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Hieu Pham, Zihang Dai, Qizhe Xie, Minh-Thang Luong, Quoc V. Le, “Meta Pseudo Labels,”
arXiv:2003.10580, 2020, CVPR2021 (Google Al, Brain Team)

Official (tensorflow) : https://github.com/google-research/google-research/tree/master/meta_pseudo_labels Ref : https://kmhana.tistory.com/33
pytorch : https://github.com/kekmodel/MPL-pytorch

PR-336: Meta Pseudo Labels, https://www.youtube.com/watch?v=UZMDIHPVVjY

Abstract

Pseudo Labels (Or Self-training)
1) Teacher generates pseudo labels on unlabeled
images.

* Present Meta Pseudo Labels, a semi-supervised learning method that achieves a new
state-of-the-art top-1 accuracy of 90.2% on ImageNet, which is 1.6% better than the

existing state-of-the-art [16]. 2) These pseudo labeled images are then
» Like Pseudo Labels, Meta Pseudo Labels has a teacher network to generate pseudo :?urgzlnrled with labeled images to train the

labels on unlabeled data to teach a student network. 3) The student learns to become better than the

» However, unlike Pseudo Labels where the teacher is fixed, the teacher in Meta Pseudo teacher, thanks to the abund.ange of pseudo
labeled data and the regularization such as

Labels is constantly adapted by the feedback of the student’s performance on the data augmentation

labeled dataset. * Main drawback : [oeJilil{iiEUINIES in pseudo-
labeling — If the pseudo labels are inaccurate, the

* As a result, the teacher generates better pseudo labels to teach the student. . :
student will learn from inaccurate data.

Opinion * [16] : SAM(Sharpness-Aware Minimization for Efficiently Improving
+ StudentZE 7}2X|= Teacher, Z1 Teacher2 YHA|7|= Student Generalization) Optimizer, Google Research, 20204 & SOTA

« Semi-Supervised Learning?| 75482 02 Qi0| H0{E =&

« UYL DY 715 XS U= Transformer 74|E 2E ALO|OIM, MMO = IR 22 RE= 185 7|5
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SSL (Semi-Supervised Learning) Methods

» Consistency Regularization

= Classifier should output the same class distribution for
an unlabeled example even after it has been augmented

TestingData A ® LabeledData A ¢ Augmented Data

-
#
LS

3 Misclassified Data ---- Decision Boundary

Cp—

AAAA ."5‘.’:. & A

M A A A A A

3 La

LA ¥ A

i3 &3

Supervised cross entropy loss + Supervised cross entropy loss +

fabeled data augmented data augmented data +

Unsupervised consistency loss

Fig source: A consistency regularization based semi-supervised learning
approach for intelligent fault diagnosis of rolling bearing, Kun et al., 2020

- Meta - Pseudo Labels

Consistency Regularization
”pmodel(y | Augment(w); 9) e pmodel( I Augment(a: ”2

‘@ . Penalty for different prediction m@

Consistency Regularization : “H|O|E{0]] 7ta{%l 22 HH 2 2}H S HHA|
7|X| =Lt " O|Lt.

2EO| Xt0l| LEZ I} Z0| HYS 7t " Xt " 2t 2fER2 Ho
A 1Z0HHE DA Lot SUokA| MZal0F £7| =20 21% AR = &tE

BHLL QEX A K &E BEE SYolH HEEE S5l A

Supervised cross entropy loss +

pBB
> Pyl () = pra(yl (ws)) 13
=1

Formula of consistency regularization

[ZX] https://ainote.tistory.com/6
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SSL (Semi-Supervised Learning) Methods

» Entropy Minimization

» Classifier’s decision boundary should not pass through high-
density regions of the marginal data distribution — pseudo label
(sharpening)

= Hom
ZcoL HOQ .
Q-JBQ“"E’T@T:I— B Eae—
L] A0
O A &
20O Pl
-f(x)logf(x)
0.2
0.15
[0.1, 0.8, 0.1] : entropy=0.277 0.1
[0.1, 0.6, 0.3] : entropy=0.390
0.05

01 02 03 04 05 06 07 08 09

1

Entropy minimization= 'decision boundary= Cl|0|E{Q] AT X[
M EME 24'0|2H= 7P-0f| 7|=5HA unlabeled data output®| entropyS
minimization&. (O§OHSHA| SHA| 211 2HAISHA| &)

Classifier A7} 0| =5t y0j| CHSt 2t£0] [0.1, 0.8, 0.1]0| 1,

« Classifier B7} 0|55t yoi| C{$t 8+&0] [0.1, 0.6, 0.3] O|2t11 S}AL.

0|}, Classifier A7} I confidentst! R entropyE =Lt (class 12 0O
Zol=0l & o &ils #11 UCt) 012 20| 2ZS & O confidentstA| &
ot= Z10| entropy minimization2| ZH0|Ct (=decision boundary 0| Q!

Qs SelofH e = UER)
+ labeled data st52! [li= objective function0j| entropy minimization
termS F7}5t HERO| lossZ2 SHES TI5HT, unlabeled datadi| CHoHA =

TH=
sk&2 X|6H

entropy minimization term0j| C{sHA{Tt st5= Tl

A simple loss term which can be applied to unlabeled data is
to encourage the network to make “‘confident” (low-entropy)
predictions for all examples, regardless of the actual class
predicted. Assuming a categorical output space with K
possible classes (e.g. a K -dimensional softmax output), this
gives rise to the “entropy minimization” term (Grandvalet
& Bengio, 2005):

K
\ — Y fo()x1og fo(x)s
k=1

“)
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SSL (Semi-Supervised Learning) Methods

» Entropy Minimization

L
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8

[&=] https://sanghyu.tistory.com/177 [ZfE] https://ainote.tistory.com/6
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SSL (Semi-Supervised Learning) Methods

» FixMatch K. Sohn et al., “FixMatch: Simplifying Semi-Supervised Learning with Consistency
and Confidence,” Google Research, arxiv

Unlabeled |
Prediction Pseudo-label
Pseudo Labeling m """ ‘I"" > I — H(p q) Cross-Entropy
A loss
Weakly- Weak
Ll Prediction Pseudo-label Weakl Augmented=! 0|0]X|2 £3}
______ Pseudo-label& 444. Strong
Consistency il 7 = Augmented O||3||?(|E DOl K =3h =
Regularization il ——=Bl_=] |, loss EE= FE AU X017t LA #L
1 X0IE %OIEH sk&ohe A0
Strongly- FixMatchQ| st& HAl (Consistency
augmented icti Regularization2| Hg)

