Randomized Spectrum Transformations for
Adapting Object Detector in Unseen Domains
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[1] He Z, Zhang L, Gao X, et al. Multi-adversarial faster-RCNN with paradigm teacher for unrestricted object detection[J]. International Journal of
Computer Vision, 2023, 131(3): 680-700.
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[1] Chen'Y, Li W, Sakaridis C, et al. Domain adaptive faster r-cnn for object detection in the wild[C]//Proceedings of the IEEE conference on computer
vision and pattern recognition. 2018: 3339-3348.
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[1] Arruda V F, Paixao T M, Berriel R F, et al. Cross-domain car detection using unsupervised image-to-image translation: From day to night[C]//2019
International Joint Conference on Neural Networks (IJCNN). IEEE, 2019: 1-8.
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[1]Li D, Yang Y, Song Y Z, et al. Learning to generalize: Meta-learning for domain generalization[C]//Proceedings of the AAAI conference on artificial
intelligence. 2018, 32(1).
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[1] Huang J, Guan D, Xiao A, et al. Fsdr: Frequency space domain randomization for domain generalization[C]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 2021: 6891-6902.

““[2] Xu Q, Zhang R, Zhang Y, et al. A fourier-based framework for domain generalization[C]//Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition. 2021: 14383-14392.
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2.2 RST(Random Spectrum Transformation)
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2.2 RST(Random Spectrum Transformation)
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2.2 RST(Random Spectrum Transformation)
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2.3 GW(Gradient Weighting)
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2.3 GW(Gradient Weighting)
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2.3 GW(Gradient Weighting)
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2.3 GW(Gradient Weighting)
BREINY

w| = ||g2||2, cosbr—cosb| > 8
lgt1ll2

ZE(5)(9)(10)FATTLABE:
XIF &1 BINERI AR /S

9
_ o o ©) 1, costh—cost) <0
wr =1, costhr—cosO| > 6
wp =1 lgz2ll2 (11)
, cosbh—cosO); > §
= cosf — costh > § BAIEEAIE(10) Igtll2
EIE, T &2 BINERILARTRS
w; = 1, cos@)—costr > 6
10 '
Wy = ||g1|I2’ cosO1—cosO, > § (10) 1, cost)—cost <6
182112 wy = { g1l (12)
, cosOi—cost > §
L 1182112
== /8 N sy 1, cosf;—cosf; <6
HBLE, XFESHY 8 FAIRIG)ZNFRAL wi = 4 112 _ (3)
1eila cosf;—cost; > &
L 1&ill2

20



2.4 Meta Learning on Randomized Transformations
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[1] Learning to Generalize: Meta-Learning for Domain Generalization, AAAI 2023. 22
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dy|Ds,Dr| = 2 Sug |Pr.wps([n(x) = 1] — Proop,.[n(z) = 1]
ne

[1] Generalizing to unseen domains via distribution matching. (arXiv 2019)
2] Adversarial Multiple Source Domain Adaptation. (NIPS 2018)

[3] Algorithms and Theory for Multiple-Source Adaptation. (NIPS 2018)
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5 [F8:

1
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[1]. A theory of learning from different domains (Mach Learn 2010)

el GeNeralizing to unseen domains via distribution matching. (arXiv 2019)
[3] Adversarial Multiple Source Domain Adaptation. (NIPS 2018)
[4] Algorithms and Theory for Multiple-Source Adaptation. (NIPS 2018)
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$UREEER: SIM 10k, Cityscapes. Foggy Cityscapes. BDD100k, KITTI, Rain Cityscapes
SRS, C. F. B, K{ R,

- BiZRE: RREGZ,

- BETLE: AREORTH600RE, RIFKEIAR N

 baseline: {FATE=>1EZRAYFaster R-CNNI B

- backbone: 7xlmageNet_Fi)l|2 |

« learning rate: 0.002 — 0.0002

- optimization: SGD

« epoch: 10

. FEESIMRE:

bounding box
(8)

cls. reg.

