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Abstract

Training the multi-label image recognition models with par-
tial labels, in which merely some labels are known while
others are unknown for each image, is a considerably chal-
lenging and practical task. To address this task, current algo-
rithms mainly depend on pre-training classification or simi-
larity models to generate pseudo labels for the unknown la-
bels. However, these algorithms depend on sufficient multi-
label annotations to train the models, leading to poor per-
formance especially with low known label proportion. In
this work, we propose to blend category-specific representa-
tion across different images to transfer information of known
labels to complement unknown labels, which can get rid
of pre-training models and thus does not depend on suffi-
cient annotations. To this end, we design a unified semantic-
aware representation blending (SARB) framework that ex-
ploits instance-level and prototype-level semantic represen-
tation to complement unknown labels by two complementary
modules: 1) an instance-level representation blending (ILRB)
module blends the representations of the known labels in an
image to the representations of the unknown labels in another
image to complement these unknown labels. 2) a prototype-
level representation blending (PLRB) module learns more
stable representation prototypes for each category and blends
the representation of unknown labels with the prototypes of
corresponding labels to these labels. Extensive
experiments on the MS-COCO, Visual Genome, Pascal VOC
2007 datasets show that the proposed SARB framework ob-
tains superior performance over current leading competitors
on all known label proportion settings, i.e., with the mAP im-
provement of 4.6%, 4.6%, 2.2% on these three datasets when
the known label proportion is 10%. Codes are available at
https://github.com/HCPLab-SYSU/HCP-MLR-PL.

Introduction

L'11/[ulti—l.'«1.bel image recognition (MLR) (Chen et al. 2019d,b;
‘Wu et al. 2020), which aims to find out all semantic labels
from the input image, is a more challenging and practical
task compared with the single-label counterpart. Due to the
complexity of the input images and output label spaces, col-
lecting a large-scale dataset with complete multi-label an-
notation is extremely time-consuming. To deal with this is-
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Figure 1: An MLR image with complete labels [a], partial
labels [b], in which 1 represents the corresponding category
exists, -1 represents it does not exist, and 0 represents it is
unknown.

sue, recent works tend to study the task of multi-label image
recognition with partial labels (MLR-PL), in which merely a
few positive and negative labels are provided whereas other
labels are unknown (see Figure 1). MLR-PL is more practi-
cal to real-world scenarios because it does not require com-
plete multi-label annotations for each image.

Previous works (Sun et al. 2017; Joulin et al. 2016) simply
ignore the unknown labels or treat them as negative, and they
adopt traditional MLR algorithms to address this task. How-
ever, it may lead to poor performance because it either loses
some annotations or even incurs some incorrect labels. More
recent works (Durand, Mehrasa, and Mori 2019; Huynh and
Elhamifar 2020) propose to train classification or similarity
models with given labels, and use these models to gener-
ate pseudo labels for the unknown labels. Despite achieving
impressive progress, these algorithms depend on sufficient
multi-label annotation for model training, and they suffer
from obvious performance drop if decreasing the known la-
bel proportion to a small level.

