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bl Semi-Supervised Learning
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* Why use it?

— Improve predictive performance on supervised prediction tasks by
leveraging unlabeled data

* When can we use it?
— When abundant amount of unlabeled data is available
— When gathering labeled data is hard
> Expert labels might be expensive to gather
> Trade of between cost of gathering more data vs more labels
— Rule of thumb: More than x10 more unlabeled data than labeled
* How?

— Pseudo-labeling, self-training, consistency, adverserial training, etc.
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* ReMixMatch: Semi-Supervised Learning with Distribution
Alignment and Augmentation Anchoring - Berthelot et al. —
ICLR 2020

» FixMatch: Simplifying Semi-Supervised Learning with
Consistency and Confidence — Sohn et al. — Arxiv 2020
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Three core ideas

» Entropy Minimization

« Consistency Regularization

» Generic Regularization
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Contributions - ReMixMatch

» Entropy Minimization
— Distribution Alignment

« Consistency Regularization
— Augmentation Anchoring

» Generic Regularization
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» Pseudo-labeling

Image Model Prediction

SE =« = -

— Use models prediction on unlabeled example as training label
— loss = CEgypervisea + A * CEynsupervisea (Gradually increasing 4 € [0, 3])

Pseudo label
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» Enforcing robustness to input perturbations

— Mainly using augmentations, network stochasticity (dropout), temporal
ensambling, etc.

— Loss often calculated between augmented and non-augmented input
- lossconsistensy = |lpred(x) — pred(aug(x) || %

» Basic idea: Similar input should yield similar output

prediction pregiction
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Tarvainen, Antti, and Harri Valpola. "Mean teachers are better role models:
Weight-averaged consistency targets improve semi-supervised deep learning
results." Advances in neural information processing systems. 2017.

Berthelot, David, et al. "Mixmatch: A holistic approach to semi-supervised
learning.” Advances in Neural Information Processing Systems. 2019.

Verm_a, Vikasz et al. "_Interpo_lation consistency training for semi-supervised Laine, Samuli, and Timo Aila. “Temporal ensembling for semi-supervised
learning.” arXiv preprint arXiv:1903.03825 (2019). learning." arXiv preprint arXiv:1610.02242 (2016).

Xie, Qizhe, et al. "Unsupervised data augmentation.” arXiv preprint
arXiv:1904.12848 (2019).
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» Training with few labeled examples can be prone to overfitting

« Strong regularization might be necessary for good generalization
for many Semi-Supervised Learning problems

* mixup: Beyond empirical risk minimization

ERM mixup
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T = Ax; + (1 — N)zj, where x;, x; are raw input vectors
= Ay + (1 — Nyj, where y;, y; are one-hot label encodings
2020-04-06 Zhang, Hongyi, et al. "mixup: Beyond empirical risk minimization." arXiv preprint

arXiv:1710.09412 (2017).
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Generic Regularization

| [0, 0.89, 0.11, 0] |

[0, 1, 0, 0]
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Zhang, Hongyi, et al. "mixup: Beyond empirical risk minimization." arXiv preprint
arXiv:1710.09412 (2017).
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» Pushing the State-of-the-art by employing these three core ideas

— Entropy Minimization
— Consistency Regularization
— Generic Regularization
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Berthelot, David, et al. "Mixmatch: A holistic approach to semi-supervised
learning." Advances in Neural Information Processing Systems. 2019.
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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: Imput: Batch of labeled examples and their one-hot labels X' = ((zb,pb); be(l,..., B)), batch of

unlabeled examples I/ = (ub; be(1,..., B)), sharpening temperature 7", number of augmentations K,
Beta distribution parameter o for MixUp.

