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Problem Formulation
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Motivation

® Knowledge Distillation (KD) compresses large models for semantic segmentation but overlooks domain
generalization.

® Vision Foundation Models (VFMs) are robust on unseen domains, but conventional KD fails to transfer
this generalization.
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Motivation
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Our approach

Domain-general Distillation:

(1) Task-agnostic Distillation rgin Exp ~pp[Losp(Fo, (xp), Fo,(xp))]
(2) Domain-agnostic Distillation ~ min Exg -ps[Losp (Fo, (xs), Fo, (xs5))]
Task Learning: min Exs,ys) ~ps [L(Hg,, (Fo,(x5)), ys)]
i Step 1 : Task-agnostic Distillation ; Step 2 : Domain-agnostic Distillation k.
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Experiment Results

GTAV Cityscapes P-R
e et | SN Citys BDD Map Avg. | Night Snow Fog Rain Avg. | P-I  V-I Avg.
Tea: DINOv2 ViT-L | 3248M | 63.3 56.1 639 61.1 | 546 694 789 72.6 689|767 634 70.1
DINOv2 ViT-B | 106.8M | 59.6 543 62.6 588 | 499 67.6 775 69.9 662|723 559 64.1
Stu: DeiT VIT-B | 106.8M | 43.1 41.8 47.7 442 | 28.1 472 64.1 485 47.0|67.5 341 508
+Vanilla KD [38] | ViT-B | 106.8M | 48.5 482 532 499 | 332 557 713 57.0 543 |69.0 429 56.0
+CWD [42] ViT-B | 106.8M | 49.3 46.7 51.8 493 | 33.1 538 70.5 54.1 529|700 415 558
+Af-DCD [9] ViT-B | 106.8M | 484 452 534 490 | 31.7 543 673 553 521|695 425 56.0
+G2SD [21] ViT-B | 106.8M | 50.8 49.1 534 51.1| 33.1 557 69.5 56.8 53.8|724 467 595
+Vitkd [56] VIiT-B | 106.8M | 45.1 456 498 46.8 | 31.1 552 663 528 514|678 398 538
+Proteus [60] VIiT-B | 106.8M | 48.1 464 528 49.1 | 325 546 694 546 528 |70.1 435 56.8
+GKD ViT-B | 106.8M | 58.3 542 613 579 | 438 694 767 684 64.6 745 556 65.1
Tea: DINOv2 ViT-B | 106.8M | 59.6 543 62.6 588 | 499 67.6 77.5 69.9 662|723 559 64.1
DINOv2 VIiT-S | 419M | 532 513 57.1 539 | 393 64.1 68.7 61.0 583|739 540 64.0
Stu: DeiT VIiT-S | 41.9M | 349 338 428 372|227 430 550 422 407 [67.6 287 482
+Vanilla KD [38] | VIT-S | 41.9M | 45.0 442 499 464 | 314 513 63.6 50.1 49.1 | 703 37.6 54.0
+CWD [42] ViT-S | 41.9M | 459 445 498 46.7 | 31.7 510 647 526 500|704 38.6 545
+Af-DCD [9] ViT-S | 41.9M | 447 456 509 47.1 | 31.6 499 70.1 499 504 |71.2 382 547
+G2SD [21] ViT-B | 419M | 452 459 523 478 | 335 514 656 542 512|727 402 565
+Vitkd [56] VIiT-S | 41.9M | 425 425 482 444 | 280 513 65.1 459 476|629 349 489
+Proteus [60] VIT-S | 419M | 474 446 502 474 | 328 513 62.1 493 489|708 385 54.7
+GKD VIiT-S | 41.9M | 549 498 578 54.1| 393 604 727 584 57.7 738 487 61.3

N GTAV Cityscapes P-R
Method Arch | Famams Citys BDD Map Avg. | Night Snow Fog Rain Avg. | P-I V-1 Avg.
Tea: DINOv2 VIiT-L | 3248M | 633 56.1 639 61.1 | 546 694 789 726 689 |76.7 634 70.1
Stu: DINOv2 ViT-B | 106.8M | 59.6 543 626 588|499 676 775 699 662|723 559 64.1
+Vanilla KD [38] | VIT-B | 106.8M | 59.9 545 602 582 | 486 680 794 705 666|759 529 644
+Af-DCD [9] ViT-B | 106.8M | 59.5 53.0 600 57.5| 489 680 79.1 710 667|762 523 64.3
+Vitkd([56] ViT-B | 106.8M | 58.0 53.0 593 56.7| 466 676 77.1 696 652|755 51.6 63.6
+Proteus [60] ViT-B | 106.8M | 60.1 54.6 614 587 | 483 67.6 79.7 71.1 66.7 756 53.5 64.6
+GKD ViT-B | 106.8M | 62.6 550 61.8 598 | 483 713 803 720 68.0 754 564 659
Tea: DINOv2 ViT-B | 106.8M | 59.6 543 626 588 | 499 676 775 699 662723 559 64.1
Stu: DINOv2 ViT-S | 106.8M | 53.2 51.3 57.1 539 393 64.1 687 610 583|739 540 64.0
+Vanilla KD [38] | VIT-S | 41.9M | 529 494 563 529 | 386 626 738 618 592|765 489 62.7
+Af-DCD [9] ViT-S | 419M | 540 502 557 533 | 375 632 754 593 588|742 426 584
+Vitkd [56] VIiT-S | 419M | 499 49.1 557 51.6| 378 629 735 603 586|717 437 577
+Proteus [60] VIiT-S | 419M | 53.5 49.7 569 534 | 376 625 749 626 594 (760 425 593

