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Abstract: Object detection is a fundamental problem in computer vision and image processing, which can be divided into
fully supervised, semi-supervised, and weakly supervised object detection from the perspective of supervision. Recently,
ob;=ct detection has been playing an important role in various areas, showing great application value. Precise object detection
depends on the accurate region or instance-level image lab=lii.z during detector training. However, the complexity of the
background and the diversity of objects in real scenes make accurate image labeling extrerel, time-consuming and laboricus.
Specifically, traditicna: fully supervised object detection algorithms need to mark the pocition and category of each object in
the image manually with a minimum rectangular box, increasing the cost of acquiring a training label. By contrast, weakly-
supervised object detection (WSOD) algorithms only require the category labels of the whole image for training. As a result,
a large number of training samples can be easily obtained by searching the category labels on some image websites. Due to

the ability to significantly reduce the labor cost of labeling, WSOD has received increasing attention and achieved encouraging
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progress. Therefore, researchers began to focus on WSOD algorithms based on image-level coarse labeling, which are less
dependent on supervised information, compared with supervised, WSOD aims to localize and classify objects in an image by
only using image-level category annotations. Starting from the research significance of WSOD, this paper firstly introduces
the definition, basic framework, »nd main challenges of WSOD: 1) WSOD is performed in the ticiniug phase and test phase
with standard detectors. The whole problem of WSOD can re understood as learning a mappirg relationship from several
candidate boxes contained :a an image to image category markers. 2) It is worth noting that the problem setup of WSOD is
consistent with that of multi-example learning in weakly supervised learning, so WSOD can be treated as a multi-example
learning problem by taking each candidate box as an example and the image that contains all the candidate boxes as a
"package" itself. For each category, if the image contains at least one target object of this category, the image is a positive
packet, otherwise, it is a negative packet. Therefore, detector parameters can be learned based on candidate boxes in images.
If an image is predicted to be a positive packet of a certain class, it indicates that the image contains the target of that class,
and thus the target can be idewtified using a rectangular candida e bcx. 3) WSOD faces three major problems: local dominance
problem, instance ambigvity problem, and conspicuous memory consumption problen:. After that, advanced WSOD
algorithms are classified into three categories according to the network architecties, i.e., optimization candidate box
generation-based algorithms, segmentation-based algorithms, and self-training-based algorithms. Among them, the core of
optimized candidate box generation-based algorithms is the improved candidate box generator in the basic framework. The
core of segmentation-based algorithms and self-training-based algorithms is to improve the detector in the basic framework.
The difference is that the former algorithms aim to add a segmentation branch and guide detection through segmentation,
while the latter algorithms aim to optimize the detection network. Further, the detection results cf various WSOD algorithms
are compared under severzai evaluation metrics through exte.siv: experiments. This paper sclecws and compares the current
mainstream weakly supcrvised object detection algorithi:s 01, PASCAL VOC2007 and VOC 012 datasets. In order to ensure
the fairness of comparicon, all algorithms use the VGG16 network that has been pre-trained on the ILSVRC dataset as :he
backbone for feature extraction, and only evaluate the performance of the model itself, without considering the effect of fully
supervised models such as Fast R-CNN. In the mean Average Precision (mAP) comparison on the VOC2007 dataset, MIST
is considered the best, with the single model getting 54.9% mAP. To now, the mAP of the existing advanced WSOD algorithms
is between 50% and 60%. Compared with the OICR algorithm, which is often used as the baseline method, the mAP of MIST
has been improved by less thar 15%, indicating that there is still a large room for improvement in this field. In the comparison
of mAP and Correct Localizetion (CorLoc) on the VOCZ01- dataset, NDI-WSOD achices Getter performance, reachiny
53.9%, which is 16% higher than OICR. The best algo:thn. for the CorLoc dataset is P-MD)N, which reaches 73.3% in terms
of CorLoc, and is 11.2% higher than OICR. In addition, various algorithms are adopted for comparison on MS COCO datasets.
The algorithm with the highest Val-AP50 is still P-MIDN, which achieved 27.4%. MIST combines optimized pseudo notation
generation, regularization technique, and bounding box regression in the self-training process, and thus it can continue to be
superior to the competitors on different datasets. Even though the research of WSOD algorithm based on image level labeling
has made a great breakthrough due to the vigorous development of deep learning, WSOD still faces many challenges, and
there is still a certain gap between it and fully supervised otiec. detection. Finally, some valuable future research directions
in this field have been discussed: 1) Generating fewer canaidate boxes with higher quality, 2} Designing a more reasonahle
and efficient coopeiative framework for detection and segmentation, 3) Designing a mote reasonable strategy or digging out
more and better positive samples through the network itself, 4) Designing lightweight network models that can be applied to
mobile terminals.