Compare

Figure 1: Diagram of FixMatch. A weakly-augmented image (top) is fed into the model to obtain predictions (red box). When the model

assigns a probability to any class which is above a threshold (dotted line), the prediction is converted to a one-hot pseudo-label. Then,

we compute the model’s prediction for a strong augmentation of the same image (bottom). The model is trained to make its prediction on

the strongly-augmented version match the pseudo-label via a cross-entropy loss. 9
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Self-training with Noisy Student

Require: Labeled images {(z1,y1), (z2,y2), ...,
unlabeled images {Z1, T2, ..., Tm }.
1: Learn teacher model #° which minimizes the cross entropy
loss on labeled images

(n;yn)} and

1 . . gnoisedy . pt
DI CXD)

2: Use a normal (i.e., not noised) teacher model to generate soft
or hard pseudo labels for clean (i.e., not distorted) unlabeled
images

n

1 noised s
£y, o )7
nE (i, f (a

=1

4: Iterative training: Use the student as a teacher and go back to
step 2.
Algorithm 1: Noisy Student Training.

St ’}JZE

= 2743t 0Lt

ChEf §2 458

Noist Studet?| =™ teacher/} A4

2 A
?:iET

Qizhe Xie, Minh-Thang Luong, Eduard Hovy, Quoc V. Le, “Self-training with Noisy
Student improves ImageNet classification.” arXiv:1911.04252, CVPR2020,
Google Research Team / Carnegie Mellon Univ.

canoe

steel arch bridge

Train teacher model Infer pseudo-labels
with labeled data on unlabeled data

Data augmentation \

Train equal-or-
larger student model
with combined data
and noise injected

(Make the student a

k new teacher

(All shown images are from

Dropout —

Stochastic depth

Figure 1:
ImageNet.)

lllustration of the Noisy Student Training.

Noisy Student0il= labeled imageZ teacherE &+&A|7|11, teacherZ unlabeled imagedi| L3t pseudo labelE Mgt teacherZ M
A5t pseudo labeled image?} labeled imageZ studentE &&gt.
1 MZ2& student2 MZ2 pseudo labeled image2t labeled imageZ
S| =ICt 12|1 Noisy student©]

0| studentZ teacherZ At26t0] CtA| pseudo labelZ A4St JEI
Sk&¢eh 0] 2HH0| HHE E|H A Student= teacher2LCt LIS ldt

SHAE dropout, random augmentation, stochastic depth £ 22350 studentdi| noise

| O

oton student’} ME6HX| %2 H|O|E 2 &

I4A5t7| 2|sHA| Meta Pseudo Labels= teacher®t studentS

St pseudo labelO| HsI5HX|
Chrie

o=

SHEEl. m2tM teachers

@A . 0l SAlo| et
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Rethinking ImageNet Pre-training Kaiming He, Ross Girshick, Piotr Dollar, “Rethinking ImageNet Pre-training,” ICCV2019
Facebook Al Research (FAIR)

He et al. show a surprising result that such ImageNet pre-training
does not improve accuracy on the COCO dataset

bbox AP: R50-FPN, GN Figure 1. We train Mask R-CNN with a ResNet-50 FPN(Feature
- How about more data? a5 Pyramid Network) and GroupNorm backbone on the COCO train2017
- How about stronger data a0k : - D set and evaluate bounc_ilng box AP on the vaI2017_sEet, initializing the
tation? model by random weights or ImageNet pre-training. We explore
augmentation : 35+ WA different training schedules by varying the iterations at which the
- How about self-training? learning rate is reduced (where the accuracy leaps). The model
30 trained from random initialization needs more iterations to converge,
Pt but converges to a solution that is no worse than the finetuning
251/ e counterpart. Table 1 shows the resulting AP numbers.
[ ypica
7|3‘—St9'| !mageul\l_ljltjll'd—l-gl 20 H fine-tuning
pre-training hedul - -
e " T - Pre-Training HIZ 842 571 5HXI2t 274X 7h30| Izl of
Scratch(w/o Pre-Training)2 St&52 Sl S25| E2 ds2 2
pre-training @10 AL 02 LS Soll SHOIAUL. : 1) HETH Normalization, 2)
= = A
scratch (randomS =2 5 —random init S0l 24 9 |:|0|'7 |
MENZ st& w/ pre-train
0 1 1 1 1 1
0 1 2 3 4 5

iterations (10°)

11
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Rethinking Pre-training and Self-Training Barret Zoph, Golnaz Ghiasi, Tsung-Yi Lin, Yin Cui, Hanxiao Liu, Ekin D. Cubuk, Quoc V.
Le , “Rethinking Pre-training and Self-training,” arXiv:2006.06882, Google Research
Team
Setup Augment-S1  Augment-S2  Augment-S3  Augment-S4
Rand Init 39.2 41.5 439 44.3
ImageNet Init (+0.3) 39.5 (-0.7) 40.7 (-0.8) 43.2 (-1.0)43.3
Rand Init w/ ImageNet Self-training (+1.7) 40.9 (+1.5) 43.0 (+1.5)45.4 (+1.3)45.6

Table 2: In regimes where pre-training hurts, self-training with the same data source helps. All
models are trained on the full COCO dataset.

» Stronger data augmentation and more labeled data further diminish
the value of pre-training.

- Pre-training?| NS £H5IH, 25|28 Self-training= 6tH O
« Unlike pre-training, self-training is always helpful when using Zedssd =+ 91%% LRSI} 5t 2426t Data
stronger data augmentation, in both low data and high-data regimes. AugmentationZ 0|8% 42 25|28 Pre-training0| 452 25} Al

ZICtD AlSIE E5| wiict.

* In the case that pre-training is helpful, self-training improves upon
pre-training.

12



. Meta - Pseudo Labels

Meta-Pseudo Labels Methods

Notations Pseudo Labels Meta Pseudo Labels
Pseudo-labeled data Pseudo-labeled data
($u,§u) (xuagu)
A
Pre-trained
T Teaglicr S Student T Teacher S Student

A
Student’s performance

on labeled data

Pseudo Labels, where a fixed pre-trained teacher (6;) generates Meta Pseudo Labels, where the teacher is trained along with the student.

pseudo labels for the student to learn from. The student is trained based on the pseudo labels generated by the teacher
(top arrow). The teacher is trained based on the performance of the student
on labeled data (bottom arrow).

