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Abstract: Incremental object detection (IOD) aims to enable models to continuously learn the recognition and local-
ization of new categories from streaming data, while effectively maintaining detection performance on previously learned
old classes. However, current mainstream object detectors often suffer from catastrophic forgetting during incremental train-
ing: their performance on old classes degrades significantly when fine-tuned only with labeled data from new classes. Exist-

ing methods mostly rely on knowledge distillation or exemplar replay strategies to mitigate forgetting, but generally over-
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look two critical challenges: first, label assignment conflicts in region proposal generation, and second, the overfitting risk
induced by hard-label supervision on limited old samples. This paper points out that existing methods adopt inconsistent la-
bel assignment strategies in the proposal generation stage: new category and background proposals are matched based on
the intersection over union (IoU) with ground truth, whereas old category proposals rely on inferences from the old model.
When these two types of proposals overlap spatially, the same candidate region may be assigned contradictory labels, lead-
ing to conflicting supervision signals for classification and regression tasks and interfering with effective training. Further-
more, even with a few replayed old samples, applying hard-label supervision makes the model prone to overfitting on small
subsets, making it difficult to reproduce the generalization ability gained from the original large-scale datasets, which in turn
weakens old knowledge preservation. To address these issues, we propose a decoupled learning framework for incremental
object detection. First, a hierarchically decoupled region proposal assignment mechanism is designed to perform mutually ex-
clusive screening of overlapping regions according to a priority order of “new categories — old categories — background”,
eliminating label conflicts. Subsequently, a dual-path decoupled supervision strategy is introduced: new categories and back-
ground regions are trained with ground-truth annotations (using an unbiased background definition), while all old category re-
gions, regardless of whether they are explicitly labeled in replayed samples, are supervised solely through knowledge distilla-
tion to align their prediction distributions with the old model’s outputs. This avoids local overfitting induced by hard labels
and ensures supervision consistency and learning stability throughout the training process. Experiments on Pascal VOC and
MS COCO benchmarks demonstrate that the proposed method outperforms state-of-the-art (SOTA) methods in both single-
step and multi-step incremental settings. Notably, in multi-step scenarios, our method improves the mean average precision
(mAP) by over 2.0% and 2.9% respectively, validating its superiority in synergistically preserving old knowledge and learn-
ing new tasks. This work not only enhances the continual learning capability of IOD but also reveals the critical role of the
collaborative design of proposal generation and supervision strategies in mitigating catastrophic forgetting.
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B VR 1A SCHT 3 0 i B A A DU R 1 et ) ik
B R AR R . B e RIS () TR AR S T A
DNHE B SR A T 5 Bl L BT X AR S ORI AE 43391 SR
FHAS TR 0451 2% pREIGHEA T AL
B BRI
W A BIEEDS=DS, | UD, IHEIISE 6", IHE R AL
oo, ToUH{E
M BB Sk 0
FOR (X,Y)e D}
L. 3 SRR A AR P =N (X Y)
2. i g IH AR A R ISR P = £ N (X))
1153 2 R S
3. Py {(b,y,) € Py, e C' LI

4. Py« {(bl,y,) e P!

v (b,.3,) € Py.1oU(b,.b,) <z} VIEES]|

5. Py {(b,,y‘) e P\Py|¥(b,.,) € Po, 10U (b,b,) < r} IS 5
I AR AR R

6.V (b,.,) e Py, HHE L,(5X(10)

7.9(b,.y,) € Po, T L(7(13))

8.V (b,.;) € Pyg, HH Lyg(GR(11)

9 HRMBIR Ly=Ly+ Lyg+a- L,

10. FHHER S A o'
END FOR

4 KWERESH
4.1 XWiZE

SR TE WA TE B 45 O BT 7 R AT ORA
43 B & PASCAL VOC 20077 Fl MS COCO 20177,
PASCAL VOC 2007 1% 204~ HARZE5, 2£9 963 7K K4,
s 011 58 HFUIZE, HoAa Tk . MS COCO 2017
ST ELPR AR E R AR T 80 BARZE L 120
SN SR ER AN S Tk I PR . 5206 28 1 e i TR
B PEAY 3% B, % T PASCAL VOC 2007, 4R 45 ToU 5 (&
A 0.5 B} 19 3 Y5 85 J&¥ (Average Precision, AP) , 100 N
AP@0.5; XF T MS COCO 2017, #2 £ ToU [ (& M 0.5 F]
0.95 i mAP, it i mAP@[ 50:95].