Key words: weakly-supervised object detection; weakly-supervised semantic segmentation; proposal generator; self-training;
survey
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paradigm combined with self-training
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KA H I PIbRIC B M BRER A, Ho s
IEHEONARICHE LA N BN AR s ARG 70 e
{0 g 1 HE S 5 e 28 I L vy 1 36— 0 A i al A
THIM R ZEAPRIC, HAREIEHERRIC N 5. Tang
£ N(2018)fEOICR (A JE At b4 Hy 1 — Fftfi 14 AE 5
22 ) Bk (Proposal Cluster Learning, PCL), %5775
W 7 18] AR B[R] — P AA A 50 I 1) fig 128 A Kl 43
B[FE —AME, AR RIEE R BAMEST LR
W EFRERE—MRNE N — N Z -5 2] i
A 77 2 BRI e E AT DAL T A b L
Fi/b o KosugifF A 2019)4 H 1 —Flos s 1L AE bR
WHEE, ZEERH BT O R R BB
eV IRIEHEFF T HAEARD, R bR
TN AAMNP 2 A1 2 58 . Kosugi®s A (2019) 32 H T —
Fh B Fr¥0 442 38 555 (Object Instance Mining), 1%
V20 a0 i 126 A 7 7 TR T AR AR R ] R A2 i R
HETA RTRE AR, Srisert 17— AR AL
I A0 % o R ST AT R e v A R A R X
o3 BERUR IR IEHE M BLE . Zeng® A (2019)32H T
— PPt G H R A B T T A P 2 T
(Objectness Distillation for Weakly Supervised Object
Detection, WSOD?2). %575 & Jeilid G g s
THEAMEIERERIS 7, TR AR AE X )
IR R EIHAVELS 53, e AN
Bl 3RS B i A MR E A3 73 A R, FEHR I 1t
IEHEDNARIC . Ren®E /L (2020)42 H T — Mg Bl 2 7
%1 5 Il Zr 3% (Multiple Instance Self Training, MIST),
2B R ) A e HE D A i AR o 72 R B 25 R T
IEMERIAR 3y B R SCRA ST N 2 & B 1) 5 8] 2
FEMEZIH . Zhang®5 N (2020)F H 11955 W B 5 ST HE SR
£ 7 R R R BB A it F2 (Proposal and
Semantic Level Relationships, PSLR), FIXTHE13E I
B ZRRMHEREALE, AT T8 R B 20 5K
BIHEBAE S . BRI 5, 2RI TS 195 Tenn
(0 DR 28 BEAE), HI0 7 T T PRI A ) 248 P P AL
AL, AE s 215 X 28 I R FE b s B bR B 4
HMZFRZAER . Wang® N (2022)F2 7 —FhFE T
B 72 115 /& (Negative Deterministic Information,
NDI-WSOD)JWSOD St 1%, %7571 & NOIKL
ERTFFRRANBY B, AR B, Wit T LN
RAE B R HR B A7 ] 545 1 FRINDL FETF IR BL
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H I A FINDIR 1 — T AT OGS B2 ST AL
AT 5] 3 5L L FE SR, 70 3 b PR 73 SCHC AT
RGN ). EIRFVEHRAE — BRI LR T )R
P = 3 i B LA R B o ) ¥ ) 4] 5 Sl R
232 G IENEEAR I 5k

