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, Semi-supervised Learning (SSL)
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* Aim to improve data efficiency of deep models

» Explore supervisson from unlabeled data

Few Labeled Data L Numerous Unlabeled Data ‘U




' Overview of SSL Methods

Consistency Regularization

Pi-Model Mean Teachers UDA Noisy Student
2017 2017 2020 2020

SSL Methods Pseudo Labeling

Pseudo Label  CO-training Tri-training
2013 1998 2005

Despite the effectiveness olistic Methods
of self-training methods, —
the bias issue remains MixMatch  FixMatch
underexplored. 2019 2020
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'Bias Issue of Self-Training

Training Instability

* Slow down convergence speed @
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» Lead to catastrophic forgetting of pre-trained models @
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Aircraft (supervised pre-trained)




'Bias Issue of Self-Training

Training Instability

* Slow down convergence speed @
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» Lead to catastrophic forgetting of pre-trained models @
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——= Baseline
60 1 —— FixMatch
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CUB (unsupervised pre-trained)
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Food-101 (unsupervised pre-trained)




'Bias Issue of Self-Training

Matthew Effect
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* Enlarger performance imbalance across classes ®

Baseline
90

~
192}

(o))
o

Accuracy (%)
w R
S o

=
92}

\{
Sﬂa\ce t(UC\L \'\’La(d(accoo(\ Ue e \Noﬁ\aﬂ

90

Accuracy (%)
w EAN (@)] ~
o un o u

=
(9

FixMatch

’(X\'\C\L \'\’La(d Sﬂa\Le \OUS (BCCOO(\O’Q‘Q( \Noﬁ\a(\

Top-1 Accuracy on 7 categories from CIFAR-100 (ResNet50, supervised pre-trained)




, Bias Issue of Self-Training

Matthew Effect

* Enlarger performance imbalance across classes ®

FixMatch DST
100 100
90 90
80 80
S 70
2 60 S 60
) 9
s 50 © 50
= 5
Q 40 § 40
30 30
20 20
10 10
0 0
0 20 40 60 80 10C 0 20 40 60 80 100

Top-1 Accuracy on all classes from CIFAR-100 (ResNet50, supervised pre-trained)




'Previous Solutions of Self-Training Bias

Generate Higher Quality Pseudo Labels

* Confidence thresholds (Static of Dynamic)
o O O

* Consistency regularization

Weakly- hoe l/J ﬁ f P,h (x )

augmented

FixMatch, UDA,
FlexMatch ...

X

Unlabeled
example

(T

[ I P
B ' o
By

\

]

I

I

I

A aremaxp, maxp = T
atgentd v f Y,h (x) = 5 P P -
~ s Predicion (77 ’ -1, otherwise

Data Flow of Fixmatch

Relies on manual design of criteria to improve the quality of
pseudo labels ®




'Previous Solutions of Self-Training Bias

Improve Tolerance to Inaccurate Pseudo Labels

* Maintain discrepancy between generation and

/
teacher (P
\ /

Mean Teacher

Mean Teacher, MMT,
Noisy Student ...

student

iz:z@ O Labeled Data

! ﬁu\' O Unlabeled Data

>\ 2SN
\ pu% \__} Pseudo Label

Parameter Replacement

teacher

Noisy student

The decision boundary still has the potential to be damaged by

incorrected pseudo labels ®

Yo |






,Analysis of Bias in Self-Training

Definition of Bias

* The deviation between the learned decision hyperplanes and the

true decision hyperplanes.

OA Different Classes (O /\[ ] Unlabeled Data

>— True Hyperplane >ﬂ Learnt Hyperplane
Ne

What is the cause of
bias in self-training
process ?
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,Analysis of Bias in Self-Training
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Effect of Data Sampling

» With fewer labeled data, the distances between supporting data

of each categories and the true decision hyperplanes may vary.

