ Promise early on and lately excellent results for the second scenario

 

■ Not much for the first scenario until recently
■ Noisy Student
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Outline

- Intro
- Semi-Supervised Learning
- Unsupervised Distribution Alignment
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Unsupervised Distribution Alignment

■ Problem Setting:
■ We have access to samples from p(a) and p(b)
■ Without any access to samples from p(a, b) we need to estimate 

p(a|b) and p(b|a)

■ Applications:
■ translation to/from small languages that are not economical to label
■ style transfer
■ augment labeled examples
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Distribution Alignment Problem

■ Text to text

76

https://ai.googleblog.com/2016/09/a-neural-network-for-machine.html

https://ai.googleblog.com/2016/09/a-neural-network-for-machine.html
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Distribution Alignment Problem

■ Image to Image

77

(Isola et al, 2017)
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Unsupervised Distribution Alignment

■ Image to Image

78

(Zhu et al, 2017)
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Unsupervised Distribution Alignment

■ Image to Image

79

(Zhu et al, 2017)
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Unsupervised Distribution Alignment

■ Recall the problem setting:
■ We have access to samples from p(a) and p(b)
■ Without any access to samples from p(a, b) we need to estimate 

p(a|b) and p(b|a)
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Marginal Matching

■ We will try to learn the relationship between A and B:
■ Approximate p(a|b) by qθ(a|b) and p(b|a) by qθ(b|a)

■ The marginals induced by approximate mapping q should match 

original margins:

■ In literature, q(b|a) is oftentimes just a deterministic mapping, 

which we call G
AB

 : A -> B

Note: if q(b|a) too expressive, it could just be p(b), which we don’t 

want 81
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Marginal Matching

■ [hand-draw 1d example]
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Marginal Matching

■ [1d example, ambiguity]

83



L10 Semi-Supervised Learning and Unsupervised Distribution Alignment
UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan

Cycle Consistency
■ Many names in the literature: Cycle Consistency, Dual Learning, Back Translation, …
■ Core idea:

■ In the case of deterministic mapping:

G
BA

(G
AB

(a)) = a

G
AB

(G
BA

(b)) = b

■ Reduces possibilities relative to set of solutions from marginal matching
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Marginal Matching

■ [1d example, with reduced ambiguity]

85



L10 Semi-Supervised Learning and Unsupervised Distribution Alignment
UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan

(partial) Unsupervised Alignment Principles
■ We have covered two invariances that are true for all alignment problems and we 

can use them as learning signals

■ Marginal Matching

■ Cycle Consistency

■ These are obviously not enough in general.

■ In practice, researchers inject additional inductive biases into learning 

systems by selecting architectures, loss functions, and problems.
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CycleGAN

■ Marginal matching w/ GAN: results from x->y need to look like y

■ Cycle consistency w/ deterministic mapping & L1 loss

87

(Zhu et al, 2017)
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CycleGAN: A: images, B: segmentations

(Zhu et al, 2017)

88

Learn unsupervised alignment between images and segmentation
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CycleGAN: A: images, B: segmentations

(Zhu et al, 2017)
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CycleGAN: A: images, B: segmentations

(Zhu et al, 2017)
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CycleGAN

91

(Zhu et al, 2017)
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CycleGAN

92

(Zhu et al, 2017)
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CycleGAN failure cases

93

(Zhu et al, 2017)
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Stochastic Mapping

■ Sometimes deterministic (one-to-one) mappings are too restricted, 

e.g. semantic mask <> image

■ One straightforward way to extend CycleGAN is to make the 

mapping take in an additional noise source (DualGAN)

G
AB

(a, z) : A x Z -> B   instead of G
AB

(a) : A -> B

■ However, we also need to change cycle-consistency l1 loss since 

otherwise z will simply be ignored
■ G

BA
(G

AB
(a, z), z’) = a, which means the choice of z, z’ is irrelevant

94

(Almahairi et al, 2017)
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Augmented CycleGAN

95

(Almahairi et al, 2017)
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CycleGAN can “cheat”

■ It “can” generate diverse mappings

96

(Almahairi et al, 2017)
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Can we do better?

■ Can we do better than only relying on 1) Marginal matching and 2) 

Cycle consistency?
■ Not clear what other invariances we can rely on (good open problem)

■ Core problem is that aligning p(a) and p(b) without knowing what’s 

inside a & b is too difficult.
■ One direction: a & b are usually high-dimensional; there is additional 

structure in them

■ (current image-image alignment works that use ConvNet or patch-based 

discriminator are already implicitly using this principle)
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An NLP Example

■ Let’s say A = all english sentences, B = all french sentences
■ Two semantically unrelated sentences a, b might have the same frequency 

p(a) = p(b) and cycle-consistency won’t rule that out either

■ Nevertheless, we know each sentence is made up of words and it’s unlikely 

the words in those two unrelated sentences have the same statistics.

■ Here we start to make additional assumption, sub-components (e.g. 

words) of a large random variable (e.g. sentences) can have their 

own alignment.
■ And we can make use of co-occurrence statistics of the sub-components. 

word2vec!
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recap: word2vec - Skip Gram
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Skip-gram model

Don’t have to have the denominator over all words in the vocabulary
- Can use negative sampling
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word2vec alignment
■ If similar vector calculus holds in all languages, can we align word embeddings in 

different languages just by uncovering some affine transformation?
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(Facebook blog)
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word2vec alignment
■ Magically it’s only a rotation away (Mikolov et al. 2013, Xing et al 2015)
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(Facebook blog)
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Unsupervised Machine Translation

■ (Lample et al. 2018) leverages all 3 core principles:
■ word-level alignment (= sub-component level statistics)
■ monolingual language models (= marginal matching)
■ back translation (= cycle consistency)
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(Conneau et al. 2018)
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Unsupervised Machine Translation
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(Conneau et al. 2018)



L10 Semi-Supervised Learning and Unsupervised Distribution Alignment
UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan

Language Quantized AutoEncoder
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[Liu, Yan, Abbeel, 2023]



L10 Semi-Supervised Learning and Unsupervised Distribution Alignment
UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan

Language Quantized AutoEncoder
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[Liu, Yan, Abbeel, 2023]
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Language Quantized AutoEncoder
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[Liu, Yan, Abbeel, 2023]