S A ST A TR0 R ARG I £ 15
FE . BENINGAT S5 L& A 20 & — A3 28 B DU HE
MG, HAOR 3 2853 2 BN HEA T AR TE 5 THZE R 5 Kok 28
EIARREE , VPRGN AT 55 a2 L. SRR




4500 H, ¥

EE 2025 4F

JH Faster R-CNNP/ 2844 | DL7E ImageNet‘41 N
ResNet-50" 41 W45 , I Zrad B BEALAS 1 T
[% (Stochastic Gradient Descent, SGD) {4k %%, Hzh &= 1%
BN 0.9, B R E K 10, XFF PASCAL VOC 2007
BAREE I FEA LA i 1R 2 000, 1A (mixup) |
PF 4% (mosaic ) & 4t (substitute ) 5 581 &4 (1 LE 61 4
1:1:1:3, LURCF# IH H AR 508 Hbs . AR SRS T IH2E
VR JRCSE A T 3 iR . WIAR I RAT: 55 (127 2] F8 0k 5 %
107, YIZRIEARIELCH 15 0003 5 Z241:55 H, 24361 5,10
a7 15 A2, AR 15 000 BB CIRECAAE S H o i

A (mixup)

4.2 KWEHER

A ST TAESS, S50 6 A R 46 H i B % ik
HEATVEAN B ARG R IR AT 55 2R 8 A TRl R b 5 2 20
WAL S MEN . BT P B % (30 (Fine-
tuning , 76 AN 1 W Ak sl RS s T 0 A BT R T8
Y&k T A Il 5k (Joint Training , 78 2 B4k 5 1 4f
FrA AR AT INZR) b ik 5 Z R e ik ny s AT 1
%%, 43,45 ILOD (Incremental Learning of Object Detec-
tors)!'” | Faster ILOD'® | PPAS (Pseudo-Positive Aware
Sampling)r301 . MVC (Multi-View Correlation)'® . MMA
(Modeling Missing Annotations)**' | ORE (Open World
Object Detector)™*  OW-DETR (Open World DETR )" |
Meta-ILOD™ | ABR"*" | DTD (Dual-Teacher Distilla-
tion) 3 FlI BPF (Bridge Past and Future )", T A7 5256 2%
RITE B 5 — T 55 U 2R 58 s e
4.2.1 PASCAL VOC 2007 EHZ&R

LRI TEAT TAED iR B . X T
1£5, K 19-1,15-5.10-10 F1 5-15 A B &, 23 5136
1.5 10 F 152G . X T 281 B AT 55, 2RI 10-5.5-5,
10-2 . 15-1 F11 10-1 AL &, #2035 5.5 2 1 F 14>
e, BB WG T 2012601

H v DILOD J7 ¥ 5 34T J5 ik b AT 1 33,
OB RSN TR 1 s . v LOUEE B, SR AE i A 1
R AR JOYEPE 35t R R AR BAE AR IH 2R 51 |
MIPERERC2E . T4 AR AR MR R B T A oAy
e, JEHRAER S SR 2 28000 . i an , 75 19-1 /)
R E R AR TSk DTD 5 i, {H A 3 2Pk A%
PERY 15-5 F110-10 K 18 v, DILOD S 1 SR
PR . DTD J 3388 2k X TH 288 551 it fin 5 58 7 228 1 24 B
TE D0 CEL 46 R R B BH PR AR AR ) |, B8 B 4 b R 5 TH 28 0

3 IR S o ]

B 0.2 180 1 58 2 AN, kAU EE 2 5 000,
HBSE o B BN 1.0 J5SE4E 55 1 2% 2 R E N
10 8¢ 15N EHIET, PRRES x 107 385 im 1.2 8% 525 B
28 2% 107, JFr A7 S5 56 (9 ik b 3R /N33 oy 40 X T
MS COCO 2017 %4k 48 , 1H 28 5l kA 77 6if B0 1%
5000, A PHE BB S H GG 1:1:1:9, D)
PRIEAR R VLA . AR AT 55 A2 21 R R 2 x 1072, I 25
EARUECH 90 000, 230 S 78534k s JF 84T 55 %
FHEAR: 2T 5% 5 x 107, Y 2Rk AR B R 45 000, #2454
a B E M 0.5. MS COCO % 4E r L Ab HE K /INE - 16.