112x {12 x 128 Source Domams Target Domains

P /901X 55 x 256 7x7x512 <><><> V.
batCh I:I:l 1%% L-1 g-k '2%14% | 1x1x4096 1x1x 1000 . QOO OQO Test %{;\Eﬁm
{%L’fTTU'IJl Zﬁ\ I 1%%1 , ' | | Meta-test OO 0 res
/— — ‘ B
gﬁ{% {TEI)\JI‘TO @ convolution+ReLU %%% i OOOSOOO
; fmui: Eggtl:dgmew Train ___________________ 00
softmax
E19 VGG16&EH~=E E20 baseline: {HRTTFIIHELZRIFaster R-CNN

[1] Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. (TPAM 2017) 32

[2] Very deep convolutional neural network based image classification using small training sample size. (ACPR 2015)
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(1) HIBE(MAP) , EXIFTEZEBIRIAP (average precision) BXIY(E
(2) 22FLt (Intersection over Union, loU)

1 1 T P T P .
P recision = Recall = area of overlap J

I0U = =

TP +FP TP +FN area of union -
P-R cure

1
>
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‘ £ oo l AP ‘ mAP

0.4
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0.2

0
0.1 0.2 0.3 04 0.5 0.6 0.7 0.8

Recall
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3.1 SERERS 2

S5&MDGH EHITILER

F®1EC F. BLi

EZRIER (%), ER, * JTIERERE AR EIR.

