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» Multi-target domain adaptation (MTDA) aims to
adapt a single model from a labeled source domain
to multiple unlabeled target domains.

India

» One of the crucial aspects in Multi-Target Domain
Adaptation is attribute alignment, given the varying
image distribution across domains.

» However, previous methods [1, 2] only globally
align attributes and do not achieve class-wise
alignment, which has limited their performance.

» Therefore, we propose a method for class-wise
attribute transfer from source domain to multiple
target domains.
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(c) Class-wise
attribute transfer

Ablation Study

> Effectiveness of HPP

(a) Source inputs (b) Translated images

Gray
Blue
Red

Pink
Green :

: Building
: Sky

: Person

: Sidewalk

Vegetation

(c) Target images (d) Pseudo labels

Mapillary

» Attribute transfer comparison

> Domain Transfer Results

Target images Input images
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» Multi-Target Domain Adaptation Results

mloU mloU mloU mloU
Method | ¢ 1 M | Awg Method | ¢ 1 M | Awg
ADVENT | 700 648 - | 674 _ | CCL [ 450 460 - | 455
t= | MTKT | 704 659 68.2 LG | ADAS | 458 463 46.1
OU | ADAS | 754 669 71.2 Ours | 465 469 - | 467
Ous | 744 692 - | 718 = | CCL [ 451 - 488 | 468
ADVENT | 601 - 687 | 689 4o | Apas | 458 492 | 475
+3 | MIKT | 711 - 708 | 709 Ours | 471 - 489 | 480
OJ | ADAS | 753 - 726 | 739 CCL | - 445 464 | 455
Ous | 748 - 738 | 743 12 | Apas 461 476 | 469
ADVENT | 698 656 680 | 678 Ours | - 457 487 | 472
12 | MTKT | 704 659 711 | 69.1 CCL | 467 470 499 | 479
O | ADAS | 749 667 722 | 713 D= | ADAS | 469 477 511 | 486
Ours | 740 703 743 | 729 J | Ours | 493 488 502 | 494

mloU mloU

Method C I M Avg.

Color Transfer | 33.8 374  42.1 37.8

DRANet 37.3 39.3 43.2 39.9

MTDT-Net 41.4  40.6  44.1 42.0

Ours 427 41.3 453 43.1

» HPP label accuracy

Cityscapes IDD  Mapillary | Avg.
?%N 0.59 0.57 0.55 0.57
Y77¢ + BARS 0.72 0.66 0.73 0.70
Ours 0.85 0.85 0.88 0.86
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