Fortunately, a specific label ¢ that is unknown in one im-
age I™ may be known in another image ™. We can extract
the information of label ¢ from image I™, blend this infor-
mation to image I"™, and in this way complement the un-
known label ¢ for image I™. Previous works (Zhang et al.
2017) utilize mixup algorithm to blend two images and gen-
erate a new image with semantic information from both
images to help regularize training single-label recognition
models. However, a multi-label image generally has multi-
ple semantic objects scattering over the whole image, and
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Training the multi-label image recognition models with par-
tial labels, in which merely some labels are known while
others are unknown for each image, is a Considerably chal-
lenging and practical task. To address this task, current algo-
rithms mainly depend on pre-training classification or simi-
larity models to generate pseudo labels for the unknown la-
bels. However, these algorithms depend on sufficient multi-
label annotations to train the models, leading to poor per-
formance especially with low known label proportion. In
this work, we propose to blend category-specific representa-
tion across different images to transfer information of known
labels to complement unknown labels, which can get rid
of pre-training models and thus does not depend on suffi-
cient annotations. To this end, we design a unified semantic-
aware representation blending (SARB) framework that ex-
ploits instance-level and prototype-level semantic represen-
tation to complement unknown labels by two complementary
modules: 1) an instance-level representation blending (ILRB)
module blends the representations of the known labels in an
image to the representations of the unknown labels in another
image to complement these unknown labels. 2) a prototype-
level representation blending (PLRB) module learns more
stable representation prototypes for each category and blends
the representation of unknown labels with the prototypes of
corresponding labels to complement these labels. Extensive
experiments on the MS-COCO, Visual Genome, Pascal VOC
2007 datasets show that the proposed SARB framework ob-
tains superior performance over current leading competitors
on all known label proportion settings, i.e., with the mAP im-
provement of 4.6%, 4.6%, 2.2% on these three datasets when
the known label proportion is 10%. Codes are available at
https://github.com/HCPLab-SYSU/HCP-MLR-PL.
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%ulti—label image recognition (MLR) (Chen et al. 2019d,b;
Wu et al. 2020), which aims to find out all semantic labels
from the input image, is a more challenging and practical
task compared with the single-label counterpart. Due to the
complexity of the input images and output label spaces, col-
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sue, recent works tend to study the task of multi-label image
recognition with partial labels (MLR-PL), in which merely a
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cal to real-world scenarios because it does not require com-
plete multi-label annotations for each image.
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@’revious works (Sun et al. 2017; Joulin et al. 2016) simply
ignore the unknown labels or treat them as negative, and they
adopt traditional MLR algorithms to address this task. How-
ever, it may lead to poor performance because it either loses
some annotations or even incurs some incorrect labels. More
recent works (Durand, Mehrasa, and Mori 2019; Huynh and
Elhamifar 2020) propose to train classification or similarity
models with given labels, and use these models to gener-
ate pseudo labels for the unknown labels. Despite achieving
impressive progress, these algorithms depend on sufficient
multi-label annotation for model training, and they suffer
from obvious performance drop if decreasing the known la-
bel proportion to a small level.
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Fortunately, a specific label ¢ that is unknown in one im-
age I™ may be known in another image /™. We can extract
the information of label ¢ from image /™, blend this infor-
mation to image /™, and in this way complement the un-
known label ¢ for image /™. Previous works (Zhang et al.
2017) utilize mixup algorithm to blend two images and gen-
erate a new image with semantic information from both
images to help regularize training single-label recognition
models. However, a multi-label image generally has multi-
ple semantic objects scattering over the whole image, and
simply blending two images lead to confusing semantic in-
formation. In this work, we design a unified semantic-aware
representation blending (SARB) framework that learns and
blends category-specific feature representation to comple-
ment the unknown labels. This framework does not depend
on pre-trained models, and thus it can perform consistently
well on all known label proportion settings.
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Specifically, we first introduce a category-specific repre-
sentation learning (CSRL) module (Chen et al. 2019b; Ye
et al. 2020) that incorporates category semantics to guide
generating category-specific representations. An instance-
level representation blending (ILRB) module is designed to
blend the representations of the known label ¢ in one image
I™ to the representations of the corresponding unknown la-
bel ¢ in another 1image /™. In this way, image /™ can also
contain the information of label c and thus this label is com-
plemented. This module can generate diverse blended repre-
sentations to facilitate the performance but these diverse rep-
resentations may also lead to unstable training. To solve this
problem, a prototype-level representation blending (PLRB)
module is further proposed to learn more robust representa-
tion prototypes for each category and blend the represen-
tation of unknown labels with the prototypes of the cor-
responding categories. In this way, we can simultaneously
generate diverse and stable blended representations to com-
plement the unknown labels and thus facilitate the MLR-PL
task.
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The contributions of this work are summarized into three
folds: 1) We propose a semantic-aware representation blend-
ing (SARB) framework to complement unknown labels. It
does not depend on pre-trained models and performs con-
sistently well on all known label proportion settings. 2) We
design the instance-level and prototype-level representation
blending modules that generate diverse and stable blended
feature representation to complement unknown labels. 3) We
conduct extensive experiments on several large-scale MLR
datasets, including Microsoft COCO (Lin et al. 2014), Vi-
sual Genome (Krishna et al. 2016) and Pascal VOC 2007
(Everingham et al. 2010), to demonstrate the effectiveness of
the proposed framework. We also conduct ablative studies to
analyze the actual contribution of each module for profound
understanding.
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Datasets Megds Avg. mAP Avg OP Avg. OR  Avg. OF1 Avg.CP Avg. CR Avg. CFl
SSGRL 741 86.3 64.8 73.9 82.1 58.4 68.1
GCN-ML 744 852 64.2 73.1 81.8 58.9 68.4
KGGR 756 84.0 65.6 73.7 81.4 60.9 69.7
M>-COCO - Irrrrcalom Tabelmg]| 60.7 87.8 51.0 61.9 609 404 483
partial-BCE K747 86.7 64.7 74.0 83.1 58.9 68.8
Ours 77.9 86.6 68.6 76.5 82.9 64.1 72.2
SSGRL 39.7 69.9 25.9 37.8 45.3 18.3 26.1
GCN-ML 39.3 64.1 28.2 38.7 44.6 18.2 25.6
VG200 KGGR 41.5 64.5 30.5 41.2 54.8 25.8 33.6
Curriculum labeling 28.4 66.4 154 23.6 20.4 7.6 10.9
partial-BCE 39.8 69.7 24.6 36.1 443 18.1 25.7
Ours 45.6 70.1 33.2 45.0 56.8 27.8 374
SSGRL 89.5 91.2 84.4 87.7 87.8 81.4 84.5
GCN-ML 88.9 92.2 83.0 87.3 89.7 80.1 84.6
KGGR 89.7 90.5 82.9 86.5 88.5 81.4 84.7
Pascal VOC 2007 ¢ ricutum labeling|  84.1 927 782 83.8 79.5 717 754
partial-BCE 90.0 91.8 84.3 87.9 88.8 81.3 84.8
Ours 90.7 93.0 83.6 88.4 90.4 81.1 85.9
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Datasets Megds Avg. mAP AvgiOP Avg. OR  Avg. OF1 Avg.CP Avg. CR Avg. CFl / — KGGR

