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Abstract: Objective In recent years, domain adaptive object detection has become an important area of research with the
growing demand for robust object detection systems across different environmental conditions. Traditional object detectors
that use deep learning methods obtain relatively high performance, but they largely rely on large-scale labeled datasets.

However, labeling large-scale datasets requires high costs. This challenge motivates the exploration of domain adaptation
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that aims to maintain good detection performance by learning domain-invariant features or training models with cross-
domain generalization ability. Recent studies in domain adaptive object detection have increasingly adopted the mean
teacher paradigm, which leverages the stability of the parameters of the teacher model during training to address critical
challenges in cross-domain scenarios. The method can enhance the invariance of the model to specific domain shift while
preserving the discriminant ability of the feature representations by enforcing the consistency between the predictions of the
student model and the outputs of the teacher model. However, these studies often overlook the fact that the student model
may learn noisy pseudo-labels generated by the teacher model. This situation can consequently lead to performance degra-
dation. If the teacher model produces a noisy pseudo-label, then it could potentially steer the student model toward an
incorrect objective, ultimately leading to the generation of erroneous feedback for the teacher model. Thus, a novel domain
adaptive object detection framework named negative teaching and negative learning (NTNL) which integrates a negative
teaching module, a negative learning module, and an adaptive weighting mechanism, is proposed in this study to alleviate
the aforementioned problem. Method NTNL not only considers the positive aspects but also incorporates negative thinking;
that is, it evaluates the probability that an object does not belong to a certain class. In particular, NTNL introduces the
negative teaching strategy to the teacher model, which can iteratively reduce the likelihood of generating incorrect pseudo-
labels for uncertain samples, thereby improving the quality of guidance for the student model. Moreover, NTNL employs
negative learning such that the student model can be guided to recognize complementary labels. Furthermore, this study
designs an adaptive weighting mechanism to address the scale variation of negative teaching due to the different number of
classes in diverse tasks. This mechanism can ensure that the proportion of negative teaching loss in the total loss is roughly
consistent across different transfer learning tasks. Result Extensive experiments are conducted on three cross-domain object
detection tasks for performance evaluation, including weather adaptation (Cityscapes to Foggy Cityscapes) , cross-style city
road adaptation (Cityscapes to Bdd100k) , and real-world to clipart adaptation (Pascal VOC to Clipartlk). The proposed
method NTNL generally obtains better performance than the compared methods. The mean average precision values of
NTNL on the above three tasks are 63. 4%, 52. 5%, and 45. 4%, which are 8. 0%, 4. 7% and 1. 7% higher than the mean
average precision values of the recent methods, respectively. The proposed NTNL achieves such good performance, prob-
ably because it employs the negative teaching and negative learning, both of which help in predicting the class of hard
samples correctly. In addition, NTNL can balance the weight of negative teaching in different cross-domain object detec-
tion tasks because of the design of the adaptive weighting mechanism, thereby improving the generalization ability of the
model. This study conducts a series of ablation experiments, and the resultant findings confirm the effectiveness of each
component within the proposed NTNL framework. This study also analyzes the parameter sensitivity to reveal the impact of
these parameters on performance. Finally, this study utilizes t-distributed stochastic neighbor embedding (t-SNE) to repre-
sent the image features extracted by different models, thereby demonstrating the advantages of the proposed NTNL intui-
tively. The visualization reveals that the feature clusters generated by NTNL exhibit a high degree of separation, particu-
larly for semantically similar categories, such as riders and people, which are difficult to distinguish; thus, the discrimina-
tive effect becomes pronounced. Conclusion This study proposes a novel domain adaptive object detection method, NTNL,
which reduces the impact of noisy pseudo-labels via negative teaching and negative learning. This method also improves the
generalization ability of the model with an adaptive weighting mechanism. Comprehensive comparisons with other domain
adaptive object detection methods show that the proposed NTNL can achieve superior performance on public cross-domain
object detection tasks, thereby proving its validity. Future work will explore incorporating the degree of the domain shift
and task difficulty into the adaptive weighting mechanism to improve model generalization further.

