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Semi-supervised Learning (SSL)
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Recent methods of SSL

- (D Consistency regularization —— Mean Teachers (2018) UDA (2020)

4 (@ Pseudo labeling — Noisy Student (2020) UPS (2021)

L @@ Holistic methods (D+2) —— MixMatch (2019) FixMatch (2020)

ReMixMatch (2020) CoMatch (2021)

__i — derive from xxMatch e -
Dash (2021) FlexMatch (2021)

{_! —adaptive threshold
AdaMatch (2022) Adsh (2022)
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FixMatch (2020)

Weakly-
e Prediction Pseudo-label
Unlabeled = _ e | ., . . | F~- S
example Model |—> .-I- __p I
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Strongly-
augmented

Prediction /[ H(p, CI>]
Model ]_> .III-.

T is fixed high for high-quality unlabeled data, while ignoring a considerable amount of other unlabeled data.



I Related work

- Dash (2021)

4 global threshold

. AdaMatch (2022)

- FlexMatch (2021)

<+ local threshold

| Adsh (2022)
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How to make T alive ?

pr = Oy~ D, { I{max(h;) > 7) == I(f,(W;&) < pi) }

nsr

e, = — max (YS(}JJBU) as the mean confidence of the top-1 prediction
nsL 5 el multiplied by a user provided threshold 7

N
7;(6) — Bt (C) " T. 515 (C) — 3 Z max pm t |u'n)) > T) ) ]l(arg max(pm,t(y|un) = C)

T4 is for the most majority class, other classes’ 7. fit T; based on percentage of
selected pseudo-labels for the most majority class. (for imbalanced SSL)
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Limitation

In a nutshell, these methods might be incapable or insufficient in terms of adjusting
thresholds according to model’s learning progress, thus impeding the training process
especially when labeled data is too scarce to provide adequate supervision.

° | As shown in Figure (a), on the “two-moon” dataset
4 i
. with only 1 labeled sample for each class, the
/\\A//f‘ FixMatch decision boundaries obtained by previous methods fail
- 2 || == MPL in the low-density assumption.
“ —— Dash
3> i FlexMatch
L7 Vel FreeMatch Two questions naturally arise:
. // // ST TS S
/ 1) Is it necessary to determine the threshold based on

the model learning status?
2) How to adaptively adjust the threshold for best
training efficiency?

D —————_

{
(a) Decision boundary i
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I Motivation

A motivating example

X|Y:_1NN(N170—%)7X‘Y:+1NN(”2903)' (1)

We then derive the following theorem to show the necessity of self-adaptive threshold:
Theorem 2.1. For a binary classification problem as mentioned above, the pseudo label Y, has the
following probability distribution:

1 Rkt = glog(5) . 1 M - %log(TE;))

PY,=1) = -®(—> ~P
(Y, = 1) = 58 - )+ 50 -
1 ﬂz;m _ %log(li,r) 1 m;m _ %log( 1:r) (2)
PY,=-1) == -
(¥, = —1) = 58 . )+ 5 - )

P(Y}J:O):1_P(Yp:1)1_P(Yp:_1)a

where ® is the cumulative distribution function of a standard normal distribution.
P(Y, = 0) increases as 1o — 11 gets smaller.

Moreover,

p is a positive parameter that reflects the model learning status, 7 is a threshold.
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FreeMatch = i, \

B |
Ls= E Z H(ybapm (y’w(xb)))i i E — backbone of FixMatch

e
/ | | — novel component
pep—

————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————

l' 1 &2 PR :' b o\
iﬁu :M_B Z 1 (max(gp) >.Tt(arg max (Qb)) H (G, Qb ): iﬁf = —H (SumNorm (ﬁ_i) , SumNorm (E))
\ b—1  Smmmmmmmmmmmommmmeeed ,= e !

