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Mid-Semester Logistics Update

- Hereis 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: 113 Al 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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High Level Intuition

4 o

( 00D

\Semi—Supervised Learningj

[source: A primer on semi-supervised learning by Neeraj Varshney]

\ Unsupervised Learning/
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Semi-Supervised Learning

e C(Classification: Fully Supervised

©)

Training data: (image, label), predict label for new images.

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

e Semi-Supervised Learning

O

Training data: Labeled data (image, label) and Unlabeled data
(image)

Goal: Use the unlabeled data to make supervised learning
better



Why Semi-Supervised Learning?
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Labeled Data Labeled Data
Belief of many ML practitioners Dream of many SSL researchers

Slide: Thang Luong
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What is Semi-Supervised Learning?

Supervised Learning

(CE, y) ™~ p(z, y)

max E:z:,yrvp(a:,y) [lOg p(ylm)]

Semi-Supervised Learning

Dy @ ~p(x), Ds : (z,y) ~ p(z,y)
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Many (Related) Semi-Supervised Learning Ideas

m Approaches
Entropy minimization
= Pseudo Labeling

s 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)
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Entropy Minimization

Semi-supervised Learning Minimize:
by Entropy Minimization

Classification loss

Yves Grandvalet * Yoshua Bengio _ ( | )
Heudiasyc, CNRS/UTC Dept. IRO, Université de Montréal Iog p y X) onlabeled examples
60205 Compiégne cedex, France Montreal, Qc, H3C 3J7, Canada
grandval@utc.fr bengioy@iro.umontreal.ca

Abstract E nt ro py
We consider the semi-supervised learning problem, where a decision rule _S u m y p (y | X) I Og p (y | X) on unlabeled examples

is to be learned from labeled and unlabeled data. In this framework, we
motivate minimum entropy regularization, which enables to incorporate
unlabeled data in the standard supervised learning. Our approach in-
cludes other approaches to the semi-supervised problem as particular or
limiting cases. A series of experiments illustrates that the proposed solu-
tion benefits from unlabeled data. The method challenges mixture mod-
els when the data are sampled from the distribution class spanned by the
generative model. The performances are definitely in favor of minimum
entropy regularization when generative models are misspecified, and the

weighting of unlabeled data provides robustness to the violation of the I ntU itiO n . Wi I I faVO r dECiSiO n bO U n d a ry in

“cluster assumption”. Finally, we also illustrate that the method can also

be far superior to manifold learning in high dimension spaces. I OW d e N S Ity a re a



Pseudo Labeling

Pseudo-Label : The Simple and Efficient Semi-Supervised Learning

Method for Deep Neural Networks

Dong-Hyun Lee

SAYIT78@QGMAIL.COM

Nangman Computing, 117D Garden five Tools, Munjeong-dong Songpa-gu, Seoul, Korea

Abstract

We propose the simple and efficient method
of semi-supervised learning for deep neural
networks. Basically, the proposed network is
trained in a supervised fashion with labeled
and unlabeled data simultaneously. For un-
labeled data, Pseudo-Labels, just picking up
the class which has the maximum predicted
probability, are used as if they were true la-
bels. This is in effect equivalent to Entropy
Regularization. It favors a low-density sepa-
ration between classes, a commonly assumed
prior for semi-supervised learning. With De-
noising Auto-Encoder and Dropout, this sim-
ple method outperforms conventional meth-
ods for semi-supervised learning with very
small labeled data on the MNIST handwrit-
ten digit dataset.

and unsupervised tasks using same neural network
simultaneously. In (Ranzato et al., 2008), the weights
of each layer are trained by minimizing the combined
loss function of an autoencoder and a classifier. In
(Larochelle et al., 2008), Discriminative Restricted
Boltzmann Machines model the joint distribution
of an input vector and the target class. In (Weston
et al., 2008), the weights of all layers are trained by
minimizing the combined loss function of a global
supervised task and a Semi-Supervised Embedding as
a regularizer.

In this article we propose the simpler way of training
neural network in a semi-supervised fashion. Basically,
the proposed network is trained in a supervised fash-
ion with labeled and unlabeled data simultaneously.
For unlabeled data, Pseudo-Labels, just picking up the
class which has the maximum predicted probability
every weights update, are used as if they were true la-

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



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

(b) Crop and resize  (c) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter)

(f) Rotate {90°, 180°, 270°} (g) Cutout (h) Gaussian noise (1) Gaussian blur (j) Sobel filtering
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pi-Model

M-model )
w
Vi = »  cross- it
: ] i
X stochastic > network > entropy —» weighted ]
augmentation || with dropout ~L> squared > UM > loss
Zj difference
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pi-Model

Algorithm 1 II-model pseudocode.