Drawback : The problem of confirmation bias in pseudo-labeling

If the pseudo-labels are inaccurate, the student will learn from

inaccurate.

Meta Pseudo Labels utilizes the feedback from the student to inform
the teacher to generate better pseudo labels.

T,S :Teacher Network, Student Network T (x,; 87) : Soft predictions of Teacher network on the batch of unlabeled images x,,
6,0+ : Parameters for T and S

wer S(xy; 0s), S(xy; 05)
(x1,y;) : Abatch of images and labels

X, A batch of unlabeled images CE(q,p) :Cross-entropy loss between two distributions -
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Meta-Pseudo Labels Methods

Pseudo Labels as an optimization problem
Pseudo-labeled data

T(xy; 07) (Turbu)

\

Teacher Pre-trained
Network Teach Student
LS eacher

S(xu; 05)

* Pseudo Labels (PL) trains the student model to minimize the cross-
entropy loss on unlabeled data.

» Pseudo target T (x,; 1) is produced well pre-trained teacher model with
fixed parameter 6;

6% = argmin E,, [CE(T(.,-,,:HT).S(.,~,,;Hﬁg‘))] (1)

fs N ’

"

=L, (07,05)

\

* Hope that the obtained £~ would ultimately achieve a low loss on labeled
data,

B [CE 1, S0 62)] 4 £1(62)

14
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Meta-Pseudo Labels Methods

Meta-Pseudo Pseudo Labels

« Ultimate student loss L; (8% (6;)) on labeled data is also a function
Pseudo-labeled data of teacher model parameters 6.

T o) oo 0)

) Optimize L; with respect to 6,

Teacher

r:_l,_(i’awork Teacher Student S(xy; 6s) nﬁ}in L (BEL(BT)) . Dependency of student on teacher

o T
0Lt (67) PL . (2)
] s (o1 _
Student’s performance where - 05™(0r) = a:%glm Lo (QT’ 93).
on labeled data

+ Notice that the optimal student parameter 6% always depends on the

» By optimizing the teacher’s parameter according to the performance of
teacher parameter 6,. Express the dependency as 65X (6;)

the student on labeled data, the pseudo labels can be adjusted
accordingly to further improve student’s performance.

l Meta Pseudo Labels Z|Zi3t ({242
@ = argmin E,_ [CE(T( 2, 107), S(xy; 05 ))} (1) - Teacher®} Student2| N2 71| S£4 TR0, vgrggL(gT) = A
s l, o7 o=
e (ore) -0IE 01, argmings 7t B5 73X 000}
0% (07) = argmin L, (07, 0s) + As trying to optimize the teacher on a meta level, name
bs

15
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Practical Approximation

From meta learning, approximate multi-step argming with the one-

step gradient update of 8, ngin Ly (GgL(GT)) 3
. (2)
QEL(BT) ~ 05 — ns - Voo Lu (th1 98)1 where 95‘“(87') = arg;mln L., (BT,BS).
S

Plugging this approximation into the optimization problem in Equation
(2) leads to the practical teacher objective in Meta Pseudo Labels

min  £;(0s —ns - Vo Lu(0r.05)). (3
T

If i LI [LNET LI Jare used, i.e. T (x,; 0r) is the full distribution predicted by
teacher, the objective above is fully differentiable with respect to 6 and we can
perform standard back-propagation to get the gradient.

However, in this work, we sample (Il T LA LY rom the teacher
distribution to train the student. We use hard pseudo labels because they result
in smaller computational graphs which are necessary for our large-scale
experiments.

Soft label : Fully differentiable, Large computation
Hard label : Small computation, REINFORCE approximation

16



- Meta - Pseudo Labels

Practical Approximation

* An alternating optimization procedure between the student
update and the teacher update:

. SFudent: draw a batch of unlabeled data x,,, then sample «  The student's training relies on the objective Equation (1),
['(xy; 01) from teacher’s prediction, and optimize objec- except that the teacher parameter is not fixed anymore.
tive | with SGD: 05 = 0s — nsVo. L, (07, 0s), « @ is constantly changing due to the teacher’s optimization.
Self-training

e Teacher: draw a batch of labeled data (2, y;), and “reuse” « Student’s parameter update can be reused in the one-step
the student’s update to optimize objective 3 with SGD: approximation of the teacher’s objective
0r = 01 — Vo Li( Os — Vs Lo(0r,0s) ).

= 0, reused fronT student’s update

Auxiliary trains

» Teacher model : Supervised learning objective + Semi-supervised objective (on unlabeled data using
UDA(Unsupervised Data Augmentation))

+ Student model : After training meta-pseudo labels, finetune it on labeled data to improve its accuracy

17
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07 = 01 — Vo, Li( 05 — Vo Ly(07.05) ).

> Appendix A : Derivation of the Teacher’s Update Rule — = 0 reused from student’s update
it B
+ By the chain rule, we have: . , = _ [ OCE (yu, S(xu;bs)) (8)
: . 9s(Yu) =
o , To simplify notations, — ( ETR —
—— = ——CE (y1, S z1; Egy~T(zu:07) [05 — 15V g CE(Hu, S(zu; 05))]
e, Ky ( ( = s )) « Then, Equation (7) becomes
1x|T| B
7] 00 0 .
= %CE (1, S (21;0%)) ©) 96, " oy yuwT(mu;GT)[gS(yu)] 9)
= - P e |S|x1
_ OCE (1. S(21:05)) A 15| x|T| x
s 05=0%) ?i?_", * Applying REINFORCE equation (Monte-Carlo Policy Gradient) and
- ~ - |S|x|T| Monte-Carlo Approximation,
1x|S| '
=
« The first factor in Equation 6 can be simply computed via Vo =g OCE (1, S(21:05)) [ ICE (Gu, S(2u; bs)) OCE (Yu, T(zu; 07))
back-propagation. We now focus on the second term ‘ I\ 905 1 905 e/ B 967 ;
1x|S]| " " N 1T
— |S|x1
99 9 g, 05 Vo, CE(Gu, S(zu; 05)))
901, = 90y e Tlauitr) 195 T NSV LB, 5T Os (7) - | ((vy, CE (31, S(zz; s ) Vo CE (B, 3(.7‘,,:85))) V6, CE (§u, T(zu; 7))
ISIXITI ~ S -
scalar := n 12
0 oo (OB S(rui05)) (12)
= 9y T Tt |58 TS 0 05=05 Gradient of Student with 8, Gradient of Student with 65 Gradient of Teacher with
on labeled data (x;,y;) on pseudo label (x,, ¥,) 6+ on pseudo label (x,, ¥,)

Student feedback coefficient
18



. Meta - Pseudo Labels Algorithm 1 The Meta Pseudo Labels method, applied to a teacher trained with UDA [76].
Input: Labeled data x;, y; and unlabeled data .