Key words: domain adaptation; object detection; negative teaching; negative learning; adaptive weighting mechanism
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Fig. 1 Sample example of weather adaptation prone to generating noisy pseudo labels ((a) ground truth; (b) CAT; (¢) NTNL)
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Fig.2  The framework of NTNL
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Fig. 3 Examples of positive learning and negative learning

2.2.3 fH¥

TESF AR I AR 2 2] T A B T o s
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AR AT RN AR B . (HR 204 A s ]
LA FH £ 6] JEL 4 (Kim 45, 2019b ) B 3548 s DR 25 1)
Fitt . R ORIl

L, =-S5 log(1 - pl,) (6)
=1

P 5! FORERAE N b 5 R R BERL G A4
FIMBR ik B2 B 1) IR O 3k, p!, 7R B AR Y

XA i A REASTE 55 b T A B S AR

XFFEAT CAN BN B FRRINAE 55, a2 Ph AR
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LRI
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AR AT RS 24 2 AT 55 ] e HL A AN [R] (1R 2 )
PG A3 AT Rl 2T MRS, AT R 060 40 0% 1) RUBE
2SS . MR EENBT, 2 2 /0 ik
SR AR RO o BSO8R &, 17 02 1R
TR AR AT, DA T B 240 2R i RUBE BN . Ik, 26
SR AT AR . IR RIERS 22 2 1T
55 th R ZEE PR AE SRS Y 7 U AR RR O, 7E
FeEErh N T BAE N IAAILE . S I T
SERVR AR N

L, =w,XL, (7)
K w, AR F S N ACE o 8t [
TAHL SRS 2 2T AT 55 0 B3 R 1 RUOEE &5 R
PR FVBEATIREE . X T R IO 2 A 55,
THEER I RBER /N ABBEE R JOR T
P 5 X T BB AT 55, IR R
FEROR AR, 4/ T R . HdE o
B A FI T AR RS 2% 2 AT 55 v 7 040 e AE
e P 7 PR R E o

FHEEA R B S SIS B B
THRLE ARG BRI R ST
55 WA AR B RCE 52 BB IEA DG MFOR
IEAHSE, R TERAERIE . R RIE ) #Eh

w, = maX(0.00I,w x C - b) (8)
A, max R B KAE 0 = 0. 006 839 166 67 J&:2k
PR IALEE L b = 0. 046 783 333 &£ M [n] T )
MBI w A b FTHRAE T SO o KLk I
D5 FRAE N T A0 R AR, 7] AP AS 8] 9 32 7%
2 RS T R BEE R I I R

B (8) i w M b I, V-CAE5 1L
HAAT: 55 R B0 TR By Sl A% , i LA SEAE I AT 55
S R I G =Dt N 0N A I O S E N N
HFAE AT IR A S5 R AR 4 TR
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Fig. 4 Results of the V—C task using different weights of

mAP/%

the negative teaching
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P8R S5 , MAF PR B ALE N 0. 007 93, 4%
XA A (8) AL A 204, AT B o
}70. 006 839 166 67,b1H 77 0. 046 783 333,

R T IUE IS R ISCHL A 2t A AT 55
I AE ORI ) B A HEAT T SE 5, 25 R A S
Fin, B w, S2 (8 THREAR R IEI ST LA,
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2RI AU 5 T K T w0, B, PERE SRR A IESE T
FE R I AT AZEA R AT 55 h KAV EH
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Fig. 5 Results of other tasks using different weights of the negative teaching ((a) C—F; (b) C—B)

2.2.5 RMEFRRAE
HI T X BRI oA ) T2~ P SsR H Bm Ja 0 2
[ RRAE A SC AU 2K L, LA A B bR
SRR oA 25 5 OF A A (2) L (3) L(5) A7), #
KA E bR
L=L +L,+AL,+L, +A,L,
LA FA SRR AR I 24