Require: z; = training stimuli
Require: L = set of training input indices with known labels
Require: y; = labels for labeled inputs ¢ € L
Require: w(t) = unsupervised weight ramp-up function
Require: fy(z) = stochastic neural network with trainable parameters 6
Require: g(z) = stochastic input augmentation function

for ¢ in [1, num_epochs] do

for each minibatch B do

zieB < fo(9(xieB)) > evaluate network outputs for augmented inputs
ZieB < fo(g9(xieB)) > again, with different dropout and augmentation
loss < — ﬁ > ie(BnrL) 108 2i[yi] > supervised loss component
+ w(t) ﬁ >ien 15— %]|* > unsupervised loss component
update 6 using, e.g., ADAM > update network parameters
end for
end for
return 6

Temporal Ensembling for Semi-Supervised Learning



https://arxiv.org/pdf/1610.02242.pdf

Temporal Ensembling

Temporal ensembling

w(?)
N »|  cross- -
, _ entropy .
h Z — | weighted |

i ausg;crcilce:tsattlfon wiphetlvzggéut l 5 sam loss
squared

Z- »| difference

\ ’Zl'

Temporal Ensembling for Semi-Supervised Learning
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Temporal Ensembling

Algorithm 2 Temporal ensembling pseudocode. Note that the updates of Z and Z could equally
well be done inside the minibatch loop; in this pseudocode they occur between epochs for clarity.

Require: z; = training stimuli
Require: L = set of training input indices with known labels
Require: y; = labels for labeled inputs ¢ € L
Require: o =ensembling momentum, 0 < o < 1
Require: w(t) = unsupervised weight ramp-up function
Require: fy(z) = stochastic neural network with trainable parameters 6
Require: ¢(z) = stochastic input augmentation function
Z < Oinxcy > initialize ensemble predictions
Z < O|nxcy > initialize target vectors
for ¢ in [1, num_epochs] do
for each minibatch B do

zieB < fo(g(zicn,1)) > evaluate network outputs for augmented inputs
loss < — ﬁ > ie(Bnr) 108 2i[yi] > supervised loss component
+ w(t) ﬁ ¥ em |18 — B2 > unsupervised loss component
update 6 using, e.g., ADAM > update network parameters
end for
Z+—aZ+(1-a)z > accumulate ensemble predictions
Z +— Z/(1—ab) > construct target vectors by bias correction
end for
return 6

Temporal Ensembling for Semi-Supervised Learning



https://arxiv.org/pdf/1610.02242.pdf

Mean Teacher

Mean Teachers are better role models

prediction prediction

! t
* classification = I B = ) consistency - il I o
cost cost
t t t
— ]
| |
[essss—— |
’ ’
| exponentlal BBemm_———————=
s ——— moving I
average
L ] L |
label input student model teacher model
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Virtual Adversarial Training

Tadv = —€g/||g||2 Where g = V logp(y | z; 6)

ry-adv = arg max KL[p(- | z; 0)||p(- |  + 7; 0)]
7 rl[<e

Virtual Adversarial Training: A Regularization Method for Supervised and Semi-Supervised Learning
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https://arxiv.org/abs/1704.03976

Virtual Adversarial Training

Algorithm 1 Mini-batch SGD for VgRvadv(8)|,_s with a
one-time power iteration method.

1) Choose M samples of z(*)(i = 1,..., M) from dataset
D at random.

2) Generate a random unit vector d¥) € R! using an iid
Gaussian distribution.

3) Calculate 7,4y via taking the gradient of D with respect
to r on r = £d on each input data point z(:

g  V.D [p(y]2®, 0), p(y|z? +1,6)| |

. r=£d®’
rios < 99/11gD |2
4) Return
M
Ve (iZD p(y129,6), p(y|z® + ) 0)])
M ’ ’ vadv?’
=1 =0
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Realistic Evaluation of Semi-Supervised Learning

Realistic Evaluation of Deep Semi-Supervised
Learning Algorithms

Avital Oliver; Augustus Odena; Colin Raffel; Ekin D. Cubuk & Ian J. Goodfellow
Google Brain
{avitalo,augustusodena,craffel, cubuk,goodfellow}@google.com

Abstract

Semi-supervised learning (SSL) provides a powerful framework for leveraging
unlabeled data when labels are limited or expensive to obtain. SSL algorithms based
on deep neural networks have recently proven successful on standard benchmark
tasks. However, we argue that these benchmarks fail to address many issues that
SSL algorithms would face in real-world applications. After creating a unified
reimplementation of various widely-used SSL techniques, we test them in a suite
of experiments designed to address these issues. We find that the performance
of simple baselines which do not use unlabeled data is often underreported, SSL
methods differ in sensitivity to the amount of labeled and unlabeled data, and
performance can degrade substantially when the unlabeled dataset contains out-of-
distribution examples. To help guide SSL research towards real-world applicability,
we make our unified reimplemention and evaluation platform publicly available.”



