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Abstract: Open world object detection aims to simultaneously identify both known and unknown categories in dy-
namic environments, while enabling incremental learning of new categories. However, due to the lack of semantic represen-
tation ability of unknown categories, the guidance information between known and unknown categories is mutually cou-
pled, resulting in limited detection performance. To solve this problem, this paper proposes an open world object detection
based on causal prompt distillation, which innovatively combines visual-language model with causal inference to solve the
problem of semantic bias between categories in open scenes. Specifically, by constructing a structural causal model, this pa-
per reveals the semantic interference path between known and unknown categories from the perspective of causality. Then,
causal prompt learning is proposed, which explicitly introduces the semantic prior of the open scene by generating semantic
vectors of unknown categories to enhance the model’s perception of unknown objects. Finally, in order to solve the problem
of semantic bias in knowledge transfer, a causal distillation mechanism is proposed, and the guidance information of the
known and unknown categories is decoupled by the double distillation loss decoupling teacher model. Experimental results
demonstrate that this method has achieved good effects on multiple datasets, with an improvement in mean average preci-
sion (mAP) for known categories by 1.3% and a rise in recall rate (U-Recall) for unknown categories by 6.5%. These results
validate the effectiveness and robustness of the proposed approach.
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4.1 HIBEERTLIINE
SHPEAG AR SCHR H O ik PR BE , AN SCHE 2 A TR IIT
S B AR RS 4 45 MS-COCO™2 il Pascal VOC

AT T 825 X T M-OWOD T %5, # MS-COCO %%
P L1 8042 K 43 4 AMT 55, BT S I 2R 46
A MS-COCO I Pascal VOC " i Il 25 42 , 56 31F 4t &
PR B30 B 0 DU A M ) e R AN SR 1 TR L X
S-OWOD 1T 55, Ay ifit 6 185 AT 55 R it 50 4 ) Ttk s ) A
{UHFH MS-COCO By YN ZREE T AR | R T 45 2 51 4
r—E . XTI R E TS5, B Pascal VOC BB EE 7
Ry 3R AR R, R 10+10 1R B L 15+5 B E
19+1 & . BB BLZE A5 ARSI, 182 2 il
25 A2 2 4E 8 FH Pascal VOC £ 38 42 19 1) 25 4 Fm
REE.

x1 BEENSE LX v o}
Task 1 Task 2 Task 3 Task 4
YR 16 551 45520 39 402 40 260
M5 4952 1914 1642 1738
UEmel] 47223 113 741 114 452 138 996
3 5451 14 976 4966 4826 6093

A SCHT A B S5 SE T Pytorch, fCHS K6 T Detec-
tron2, ffi Fil 4 Bt 52 47 4 11 GB ) RTX2080Ti & 5 ; 52 16
BEIFE OrthoDet ™ B FERE 1 HEA TRk, BEHLIZ IUHES | FH
RandBox'"™' v (1 5 307 9 15505 5, 75 21025 031 O G B i Bt
HE , M4 h ResNet-50; PEALES ] AdamW =, 222
FoA2.5 X 107 AEFE A 1 x 107, it KR 12.
4.2 FMHiEtR

SRy 4 T DA AR 1) PR R, AR SR A% 0 36
mAP Hl U-Recall. X} F & 512850, fifi 4255 5085
(mAP)E N FERAEAR , F T 1Pl © 028 50 i k6 4 it
X T AR, i AR N800 4 818 (U-Recal DAE R £
g, T BN RN R R BT . R Tk
— PP Rl S B AR A v B A 5 i M i
5, mAP 43 A G HTEL T (Previously Known, PK) #1124 [if
£ 51 (Current known, CK) P&, PK F/RT7E M AT 55 2
B B 282 B 251 mAP, CK /s 78 4 B AT 55 Hh A I 2]
B 3B BY E 2R 5 5 mAP. eAh , 7R B2 ST 55 p AR
SCAIEAT T A S A SE G B E , T B m AP i R A 7
ENEE st O S B Ly vallll ey =
4.3 LIGXTLE

KT EETE M-OWOD . S-OWOD Fl 14 2 > 1+ %5
R K2R TARSONE S A BTk
(f24% 0ST™ LOW-DETR"™ ., UC-OWOD""' , PROB"*' |
CAT 45 ) (X 4

M2 H AT LAE X F 2 AR B (mAP) , A SO
15 FF Task1 . Task3 Fl Taskd 1T 55 th BUS T AR5, 7
WK 62.3% .42.0% 1 39.2% , 1 Task2 | 1T e So 7R (1)
OrthoDet(46.4% % [t 47.0%). T A H1255](U-Recall)
A SCITIEFETT 3 55 H 1 U-Recall 43 5118 25.1% .
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29.3% 1 35.6% , S0 T HAh 7 i R80T 5 2 A kg
T EEEE R, I 80 2K I T 2w A I 5
AR B ANAFAEAR S, T =RAE Taskd AT LR
U-Recall.