Initialize 91(,9) and 6(50)

fort =0to N — 1do
Algorithm Sample an unlabeled example z,, and a labeled example x;, y;
Sample a pseudo label §,, ~ P(-|xy; 67)
Update the student using the pseudo label ,:

* UDA(Unsupervised Data Augmentation)

(t+1) _ o(t) T T
objective is applied on the teacher 05" =0g5" —ns VosCE(Yu, S(zu;0s)|, _

0s=0g

* The student only learns from the pseudo ~ Compute Student's feedback coefficient as in Equation 12:
labeled data given by the teacher

h=ns- ( (VQ'SCE (yl- S(an; 9;-“”) )T - VosCE (a S(@u: 9;”)))

¥

L. Compute the teacher’s gradient from the STt s feedback:
t ol -y -
v 9 =(h) Vo, CE@u T(@ui0r))l,, 00
Compute the teacher’s gradient on labeled data:

~ 08 huperisea = Vor CE(yr, T (s 1)o7 =

Compute the teacher’s gradient on the UDA loss with unlabeled data:

V 90, = Ve, ('E(SlopGrudicm(T(:r,): 0r), T (RandAugment(z;); aT)) )
" | J op=03"

Xu Xy

Update the teacher:
(t+1) _ p(t) (t) (t) (t)
Oy ' =0p —nr- (QT + 97 supervised T gT.UI)A)

end

el oféw » Only the student model is returned for prediction and evalugtions
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for step in range(args.start_step, args.total_steps):
Code kekmodel/MPL-pytorch
https://github.com/kekmodel/MPL-pytorch/blob/main/main.py

if step % args.eval_step ==
pbar = tqdm(range(args.eval_step), disable=args.local_rank not in [-1, @])
batch_time = AverageMeter()

train_loop data_time = AverageMeter()

s_losses = AverageMeter()

def train_loop(args, labeled_loader, unlabeled_loader, test_loader, finetune_dataset, t_losses = AverageMeter()

teacher_model, student_model, avg_student_model, criterion, t_losses_1 = AverageMeter()

t_optimizer, s_optimizer, t_scheduler, s_scheduler, t_scaler, s_scaler): t_losses_u = AverageMeter()

logger.info("***** Running Training ****x") t_losses_mpl = AverageMeter()
logger.info(f" Task = {args.dataset}@{args.num_labeled}") mean_mask = AverageMeter()

logger.info(f"  Total steps = {args.total_steps}")

teacher_model.train()

if args.world_size > 1:
labeled_epoch = ©
unlabeled_epoch = @

student_model.train()

end = time.time()

labeled_loader.sampler.set_epoch(labeled_epoch) try:
unlabeled_loader.sampler.set_epoch(unlabeled_epoch) # error occurs
# images 1, targets = labeled iter.next()
labeled_iter = iter(labeled_loader) images_1, targets = next(labeled_iter)
unlabeled_iter = iter(unlabeled_loader) except:

if args.world_size > 1:

# for author's code formula labeled_epoch += 1

# moving_dot_product = torch.empty(1).to(args.device)
# limit = 3.0**(0.5) # 3 =6 / (f_in + f_out)

labeled_loader.sampler.set epoch(labeled_epoch)
labeled_iter = iter(labeled_loader)
# nn.init.uniform_(moving_dot_product, -limit, limit) # error occurs 4

# images_1, targets = labeled_iter.next()

D

images_1, targets = next(labeled_iter)
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kekmodel/MPL-pytorch

Meta - Pseudo Labels https://github.com/kekmodel/MPL-pytorch/blob/main/main.py

for step for step

o soft_pseudo_label = torch.softmax(t_logits_uw.detach() / args.temperature, dim=-1)

* error: eccors: 4 Vi max_probs, hard_pseudo_label = torch.max(soft_pseudo_label, dim=-1)

# (images uw, images_us), = unlabeled_iter.next()

mask = max_probs.ge(args.threshold).float()
» (images_uw, images_us), _ = next(unlabeled_iter)

except:  (Xy, aug(xy)) (X, vu)
if args.world_size > 1:

t_loss_u = torch.mean( \
-(soft_pseudo_label * torch.log_softmax(t_logits_us, dim=-1)).sum(dim=-1) * mask
)

GnIabesled Apoch; =2 weight_u = args.lambda_u * min(1., (step + 1) / args.uda_steps)

unlabeled_loader.sampler.set_epoch(unlabeled_epoch) t_loss_uda = t_loss_1 + weight u * t loss u

unlabeled_iter = iter(unlabeled_loader)

N
% AUPOr GEoivE: § s_images = torch.cat((images_1, images_us)) (%, aug(xy))

# (images_uw, images us), _ = unlabeled_iter.next() s logits. ~ SR image;)

(images_uw, images_us), _ = next(unlabeled_iter) B - o logits[:batch size] S(xl;OS)
s_logits us = s_logits[batch_size:] S(aug(xy);0s)
data_time.update(time.time() - end) del s_logits

images 1 = images_l.to(args.device) s_loss_1_old = F.cross_entropy(s_logits_l.detach(), targets) CE(1, S(x1;65))

images _uw = images_uw.to(args.device) s_loss = criterion(s_logits_us, hard_pseudo_label) CE(j\Iu,S(aug(xu);Hs))

images us = images_us.to(args.device)

BRIESESl- targets.to(args.device) s_scaler.scale(s_loss).backward()