2: forb=1to Bdo
3: @y = Augment(xy) /) Apply data augmentation to
4: fork=1to K do
5: fp 1 = Augment(uy) // Apply k'™ round of data augmentation to w,
6:  end for
7 qp = % > Pmodet(y | Go,k38) // Compute average predictions across all augmentations of us
8: gs = Sharpen(gs, T) // Apply temperature sharpening to the average prediction (see eq. (7))
9: end for
10: X = ((&,pp);b€ (1,...,B)) // Augmented labeled examples and their labels

11: U = ((ﬁb,k, g);be(1,....,B)ke(1,..., K)) /[ Augmented unlabeled examples, guessed labels
12: W= Shuﬂle(Concat(é?, Z:{)) /[ Combine and shuffle labeled and unlabeled data

13: X' = (MixUp(é&-, Wilie(1,..., |.3£'|)) // Apply MixUp to labeled data and entries from W

14: U' = (MixUp(LA{i, Wizt (..., |Z:{|)) // Apply MixUp to unlabeled data and the rest of W
15: return X', U’

2020-04-05
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2: forb=1to Bdo

3: = Augment(zy) // Apply data augmentation to xy,

4:  fork=1to K do

5z Up,r = Augment(up) // Apply k" round of data augmentation to uy,

6:  end for

T g = % >k Pmodel(y | Gbx;0) // Compute average predictions across all augmentations of us,
8: g = Sharpen(@s,T) // Apply temperature sharpening to the average prediction (see eq. (7))

9: end for
10: X = ((&s,p5);b € (1, ,B)) /| Augmented labeled examples and their labels
11: U = ((ub kyQb); b € (1 wyB)yk € Ly ,K)) /| Augmented unlabeled examples, guessed labels

N E
‘ " .. K augmentations ... Jii! '""':* HH DH " (veulllla v

h
Unlabeled\ & m -.. / Average Sharpen

A
I
I

Berthelot, David, et al. "Mixmatch: A holistic approach to semi-supervised
learning." Advances in Neural Information Processing Systems. 2019.
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X =

((i’b,pb) be(l, ,B)) // Augmented labeled examples and their labels

((ub Q)b € (1 L B) ke (1, ,K)) /| Augmented unlabeled examples, guessed labels
122 W = Shuﬂie(Con{:at X M ) / Combine and shuffle labeled and unlabeled data

13: 7 (l\I]xUp(A’z, Wi)ii (1, , ‘fl)) // Apply MixUp to labeled data and entries from W

14 U = (MLXUp U;', Wz'+\)d\ )it € (1, ey |Z:{'D) // Apply MixUp to unlabeled data and the rest of VW
15: return X', U4’
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2020-04-05 Berthelot, David, et al. "Mixmatch: A holistic approach to semi-supervised 1
learning." Advances in Neural Information Processing Systems. 2019.
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XU’ = MixMatch(X,U, T, K, o)
1
Z H(p} prnodel(y | x; 9))

||
x,peX’

1
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2020-04-05 Berthelot, David, et al. "Mixmatch: A holistic approach to semi-supervised
learning." Advances in Neural Information Processing Systems. 2019.
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MixMatch - Results

60% ~e— T-Model VAT
Mean Teacher ~ —#— Pseudo-Label
— MixUp
—— MixMatch
- Supervised

Test Error

250 500 1000 2000 4000
Number of Labeled Datapoints

Figure 2: Error rate comparison of MixMatch
to baseline methods on CIFAR-10 for a varying
number of labels. Exact numbers are provided
in table 5 (appendix). “Supervised” refers to
training with all 50000 training examples and
no unlabeled data. With 250 labels MixMatch
reaches an error rate comparable to next-best
method’s performance with 4000 labels.
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Figure 3: Error rate comparison of MixMatch to
baseline methods on SVHN for a varying num-
ber of labels. Exact numbers are provided in
table 6 (appendix). “Supervised” refers to train-
ing with all 73257 training examples and no un-
labeled data. With 250 examples MixMatch
nearly reaches the accuracy of supervised train-
ing for this model.
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Berthelot, David, et al. "Mixmatch: A holistic approach to semi-supervised
learning." Advances in Neural Information Processing Systems. 2019.
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Ablation 250 labels 4000 labels
MixMatch 11.80 6.00
MixMatch without distribution averaging (K = 1) 17.09 8.06
MixMatch with K = 3 11.55 6.23
MixMatch with K = 4 12.45 5.88
MixMatch without temperature sharpening (1" = 1) 27.83 10.59
MixMatch with parameter EMA 11.86 6.47
MixMatch without MixUp 39.11 10.97
MixMatch with MixUp on labeled only 32.16 9.22
MixMatch with MixUp on unlabeled only 12.35 6.83
MixMatch with MixUp on separate labeled and unlabeled 12.26 6.50
Interpolation Consistency Training [45] 38.60 6.81