F3ERT S-OWOD LS5 X HLZs SR . XF sk
A (mAP) , A SCI7 ¥ETE Fr A A 55 L3300 T At A 1Y
(Task1~Task4 53514 72.8% .52.4% .49.3% F148.6%). X
FARFZEH (U-Recall) , A8 L7 EETE Task 1 F1 Task3 FrHR

157 B ERERREE T, 435113k 5 38.0% F134.9%.

F AR T A 5 ILOD  Faster ILOD™! |
Meta-1LOD"** 45 J7 s ) 3 Bk 2 ) 25 5 3 Fhsg it i
(10+10 L 15+5 B E A 19+1 5E ) T, AR SO L
BT A ERE . Ho, 10410 B/ mAP IA %) 75.4% , H
Lt F OrthoDet 1 72.3% A3 . 3 £ 7t 5 15+5 1% & 1) mAP
KB 77.0% , 0 F A TR i = 74.7%;519+1 i &
B mAP ik 5] 77.3% , Ak L5540 2 .

£2 EFM-OWODEZWIHRER T %
Task IDs(—) Task 1 Task 2 Task 3 Task 4
Method U-Recall( 1) mAP(1) U-Recall( 1) mAP(T) U-Recall( 1) mAP(1) mAP(1)
CK PK CK | Both PK | CK | Both | PK | CK | Both
ORE 4.9 56.0 2.9 527 | 260 | 394 3.9 382 | 127 ] 297 | 29.6 | 12.4 | 25.3
0ST — 56.2 — 534 | 265 | 399 — 38.0 | 12.8 | 29.6 | 30.1 | 13.3 | 25.9
OW-DETR 75 59.2 6.2 53.6 | 335 | 429 5.7 383 | 158 | 30.8 | 31.4 | 17.1 | 27.8
UC-0WOD — 50.7 — 331 | 305 | 318 — 28.8 | 163 | 24.6 | 25.6 | 159 | 232
ALLOW 13.6 59.3 10.0 532 | 340 | 456 14.3 426 | 267 | 38.0 | 335 | 21.8 | 30.6
PROB 19.4 59.5 17.4 557 | 322 | 440 19.6 43.0 | 222 36.0 | 357 | 189 | 31.5
CAT 23.7 60.0 19.1 555 | 327 | 44.1 24.4 428 | 18.7 | 34.8 | 34.4 | 16.6 | 29.9
RandBox 10.6 61.8 6.3 — — | 453 7.8 — | — | 394 | — | — | 354
OrthoDet 24.6 613 26.3 555 | 385 | 47.0 29.1 46.7 | 30.6 | 41.3 | 42.4 | 243 | 37.9
Ours 25.1 62.3 29.9 558 | 37.0 | 464 35.6 470 |32.1| 42.0 | 434 | 264 | 39.2
#x3 EFSOVODESHLELER AT %
Task IDs(—) Task 1 Task 2 Task 3 Task 4
Vethod U-Recall mAP( 1) U-Recall mAP( 1) U-Recall mAP( 1) mAP( 1)
(M CK (M PK | CK | Both (h PK | CK | Both | PK | CK | Both
ORE 1.5 61.4 39 56.5 | 26.1 | 40.6 3.6 387 | 237 | 337 | 336 | 263 | 318
OW-DETR 5.7 715 6.2 62.8 | 275 | 438 6.9 452 | 249 | 385 | 382 | 28.1 | 33.1
PROB 17.6 734 223 66.3 | 36.0 | 50.4 24.8 478 | 304 | 420 | 42.6 | 31.7 | 39.9
CAT 24.0 74.2 23.0 67.6 | 355 | 50.7 24.6 512 | 326 | 450 | 454 | 351 | 42.8
OrthoDet 24.6 71.6 27.9 64.0 | 39.9 | 513 31.9 52.1 | 422 | 48.8 | 48.7 | 388 | 46.2
Ours 38.0 72.8 25.9 644 | 415 | 524 349 52.5 | 43.0 | 493 | 505 | 423 | 485
4 ETHEEIEIZHNIRER AN : %
Method ILOD Faster ILOD ORE | Meta-ILOD ROSETTA OW;;)E_ PROB CAT OrthoDet Ours
10+103% & mAP 63.2 62.1 64.5 66.3 66.8 65.7 66.5 67.7 723 75.4
15+5 % mAP 65.8 67.9 68.5 67.8 69.2 69.4 70.0 72.2 74.7 77.1
19+1% & mAP 68.2 68.5 68.8 70.2 69.6 70.0 72.6 73.8 75.6 773
4.4 HRAKIN Wb &R e

