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Figure 1 (Color online) A group of images from web searches. Words in blue are keywords used for retrieving while red
ones are label noise that needs to be solved. Note that we only know keywords in blue during training
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Figure 2 (Color online) The pipeline of our approach. Given the retrieved web images, our attention network firstly
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outputs attention maps associated with the keyword for each image. Then, our noise erasing network erases regions that
are predicted as noise from the saliency maps by learning semantic knowledge from the discriminative regions in attention
maps. We use the results outputted by our noise erasing network as proxy annotations for training semantic segmentation
networks. It is worth mentioning that the saliency model, attention model, noise erasing network, and the segmentation
model are four independent parts, so during training all parameters in each model participate in back-propagation.
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Figure 3 (Color online) (a) Source images; (b) attention maps; (c) saliency maps; (d) illustration of training sample
selection. We first binarize the saliency maps, yielding the background zone (black area in (d)) and the foreground zone

(non-black area in (d)). Then we separate the foreground zone according to Eq. (1), yielding the credible zone (white areas
in (d)) and potential zone (colorful areas in (d)). We use regions inside credible zones for training our noise erasing network
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Figure 4 (Color online) Training sample selection in a mini-batch. Each panel represents an image in the mini-batch.
We use blocks to represent regions after over-segmentation. We learn knowledge from credible zones (blocks in the deep
color) and perform inference on potential regions (blocks in the light color). Our goal is to erase the blocks with red crosses

probably belonging to label noise or background while preserving the rest clean ones (blocks in the light color but without
red crosses over them). Different colors denote different categories
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Figure 5 (Color online) Illustration of how noise erasing network works. Only regions (colorful blocks) inside credible
zones (colorful circles) are used to extract embedding vectors for training our noise erasing network. In each mini-batch,

we compute the distances between each embedding vector and all embedding centers (blocks in deep red) and punish the
embedding vector pairs belonging to different categories
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Algorithm 1 Proxy annotation generation

Input: Image I; keyword y; region map R; probability p; saliency map S.
Output: Proxy annotation G.
1: for R; € Rr do

2: Cm argmaxleﬁpé;

3: if Cp, # y then

4: Gj < ls, Vj€ Ry; < Erase regions irrelevant to the keyword
5: Continue;

6: end if

7 for j € R; do

8: Gj <+ Sj; < Keep correct predictions
9: end for

10: end for

11: Output G.

Car Horse

Bicycle

6 (MERFE) BREZRERERNMRIREE. EhiRE(d)Y, REXEREGEREARINGZESE
RE. QeXEARGFERREERENXE. A5 EEREERNEZRXEEAMREINERXE

Figure 6 (Color online) Results produced by our noise erasing network. (a) Source image; (b) attention map; (c) saliency
map; (d) proxy GT. In column (d), we colorize regions that are kept unchanged and whiten regions that will be ignored
during the training of the segmentation network. We use the background of saliency map as the background of our proxy
ground truth as well

R BRECRAAL 7 IR,

N
Lgs (0 Z n10g g (lo|1;0) + G5, log 4. (y|1; 6)) - 8)
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T LU S 4R Hh 35 5 A 55 M S BT, A/ PASCAL VOC 201288 4 (1)
GIMANGREErh . RITERT, ADW) A% R, TiD(V) HPASCAL VOC 2012504 i1l k
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x1 BEZERRAERZEENYR.ATZEAR, ARAEME S LANIRERZN6N LKA SR DHI3NKH)
Table 1 Ability of defensing label noise. Due to the limited space, we only select 6 categories that contain the most noisy
labels and also 3 categories that contain the least noisy labels