TR Z LB ZO R EE R, 59E HARS
DA RLLE N ZRI B S BN R AR, B ok
VAR B = 0 4. ik, AR A IE A+
ARNERIGIN— LB LI, A B NP4
HhOF RS X8, T G2 S 8 32 1) . Ren® A
(2020)7E H 5 i 8 2 7- 9] 5 I 25 5L MIST B 5 itk
b, BB R T RSB BT RURFAE A3 ]
Fit L2 3G B B (Concrete Drop Block), 1245 B id it ui
B I {1 27 > SR S A B RE B R S AN 2 R IR T
R LR BB 2, TSR H s 10 58 B A -
Huang%% A\ (2020)#2 | — MR &S B IRIGHE
% (Comprehensive Attention Self-Distillation), %%
YET{EOICR LA b (TangZs, 2020), ML HIZ A
JE BB 2 AN AR R AIE BB A3 0 3R AR E R )
(Auention Map), JRrXeeyEm ) EHEE NEEETE
BB, RERHIZA SR EN AR
AR AVRFAE BRI I AR, R LR ETERE
I A5 EARIG R 2 MR B E, TSIl e 5
VIR NI PRI - Gao%E (202244 22 57 1 [R] 452
He 5] N\ £ 75 9] 2% 2] (Discrepant Multiple Instance
Learning, D-MIL)H*, KM ZAMILY: > 52K F A
FEM{E AN A ARER 7, IR S PR &, S
WH PRSI E AL . HiklR, D-MILSEHE | —#
B 205 4 4 20 Teacher-Student), MIL 2] 7% )
WU, DRGSR A . 2 2Z0NRMEEE
MEAMYE R, IXEE S A OO 36 Bk
D V=R wy &
2.3.3 G i FAE RN L

2 FRE[R] JH 2 4 R H AR R T am kg
M4 R — R T B BAATSIE H bRt
SN PR A AR I, ERATY AT DAE A A 1 S 7
RNFRICKIFATIAFHEAH . YangE A (2019)42 H
T MR ISR R G L FHERNA 8 H B ks
5775 (Towards Precise end-to-end Weakly Supervised
Object Detection, TPWSD) , % & 7% & & — 4
OICR(Tang%%, 2020)7y 3L AT —AN4 FHE A1 )7 73 52
PN 53 SRR SR BN 2%, H P OICR 43 3 i 7t
MERNASr SR EHME B, R RRE SRR 25 5a i
NI —ANVE R IR T 1 A 73 SCER 4 5 ) R
L. Chen® A(2020)#& t 7 —Fh s A BAAR IS 4
% (Spatial Likelihood Voting, SLV), iZHEAEOICR

FISEA LN T — AN B AT I S (R SR 4% S, 1%
Pk LOICR I HE NN, 3EAT Sl Pk . = 1) gk
R R E A X S, FR R G R T a4
B AN e o BRI S T E) o SCHR(RenE,

2020)7E H AR H 19 2 85 5 R EEMISTH RS &
TIHFHERNT . Z IR S e AN B
NIRRT R AL FHERNA S, A
SEAR 2 43 2 s BT s B D bic B AT — MR R 4L, 1%
SCRRIE HE— 25 @ SR IR I AR 7 E H O R AR 4
B 1 FAE BV B T3 R D g 1 A A

3 LT

3.1 EHRSUES

55 M H AR AT 55 1 BRI T

1) PASCAL VOCH#54E (EveringhamM%5, 2010;
EveringhamM%%, 2015), S4L5 44 R3E (L@ T
H. BR&M. 3. N, FEarge—35 82040
N ZEIEEAS ZAMA, HvOoC2007H
VOC2012 52 55 Mo B H brAsr I 40 £ i FH 1) 858 4
VOC2007YIIHEA F25CUAFEAR, BRIFEA 52510
AFEAR, MR F 452N FEAR, FE119963 A
VOC20 12 GEMESTITNREAR, KAFEM 55823
AFEA, MRS 11540 FEAR, FLi123080 M
PN