ViT-S | 41.9M | 57.1 513 584 556 | 392 626 755 622 599|740 535 638
Tea: EVA02 TrV-L | 3248M | 584 525 59.0 56.7 | 39.1 649 733 626 600|748 488 61.8
Stu: EVA02 TrV-B | 106.8M | 56.2 53.0 594 56.2| 46.1 65.1 767 626 626|747 51.6 632
+Vanilla KD [38] | TrV-B | 106.8M | 544 532 594 557 | 435 652 753 625 616|714 474 594
+Af-DCD [9] TrV-B | 106.8M | 558 529 580 55.6 | 464 658 754 635 627|728 475 60.2
+Vitkd [56] TrV-B | 106.8M | 48.6 50.2 552 513 | 325 592 684 566 542|712 442 577
+Proteus [60] TrV-B | 106.8M | 53.7 528 594 553 | 454 647 742 61.1 614|735 486 6l.1
+GKD TrV-B | 106.8M | 59.0 545 610 582 | 469 678 77.1 658 644 764 579 672
Tea: EVAO2 TrV-B | 106.8M | 459 44.1 498 46.6 | 209 546 633 487 469 | 664 340 50.2
Stu: EVA02 TrV-S | 419M | 485 47.0 528 494 376 564 708 544 548|694 428 56.1
+Vanilla KD [38] | TrV-S | 41.9M | 47.5 462 522 486 | 34.1 57.1 69.7 521 532|699 422 56.1
+Af-DCD [9] TrV-S | 41.9M | 483 472 521 492 36.1 568 709 550 547|703 426 565
+Vitkd [56] TrV-S | 41.9M | 433 42,1 477 444 | 289 522 66.1 49.7 492|660 348 504
+Proteus [60] TrV-S | 41.9M | 47.1 451 51.1 478 | 340 563 708 506 529|684 418 55.1
+GKD TrV-S | 419M | 51.1 459 537 50.2| 360 590 712 558 555|717 457 587

Table 1. Performance comparison between proposed GKD and various KD methods
in the F2L setting. P-R: Potsdam-RGB, P-I: PotsdamIRRG, V-I: Vaihingen-IRRG.

Table 2. Performance comparison between proposed GKD
and various KD methods in the F2F setting.



Experiment Results

GTAV Cityscapes

Method TACI T T T T T L o @

F2F wi/o Task Learning 0 w/o Task Learning 0.2
Stu: DINOV2-B | 58.3 584 58.7 588621 639 64.1 662 641 — W/ Task Leaming ®{ — W/ Task Leaming
+Af-DCD 562 56.6 569 575|609 622 639 66.7 . .
+GKD 584 58.6 59.1 598 623 64.7 649 67.2 9 ) g' s60
Stu: DINOv2-S | 524 53.0 53.5 539530 550 56.8 583 S 60 39.7 S sl i
+Af-DCD 489 497 524 533|523 552 574 588 % g
+GKD 547 55.0 553 55.6 54.7 56.5 57.6 599 58 544

F2L Dataset Scale Dataset Scale
Stu: DeiT-B 421 421 432 4427[39.1 426 434 470 51 521
+Af-DCD 474 484 49.0 49.0[452 489 504 52.1 2497K  3437K  41.91K 97K MITK 4191K
+GKD 56.5 56.8 568 57.9 59.1 60.0 61.2 64.6 * GTAV SYNTHIA UrbanSyn ” GTAV SYNTHIA UrbanSyn
Stu: DeiT-S 357 36.7 37.5 37.2327 380 382 40.7 . .
+Af-DCD 460 46.1 462 47.1|436 465 490 504 (a) DINOvV2-L—ViT-B (b) DINOv2-B — ViT-S
+GKD 514 51.5 536 54.1 54.6 548 57.0 57.7
Table 3. Performance comparison under different labeled Figure 1. Performance comparison on more source domains under Citys + BDD + Map
data fractions. generalization setting.

Methods Citys BDD Map Avg. Task-agnostic Domain-agnostic QSD Frozen IoU

Distillation Distillation CLS Token Feature Mask Patch Encoder

MSET 450 442 499 464

QSDf 489 465 51.1 488 ; f,( ;: ; § ; :(6)3
MSE 542 490 56.1 53.1 ’. Fi X X x X s
CWD 53.0 489 538 519 7 ¥ 4 v v X X 534
Vitkd 532 487 550 523 v v v v v X 540
QSD 549 498 578 541 v v v v v o541

Table 4. Ablation study on distillation strategies. Table 5. Ablation study for each component.
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Thank you

Please feel free to contact me if you have any questions: youngerlv@stu.xidian.edu.cn



