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Training Multi-Label Classifiers from

Single-Label Annotations
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, Problem to be solved : single positive label

person  dog bus bicycle apple boat laptop couch

@ v x v v % x x x (a) full annotations
& v ox ? v 9 x 9 9 (b) partial annotations

© v ? 9 ? ? ? 9 ? (c) single positive label
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, Method

Multi-label classification with Partially annotated labels

dataset  (Xn,2,)),

zn, € {0,1,0}F negative, positive, unknown




, Method pipeline
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, Method : Assume negative

BCE i
ﬁBCE — Z fni — 1 1Og fnz)

[zni — 0] 1Og(1 - fnz) (l)

AN : assume that all unknown labels are negatives

L
LanlE, ) — —% Z [2ni = 1] log(fni) +
=1

[zni € {0,0}]1og(1 — fni) . (2)




, Method : Expected negative

ignore the large incorrect contributions of noisy labels,

Top-p_i,
N
Yol =1] _
pi = KN ==l sz—1 3)
N ~t

anl [Zm = 1]/N T Z 1 Baf N Z'n,i = {07 1}

Annotated label true label class

class distribution distribution

estimated score s are updated with network output f

sf, = ps;,  +(1—pf; (4)




, Method : Expected negative

Top p_i instances per image for a class

Zni € 10,1} seore A\

>
7

) 2 3 £ 3'0 class index




, Method : Expected negative

N B N
pZZKNzn:lg\zfnz_l]ZKZ[anzu, (3)
n=1

s =psit 4+ (1—p)fl (4)

But label drift, ... ...

Only annotated positives, expected negative, ignore expected positive

L
Lon(t) = —7 3 [ami=1]log(fo)+[24:=0] log(1—ni) - (5)
1=1




, Method : Consistency loss

Use robust targets from AN as supervisions

Lou(fr) = 1F, —sp - (6)




, Method : Spatial Consistency loss

New noisy label, as object can be crop out,
So use the running average in spatial dimension score heatmap.

L1-distance (score heatmap, network output)

LscL(FY) = ||F}, — resize(T,, (H,, )|l - (7)

L =Len+7Ls)cL - (8)
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, Experiments

Method —| No pretraining IN1K pretraining
VOCl2  MS-COCO VOCI12 MS-COCO NUS CUB
fully-annotated oracle (BCE) all pos +allneg  53.1 66.1 90.0 79.4 537 332
+ AN + label smoothing (911 1 pos /img - - 86.5 69.2 449 179
= Rotepeoietipl® s TN s A i
g‘ LL-R (reported in [25D)1 1 pos/img - - 89.4 719 49.1 21.5
E LL-Ct (reported in [25)7 1 pos/img - - 89.3 71.6 496 21.8
LL-Cp (reported in [25])" 1 pos /img - - 89.3 71.0 494 214
»  Assume negative (AN) 1 pos /img 46.5 49.1 86.0 69.0 455 21.1
£ AN + label smoothing 1 pos/img 46.0 46.1 87.6 3 46.7 16.0
% WAN [9] (our training schedule) 1 pos /img 44 .4 45.1 86.4 69.3 456 21.3
M ROLE [9] (our training schedule) 1 pos/img 45.0 51.9 87.8 69.9 47.8 203
,, Expected Negative (EN) 1 pos /img 47.5 53.4 88.1 71.8 49.1 223
g EN + consistency loss (CL) 1 pos /img 49.1 55.0 88.3 71.9 490 221
EN + spatial consistency (SCL) 1 pos/img 514 54.0 88.8 732 503 225

Table 1. Mean average precision (mAP) obtained on the test set of Pascal VOC 2012 [14] and MS-COCO 2014 [33], NUS-WIDE [8] and
CUB [49]. ImageNet-1K [43] pretraining warms up the linear layer for 5 epochs. Results indicated with | are reported by related work.