2) MSCOCO%#E4E(Lin%%, 2014), HIL4L580
M. COCOBAREEM A I3 MEAR, HAiridtt
AHBIF20 54 o IXANEHE AR DRI FE A AR B =
W%, FrAMEE LEVOCH T,

3) ILSVRCHHi % Russakovsky %%, 2015), 5
T B bR IAT 25 12004 250, 35 J B K84 4
W WBIE . ZBIREAE 2 A, H
B T B ARSI ) ILSVRC2013, YIRS
12125, BRUFSE AL 20 12 1MFEAS, DIASE G
TrA0IS2NFEA o 1% A B HE B2 L VO CE 4 B2 A
COCOHHREEHARE R o
3.2 (HhTERR

55 5B H b ) S0 ) VAN T AR i

1) “F-¥JHKs 151 (mean Average Precision, faj#K
mAP). HEFRAA FRE AT

TP

R = ()
TP+ FP

RE=—1F )
TP+ FN

A, “FHAIKE B (Average Precision, AP )P EHf
Z(Precision, PR)FIH A% (Recall, RE )i % 5 H
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T B 5 0 H AR A AE 55 . 18 F True Positive
(TP) F= IEBIREA PN IR AE A&, False
Positive (F/P) &7 IEBIFEA o BN A 1R e A HOR,
False Negative (FN) #7871 B A b F 0 B 152 PR
ENe s

E AR TR0 TE 7 A2 Fi 1 B HE &5 ST SEHE A FF
(intersection over union, foU )KT57F0.5. IoU]
THRAXWT:
AR(bN*)
AR(bUD*)

AP, b RIRTNAE, b 7 FIHEFT 0T M.
FLYAE, AR FRXIEAR N, TFIINGEE AP R AE
TR R B — eI, #1[0,0.1,0.2,...,1]
DS & 12 S0 NG =Sl =1 K = 0 07 1 2 et A9/ VA ]
B KKEHE, AP B2 1% AR R 1P EME - e 24,
KRG FE YA mAP 32 55T FrA 80 ) AP ()35
(R

2) 1E #ff & {7 * (correct localization , fAj FK
CorlLoc). CorLoc KREANFRB T EAH T
JIRE 5 FLSEHER) loU K55 T 50% A A 5 B
FEARIE . CorLoc e fEHHR AR Eb T vRAk 4
HEIERPF

3) top4 i (top error). top errorfd £rtop-14335
BrRE . top-57 B IR%E . top-1E AL H 1R Z M top-5
FENTER T . top-177 AR 1R F R F8 NS4 i 1)
i 106 AHE B i 0% 2 2R IO REAS o5 T A REAS IR B 43 B
top-577 FH 1R F 2 8 TRINAS 70 A7 5 R 106 E i iR

IoU (b,b* )= 3)

WSDDN 19) (GRS PG-RS

Kl 6 WSDI:N. OICR il PG-RS HiEAE VOC2007 IR i) nT AL e Rxt L
Fig.6 Comparison of visualization results of WSL DN, OICR and PG-RS algorithms on the VOC 2007 test dataset

3 (FRINAS 43 BT S s HE B 2/ — A3 K IE
AR IERD IR AR E . AL
HRFES R ERRM, AR SE T ET
ToU R H W € fir & 75 1R -
3.3 SEWZRXTEL