F e (substitute)

L TELLIHZE N R 019 19-1 %8 R E 4 . i DILOD
T T A B TH 2 1) A 2 ) ik AR 7 T TH 200 450 1
B 10-10 8 T B IRPERE T M Rve . dF— i, S5
SE M 3 T E R J7 B ABRPC L, DILOD #E 10-10
PE N AP@O.5 25 T 0.6% ; 7 5-15 1% & 1, AP@0.5
P T 2.0%. LA, B EE Dy vk AR H 2 B RUE 28 51 1y
FRE R B €0, 23 I 7E R M A mT YRR 2 [ LS T O
U 1P

ZAW R R ML 2PN, EZ LR R K
MV 73O PR T L (A A, Y 2 )
B4 S SO BT, o 3 A TR B, g ik i M
#B2x TR, W1 10-5 F110-1 % B Frow . SR, TR 7 ik R
LM T HADTT I TG Z 2R E D, JCI R R R R BE
IS S A 2 1) 005 28 531 1 B 3 B R 2 B 0 5
5L A R —3 . BART R, SR BPRY 5 ik
FHEG , B 5 38 8 25 B0 38 B £ 0 3k 1 45 o B
L 7R A B PR R 10-1 28RBS T 9.0% ) AP@0.5
PETt . 2, 7E 10-5 58, TR vk Hed e ik )
ABRPYES H1 2.0% (19 AP@0.5; 7 10-1 & & v, i 11 5.3%
1 AP@O.5. 7 5-5 1% 55 S iy el o I 2 X U A
TAEF I LA R B, N T TR Ty B e gt
TS RIS 0 2 I e
4.2.2 MS COCO 2017 EHI%R

S5 SR FH D B AT 55 1 B 40-40,50-30 . 60-20
F170-10 #4752 56, 43 0 35 41 40 30,20 F1 10 1~ 51
X T &2 A Bk B AR 40-20 A1 60-10 BL B AP
e, 20 0 BB in 20 A0 104200, B 2 5 T A 801
2501

MAEE K HMS COCO $idi4E L aEATITAl B, oy 2
TR AR I AR AR, W3R 3 R . HLAA



o120 W P45 BT JZ AR IS A RR B 1 B BRI B 2= ) 4501
F1 BLHEEIGET,E PASCAL VOC 2007 HIEE L RE/73EH AP@O.5 £ R
19-1 15-5 10-10 5-15
Method

1-19 | 20 1-20 1-15 16-20 1-20 1-10 | 1120 | 1-20 | 1-5 | 6-20 | 1-20
Joint Training | 742 | 75.7 | 74.3 76.4 67.8 743 755 | 73.0 | 743 | 701 | 757 | 743
Fine-tuning 118 | 647 | 144 15.9 542 25.5 26 | 634 | 329 | 69 | 63.1 | 49.1
ILOD 69.8 | 645 | 69.6 72.5 58.5 68.9 69.8 | 537 | 61.7 | 61.0 | 373 | 432
Faster ILOD 709 | 632 | 70.6 73.1 57.3 69.2 703 | 53.0 | 61.7 | 62.0 | 37.1 | 433
PPAS 705 | 53.0 | 692 — — — 635 | 60.0 | 61.8 | — — —
MVC 702 | 60.6 | 69.7 69.4 57.9 66.5 662 | 66.0 | 66.1 — — —
MMA 709 | 629 | 705 727 60.6 69.7 698 | 639 | 668 | 668 | 572 | 59.6
DTD 738 | 685 | 735 74.6 58.6 70.6 706 | 71.1 | 709 | — — —
ORE* 69.4 | 60.1 | 689 71.8 58.7 68.5 604 | 688 | 646 | — — —
OW-DETR* 702 | 62.0 | 69.8 722 59.8 69.1 635 | 679 | 657 | — — —
Meta-ILOD* | 709 | 57.6 | 70.2 71.7 55.9 67.8 684 | 643 | 663 | — — —
ABRf 710 | 69.7 | 709 73.0 65.1 71.0 712 | 72.8 | 720 | 647 | 71.0 | 69.4
Ourst 720 | 714 | 719 74.0 63.9 71.5 727 | 726 | 726 | 695 | 720 | 714