, Revisit to the structure of CNN 4

F = [FlaFQa'”aFC] S R/'C“XWXH K Normal CNN ¥ /
Convert

channel dimension / 1X1Conv \

A" ’_ -\\
ke GAP ) :

‘Ez—

b ¥
\—___

Il

K Converted structure j

Figure 1. Illustration of the converted structure. After converting
the FC layer into a convolutional layer with 1x1 kernel and mov-
ing the position of the global average pooling layer, CAMs can be
obtained during the forward propagation.

=



, Revisit to the structure of CNN

\Fy, Fy, ..,

FC] c RC‘XWXH

Classification logits from CNN :

Iz

class i

1

2.

J .

J

1<j<C

WXHZ Z w ij(il?‘,y),

channel j

z,y 1<j<C
activation of F

(1I2.1)




, Revisit to the structure of CNN

From ‘Learning Deep Features for Discriminative Localization’

i l
_ Australian
G C C C C . terrier
= GAP 2
O o) O O 5 ' -
N N N N o : :
\' Vv
v v )
ey S

Class Activation Mapping

Class
Activation
Map

(Australian terrier)

+W2* +...+Wn*

CAM ;( Z w x fi(z,y). (12.2)

1<;<C




, Revisit to the structure of CNN

From ‘Learning Deep Features for Discriminative Localization’

1<;<C
1 ; (12.1)
S LSS W)
T,y [1<5<C
activationmrof F
CAM;(z,y) = Y wix fi(z,y). (12.2)
LE =

1
L= o ; CAM ;(z,y)

= GAP(CAM,).

(12.3)  average activation
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, Revisit to the structure of CNN

‘ wy
From ‘Learning Deep Features for Discriminative g AR A
. - 2 9
i
b — E CAM;(z,y) = 2
W x H Normal CNN
Convert

— GAP(CAMZ) / 1X1Conv \

The san&e (12.3) gwﬁ (E\
kg GAP

— ks |
L; = GAP(Conv;(F)) ,z :%,:
\ S

1 .
— m S:( yj w;- X fj (:c,y)) \ Converted structure /

HH...

T,y 1<j<C
Figure 1. Illustration of the converted structure. After converting
= G A P ( C A M Z) ! the FC layer into a convolutional layer with 1x 1 kernel and mov-
ing the position of the global average pooling layer, CAMs can be
( 12 4) obtained during the forward propagation.
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Analysis and ablation : Spatial heatmaps

N

The top-k class e
i\
Image Heatmap ( Heatmap \
annotated class unannotated classes (selection)
bottle vase book potted plant

traffic light truck

person dining table

Figure 2. Heatmaps produced by ResNet-50 on M.S-OCO in the last training epoch, with ImageNet pretraining (best viewed in color).
Localization of many objects in the image absent from the single-label ground truth.




, Analysis and ablation : Spatial heatmaps

S

'ﬁ\i\lllﬁ
SYS

1952

e
4 tr B

7
N\\lllruw

N

Process from training

Epoch 0

Epoch 10 Epoch 25

zebra
(annotated pos.)

giraffe
(unannotated pos.)

cow
(unannotated neg.)

Figure 3. Progress of running-average heatmaps during training for
an annotated positive class, unannotated positive class and nega-

tive class (best viewed in color). ﬂ
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, Analysis and ablation : Spatial heatmaps

Heatmap Heatmap Image
annotated class unannotated classes (selection)

bus car truck person

expected negative £
with spatial consistency

expected negative
(no SCL)

Figure 4. Comparison of heatmaps generated in the final training epoch with and without spatial consistency loss.

SCL localizes objects more precisely, avoiding false predictions for negative classes.



, Analysis and ablation : Bias towards single-positive predictions
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Score Spatial heatmap momentum u K (# expected positives / img) # annotated positives / img
(a) Top-1 score distribution (b) momentum g (c) hyperparameter K (d) # annot. positives score bins

Figure 5. Ablations on MS-COCO validation set with ImageNet-pretrained ResNet-50.

Fig 5(a). Distribution of the top-1 scores, per method, over all validation images.