Sample 1 Sample 2 Sample 3 Sample 4

@
(=]

90 90

75 75 75 75

60 9 60 o 60 2 60
g g g

45 @ 45 @45 @ 45
3 3 3
v o v

30 < 30 <30 < 30

15 15 — 15 15

(U o€ P gedl | eRle o™ peat o qor™ gedl (P pedl | pet® e RO o™ (am® gedl oetl® e peat (S o™ gedl oetl® e peal P

Top-1 Accuracy on 7 categories from CIFAR-100 with different labeled data
sampling
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,Analysis of Bias in Self-Training

Effect of Pre-Trained Representations

* The representations learned by different pre-trained models

focus on different aspects of the data.

Supervised Pre-Train Unsupervised Pre-Train
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o

(e}
o

~
S,

~
S, ]

[e)]

o
)]
o

Accuracy (%)
N
(9]

w

<

Accuracy (%)
D
(6]

w
o

=
9]

=
Ul

d \ed d \ Ao \\ A yed d 0 a0 e
(0% e \eova((acwo Y o om? (03% el (aY \eopa((accoow oA

Top-1 Accuracy on 7 categories from CIFAR-100 with different pre-trained models
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,Analysis of Bias in Self-Training

Effect of Self-Training Algorithm
* Training with pseudo labels aggressively in turn enlarges the self-

training bias on some categories.

/\ Different Classes (O /\[ ] Unlabeled Data

>’ True Hyperplane >, Learnt Hyperplane

With biased learnt hyperplane,
the model makes a mistake on
data point




,Analysis of Bias in Self-Training

Effect of Self-Training Algorithm
* Training with pseudo labels aggressively in turn enlarges the self-

training bias on some categories.

OA Different Classes (O /\[ ] Unlabeled Data

>’ True Hyperplane >, Learnt Hyperplane

The misclassified data point
further pushes the learnt
hyperplane far away
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,Analysis of Bias in Self-Training
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Effect of Self-Training Algorithm

» Ultimately, the accuracy of some categories increases, while that

of other categories decreases to nearly zero.

Baseline FixMatch
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Top-1 Accuracy on 7 categories from CIFAR-100 with different training strategies
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' Decomposition of Bias in Self-Training

Data Bias
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* The bias inherent in semi-supervised learning tasks, such as the

bias of sampling and pre-trained models.

Training Bias

* The bias increment brought by some unreasonable training

strateqies.
1007

Error Rate (%)

90
80
70
60
50
40
30
20
10

0

— Labeled data only
\ FixMatch

Data Bias

0

20 40 60 80 100
Ranked Class Index

Error Rate (%)

100
90
80
70
60
50
40
30
20
10

— Labeled data only
— DST

Reduction of Bias

20 40 60 80 100
Ranked Class Index
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' Debiased Self-Training

How to Decrease Training Bias ?

* Decouple the generation and utilization of pseudo labels by

introducing a completely parameter independent pseudo head.

, -~
Forward Propagation O Labeled Data 1 \: Pseudo Label
/
z Backward Propagation Q Unlabeled Data e Parameter Replacement
head
\ ', :\2\ \ , :\;\
Y
H/’p = =P
—; /7 :':L\ \ - \\
generator— [\ Yy~ generator X S‘,u )
t ~ - ~ -
H\ :\\\ / V)
[ =1 U —>
/ head ‘P,’ <_\P,’

pseudo head
FixMatch DST




' Debiased Self-Training

How to Decrease Training Bias ?

Classifier head:

* More sensitive to noisy data

Feature generator:
* More parameters, data hungry

* Better tolerance to noisy data

pseudo head

¢:hﬁrri)i£udo L. (1/}: h) + /U"u (l/), hpseudor fl,b,h)

o |



' Debiased Self-Training

How to Decrease Data Bias ?

* Training bias can be considered as the accumulation of data bias.

* The worst training bias that can be achieved is a good measure of

data bias.

>— True Hyperplane >f Learnt Hyperplane >, Worst Hyperplane




' Debiased Self-Training

How to Decrease Data Bias ?

