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0.8
FixM: - CironiopaRNES .
0.7 4 (1) The results of both FixMatch and FlexMatch are
unstable and of large variances, which is
- shown in Figure 1(a), especially when there are only
f a small amount of labeled samples;
. (2) Only instance-level consistency is investigated,
Flexh .. which neglects inter-class relationship and may
make the learned feature indiscriminative.

0.3 -
FixMatch FlaxMateh Ohirs

(a) Results on CIFAR-100

CoMatch effectively utilizes both labeled and unlabeled data to enhance the accuracy
CoMatch(zo21) and robustness of the model by integrating dual representation learning, memory-
smoothed pseudo-labeling, and graph-based contrastive learning.
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How to solve the problem of high variance in a model?

Introduce additional supervisory information.

orchid —
poppy —— e g
e fish Dual Classification Heads: CHMatch
stflower | concurrently learns a fine-grained classification
tulip — 1 head hf (.) and a coarse-grained classification
— CIFAR-100 head
baby —— -
by — | | hc (.).
airl — people —
man — . L .
v~ The coarse-grained classification head can

provide certain guidance to the fine-grained

: ; classification head.
(c) Hierarchical label structure

In practice, categories have a hierarchical structure,which is
often neglected by existing methods. But it contains extra
supervision signals for network training.
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1
o+ o= 5> (Lmax(a]) > m)H( (51 AGw))
b=1

+ 1(max(q5) = 7o) H (G, pylA(uw)) ) Al Train Sample
(order by pseudo label confidence)

At each epoch,we hope that a certain percentage K% ofthe | 0.95 FixMatch:
samples are chosen for pseudo-label learning. For example, . %75} Fixed Threshold
at the earlystage of the training, K% should be small to 3 050 |
ensure that theselected samples are of high confidence to £ _—
guide the network training. In contrast, at the end of the '
training, K% should be large enough to guarantee that most  0-00- T G
samples can join the training.
Ours: Dynamic proportion |
leads to adaptive threshold
Adaptive Threshold Learning: For each classification (b) Different threshold leaming Strategy

head, CHMatch develops robust adaptive thresholds
T. and ¢ to select highly confident samples.
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All Train Sample
(order by pseudo label confidence)

0.95 FixMatch:
Fixed Threshold|

Probability

K"% K%% K%

Ours: Dynamic proportion |
leads to adaptive threshold

(b) Different threshold learning strategy
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We construct a memory-bank to save the
maximum probability of the previous N weakly

augmented samples as Q,\’;B = {q{,q{,...q,{,}, where
N is much larger than the mini-batch size. At each
epoch, we hope that a certain percentage K% of

the samples are chosen for pseudo-label learning.

Compute t¢ = percentile( Q,{;B; K)

Q45 > 74|/N = K%,

type map = {
1 r': params.SCHE.Linear,
params.SCHE.Cos,
params.SCHE.Exp,
params.SCHE.Log,

if params.k type I= 'fi :
sche fn = type map| ms.k type]
self.k _sche = sche fn(params.mlen * params.min_proportion,
params.mlen * params.max_proportion,
left=0, right=params.k inc_epoch)
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Consider the inter-class relationships.
\ In a semi-supervised scenario, how

can we accurately identify samples
of the same class?

Consistency regularization only leads to instance-level

correspondence in the feature space, resulting in unclear H-’f B 1 At q‘f: = quq
margins between classes. Using contrastive learning can bj — 0 otherwise
effectively solve this problem. o
AT ex alup)) - [la(u t i -
[3 melr _ —lﬂg #B p(f( ( b)) f( ( b))/ ) ] 1 if HIE;I': — 1 and I{/g} = 1,
(0 otherwise.

pi__ 1 ZE( 1 So0E, Was exp((z - 2)/1) )

pb > iWh; E‘“B 1—Wh;)exp(zp - 25) /1)

1
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Figure 2. Framework of our CHMatch. (Left) Besides the general classification head £/ in FixMatch, we add a coarse-grained classification
head £, and a projection head g(-). We utilize the hierarchical label information, performing graph matching between fine-grained and
coarse-grained pseudo label graphs to guide contrastive feature learning. (Right) A memory-back based strategy is proposed to learn robust
adaptive threshold to guide instance-level prediction matching.
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Table 1. Error rates comparison on CIFAR-10, CIFAR-100, and STL-10.

Methods | CIFAR-10 | CIFAR-100@ WRN-28-2 | CIFAR-100@WRN-28-8 | STL-10
Label Amount | 40 250 1000 | 400 2500 10000 | 400 2500 10000 | 1000
MixMatch (NeurIPS'19) |36.19+ 6.48 13.63£0.59 6.66+026| - - - |67.61£ 1.32 39.94:0.37 28.31+0.33|61.98+ 8.29

FixMatch (NeurIPS'20) | 13.91£ 337 5.07 0.65 4.26+ 0.05|56.34% 2.12 34.53+ 031 27.89+ 0.10 |48.85+ 1.75 28.29+ 0.11 22.60= 0.12|34.62+ 0.42

CoMatch (ICCV’21) | 691+ 1.39 4.91+0.33 4.56+ 0.20]58.46:£ 2.31 36.84+ 043 31.6:0.14 [41.89+= 234 2837 0.35 20.86-+ 0.36|20.20= 0.38
FlexMatch (NeurlPS'21) | 497+ 0.06 4.98+ 0.09 4.19+ 0.01|49.23+ 258 32.51+ 0.20 26.58+ 0.11]39.94= 1.62 26.49+0.20 21.90=0.15| -
DP-SSL (NeurlPS'21) | 6.54 0.98 4.78+0.26 4.23+020| - - - [43.17£1.29 28.00+£0.79 22.24+031| -

CHMatch (ours) | 598 0.19 4.91+ 0.13 4.48+ 0.10|45.23+ 0.28 31.32+ 0.47 24.84= 0.27|36.57= 0.41 24.10=0.10 19.92:+ 0.29|10.36= 0.31
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Table 2. Error rates results on the ImageNet subset. Table 3. Effect of each module.
Method Topl Top5 Modules |
; : - Error rate
Label fraction 1% 10% 1% 10% Graph Coarse Fixed Fixed Dynamic
matching label threshold  proportion  proportion
MixMatch - - - - 7 p - =
FixMatch 60.81 3433 3584 14.83 v A ” 1956
CoMatch 4288 2648 17.99 9.23
FlexMatch 5437 2982 3161 1227 v 3233
DP-SSL : : g 5 ¥ ¥ A
CHMatch(ours) 34.18 24.17 1233 7.64 v v o v | 45.23

Table 4. Error rate on CIFAR 100 under WRN-28-2 with different

i y Table 5. Inconsistent rate of coarse labels on CIFAR100.
weights. We vary each parameter and fix other weights as 1.

Label Amount

0.75 1 1.5 2 Method Backbones 400 2500 10000
a 4637 4523 4651 4453 Supervised WRN-28-2 78.63% 48.79% 29.99%
B 4660 4523 46.15 44.96 CHMatch w/o Graph Matching WRN-28-2 3094% 19.58% 16.15%
: CHMatch WRN-28-2 27.91% 17.52% 14.56%

v 4561 4523 4499 4505 CHMatch WRN-28-8 23.75% 12.68% 8.56%
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Figure 3. Parameter sensitivity and convergence analysis on CIFAR-100.
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Figure 4. t-SNE visualization for feature representation on CIFAR-100.
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