Multi-adversarial Faster-RCNN with Paradigm Teacher for

Unrestricted Object Detection
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Table 1 The cross-domain object detection results from Cityscapes to Foggy Cityscapes

Methods Person Rider Car Truck Bus Train mcycle beycle mAP

SSD 16.5 20.5 26.7 9.4 16.1 9.1 11.4 18.6 142 | PT-MAFER TSRS T 1488
Faster-RCNN 24.1 33.1 343 4.1 223 3.0 153 26.5 20.3

DAF (Chen et al., 2018) 25.0 3.0 405 221 353 202 200 27.1 276 (1) PT w7 RARNEHNBERSD M
SW (Saito et al., 2019) 299 42.3 435 24.5 36.2 32.6 30.0 353 343 5| E2RY R A=,

Selective Alignment (Zhu et al., 2019) 33.5 38.0 48.5 26.5 39.0 23.3 28.0 33.6 33.8

Dé&match (Kim et al., 2019b) 30.8 40.5 443 27.2 384 34.5 28.4 322 34.6 " s
MTOR (Cai et al., 2019) 30.6 41.4 44.0 21.9 38.6 40.6 28.3 35.6 35.1 (2) 22“’:1;;253?;%1% sl
NL /w res101 (Khodabandeh et al., 2019) 35.1 42.2 49.2 30.1 453 27.0 26.9 36.0 36.5 EIE NE

CDN (Su et al., 2020) 358 45.7 50.9 30.1 425 298 30.8 36.5 36.6

SCL (Shen et al., 2019) 31.6 44.0 44.8 30.4 41.8 40.7 33.6 36.2 379

ATF (He & Zhang, 2020) 34.6 47.0 50.0 237 433 38.7 334 38.8 38.7

GPA (Xu et al., 2020b) 329 46.7 54.1 24.7 45.7 41.1 324 38.7 39.5

MAF(SSD) 19.2 23.6 28.9 13.9 23.9 11.1 13.6 21.9 17.6

PT-MAF(SSD) 20.1 237 35.0 18.0 34.0 17.5 13.4 229 20.6

MAF 329 44 4 43.0 22.8 36.9 34.2 32.8 36.4 354

PT-MAF(MAF+PT+D?) 37.3 494 522 26.7 49.5 345 34.9 41.2 40.7

The bold numbers mean the best performance
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Fig.10 Visualized detection results on Foggy Cityscapes by testing source only model, DAF (Chen et al., 2018), MAF, and PT-MAF in each column,
resp. The final column shows the ground truth bounding boxes and categories. From the visualization, PT-MAF achieves the best performance
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Table 2 The cross-domain detection results from Pascal VOC to Clipart

Methods Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow mAP
Faster-RCNN 35.6 52.5 243 23.0 20.0 43.9 32.8 10.7 30.6 11.7
DAF (Chen et al., 2018) 15.0 34.6 12.4 11.9 19.8 21.1 23.2 3.1 22.1 26.3
BDC-Faster 20.2 46.4 20.4 19.3 18.7 41.3 26.5 64 332 11.7
WST-BSR (Kim et al., 2019a) 28.0 64.5 239 19.0 219 64.3 43.5 16.4 422 25.9
SW (Saito et al., 2019) 26.2 48.5 32.6 33.7 38.5 543 37.1 18.6 34.8 58.3
HTCN (Chen et al., 2020) 33.6 58.9 34.0 234 45.6 57.0 39.8 12.0 39.7 51.3
SCL (Shen et al., 2019) 44.7 50.0 33.6 27.4 422 55.6 383 19.2 37.9 69.0
MEAA (Nguyen et al., 2020) 313 53.5 38.0 17.8 38.5 69.9 38.2 23.8 383 58.1
MAF 30.1 61.3 30.3 38.7 43.6 44.7 41.9 2.6 39.1 57.3
PT-MAF 31.1 64.7 32.8 35.6 46.9 36.8 40.8 12.1 423 74.0