Wide ResNet

(a) basic (b) bottleneck (c) basic-wide (d) wide-dropout

Wide Residual Networks
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Comparison

Dataset # Labels Supervised II-Model Mean Teacher VAT VAT + EntMin  Pseudo-Label
CIFAR-10 4000 20.26 = .38% 1637 = .63%  15.87 = 28%  13.86 = .27% 13.13 4 .39% 17.78 & :57%
SVHN 1000 12.83 £+ .47% 7.19 + .27% 5.65 £+ 47% 5.63 £ .20% 5.35 £ .19% 7.62 £ .29%
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Varying number of labels

CIFAR-10, Varying Number of Labels SVHN, Varying Number of Labels

50% K —e— II-Model . | —e— II-Model
—m— Mean Teacher 20% "~ —m— Mean Teacher
40% == VAT —— VAT
S ? —4— Pseudo-Label S 159 —4— Pseudo-Label
i (0
+— 30% %)
wn 1 o,
& — 10%
20%
5%
10% ‘
[ 250 500 1000 2000 4000 8000
250 500 1000 2000 4000 8000 Number of Labeled Datapoints

Number of Labeled Datapoints

L10 Semi-Supervised Learning and Unsupervised Distribution Alignment

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan



UDA: Unsupervised Data Augmentation

UNSUPERVISED DATA AUGMENTATION
FOR CONSISTENCY TRAINING

Qizhe Xie'?, Zihang Dai''?, Eduard Hovy?, Minh-Thang Luong', Quoc V. Le'
! Google Research, Brain Team, ? Carnegie Mellon University
{gizhex, dzihang, hovy}@cs.cmu.edu, {thangluong, qvl}Q@google.com

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



Consistency Training in Semi-Supervised Learning

Supervised
Cross-entropy Loss

pe(y | x) y"
L [

X y*

N

[ Labeled Data j [Unlabeled Data]




Consistency Training in Semi-Supervised Learning

RN

Supervised Add noise to regularize model
Cross-entropy Loss prediction: VAT [Miyato et al., 2018]

pe(y | x) y
L [ P4

' y* X
[ Labeled Data j [Unlabeled Data]




Consistency Training in Semi-Supervised Learning

b
po(y | %) \

Supervised j [ Unsupervised

Cross-entropy Loss Consistency Loss

pe(y | x) y* (v | x)
L I L

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

' y* X
[ Labeled Data j [Unlabeled Da’ca]




Consistency Training in Semi-Supervised Learning

Final Loss

X
/ \ pe(y | %) \
Supervised Unsupervised Add noise to regularize model
Cross-entropy Loss Con81stency Loss prediction: VAT [Miyato et al., 2018]
Pe(y | x) y" Py | x)
. I L P4
' y* X
[ Labeled Data j [Unlabeled Da’ca]




Label propagation

2 O QLabeled point 2 2 2
R O Unlabeled point
O

-2 -1 0 1 2 =2

(1) Before training (2) After 10 updates (3) After 100 updates (4) After 1000 updates

Graph taken from VAT (Miyato et al. 2017)




Unsupervised Data Augmentation (UDA)

[ Final Loss ] 2

Po(y | %) \
\ _.-~ Back translation
Supervised Unsupervised _ H ----- AutoAugment
Cross-entropy Loss Con81stency Loss Augmentations .
pe(y | x) y* ps(y | %) / * TF-IDF word
replacement
L | L
' y* X
[ Labeled Data j [Unlabeled Data]




Augmentation provides Diverse and Valid Perturbations

Since it was highly limited in terms of N\
budget, and the production restrictions, the
film was cheerful. J

Given the low budget and Back translation There are few budget items and production N\

production limitations, this movie > limitations to make this film a really good

is very good. J bne. -
Due to the small dollar amount and R
production limitations the ouest film is very
beautiful. v

e Back translation for Text Classification:
o English —> French —> English
o Sampling: diverse (high-temperature) vs valid (low-temperature).