(9)

3.1 HiE&E

A L AE Cityscapes (Cordts 55, 2016) . Foggy

Cityscapes (Sakaridis 5§ , 2018) | Bdd100k (Yu %% ,
2020) . Pascal VOC (pattern analysis, statistical model-
ling and computational learning visual object classes)
(Everingham %5 , 2010 ) A1 Clipart1k (Inoue %5 , 2018 )
SANITRAGAE AT 7528 . ARYE B A B A i
I H AR I 5 ¥ (Li 5%, 2022b; Zhao 55, 2023 ; Kay
85,2025) , ABFFEBEE 1 LA T ARSI T HEREDTAS :

1) R FMAE N ( Cityscapes—Foggy Cityscapes,
C—F). Cityscapes J&FE MG MRS A E AL
TSR B BT 7 R 4R I ZRAR (2 975 IR K50 A
B UEAE (500 Mg 1 150) 20 1, HAT 8 2871 T B i ¢
HE . Foggy Cityscapes s — >4 T Cityscapes 14 A
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5 R MRS A BB 4 . L, P B A 1 TS
FIBREE MR . — e, B 58 3085 1 & FS &5
SR A IR ISR B bR

2) 39§ T A 3% 5 JXUR 3 7 ( Cityscapes—Bdd 100k,
C—B). Bdd100k J&— R HUAL 1) 3l 7 SO 4R
£3,87 3k [ A [B 317 19 100 000 18 14, T35 6 Ffh K
SO PR IRI Y37 50 RN 3 R0 AN [R] 4 I fe) B o 7 3 1
Yy sem i, i 58 4 BE HUPR I2 0 daytime 148, 2
1536 728 IE I 2k G 5 258 IR EGIE K%, A 726
YRR HE . — B Hb, BF5Y B Cityscapes F1
Bdd100k 4373 /E A 8 FN H ARk

3) B S 4 ) XA 35 B (Pascal VOC—Cli-
partlk, V—C) . Pascal VOC & — > B 32t F % i
A5 AL E 2007 F1 2012 PS4, 4 2045 DL B 280
116 551 @K%, Clipartlk 247 A4 A ARFRE
AU 4 PR B 4 L 4105 500 I DI 25 45 R 500 1 36
WEEME , 35 Pascal VOC FEZ2 2002001, —BcHl , ifF
G E W Pascal VOCAVENTEIL, Clipart 1k /K HFrds
3.2 AT

AWF5E LA Faster R-CNN(Ren 45,2017 ) A JE Al

AL, DL Detectron2 A 4E BUHESE | DL ResNet50-FPN
(residual network-50 with feature pyramid network ) 4
WA 2%, RS R (DRI o E R
0.999 6,3 (9)HHY A, 5 E R 0. 000 001,20 (9) H )
A M AT 55 A [7] 73 331 B 4 0. 001.,0. 001 A10. 1,
JIT A5 92 5 ¥ 7E 1 B NVIDIA RTX4090 GPU _E#E47 .
275 2 H B B A 3 H BRSBTS (Li 55, 2022b;
Zhao 45,2023 ; Kay %5, 2025) , i3 (9 F-2H5 £ (aver-
age precision, AP){EHI APSO{E . b T 50 B MY
BER SLE AR 3 I B S .
3.3 ZBWHER

RAGME NS EE RN 1. k1
AT UL A 3007 5 NTNL #9748 B2 198 (mean
average precision, mAP) N 63. 4%, #H bt F &L )
#: DINO Teacher 271 T 8. 0%, {HAAEE M, AL
TrETE R Z 2800 B S8 T PR T, JUHAE per-
son .rider Fl bicycle 55 5y IR IH 20 , P BEAE T B2 i
T 10%, F 55 R NTNL A 1 6 i S AR 22 e 1
XPRFE KRR UG, TR B L e

