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,Multi-LabeI Learning

* Multi-label learning vs. ordinary supervised learning

instance label instance

Ordinary supervised learning Multi-label Learning
(only one ground-truth label) (multiple ground-truth labels)
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,Multi Label Learning: Applications

« Human protein atlas image classification

Q Search

Home

Competitions ( ‘;J Featured Prediction Competition

B 9 ®

Datasets - gn -

Human Protein Atlas Image Classification $37,000
<> Code Classify subcellular protein/patterns injhuman cells prizetiongy
=] Discussions @

O Human Protein Atlas - 2,160 teams - 2 years ago
™ Courses

Overview Data Code Discussion Leaderboard Rules
v  More

Description
In this competition, Kagglers will develop models capable of classifying
Evaluation mixed patterns of proteins in microscope images. The Human Protein
Atlas will use these models to build a tool integrated with their smart-
Prizes microscopy system to identify a protein's location(s) from a high-
Timeline throughput image.

; : Proteins are “the doers” in the human cell, executing many functions that
Special Prize

: together enable life. Historically, classification of proteins has been
Instructions

limited to single patterns in one or a few cell types, but in order to fully

understand the complexity of the human cell, models must classify

mixed patterns across a range of different human cells.
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, Multi-Label Learning: Applications

e Automatic Retail Checkout

Predicted
shopping
list

$ xx.xx

______________

[Wei et al., arxiv 2019]




€y
> i
N

,Background: Class Activation Mapping

e Global Average Pooling (GAP)

FC: Fully Connected GAP: Global Averagﬁ
Pooling

Class Activation Mapping

f 2 f n
Class
S W = Activation
Map
. ‘ -» . (Australian terrier)

C
Attention heatmap M = g(I) Mj(m,n) =Y W(j,k)F)(m,n),
k=1

+ Wy *

positive: 1 0.180 0.290 0.622 0.839 0.947 negative: 0 0.223 0.204 0.085 0.016 0.004

(e 1
>
v,

T

training iteration increased training iteration increased
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, The Proposed Network

e Two-branch network

multi-label image
lassification loss,
g(T(I) )@

attention
consistency loss

* Weighted binary cross entropy loss

| ML ! =i
be=— N ;;wij (%; 10gm +(1 — yij)]og m)

el=Pi  if Yij = 1
Wis = \
ij ey ify;; =0




, The Proposed Network

e Two-branch network

ion
consistency loss

* Visual Attention Consistency

N L

T(g(D) = g(T(X)) o= 5y 2o 21V = M’y

1=1 5=1

* The joint objective function

C=1"L.+ N,




'Understanding Representation

e Equivariance of Representation

o

image
space

Study how transformations of the input image are encoded by the
representation

representation f:;:::f
HOG
HOG
d(gx) ~ Myp(x)
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, Understanding Representation
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Learning the equivariance

(e}

Equivariant transformations can be learned empirically from data, and

amount to simple linear transformation of the representation output

g
] 1 l’
1 L [, >
el | l@g
e e
!
(learned empirically)

Agb(x) +b,

* Equivariant transformations:

o Scaling, rotation, flipping, translation

* Equivariant representation:

(@)

(@)

HOG

Early convolutional layers in CNNs

Convl

!
n
U

Rot90 VFlip HFlip Ong

y‘ -l -...
Y ..-

Conv2




' Connection to Consistency Regularization

* Main differences

Impact to
the network

uB N L R
> P (Yl a(us)) — pm(y] a(us)) |13 < oy = NLH >N M — M
b=1 =1 j=1

o Different transformations o Single transformation

o |mpose transforms on the final o The proposed method enforces
output (high-level representation). attention consistency at middle-

level representation.

0
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,Experiments

e Ablation studies

Table 1. Performance (%) on WIDER Attribute dataset in terms of
label-based metrics. The best results are highlighted in bold font
and red color, while the second bests are in blue.

model mAP | mA F1-C | P-C R-C | F1-O | P-O R-O
R50 83.4 82.0 | 739 795 | 694 | 794 823 | 76.6
R50+t 83.7 83.4 | 74.1 756 | 72.8 | 795 80.6 | 78.4
R50+r 83.2 82.8 | 73.2 759 | 71.1 78.5 81.0 | 76.1
R50+s 83.9 83.0 | 744 717 | 717 | 794 813 | 77.6
R50+f 84.2 82.8 | 74.6 79.5 | 70.7 | 80.0 829 | 769