Augmentation injects task-specific knowledge

AutoAugment

e AutoAugment for Image Classification:
o Example policies: (Rotate, 0.8, 2), (Brightness, 0.8, 4)



Language Experiments




Text Classification

Fully supervised baseline

Datasets IMDb  Yelp-2 Yelp-5 Amazon-2 Amazon-5 DBpedia
(# Sup examples) (25k) (560k) (650k) (3.6m) (3m) (560Kk)
Pre-BERT SOTA 4.32 2.16 29.98 332 34.81 0.70
BERTLARGE 4.51 1.89 29.32 2.63 34.17 0.64




Text Classification

Fully supervised baseline

Datasets IMDb  Yelp-2 Yelp-5 Amazon-2 Amazon-5 DBpedia
(# Sup examples) (25k) (560k) (650k) (3.6m) (3m) (560Kk)
Pre-BERT SOTA 4.32 2.16 29.98 392 34.81 0.70
BERTLARGE 451 1.89 29.32 2.63 34.17 0.64

Semi-supervised setting

ces as . gs IMDb  Yelp-2 Yelp-5 Amazon-2 Amazon-5 DBpedia
Initialization  UDA || Fo—00) 050 (0) 2356 (140)
Random 5
BERTgAsk o e Four initialization settings
X e 3-4 orders magnitude less data

BERTLARGE v

N
BERTFiNETUNE v




Text Classification

Fully supervised baseline

Datasets IMDb  Yelp-2 Yelp-5 Amazon-2 Amazon-5 DBpedia
(# Sup examples) (25k)| (560k) (650k) (3.6m) (3m) (560Kk)
Pre-BERT SOTA 4.32 2.16 29.98 392 34.81 0.70
BERTLARGE 4.51 1.89 29.32 2.63 34.17 0.64

Semi-supervised setting

R IMDb  Yelp-2 Yelp-5 Amazon-2 Amazon-5 DBpedia
Initialization  UDA "1 "o (250 (20) (2.5K) (140)
Random x 4327 4025  50.80 45.39 55.70 41.14

7 25.23]  8.33 41.35 16.16 44.19 7.24

SERT x 27561 13.60  41.00 26.75 44.09 2.58
BASE v 5.45 2.61 33.80 3.96 38.40 1.33
BERT: X 11.72| 1055  38.90 15.54 42.30 1.68
HAEEE v 4.78 2.50 33.54 3.93 37.80 1.09
T ) X 6.50 2.94 32.39 12.17 3753 -
RINEIEE ¥4 4.20 2.05 32.08 3.50 37.12 -

SOTA on IMDb with 20 examples!




Training Signal Annealing (TSA)

e Prevent overtraining on labeled data



Training Signal Annealing (TSA)

e Prevent overtraining on labeled data
e Mask out labeled examples based on confidence scores

1

min EE:B —logpe(y [ )| (pe(y | ) <1t)
LY

| S ]




Training Signal Annealing (TSA)

e Prevent overtraining on labeled data
e Mask out labeled examples based on confidence scores




IMDb Results with Different Labeled Data Sizes
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Q
<

94.5
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' —— Superivsed (BERT-finetune)
([ i TA
93.5 Previous SO
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Vision Experiments



SSL Benchmarks on CIFAR-10 and SVHN

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

Google

Methods | Model #Param | CIFAR-10 (4k) SVHN (1k)
Pseudo-Label WRN-28-2 1.5M 1621 +0.11 7.62+0.29
LGA + VAT WRN-28-2 1.5M 12.06 £ 0.19  6.58 £0.36
mixmixup WRN-28-2 1.5M 10 -

[ICT WRN-28-2 1.5M 766+ 0.17 3.58 £0.07]
[T-Model Conv-Large 3.1M 1236:4+ 031 4824017
Mean Teacher Conv-Large 3. 1M 1231+ 028 3954019
VAT + EntMin Conv-Large 3.1IM 1055005 3.860.11
SNTG Conv-Large 3.1IM 1093 £ 0.14  3.86 = 0.27
VAdD Conv-Large 3.1IM 11324 0.11 4.16:£0.08
Fast-SWA Conv-Large 3.1M 9.05 -

1CT Conv-Large 3.IM 729 &+ 0.02 3.89 + 0.04
Mean Teacher Shake-Shake 26M 6.28 £ 0.15 -
Fast-SWA Shake-Shake 26M 50 -
UDA WRN-28-2 1.5M 5:.27 £ 0.1 2.46 + 0.17
UDA Shake-Shake 26M 3.6 -
UDA PyramidNet+ShakeDrop 26M 2.7 -




SSL Benchmarks on CIFAR-10 and SVHN

Methods | Model #Param | CIFAR-10 (4k) SVHN (1k)
Pseudo-Label WRN-28-2 1.5M 1621011 7621029
LGA + VAT WRN-28-2 1.5M 12.06 £ 0.19  6.58 £0.36
mixmixup WRN-28-2 1.5M 10 -