I8V T g B XA T Y S B 4 R AN R 2 TR o

#&1 M Cityscapes | Foggy Cityscapes i& i B F 15 E 45 R

Table 1 Results of average precision for adaptation from Cityscapes to Foggy Cityscapes

/%

Jrik person  rider car truck  bus train  meycle bicycle ~ mAP
SFDAOD(Li%,2021) 33.2 407 445 255 390 222 28.4 34.1 33.5
SADA(Chen%%,2021) 48.5 526 621 295 503 315 324 45.4 44.0
SIGMA (Li%,2022a) 44.0 439 603  31.6 504 515 31.7 40.6 442
PT(Chen%§,2022) 432 524 634 334 566 378 413 48.7 47.1
AT(Li%,2022b) 45.5 551 642 350 563 543 38.5 51.9 50.9
MIC (Hoyer %% ,2023) 50.9 553 67.0 339 524 337 40.6 475 47.6
MILA (Krishna %% ,2023) 45.6 528 648 347 614 541 39.7 51.5 50.6
CMT(Cao % ,2023) 47.0 557 645 394 632 519 403 53.1 51.9
IDF+CAGrad(Shi il Zheng,2024) 38.4 514 547 335 510 431 35.0 425 437
MRDA (Bai %% ,2024) 48.7 501 641 256 460 505 34.3 38.8 44.8
JFDI(Qiao % ,2024) 45.8 536 641 364 587 392 38.6 49.2 48.2
CAT(Kennerley %5 ,2024) 44.6 571 637 408 660  49.7 44.9 53.0 525
AFAN(Jiang%,2025) 38.5 452 559 301 446 403 37.4 40.9 41.6
UDA-DETR (Xiao %,2025) 48.0 503 641 306 525 416 34.9 45.4 46.0
UMS>-ODNet(Li %,2025) 48.0 511 61.0 359 522 540 40.6 43.6 483
DINO Teacher( Lavoie %5 ,2025) 48.5 60.0 654 472 665 529 46.2 56.7 55.4
NTNL(A30) 70.1 703 797 478 649 541 52.9 67.5 63.4

T L P SRR 5 8 B A2 2R
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Bartk, EEH, Bk, HE
A& A 55 S HIE B & B AR T

HER 2 T LU AR SO R mAP{E R 52. 5%, 4 1L
T DINO Teacher # T+ T 4. 7%, BRI 545 Jo Ak
B AR AT H bRl 5 IR AR BRI U m
AU M LA 5 K 1 M RE B T, FU2 i F NTNL [F]
27 20 7 PR bs 2 IR B ARNR 25 HI fif AR AR A L
A ESRIZACRE ), 1E 2R IR AT T ARXT 4>
NI B PERE

AL S 2 47 T RS S I 1 S 4 R N 3R 3

N AR THI A5, 1% 5 A TR A SmEe
BEPREPE . &R 3T LIE L NTNL B mAP {5 R
45. 4%, A Tt 5k AFAN 27 T 1. 7%, RUE
NTNL7EIZAT S5 A F-PERE A ek MRDA , (AT
S TH YA SR i PERE . R, NTNL 7E bike il
mbike 55 XfE LA X 43 (92 1] HUAS T Lk MRDA B 4711
PERE . FEFEHENTNLES TR M,
REAIR 1 W P PR 28 Y S 0

%2 M Cityscapes | Bdd100k-daytime i 57 { F 115 B4 R
Table 2 Results of average precision for adaptation from Cityscapes to Bdd100k-daytime