A A D Estimate the worst training bias
JAN A A A
ﬁi AAAA Introduce a worst case estimation
0 O3 5 head h',which:
O ~O — — ¢ C ly classifies the labeled
OAQ orrectly classifies the labele
OQQO |__‘|um =1

[ L[Ij samples
0 * Deviates from the current
hyperplanes as much as possible

>— True Hyperplane >~ Learnt Hyperplane >—— Worst Hyperplane
max Ly ($, 1, fy) = Le @, b)

Y2 |



' Debiased Self-Training

How to Decrease Data Bias ?

Decrease the worst training bias

Encourage the features to be generated

far away from the current hyperplanes

* Optimize 1) and h'with stochastic
gradient descent alternatively

* The optimization can be viewed as an
alternative from of GAN

>, True Hyperplane >—— Learnt Hyperplane >—— Worst Hyperplane

mlbn maXL'u(l/) h’ fl[}h) LL('(/J h)

Y2 |






,Standard SSL Benchmarks

Top-1 Accuracy on standard SSL benchmarks (train from scratch, 4 labels per class)

Method CIFAR-10 CIFAR-100 SVHN STL-10| Avg
Psuedo Label [30]| 25.4 12.6 253 253 |222
VAT [34] 25.3 15.1 26.1 255 [23.0
ALI [15] 25.9 12.4 28.5  24.1 (227
RAT [52] 33.2 20.5 52.6  30.7 |34.2
MixMatch [4] 52.6 32.4 57.5  45.1 |46.9
UDA [59] 71.0 40.7 474  62.6 |554
ReMixMatch [3] 80.9 55.7 96.6 640 |74.3
Dash [61] 86.8 55.2 97.0 64.5 |75.9
/ FixMatch [49] 87.2 50.6 96.5 67.1 |75.4\
I DST (FixMatch) 89.3 56.1 96.7 71.0 |78.31
I ]
: FlexMatch [64] 94.7 59.5 89.6 713 |78.8
\DST (FlexMatch) 95.0 65.4 942  79.6 [83.6,

DST yields consistent improvement on all tasks.
Especially on the challenging tasks CIFAR-100 and STL10

Y2 |
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Standard SSL Benchmarks

DST increases the training stability

Method | CIFAR-100
B0 Jrmmmm AR e Psuedo Label [30] 12.6
VAT [34] 15.1
50 ALI [15] 12.4
3 RAT [52] 20.5
< 407 MixMatch [4] 32.4
o 20 UDA [59] 40.7
5 ReMixMatch [3] 55.7
O _ Dash [61] 55.2
<< 20 —— FixMatch ==
DST (FixMatch) FixMatch [49] (506 :
10 — FlexMatch DST (FixMatch) ] 56.1 :
0 —— DST (FlexMatch) FlexMatch [64] | | 595
| , , , , , DST (FlexMatch) | | 65.4 l
0 2x10° 4x10° 6x10° 8x10° 10° _——.
Ilterations

Top-1 Accuracy on CIFAR-100
(train from scratch, 4 labels per category)




,Standard SSL Benchmarks
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FixMatch

DST

Accuracy (%)

Top-1 Accuracy of each category on CIFAR-100

Accuracy (%)

100
90

80 [N~~~ ——— =~~~ ———————— -

70
60
50

F e

30
20
10

100
90
80
70
60
50
40
30
20
10

0

0 20 40 60 80

(train from scratch)

100

100

DST improves the performance balance

Method | CIFAR-100
Psuedo Label [30] 12.6
VAT [34] 15.1
ALI [15] 12.4
RAT [52] 20.5
MixMatch [4] 32.4
UDA [59] 40.7
ReMixMatch [3] 55.7
Dash 55.2
f | | a

FixMatch [49] 506
DST (FixMatch) | | 56.1
FlexMatch [64] 595
DST (FlexMatch) 65.4
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' SSL with Supervised Pre-Trained Model

Top-1 Accuracy comparison results (supervised pre-trained, 4 labels per class)