ASCIEICT 2417 E G 55 1B H AR s,
FEPASCAL VOC2007 FIVOC2012 % 4 4 1= 347 1
XPEGe N T HERAT LE I A1, A BIE R RAE
ILSVRCHE# 4 F kA7 i Fll kI VGG 16 2% E 9
FFREBURHE R = F M4, AR BERENE
IRCR, AN FR4E i Fast R-CNN%E 4 W BB (1) 3%
4%(Girshick%¥, 2015), H:r1, WSRPN(Tang%%, 2018)
PG-PS(Cheng%s, 2020), WSGMN(SongZs, 2021)J&
TR I AR S B TS2C(Weiss, 2018).
C-MIDN(Gao%, 2019). P-MIDN(Xu%s, 2021)& T
45573 F A S b R 23 R A S 56 AR i B
¥, WS-IDS(Shen%%, 2019). SDCN(Li%%, 2019))&
T2 43 B SR s AN 23 A L A
#%; OICR(TangZ, 2017). PCL(TangZ%, 2018).
WSOD2(Zeng%%,2019) PSLR(Zhang%, 2020). NDI-
WSOD(Wang%§, 2022)& T5T Bk
A Dy bric 2E B 592, TPWSD(YangZs, 019).
SLV(Chen%%, 2020). D-MIL(Gao%, 2022)/& T3 T
H I 25 1 50k 1 25 G SR R Bk
MIST(Ren%%, 2020)¥i | %= H I ZRH HZE A 1)
=R A

WSDDN OICR PG-RS
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K6 /&7~ 7 WSDDN . OICR fll PG-RS # 2 7£
VOC2007 MAAEHE LM AL R, HEFTLE
FNHULTH LS FHE . A JoU >0.5) FH 2 (i)
bR, R ToU <0 5YH 2L kbR . 1R
WA AE H, PG-RSSAy: AT AAE R B 25 (130
FHAE, SEELSERERRIIEAL, AR T iR E N
e ot RRHE R RS R — 867 B
7] — 2R 1) 22 AR L ELAE — TR G R B, PG-RS
LT LA BRI ToU #ERRHUR I 2 e 41T, (HH A
PO IEIE T A — sk .

K2R T EFREIELIEVOC2007 £ 85 4 L1
mAP ST, AR RO B i 1R L 2 MIST(Ren%s
2020), FAET mAP K E T 54.9%. H FTSCiE R 55k

B H bR L mAP #RTE50%360%.2 8], #E LA
1360%, 5 HEILZAIOICR (Tang%s, 2017)%
AR R TR EN5%, ] WAz A 5K R
T2z () BRSO BI85 AP A MR IAER
M BT A IR b, SRR T
TR AP SR AE LRI 40%,  JEIRIZE T 3X 1 2Kk
AR WSS, [, CEends
s AP HIERET BRI B LG, S E
W0t 72 2 55 R B H AR A I 46 /N 5 4 B B bR A
D27 18] 22 BE 0 B AT . SR AR, —2R5
EEAK, JEEHEMMRS, FIATES =
SRR RE AT A 2% M 59 IR B B R AR WU FIT TG I 1
R, BRI

% 2 EWBIEAE VOC2007 HIFE EHT mAP Xt
Table2 mAP comparison of popular algorithms on VOC2007 dataset