T BR* BT R R A T B A REA S ORI bR+ BT R R R R T B AR S ) SR W . 30 9 R A 2 SR DAL AR 5 1 R
R2 ZHWEIBET,ZEPASCAL VOC 2007 #HiBE L RE %M AP@O.5 &5 R

N

Vethod 10-5(2 414 &) 5-5(3 M) 10-2(5 A 145) 15-1(5 14 &) 10-1(10 A1 5)
1-10 | 1120 | 1-20 | 1-5 | 6-20 | 1-20 | 1-10 | 11-20 | 1-20 | 1-15 | 16-20 | 120 | 1-10 | 1120 | 1-20
Joint Training | 75.5 | 73.0 | 743 | 701 | 757 | 743 | 755 | 73.0 | 743 | 764 | 67.8 | 743 | 755 | 73.0 | 74.3
Fine-tuning 53 | 306 | 180 | 05 | 183 | 138 | 3.79 | 13.6 | 87 0.0 | 1047 | 5.3 0.0 5.1 2.55
1LOD 672 | 594 | 633 | 585 | 156 | 263 | 621 | 498 | 559 | 656 | 47.6 | 602 | 529 | 415 | 472
Faster ILOD | 68.3 | 57.9 | 63.1 | 557 | 16.0 | 259 | 642 | 486 | 564 | 669 | 445 | 613 | 53.5 | 41.0 | 47.3
MMA 674 | 60.5 | 640 | 623 | 31.2 | 389 | 657 | 525 | 59.1 | 67.2 | 47.8 | 623 | 57.9 | 446 | 512
BPF 69.1 | 68.2 | 687 | 60.6 | 63.1 | 625 | 687 | 563 | 62.5 | 71.5 | 53.1 | 669 | 622 | 483 | 552
ABRY 687 | 67.1 | 679 | 647 | 56.4 | 584 | 67.0 | 58.1 | 626 | 68.7 | 56.7 | 657 | 62.0 | 557 | 589
Ourst 709 | 689 | 699 | 66.1 | 653 | 655 | 687 | 623 | 655 | 720 | 582 | 685 | 66.1 | 62.3 | 642

B 0 7 3R SR FH S0 TIOR8 1) S S SR AR 28 1 o
F3 BLHHEEIGET,EMS COCO 2017 HiIEE E AR FHEM mAP@[50:95]4 R
\ethod 40-40 50-30 60-20 70-10
1-40 41-80 1-80 1-50 51-80 1-80 1-60 61-80 1-80 1-70 71-80 1-80
Joint Training 41.6 32.0 36.8 38.4 34.1 36.8 37.1 35.7 36.8 37.9 29.0 36.8
Fine-tuning 0.0 28.0 14.0 0.0 33.1 12.4 0.0 34.0 8.5 0.0 24.7 3.1

ILOD 35.5 24.1 29.8 30.6 27.6 29.5 28.8 30.2 29.2 28.4 23.4 27.8
Faster [LOD 37.9 16.4 27.1 36.0 21.0 30.4 34.2 22.6 31.3 325 19.1 30.9
MMA 38.2 25.3 31.8 35.3 28.4 327 34.2 29.6 33.1 34.9 24.3 33.5
ABRY 37.1 26.9 32.0 35.0 29.1 328 33.9 30.4 33.0 34.0 24.1 32.8
Ourst 40.5 26.8 33.7 35.2 31.9 33.9 35.8 324 349 36.7 26.6 355