Source [ Target | Method | person rider car truck bus train motor bike | mAP
Source-only 26.4 0.1 350 145 27.7 92 75.0 335 265 Source-only 327 432 50.1 140 375 1.5 24.9 353 29.9
DSU* 267 412 40.9 13.0 26.5 9.1 240 333 26.8 Dsu* 29.2 411 444 16.0 32.7 26 21.2 29.0 27.0
1vetule® 57 el
Mixstyle* 272 416 414 160 303 125 221 325 | 280 Mixstyle 299 ne e e Bz e 238 22 234
Fogy MLDG* 297 425 43.1 22.0 29.8 24 273 317 286 Cityscape P}\%ﬁ‘: if; 43‘5 53-; :gg 223 { i Ei']; 3,21"31 20'3
FACT* 26.2 41.2 359 13.6 217 3.0 233 313 253 1 318 - 0. - 4. . - 34. !
FSDR* 312 44.4 433 19.3 36.6 11.9 271 34.1 310 FSDR’ 419 30.5 18.8 39.8 4.2 284 34.6 313
NP* 319 45,9 46.5 243 37.7 12.6 25.1 36.6 326 NP* 333 45.4 519 232 44.9 13.6 25.8 360 34.3
MLRT(Ours) 34.8 48.1 49.1 24.3 43.6 21.9 30.7 39.0 36.4 MLRT(Ours) 31.9 431 51.2 19.6 384 36 31.2 37.0 32.0
Source-only 26.9 62.2 497 0.4 2.9 - 1938 363 397 ;S)t;ﬁi&tlnly 312 2; :; j}:}) ﬂ; 23 Ll) - 151'?5 ;;;1 gg i
DSU* 25.2 62.6 50.7 9.5 59.6 - 18.9 326 37.0 24. 38, 32.2 - E - - : :
Mixstyle* 26.0 62.2 512 6.3 69.2 - 19.2 33.0 382 Mixstyle® 25.5 58.9 52.4 16.7 60.4 - 16.4 303 37.2
Cityscape Rain MLDG* 262 61.2 52.7 17.9 79.9 - 314 25.7 421 Fogy Rain MLDG* 270 56.5 28 19.2 62.5 - 19.6 326 386
FACT* 259 62.4 488 17.4 62.0 - 29.1 335 399 FACT 25.7 60.6 525 14.1 112 - 14.1 327 387
FSDR* 217 62.7 52.7 14.8 76.2 - 28.4 371 428 FSDR* 28.1 60.8 53.3 32.6 65.7 - 1.7 334 40.8
NP* 26.4 62.7 53.0 1.7 71.7 - 257 35.0 40.9 NP* 26.1 381 326 8.5 66.9 - 16.8 30.0 370
MLRT(Ours) 28.9 61.7 37.5 18.7 78.4 - 26.1 353 43.8 h:'lLRT[Ours} 273 617 534 20.7 78.2 - 15.7 30 41.1
Source-only 304 29.6 a3 6.4 7035 B 18 2732 753 Source-only 20.4 217 312 9.9 8.7 - 10.1 20.6 175
DSU* 2822 303 434 18.2 203 - 13.1 28.4 26.0 DSU* 18.8 19.9 311 8.9 113 - 10.6 19.5 17.2
Mixstyle* 26.2 8.2 40.3 17.4 19.6 - 1.8 258 24.2 Mixstyle® 20.7 22.6 32.0 9.8 13.0 - 10.5 20.8 18.5
MLDG#* 24.6 233 39.0 15.4 12.7 - 11.4 20,9 21.0 MLDG* 21.2 20.9 318 9.8 9.9 - 10.5 218 18.0
BDD100K FACT* 31.1 293 42.0 20.5 19.8 - 11.2 28.1 26.0 BDD100K FACT* 235 253 338 11.7 124 - 11.0 24.2 2002
FSDR* 30.7 29.0 45.4 18.5 20.0 - 12.1 278 262 FSDR* 239 22.7 36.9 11.9 13.9 - 10.2 236 204
NP* 317 330 453 20.4 20.3 - 12.9 30.2 277 NP* 27.5 28.3 40,7 14.2 15.4 - 12,1 26.4 23.5
MLRT(Qurs) 32.8 202 45.0 19.4 19.5 - 12.2 27.4 265 MLRT(Ours) 24.9 24.0 37.7 12.7 11.8 - 113 24.4 21.0
Source-only 316 332 532 33 376 . 0.1 25.0 336
DSU* 315 3201 531 337 40.2 - 19.0 25.0 335
Misxstyle* 310 332 53.0 35.4 39.7 - 18.4 25.9 338
o MLDG* 16.1 21.0 52.4 272 348 - 72 13.9 247 ==
e |HEC L WEEBE A W o SRR MLRT RELEES RS R
FSDR* 312 32.6 53.1 128 337 - 17.1 26.0 324
NP* 312 33.5 53.1 372 332 - 16.9 26.4 33.1
MLRT{Ours) 34.6 313 53.2 6.9 357 - 18.5 26.8 34.1
Source-only 265 30.4 46,2 20.6 28.6 - 15.0 231 212
DSU* 26.0 30.1 45.9 21.1 33.1 - 17.1 21.0 278 = R . > — 1
Mixstyle* 26.5 3.9 438 228 33 . 187 238 | 287 ° Ef\—_]-{ﬁu X C|tysca pes I:I BDD1 OO N E 7NIR E\
BDDIOOK o MLDG* 9.1 12.8 373 19.1 18.4 - 9.5 133 17.1
Y FACT* 227 27.9 40.7 18.6 229 . 14.9 226 243
FSDR* 28.0 323 44.1 24.4 26.5 - 14.9 24.5 278
NP* 28.6 33.9 488 253 311 - 15.0 25.1 297
MLRT(Ours) 29.8 33.9 50.1 25.7 334 - 18.8 26.6 31.2 . =ES .
Source-only 771 437 380 306 724 B 33 306 343 b tt ba Se I N e MB¢ . N > .
DSU* 217 375 56.4 18.1 70.4 - 11.0 17.2 33.2 .
Misxstyle* 21.8 44,9 56.3 21.0 727 - 10.5 20.2 353 N N . I N R
Rain MLDG* 9.1 16.7 41.2 15.8 52.3 - 0.0 5.0 20.0 H/‘JC F N FS D REI‘J B C N M IXSty e > N
FACT* 18.0 40.4 52.0 23.2 722 - 10.5 20,9 319 . .
FSDR* 22.6 433 56.4 26.5 67.6 - 6.9 19.5 34.7 > >
NP* 23.3 44.4 58.2 29.4 66.9 - 37 175 34.8 D S U 7" C R\ N P 7‘] F R 34
MLRT(Ours) 19.6 47.0 58.6 29,1 69.9 . 27 20.2 353