R T B IE A SR B RS [R) AR B i A bk AR S
FEM-OWOD f£:55 1 kAT T iH Al S5, JAR 47 1 3 Fb
SN K2 . 2R AR S 2518 O vk SR AT
] AR 1005 DRS4S S B AR R G R 2 T
DR R 2208 R 78 TR SR B R i 3l I 1 — Al AR

SCHG LS AN 5 ras , A0 L T IEHERR Y (Baseline ) ,
3l 224 (2R (7) FR ) ok T /N B2 i RE R T (mAP
M 61.0% & Tt 5| 61.1%, U-Recall M 22.2% 2 T} 3|
22.3%). TEMA R SRR R 5, mAP {H 27+ = 62.1%, U-
Recall #£ Ft 28 23.2% , F¢ B A SR H /- 38458 1 AR X R 0
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BRI RE 7 . B2, 7E PSR 7 A 6 A E AR SR F6 oFIBEESNH
ZRIRPLEN (X(12)) ,mAP i — 42T+ 2 62.3%, U-Recall mAP/% U-Recall/%
PETF 2 25.1% , 5% BH R R Z8 AR ML X AR 12004 B 41 a=1,B=2 225 61.6
X 43 a=2, B=4 23.1 61.9
®5 EBMTRLER B % a=3,p=6 2.1 623
- a=4, 3=8 22.1 62.1
Baseli i R R AP U-Recall
R O B S " e R7 BETEESHT
v — — — 61.0 222 T mAP/% U-Recall/%
J J — — 61.1 223 2 415 29.1
J J J — 62.1 232 5 413 328
J — N N 62.3 25.1 10 42.0 35.6
. . e A o AL B s 20 41.8 34.9
R T — A B UE S RO A RO, AR SCHE

Task 1 {£:55 P X Z& R B 5l A S o MBHETT T
YT (WL 6). JIEE LM, 2 a=3 H B=61}, #4
AUAE mAP 1 U-Recall b U ALTERE . 7F a=3 H =6
B FERE I, A SCHE Task3 PE— 25 X6 221 IR B T B2 #%
VAT TIH S o6 (W36 7). S48 R0, 2 T=10 i},
FEHIZE mAP Fl U-Recall I BEHUES 5T 4 A 250 2R . Al 2
BN B (R AE LA s Xof A2 N ZE R A s B R O
RIS ARG B, D0 AT LGS S 2 5 o (B IREE S EL T AT
FRAE B A AL PE T 2 | 22 S A R R T ARG 5 /N2
BTk .

OrthoDet Ours

RandBox

4.5 AL

“hy ST UL Ml JEE 7R AR ST VA W RE DL, AR SCHE M-
OWOD £ 55 I XF kb T A 3CJ5 7 55 OrthoDet il RandBox
SRR e N ES IR Ry N 1 : RSB 7 =<0 Al B
B (8 P R 0 A A Q3 P R 2R ), S A DU HE G 3R
AR AR FN SN . o RS 1 5B ER A I H , OrthoDet
F RandBox Jy i A RE IE#A TR H AR , A S L R E
TR R . TESE 4 51 IS BRI, OrthoDet
H RandBox J5 4 HARH 75 50, A SO RE S K L IE
BRI R RN 2]

K3 ARIJNELEM-OWOD 55 1 i 45 S al 1Ak

5 Zhig

ARSCHE T —Fh 2 T R R R 2508 1 TP Atk 5 H
PRATIN T5 35 . BE X T T 5 e R T SR B Bk
SR B 22 AL, 1207 TR DR T I A e, i3
T RHT VAR D7 58 . i i R A e DR SRS ARy
B 138 S 28 XA L 2 > (520, IR AR Y T DR R

PR SR Z A P AP A L] . RS 7R 22 ) il id CLIP A
TR S 530 g v SC v, S D R B A LA A
TR AR H B 091 SORRIRE F 5 PR 2R 28 458 SR w1
S RS R X L -5 R RS B9 4 50 8, BT XU
KL HIORE 4 5% PR R, A R0 Fi R A 16 v 14l 22 ]
T LR R A SCOIT AL Z A TP 5 A A 2
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