TEARFN A e AR LRI GE ) B AT 0 75 1 37 SR T S0 FR S s

L AE70-10 BB, BT 48 5 2 b A e R B4 7 U
2.7% B mAP@[ 50: 95 |. (A BYJE , A AR T 2
TEIHZE 5 B R PERESE 42 T M, (B BT 200 1 HAs 1
UINELE e e iU IPNIUE V6/2E St R RIS ES
I s R 5 T 28 T3~ > 22 [ AR

FYGAE MS COCO KUHa R 1 2 04 e i B P b A7 51
K, Z AR R AR NGR 4 PR, 5 D I RBCE AL, B

PR TR R . BRI, St n ik
A, BT 4 T 1R 7E 40-20 A1 60-10 % # R4 4R S T
2.9% F13.4% ) mAP@[50:95]. 3% 35 W fr #4207 B AE 3%
SO ELPR AR A B A AL
4.2.3 HRXB5HH

Sk B0 A AR H A RE S H AR KL IIAT: 55 Hh i A R
ARSI T REMTH R SE R, 25403 5 s . HDP 4



4502 H, +

EE 2025 4F

e X 3 1 10 Hp W B B 8 T A7 7 1 55 SC Tt 8 o 3
T ST G 1) Fff AR BR 25 0 TC SR W, DA T AL AS ] 2 531) ]
B 2% 2 T4 WA 14T 558 247 X% TR, 51 A HDP
Ji, B R 19-1 B8 R IHZE 519 AP@0.5 )\ 69.9% 4
T2 70.9%, Z A 1 10-5 135 T IHZE 1) AP@0.5
M\ 68.8% $E Tt 2 69.8% , # BRI AR B A R 5% T X IH 2
SRR ICAZ PR R 0, 28 A T ¢ ME 1 38t 25 . DPDS
T 3 it R T TH 20 ) W B X, R LR B TH 2 0 0 )
BB TR) B AR R R 28 B AF ST AR 1 AT 55 34T
XTEERT UL, #E 19-1 888 T, BRli5 | A DPDS B, IH 25111
AP@O.5HRTF R 71.2%(+1.3%) , Hi 2 BITEREIR 1 72.8%
Th 2 73.6% , % 25 1E 15-5 % & T MR E A R L
A4 10-5 %2 F, DPDS 768 IHAE 55 Ay & 187
(+1.6%) .25, ik 7 HAE SR B S AR M 8 T T AT
M. 2 HDP 5 DPDS BX Al HIBS (55 447) , BIAUTE
e T BT e 0 S AR PR RE < E 19-1 FI15-5 3 &
o, B AP@O.5 43 A E 71.9% FI 71.5% , 15 25 4 1 4t

W (10-5 F115-1)F , Bk & HDP 5 DPDS HUAs f A0 1
RE, LT AR E . X R AENLH - EA T AME
B HDP 3 1o $2 150 By B 118 A 25 i # ik /D 2 > w2
DPDS JUI 7E 432 0[] U5 5 26 1 i a2 w5808 TH 25 51
IR > A

x4 ZHWEIFET,ZEMS COCO 2017 HIFE L RBEFEM

mAP@[50:95]4% R

Vethod 40-20(2 A1) 60-10(2 At 1)
1-40 | 41-80 | 1-80 | 1-60 | 61-80 | 1-80
Joint Training | 41.6 | 32.0 | 36.8 | 37.1 | 357 | 36.8
Fine-tuning 0.0 16.2 8.1 0.0 11.4 2.8
ILOD 276 | 21.6 | 246 | 185 | 257 | 203
Faster ILOD | 312 | 153 | 233 | 286 | 209 | 267
MMA 309 | 232 | 27.1 | 267 | 274 | 269
ABRf 319 | 231 | 275 | 269 | 27.6 | 27.1
Ourst 331 | 27.7 | 304 | 314 | 27.8 | 305

TE AP R EATI AT R B TR 3R R T S B .