3.1 LRERE S
SEt R TIR

<2 M\ C 2 F B9 DG #0 DA LI4ER (%), DAODJITAEC EillZk, RAmicF, ZiRE FRIDGODTEAMEC
MB_E)I145, BIERE THRIDGODTTAEC Ei)ll4k,

Methods Dataset person rider car truck bus train motor bike mAP
Source-only Single S 26.4 40.1 35.9 14.5 21.7 9.2 25.0 33.5 26.5
DAF[17] 31.6 43.6 42.8 23.6 41.3 21.2 28.9 32.6 33.2
SW-DA[21] Single 31.8 44.3 48.9 21.0 43.8 28.0 28.9 358 353
SC-DA[24] Source 33.8 42.1 52.1 26.8 42.5 26.5 29.2 34.5 35.9
DA MTOR[25] & 30.6 41.4 44.0 21.9 38.6 40.6 28.3 35.6 35.1
ICR-CCR[39] Target 32.9 43.8 49.2 272 45.1 36.4 30.3 34.6 37.4
Coarse-to-Fine[54] without 34.0 46.9 52.1 30.8 432 299 34.7 37.4 38.6
GPA[22] labels 32.9 46.7 54.1 24.7 45.7 41.1 324 38.7 39.5
Center-Aware[19] 41.5 43.6 57.1 294 44.9 39.7 29.0 36.1 40.2
DIDNI50] Multi S 31.8 38.4 49.3 27.7 35.7 26.5 24.8 33.1 334
MLDG*[29] 32.2 41.7 38.9 19.2 33.0 9.1 23.5 36.3 29.2
DG FACT*[32] Single S 26.2 41.2 35.9 13.6 21.7 3.0 23.3 31.3 25.3
FSDR*[31] 31.2 44 .4 43.3 19.3 36.6 1.9 27.1 34.1 31.0
MLRT(L=6) 34.1 49.7 47.9 259 45.1 29.1 32.0 394 37.9
Oracle Target 37.8 47.4 53.0 31.6 529 34.3 37.0 40.6 41.8
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3.1 ERERS S
DGOD 7535 DAF L&

<3 \JuE, C 2 F. B, R, S # KRIHMITAEHRZ RS (Car} ERIZER (%). DGODJZiEANIIERIFEHX
(EFREEREEC, MDAFZERYIEZRIREPERCIIRINCHIF, SIFAERUEARREHER, W TREERS

RUTHERBER

Method F R B S K

Source-only 35.9 49.6 41.3 39.2 72.2
DAF 40.9 48.3 37.3 33.0 66.1
MLGD 43.0 52.7 394 37.2 63.9
FACT 35.8 48.8 42.0 41.2 73.2
FSDR 43.3 52.7 45.4 42.2 73.8
MLRT(Ours) 49.1 57.5 45.5 43.6 73.4

5DG Elig 7RISR

=4 DG EGDRIER, £ PACS BURETRI=ME B TG EERE DTN

Method Art Cartoon Photo Sketch Avg
Mixstyle 84.1 78.8 96.1 75.9 83.7
DSU 83.6 79.6 95.8 77.6 84.1
FACT 85.4 78.4 95.2 79.2 84.5
MLRT(Ours) 84.6 80.4 95.2 83.2 85.9