__________________________________________________________________________

Self-Adaptive Thresholding (SAT) Self-Adaptive Fairness (SAF)
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Self-Adaptive Thresholding (SAT)
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Self-adaptive Thresholding

Prediction
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global (dataset-specific) and local (class-specific) thresholds based on the model’s learning status
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Self-Adaptive Thresholding (SAT)

global (dataset-specific) local (class-specific)

B %7 itt =0,
T = 1 B - Mpi—1(c) + (1 — )MB Zb 1 @(c), otherwise,

AT—1+ (1= A) 5 2py max(gs), otherwise,

N L ift =0,
pe(c) = { ¢’ .

where A € (0,1) is the momentum decay of EMA, ¢, is an abbreviation of pm(ylw(ub))

Integrating the global and /ocal thresholds, we obtain the final self-adaptive threshold as:

— MacNorm (5. (el 7o ﬁt(c) - T
7¢(c) = MaxNorm(p¢(c)) - 7 max{p:(c) : ¢ € [C]} t
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Self-Adaptive Fairness (SAF)

A common fairness objective: Ly = UlogE, g [¢] , where U is a uniform prior distribution.

~

Considering that the underlying pseudo label distribution may not be uniform, SAF is proposed:
Lr=—-H (SumNorm (& ))
t
.

1 puB
Dt = AD¢— 1+(1_/1)_z dp P= ,LL—BZ max (gp) = 7i(arg max (gs)) Qs,

) , SumNorm (

aliet

he = Mhg_1 + (1 — X) Hist . (Gs) h = Hist, 5 (11 (max (gp) > 7¢(arg max (g)) Qb)
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Algorithm 1 FreeMatch algorithm at ¢-th iteration.

1:

2:
L, <4

3:

|

|

eSS

10:

11:

12:

13:

Input: Number of classes C, labeled batch X = {(xp,y5) : b € (1,2,...,B)}, unlabeled
batchf = {up : b € (1,2,...,uB)}, unsupervised loss weight w,,, fairness loss weight w¢,
and EMA decay A.
Compute L, for labeled data
Lo= 5y Hyo, pm(ylw(@s)))
Update the global threshold
Tt = ATe—1 + (1 — )\)p% ‘:fl maz(qy) {q» is an abbreviation of p,, (y|w(usy)), shape of 7:
1
EJ]]Jc}iate the local threshold
Br = Apr1 + (1= \) g Sh2) g5 {Shape of fi: [C]}
Update histogram for p;
hy = Ahy—q1 + (1 — X) Hist, g (¢») {Shape of h;: [C]}
forc=1toC do
7:(c) = MaxNorm(p;(c)) - 7+ {Calculate SAT}
end for
Compute £, on unlabeled data

B .
Lo =55 Y 1 (max(g) > me(arg max (gs))) “H(qs, Qv)
Compute expectation of probability on unlabeled data

P= 5> 1 (max(g) > 7i(arg max (g5)) Qb {Q is an abbr. of py, (y/Q(ws)), shape of p:

[C1}

Compute histogram for p

h = Hist,p (]1 (max (qp) > 7¢(arg max (gp)) Qb) {Shape of h: [C]}
Compute £ on unlabeled data

L;=-H (SumNorm(g—i), SumNorm(%))