£S5 MAXAREREAGNHRBSIE

Hith 19-1(1 23 1) 15-5(1 4 5) 10-5(2 #5145 15-1(5 41 5)
HDP | DPDS | 1-19 20 1-20 1-15 16-20 1-20 1-10 11-20 1-20 1-15 16-20 1-20
69.9 72.8 70.0 71.7 63.7 69.7 68.8 66.4 67.6 68.9 543 65.3
N 70.9 70.2 70.9 73.0 64.0 70.8 69.8 66.2 68.0 69.9 55.6 66.3
N 71.2 73.6 71.3 73.6 63.7 71.1 69.9 68.4 69.2 69.7 57.6 66.7
N N 72.0 71.4 71.9 74.0 63.9 71.5 70.9 68.9 69.9 72.0 58.2 68.5

Ry 56 IE BT 5 S ) HDP B A 80P A S a6 ke
ST T RGEVEAL . R 4 R, 5B S TR
B 4R (B R R “CG RPN 9 7 1004 1
HDP 7287 IHZE 5] b e pe 2 R B B E 2 7. X —
B 32 B A5 £5 T HDP BE 05 A %A #5 A [R] 288 51 42 18

2 8] w2 Al AR S FE B IH 28 9] 3 BE 580024 )
HARTT 7, 76 19-1 i3 i % € F , HDP A AL T I A
HLRE B 15 B ¥, TH 26 B Y AP@0.5 M 71.3%
2+ & 72.0%, #2511 AP@0.S M 71.0% $2 T+ =
71.4%.

1-19 (11151 20 CFT ) 1-20 (Fir 6 250
722 720 716 72.0 719
72.0 714
. 714 71.8

71.8 . 7.6
L Te 1 P 710 o 714 713
5 714 & 710 w712
g 712 S =)
s 710 70.9 & 708 © 710 70.8
< < 70.6 < 708

70.8 70.6 .

70.6 70.6

70.4 704 70.4

70.2 70.2 70.2

HDP(Ours) CG RPN w/o RPN HDP(Ours) CG RPN w/o RPN HDP(Ours) CG RPN w/o RPN

4 SRR (HDP)AT LS A

AR SCH B TH 28 550 7 S 481 9 47 2% (ome-
hot b33 ) X RCN M 28 #E 47 W ] g R BOR AL P fE L &
SR PE T A R F e ) 2 5 | R R A . e
UETZ AR, A5 BT R L 25, 4 A SO mg (Al T At
PR B, id o “wlo Cls&reg”)'ﬁ%ﬁu.ﬁﬁﬁéfﬁﬁﬁﬁ%
55 815 A AR % W ) AR AR AT LB . ARl 5 R, 2

K FHAE AR 25 W B 73 2 73 SO, IH 2R 5 i PR RE 25 &
et 5 T AL AE (81090 20 325 L i M B ik, P BB IR AL BN
Bt x— R RW, fE i o) i RO D
TS 4 3 2 HEAT B, S I TH 25
WA RS . AR AR SO R A e i s ALY, B
S 3 R R TR e U | 5 [H 2 SR AE 1 27 T | ik B )



TR e A —1 L i — LAY =S
%12 Raa 5 T 0 Z RIS RS B i B AR AR I3 2y ) 4503
1-19 (IH ) 20 (A0 1-20 (BT 7 )
74.0 73.0 74.0
72.0 . 724 71.9 713
72.0 : 7.7 72.0 }
72.0 -
70.0 714 70.0
£ £ £
Z68.0 o710 70.6 Z68.0
= =) = 66.52
® 65.7 66.2 ® ® 66
66.0 66.0
Q % 70.0 %
64.0 64.0
62.0 69.0 62.0
w/o w/ cls w/reg  w/ cls&reg w/o w/ cls w/reg  w/ cls&reg w/o w/ cls w/reg  w/ cls&reg
cls&reg cls&reg cls&reg

Fl5 XU ZE IR SR (DPDS ) ZE S

43255 1m0 UE S e o A B, AR IH 20 24 s B T
AP PERE .