Table Dog Horse Motor Person Plant Sheep Sofa Train tv mAP
Faster-RCNN 13.8 6.0 36.8 45.9 48.7 41.9 16.5 7.3 229 32.0 27.8
DAF (Chen et al., 2018) 10.6 10.0 19.6 394 34.6 29.3 1.0 17.1 19.7 24.8 19.8
BDC-Faster 26.0 1.7 36.6 41.5 37.7 44.5 10.6 20.4 333 15.5 25.6
WST-BSR (Kim et al., 2019a) 30.5 7.9 255 67.6 54.5 36.4 10.3 31.2 57.4 43.5 35.7
SW (Saito et al., 2019) 17.0 12.5 33.8 65.5 61.6 52.0 9.3 249 54.1 49.1 38.1
HTCN (Chen et al., 2020) 21.1 20.0 39.1 72.8 63.0 43.1 19.3 30.1 50.2 51.8 40.3
SCL (Shen et al., 2019) 30.1 26.3 34.4 67.3 61.0 47.9 21.4 26.3 50.1 47.3 41.5
MEAA (Nguyen et al., 2020) 14.6 18.1 33.8 88.1 60.3 43.1 19.3 30.1 50.2 51.8 41.1
MAF 30.1 5.9 45.0 55.6 58.5 51.0 15.7 24.5 58.3 31.5 385
PT-MAF 37.7 13.1 35.2 61.9 62.8 57.1 51.5 174 44 .4 42.3 42.0

The bold numbers mean the best performance

Pascal VOC {95!,
Clipart {E0EREL;

FFMKIZE HResNet101,
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Fig.11 The visualized detection results of Clipart. The detection results of MAF and PT-MAF are presented in the first and second rows, respectively.
For comparison, we show the ground truth in the last row
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Table 3 The cross-domain

detection results from Pascal Methods Bike Bird Car Cat Dog Person mAP

VOC to Watercolor Faster-RCNN 688 468 372 327 213 607 44.6
DAF (Chen et al., 2018) 75.2 40.6 48.0 31.5 20.6 60.0 46.0
BDC-Faster 68.6 48.3 47.2 26.5 21.7 60.5 45.5
WST-BSR (Kim et al., 2019a) 75.6 45.8 49.3 34.1 30.3 64.1 499
SW (Saito et al., 2019) 82.3 55.9 46.5 32.7 35.5 66.7 53.3
MAF 73.4 55.7 46.4 36.8 28.9 60.8 50.3
PT-MAF 80.8 52.2 48.7 37.5 37.7 64.9 53.6

The bold numbers mean the best performance
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Table 4 The cross-domain object detection on the Cityscapes and

KITTI
K—C C— K

MAFFIPT-MAFERE BRI, BRET
Faster-RCNN 30.2 53.5 D2_HDFA &, PT-MAFERIERR/MEE
DAF (Chen et al., 2018) 38.5 64.1 I EIFRIMRE,
SW (Saito et al., 2019) 37.9 71.0
MAF 41.0 72.1
PT-MAF 42.3 72.8

The bold numbers mean the best performance
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Table5 The cross-domain objectdetection from Sim10K to Cityscapes

AP of Car

Faster-RCNN 34.6 MAFFIPT-MAFERRILH REFAIMERE, Hep
DAF (Chen et al., 2018) 38.9 PT-MAFERTBLUBIRELHENTS T BRIFRI%
SW (Saito et al., 2019) 40.1 R.

SCL (Shen et al., 2019) 42.6

MEAA (Nguyen et al., 2020) 42.5

HTCN (Chen et al., 2020) 42.5

MAF 41.1

PT-MAF 43.2

The bold numbers mean the best performance
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Table 6 Detection performance
of different baseline models by

deploying the Paradigm Teacher  pAp (Chenetal, 2018) 250  31.0 405 2201 353 202 200 271 276

Methods Person  Rider Car Truck Bus  Train  mcycle beycle mAP

*D DAF+PT 27.0 31.7 375 294 409 275 16.0 26.3 29.5
SW (Saito et al., 2019) 29.9 423 435 245 36.2 32.6 30.0 353 34.3
SW+PT 334 45.5 46.7 25.0 4277 31.2 294 37.9 36.5
MAF 32.9 44.4 43.0 228 369 342 32.8 36.4 354
MAF+PT 344 47.5 447  26.8 429 40.2 32.6 38.3 38.4

The bold numbers mean the best performance
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Fig. 12 Algorithmic analysis. (a) shows the upper bound of both source
and target domains. (b) presents the A-distance across domains w.r.t.
different categories. (¢) is the mAP with different IOU thresholds
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Fig. 13 Comparison of the model with or without PT. We present the
performances of both MAF and MAF with the PT stream (MAF+PT).
We increase the o in Eq. 12 to search the relation of the source collapse

problem and adversarial learning
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Fig. 14 The heat maps of the discriminator scores of the HDFA and while the last two rows present the results of the target domain (Foggy
D?-HDFA modules, resp. In the heat maps, the red pixel is recognized Cityscapes). The D>-HDFA(F) and D>-HDFA(B) stand for the discrim-
to be aligned and its domain discriminator score is close to 0.5. The inator scores of foreground and background, respectively. Best viewed
blue pixel is misaligned and its domain classification score is close to in color (Color figure online)