Table 4: Ablation study results. All values are error rates on CIFAR-10 with 250 or 4000 labels.

2020-04-05

Berthelot, David, et al. "Mixmatch: A holistic approach to semi-supervised

learning." Advances in Neural Information Processing Systems. 2019.
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ReMixMatch (Finally)

* Entropy Minimization
— Distribution Alignment

« Consistency Regularization
— Augmentation Anchoring

» Generic Regularization

2020-04-05
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» Enforce "Fairness”

— Push the network class output frequency to be aligned with class
frequency for the labeled portion of the data

— Basically: Proportionally increase/decrease the label guess value for those
classes that are disproportionally under/over represented in the models
predicted outputs

DDD e X

_.---I -.I.I-
Label guess DD |:| I:IEI ]  Model predictions
II---I

Berthelot, David, et al. "ReMixMatch: Semi-Supervised Learning with Distribution
Alignment and Augmentation Anchoring." arXiv preprint arXiv:1911.09785 (2019).
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Berthelot, David, et al. "ReMixMatch: Semi-Supervised Learning with Distribution
Alignment and Augmentation Anchoring." arXiv preprint arXiv:1911.09785 (2019)
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Algorithm 1 ReMixMatch algorithm for producing a collection of processed labeled examples and
processed unlabeled examples with label guesses (cf. Berthelot et al. (2019) Algorithm 1.)

1: Input: Batch of labeled examples and their one-hot labels X = {(zb,pb) :be(1,..., B)}, batch of

unlabeled examples U = {ub :be(1,..., B)} sharpening temperature 7", number of augmentations
K, Beta distribution parameter « for MixUp.

2: forb=1to B do

3: &, = StrongAugment(zy) // Apply strong data augmentation to xy,

4:  dQp = StrongAugment(us); k € {1,...,K} // Apply strong data augmentation K times to uy,
S: iy, = WeakAugment(up) // Apply weak data augmentation to

6: qb Pmodel (Y | Up; 6) ,«“'/ Compute prediction for weak augmentation of uy

7 = Normalize(g, X p(y /p y)) // Apply distribution alignment

8: qQp = Normallze( b/T) /| Apply temperature sharpening to label guess

9: end for
10: X= ((:Z'b,pb); b €/(15ux ,B)) /| Augmented labeled examples and their labels
11: U ((fl»b,h @)ibe(1,..., B)) /| First strongly augmented unlabeled example and guessed label
12: U = ((ﬁb,k, )b e (Lysa Bk € (10045 K)) /| All strongly augmented unlabeled examples
13: U=UU ((ftb, g);be(,..., B)) / /| Add weakly augmented unlabeled examples

15; X/'= (I\’IixUp()\A’i, Wi)ie (1,..., |/\?|)) // Apply MixUp to labeled data and entries from VW
16: U' = (MixUp(Z:l,-., Wi+|2|)§i € (1,..., |Z:l|)) // Apply MixUp to unlabeled data and the rest of W
17: return X', U’ Uh

u

14: W= Shufﬂe(Concat(é\?,L})) /| Combine and shuffle labeled and unlabeled data
X
u

Berthelot, David, et al. "ReMixMatch: Semi-Supervised Learning with Distribution 22

2020-04-06 Alignment and Augmentation Anchoring." arXiv preprint arXiv:1911.09785 (2019).
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ReMixMatch — Algorithm — Cont.