PRACAFEIEAE A= P e ENIES

25 PG- c- WS- -

WSRPN WSGMN  TS2C SDON  OICR PCL  PSLR  WSOD2 TPWSD  SLV  MIST

PS MIDN  JDS MIL

aern 57.9  63.0 55.6  59.3 53.3 52.0 59.4 58.0 54.4 62.2 65.1 - A0.4 57.6  65.6 68.8
bike 70.5  64.4 60.3 57.5 71.5 64.5 71.. 62.4 69.0 61.1 648 71.3 70.8 714 T77.7
bird 37.8  50.1. 0.3  43.7 49.8 45,5 289 31.1 39.3 51.1 57.2  51.1 50.7  49.0. G&7.0
boat 5.7 27.5 ©37.3  27.3 26,1 26.7 322 19.4 19.2 33.8 39.2 254 283  37.1 -271.7
bottle 21.0  17.1 245 13.5 20.3 27.9 21.5 13.0 15.7 18.0 24.3  23.8 27.2  24.6 28.9
bus 66.1  70.6 69.3 63.9 70.3 60.5 67.7 65.1 62.9 66.7 69.8 70.4 72.5 69.6 69.1
car 69.2  66.0 66.2 617 69.9 47.8 64.5 62.2 64.4 66.5 66.2  70.3 69.1  70.3 T4.5
cat 59.4  71.1 63.3  59.9 683 59.7 689 284 30.0 650 61.0 7.9 650 70.6 67.0
chair 3.4 25.8 13.5 4.1 28.7 13.0 20.4 24.8 251 18.5 29.8 252 26.9  30.8 32.1
cow 57.1  55.9 605 46.9 65.3 50.4 402 447 52,5 59.4 64.5  63.4 64.5  63.1 122
table  57.3  43.2 41.2  36.7 45.1 46.4 4.6 30.6 44.4 44.8 425  42.6 47.4  36.0 48.1
dog 35.2  62.7 46.1  45.6 64.6 56.3 60.9 25.3 19.6 60.9 60.1  67.1 47.7  61.4 45.2
horse  64.2  65.9 49.2  39.9 580 49.6 559 37.8 39.3 656 T71.2 57.7 53.5  65.3 54.4
mbike  68.6  64.1 63.5  62.6 71.2 60.7 67.4 655 67.7 66.9 70.7 70.1 66.9  68.4 73.7
person  32.8  10.2 21.3  10.3 20.0 25.4 31.2 157 17.8 24.7 21.9 155 13.7  12.4 35.0
plent ~ 28.6 225 26.2  23.6 27.5 28.2 229 ~24.1 229 26.0 28.1 266 29.3  29.9 29.3
sheep  50.8  48.1 52.2  41.7 54.9 50.0 450 41.7 46.6 51.0 586 . 587 56.0  52.4 64,
sofa 49.5  53.8 ~£0.3 52,4 549 51.4 532 46.9 57.5 53.2 29.¢  63.3 54.9  60.0 53.3
train 411  72.2 60.8 58.7 69.4 66.5 60.9 643 586 66.0 52.2 66.9 63.4  67.6 65.3
ty 30.0 674 61.3 56.6 63.5 29.7 64.4 62.6 63.0 62.2 64.8 67.6 65.2  64.5 65.2
mAP 45.3 511 49.5  44.3 52.6 45.6 50.2 41.2 43.5 51.2 53.6  53.5 51.5  53.5 54.9

(5): BEF RS R

IR T FIFEZAEVOC2007 5045 % L1
CorLoc T8 ¥r % b, v 20 & 40 10 5 9% 2
SLV(Chen%, 2020), H: CerLociS®| 171.0%, 5
W FAEFEZL IOICR (TangZ%, 2017)EEAH LA T

110.4%. BNFIELIAH) CorLoc ZERIF AR,
TR EON S MR, K2 HAE68%F71% L [A] o
MELSA TR R CorLoc , AMER I EPRAF
RSB T T NSRS, R FFTE X
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JURUIRAAAE R AR . 55 A
# 3 EWMAIETE VOC2007 FHEEE LK CorLoc X
Table3 CorLoc comparison of popular algorithms on VOC2007 dataset