3.1 SERERS D

iHRASEIS
- SIRIRE: 7ECLI)
SMAMRYEY

25 MLRT shEMBHRUERIZER (%), baseline: jTF3J#ESEAIFaster RCNN,  RST: BEHLRAEIRAELR,
GW: 1‘%@7]!]1‘%1‘%1'%

ZMLRTHIEF. R, B

DG Setting | RST G mAP
baseline 28.6
CtoF v 29.8
v 35.1
v v 36.4
baseline 42.1
CtoR v 43.2
v 432
v v 43.8
baseline 21.0
Cto B v 22.3
v 25.7
v v 26.5
SHRWE
. ——c/f c/r ——c/b - ——c/f c/r =—c/b
£ R® —
Z 45 £ 45 1, cost;—cosb; < §
n 40 & 40 o —
S 3 ———— «—  Ta — e, w; =14 llgill2 — .
L L , costj—cost; = §
w30 ., aY _ . ) Igill2
225 x * * g 25 o * * .
§ 20 § 20
< 3 4 5 6 < 0 0.1 0.2 0.3
L &
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siishsiile
i RRSESS
S $ N
Bz R A hiERE
e/ > | =] —/\3z S+ —. I k.
« ATEEDMZIERR, (FERYET—MFER ZHERHG
23N mAP, 02
N
T + 2, Zm ngn | MAPy —mAP,, |
RO HIRZEDITER (%), trget 1-3. MCITYSCAPES ()R MRMER B irE . &REZARBLUEARRE BR
Method | Target | person rider car truck bus train motor bike | mAP | G
target| 23.7 316 413 3.2 335 15.3 16.0 26.0 25.1
Source-only target2 16.1 20.5 34.1 9.2 19.5 2.8 12.1 22.5 17.1 2.5
target3 29.0 43.8 52.2 19.4 39.2 10.7 22.9 33.0 31.3
targetl 31.3 41.8 53.3 26.0 40.7 8.5 29.1 29.6 32.5
MLDG target2 34.8 46.4 53.7 30.8 43.5 17.6 31.6 35.6 36.8 11.0
target3 32.6 44.9 534 24.0 45.1 11.5 30.8 34.7 34.6
targetl 23.3 34.3 42.6 12.8 25.2 10.6 13.4 24.1 23.3
FACT target2 27.8 40.9 49.4 225 34.6 17.1 18.4 32.2 30.4 4.1
target3 3l.6 45.5 52.7 25.0 457 4.0 27.9 354 33.5
targetl 30.8 43.8 51.9 24.8 40.5 22.6 259 34.8 34.4
FESDR target2 32.1 45.8 52.9 28.0 44.7 25.2 28.2 36.0 36.6 15.0
target3 35.2 48.7 53.3 27.3 46.7 17.3 31.5 40.0 37.5
targetl 37.2 50.5 53.5 279 50.5 19.4 33.6 40.7 39.2
MLRT(Ours) target2 37.2 51.7 53.5 27.6 52.6 16.9 32.8 41.0 39.2 46.3
target3 374 51.6 53.5 28.5 54.3 19.2 334 41.6 39.9




3.1 SERERS D

iHRASEIS
BER G

- WEOIRE: ®C. F. BIX IRER, EREAH, RRZ
Bl EUEI’JGWEHQEI'J#%, LJr%/\i;EH’Jé%éZ*HMF =, cose1 F] cosf2,
« WNREZBLEZERNE d 3:
d = |cosbr—cosb]. (23)

C&F | | . | | C&B | | | B&F
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4 B4

FEtNZEITEFS]: Meta Learning on Randomized Transformations (MLRT)

- BREAEGZIER, sensRRESLARMNE BRI S, THNAEREE
A LARIRTHE B2 AR WIS AY B FRiE,

- FRIRERYREHNIEZER (RST)KRESEEISRRA) Lism o =5ipshEs, mAHh
[RRSHAUHTSZ 1,

y gﬁﬁ%gﬁﬁrﬁﬂﬂﬂﬁﬂ(GW)%%JrXﬂ‘iEZZI‘Eﬂ RIS SHETIESIRY, LUE—R

- BFE T —MaFE, BiearRENANEERE, SSHRTFHZIE.
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