SSGRL 741 863 64.8 73.9 82.1 584 68.1 65 /  — Cumriculum labeling
GCN-ML 744 852 64.2 73.1 81.8 58.9 68.4 / — partial-BCE
MS-COCO KGGR 756 84.0 65.6 73.7 81.4 60.9 69.7 — Ours
Curriculum Tabeling || 60.7 87.8 51.0 61.9 60.9 40.4 48.3 60 | | | | | ‘ | | |
partial-BCE 747 86.7 64.7 74.0 83.1 58.9 68.8 10% 20% 30% 40% 50% 60% 70% 80% 90%
Ours 77.9 86.6 68.6 76.5 82.9 64.1 72.2 (a)
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41.2% A1 33.6%. FEXMIFILT, BATH SARB HERKRHL i 0 B Mtk B4R F- - JL-F39 mAP.
OF1 f1 CF1 4}31H 45.6%. 45.0% #1 37.4%, b KGGR 4 5IwEH 4.1%. 3.8% fil 3.8%.

(GUEHR) e, SIATBME, JNTZBBRNWHESRAE A CAARZE LI E T i mAP 325
T 3.3% M ko

Datasets \ Methods | Avg. mAP Avg.OP Avg. OR  Avg.OFT Avg.CP Avg.CR Avg. CFI 50
SSGRL 741 86.3 648 739 82.1 584 68.1
GCN-ML 74.4 85.2 64.2 73.1 81.8 58.9 68.4 //
KGGR 75.6 84.0 65.6 737 81.4 60.9 69.7
MS-COCO | cyrriculum labeling|  60.7 87.8 51.0 61.9 609 404 483 45
partial-BCE 74.7 86.7 64.7 74.0 83.1 58.9 68.8
Ours 77.9 86.6 68.6 76.5 82.9 64.1 72.2
SSGRL 39.7 69.9 259 37.8 453 183 26.1 —
GCN-ML 393 64.1 282 38.7 44.6 18.2 25.6 =SGRL
VG200 KGGR 415 64.5 30.5 412 54.8 25.8 33.6 —G CII\IRML
Curriculum labeling| ~ 28.4 66.4 15.4 23.6 204 7.6 10.9 FLAN-
partial-BCE 39.8 69.7 24.6 36.1 443 18.1 25.7 . — KGGR
Ours 45.6 70.1 33.2 45.0 56.8 27.8 374 35 / Currjéulum labeling
SSGRL 89.5 91.2 84.4 87.7 87.8 81.4 84.5 —_——
GCN-ML 88.9 922 830 87.3 897 80.1 84.6 o %‘m_lf‘l gL
Pascal VOC 2007 KGGR 89.7 90.5 82.9 86.5 88.5 81.4 84.7 Al urs
‘ Curriculum labeling | ~ 84.1 92.7 78.2 83.8 79.5 71.7 75.4 30 1 ' ' ' ' ' ' ' '
partial-BCE 90.0 91.8 84.3 87.9 88.8 81.3 84.8 10% 20% 30% 40% 50% 60% 70% 80% 90%
Ours 90.7 93.0 83.6 88.4 90.4 81.1 85.9