Student Model
Backpropagation

with amp.autocast(enabled=args.amp): ; < i
el Ste = dbgas. 1. Shapele) (7, %y, aug (xy,)) if args.grad_clip > @:
= EroLlashape s_scaler.unscale_(s_optimizer)

timages: = torch.cat( GRS, im‘kés—u“’ i) nn.utils.clip grad_norm_(student_model.parameters(), args.grad_clip)

t_logits = teacher_model(t_images)

s_scaler.step(s_optimizer)
T(x;;07) t_logits 1 = t_logits[:batch_size]

s_scaler.update()
t_logits uw, t_logits_us = t_logits[batch_size:].chunk(2)

del t loglts T (xy; 07) T(aug(x,);0r)

s_scheduler.step()

if args.ema > O:

avg_student_model.update_parameters(student_model)

t_loss_1 = criterion(t_logits_l, targets) CE(y;, T(x;;07)) 5
1




. kekmodel/MPL-pytorch
Meta - Pseudo Labels https://github.com/kekmodel/MPL-pytorch/blob/main/main.py

« Teacher model loss function 0|3 : Without Student model Feedback

T (xy; 07)
soft_pseudo_label = torch.softmax(t_logits_uw.detach() / args.temperature, dim=-1) (t) _ . 1 .

. : 9rupa = Ve CE(StopGradient(T (xy); 6r), T (RandAugment(x,,); 6r) .
max_probs, hard_pseudo_label = torch.max(soft_pseudo_label, dim=-1) 01 =6
mask = max_probs.ge(args.threshold).float()
t_loss_u = torch.mean( T(aug(xy); 61)

-(soft_pseudo_label * torch.log softmax(t_logits_us, dim=-1)).sum(dim=-1) * mask
)
t+1 t t t t
weight_u = args.lambda_u * min(1., (step + 1) / args.uda_steps) 951+ ) = 9:(11) —nNr " (g;«) -+ gf(l“,)superviscd +grgw,)'JDA)

t_loss_uda = t_loss_l + weight u * t_loss_u
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« Unlabeled dataset It}

unlabeled_loader = Dataloader(
unlabeled_dataset,
sampler=train_sampler(unlabeled_dataset),
batch_size=args.batch_size * args.mu,
num_workers=args.workers,

drop_last=True)

labeled_iter = iter(labeleéd loader)

unlabeled_iter = iter(unlabeled_loader)

try:
# error occurs 4
# (images_uw, images us), _ = unlabeled_iter.next()
(images_uw, 1nages_ysb, _ = next(unlabeled_iter)

train_unlabeled_dataset = CIFAR1@SSL(
args.data_path, train_unlabeled_idxs,
train=True,

transform=TransformMPL(args, mean=cifarl@_mean, std=cifarl@_std)

kekmodel/MPL-pytorch
https://github.com/kekmodel/MPL-pytorch/blob/main/main.py

class TransformMPL(object):
def __init__ (self, args, mean, std):
if args.randaug:
n, m = args.randaug

else:

n, m=2, 10 # default
self.ori = transforms.Compose([
transforms.RandomHorizontalFlip(),
transforms.RandomCrop(size=args.resize,
padding=int(args.resize * 0.125),
£i11=128,
padding_mode="constant’)])
self.aug = transforms.Compose([
transforms.RandomHorizontalFlip(),
transforms.RandomCrop(size=args.resize,
padding=int(args.resize * 0.125),
£i11=128,
padding_mode="constant"),
RandAugmentCIFAR(n=n, m=m)])
self.normalize = transforms.Compose([
transforms.ToTensor(),

transforms.Normalize(mean=mean, std=std)])

def __call_ (self, x):

ori = self.ori(x)
aug = self.aug(x)
return self.normalize(ori), self.normalize(aug)
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for step > Teacher model loss function : Student model A& Feedback for step

&« " e NSNS N ESE R NSNS EEEASESNSEEEESEEEEEEESEEEEE

Meta - Pseudo Labels

=

with amp.autocast(enabled=args.amp):
with torch.no_grad():
s_logits_1 = student_model(images_1) CE()Q,S(XI;Qét+1)))
s_loss_1_new = F.cross_entropy(s_logits_l.detach(), targets)

# theoretically correct formula (https://github.com/kekmodel/MPL-pytorch/issues/6)

# dot_product = s loss 1 old - s loss 1 new

# author's code formula
¥ dot_product = s_loss_1 new - s_loss_1 old
# moving_dot_product = moving_dot_product * ©.99 + dot_product * 0.01
# dot_product = dot_product - moving_dot_product
T(aug(x,); 6r)
_, hard_pseudo_label = torch.max(t_logits_us.detach(), dim=-1)
t_loss_mpl = dot_product * F.cross_entropy(t_logits _us, hard_pseudo_label)
¥ sk CEG T(aug (x,); 67))
# t_loss_mpl = torch.tensor(@.).to(args.device)

t_loss = t_loss _uda + t_loss mpl

t_scaler.scale(t_loss).backward() Teacher Model

if args.grad_clip > ©: Backpropagation
t_scaler.unscale (t_optimizer)
nn.utils.clip_grad_norm_(teacher_model.parameters(), args.grad_clip)

t_scaler.step(t_optimizer)

t_scaler.update()

t_scheduler.step()

D

kekmodel/MPL-pytorch
https://github.com/kekmodel/MPL-pytorch/blob/main/main.py

teacher_model.zero_grad()

student_model.zero_grad()

if args.world_size > 1:
s_loss = reduce_tensor(s_loss.detach(), args.world_size)

t_loss = reduce_tensor(t_loss.detach(), args.world_size)

t_loss_1 = reduce_tensor(t_loss_l.detach(), args.world_size)

t_loss_u = reduce_tensor(t_loss_u.detach(), args.world_size)
t_loss_mpl = reduce_tensor(t_loss_mpl.detach(), args.world_size)

mask = reduce_tensor(mask, args.world_size)

s_losses.update(s_loss.item())
t_losses.update(t_loss.item())
t_losses_l.update(t_loss_l.item())
t_losses_u.update(t_loss_u.item())
t_losses_mpl.update(t_loss_mpl.item())

mean_mask.update(mask.mean().item())

batch_time.update(time.time() - end)
pbar.set_description(
f"Train Iter: {step+1:3}/{args.total_steps:3}. "
f"LR: {get_lr(s_optimizer):.4f}. Data: {data_time.avg:.2f}s. "
f"Batch: {batch_time.avg:.2f}s. S_Loss: {s_losses.avg:.4f}. "
f"T_Loss: {t_losses.avg:.4f}. Mask: {mean_mask.avg:.4f}. ")
pbar.update()
if args.local_rank in [-1, @]:
args.writer.add_scalar("1lr", get_1lr(s_optimizer), step)

wandb.log({"1r": get_lr(s_optimizer)})