Category NENet (VGG) NENet (ResNet)
X v X 4

Bicyle 26.1% 30.0% 29.7% 33.3%
Chair 9.2% 14.6% 10.8% 13.5%
Horse 54.1% 60.1% 64.5% 74.2%
Motorbike 55.8% 57.0% 60.3% 61.8%
Table 6.2% 8.1% 7.0% 10.2%
Dog 65.3% 68.5% 76.9% 79.2%
Bottle 56.5% 58.9% 69.0% 68.0%
Bus 81.0% 80.4% 82.2% 83.3%
Cat 69.2% 66.4% 79.3% 81.9%
Mean 54.0% 56.9% 57.4% 61.6%

* 2 ERATEHEMFZEGHEMIEER. “HH RTINS N LR PHEEREGRENLLS]. ZRPERY
HResNet A& F Mk B ERIEE FifE
Table 2 Ablation Analysis using different numbers of training web images. “Proportion” refers to the proportion of

images we randomly selected from each category. All the results here are based on the ResNets backbone and evaluated on
the validation set?®)

No. Images Ratio (%) NENet mloU (%)
1 33000 100 X 57.4
2 33000 100 v 61.6
3 16500 50 v 60.5
4 9900 30 v 59.0

a) Best result is highlighted in bold.

R 3 AFEHMIRER. HXHER, AAEERERENEHL BEREREAELETR. ERREEMRREE
A2E4.2% M mIoUfE. MAVOCHIRRIFBE4. 2% mIoUEIRA. FiEERYILIResNet AB TR B 7ELHIE
& EEETIEEY

Table 3 Ablations for our proposed approach. Notice that all the results are directly from our CNNs without using any
post-processing tools unless noticed. The mIoU score with our NENet increases by 4.2% compared to not using it. Further,
involving VOC data also helps us obtain a performance gain of 4.2%. All the results here are based on the ResNets backbone
and evaluated on the validation set®)

No. Saliency map NENet VOC images mloU (%)
1 v 57.4
2 v v 61.644.2
3 v v v 65.8,4.2

a) Best result is highlighted in bold.

HImIoUE AL T F#2.6%. X —BLRAR WM 7 BB U] 28 ) e P LA g ) e P, A1 1 2 1o e v
IO FRTE.
VOCHKIERIFND. Wi#k3 54 Jror, VOCKEE MG A RRZ I-THATTEEPASCAL VOC 20125
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R 4 XFEEEEFAERIEEEMNKE LWEAIEE. RKRP“33000MEE G AL FD(W)HIEE,
MD(V)A105825KkPASCAL VOC 2020%#E&EFER. T RBUNRGRBIRTNTZE, BEEARXNAEE
B T EREREGREEIFENGE, BEREARAAHHE. T NEAMNEEGNGZE, EEEFXAME
W

Table 4 Quantitative comparisons with existing state-of-the-art approaches on both ‘val’ and ‘test’ sets. Recall that the
‘33000 web images’ in our method refers to D(W), and D(V') refers to 10582 PASCAL VOC images. For methods relying on
a small set of pixel-accurate annotation, their supervision is represented by ‘semi’, for methods leveraging accurate image-

level category labels, their supervision is denoted by ‘weak’, and for methods using only web images, their supervision is
written as ‘pure web’®

Method Training set Supervision ~ Backbone  Val mIoU (%)  Test mIoU (%)
SEC [25] D(V) Weak VGGNet 50.7 51.7
AE-PSL [11] D(V) Weak VGGNet 55.0 55.7
DCSP [16] D(V) Weak ResNets 60.8 61.9
DSRG [28] D(V) Weak VGGNet 59.0 60.4
DSRG [28] D(V) Weak ResNet 61.4 63.2
MCOF [30] D(V) Weak VGGNet 56.2 57.6
Ahn et al. [29] D(V) Weak VGGNet 58.4 60.5
Wei et al. [31] D(V) Weak VGGNet 60.4 60.8
GAIN [32] D(V) Semi VGGNet 60.5 62.1
Fan et al. (48] D(V) Weak ResNet 63.6 64.5
Results based on web images
sTc ol 40000 web images + D(V) Weak VGGNet 49.8 51.2
Webs-i2 [12] 20000 web images + D(V) Weak VGGNet 53.4 55.3
Hong et al. [15] Web videos + D(V) Weak VGGNet 58.1 58.7
Shen et al. [13] 80000 web images + D(V) Weak VGGNet 58.8 60.2
Shen et al. [13] 80000 web images + D(V) Weak ResNet 63.0 63.9
WebSearch (Ours) 33000 web images + D(V) Weak VGGNet 62.5 62.2
WebSearch (Ours) 33000 web images + D(V) Weak ResNet 65.8 66.1
Shen et al. [13] 80000 web images Web VGGNet 56.6 -
‘WebSearch (Ours) 33000 web images Web VGGNet 59.5 59.3
WebSearch (Ours) 33000 web images Web ResNet 61.6 62.0