S DA A P AE A i A 4G5 H i
WSRPN  PG-PS  WSGw." TS2C C-MIDN WS-JDS ~SE°N  OICR PCL PSLR ~ WSOD2 - D-MIL  TPWSD SLV  MIST
aero 77.5 85.4 82.9 84.2 - 82.92 8? 0 81.7 79.6 86.3 87.1 81.3 80.0 84. ¢ O
bike 81.2 80. 4 78.7 74.1 - 74.0 83.9 80.4 85.5 72.9 80.0 82.0 83.9 84.2 -
bird 55.3 69. 1 73.5 61.3 - 73.4 58.9 48.7 62.2 71.2 T74.8 72.7 74.2 73.3 -
boat 19.7 58.0 48.6 52.1 - 47.1 59.6 49.5 47.9 59.0 60.1 48.9 53.2 58.5 -
bottle 44.3 35.9 50.7 32.1 - 60. 9 43.1 32.8 37.0 36.3 36.6 42.0 48.5 49.2 -
bus 80.2 82.7 84.5 76.7 - 80. 4 79.7 81.7 83.8 80.2 79.2 80.2 82.7 80.2 -
car 86. 6 86.7 82.2 82.9 - 77.5 5.2 85.4 83.4 84.4 83.8 86. 1 86.2 87.0 -
cat 69. 5 82.6 61.1 66.6 - 78.8 77.9 40.1 43.0 75.6 7G.A 78.5 69. 5 79.4 -
chair 10. 1 45.5 35.0 42.3 - 18.6 31.3 40.6 38.3 30.8 43.5 43.9 39.3 46.8 -
cow 87.7 84.9 73.9 70.6 - 70.0 78.1 79.5 80.1 83.6 88.4 80.2 82.9 83.6 -
table 68. 4 44.1 48.8 39.5 - 56.7 50.6 35.7 50.6 53.2 46.0 42.2 53.6 41.8 -
dog 52.1 80. 2 61.0 57.0 - 67.0 75.6 33.7 30.9 75.1 74.7 76.5 61.4 79.3 -
horse 84.4 84.0 72.7 61.2 - 64.5 76.2 60.5 57.8 82.7 87.4 68. 7 72.4 88.8 -
mbile 91.6 89.2 86.5 88.4 - 84.0 88.4 88.8 90.8 87.1 90.8 a91.2 91.2 90.4 -
verson 57.4 12.3 37.3 9.3 - 47.0 427 21.8 27.0 37.7 44.. 32.7 22.4 19.5 -
plant 63. 4 55.7 3.6 54.6 - 50. 1 50.4 57.9 58.2 54.6 5H2.1 56.0 57.5 59.7 -
sheep 77.3 79.4 82.1 72.2 - 71.9 73.2 76.3 75.3 74.2 8l.4 81.4 83.5 79.4 -
sofa 58.1 63. 4 65.5 60.0 - 57.6 62.6 59.9 68.5 59.1 61.8 69. 6 64.8 67.7 -
train 57.0 82.1 75.9 65.0 - 83.3 77.2 75.3 75.7 79.8 67.7 78.7 75.7 82.9 -
tv 53.8 82.1 70.2 70.3 - 43.5 79.9 81.4 78.9 178.9 179.9 79.9 77.1 83.2 -
mean 63.8 69. 2 66. 2 61.0 68.7 64.5 68.6 60.6 62.7 68.1 69.5 68. 7 68. 0 71.0 68.8
(E): “o” FRARSEI L R SR B AR A R
4 TWEEE VOC2012 B E mAP. CorLoc Xt E T ek mAP Corloc.
Table4 mAP comparison and CorLoc comparison of SLV 49. 92 69.2
popular algorithms on VOC2012 dataset MIST 52.1 70.9
HZE Hik mAP CorLoc PSLR 46.3  68.7
WSRPN 40.8  64.9 NDI-WSOD  53.9  72.2
PN A5 I AE A A PG-PS 48.3  68.7 () BOFRITRRLS
A WSGMN 5.7 66.1 RAJEIR T EMFIEEVOC20 125 4 £ 1)
TS2C 40.0  64.4 mAP 1 CorLoc *T ., HA mAP & &2
(-MiDN 50.2  68.7 NDI-WSOD(Wang==, 2022), i3] 753.9%, %2
gy 2-MIDN 52.8  73.3 T OICR(Tang%%, 2017)$¢5 1 16%. CorLoc =
WS-JDS 30.1  63.5 [R5 P-MIDN(Xu%%:, 2021), &3] 1 73.3%, #
SDCN 43.5  67.9 Z T OICR(Tang %%, 2017)#¢ & 1 11.2%. HT
0ICR 37.9  62.1 VOC201 284 B8 VOC2007 8 i SERE AR B 2 HH 47
PCL 40.6  63.2 4%, PRI AR EE %775 mAP 53k PG,
ENIEER WSOD2 47.2 71.9 {EHZ2TEVOC200750 4 S b A RS i 458 e ) SRV AE
D-MIL 49.6  70.1 VOC20 1258545 L s BB .
TPWSD 45.6  68.7
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% 5 FWMHEBELE COCO HHELE L ValAP. ValAPso XF
TableS Val-AP comparison and ValAPso comparison of