* Meta gradient

th amp.autocast(enabled=args.amp):
with torch.no_grad():
s_logits_1 = student_model(images_1)

s_loss_1_new = F.cross_entropy(s_logits_l.detach(), targets)

# theoretically correct formula (https://github.com/kekmodel/MPL-pytorch/issues/6)

# dot_product = s_loss_1_old - s_loss_l_new

# author's code formula

dot_product = s_loss_1_new - s_loss_1_old

# moving_dot_product = moving_dot_product * ©.99 + dot_product * 9.01
# dot_product = dot_product - moving_dot_product

ICE (y;. S (x;; 0" OCE (Yu, S(xu; 0
Vo, 01 = s . 2CE 5@ s)).( (s S (@3 B5))

393 395

w
1x|S|

.
) OCE (§u, T(wu; fr))
i OO

~ J

(8

)

1S]x1 1x|T|

=
=1s - ((V%CE (y;,S(:rl;H’S)) Vs CE (Yu, S(ﬂfu;as))) Vo, CE (Ju, T(zu; 07))

»

A scalar := h

Compute the teacher’s feedback coefficient as in Equation 12:

- Meta - Pseudo Labels

ek ((V%CE (. 5(@i:08) )" VosCE (@L,S(xu;eg’)))

Compute the teacher’s gradient from the student’s feedback:

gg) g V,;TCE(@.,T(%?GT))|9T=9§~”

kekmodel/MPL-pytorch
https://github.com/kekmodel/MPL-pytorch/blob/main/main.py

5 Meta gradient with first-order Taylor expan-
sion
As mentioned in the Meta Pseudo paper,
h=nu(Vosr Ly, S(@;6541)) T - Vo, L, (13 6%))) (39)
gmEeTA = hVoi L(ju, S(u; 6})) (40)
Using the first order Taylor expansion
L(yi, S(x130%)) = Ly, S(x1: 6.1)) + (6 Bf,“)Vo;.;L(y,,S(:c,;B:“)) +0(2)
(41)
~ Ly, S(x1:671")) + (8, — 07" )Vgera L(wy, S(zi; 0571)) (42)
= Ly, S(x1:0:*")) + 1:Vgs L(fu, S(2u; 05) Vi L, S(i: 05F)
(43)

So that we can use the difference between the old and new student-label loss to
compute h

h=ny(Veer Ly, S(xi;0.%)) " - Vigi L(w, S(1365))) (44)
~ L(y;, S(x136y)) — Ly, S(x1;6,11)) (45)
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kekmodel/MPL-pytorch
https://github.com/kekmodel/MPL-pytorch/blob/main/main.py

Meta - Pseudo Labels

for step
for step

args.num_eval = step // args.eval_step

if (step + 1) % args.eval_step == 0: )
pbar.close() TS_?est = topl > args.best_topl
if args.local_rank in [-1, @]: if is_best:

topl
top5

args.writer.add scalar("train/1l.s_loss", s_losses.avg, args.num_eval) argsshest. topl

args.writer.add_scalar("train/2.t_loss", t_losses.avg, args.num_eval) args.best_top5
args.writer.add_scalar("train/3.t_labeled”, t_losses_l.avg, args.num_eval)

args.writer.add scalar("train/4.t_unlabeled”, t_losses_u.avg, args.num_eval) logger.info(f"top-1 acc: {topl:.2f}")

args.writer.add_scalar("train/5.t_mpl"”, t_losses_mpl.avg, args.num_eval) logger.info(f"Best top-1 acc: {args.best_topl:.2f}")
args.writer.add_scalar("train/6.mask", mean_mask.avg, args.num_eval)

wandb.log({"train/1l.s_loss": s_losses.avg, save_checkpoint(args, {

"train/2.t_loss": t_losses.avg, SERpT: shep 2%,

“train/3.t_labeled": t_losses_l.avg, teacher_state_dict’: teacher_model.state_dict(),

“train/4.t_unlabeled”: t_losses_u.avg, student_state_dict’: student_model.state_dict(),

“train/5.t_mpl": t_losses_mpl.avg, 'avg_state_dict': avg_student_model.state_dict()
"train/6.mask”: mean_mask.avg}) if avg_student_model is not None else None,
'best_topl': args.best_topl,

test_model = avg_student_model if avg_student_model is not None else student_model "best_top5’: args.best_top5,
test_loss, topl, top5 = evaluate(args, test_loader, test_model, criterion) "teacher_optimizer': t_optimizer.state_dict(),
'student_optimizer': s_optimizer.state_dict(),
args.writer.add_scalar("test/loss"”, test_loss, args.num_eval) ‘teacher_scheduler’: t_scheduler.state_dict(),
args.writer.add_scalar("test/acc@l", topl, args.num_eval) "student_scheduler’: s_scheduler.state_dict(),

args.writer.add_scalar("test/acc@5", top5, args.num_eval) "teacher_scaler': t_scaler.state_dict(),
wandb.log({"test/loss": test_loss,
"test/acc@l™: topl,

"test/acc@5": top5})

"student_scaler': s_scaler.state_dict(),

}, is_best)

"% R RS E RSN E R SRR ENEEEENEEEEESEERENSSEEESEERESEEEESEEEEESEEEEEEE
"% NN RN NS NN NSRS NSNS EEESSEEESEEEESESEEEEEEEEEEEE
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if args.local_rank in [-1, 0]:

args.writer.add_scalar("result/test_acc@l”, args.best_topl)

wandb.log({"result/test_acc@l": args.best_topl})