(b)
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(i H) Pascal VOC 2007 Pl SR EG IR A i) 28 IR S - BT 8RS NH
w20 MG, B—MERGLZ MBS, B airEE WA L A PERE -

(BIRHE) ik 1 Frow, ZErtkemEF KGGR HiLkK mAP. OF1 M1 CF1 ~F3{H 758
41.5%- 41.2% 1 33.6%. {EXFHILT, FAIH SARB AEZCRILH EH] 2 iy PERESR T BRY-F
¥ mAP. OF1 f1 CF1 4354 45.6% 45.0% F1 37.4%, It KGGR EHika5EH 4.1%. 3.8%

ﬂ 3.8%,
¥ N % f >, M (1] — A N = =x (o)
(FEE) BAEZMEE, TN EREATHEZSELLE A AR LA E A mAP 125 17 3.3%.
Datasets \ Methods [ Avg. mAP  Avg. OP Avg. OR  Avg.OFT Avg.CP Avg.CR Avg.CFI
SSGRL Ta1 863 648 730 2.1 384 68.1 95
GCN-ML 74.4 852 64.2 731 818 58.9 68.4
KGGR 75.6 84.0 65.6 737 81.4 60.9 69.7
MS-COCO | cyrriculum labeling|  60.7 878 51.0 61.9 609 404 483
partial-BCE 747 86.7 64.7 74.0 83.1 58.9 68.8
Ours 77.9 86.6 68.6 76.5 82.9 64.1 72.2
SSGRL 39.7 9.0 2590 3738 453 83 261
GCN-ML 393 64.1 28.2 38.7 446 18.2 256 5 SSGRL
VG200 KGGR 415 64.5 305 412 54.8 25.8 36 — GCN-ML
Curriculum labeling|  28.4 66.4 15.4 236 204 76 10.9
partial-BCE 398 69.7 2.6 36.1 443 18.1 257 — KGGR
Ours 45.6 70.1 332 45.0 56.8 278 374 80 —  Curriculum labeling
SSGRL 895 912 844 87.7 878 814 845 — i1
GCN-ML 88.9 922 83.0 87.3 89.7 80.1 84.6 %amal BCE
KGGR 89.7 90.5 82.9 86.5 88.5 81.4 84.7 — Ours
Pascal VOC 2007| o icyjum Tabeling|  84.1 927 782 838 795 717 75.4 75 | I T I I : W I ‘
partial-BCE 90.0 91.8 843 87.0 88 8 813 848 10% 20% 30% 40% 50% 60% 70% 80% 90%
Ours 90.7 93.0 83.6 88.4 90.4 81.1 85.9 ©
C




ZL IR -ZH mR 55 B2 CSRL

(CSRLJj#%) CSRL BRI TR s IFRHESRAE, "R AR R SAESLEL: & SUHS (SD)
(Chen et al.)if X JEENLF (SAM) (Ye et al. 2020),

(i) %4 Mixup Sk ALERBE BT, Hmilgh. AT A RS 5
IP-Mixup: 7EEGZHRELG, FM-Mixup: 7EAMEZRIMMELG .  OR#RE, EI3ZELG)

(451) SD 1 SAM PEfg#eir, SD MgfF SAM, Ft/RZischa#RMA SD %3 CSRL AR,

(4518) XPifh Mixup 5 SSGRL FEZL MMM, PN SEEG TTIEHORBUIME R

- (45i8) 5 FETF CSRL iy SARB #lt: N Datasets | \rs coco  vG-200 vVOC2007
IP-Mixup == 44 L mAP 435 MK Ours w/ SAM 77.6 454 90.6
Ours w/ SD 77.9 45.6 90.7
3.6%+ 5.9%. 1.0% IP-Mixup 74.3 39.7 89.7
. - FM-Mixup 74.1 39.6 89.6
FM-Mixup fE =AMk £ mAP 4350 TR SSGRL Ta1 39,7 %05
Ours ILRB 773 44.9 90.2

(o) (o) (o)