, Analysis and ablation : Bias towards single-positive predictions

Method Loss mAP  EN loss ignores expected positive
assume negative (AN) LAN 69.4 samples.

expected negative (EN) LEN 72.3

assume negative + CL Loan 4 Lot 70.1 EP (expected positive) use expected
expected negatives + CL Len + Leo 72.4 positive as additional positives in the
expected positives and neg. + CL Lep + LcL 65.8 supervision; (incorrect expected-
expected positive regression [9] + CL  Lgpr [9] + Lo 71.7 positives)

assume negative + SCL LaNn + LscL 70.2

expected negatives + SCL LeN + LscL 73.7 .

expected positives and neg. + SCL Lep + LscL 64.6 EPR (regressmn) FEEresses the sum of

expected positive regression [9] + SCL Lgpr [9] + Lscr 72.3 the predicted probabilities towards the
estimated number of positive K.

Table 2. Methods to avoid single-pos. bias (MS-COCO val split).
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, Ablation on the crop parameter

£

_ il —= ey A
73 &=""  H—— —. v
o
L~
= —¥- CL
=71 -A- SCL
70
_________ CSETTITTITT YOITCIEEEY |
69_.-.-

no clrop [0.7'5, 1] [0.'5;, 1] [0.2|5, 1]
crop area interval
Figure B.1. Best MS-COCO validation mAP obtained when train-
ing with different data-augmentation crop area. The cropped area
size, compared to the full image area, 1s randomly and uniformly
sampled from the interval.

varying the random interval for the area of the crop data-augmentation.
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, Analysis over object sizes

£

x1.30 A
x1.28 A
x1.26 A
x1.24 A —
x1.22 - - l :
x1.20 - T

=== EN + SCL over AN
=» = EN + CL over AN

relative mAP
improvement

0.04 0.12 0.26 050 091 1.67 3.21 6.53 15.02 48.61
average bounding box area in bin (% pixels)

Figure D.1. Relative improvement per object size.

split the positive annotation into equal size, compute mAP use positive
labels within bin, and negative over whole val.
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Analysis over object sizes

BCE (fully annotated) Assume negative (AN) Expected negatives (EN) with
spatial consistency (SCL)

12.5 - - e
10.0 - ] : Top-k score
> - — 1st
.42; 7.5 - 4 -== 2nd
& —-- 3rd
A 5.0 1. - .Q ..... 4th
2:5 mi\ -r/ﬂ::?-f""--..
’\":t-:'{:'_ l‘_*&vﬁw‘n-ﬂ-ﬁﬂ"f')'- b -:’ ’-r::_ —
00 T —] T —* —— - e . .
0.0 0. 04 06 08 10 00 02 04 06 08 1000 02 04 06 08 1.0
Score Score Score

Figure F.1. Score distribution over all MS-COCO validation images, for 1st, 2nd, 3rd and 4th highest predicted scores per image. The BCE
method is a fully annotated baseline. Training with AN and a single-positive label leads to a bias towards single positive predictions. With
EN and SCL, the network more confidently predicts multiple positives.

An : low scores distribution,
EN+SCL : reduce the amount of false negative label,
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, Experiments

top-1 top-1 mAP Real

IN-val  Real. y_. k=1 k=2 k=3 k>4
Num. samples 50,000 46,837 46,837 39394 5408 1319 716
ResNet-50 76.1 830 663 706 530 361 225
ResNet-50 + AN 769 831 814 880 600 368 21.8

ResNet-50 + EN with CL 77.1 83.4 81.7 88.4 60.5 36.6 217
ResNet-50 + EN with SCL ~ 77.1 83.9 82.3 88.5 61.9 38.1 22.5

Table 3. We finetune ResNet-50 with AN, consistency loss (CL) or spatial consistency loss (SCL). We report top-1 validation accuracy on

ImageNet-val (single-label) and on RealL (multi-label); as well as mean average precision (mAP) on Real.. mAP is reported on all images
(k = all), or on subsets of images with k = 1, 2, 3, 4+ annotated labels.
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