2: forb=1to B do

3 Zp = StrongAugment(xy) // Apply strong data augmentation to x,

4 @,k = StrongAugment(us); k € {1,...,K} // Apply strong data augmentation K times to uy,
5: iy, = WeakAugment(up) // Apply weak data augmentation to w,

6: gb = Pmodel (Y | @p; 0) // Compute prediction for weak augmentation of uy

7: g = Normalize(qo X p(y)/B(y)) // Apply distribution alignment

8: Q= Normalize(q;/T) /| Apply temperature sharpening to label guess

9: end for

2020-04-06

Berthelot, David, et al. "ReMixMatch: Semi-Supervised Learning with Distribution
Alignment and Augmentation Anchoring." arXiv preprint arXiv:1911.09785 (2019).
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ReMixMatch — Algorithm — Cont.

2: forb=1to B do

3: &, = StrongAugment(zs) // Apply strong data augmentation to

4 Qp,x = StrongAugment(us); k € {1,...,K} // Apply strong data augmentation K times to uy,
5: @y = WeakAugment(up) // Apply weak data augmentation to uy

6: gb = Pmodel(y | p;0) // Compute prediction for weak augmentation of wy

7: @ = Normalize(g, X p(y)/ﬁ(y)) // Apply distribution alignment

8 = Normalize(q;/T) /| Apply temperature sharpening to label guess

9: end for

Ground-truth labels

N o0 ="
O =

_.---I -.I.I-
Label guess |:||:||:|D|:||:| Model predictions

2020-04-06

Berthelot, David, et al. "ReMixMatch: Semi-Supervised Learning with Distribution
Alignment and Augmentation Anchoring." arXiv preprint arXiv:1911.09785 (2019).
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ReMixMatch — Algorithm — Cont.

2: forb=1to B do

3: &, = StrongAugment(zs) // Apply strong data augmentation to

4 Qp,x = StrongAugment(us); k € {1,...,K} // Apply strong data augmentation K times to uy,
5: @y = WeakAugment(up) // Apply weak data augmentation to uy

6: gb = Pmodel(y | p;0) // Compute prediction for weak augmentation of wy

7: @ = Normalize(g, X p(y)/ﬁ(y)) // Apply distribution alignment

8 = Normalize(q;/T) /| Apply temperature sharpening to label guess

9: end for

Ground-truth labels

N o0 ="
O =

_.---I -.I.I-
Label guess |:||:||:|D|:||:| Model predictions

2020-04-06

Berthelot, David, et al. "ReMixMatch: Semi-Supervised Learning with Distribution
Alignment and Augmentation Anchoring." arXiv preprint arXiv:1911.09785 (2019).
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ReMixMatch — Algorithm — Cont.

(Labeled+Mixed) (IS EerhEe)
MixUp, same as in MixUp, same as In
Mi’xMatch MixMatch but with
Cross Entropy instead
Z H(papmodel(y‘fﬂ;e))+)‘bf z H(q:pmodel(y‘u; 9)) (3)
T, peX’ w,qeU’
Az, > H(g, pmoder (ylu: 0)) + Ar > H(r, pmoaer (| Rotate(u, 7); 0)) )
u,qeljl uELh

Unlabeled images,
Self-Supervised
rotational prediction

Unlabeled images with
standard Cross Entropy

Berthelot, David, et al. "ReMixMatch: Semi-Supervised Learning with Distribution

2020-04-06 Alignment and Augmentation Anchoring." arXiv preprint arXiv:1911.09785 (2019).
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Experiments

* Datasets:

- CIFAR-10

— SVHN

- STL-10
* Implementation
Same codebase for all experiments and different methods
Wide ResNet-28-2

Same training algorithm
Five random splits per dataset and training examples

« Comparison with:
> VAT — Virtual Adversarial Training
> Mean Teacher
> MixMatch
> UDA - Unsupervised Data Augmentation