3.8% 6.0%~ 1.1% Ours ILRB fixed o 76.9 44.5 89,8
Ours PLRB 773 44.9 90.4
Ours PLRB fixed 3 76.9 44.6 90.2

Ours | 77.9 45.6 90.7




BT -CHRREE 2 ILRB

T 48t ILRB B3 WSCBavink, 1EEHT T R AR (Ffh Ours ILRB) , 35
SSGRL #£k 7 MS-COCO~ VG-200 #1 Pascal VOC 2007 = N34 i 7 X
ILRB BHAE—A RS H a, FATEH LHAZEBMESHWLH .. K TRIE a KR 2R s,
YEFE RS EL T I E{E a=0.5 BYE Do
(Z53) 92828, Ours ILRBFE& THEE XFBLT-SSGRL, mAPA 3T T73.2. 5.2, 0.7,
(Z518) LEEH, Ours ILRBFESTHIE R FOurs ILRB fixed a. il BEE a SRkt

a8, 1 BER a BEiE. iy Datasets | \1q coco  vG-200 VOC2007
ethods

Ours w/ SAM 77.6 454 90.6
Ours w/ SD 77.9 45.6 90.7
IP-Mixup 743 39.7 89.7
FM-Mixup 74.1 39.6 89.6
SSGRL T4 30.7 30.5
Ours ILRB 773 44.9 90.2
Ours ILRB fixed « 76.9 44 .5 89.8
OTPERE 773 149 90 4
Ours PLRB fixed 3 76.9 44.6 90.2

Ours | 77.9 45.6 90.7




L 3% -CH FR 35 92 PLRB

FIAEH, PLRB Biglt RS iy 5e4d 84 o A T AR, 1656 T R4 FIPLRBR L5,
H 5L SSGRLXT . [ B XY 7 2% 3 S 8B 7 i 2 5

(%538) A PLRB J5, H#TSSGRL, mAP/ 37 T73.2. 5.2, 0.9,

(Z518) 78 YIGHERMETL (B 4) FrPlES]: #4A PLRB — loss 5B (RiE) ,
I\ PLRB — loss BH&E M- GNEGRRE) , W2 miisbr, PLRB B4 BT 4 Bt & i
B, MK FEAR FFRZEFAE I 25 55 A & -

Z518) BIEMN B T EE B

0.009 § 0013 —0
Datasets 0008 — Ours s

Methods MS-COCO VG-200 VOC2007 oo — Ours w/o PLRB 0.012 — Qurs w/o PLRB
Ours w/ SAM 77.6 454 90.6 2225 0.01
Ours w/ SD 77.9 45.6 90.7 @ o.oo; @ 0009
[P-Mixup 74.3 39.7 89.7 = o = o008
FM-Minlp 74.1 39.6 89.6 0.002 0.007
SSGRL 74.1 39.7 89.5 oot 2336

Ours ILRB TR) 44.9 90.2 ' 0 5 10 15 20 ) 0 510 15 20

Qurs ILRB fixed o 76.9 44 5 89 8 training epoch training epoch
Ours PLRB 77.3 44.9 90.4
Ours PLRB fixed § 76.9 44.6 90.2 Figure 4: Analysis of the effect on PLRB. These experiments

Ours 779 .6 90.7 are conducted on MS-COCO (left) and VG-200 (right).




=5 gk

Loy

s FERXTN AR, BATTIR 7 — Pl O A 0 0 Rl 5 2050 4 e IR SR ALE

%%‘ﬁﬂ%ﬂhé@, MRk MLR-PL ££5% 12%4173122‘ WERT T 0 B

W, PIBLAERT A B AAREE LR A BCE T #FAE RS SEOC Y PR AR
« HARRWE, FATHY T IEE S A% OB
- ILRB #iHt: RlE CHRE N SEREFR, Db soR PR AFREE IR

)

* PLRB Blik: %33

Ma JRBFAR, Db 7oxT RR FARZE BRI -

o SR ) I 2 2 R ELRS R B B A SRR R R
M Tiifi i MLR-PL 4£2 521

* /£ MS-COCO. VG-200 #Fi1 Pascal VOC %54 i) Kk 83255 551k
T 07 AR T BUAT B0 A P




¥¥ 35 ¥ 5]

* 1) Training the multi-label 1image recognition models with partial labels, in
which merely some labels are known while others are unknown for each
image, 1s a considerably challenging and practical task.