a) Best results are based on VGGNet and ResNets are highlighted in bold.

AR EIISER. Blan, 2 RAVGGNet WOME & T M N, AIVEERIESE B3 2I3% 04T, 1K
JResNet-101 R E VGGNet/E A8 T M4, AJ77E FIFETES IS 115 514.2% 1038 T+, 7TEPASCAL
VOC 20127 EE Frm) W2 3 bl 4 2R

AIALZER. K7 AAFSEIGHCE TR TS R, MEE T AT LAE Y, X T s SO 5, X
13 D (W) B U1 25 PR A B ] T8 BR80T a5 2 AN B, M s 4 i A B i 1 6
Mk, X T35 2 A2t bb B AR I B, A 5 90 A A T It s B A AR 1 7 P ) 8 A i
LF i B EE.

KMHEBI I S51TE. BT T4 T AR T4 B R ORI AT AL S 3. B T LLE
T ARTEN S, A3 URAREBC R 24 (ks ) I BUG BA — e . R, 7EAb 3% S B R 41
PG IS, AT VAR AR (R, PTRERIME R T A W RP. Fo— N RIS B N T, PR BT 4%
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7 (MERFEE) KAGEENFIREE T ORERAMMIILE. (a) REME; (b) EXARE; (c) RNEARHEE
FRIZRIMER; (d) ERREERRENER; (e) MAVOC HIRMER

Figure 7 (Color online) Visual comparisons for weakly-supervised semantic segmentation using different settings of our
proposed method. (a) Source image; (b) ground truth; (c) results without noise erasing network; (d) results with noise
erasing network; (e) results with VOC images incorporated

ST M 7 1) B s K PR e LA, DAAS 2ot e I N 2 R . — R R 3R S O AT O A I S5
SR IX 3 AN RIS T8 SCYIAR (757 B .

5.3 SMBHEXLE
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Autonomous learning of semantic segmentation from Internet
images

Qibin HOU'2| Ling-Hao HAN?, Jiang-Jiang LIU' & Ming-Ming CHENG!”

1. College of Computer Science, Nankai University, Tiangin 300350, China;
2. College of Electrical and Computer Engineering, National University of Singapore, Singapore 117583, Singapore
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Abstract Collecting a large amount of manually labeled training data is labor-intensive, thus often becomes the
major bottleneck when applying semantic segmentation techniques to real-world applications, especially for new
categories where no labeled data is available. In this paper, we aim at solving the problem of “webly-supervised”
semantic segmentation relying purely on web searched images, where users only need to provide a single keyword
for each target category. A major challenge in this task is the existence of label noise in web images. To deal
with the label noise, we design a noise erasing network that is able to learn cross-image knowledge from credible
attention regions in images in a mini-batch and then erase those regions unrelated to the search keywords from
the web images. With this network, our system can automatically generate high-quality ‘proxy ground truth’, for
training semantic segmentation models. Extensive experiments on the popular benchmark, i.e., PASCAL VOC
2012, show surprisingly good results in both our task (mIoU = 62.0%) and the weakly-supervised setting (mloU
= 66.1%).

Keywords semantic segmentation, web search, label noise, noise erasing network, web supervision
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