ICT WRN-28-2 1.5M 766+ 0.17 356 =007
IT-Model Conv-Large 3.1M 1236:4+ 031 4824017
Mean Teacher Conv-Large 3. 1M 12314028 39544019
VAT + EntMin Conv-Large 3.1M 1055005 3.860.11
SNTG Conv-Large 3.1IM 1093 £ 0.14  3.86 = 0.27
VAdD Conv-Large 3.1IM 11324 0.11 4.16:£0.08
Fast-SWA Conv-Large 3.1M 9.05 -

ICT Conv-Large 3.1IM 7:29 + 0.02 3.89 + 0.04
Mean Teacher Shake-Shake 26M 6.28 £ 0.15 -
Fast-SWA Shake-Shake 26M 50 -
UDA WRN-28-2 1.5M 327 +0.11 2.46 + 0.17
UDA Shake-Shake 26M 3.6 -
IUDA PyramidNet+ShakeDrop 26M 27 - |

Further advancing the SOTA with larger networks.




Results with more advanced architectures

Methods # Sup | Wide-ResNet-28-2 Shake-Shake ShakeDrop
Supervised 50k 5.4 2.9 2.7
AutoAugment 4.3 2.0 1.5
UDA 4k 5.3 3.6 2.1

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



Ablation study on data augmentation

Augmentation CIFAR-10 SVHN
Cropping & flipping 16.17 8.27
Cutout 6.42 3.09
Switched Augment 5.59 2.74
AutoAugment 5.10 2.22

State-of-the-art augmentation is important!



ImageNet 10% Labeled Examples Experiments

10% labeled data (ResNet-50)

Methods top-1 acc  top-5 acc

Supervised 55.09 77.26
UDA 68.66 88.52

Unlabeled data:
ImageNet



ImageNet Full Data Experiments

* Obtaining extra in-domain unlabeled

data: Full labeled data (ResNet-50)

* Directly using out-of-domain
unl?beIEd data hurts Methods top-1 acc  top-5 acc
Per Ormalj]ce Supervised 77.28 93.73

* Use baseline to label AutoAugment | 78.28 94.36
out-of-domain images to infer UDA 79.04 94.45
the labels for out-of-domain
data Unlabeled data:

* For each category, obtain the 1.3M images from JFT
ones with the highest
probabilities



Ablation study on TSA

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

examples TSA schedule | Yelp-5 CIFAR-10
e Exp-schedule is the best X 50.81 567
« CIFAR-10: log-schedule 49.06 5.41
e 4,000 labeled examples linear-schedule 45.41 5.10
* 50,000 labeled examples exp-schedule 41.35 7.25

e Linear-schedule is the best



Summary

e Data augmentation is an effective perturbation for SSL.
e UDA significantly improves for both language and vision.

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



MixMatch

MixMatch: A Holistic Approach to
Semi-Supervised Learning

David Berthelot Nicholas Carlini Ian Goodfellow
Google Research Google Research ‘Work done at Google
dberth@google.com ncarlini@google.com ian-academic@mailfence.com
Avital Oliver Nicolas Papernot Colin Raffel
Google Research Google Research Google Research
avitalo@google.com papernot@google.com craffel@google.com
Abstract

Semi-supervised learning has proven to be a powerful paradigm for leveraging
unlabeled data to mitigate the reliance on large labeled datasets. In this work, we
unify the current dominant approaches for semi-supervised learning to produce a
new algorithm, MixMatch, that guesses low-entropy labels for data-augmented un-
labeled examples and mixes labeled and unlabeled data using MixUp. MixMatch
obtains state-of-the-art results by a large margin across many datasets and labeled
data amounts. For example, on CIFAR-10 with 250 labels, we reduce error rate by a
factor of 4 (from 38% to 11%) and by a factor of 2 on STL-10. We also demonstrate
how MixMatch can help achieve a dramatically better accuracy-privacy trade-off
for differential privacy. Finally, we perform an ablation study to tease apart which
components of MixMatch are most important for its success. We release all code
used in our experiments.!
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MixMatch

L ‘ —>[ Classify

.. K augmentations ...
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1
I
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N
I
I
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MixMatch

A ~ Beta(a, )

A =max(\,1— )

' =Nry+(1—N)xo

p'=Ap1+(1—X)ps
MixUp
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MixMatch

Algorithm 1 MixMatch takes a batch of labeled data X" and a batch of unlabeled data I/ and produces
a collection X’ (resp. U”") of processed labeled examples (resp. unlabeled with guessed labels).