# finetune
del t_scaler, t_scheduler, t_optimizer, teacher_model, labeled_loader, unlabeled_loader
del s_scaler, s_scheduler, s_optimizer
ckpt_name = f'{args.save_path}/{args.name}_best.pth.tar’
loc = f'cuda:{args.gpu}’
checkpoint = torch.load(ckpt_name, map_location=loc)
logger.info(f"=> loading checkpoint *{ckpt_name}'")
if checkpoint['avg_state dict’'] is not None:
model load_state_dict(student_model, checkpoint['avg_state_dict'])
else:
model_load_state_dict(student_model, checkpoint['student_state_dict'])
finetune(args, finetune_dataset, test_loader, student_model, criterion)

return

kekmodel/MPL-pytorch
https://github.com/kekmodel/MPL-pytorch/blob/main/main.py
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. kekmodel/MPL-pytorch
Meta - Pseudo Labels https://github.com/kekmodel/MPL-pytorch/blob/main/main.py

Meta-Pesudo Label with UDA

Pseudo-labeled data
(xw 3u)  Pyy=HardLabel(T (x,;6%))

> Xu
UDA  A(xy,) I X, Y, A(x,) UDA
Teacher T, | | Student S,65
(Pretrained model) (Scratch model) .
'y Switching Backpropagation
| 11 T
‘ * y t \ t
Tlossyps = Tloss, = Sloss} = CE(y;, S(x; 05)) Slosst = CE(Yy, S(A(xy); 65))
CE(SoftLabel(xy); 67, T (A(xy); 67)) CE(y, T (x15 61)) 3
Backpropagation Slosst+ = CE(y,, S(x; 9§t+1)))<_ 9(Sz+1) _ g(St) — s Vo CE(Gu, S(Tu; 95)|gs_gm
v =8
Tloss; + wyTlossypa+ TloSSpp l
4 h = Sloss{*™* — Sloss}
Tlossmp = Meta gradient with first-order Taylor
h x CE(§,, HardLabel(T (A(x,); 6%))) expansion
) t+1 Student's performance on labeled data
wy = Ay + min(l, ———)
UDAsteps
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Meta - Pseudo Labels

Experiments : Small Scale Experiments

* TwoMoon Dataset Experiment

» TwoMoon dataset : 2 clusters each with 1,000 examples, 6 examples are labeled and
others unlabeled

» Teach / Student Model : Feed-forward fully-connected neural network with two hidden
layers, each has 8 units

Supervised Pseudo Labels Meta Pseudo Labels

Figure 2: An illustration of the importance of feedback in Meta Pseudo Labels (right). In this
example, Meta Pseudo Labels works better than Supervised Learning (left) and Pseudo Labels
(middle) on the simple TwoMoon dataset. More details are in Section 3.1.
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. Meta - Pseudo Labels

Experiments : Small Scale Experiments

+ CIFAR-10-4K, SVHN-1K, and ImageNet-10%

* CIFAR and SVHN: WideResNet-28-2, Finetune 1000 steps with 512 batch
* ImageNet: ResNet-50, Finetune 2000 steps with 512 batch

Method CIFAR-10-4K  SVHN-1IK  ImageNet-10%
(mean = std) (mean =std) Top-1  Top-5
Temporal Ensemble [ 5] 83.63 £ 0.63 02.81 £0.27 -
Mean Teacher [61] 84.13 = 0.28 94.35 +£0.47 —
VAT + EntMin [-+4] 86.87 = 0.39 94.65 = 0.19 — 83.39
LGA + VAT [ 0] 87.94 = 0.19 93.42 £ 0.36 —
o ICT (7] 92.71£0.02  96.11 £0.04 -
Label Propagation Methods o v 151 03.76 £ 0.06  96.73 + 0.31 -
ReMixMatch [+] 94.86 = 0.04 97.17 £ 0.30 -
EnAET [ 7] 94.65 97.08 —
FixMatch [55] 95.74 £ 0.05 97.72 £ 0.38 71.5 89.1
UDA™ [76] 94.53 £ 0.18 97.11 £0.17 68.07 88.19
SimCLR [, V] — — 1.7 90.4
MOCOV2 [10] — — 71.1 —
Self-Supervised Methods PCL [ 7] — — — 85.6
PIRL [+7] — — — 84.9
BYOL [21] — — 68.8 89.0
Meta Pseudo Labels 96.11 =0.07 98.01 £0.07 7389 91.38
Supervised Learning with full dataset” 9492 +£0.17 9741 +£0.16 76.89  93.27

Table 2: Image classification accuracy on
CIFAR-10-4K, SVHN-1K, and ImageNet-
10%. Higher is better. For CIFAR-10-4K and
SVHN-1K, we report mean + std over 10
runs, while for ImageNet-10%, we report
Top-1=Top-5 accuracy of a single run.

For fair comparison, we only include results
that share the same model architecture:
WideResNet-28-2 for CIFAR-10-4K and
SVHN-1K, and ResNet-50 for ImageNet-
10%. * indicates our implementation which
uses the same experimental protocols.
Except for UDA, results in the first two
blocks are from representative important
papers, and hence do not share the same
controlled environment with ours.
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Experiments : ResNet50 + JFT

+ Benchmark Meta pseudo labels on the labeled entire ImageNet
dataset (25,000 examples) plus unlabeled images from JFT (12.8M

images)
Method Unlabeled Accuracy
Images (top-1/top-3)
Supervised [ 2] None 76.9/93.3
AutoAugment [ | 2] None 77.6/93.8
DropBlock [ %] None 78.4/94.2
FixRes [05] None 79.1/94.6
FixRes+CutMix [=7] None 79.8/94.9
NoisyStudent [77] JFT 78.9/94.3
UDA [76] JFT 79.0/94.5
Billion-scale SSL [6%, 7Y] YFCC 82.5/96.6
Meta Pseudo Labels JFT 83.2/96.5

Table 3: Top-1 and Top-5 accuracy of Meta Pseudo Labels
and other representative supervised and semi-supervised
methods on ImageNet with ResNet-50.



- Meta - Pseudo Labels

Experiments : Large Scale Experiment

* Architecture : EfficientNet-L2

» Datasets : Labeled entire ImageNet,
Unlabeled JFT 130M (filtered down by
Noisy student using confidence
thresholds and up-sampling)

++ Hybrid model parallelism

» Acluster of 2,048 TPUv3 cores — Divide
into 128 identical replicas to run with
standard data parallelism with synchronized
gradients (2,048/128=16 cores)

» Two types of model parallelism : 1) Split
512x512 image into 16 patches, 2) Split
each weight tensor into 16 parts

Table 4: Top-1 and Top-5 accuracy of Meta
Pseudo Labels and previous state-of-the-art
methods on ImageNet. With EfficientNet-L2
and EfficientNet-B6-Wide, Meta Pseudo
Labels achieves an improvement of 1.6% on
top of the state-of-the-art [16], despite the fact
that the latter uses 300 million labeled training
examples from JFT.