2020-04-06
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CIFAR-10 SVHN
Method 250 labels 1000 labels 4000 labels 250 labels 1000 labels 4000 labels
VAT 36.03£2.82 18.644+0.40 11.05£0.31 8.41%1.01 5.984+0.21 4.2040.15
Mean Teacher 47.3244.71  17.3244.00 10.364+0.25 6.454+2.43 3.7540.10 3.3940.11
MixMatch 11.08+0.87 7.751+0.32 6.244+0.06 3.784+0.26 3.271+0.31 2.8940.06
ReMixMatch 6.27+0.34 5.7340.16 5.144+0.04  3.104+0.50 2.8340.30 2.4240.09

UDA, reported* 8.760.90 5.87+0.13 5.294+0.25 2.76+0.17  2.55+£0.09  2.4740.15

Table 1: Results on CIFAR-10 and SVHN. * For UDA, due to adaptation difficulties, we report the
results from Xie et al. (2019) which are not comparable to our results due to a different network
implementation, training procedure, etc. For VAT, Mean Teacher, and MixMatch, we report results
using our reimplementation, which makes them directly comparable to ReMixMatch’s scores.

2020-04-06



ReMixMatch — Ablation Study

Ablation Error Rate  Ablation Error Rate
ReMixMatch 5.94  No rotation loss 6.08
With K=1 7.32  No pre-mixup loss 6.66
With K=2 6.74  No dist. alignment 7.28
With K=4 6.21 L2 unlabeled loss 17.258
With K=16 5.93 No strong aug. 12.51
MixMatch 11.08 No weak aug. 29.36

Table 3: Ablation study. Error rates are reported on a single

250-1abel split from CIFAR-10.

2020-04-06
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ReMixMatch - Conclusions

« Adding Distributional Alignment and Augmentation Anchoring to
MixMatch reduces the need for labeled data even further

+ My take aways:
— The strong augmentation is what really pushes performance
— SOTA results but only on small datasets

— Alot of moving parts, a lot of hyper parameter optimization

2020-04-06
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» Back to basic
— Simplified version of ReMixMatch and MixMatch

« Coreideas
— Consistency Regularization
— Pseudo-labeling

Weakly-
augmented Prediction

Pseudcilabel

Unlabeled = [P | ., . | - l--_
example
- o0olos

\

Strongly-
augmented Prediction

|II.I..

2020-04-06
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Algorithm 1 FixMatch algorithm.

1: Input: Labeled batch X = {(x,pp) : b € (1,..., B)}, unlabeled batch if = {u; : b € (1,...,uB)}, confidence threshold 7, unlabeled data
ratio y, unlabeled loss weight A,,.

2: 4s = % Z(?:l H(ps, a(xp)) [/ Cross-entropy loss for labeled data

3: forb = 1topuBdo

4: iy = A(up) [/ Apply strong data augmentation to uy,

5: g = pm(y | alup); 0) // Compute prediction after applying weak data augmentation of wy,

6: end for

7 by = ;.-.LH ngl 1{max(qp) > 7} H(arg max(qs), @s) // Cross-entropy loss with pseudo-label and confidence for unlabeled data
8: return 4. + Aufy,

1 B
Es - E;H(pb:pm(y | Oﬂ(il?b))) (3)

1 &
b=-% > 1(max(q) > 7) H(Gp: pu(y | A(w))) (@)
b=1

Loss= s+ A, by

2020-04-06 32
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Table 2: Error rates for CIFAR-10, CIFAR-100 and SVHN on 5 different folds. FixMatch (RA) uses RandAugment [ 0] and
FixMatch (CTA) uses CTAugment [2] for strong-augmentation. All baseline models (II-Model [36], Pseudo-Labeling [22],
Mean Teacher [43], MixMatch [3], UDA [45], and ReMixMatch [2]) are tested using the same codebase.