1: Input: Batch of labeled examples and their one-hot labels X = ((@s,p5);b € (1,...,B)), batch of

unlabeled examples U = (ub; be(l;...; B )) , sharpening temperature 7’, number of augmentations K,
Beta distribution parameter o for MixUp.

2: forb=1to Bdo
3: 2, = Augment(xs) // Apply data augmentation to xy
4: fork=1to K do
5: @y = Augment(up) // Apply k™ round of data augmentation to uy,
6: end for
T @y = % > i Pmodel(y | Uo,x;0) // Compute average predictions across all augmentations of uy,
8: g» = Sharpen(gs,T") // Apply temperature sharpening to the average prediction (see eq. (7))
9: end for
10: X = ((Zs,p);0€ (1,...,B)) // Augmented labeled examples and their labels
11: U = ((@o,k,95);0€ (1,...,B), k€ (1,...,K)) // Augmented unlabeled examples, guessed labels
12: W = Shuffle(Concat(X,U)) // Combine and shuffle labeled and unlabeled data

13: & = (MixUp(é\?i, Whlit € (Lsoes s |A?|)) // Apply MixUp to labeled data and entries from VW
14: U' = (MixUp(Us, W, imihy €, o 1)) // Apply MixUp to unlabeled data and the rest of VW
15: return X', U’
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MixMatch

X'.U' = MixMatch(X,U, T, K, a)

1
77 2 H.Puosa(y [ 2:0)
T,pEX’

1
Ly = LU E ”q — pmodel(y I u, 0)”%
| | u,qeul

L=Lx~+ MLy

La =
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MixMatch
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Figure 2: Error rate comparison of MixMatch
to baseline methods on CIFAR-10 for a varying
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Figure 3: Error rate comparison of MixMatch to
baseline methods on SVHN for a varying num-
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MixMatch

Methods/Labels 250 500 1000 2000 4000
PiModel 23.02+2.05 41.82+1.52 31.53+0.98 23.07+0.66 17.41+0.37
PseudoLabel 49.98 +£1.17 40.55+1.70 3091+1.73 21.96+0.42 16.214+0.11
Mixup 4743 +£0.92 36.17+:1.36 25.72+0.66 18.14+1.06 13.15+0.20
VAT 36.03 +2.82 26.11+1.52 18.684+=040 14.40+0.15 11.05=+0.31
MeanTeacher 4732+ 4.71 42.011+586 17.32+4.00 12.174+0.22 10.36+0.25
MixMatch 11.08 £0.87 9.65+094 7.75+032 7.03£0.15 6.24+0.06

Table 5: Error rate (%) for CIFAR10.
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Noisy Student

Self-training with Noisy Student improves ImageNet classification

Qizhe Xie*!, Minh-Thang Luong', Eduard Hovy?, Quoc V. Le!
1Google Research, Brain Team, ?Carnegie Mellon University
{gizhex, thangluong, gvl}@google.com, hovy@cmu.edu

Slides / Figures from Thang Luong
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Background: Semi-supervised Learning (SSL)

Supervised

Semi-Supervised

Performance

Labeled Data

Belief of many ML practitioners

Performance

*Semi-Supervised

Supervised

Magic!

>

Labeled Data

Belief of many SSL researchers

Figure credit: Vincent Vanhoucke



Self-training with Noisy Student
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Experiment Settings

e Noise:
o Input noise: data augmentation.

o Model noise: Dropout, Stochastic depth.

e Architecture: EfficientNets.

e Pseudo-labels: soft pseudo-labels (continuous).
e Labeled dataset: ImageNet (1.3M images).

e Unlabeled dataset: JFT (300M unlabeled images).
e lterative training: B7->L2->L2->L2



ImageNet Results

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%

o 2% improvement of top-1accuracy.
e 35% error reduction of top-5 accuracy.
e One order of magnitude less data without labels.

e Twice as small in the number of parameters.


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

Performance on small models without iterative training

Noisy Student (EfficientNet-B7)
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The same model is used as the teacher and the student.

Much better tradeoff in terms of accuracy and model size.