popular algorithms on COCO dataset

RS Bk ValAP  ValAPs,
AL A R PGPS . - 20.7
C-MIDis 9.6 21. 4
R P-MIDN 13.1 27.4
WS-JDS 10.5 20. 3
PCL 8.5 19.4
WSOD2 10.8 22.7
D-MIL 11.3 24.7
ENIE:S
MIST 11.4 24.3
PS'R 11.1 23.6

NDI-WSOD 12.1 26.
(). -7 RAMRIIA RE SRR MOFhRRmliE R,
AN SR, ASCIEEE 1 #3 HIEAE
MS COCOH#fs & EkAT TxfEE. B T-COCO%#E
EFAHER, FikZ, RUILIA EIERAERS
B RS B . WRSETR, ValAP,, S E
Y5 EeP-MIDN(Xu%s, 2021). X% 1727.4%. Hr
ValAP FoRBIELE LR BINERE, ValAP,, %o
& ToU BIME 50% I B iiE 5 bR~ 20RG FE

4 RRBITT

R TIREE S ER R E, T ERBI
Fric B 55 B H beas I B2 0 A IS 1O R
SR 55 1B B AR IR i 2 R, H5 4
B H AR AR LR — 228 . A SE — e
A B A KA FT7 1) AL -

1) A H ik K £ X H Selective search
(Uijlings%%, 2013)5XEdge boxes(Zitnick%%, 2014)
KA M UEAGIEHE, SRR PR Ah T EE R O FE R HL
SR RE CONE 71§ 73 vivy Y = a1 1/ PO P N o 1 K 2
MR D PR T IR HE, &R A
LR )

2) W TRy & TR, AR UEA S
FIbRIc, B DAL AR A 43 SR B PR ) 55
B H AR ISR A RRAR B o R FHAS DR 40 %1
Rldk, wTUAZEEEW T A2, B vy A 4 )
IENLE .

3) Bl rthben 2 £ e 2T AL
WIS SL I . RS Hk g Bh 2 M+
BORMRAL I RICAE B, (HiZ P R 2 18 K B E

Do

FEAME RAR D KR SOEA . Rk, ERFuTE
B0 SRS BB P AR B ORPZIR 2 . U
MIIEREAS, & —AMEAATUH R L

4) LA 55 B B o W B2 1) ) 485 A Y
OREB . T HAERIMMEEEE. 2
B 255 B RUANAG AN 1 18 0 A2 4% SR Y B )
RIS M ARG B R 5K PRI it 42
BN RENS N T 82 Bl 10 P AR T Rl A B A
HEMW A

5. &g

S+ BB G e 1L B 58 R H A SR
ThRCE B ECREIR, AEN B2 BRI ZREA
FIERIAC T, PRI BAT BB U . AR CE
Se AR T 99 E F SR Y ) RUE S BRI AR ZE
AT I P 3 EEHERS o IR A2 A% O X 2% SRR K B
SPGB R B L &5
E BN EENEET BNAGMED, I T &
PSRV S R S Lk . HE 20, R A AL
Bl J AN 2 A br L B SEIEAT 7RO sk
ALLEL, fFHEER: ARG = RIE sl
FE—SE RESE b 2 fipf 12 A0Sk Pl T s F) 3= 2 X L 2
A ACR, Horb HETRCR o 2 2 5 H I
GRS JE, RIEIA VAR L, JFRt—
AR R T EERY H b, $R T U A
IRENN R RTUFIW LI L EPSIIMIWNAE =4 ¢ -3
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