5 <= &

E 2 2 B 4 : = |5

= o o - = 3= D 2 5 < c -

Q @) Q 75) Q < Q [ ¥ @) ad <
Baseline 81.4 65.2 48.2 399 47.7 254 46.5 85.2 78.1 333 33.8 53.2
Pseudo Label [30] 86.3 83.3 54.7 41.0 50.2 27.2 543 92.3 87.8 41.4 38.0 59.7
I1-Model [29] 83.5 73.1 492 39.7, 50.3 243 471 90.7 82.2 309, 339 55.0
Mean Teacher [53] 83.7 82.1 56.0 379, 516 30.7 49.6 91.0 82.8 39.1 40.3 58.6
VAT [34] 84.1 72.2 48.8 39.5] 50.6 259 48.1 89.4 81.8 324,  36.7 554
ALI [15] 82.2 69.5 46.3] 364] 50.5 21.3) 4250 829 774, 298] 31.70L| 51.9
RAT [52] 84.0 81.8 554 39.0, 49.1 31.6 50.0 89.9 84.1 37.9 38.4 58.3
MixMatch [4] 85.4 82.8 535 41.8 50.1 247,  51.7 91.5 83.3 42.5 38.2 58.7
UDA [59] 85.8 83.6 54.7 41.3 49.0 27.1 52.1 92.0 83.1 45.6 41.7 59.6
FixMatch [49] 86.3 84.6 53.1 41.3 48.6 2521 523 03.2 83.7 46.4 37.1 59.3
Self-Tuning [55) __( 872 __760__ 571 __418 _ 507 352 _ 589 926 __ 86.6__ 583 _419 | 624
lexMatch [64] 87 T 89 0 63 4 48 3 52.5 34 0 54 9 94 5 88 3 57.5 49 5 65.4
IDebiasMatch [56] 88.6 91.0 65.7 46.6 524 375 58.6 95.6 86.4 60.5 53.5 66.9|
IDST (FixMatch) 89.6 949 70.4 48.1 53.5 432 68.7 048 89.8 71.0 58.5 71.1)
DST (FlexMatch) 90.6 95.9 71.2 49.8 56.2 44.5 70.5 95.8 90.4 72.7 57.1 72.2,
\_-_-T-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-T

DST brings improvement on all the datasets

2 |



2
pt

\k\\\\“l”'”fl% Z.

& 7

1952

‘4/ L’i’"\l‘\;\ ?‘

K ’f//flm p_—
& F

' SSL with Supervised Pre-Trained Model

Top-1 Accuracy comparison results (unsupervised pre-trained, 4 labels per class)

3 = g

= ' ' N = 2 S &

= — — ) = 3= -] 2 > =t 3 >

Q Q Q 75! A < Q S (¥ Q o <
Baseline 795 666 465 381 479 287 375 877 600 381 329 | 512
Pseudo Label [30] | 862 708 498 386 500 266/ 418 930 684 373 328]| 541
TT-Model [29] 80.1 762 448 378/ 500 235, 316/ 931 628 256/ 304]| 505
Mean Teacher [53] | 804 808 513 342 488 338 416 929 670 505 39.1 | 564
VAT [34] 799 738  45.1) 383 492  242] 364, 924 617 299 33.1 | 513
ALI[15] 764, 692 444 349 501  222| 338 849 596/ 331/ 310/ 49.1
RAT [52] 809 795 524 370/ 504 301 407 918 705 479 356 | 56.1
MixMatch [4] 841 815 517 384 470/ 317 398 935 664 471 346 | 560
UDA [59] 850 874 536 423 462 357 414 941 693 515 393 | 587
FixMatch [49] 83.1 822 514 392 439 30.1 368, 943 657 486 368 | 556
Self-Tuning [55]_ | _81.6 _ 636, _47.8 _ 388 455 314 _ 416 _ 910 _ 669 520 _ 340 | 540
FE'xMatch [64] 864 967 602 453 539 ~ 420" 492 T 958" 20 T690 ~ 375 |64M
DebiasMatch [56] | 864 963 663 445 539 448 512 954 709 725 536 | 66.9]
IDST (FixMatch) 90.1 950 682 468 542 477 536 956 754 720 571 | 6871
OST (FlexMatch) | 904 969 689 488 559 473 552 964 751 746 569 | 69.7