Robustness results on ImageNet-A

Method ‘ Top-1 Acc.  Top-5 Acc.
ResNet-101 [30] 4.7% -
ResNeXt-101 [30] (32x4d) 5.9% -
ResNet-152 [30] 6.1% -
ResNeXt-101 [30] (64x4d) 7.3% -
DPN-98 [30] 9.4% -
ResNeXt-101+SE [30] (32x4d) 14.2% -
ResNeXt-101 WSL [51, 55] 61.0% -
EfficientNet-1L.2 49.6% 78.6%
Noisy Student (L.2) 83.7% 95.2%

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



Robustness results on ImageNet-C, P

Method | Res. | Top-1 Acc. mCE Method | Res. | Top-1 Acc. mFR
ResNet-50 [79] 224 39.0% 76.7 ResNet-50 [27] 224 - 58.0
SIN [77] 224 45.2% 69.3 Low Pass Filter Pooling [77] | 224 = 51.2
Patch Gaussian [ 7] 299 52.3% 60.4 ResNeXt-101 WSL [ 1, °7] 224 - 27.8
ResNeXt-101 WSL [51, 55] | 224 - 45.7 X

EfficientNet-1L.2 224 80.4% 27.2
EfficientNet-L2 224 62.6% 47.5 Noisy Student (L2) 224 85.2% 14.2
Noisy Student (L2) 224 76.5% 30.0 EfficientNet-L2 299 81.6% 23.7
EfficientNet-1.2 299 66.6% 42.5 Noisy Student (L2) 209 86.4% 12.2
Noisy Student (L2) 299 77.8% 28.3

e ImageNet-C and P: images with common corruptions and perturbations such as blurring, fogging, rotation and
scaling.
e Lower is better for mean corruption error (mCE) and mean flip rate (mFR).



Qualitative Analysis on ImageNet-A, C and P

sea lion lighthouse  submarine canoe

3 g

snow leopard clectric ray  swing mosquito net

Witam " 4

b YAy, | ¥
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starfish wreck toaster pill bottle  gown ski plate rack medicine chest racing car  fire engine
& il ' ~

e

‘g“a I
hummingbird bald cagle basketball parking meter parking meter  vacuum cannon television plate rack medicine chest  racing car car wheel
(a) ImageNet-A (b) ImageNet-C (c) ImageNet-P

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

our baseline model.




Qualitative Analysis on ImageNet-A

sea lion lighthouse dragonfly bull frog



Qualitative Analysis on ImageNet-C

parking meter vacuum swing mosquito net



The Importance of Noise in Self-training

Why can the student model outperform the teacher model?

Model / Unlabeled Set Size 1.3M 130M
EfficientNet-B5 83.3% 84.0%
Noisy Student (B5) 839% 84.9%
student w/o Aug 83.6% 84.6%
student w/o Aug, SD, Dropout | 83.2% 84.3%
teacher w. Aug, SD, Dropout 83.7%  84.4%

e  Standard data augmentation is used when we use 1.3M unlabeled images.

e  RandAugment is used when we use 130M unlabeled images.



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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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(alb) and p(b|a)

« Applications:
= translation to/from small languages that are not economical to label
= sStyle transfer
« augment labeled examples



Distribution Alignment Problem

= lext to text

40 18 it 2 H 5 <end>

Knowledge is power <end>

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

Distribution Alignment Problem

= Image to Image

Day to Night

(Isola et al, 2017)



Unsupervised Distribution Alignment

Monet Z_. Photos

s £S

= |Image to Image

photo —>Monet

(Zhu et al, 2017)
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Unsupervised Distribution Alignment

= Image to Image Zebras T Horses

horse — zeb
orse — zebra (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(alb) 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 gg(a|b) and p(b|a) by q4(b]|a)
=« The marginals induced by approximate mapping g should match
original margins:

Q(b) — ]Eamp(a) [Q(bla)] ~ ]Ea,rvp(a) [p(b|a)] — p(b)
q(a) = Epp) [9(alb)] = Eypppy [p(alb)] = p(a)
« Inliterature, q(b|a) is oftentimes just a deterministic mapping,
which we call G, : A->B

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



Marginal Matching

= [hand-draw 1d example]
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Marginal Matching

= [1d example, ambiguity]
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Cycle Consistency

= Many names in the literature: Cycle Consistency, Dual Learning, Back Translation, ...
- Coreidea:

Ep~q(b]a) [q(a’|b)] ~ Epnp(ola) [p(a’|b)] Va

= Inthe case of deterministic mapping:
G, (G, 4(a)) = a
G,4(Gg,(b)) =b

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

=« [1d example, with reduced ambiguity]
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(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.



CycleGAN

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

‘CGAN(Gv Dy, X, Y) = Eprdata(y) [log DY(y)]
+ Eznppa(z) 108(1 — Dy (G(2)));
(1)
= Cycle consistency w/ deterministic mapping & L1 loss
Loye(G, F) = Egropgyu(a) 1 F(G(2)) — z]1]

+ Eyrpan@) | GF (1)) — yll1]-

(Zhu et al, 2017)



CycleGAN: A: images, B: segmentations

Learn unsupervised alignment between images and segmentation

Loss Per-pixel acc. Per-class acc. Class IOU
CoGAN [ 7] 0.45 0.11 0.08
BiGAN/ALI [, /] 0.41 0.13 0.07
SimGAN [“0] 0.47 0.11 0.07
Feature loss + GAN 0.50 0.10 0.06
CycleGAN (ours) 0.58 0.22 0.16
pix2pix [ ] 0.85 0.40 0.32

Table 3: Classification performance of photo—labels for
different methods on cityscapes.

