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What’s semi-supervised learning?

Few labeled data Numerous unlabeled data
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Development of Different SSL. Methods

DST
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MarginMatch
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How to make unlabeled sample selection more adaptive?

FixMatch

Predicted: onion elephant fossa green pepper pop art crowd firefighter horse crowd
Actual: bell pepper camel cougar handrail poncho uniform voleyball meat market
S Y’o
2l
i _
FlexMatch il
Predicted: screen pyramid decoration scale computer carpet cabbage tower screen
Actual: stopwatch obelisk socks parking meter heater teddy bear  cauliflower torch ipod

Figure 1. Incorrect pseudo-labels propagated until the end of the training process for FixMatch and FlexMatch on ImageNet.

Confirmation Bias Overconfident

If the initial predictions are biased Even when the high-

or contain errors, the model ——> confidence threshold is
would tend to be overconfident in used in FixMatch can result

its incorrect predictions. in wrong pseudo-labels.
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One Strike and you’re out?

Self-adaptive Thresholding
Prediction Pseudo Label

Unlabeled £ -
s T — [
[ T (3) H Hil[l
Model
—> —r sl — X ;Exc_-rageH
S ) I 7(5) ’—‘l
_—

Global Threshold

Instead of using only the model’s confidence on an unlabeled example at an arbitrary iteration to decide if
the example should be masked or not, MarginMatch analyzes the behavior of the model on the pseudo-
labeled examples as the training progresses, to ensure low quality predictions are masked out.

Instead of using One Strike and you’re out rule
How to measure prediction quality more accurately?
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FlexMatch
Step 1 Step 2
MR R f!?*!_i-:?iﬁ.%!$4!!!!! L Estimated lea rning effects Step t
Class 1 * Number of of each class Adjust
o samples flexible
frssmesssssasd  reaching 1 thresholds
Class 2 | B o) [ — ‘
I ....... . .
- :
N
oi(c) = Z L(max(pom.t(y|un)) > 7) - L(arg max(pm.+(y|un) = ¢). Reflects the learning effect of class c at time step t
n=1
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Te(c) = Be(c) - 7.
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Instead of using only the model’s current belief, MarginMatch monitors the training dynamics
of unlabeled data over the iterations by investigating the margins:

PM. (%) = 2z, — maza—;(2;)

We average all the margins with respect to ¢ from the first iteration until t and obtain the average
pseudo-margin (APM) as follows:

t
1 p
APM! (3) = - E PM/ (%)
j=1

If over the iterations, the model predictions do not agree frequently with the pseudo-label ¢
from iteration t on the predicted label, the APM for class ¢ will have a low value.

Old pseudo-margins eventually become deprecated due to the large number of unlabeled data, so
we use EMA to place more importance on recent iterations.

o ;e
g 1y !

APMY (%) = PML(2) i 4 APM () * (1 — mp
T

11+t

N o
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Ilustration of Pseudo-margin (PM) Metric

Correctly Labeled (Easy) Correctly Labeled (Hard) Mislabeled

Logit Value
| S}

e o A b S R

25 o0 75 100 125 150 25 o0 75 100 125 150 25 o0 75 100 125 150
Training Epoch Training Epoch Training Epoch
“Dog” Logit = = = = [argest Other Logit -~~~ Other Logits

Figure 2: Illustration of the Area Under the Margin (AUM) metric. The graphs display logit
trajectories for easy-to-learn dogs (left), hard-to-learn dogs (middle), and BIRDS mislabeled as DOGS
(right). (Each plot’s logits are averaged from 50 CIFAR10 training samples, 40% label noise.) AUM
is the shaded region between the DOG logit and the largest other logit. Green/red regions represent
positive/negative AUM. Correctly-labeled samples have larger AUMs than mislabeled samples.

Identifying Mislabeled Data using the Area Under the
Margin Ranking
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The margin at epoch t captures how much larger the (potentially incorrect) assigned logit is than all other logits:

assigned logit largest other logit
I

MO(x,y) = 20(x) —maxig, 20(6).

