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Fig. 4. Taking SYSU-MMOI1 dataset (RGB-Near infrared) as an example, compared with the original data, the synthesized images (the 2nd row, the 3rd
row and the 4th row) has a significant difference from the original images in appearance. Best viewed in color and zooming in.
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RegDB— Synthetic RegDB (random) RegDB— Synthetic RegDB (lighting) RegDB— Synthetic RegDB (color)
Method Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
Target Model 5400 6947 7738 4994 | 5471 6301 7413 4958 | 5049 6515 7383 44.08
baseline 7.28 11.46 15.83 8.06 | 456 8.74 11.99 567 | 1019  19.03 2393 1095
Circle Loss[34] 359 8.16 12.52 3.71 495 10.73 14.47 5.66 1.31 335 5.78 225
Instance Loss[57] || 5.58 11.31 14.37 5.53 5.39 10.44 15.00 5.65 437 7.77 10.87 5.10
Contrast Loss[58] || 5.58 10.83 14.95 5.09 6.60 11.89 16.55 6.97 335 597 8.11 453
Sphere Loss[25] 5.87 10.53 13.54 546 || 7.23 13.25 17.57 594 || 553 10.24 13.74 4.90
DDAG[50] 7.28 13.64 20.83 678 | 1121  2L12 2811 1131 | 6.50 12.86 17.18 772
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MGMRA[4] 3.30 7.96 11.46 349 | 1893 3155 4010 17.67 | 825 15.58 21.21 9.79
CMNAS|2] 0.68 3.25 5.49 146 | 1189  21.07 2723 1205 | 1044 1874 2432 10.99
DGTL/[23] 1413 2432 2888  10.16 | 1149 2131 2723 1095 | _9.42 16.41 21.36 8.88
LbA[30] 3364 4078 1576 2180 2675 13.07 13.35 1820 7.93
CAJ[49] 0.73 1.70 2.96 1.21 8.20 16.36 25.68 9.33 6.26 12.43 17.48 7.40
ADDA[38] 6.21 14.08 20.58 5.05 311 502 9.76 399 383 767 10.68 454
GVB[8] 9 15.92 2218 717 9 9.51 12.86 6.47 10.53 15.05 5.84
DBSCAN[10] 3170 3908 1517 1762 2262 1042 23.01 2951 13.39
UNRN[54] 1694 3049 3825 1477 | 1238  18.64 2291 11.04 | 859 13.69 17.48 8.19
Rectifying[56] 9.08 19.13 2553 901 | 1262 1971 2432 1165 | 777 13.54 17.96 7.40
DAN(ours) [2913 ] [45.63 | [53.16 | [23.29 | [22.82 | [34.22 | | 42.04| [ 2214 | [26.17 | [ 38.74 | [ 46.36 | [ 24.92 |
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FSELSCIavFN S pkiak

CAJTESYSU-MMOT—2 5t %3. SYSU-MMO1ZI&EAISYSU-MMO 1 BiREAIES TS RELL AR

SYS U _ M M 01 (I | ht| N )1} SYSU—Synthetic SYSU (random) SYSU—+Synthetic SYSU (lighting) SYSU—+Synthetic SYSU (color)

g g Method Rank-1 Rank-5  Rank-10 mAP Rank-1 Rank-5  Rank-10 mAP | Rank-1 Rank-5  Rank-10 mAP
AZ J: /5 If/D AN N 4 Target Model 3326 61.68 7439 3404 | 3180  56.69 7261 3249 | 4043 69.97 8146  39.52
75 H&{q?t * ; \ baseline 14.98 37.59 5216 1698 | 895 25.72 3776 1122 | 1236 29.18 39.89 1077
o Circle Loss[34] 14.37 33.84 4650 16.01 6.18 19.31 30.14 8.85 2.80 9.82 16.50 4.14
'HEEE Instance Loss[57] | 14.05 3470 4777 1522 | 748 2251 3446 982 | 395 1277 2052 538
Contrast Loss[58] | 13.79 37.08 51.61 1665 | 853 26.83 4084 1227 | 542 16.59 25.50 6.36
Sphere Loss[25] 9.82 25.28 35.85 1077 | 7.38 22.41 34.63 973 3.95 12.08 19.82 491
DDAG[50] 11.87 30.57 243 1276 | 9.71 27.60 40.78 1181 | 11.73 26.48 35.63 9.62
HcTri[24] 16.64  36.65 49.65 17.36 | 11.33 27.08 37.63 1200 | 1299  27.00 34.68 9.93
MGMRA [4] 1105 2694 3816 1139 | 1130  29.60 4216 1248 | 851 17.19 24.19 6.75
CMNAS|2] 447 15.17 24.97 6.57 5.10 18.25 29.71 772 5.55 14.18 2141 5.51
DGTL[23] 17.93 37.23 4889 1761 | 1329  34.09 4700 1480 | 1427 3101 4044 1106
LbA[30] 19.65  42.70 5622 1992 | 1309 34.68 4872 1466 | 474 16.11 25.55 6.08
CAI[49] 2060 4479 5847 2094 |[1441 | [3592 | [4938] [1637] 968 25.03 35.53 9.41
ADDA[38] 16.41 4231 5698 1752 | 1242 32.58 4632 1428 | _16.83 4038 55.11 16.23
k7 e stz 3¢ I A GVBI[8] 4804 6219 2029 31.66 4541 1355 3633 49.83  14.59
IE1Z|K;E-LEE D A N *E :I:E =] DBSCAN[10] 16.75 37.58 5066 1764 | 690 20.35 31.41 873 764 20.83 29.77 7.49
- o . s s UNRN][54] 1838  43.20 56.64  17.61 | 11.83 29.42 4189 1374 | 497 17.70 25.53 6.45
Rectifying[56] 18.01 4141 5632 1848 | 844 2435 36.42 9.57 3.81 10.99 16.83 467

