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, Contributions
1. present a general architecture that maintains two diverse learning groups to

overcome confirmation bias in label assignment problems.
2. introduce a new filter module suitable for semantic segmentation to detect

mislabeled pixels, while demonstrating a good trade-off between accuracy and
Li, Peixia, Pulak Purkait, Thalaiyasingam Ajanthan, Majid Abdolshah, Ravi Garg, Hisham Husain, Chenchen Xu, Stephen

computational cost.
Gould, Wanli Ouyang, and Anton van den Hengel. "Semi-Supervised Semantic Segmentation under Label Noise via Diverse
Learning Groups." In Proceedings of the IEEE/CVF International Conference on Computer Vision, pp. 1229-1238. 2023.



, Method : Problem Setup

labelled set D; = {(xi,yi)}livil

unlabelled set Dy = {(xi)}zivzul

We consider semi-supervised segmentation in the case
where we have a small set of potentially noisy la-
belled examples and a large set of unlabelled exam-
ples. Let Dr = {(x;, y;)} VL be the labelled set where

x; € X = [0,1]"*w*3 and y; € ) = C"**|denote an im-

age and the corresponding pixel-wise segmentation mask
respectively. Here, C = {1,2,...,/} denotes the set of la-
bels. Similarly, let Dy = {;}.*Y, denote the unlabelled set
of images.




, Method

7, Unlabelled Data
2, Labelled Data
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Figure 2: The pipelines of a) the baseline model [20] and b) the proposed approach. In contrast to the baseline that uses
two teachers and a single student network, we propose a framework with two diverse Learning Groups (LGs) (t!,s') and
(tz, 32) where each group contains a teacher and a student network. The two learning groups propagate complementary
information and reduce the confirmation bias. Here, ¢ denotes a teacher model, s is a student model, solid lines show the
forward flow of labelled data, and dotted lines show the flow of unlabelled data. L.. denotes the cross-entropy loss and L.,

is the confidence-weighted cross-entropy loss.

Liu, Yuyuan, Yu Tian, Yuanhong Chen, Fengbei Liu, Vasileios Belagiannis, and Gustavo Carneiro. "Perturbed and strict mean

teachers for semi-supervised semantic segmentation." In Proceedings of the IEEE/CVF Conference on Computer Vision and

Pattern Recognition, pp.4258-4267.2022.
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, Method : Filter Module

St (i, j)
ﬂf

3 Adaptive +

Random Sampling TR Ly = )Qj
threshold

l T @® Clean data

_ Let hi(-) : X — [0,1]° and h3(:) : X — [0,1]" be

3 E—' FEG;;UH A Noisy data the teacher model mappings to softmax scores in the first

D e and second LG respectively. We compute a noisiness score

based on the teacher model predictions, as opposed to using

Figure 4: The architecture of our filter module. First, we
generate a representative dataset D and calculate the noise
proportion based on HOC [39]. Then, we get the adaptive
threshold based on the noise proportion and example score.
According to the adaptive threshold and example score, the
original dataset Dy, is divided into a clean set D} and a
noisy set. The noisy set 1s added to the unlabelled dataset
Dy.

S (x4, 5) :CE(h}(mi), eij)+A KL(h]l-(a:i)Hh?(mi))




, Method : Filter Module

0

+ﬂ_,1ﬁ

Jv' il T @® Clean data

Noise f2c
proportion

A Noisy data

Figure 4: The architecture of our filter module. First, we
generate a representative dataset D and Ldlculdle ise
proportion based on HOC [39]. Then, we get the adaptive
threshold based on the noise proportion and example score.
According to the adaptive threshold and example score, the
original dataset Dy, is divided into a clean set D} and a
noisy set. The noisy set 1s added to the unlabelled dataset
Dy.
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D = {(xi,],¥ij)}

Let g;(-) : X = R? denotes the backbone feature ex-
tractor, i.e., the penultimate layer output for the first LG at
pixel j (where j € Z(x;) := {1,...,w x h} if images are
resized to a fixed size). We construct the embedded repre-
sentative sef DY, == {(g}(mt),g}”) | (zi,4,3:,;) € D}|and
invoke HOC (Eq. (1)) to estimate the noise proportion
{R!}.cc at pixel-level (Eq. (2)). Analogously, the noise
proportion { R} ... for the other LG can be estimated by
constructing DZ,.

