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I FixMatch-Experiment

Wide ResNet-28-2 for CIFAR-10 and SVHN
WRN-28-8 for CIFAR-100 WRN-37-2 for STL-10

Ae=1,1=0.03, =09, 7=0.95, =7, B =64, K =22

CIFAR-10 CIFAR-100 SVHN STL-10
Method 401abels 250 labels 4000 labels 400 labels 2500 labels 10000 labels 40 labels 250 labels 1000 labels 1000 labels
IT-Model - M M6xaw7 14.01 +038 - 57.25+048 37884011 - 1896+102 T.54 1036 26.23+082
Psendo-Labeling - 49.78to43 16.09+0.28 - 57.38o04s 36.21£019 - 2021 %109 9.94 L0461 27.99 L0583
Mean Teacher - 3232410m 9. 191019 - 53.91Los7 35831024 - 35740 3421007 21.43L2%w
MixMatch 47.54+ns50  11.05£086 642000 67.61+132 399 o7 28.31+033 4255411453 3981023 3.50%02s 1041 £0.61
UDA 2905+s593 882+ 108 4 BE+018  59.28+0s88 33.13 022 24504025 52.63+205 569+276 2461024 T.66+056
ReMixMatch 19104964 S ddtons 472003 442820 2743103 23.03 1058 33410 292045 2.65+00% 5.23+04s
FixMatch (RA) 13814337 5.07+toss 426005 48.85L17s 28. 2910 22.60+0.2 3.96+217 248+t03s 2.28 1011 T.98+1.50
FixMatch (CTA) 11394335 5.07+om 431+015  4995+3m 28.6d +0.24 23.18+011 T.65+£7.65 2.64+054 2.36+0.19 5.17+0s63

Table 2: Error rates for CIFAR-10, CIFAR-100, SVHN and STL-10 on 5 different folds. FixMatch
(RA) uses RandAugment [ | | ] and FixMatch (CTA) uses CTAugment [ ] for strong-augmentation. All
baseline models (1I-Model [+ 3], Pseudo-Labeling [?5], Mean Teacher [5! |, MixMatch [1], UDA [54],
and ReMixMatch [ ]) are tested using the same codebase.

Figure 2: FixMatch reaches 78% CIFAR-10 accuracy using only above 10 labeled images. 2/21



I FixMatch-Experiment

O Adversarial Robustness

Examples that well represent the dataset should be more adversarially
robust.

O Holdout Retraining

A model should treat a well-represented example the same regardless of
whether or not it is used in the training process.
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I Related Work for SSL

O Consistency Regularization
A classifier should output the same class distribution for an unlabeled
example even after it has been augmented.

| Pmodel (¥ | Augment(z); 8) — Pmoder (v | Augment(x); 6)||3

O Entropy Minimization
Require that the classifier output low-entropy predictions on unlabeled
data.

O Traditional Reqularization

1. Penalize the L2 norm of the model parameters.
2. MixUp



I MixMatch
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Mix both labeled examples and unlabeled examples with label guesses.
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I MixMatch

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

1:

WRFT RN R WL

10:
11:
12:

Input: Batch of labeled examples and their one-hot labels X = ((xs,p);b € (1,...,B)), batch of
unlabeled examples f = (ub; be(l,..., B)) , sharpening temperature 7', number of augmentations K,
Beta distribution parameter « for MixUp.
for b =1to Bdo

Tp = Augment(zy) // Apply data augmentation to x,,

for k =1to K do

tip . = Augment(up) | // Apply k'™ round of data augmentation to

end for

3o = 7 _r Pmodel(y | @b,x;8)) // Compute average predictions across all augmentations of uy,

qgo = Sharpen(gs, T) // Apply temperature sharpening to the average prediction (see eq. J
end for
X = ((i'b,pb); be(l,..., B)) /| Augmented labeled examples and their labels
U= ((ﬂb,k,qb); be(l,....B).ke(l,..., K)) /] Augmented unlabeled examples, guessed labels

W = ShuﬂleLConcat(i’,L?D /| Combine and shuffle labeled and unlabeled data

13: 1 X = (I\;ﬁ[i}{Up((&, Wi)ie (1,..., |(’E'|)) ;}lf Apply MixUp to labeled data and entries from VV
o IKM! - (ME{UP(&“ Wt’+li’|)? i€ (1,..., |3:f|))| /| Apply MixUp to unlabeled data and the rest of VW
2