CIFAR-10 CIFAR-100 SVHN
Method 40 labels 250 labels 4000 labels 400 labels 2500 labels 10000 labels 40 labels 250 labels 1000 labels
TI-Model - 54264397 14.01+0.38 - 57.254+0.48 37.88+0.11 - 1896+192  7.54+0.36
Pseudo-Labeling - 49.78+043  16.09+0.28 - 57.3840.46 36.21+0.19 - 2021£1.09  9.94%0.61
Mean Teacher - 32324230 9.1940.19 - 53.91+057 35.83+024 - 3.5740.11 3.4240.07
MixMatch 47.54£11.50  11.054+0.86 6.4240.10  67.61+1.32  39.94+0.37 28314033  42.55+14.53 3.98+0.23  3.50+0.28
UDA 29.05+5.93 8.82+1.08 4.88+0.18 59.28+088 33.13+0.22  2450+025 52.63+20.51 5694276  2.46+024
ReMixMatch 19.10+9 .64 5.4440.05 4.7240.13  44.28+2.06 27.43+0.31 23.03+0.56 3.34+0.20 2924048  2.65+0.08

FixMatch (RA) 13.81+3.37 5.074+0.65 4.26+0.05 4885+1.75 28.29+0.11 22.60+0.12 3.96+2.17 2484038  2.28+0.11
FixMatch (CTA) 11.39+3.35 5.07+0.33 4.3140.15  4995+301 28.64+024  23.18+0.11 7.65+7.65 2.641+0.64  2.36+0.19

2020-04-06
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Table 3: Error rates for STL-10 on 1000-label splits. All
baseline models are tested using the same codebase.

Method Errorrate  Method Error rate
II-Model 26.23+0.82  MixMatch 10.41£0.61
Pseudo-Labeling ~ 27.99+0.80 UDA 7.661+0.56
Mean Teacher 21.43+2.39 ReMixMatch 5231045
FixMatch (RA) 7.98+1.50  FixMatch (CTA) 5.17+0.63

Table 4: Error rates of FixMatch (CTA) on a single 40-label
split of CIFAR-10 and SVHN with different random seeds.

Runs (ordered by accuracy)

Dataset

1 2 3 4 5
CIFAR-10 546 6.17 937 1085 1332
SVHN 240 247 6.24 6.32 6.38
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Figure 3: Plots of various ablation studies on FixMatch. (a) Varying the ratio of unlabeled data (y) with different learning
rate (1) scaling strategies. (b) Varying the confidence threshold for pseudo-labels. (¢) Measuring the effect of “sharpening”
the predicted label distribution while varying the confidence threshold (7). (d) Varying the loss coefficient for weight decay.
We include the error rate of FixMatch with the default hyperparameter setting in red dotted line for each plot.
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sl FixMatch — CIFAR-10 Single Image per Class
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Figure 6: Accuracy of the model when trained on the 1-
label-per-class datasets from Figure 5, ordered from most
prototypical (top row) to least (bottom row).

Figure 5: Labeled training data for the 1-label-per-class
semi-supervised experiment. Each row corresponds to the
complete labeled training set for one run of our algorithm,
sorted from the most prototypical dataset (first row) to least
prototypical dataset (last row).
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Conclusions

» FixMatch is able to reach SOTA performance on SSL datasets by
simply enforcing consistency between augmented samples and
creating pseudo-labels for unlabeled examples when sufficiently
confident

» Simple yet effective

 Highlight how delicate SSL settings can be to small deviations to
optimal parameter selections

» Drawbacks:

— Limited novelty
— Non-significant improvement compared to previous work
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Thank you for listening!
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% of data Error rate
labeled
Fully 100.0 3.62
supervised
ReMixMatch 8.0 5.14
ReMixMatch 2.0 5.73
ReMixMatch  0.50 6.27

ReMixMatch — CIFAR-10
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te:tl Common Experimental setup

38 OCH KONST 2%

R

« Standard image classification datasets with varying number of
labels removed
- CIFAR-10, CIFAR-100, SVHN, ImageNet
— Keep x % of labels for each class, regard the rest as unlabeled

« STL-10
10 classes
5,000 labeled training images

8,000 labeled test images

100,000 unlabeled images, contains other classes, class frequency not
uniform
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