(Zhu et al, 2017)



CycleGAN: A: images, B: segmentations

Loss Per-pixel acc. Per-class acc. Class IOU
Cycle alone 0.10 0.05 0.02
GAN alone 0.53 0.11 0.07
GAN + forward cycle 0.49 0.11 0.07
GAN + backward cycle 0.01 0.06 0.01
CycleGAN (ours) 0.58 0.22 0.16

Table 5: Ablation study: classification performance of
photo—labels for different losses, evaluated on Cityscapes.

(Zhu et al, 2017)



CycleGAN: A: images, B: segmentations

Loss Per-pixel acc. Per-class acc. Class IOU
Cycle alone 0.22 0.07 0.02
GAN alone 0.51 0.11 0.08
GAN + forward cycle 0.55 0.18 0.12
GAN + backward cycle 0.39 0.14 0.06
CycleGAN (ours) 0.52 0.17 0.11

Table 4: Ablation study: FCN-scores for different variants
of our method, evaluated on Cityscapes labels—photo.

(Zhu et al, 2017)



CycleGAN

Input __Output_
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(Zhu et al, 2017)
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CycleGAN

(Zhu et al, 2017)



CycleGAN failure cases

Output

Input

winter = summer

Monet — photo
(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,5(a,2) :AxZ->B instead of G, (a) : A->B

However, we also need to change cycle-consistency |1 loss since
otherwise z will simply be ignored

- G,,(G,4(a, 2),Z') = a, which means the choice of z, 2" is irrelevant

(Almahairi et al, 2017)



Augmented CycleGAN

@) A ) @A)
<
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Cycle starting from AXZ, Cycle starting from BXxZ,,

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

« It “can” generate diverse mappings

SIS I - 3484838
PSS SIS

Fip P i¥ 131 S0 &
LoL8 | LN
B\t A55i]
Frrrie ey
SIDL - oy ey,
(2) AugCGAN (b) StochCGAN

Figure 5: Given an edge from the data distribution
(leftmost column), we generate shoes by sampling five
zp ~ p(zp). Models generate diverse shoes when edges
are from the data distribution. (Almahairi et al, 2017)



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.
= Onedirection: 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)



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!



recap: word2vec - Skip Gram

p
. 1
Skip-gram model TE : § | log p(wetj|wy)
t=1 _CSJSC,J¢O

;T
exp (vwo ’le)

w ¥ T
Zw=1 exp (Uw 'U'wr)

p(wolwr) =

Don’t have to have the denominator over all words in the vocabulary
- Can use negative sampling

k
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word2vec alignment

m If similar vector calculus holds in all languages, can we align word embeddings in
different languages just by uncovering some affine transformation?

(Facebook blog)
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word2vec alignment

m Magically it’s only a rotation away (Mikolov et al. 2013, Xing et al 2015)

gatto
cat
743

(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)

. 2
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[ ] ® ® 5 (o) o @ 6 ° o ’X
o & o °®
® o e L e ~ o,
o © "
@ observed source sentence @ observed target sentence
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Unsupervised Machine Translation

e
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Figure 2: Comparison between supervised and unsupervised
approaches on WMT’ 14 En-Fr, as we vary the number of par-
allel sentences for the supervised methods.

(Conneau et al. 2018)
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Language Quantized AutoEncoder
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Figure 2. Model architecture of Language Quantization AutoEncoder (LQAE). Image is encoded to a sequence of embeddings, then
vector quantized using RoOBERTa codebook, followed by a high ratio masking and a frozen RoBERTa prediction, followed by a image
decoder for image reconstruction.

[Liu, Yan, Abbeel, 2023]
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Figure 2. Model architecture of Language Quantization AutoEncoder (LQAE). Image is encoded to a sequence of embeddings, then
vector quantized using RoOBERTa codebook, followed by a high ratio masking and a frozen RoBERTa prediction, followed by a image
decoder for image reconstruction.
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Figure 2. Model architecture of Language Quantization AutoEncoder (LQAE). Image is encoded to a sequence of embeddings, then
vector quantized using RoOBERTa codebook, followed by a high ratio masking and a frozen RoBERTa prediction, followed by a image
decoder for image reconstruction.
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