15:

return X0 T T T T T T T
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I MixMatch

O Loss Function
X' .U = MixMatch(X,U,T, K, o)

1
JC_J;’ = |X’r| Z H(}L pnmdel(y | T*H))
T, peiX’
1 2
.ﬁu - L|MI| Z ||Q - pmodel(y | 'U-ﬁ)”z
w,qeld’
L=Ly+ Ly
O Hyperparameters
T'=10.5 K =2 a=0.75 Ay = 100

8/21



ReMixMatch: Semi-Supervised Learning with
Distribution Alignment and Augmentation Anchoring

David Berthelot, Nicholas Carlini, EKin D. Cubuk, Alex Kurakin, Han Zhang, Colin Raffel
Google Research
{dberth,ncarlini,cubuk,kurakin,zhanghan,craffel}@gﬁﬁgle.com

Kihyuk Sohn
Google Cloud Al
kihyuks@google.com

ArXiv 2020



I ReMixMatch-Distribution Alignment

O Input-Output Mutual Information
A good classifier's prediction should depend as much as possible on

the input. Ty ) // by ]Dg

— H(E [pmodel(y|T 8)]) ‘[H(pmodel(y|m;€))]
O Distribution Alignment
Enforces the aggregate of predictions on unlabeled data matches the

d y dr

distribution of the provided labeled data. e
Ground-truth labels
(] 1 i 1

g = Normalize(q x p(y)/p(y)) |:| > _D__DD S
Dlglhgguels:slzl ] __ nn_.]- =Eﬂ:ﬂ:l
O oo Model predictions

The moving average of the model's predictions on ooecll 1,

unlabeled examples over the last 128 batches.



I ReMixMatch- Improved Consistency Regularization

O Augmentation Anchoring

Enforces the aggregate of predictions on unlabeled data matches the
distribution of the provided labeled data.
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I ReMixMatch

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.)

I:

11:
12:
13:
14:
15:
16:

17:

[a—
SR ANk

Input: Batch of labeled examples and their one-hot labels X = {(zs,ps) : b € (1,...,B)}, batch of
unlabeled examples I = {ub b e(1,..., B)}, sharpening temperature 7', number of augmentations

K, Beta distribution parameter o for MixUp.
forb=1to Bdo
Tp = StrongAugment(z,) // Apply strong data augmentation to xy,
Up,k = StrongAugment(us); k € {1,...,K} | // Apply strong data augmentation K times to u
up = WeakAugment(uy) // Apply weak datii augmentation to wy
Gb = Pmodel (Y | Up;8) // Compute prediction for weak augmentation of us,
g, = Normalize(q, X p(y)/B(y)), // Apply distribution alignment
q» = Normalize (q;IT) /| Apply temperature sharpening to label guess
end for
X = ((:E'b,pb); be(l,..., B)) /| Augmented labeled examples and their labels
U = ((ﬁb,l,qb); be(l,..., B)) /| First strongly augmented unlabeled example and guessed label
U= ((to,k,q0);0€(1,...,B), k€ (1,...,K)) //All strongly augmented unlabeled examples
U=UU ((Gv, qo); b€ (1,...,B)) // Add weakly augmented unlabeled examples
W = Shuﬂ:le(CDnca,t((’E’,L?)) /| Combine and shuffle labeled and unlabeled data
X = (Mi}{Up(ﬂE’i, Wi)i € (1,..., |£E'|)) [/ Apply MixUp to labeled data and entries from WW

T

U = (MiJ{Up(if?t-, W'+Ii’l); ie(1,..., |E:f|)) /| Apply MixUp to unlabeled data and the rest of W

return X', U, U,
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I ReMixMatch

O Loss Function

Z H(}J, pnmclel(y|3:; E})) + }"‘M Z H(Qapnmclel(y|u; E}))

T, peX’ w,qeld’
+Aq, Z H(q, Pmode1(y|u; 0)) + Ar Z H(7, Pmode1 (r| Rotate(u, r); 0))
u,qEE:t'l u€ls

r ~ {0,90, 180, 270}

O Hyperparameters

Ar = Ag, = 0.5 T =05 a=0.75 A =15
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I ReMixMatch-Experiment