/%

Jrik: person rider car truck bus meycle bicycle mAP
Faster R-CNN(Ren %§,2017) 28.8 25.4 44.1 17.9 16.1 13.9 224 24.1
DA-Faster(Chen %5 ,2018) 28.9 27.4 44.2 19.1 18.0 14.2 22.4 24.9
FCOS(Tian %,2019) 38.6 24.8 54.5 17.2 163 15.0 183 26.4
CRDA (Xu%:,2020) 31.4 31.3 46.3 19.5 18.9 17.3 23.8 26.9
CAFA(Hsu%%,2020a) 39.6 26.8 55.8 18.8 19.1 14.5 20.1 27.8
Def DETR(Zhu%%,2021) 38.9 26.7 55.2 15.7 19.7 10.8 16.2 26.2
SFA(Wang%%,2021) 40.2 27.6 57.5 19.1 23.4 15.4 19.2 28.9
AQT(Huang%,2022) 38.2 33.0 58.4 17.3 18.4 16.9 235 29.4
0%net(Gong % ,2022) 40.4 31.2 58.6 20.4 25.0 14.9 227 30.5
MTTrans( Yu45,2022) 44.1 30.1 61.5 25.1 26.9 17.7 23.0 32.6
MRT(Zhao % ,2023) 48.4 30.9 63.7 24.7 255 20.0 22.6 33.7
SFA+CAGrad(Shi Fl Zheng,2024) 43.0 30.3 59.1 23.0 25.4 16.8 235 31.6
UDA-DETR (Xiao %,2025) 427 29.3 58.1 17.8 23.9 16.0 232 30.2
DINO Teacher(Lavoie % ,2025) 51.6 47.0 66.6 443 45.9 38.3 40.8 478
NTNL(Z3C) 66.5 51.1 79.0 43.1 43.7 4.2 41.6 52.5

TE IO R RS 4 5 e L4 2R

3.4 HREKIG

N A I 4 7 ¥R AT ROVE o Bt %) 5 7R 1R
(align and distill ++, ALDI++)HE4 (Kay %5 , 2025) 1E
R RN AEAY i PO I 2R3 (Li 55 ,2022b) , i
1B AL AN B BN G 27 ST AR ) 7 T e T
RS . SR OT (R UL B TR ZR Y ALDL++
HE 2R 44 A BEA AR Y (union previous, UnionPre) . £
5 25 LK 4 froR , Hod wio R bR 1S TH Y
B

JAFE 4] LIVEEE] , NTNL H A B2 148 2% 4%
EHEENE . A SO Ber st e S # S T
PERESR T, [A) I A P 67 05 A B 2 ) a] DL 3RAS: B 4

MPERE. W7 BT Ry, B S REH] LI Sr T il
T T BEFREE S IS N6 BOIA L A1 . X
SRR Ry 3 R ISR 4 0 S PN R AT 55 rh 6
FUAPC AR AR L T AN 2 EL AR e A A A
B S TR

SRy BB A LT A b S AR SRR PR R AR, ,
i1 oalll B S N R SN S ¥ o i B e e Sk o]
(R A NTNL 38 AT DA B 55 114 4328 10 Aol
HERA 1 222 AR E N7, 3+ LT LAY IE UnionPre X145 %)
TR VE LB S R T . an &l 6 (d) ML 6 (g) it 7
NTNL A LA EAf 8% UnionPre £ 00 A 75 4+
R4
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#&3 MPascal VOC 2| Clipartlk i& i { FHFEE &R
Table 3 Results of average precision for adapatation from Pascal VOC to Clipartlk