), P(Y[Y) + HOC ({(9().9) | (=,

7) €D}), (1)
RE1-P(Y=¢Y =g,

PY|Y)=PY|Y)PY)/P(Y)

Zhaowei Zhu, Yiwen Song, and Yang Liu. Clusterability as an alternative to anchor points when learning with noisy labels. In

International Conference on Machine Learning, pages 12912-12923. PMLR, 2021.
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, Method : Filter Module
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Figure 4: The architecture of our filter module. First, we
generate a representative dataset D and calculate the noise
proportion based on HOC [39]. Then, we get the adaptive
threshold based on the noise proportion and example score.
According to the adaptive threshold and example score, the
original dataset Dy, is divided into a clean set D} and a
noisy set. The noisy set 1s added to the unlabelled dataset
Dy.
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Once the noisiness score and the noise proportion have
been calculated, we get the adaptive noise threshold as fol-
lows:

al lgrg‘glvgl 1 nl 1 -
CGC 2 (:B{-_.')E.DL-;
JEI(x;)

Let us denote the set of
pixels that are detected as label noise by the first LG as:

{ 'T;za | Sl mtaj) = )(—:}1 (ZB?J,') = DLaj € I(mz}}
(7)

D}J,k = Dr \ M;?

D%],k: e DUU {ZBE | (CL‘Z', ) = M,lﬂ}
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, Method : Model training

P
- 4 Dy E ¥

-=> == Leon L (DLZ,kr Dlzl,kr O51):= Lee (DLz,kr Os1) + aLcon(Dlzl,k' Os1)

D —> — L

L (Dll,,k' Dlll,k' O52): = Lee (Dll,,kr 052) + aLcon(Dlll,kr 052)

LCE‘

A —=H --D‘AL(.‘OH
7 ) Dy E] f'r
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| ——Model training —l




, Method

L '\{%uu;,%,;%

S\\A
=
Z A os52

/ I \
A
/|/ p

L.{f

o
]

D—{s2— L,

D=+ & | L.

~ €D

Filter Module (LG1)

E:" -’DU{ Noisy 723+ 2= 171

Filter Module (LG2)

Clean 27 Vb

e L_.

2

.—. _'D{ lean 2} = I}
Noisy D+ D= Dy

D"

— Warm-up

Noise detection 1 ——Model training
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2

e

Sl(miaj) CE(hl(:I:%) 813)+‘)‘KL( (:I:%)”hg(:}[}%)) (5)

(xi, )EDL,
JEI(=i)

= ————— , where Siﬂgl = Z Si(x;, 4) ,
C

(AN

Mils = {(:I!Hj] | Sl(:niaj] > ,‘311(5{:?21 ) € DLaj EI(:BJ}

(7Y

[:(D%,k, Dg,,k, 0,.) = LCE(D%,k, 931)+aLmn(D§Lk, 0.).

(4)

=

Algorithm 1 Our training pipeline

Input: Dy, Dy, total epochs E, warm-up epochs N
Output: Optimized {0,,60,:,0,:,0,2}

10:
11:
12:

13;

14:
15:
16:
I'7:
18:

1
2
3
4
5
6
7
8
9

. Initialize parameters {€.1,60,:,60,2,0,2},
fork € {0,1,....,E} do

if £ < N then
D}Lkapi = Drand DUngﬁk =0
else
{(zi,7,9i,;)} < Sample from Dy,
forl € {1,2} do
{R.} «+ HOC ({(g}(xi), 5 ;)})
Scores {S'} « Using Eq. (5)
8" + Adaptive ({S'}) [Eq. (6)]
M.« Using Eq. (7)
Dl Du\ M,
Diy < DulU{zi | (xi,-) € My}
repeat
6,1 < Backprop. L(D3 ;. Df ., 041) [Eq. (4)]
6,2 < Backprop. £L(Dj ., Dbk, 32) [Eq. (4)]
until M times ’
Update 6,1, 8,2 < Moving Average of 0.1, 60,2.




, Experiments

1.

Semi-supervised Semantic Segmentation

Table 1: Comparison against SotA approaches on Pascal VOC 2012 in a semi-supervised semantic segmentation setting. All
baselines are based on the DeeplabV3+ architecture. The * indicates results reported by [6]. When we replace 50% of the
ground truth of images with ‘PL’, the proportion of noisy pixels is 9%. We keep the same pixel level noise proportion while

introducing noise using ‘RDE’ and ‘SCP’ for parity.