ResNet-50 [24] 26M — 76.0 93.0 82.94
ResNet-152 [24] 60M — 77.8 93.8 84.79
DenseNet-264 [ 28] 34M — 77.9 93.9 —
Inception-v3 [6] 24M — 78.8 94.4 83.58
Xception [ 1 1] 23M - 79.0 94.5 —
Inception-v4 [61] 48M - 80.0 95.0 —
Inception-resnet-v2 [61] 56M — 80.1 95.1 -
ResNeXt-101 [ 75] 84M — 80.9 95.6 85.18
PolyNet [=7] 02M — 81.3 05.8 —
SENet [ 27] 146M — 82.7 96.2 -
NASNet-A [20] 8OM - 82.7 96.2 82.56
AmoebaNet-A [5] 8TM - 82.8 96.1 -
PNASNet [ Y] 86M — 82.9 96.2 -
AmoebaNet-C + AutoAugment [ | 7] 155M - 83.5 96.5 -
GPipe [2Y] 557TM - 84.3 97.0 —
EfficientNet-B7 [67] 66M — 85.0 97.2 -
EfficientNet-B7 + FixRes [ 1] 66M - 85.3 97.4 —
EfficientNet-L2 [0 7] 480M — 85.5 97.5 -
ResNet-50 Billion-scale SSL [ 7Y] 26M 3.5B labeled Instagram  81.2 96.0 —
ResNeXt-101 Billion-scale SSL [7Y] 193M 3.5B labeled Instagram  84.8 — —
ResNeXt-101 WSL [12] 820M 3.5B labeled Instagram  85.4 97.6 88.19
FixRes ResNeXt-101 WSL [6Y] 820M 3.5B labeled Instagram  86.4 98.0 80.73
Big Transfer (BiT-L) [ 7] 928M 300M labeled JFT 87.5 98.5 90.54
Noisy Student (EfficientNet-L2) [77] 480M 300M unlabeled JFT  88.4 08.7 90.55
Noisy Student + FixRes [ (/] 480M 300M unlabeled JFT ~ 88.5 08.7 -
Vision Transformer (ViT-H) [ 1] 632M 300M labeled JFT 88.55 - 90.72
EfficientNet-L2-NoisyStudent + SAM [ 6] 480M 300M unlabeled JFT 88.6 98.6 —
Meta Pseudo Labels (EfficientNet-B6-Wide) 390M 300M unlabeled JFT ~ 90.0 98.7 91.12
Meta Pseudo Labels (EfficientNet-1.2) 480M 300M unlabeled JFT ~ 90.2 98.8 91.02




- Meta - Pseudo Labels

Experiments : Ablations

» Meta Pseudo Labels with Different Amounts of Labeled Data

(=) I |
o N

® @ Supervised Learning

Top-1 Accuracy

& ¢ RandAugment
."" Ye—k Meta Pseudo Labels

10% 20% 40% 80% 100%

Portion of ImageNet Labeled Examples

Figure 5: Performance of Supervised Learning,
RandAugment, and Meta Pseudo Labels at different amounts
of labeled examples.

* Meta Pseudo Labels with Different Training Techniques for the Teacher

Teacher Pseudo-Labels Mixup [©5] RandAugment
-Meta Pseudo Labels 83.79 £ 0.11 84.20 £ 0.15 85.53 +£0.25
+Meta Pseudo Labels  84.11 £ 0.07  84.81 +0.19  87.55 + 0.14

Table 10: Meta Pseudo Labels’s accuracy for WideResNet-28-2 on CIFAR-10-
4,000, where the teacher is trained with different techniques. All numbers are
mean + std over 10 runs
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. Meta - Pseudo Labels

Experiments : Ablations

» Meta Pseudo Labels Is a Mechanism to Address the Confirmation
Bias of Pseudo Labels

Training Accuracy on CIFAR-10-4,000 Training Accuracy on ImageNet-10%
1.00 T AT 1.0 T
e el I [ Supervised :
> ; i Ty Ay ST > ;
= off : F U 0.81 Teacher -
€ 09574 A 2 —— Student ¥
= i = u en
o : O 0.6 T——wMiaw g RV,
< 0.90 : < ;
e 20.4; WY e
c =YY | e Supervised c A FEOAL A
o 0.85 — © g 4
© Teacher = 0.2 :
= = N
—— Student Lt
0.80 : 0.0+
0.25 0.50 0.75 1.0 0 0.25 0.50 0.75 1.0
Training Progress Training Progress

Figure 4: Training accuracy of Meta Pseudo Labels and of supervised learning on CIFAR-10-4,000 and
ImageNet-10%. Both the teacher and the student in Meta Pseudo Labels have lower training accuracy,
effectively avoiding overfitting



Experiments : Reduced Meta Pseudo Labels

» Compare Reduced Meta Pseudo Labels to NoisyStudent.

- Meta Pseudo Labels

* In fact, the only difference between NoisyStudent and Reduced Meta Pseudo Labels is that Reduced Meta
Pseudo Labels has a teacher that adapts to the student’s learning state.
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Figure 5: The ReducedMPL training procedure has 3 steps: (1)
a large teacher gy (red box) is pre-trained; (2) Gupe assigns
class distributions to the student’s training data; (3) A small multi-
layered perceptron gy calibrates the distributions computed by
Glarge 10 train the student. gy is trained along with the student, like
the teacher in normal MPL.

Methods CIFAR-10 SVHN ImageNet
Supervised 97.18 £0.08 98.17+0.03 84.49/97.18
NoisyStudent 08.22 £0.05 98.71 = 0.11 85.81/97.53

Reduced Meta Pseudo Labels  98.56 = 0.07  98.78 +£ 0.07 86.87/98.11

Table 11: Image classification accuracy of EfficientNet-BO on CIFAR-10
and SVHN, and EfficientNet-B7 on ImageNet. Higher is better. CIFAR-
10 results are mean std over 5 runs, and ImageNet results are top-
1/top-5 accuracy of a single run. All numbers are produced in our
codebase and are controlled experiments.

35