 Considerably challenging Fl1 practical task: FH>4 B #k i AR 3L FR BT 55

* 2) Extensive experiments on the MS-COCO, Visual Genome, Pascal VOC
2007 datasets show that the proposed SARB framework obtains superior
performance over current leading competitors on all known label proportion
settings, 1.e., with the mAP improvement of 4.6%, 4.6%, 2.2% on these
three datasets when the known label proportion 1s 10%.

* Extensive experiments on ... show that ...obtains superior performance over current
leading competitors ...

E RIS EROCRISARN, (R 7D AERERE LT s
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* 3) Despite achieving impressive progress, these algorithms depend on

sufficient multi-label

annotation for model training, and they suffer

from obvious performance drop if decreasing the known label

proportion to a small

level.

- REPUT 7B, 2. (FTDL AR KAL)

* 4) However, a multi-label image generally has multiple semantic
objects scattering over the whole i1mage, and simply blending two
images lead to confusing semantic information.

* multiple semantic objects scattering over the whole 1mage

* BAE B R T2 E TR

* XA A
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* 5) Our In this way, we can simultaneously generate diverse and stable
blended representations to complement the unknown labels and thus

facilitate the MLR-PL task.
o [R5 %] A and B(simultaneously)

* 6) This framework does not depend

on pre-trained models, and thus 1t

can perform consistently well on all known label proportion settings.

* consistently well, iXA~EITR V] DA

S H IR B
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* 7) In this work, we present a new perspective to complement the

unknown labels by blending category-specific feature representation to
address the MLR-PL task.

* BHT A
* we present a new perspective to: A xxx 2L T I A
* 8) It 1s noteworthy that the SARB framework obtains more obvious

performance improvement when decreasing the known label
proportions.

o SEARER
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* 9) In this work, we propose to blend category-specific representation
across different images to transfer information of known labels to

complement unknown labels
and thus does not depend on

, which can get rid of pre-training models

sufficient annotations.

* R xXBOR/ B, AIPABER we propose to
* getridof FEM yxxx (HRFE)

* sufficient annotations: 75430 JERE

* 10) As shown 1n Table 2, both two baseline algorithms achieve

comparable performance witl

h the SSGRL baselines as such simple

blending can not provide add

1tional information.

o EBAMFNEIEMREZEA Z 0, Flcomparable performance with
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* 1) Due to the complexity of the input images and output label spaces,
collecting a large-scale dataset with complete multi-label annotation 1s
extremely time-consuming.

¢ BPHIREEY SIRBTZ LU TIPL/ T
o TR\ BGAS h bR 2 ] By S ae, WER B S8 B ARSI E R R
MBI R AR FET o
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* 2) Previous works (Sun et al. 2017; Joulin et al. 2016) simply 1gnore
the unknown labels or treat them as negative, and they adopt
traditional MLR algorithms to address this task. However, it may lead
to poor performance because it either loses some annotations or even
incurs some incorrect labels.

e MLR-PL&Y TE £ 5 35t 51

o B A IR/ R 88K 5IRB YR

« ZHIMTAE (Sun ZEA, 2017485 Joulin ZEA, 2016 45) FURZMEARAN
FRAS TS R SURREE, SRR PSS MLR BLURISX (%5 . A
M, XATAES SEHAE AL, PIATEAFER ~HERe, ottt
R
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* 3) Despite achieving impressive progress, these algorithms depend on
sufficient multi-label annotation for model training, and they suffer
from obvious performance drop if decreasing the known label
proportion to a small level.

e MLR-PL&Y I FH K F IR FHF0VER A
* XU STRIR T 4 NED QIR AR, (BB L S A0
FERSRIATERLZE, 05K O AbR S LA FEAR R /N K, BATTRY
PERE L2 BH 2 TR
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* 4) However, a multi-label image generally has multiple semantic
objects scattering over the whole 1mage, and simply blending two
images lead to confusing semantic information.

« B XARIE (HBMUFIERIEST ) @M

* R, AR BB A 2 OSSR R B G, W iR
& P B G = B0OE s SR L.
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 5) This module can generate diverse blended representations to
facilitate the performance but these diverse representations may also
lead to unstable training. To solve this problem, a prototype-level
representation blending (PLRB) module 1s further proposed to...

s IRE S IFaY 39N

s B (ROIRH) AR MR A RME, DME#HIT, (HXEA R
AL AT e F B/ R AT -
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