Average a sample’s margin measured at each training epoch, a metric we refer to as area under the margin (AUM):

AUM(x,y) = 7 Zt 1 M®(x,y),

Lo = S UAMG, s (8 > 7 Jhmax(po(ulm(30))) > T sV Bo ie(20)), o (wTI(E)

How to Estimate APM(AUM) Threshold?
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Mislabeled Data Can Be Identified by Setting a Threshold

CIFARI10 CIFAR100
g2 || DOG <THRESHOLD> DOG With access to a trusted validation set, a threshold can be

q . learned through a hyperparameter sweep.

B Correctly Labeled
[ Mislabeled

-------- Thrshld. Samples
mmmm 00% Threshold

But how to learn a threshold without validation data?

Density

Randomly sample a subset of unlabeled examples from U to
create erroneous(threshold) examples E, which are assigned
to an inexistent (or virtual) class C + 1.

—4 —2 0 2 -5 0 5
AUM AUM

Figure 3: Illustrating the role of threshold samples on CI-  Compute AP M, , to choose the APM threshold vt
FAR10/100 with 40% mislabeled samples. Histograms of +

AUMs for correctly-labeled (blue) and mislabeled samples

(orange). Dashed lines represent the AUM values of thresh-

B
old samples. The 99" percentile of threshold AUMs (solid ~ Le = Z H(C+1,pg(y r -_f_:f? Strong Augmentation
gray line) separates correctly- and mislabeled data. 7

L=L;+ ALy + Le)
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Algorithm 1 MarginMatch

Require: Labeled data L; unlabeled data U; erroneous examples F; maximum number of iterations T'; number of classes C'+ 1 (C' original
classes plus one virtual class of erroneous examples); @ model; m weak augmentations; 11 strong augmentations.
1: Initialize the Average Pseudo-Margin (AP M) threshold " at the first iteration to a small value (e.g., v' = —c0).
2: fort=1toT do
3 Estimate learning status . (using Eq. 2) and calculate the class-wise flexible thresholds 7 (using Eq. 3) for each class c.
4
5

while U not exhausted do
Labeled batch Ly = {(x1,¥1), ..., (xB,ynB)}, unlabeled batch Uy, = {Z1, ..., T, }, erroneous (or mislabeled) batch Ep =

{(31,C + 1), ..., (5,C + 1)}

6: for r € Uy U E} do

7: Compute logits z. for each class c after applying weak augmentations when x € U} and strong augmentations when x € Ey,.
8: Calculate pseudo-margin PM/ (using Eq. 5) and update Average PM ! (using Eq. 6) foreachc = 1to C + 1.

9: end for

10: Minimize £ = L + ALy + Le)

1 Lo =5 i H(yi, po(ylm(:)))

12: Lu =372 L(AMS, (yx(aay) (#) > 7)) x1(max(pe(y|w(£:))) > T3, (yimizsyy) X H(Bo(ylm(&:)), po(y|TI(#:)))

13: Le=Y8 H(C +1,po(yl11(E:))

14: end while
15 Update v**! as the 95
16: end for

th percentile erroneous sample APME‘;H.
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Dataset | CIFAR-10 CIFAR-100 SVHN STL-10

#1 abels/Class | 4 25 400 4 25 100 4 25 100 4 25 100
PSBHSU-Labﬁ]iI]g 74.6 ln_zﬁ 46.492_2[} 150‘8[} 19 87.45{]_35 57.?49,23 36.55{)_24 64.615_ﬁn 25 .212_(}3 9.4[']0,32 T4. ﬁg[}_gg 55.452,43 32.64(}_71
UDA 10.794 75 5.320.08 4415 a7 48:95/ gq 29.430.01 23.8T0.23 5.344 07 4.260.30 1.95q.01 37825 44 98115 6.81p.17
MixMatch 45.242 15  12.761 14 7.130.34 62.152 417 41.51¢ 19 28.16p.24 | 46.18) 78 3.980.17 3.5013 34.15) 54 895032 1041n73
ReMixMatch 5.270.19 4.850.13 4.040.12 A7.150.76 27.140.25 23.780.12 4.230.31 3.180.04 1.949 06 31.510.75 8.540.48 6.190.24
FixMatch T.80.28 4.9 0.05 4.250.08 48.21p.82 29.450.16 22.89.12 397148 3.131.0a 1.970.03 38.434.14 10.451 04 6.430.a3
FlexMatch 5.04p.06 5.044.09 4.19%.0m 39.99 4o 26.960 01 2244045 8.193 29 T7.T82.55 6.720.30 29.151. 32 8.230.13 5. TTo12
MarginMatch | 4.910.0r 4.730.12 3.980.02 | 36.97T1.32 23.7loas 21.3%.12 | 3.75120 3.14117 1.930.01 | 25.37ass 7.3loss  5.520.1s