/%

i aero  bike  bird  boat  botle  bus car cat  chair  cow  table
SWDA (Saito %§,2019) 262 485 326 337 385 543 371 186 348 583 170
DM (Kim % ,2019a) 258 632 245 424 479 431 375 91 470 467 268
CRDA(Xu%,2020) 287 553 318 260 401 636 366 94 387 493  17.6
HTCN(Chen % ,2020) 336 589 340 234 456 570 398 120 397 513 211
UMT(Deng % ,2021) 396 59.1 324 350 451 619 484 75 460 676 214
TIA (Zhao #l Wang,2022) 422 660 369 373 437 718 497 182 449 589 182
CMT(Cao % ,2023) 398 563 387 397 604 350 560 7.1 601 604 358
TFD(Wang % ,2024) 279 648 284 295 257 642 477 135 475 509 508
MRDA (Bai % ,2024) 399 646 355 435 570 715 468 211 436 606 359
AFAN(Jiang % ,2025) 395 63.6 367 342 427 624 419 126 442 599 165
NTNL(A3C) 383 671 360 434 660 395 464 210 557 581 476
7k dog horse ~ mbike  prsn  plant  sheep sofa  train tv mAP
SWDA (Saito % ,2019) 125 338 65.5 616 520 93 249 541 491  38.1
DM(Kim%,2019a) 249  48.1 78.7 63.0 450 213 361 523 534 418
CRDA(Xu%,2020) 141 333 743 613 463 223 243 491 443 383
HTCN(Chen % ,2020) 201 39.1 72.8 63.0  43.1 193 301 502 518 403
UMT(Deng % ,2021) 295 482 759 705 567 259 289 394 436  44.1
TIA(Zhao #1 Wang,2022) 291 407 878 674 497 274 2718 571 506 463
CMT(Cao % ,2023) 281 67.8 84.5 80.1 555 203 328 423 382 470
TFD(Wang % ,2024) 213 339 602 656 425 151 405 455 486 412
MRDA (Bai % ,2024) 222 411 594 605 550 363 438 474 525 472
AFAN(Jiang % ,2025) 254 373 79.1 694 537 251 213 559 521 437
NTNL(A3C) 71 434 79.8 705 627 210 287 303 450 454
o I PR R B IR 45 R
#4 HELBHER SRR LI . AFEES S EA, LA, I EUE
Table 4 Results of ablation experiment St - 14 K5 B 1 8 mAP 14 52 0 43 50 o 1 7 I 8
P gl f% AP o TR 8 T LA S B BA SO SE A,
TOTT CT OB VU EOEHEAT S0 T LA SR AR B M, g R
UnionPre V- - 632 523 449 ok e p
NINLwoNL ¥ ¥ - 633 524 450 BERIHA S FELERET B
NTNLw/o NT ¥ - v 633 524 450 3.6 HAERAA
NTNL J J J 634 525 454 R B R T B NTNL 7 8 (A e, A /)N

E IR R R 24 5 e A2

FRARFI
3.5 SEBBEST

o N B TR R A e, -

N T BAEASCGE S BORME R & B, #E4T T

58 =53 A Sk ik A G5 (t-distributed stochastic
neighbor embedding, t-SNE) (van der Maaten il Hin-
ton, 2008) X} £ A J7 1% CAT . DINO Teacher £ Union-
Pre UL S AR SCJ7 76 NTNL 22 2 B RRAESEA T AT 904k,
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Fig. 6 Example detection results of different tasks ((a) ground truth (C—F); (b) ground truth (C—B); (¢) ground truth (V—C);
(d) UnionPre (C—F); (e) UnionPre (C—B); (f) UnionPre (V—C); (g) NTNL (C—F); (h) NTNL (C—B); (i) NTNL (V—C))
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Impact of the hyperparameter A, on mAP for three tasks ((a) C—F; (b) C—B; (¢) V—C)
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MHZT, B9 (e) i 7R (1 R7AE 22 504 1R 28 51 5%
£, iX F W] UnionPre H A AF A FRIEH M. 5
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Fig. 8 Impact of the hyperparameter A, on mAP for three tasks ((a) C—F; (b) C—B; (¢) V—C)
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Fig. 9 Feature visualization of the C—F task ((a) CAT; (b) DINO Teacher; (c¢) UnionPre; (d) NTNL)
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Table 5 Time consumption of different methods

WiReS Y25 ] /min HEFRET [H]/min
CAT 800 0.65
DINO Teacher 1074 0.78
UnionPre 930 1.10
NTNL 1070 1.13

BL0 TR o RACAR MR IE N AT 55 YR S50t £ 4 ] 10
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8 000 ¥ % AL JC W& B B 24 15 000 IR £ A B T
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Fig. 10 Convergence performance of NTNL
((a) convergence curve of C—F; (b) convergence curve of C—B; (c) convergence curve of V—C)
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