Return: £, +w, - L, + wy - Ly
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Quantitative results
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Table1: Error rates on CIFAR-10/100, SVHN, and STL-10 datasets.
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Dataset CIFAR-10 | CIFAR-100 | SVHN | STL-10
# Label 10 40 250 4000 | 400 2500 10000 | 40 250 1000 | 40 1000
IT Model (Rasmus et al., 2015) 79.18+1.11  74.34+176  46.24+120  13.13+059 | 86.96+080 58.80+066 36.65+000 | 67.48+095 13.30+1.12  7.16+011 | 74311085 32.78+040
Pseudo Label (Lee et al., 2013) 80.21+055 74.61+026 46.49+220 15.08+0.19 | 87.45+085 57.74+028 36.55+024 | 64.61+56 15.59+095 9.40+032 | 74.68+099 32.64+0.71
VAT (Miyato et al., 2018) 79.81+117  74.66+212 41.03+179  10.51+012 | 85.20+140 46.84+079 32.14+0.19 | 74.75+338  4.33x012  4.11+020 | 74.74+038 37.95+1.12
MeanTeacher (Tarvainen & Valpola, 2017) | 76.37+044  70.09+160 37.46+330 8.10+021 | 81.11+144 45.17+106 31.754023 | 36.09+398 3.45+003 3.27+005 | 71.72+145 33.90+137
MixMatch (Berthelot et al., 2019b) 65.76+706  36.19+648 13.63+059  6.66x026 | 67.59+066 39.76+048 27.78+020 | 30.60+839 4564032  3.69+037 | 54.93+096 21.70+068
ReMixMatch (Berthelot et al., 2019a) 20.77+748  9.88+1.03 6.30+005 4.84+001 | 42.75+105  26.03+035 20.02+027 | 24.04+913 6.36+022  5.16+031 | 32.124624  6.74+0.14
UDA (Xie et al., 2020a) 34.53+1069 10.62+375  5.16+0.06 4.29+007 | 46.39+159 27.73+021 22.49+023 | 5.12+427 1.92+005 1.89+001 | 37.42+844  6.64+0.17
FixMatch (Sohn et al., 2020) 24794765  T7.4T7+028  4.86+005  4.21+008 | 46.42+082 28.03+016 22.20+0.12 | 3.81+1.18 2.02+002  1.964003 | 35.97+414  6.25+033
Dash (Xu et al., 2021) 27.28+1400 8934311 5.16+023 4364011 | 44.82+096 27.15+022 21.88+007 | 2.19+018  2.04+002  1.97+001 | 34.52+430  6.39+0.56
MPL (Pham et al., 2021) 23.55+6.01 6.62+0091 5.76+0.24 4.55+004 | 46.26+184 27. 714019 21.744000 | 9.33+8.02 2294004 2.28+002 | 35.76+483  6.66+0.00
FlexMatch (Zhang et al., 2021) 13.85+1204  4.97+006  4.98+009  4.19x001 | 3994+162 26.49+020 21.90+015 | 8.194320  6.59+220  6.72+030 | 29.15+416  5.77+0.18
FreeMatch 8.07+4.24 4.90+004  4.88+0.18 4.10+002 | 37.98+042 26.47+020 21.68+003 | 1.97+002  1.97x001 1.96+003 | 15.56+055 5.63+0.15
Fully-Supervised 4.6240.05 | 19.30+0.09 | 2.13+0.01 |
. Runtime
FreeMatch consistently outperforms other methods by a Top-1 - Top-5 (oo fiter)
large margin on settings with extremely limited labeled data. : ——
J J J y FixMatch | 43.66 21.80 0.4
FlexMatch | 41.85 19.48 0.6
FreeMatch | 40.57 18.77 0.4

On ImageNet with 100k labels, FreeMatch significantly
outperforms the latest counterpart FlexMatch by 1.28%.

Table2: Error rates and runtime on
ImageNet with 100 labels per class
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Qualitative results

FixMatch Dash
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Figure 3: How FreeMatch works in STL-10 with 40 labels, compared to others. (a) Class-average
confidence threshold; (b) class-average sampling rate; (c¢) convergence speed in terms of accuracy;
(d) confusion matrix, where fading colors of diagonal elements refer to the disparity of accuracy.
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Ablation study

Threshold CIFAR-10 (40)
7 (FixMatch) 7.47+028
7 % M(B(c)) (FlexMatch) 4.97+0.06
7« MaxNorm(p;(c)) 5.13+0.03
7; (Global) 6.06+0.65
Tt * M(5(c)) 8.40+2.49
CBST 16.65+2.90
RT (AdaMatch) 6.09+0.65
SAT (Global and Local) 4.92+0.04

Fairness CIFAR-10 (10)
w/o fairness 10.37+7.70
Ulogp 9.57+6.67
U log SumNorm(%) 12.07+5.23
DA (AdaMatch) 329441383
DA (ReMixMatch) 11.06+8.21
SAF 8.07+4.24

Table 3: Comparison of dif-
ferent thresholding schemes.

Table 4: Comparison of dif-
ferent class fairness items.
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/ \ FreeMatch
/ N <3 w/o SAF
FreeMatch

(b) Self-adaptive fairness
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