DST brings improvement on all the datasets
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,Ablation Study

v

Ablation study on CIFAR-100 with different pre-trained models

Method Multiple Linear Nonlinear Worst Case Supervised Unsupervised
Heads Pseudo Head  Pseudo Head  Estimation Pre-training Pre-training
FixMatch | | 53.1 51.4
Mutual Learning | v | 53.4 52.5
DST w/oworst | v v i 58.2 59.0
DST w/o worst | v v | 60.6 60.9
DST | v v v | 704 68.2

Compared with mutual learning, the decoupled pseudo labeling in
DST can better reduce the training loss.

A nonlinear pseudo head is always better than a linear pseudo one.
Possibly because it can reduce the degeneration of representation
with biased pseudo labels.

The worst-case estimation of pseudo labeling improves the
performance by large margins.
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'Further Analysis

DST improves both the quantity and quality of pseudo labels

90 901
80 801
70 704
. 60 ;\3 60
X g ]
250 > 50
© ©
2 40 1 § 40
301 < 301
201 - FixMatch 20 = FixMatch
DST w/o worst DST w/o worst
10 DST 10 — DST
0 . . , ' 0 . ' , ,
10K 20K 30K 40K 10K 20K 30K 40K
Ilterations lterations
Quantity Quality

The quantity and quality of pseudo labels on CIFAR-100 (supervised pre-trained)

Y |




'Further Analysis

N
: sﬁi\\\\\\““'"”fé’///

pl g

I////
N

%

& F

\\\\lllrm,r

& 7

& W
K

Z/ 1952 \§
47’”""““““\
UAb

DST generates better pseudo labels for poorly-behaved classes

INF 1
104 ]
e,
H 3
i 1071 FixMatch
& DST w/o worst
E
101 ]

=
o
o
——

10K 20K 30K 40K
Iterations
Quantity of bad classes

Accuracy (%)

501

B
o

w
o

N
o

=
o

Bl FixMatch
DST w/o worst

| mm DsST

34.5

19.7

1.0

0.3

10 20
Number of Classes

Quality of bad classes

The quantity and quality of pseudo labels on CIFAR-100 (supervised pre-trained)
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'Convergence and computation

DST introduces no additional computation cost during inference

—— Error rate of h — Worst-case Loss
0.8 —— Error rate of h' 50
m CIFAR-100
o | b g 1000k iterations
5 ' 9 4 x 2080 Ti GPUs
L 0.6 153
= § FixMatch 104 hours
0.4 10 DST 111 hours
lterations /% increase in training time

Empirical error rate and loss on CIFAR-100

Y |
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'DST as a General Add-on

DST as a general add-on on CIFAR-100

Pre-training Supervised Unsupervised
Label Amount 400 1000 | 400 1000
Mean Base | 56.0 67.0 | 51.3 63.5
Teacher DST | 62,7 70.7 | 60.7 69.3
Noisy Base | 52.8 643 | 55.6 65.8

Student DST | 68.9 748 | 66.6 75.2
Base | 55.8 67.5 | 53.6 64.9

DivideMix | por | 69.1 751 | 65.0 742

| Base | 53.1 67.8 | 514 642
FixMatch | o | 204 756 | 682 76.8
oM | Base | 634 712 | 602 7L

DST | 71.2 77.3 | 68.9 77.5

DST yields larger improvement on all self-training methods

Y |
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'DST as a General Add-on

ST

lllustrations on how different Debiased self-training methods generate and
utilize pseudo labels.

student

generator

teacher
pseudo head

Debiased FixMatch Debiased Mean Teacher Debiased Noisy Student

DST can be seamlessly incorporated into mainstream self-training
methods to reduce bias and boost their performance
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