Table 1. Test error rates on CIFAR-10, CIFAR-100, SVHN, and STL-10 datasets. Best results are shown in blue.
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CIFAR-10 CIFAR-100 SVHN STL-10
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Figure 2. Convergence speed of MarginMatch against FixMatch and FlexMatch with 4 labels per class.

Table 2. Test error rates on the ImageNet and WebVision datasets.
Best results are shown in blue.

Dataset ImageNet WebVision
TOP-1  TOP-5 | TOP-1  TOP-5
Supervised 48.39 25.49 49.58 26.78
FixMatch 43.66  21.80 | 44.76  22.65
FlexMatch 42.02 19.49 43.87 22.07
MarginMatch | 41.05 18.28 | 43.08 21.13
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Ablation Study

o | 0.95 0.99 0.995 0.997 0.999 1
38.13 3805 37.92 3791 39.12 39.72 EMA coefficient

ERR RATE

Table 3. Error rates obtained on CIFAR-100 with four examples
per class and various smoothing values §. Best result is in blue.

Dataset | CIFAR-10 CIFAR-100 SVHN STL-10
#Labels/Class | 4 25 400 4 25 100 4 25 100 4 25 100
AVg Confidence 23.872_73 14.21 1.37 7.549_73 41 .232_15 31 .491_45 24.1 12_3(,- 8.994,27 6.540_39 4.739_0] 31 .673_44 ]4.871_15 7.599_17
Avg Entropy 8.580.41 6.180.15 5.850.12 45.100.91 26.02;7 14 22.13p.25 | 15.69125 12.740.78 9.330.05 295435 10.63135 10.84¢0.47
Avg Margin 7.2D0.20 9.380.76 4.7T30.09 39.721 52 20.21g.52 23.18p.47 | 184136 11.295.03 8.400.04 28.454 25 9.344 34 7.590.21
EMA Confidence 4.910,45 ’1.7"10_(]9 3.99[)_05 38.6?{3,74 25.610,12 21.480_17 3.840,23 3.25(],03 1.930_09 25‘90_31 7.6(_:,42 5.7’10_57
EMA Entmpy 6.4(},43 8.340,12 4.21 0.09 41 .ﬁ3u,76 36.840,13 22.520_07 JSI 1.26 3.1 70,57 2.]40,04 27.214‘05 8.281,;}1 6.799,27
EMA Margin 4.91g.07 4.730.12 3.98p.02 | 36.971.32 23.7Tlp.1z 21.39¢0.12 | 3.751.20 3.1447.17 1.93p.01 | 25.373.58 7.31lp.35 5.52p.15

Table 4. Test error rates comparing pseudo-margin with confidence and entropy. Best results are shown in blue.

APM(AUM) FlexMatch
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Figure 3. Mask rate and impurity on CIFAR-100 with 4 labeled

examples per class.
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Mask rate 1s defined as the fraction of pseudo-labeled examples
that do not participate in the training at epoch t due to
confidence masking or pseudo-margin masking (or both).

Impurity in contrast is defined as the fraction of pseudolabeled
examples that do participate in the training at epoch t but with
a wrong label.
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I ‘Bird* and ‘Plane* confidence and confidence thresholds \ ‘Bird* and ‘Plane’ confidence and confidence thresholds
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Two bird images from CIFAR-10. Because of the resemble
characteristics(background) between birds and plane, the model will get confused.