0 or 1. The first two rows represent the source domain (Cityscapes),
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Table 7 Analysis of discriminators from the HDFA and D?>-HDFA
modules

w/o b3 w/o b4 w/o b5 All bs

MAF 37.9 36.2 33.9 38.4
PT-MAF 39.1 38.9 37.9 40.7
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PTRISH It (K8) : D2-HDFARSHSHr (R9) :

Table 8 The parameter analysis T 2 3 4 5 Table9 The parameter analysis Ag 0.5 0.7 0.9

of T and B 8 of Ap and A ¢ Ab
0.5 399 396 395 386 0.1 39.7 40.7 40.5
1.0 40.0 40.7 40.1 389 0.3 38.7 393 38.4
1.5 402 399 397 371 0.5 38.0 38.9 38.2

20 393 398 388 383
The bold numbers mean the best

The bold numbers mean the best performance
performance

= A, = 0.550 A; = 0.58, D2-HDFA H=ERSBITIBE AR TERISTHFA, &
XMER MRERIMRERE, XA T BT A sl S ERTmiE P R AR E L.



SNl

Sy e —

FAt-SNEEIR i AR 1T T it :

o ® source sample 60 ® source sample - _Y , @ source sample
target sample target sample M & 4’ » a target sample
-% ot & ! Gt e
" » » 40 "Jt ;T eTe b' o & oW
[ », 20 2] .
. o 20 [~ -~ *Jf) 'r t ’ ) -+
20 [ - a
L% o oRet o0 m‘ iy ".,r,“ » - ‘r‘f,u‘u“f‘ &5
&"‘.‘3 ' 0 “.Q.J“ ' ¢ & ST ae
1 B85 o , S g .
o . 4
- e 2 [ o o i
-20 » . o~ v e
& > '*’ ] [ -
—40 . J“"’ ® _ _'; , 4 :E’ o
=] ) Cen —40
—40 N L A ;"ﬁn ", R
L.
-60 —40 -20 0 20 40 60 -a0 -20 [ 20 40 60 40 -20 0 20 40
(a) Source-only (b) MAF (c) PT-MAF

Fig. 15 The t-SNE feature visualization of our models. We present the
results of source-only trained Faster-RCNN, MAF, and PI-MAF in the
figure. The samples from the source and target domains are shown with
blue and yellow colors, respectively (Color figure online)

(1) M source-only =B HZENAYREFN B iR
ATt AEERD, RPEBERNRZERR
X

(2) MAF {F3 HDFA 0 APFA XI55&HR, 3K

B MR A EBRFHENT T,
(3) PT-MAFERT RIFIEEETMER

SCISTFRR T ARERHHAY PT #0 D2-HDFA #REREE
RiF RS &N 1,
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FRE51M A - distance (B12(c)) :

M Target Results W Target Upper Bound
Source Upper Bound

50 47.8

45 40. #2 .5

40 35, 37 4
35
30
25
20
15
10

PT-MAF

—o—~MAF 2 [ mSource-only mMAF mPT-MAF |

——5W

—o—PT-MAF
DAF 16 |

| ds=2(1—¢)

mAP(%)
o w B K 8 K 8 & &8 &

L L L L L L L L N
05 0.55 0.6 0.65 O.TOBJS 0.8 0.85 0.9 0.95 e e e e e

(1) FriRHBIMAFSCIL 7 &/MYA - distance,
(a) The upper (b) A-distance (c) IOU v.s mAP (2) EIF D2-HDFA XFihE S FmagEsdss
bound performance across domains PT-MAF 7E4 train 38 JG’I‘E’\JFEE%EQEP%ILT

. . i . /YA - distance,
Fig.12 Algorithmic analysis. (a) shows the upper bound of both source

and target domains. (b) presents the A-distance across domains w.r.t.
different categories. (¢) is the mAP with different IOU thresholds
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Table 10 Ablation study of

2
MAF and PI-MAF WGRL APFA HDFA D PT mAP(%)

DAF (Chen et al., 2018) 27.8
MAF 30.2
30.3
30.9
354
v 384
38.8
v v 40.7

~

PT-MAF

NENENES
SN NN N
ANENENEN

~

(1) FrBEERH BRI R ERD EP R E.
(2) DAF BFEEISBIZEE, XogeERE
SFIERBTEXT.

(3) MAF 71 MAF+PT R4 IEHEEZEE
B, B—LESHOBEEET.

(4) PT-MAF EiS T iR, HaiSi
B RIRBERAE.

Fig. 16 Comparison of target feature maps. The red pixels in feature
maps mean the highest activations, while the blue ones mean the small-
est activations (Color figure online)
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AT IREEEMNEIIREGSEM, H—PRE 7e b MAF (PT-MAF) , BEEFFTIM:
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