R50+ACt 83.9 84.0 | 74.2 745 | 742 | 79.2 79.7 | 78.7
R50+ACr 85.0 83.3 | 75.1 79.2 | 71.8 | 80.2 823 | 779
R50+ACs 85.6 82.7 | 753 81.9 | 70.1 80.6 845 | 77.1
R50+ACf 86.3 845 | 764 789 | 743 | 81.2 82.6 | 79.8
R50+ACfs | 86.8 83.7 | 76.5 824 | 72.1 81.8 84.4 | 793

R101 84.8 83.2 | 755 80.5 | 71.5 | 80.6 83.6 | 778
RI01+ACt | 84.6 83.5 | 753 79.1 719 | 80.1 83.1 77.3
R101+ACr | 86.0 84.2 | 76.2 79.5 | 73.6 | 81.2 832 | 794
RI101+ACs | 86.5 83.6 | 76.5 824 | 719 | 81.6 85.1 | 783
RIOI+ACTE | 87.1 84.7 | 77.4 809 | 745 | 82.1 83.8 | 80.5
RI0O1+ACfs| 87.5 | 85.0 | 77.6 81.3 | 748 | 824 84.1 80.7




< A
2

7
g,

N\

.&
iy

3

M

\\\\\\\\\\lllul,

&
£

1952 28
Uy o
s

/VU AP‘

,Experiments

* MS-COCO

Table 6. Performance (%) of the comparison methods and the proposed method on MS-COCO dataset with label-based metrics. The method
ResNet101* represents the baseline used in work [67] implemented from the original ResNet101 [20] with complex data augmentations.

Method All top-3
mAP F1-C PC R-C FI-O PO RO | FI-C PC RC F1-O PO RO
WARP [17] - - - - - - - 55.7 593 525 60.7 59.8 o614
CNN-RNN [53] - - - - - - - 60.4 66.0 556 678 69.2 664
ResNet101% [67] 75.2 69.5 80.8 634 744 82.1 68.0 || 65.9 843 574 T1.7 86.5 61.3
ResNet101-SRN [67] 77.1 71.2 81.6 654 758 827 699 || 674 852 588 729 874 62.5
baseline | ResNetl01 74.9 69.7 70.1  69.7 73.7 73.6  73.7 || 66.1 7777 598 712 82.2 628
ResNet101-ACs 76.8 70.1 83.3 062.1 749 85.7 66.5 || 66.3 87.6 563 720 89.6 060.1
Ours ResNet101-ACf 77.3 71.9 735 T71.0 757 76.5 749 || 67.9 8§19 61.0 73.0 84.5 64.2
ResNet101-ACfs | 77.5 72.2 774 683 76.3 79.8 73.1 || 68.0 852 594 1731 86.6 063.3




~°\\\\\\|\Ill/%’/ _r
° 1°xj\\\\\ /////,j(
B2 ==
EXperlmentS WSk
s
/VU AP
* WIDER

Table 4. Performance (%) of the comparison methods and the pro-
posed method on WIDER in terms of label-based metrics. The
method ResNet101* represents the baseline used in work [67] im-
plemented from the original ResNet101 [20] with multiple data

augmentations.
method mAP | FI-C | P-C R-C F1-O | P-O R-O
R-CNN [17] 80.0 | - - - - - -
R*CNN [16] 80.5 | - ; - ; - ;
DHC [34] 813 | - . - . - .
AR [1] 829 | - ; - ; - ;
ResNetl01* [67] 85.0 74.7 - - 80.4 - -
SRN [67] 86.2 75.9 - - 81.3 - -
VAA [44] 86.4 | - ; ; ; ; ;
R50 83.4 73.9 79.5 | 694 | 794 82.3 | 76.6
E R50+ACs 85.6 753 81.9 | 70.1 80.6 84.5 | 71.1
C | RS0+ACf 86.3 76.4 78.9 | 743 | 81.2 826 | 79.8
R50+ACfs 86.8 76.5 824 | 72.1 81.8 844 | 793
R101 84.8 75.5 80.5 | 71.5 | 80.6 83.6 | 778
E R101+ACs 86.5 76.5 824 | 719 | 81.6 85.1 | 783
C | RIOI+ACE 87.1 77.3 80.9 | 745 | 82.1 83.8 | 80.5
R101+ACts | 87.5 77.6 81.3 | 748 | 824 84.1 80.7




i 2
//// g
/o
2
N,

&

I1s
\\ \\\\\ll ity
N\
"////Imm\\\\‘\\\
£ %

1952

,Experiments

.7

* Visualization

R50 R50+ACf R50+ACs R50+ACfs

flipping

original

scaling

™\ M

Figure 5. Attention heatmaps for classifying label “T-shirt” from
flipped (row 1), original (row 2), and scaled (row 3) images using
different models.
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