Methods ||

| Noisy pixel | Noise type |

Labelled Data Ratio

Year
| \ \ | 116(662) | 1/8(1323) | 1/4(2646) | 1/2(5291)

MT* [30] 2017 0% None 66.70 70.78 73.22 75.41
French [8] 2019 0% None 68.90 70.70 72.46 74.49
CCT* [26] 2020 0% None 65.22 70.87 73.43 74.75
GCT* [14] 2020 0% None 64.05 7047 73.45 75.20
ECS* [23] 2020 0% None - 67.38 70.70 72.89
CPS™ [6] 2021 0% None 71.98 73.67 74.90 76.15
CAC” [16] 2021 0% None 70.10 7240 74.00 -
PS-MT [20] || 2022 0% None 72.83 75.70 76.43 77.88
Ours = 0% None 77.75 (+4.92) 79.31 (+3.61) 79.14 (+2.71) 79.54 (+1.66)
PS-MT [20] || - 9% PL 61.90 65.14 65.53 66.78
Ours - 9% PL 71.60 (+9.70) 73.95 (+8.81) 74.53 (+9.00) 74.44 (+7.66)
PS-MT [20] || - 9% RDE 58.87 62.18 63.81 63.46
Ours - 9% RDE 66.82 (+7.95) | 69.95(+7.77) | 73.82(+10.01) | 74.47 (+11.01)
PS-MT [20] || - 9% SCP 52.14 57.19 56.81 53.69
Ours - 9% SCP 67.80 (+15.66) | 70.83 (+13.64) | 69.38 (+12.57) | 75.95(+22.26)

%
'5§\i\\\\\\\\uuu%«-

ﬁéw
=k
=
1952 »§F

=
e

s

i

N\\lllrm

&

L

fos

i
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Random Dilation and
Erosion (RDE)

Similar Class
Perturbation (SCP)




, Experiments

2. Weakly-supervised Semantic Segmentation

Table 2: The mlIoU of the weakly-supervised semantic seg-
mentation baselines and ours on the test set of SegTHOR.
Best Val and Last Epoch correspond to the checkpoint that
performs best on the validation set and the last checkpoint.
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Table 3: Comparison with state-of-the-art weakly super-
vised semantic segmentation methods on the Pascal VOC
2012 dataset using mloU (% ) of the validation set.

Model Best Val Last Epoch
Base-ADELE [19] 62.6 59.1
ADELE [19] 711 70.8
Ours 732 73.5

Random Dilation and Erosion (RDE)

Model | Year | mloU (%)
AffinityNet [1] 2018 61.7
SSDD [27] 2019 64.9
SEAM [34] 2020 64.5
CONTA [37] 2020 66.1
SPML [13] 2021 69.5
ADELE [19] + SEAM 2022 69.3
PS-MT [20] (R50) 2022 64.0
PS-MT [20] (PVTv2-B2) 2022 66.7
Ours |- 71.7

Sheng Liu, Kangning Liu, Weicheng Zhu, Yigiu Shen, and Carlos Fernandez-Granda. Adaptive early-learning
correc_x0002_tion for segmentation from noisy annotations. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 2606-2616, 2022.



, Ablation Study

All experiments in this section are conducted with 1/8 labelled data ratio and 9% PL
noisy annotations on Pascal VOC.

Table 4: Ablation study of FM and LG on Pascal VOC.

Method 2 LGs | Filter Module (FM) | mloU (%)
PS-MT [20] 65.1

PS-MT + FM v 67.6 (+2.5)
Ours — FM v 69.9 (+4.8)
Ours v v 74.0 (+8.9)




Ablation Study

mloU (%) mloU (%)
80%
F 'y OR+R
80%
____________________ . . BR+S
& A
BR+P
75% | =
T0%|
v
70% i 60%|
R+R S+S R+S P+P R+P (Nets) -FM_C -FM_N +FM_N (Settings)

(a) Different Architectures (b) Clean and Noisy Data

Figure 7: (a) shows the mloU score of different network
combinations on clean data. (b) shows the mloU score of
different combinations on different settings. R, S and P de-
note R50 [9], Segformer [35] and PVTv2-B2 [33] respec-
tively. -FM_C denotes training our model (without the filter
module) with clean data. -FM_N denotes training model
with noisy data without using filter module. +FM N is our
complete model trained with noisy data.
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(a) Detected Noise Ratio (b) F1 Score of Noise Detection

Figure 8: (a) shows detected noise proportion of GMM [18]
and ours, where x-axis shows the noisy image ratio and y-
axis shows the detected noisy pixel ratio. The detected noise
proportion of ours is closer to the GT than GMM. (b) shows
the F1 score of noise detection with different criterion. CE
is cross entropy loss; KL is KL divergence between the pre-
dictions from the two LGs. Our CE+KL performs the best.

Junnan Li, Richard Socher, and Steven CH Hoi. Dividemix: Learning with noisy labels as semi-supervised

learning.arXiv preprint arXiv:2002.07394, 2020.
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