E‘ZJH/\J E ¢/TiEEJ:L#'fTE'5$EID\E5 DAN(ours) [2545 ] [53.96] [68.13 | | 25.08 || 1349  34.84 49.08 1535 | [19.40 | [4392 | [57.18 | [ 17.41 |
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——Rank-1 —=—mAP —=—Rank-1 —*—mAP —e—Rank-1 =—=—mAP
21 20 21 19.6 20.5 20
20 195 205 194 195
S 19 g 20 2 = 19
= A 185 £ < 19 5 & A S
T 18 = T 195 188 = T 195 18.5 &
E 17 - E 19 186 E 13 E
175 = 18.4 = 9
16 17 185 182 17.5
15 165 18 18 185 17
0 01 03050709 1 13 15 0 01 03050709 1 13 15 0 0103050709 1 13 1.5
The parameter i, The parameter 2, The parameter A5
——Rank-1 ——mAP —=—Rank-1 -=—mAP ——Rank-1 ——mAP
21 20 21 20 20.6 195
20.5 195 205 195 20.4 19.4
20
= . = . ~202 193 _
= ' % =185 . % g o8 ot %
& 19 18 & % 18 & 19.6 19
18.5 17.5 17.5 17.5 194 18.9
18 17 17 17 19.2 18.8
1 2 3 4 5 6 7 8 9 0.1 02 03 04 0.5 0.6 0.7 0.8 0.9 0.1 03 05 07 09 1 13 15
The number of reliable samples m The parameter A The parameter n
Fig. 6. Hyper-parameters analysis on ThermalWorld—RegDB task. 1j, A2 and A3 are trade-off parameters in model Eq.(15). m is the number of reliable

samples and A balances the effects of the pseudo label and reliable classes in Eq.(9).  balances the effects of the moments in CMA of Eq.(14).
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X = AMESRET AR ST AR
THNE A EiES R, LA

R=EeE.

Z=4.7% thermalworld — regdb {FS={EREHEAIDAN

AT ARES R ERE DT

Method Rank-1 Rank-5 mAP

baseline 13.64 21.33 14.47
baseline+DAA 19.08 28.51 18.06
baseline+Softmax (hard label) 15.67 24.99 16.73
baseline+Softmax (soft label) 17.08 26.74 17.45
baseline+CMA 17.18 25.44 17.67
baseline+DAA+CMA+soft label 20.41 30.53 19.43
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Fig. 7. Visualization of retrieval results of target domain on ThermalWorld— RegDB task. The green boxes indicate correct results and the red boxes are
incorrect. The first line is a list of the results of the baseline model without adaptation, the middle row shows the results of our DAN, and the bottom shows

the results of the Target Model (the upper bound) trained by ground-truth target labels. Best viewed in color.
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Fig. 8. Randomly occluded images on the ThermalWorld dataset. The first
row is RGB-modality data with randomly block occlusions and the second
row is Thermal-modality data with randomly block occlusions.

=55 7ERegDBFIThermalWorld - BB A T R s

o e )
DANELXE%TE%*’%@KTL}E RegDB (O) ThermalWorld (O)
HEEN M, Mecthod | R-1  R-5 mAP | R-1___R-5 mAP

baseline 3068 4748 24.63 | 21.96 39.20 11.20
DAN(ours) | 47.18 63.40 37.31 | 27.24 50.75 13.65
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