Model: Wide ResNet-28-2

CIFAR-10 SVHN
Method 250 labels 1000 labels 4000 labels 250 labels 1000 labels 4000 labels
VAT 36.03+2.82 18.64+040 11.05+0.31 841+1.01 5.98+0.21 4.20+0.15
Mean Teacher 47.32+4.71 17.32+4.00 1036x0.25 6.45+2.43 3.75+0.10 3.39+0.11
MixMatch 11.08+0.87 7.75+0.32 6.24+0.06 3.7840.26 3.274+0.31 2.891+0.06
ReMixMatch 6.27+0.34 5.731+0.16 5.140.04 3.10+0.50 2.83+0.30 2.42+0.09
UDA, reported* 8.76+0.90 5.87+0.13 5.294+0.25 2.76x0.17 2.55+0.09 2.47+0.15

Table 1: Results on CIFAR-10 and SVHN. * For UDA, due to adaptation difficulties, we report the

results from

1e 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.
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I ReMixMatch-Experiment

Method Error Rate
SWWAE 25.70
CC-GAN 22.20
MixMatch 10.18 = 1.46
ReMixMatch (K=1) 6.77 £ 1.66
ReMixMatch (K=4) 6.18 +1.24

Table 2: STL-10 error rate using

1000-1abel splits. SWWAE and CC-
GAN results are from (Zhao et al.

|

2073) and (

Denton et al.

b

2016

).

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 17.28
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-label split from CIFAR-10.
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I FixMatch
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I FixMatch

Artificial label Prediction Artificial label
Algorithm augmentation augmentation post-processing Notes
TS / II-Model Weak Weak None
Temporal Ensembling Weak Weak None Uses model from earlier in training
Mean Teacher Weak Weak None Uses an EMA of parameters
Virtual Adversarial Training  None Adversarial None
UDA Weak Strong Sharpening Ignores low-confidence artificial labels
MixMatch Weak Weak Sharpening Averages multiple artificial labels
ReMixMatch Weak Strong Sharpening Sums losses for multiple predictions
FixMatch Weak Strong Pseudo-labeling

Table 1: Comparison of SSL algorithms which include a form of consistency regularization and
which (optionally) apply some form of post-processing to the artificial labels. We only mention those
components of the SSL algorithm relevant to producing the artificial labels (for example, Virtual
Adversarial Training additionally uses entropy minimization [ /], MixMatch and ReMixMatch also
use MixUp [5Y], UDA includes additional techniques like training signal annealing, etc.).
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I FixMatch-Experiment

Wide ResNet-28-2 for CIFAR-10 and SVHN
WRN-28-8 for CIFAR-100 WRN-37-2 for STL-10

Ae=1,1=0.03, =09, 7=0.95, =7, B =64, K =22

CIFAR-10 CIFAR-100 SVHN STL-10
Method 401abels 250 labels 4000 labels 400 labels 2500 labels 10000 labels 40 labels 250 labels 1000 labels 1000 labels
IT-Model - M M6xaw7 14.01 +038 - 57.25+048 37884011 - 1896+102 T.54 1036 26.23+082
Psendo-Labeling - 49.78to43 16.09+0.28 - 57.38o04s 36.21£019 - 2021 %109 9.94 L0461 27.99 L0583
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Table 2: Error rates for CIFAR-10, CIFAR-100, SVHN and STL-10 on 5 different folds. FixMatch
(RA) uses RandAugment [ | | ] and FixMatch (CTA) uses CTAugment [ ] for strong-augmentation. All
baseline models (1I-Model [+ 3], Pseudo-Labeling [?5], Mean Teacher [5! |, MixMatch [1], UDA [54],
and ReMixMatch [ ]) are tested using the same codebase.

Figure 2: FixMatch reaches 78% CIFAR-10 accuracy using only above 10 labeled images. 19/21



I FixMatch-Experiment
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Figure 3: Plots of ablation studies on FixMatch. (a) Varying the confidence
threshold for pseudo-labels. (b) Measuring the effect of “sharpening™ the
predicted label distribution while varying the confidence threshold (7). Error
rate of FixMatch with default hyperparameters is in red dotted line.

Ablation Error

FixMatch 4.84
Only Cutout  6.15
No Cutout 6.15

Table 3: Ablation
study with different
strong data augmenta-
tion of FixMatch. Er-
ror rates are reported
on a single 250-label
split from CIFAR-10.
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