RV AR SO RN S50 o B AU, AR5 7E A [
BB T I AR 7 BT 2 | TH 28 B S Ak RE
M. SCEZE AN 6 TR, Bl o 3G, AR B ) T
TR B TH AR (H R PERE A . (A5 R A S, 7
A A UL DX ) Y (A 10-10 BE5E H ae[ 0.05,0.2]) , 45
R REARRFOL S (AR B, R IZ O % o HLA 3K

e [H 55 e BT 5

——

74
73
72
71
70
69
68

AP@0.5/%

0.025 0.05 0.1 0.2 0.4

(a) 10-10 8 E

M2 R

ST RINAE R/INIE S 19 L RAEA B AS |, 52 36 70 #r
TENREIR . TEAR RN RN AT 19525, 4
27155 ABRPOERT T HRE . i gk W I S R A
PR AP@O.5 R HEAT VAL . AN 7 o, AR P RP T
IEARBER AT RN Iy i et (AR $ 07 A A
25l A RIS 1 KN R IR 2T ABR, R W B T 5
IINAFRCR

et [H 5] e

5

73

72

71

AP@0.5/%

(b) 19-1 ¥4+

Flo HSH X HIRES R M

77
76

75

wl ettt

—— 19-1 (Ours)
70 —@— 15-5 (Ours)

—A—19-1 (ABR)

AP@0.5/%
3 3
T T

-
T

69 I —¥— 15-5 (ABR),
—0—19-1JT
68 - —4—15-5]T
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~
N
T

~
@
T
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SRR
T T
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69 - ——IT

100 200 500 1000 2000 3000 5000
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(b) TEFTA 25 g 2R

E7  AR3CH S ABRAEAF LB RECR N 19 AP@O.5 Z5 5% L



4504 T2

il 2025 4F

g

5 REIE

AR ST X 1 H A A A R HE AR 2 i 98 K [l ik
TR W B B B G By R, B2 T —Fh i
RIS 2 2] J7 vk IR AE P B Bk I 2% Faster R-CNN |
HEAT T 90ROk TARRRRIZ I AT Bok il £ |
A YOLO(You Only Look Once) , Lh Je 3T Transformer
ARG DN g (A DETR'Y) 25 AR ] 424 (4G T A2 07 1 £y
SRS Sz AR 7, A — D4R T IS M . BRI
JEAE YOLO Hl DETR AR5 2 i DA 1 R0 2%, (H 7R
FAALH] W YOLO B 9 $5 0 2 DETR 9 %) 5 ¢
] (Object query) 73 Bt , 457 A 44> T FR. T 40 B AR 45
PRt , 7R3 1 H ARSI 37 50T, [T I 8T TH AT 55 R 28
SRR . AR SCHE A HDP SR IS ] 3 A5 3E e, FH T
FE SCTUN BT A DL SE BT | 22 i S vh s . IS,
DPDS 1k — 7 55 00 25 2244 JC ¢ 1 M B S, e 2R 2
T D3 A OB 28 ) 5 s i (IH2E ), Al 3 i T A [A)
FOr DU ARE S () I i e

6 Z5Hit

AR S X 3 v E ARG I A R A S B Pk A R A
58 Hi— BRI T EAG 53T ToU (1 XS I HL ] A
R R bR Sy B vh 58, He 02 A BRIFAEAS T 3 1
B 5 G E RS LA RS ORI, AR SCHE H —Ff DILOD
Fiks . A 5 AN eSS | SRR B, Gi— b
P2 00 A2 ) 5 15 5 X BB AR 28 A3 IC L A7 S8 1
I St A e B B g% 5 RTINS A M R
RIS 387 2 030 SR FH LS 3 2 A e MBS, 6 T 28 331 ) i
Aok TG 13 2 R it o A W, DA kA /N A R
FEA &A1 4004 . 7F Pascal VOC FIMS COCO %t
FHSEE RN, B RAERS R EZ L ERE T,
DILOD B84 % - A5 HiR 2% > S5 IH AR . AT
PEAALE T T AR AR R ) ol B v SR 0HT THAT: 55 19
RE WA 7R T XS 1A B A5 B SR ik 1) D ) a5 1
Xof 1 H ARG ) S AR I

S 3k
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