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Background

Introduction of Domain Generalized Segmentation

Domain Generalized Segmentation aims to train a model on source domains that can

generalize to unseen target domains without accessing their data during training.
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Progress: Enhancing local segmentation models - Enhancing pretrained VFMs.

Challenging: Directly fine-tuning VFMs often compromises their inherent generalization
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Motivation

How to enhance task-specific adaptability of VFMs while preserving their generalization capability?

« Simple way: use PEFT methods like adapters (e.g., LoRA) or selectively fine-tuning small subset of parameters..
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Disadvantages

€ Adapters does not fully leverage the internal representations
of the VFM.
€ Fine-tuning small subset of parameters fail to guarantee the

generalization ability of the VFM.



Motivation

B: 5~9 FFN

How to effectively fine-tune VFM for DG tasks ?

B: 10~14 K-V -

We find that, 51 10-14 71

B: 15~19 Q-

* Fine-tuning different layers of VFMs yields varying impactson ~ **™*
generalization performance. ~

B: 20~23 Q-
B: 20~23 K-V -

B: 20~23 FFN

« Some parameters are crucial for task adaptation, while others
are essential for preserving generalization.

Tuning different léyers of VFM

70

E Finetune
BN Freeze _
 This suggests the existence of domain-sensitive parameters c= { mm peln - -
. QT B
that should be selectively tuned for DG tasks. ol = criaune i
i i

Performance (mloU %)
w w
? [9,]
|

A
o

40-

CLIP MAE SAM EVA02 DINOV2
VFMs



Outline

* Background
* Method

* Experiments



Method

Fo =E; [Eysy(yie) VoL(fo(2),y) - VoL(fo(2),y) '] === = oo oo oo oo |

: Higher FIM, more information sensitive to changing |
The Fisher Information Matrix captures task-sensitive 1 Lower FIM, less information insensitive to changing |
parameters, not the domain-sensitive parameters

ﬂ New metric
5 Fo(z,y) —Fo(z',y)]

DRFy = Fy(x,y) +e (nteo) .
Domain Shift: ‘—"—// 0 \i(\,—JZ H]lIl(FQ ( ) FQ ( )) + f;

task-sensitive ™ ~~
domain-sensitive

FIM DR-FIM FIM DR-FIM FIM DR-FIM FIM DR-FIM

AF, — ‘FQ(I,Q)—FQ(II,y)‘
" min(Fy, (1), Fe, (7)) + ¢

We introduce a new metric, Domain-Related FIM (DR-
FIM), to account for both task-sensitive and domain-
sensitive parameters

Reflecting the model’s varying sensitivity to
parameter changes in data distributions.



Method
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Directly estimating FIM and DR-FIM is often unstable,

due to high gradient noise and sensitivity.

ﬂ Stable estimation

Variational Estimation:

L(0,A7") = Eg.q0) [L(0)] + v K L(q(0)|p(0)).

We introduce the prior parameter distribution as a

regularizer to prevent degradation during estimation.

According to the definition of FIM and its
connection with the Hessian matrix, we have

|
Egmq(g) [ﬁ(g)} ~ L(0)+ 5 Tr (FQA_l.)
Finally, the DR-FIM can be estimated as,

|ﬁm — ﬂm'l
min(Az, Ayr) + 5

DRFy = v (ﬁm — 772] 4 g (eutea)
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Experiments ‘ Main Results

GTAV — Cityscapes (Citys) + BDD100K (BDD) + Mapillary (Map)

70
VFM type Fine-tune Method  Trainable Params Citys BDD Map  Avg. B fFinetune
Full 304.20M 513 476 543  SLI Bl Freeze _
Freeze OM 537 487 550 525 ,
CLIP [49] LoRA [22] 0.79M 540 498 551 530 65+ EEE Rein —
(ViT-Large) VPT [25] 3.69M 540 518 575 544 0 VQT
Rein [63] 2.99M 571 547 605 574 — .
VQT [60] 3.01M 543 512 567 553 R 1 ChildTune
ChildTune [66] 15.21M 579 534 582 565 D 60T [ FisherTune —_—
Ours 15.21M 592 575 610 59.2 o
Full 304.20M 537 508 581 542 £ |
Freeze OM 433 37.8 480 430 U oee N
MAE[19] LoRA [22] 0.79M 446 384 525 452 e 93 .
(Huge)) VPT [25] 3.690M 527 502 576 535 ©
Rein [63] 2.99M 550 493 58.6 54.3 =
VQT [60] 3.01M 533 503 577 538 S 4.
ChildTune [66] 15.21M 554 506 58.1 547 T
Ours 15.21M 566 519 597 561 P
Full 632.18M 576 517 615 569
Freeze 0M 570 471 584 542 45+
SAM [28] LoRA [22] 0.79M 574 477 584 545
(Huge) VPT [25] 3.69M 563 527 578 556
Rein [63] 2.99M 596 520 621 57.9
VQT [60] 3.01M 567 539 593 56.6 40-
ChildTune [66] 15.21M 608 496 612 572 cLip MAE SAM EVAD2 DINOV2
Ours 15.21M 60.9 544 639 597 VFMs
Full 304.20M 621 562 646 609 .
LoRA [22] 0.79M 555 527 583 555 Table 1: Comparlson Of average performance dCIroSS
AdaptFormer [7] 3.17M 63.7 599 0642 62.6 . R R
EVAO2[IS] vpT 5] A6OM 622 517 625 608 multiple VFMs in DGSS experiments on GTA —
(Large) Rein [63] 2.99M 653 61.1 639 634 . . . . .
vOT 160 B0IM 613 551 @2 595 Cityscapes + BDD100K + Mapillary using different fine-
ChildTune [66] 15.21M 616 593 623 6l.1

Ours 15.21M 658 615 660 64.4 tuning methods,



Experiments ‘ Main Results

Cityscapes — BDD100K

Fine-tune Method — Trainable Params road side.  build.  wall fence pole light sign vege terr.  sky  pers. rider car  truck  bus  train moto.  bicy. mloU

Full 304.20M 89.0 445 896 SI1 464 492 600 389 89.1 475 917 758 482 917 525 829 810 304 499 637
Freeze oM 92.1 552 902 572 485 495 567 477 893 478 9L1 742 467 922 626 T1.5 417 296 472 633
REIN [63] 2.99M 924 591 o007 sS83 | 537 S18 582 464 808 404 008 739 433 923 643 816 T09 404 540 664
DINOV2 VQT [60] 3.0IM §8.3 499 8590 507 479 443 556 392 861 428 875 713 454 894 535 826 749 461 574 631
ChildTune [65] 15.21M 92.1 561 OLO 588 469 520 586 472 008 479 [ 033 720 470 930 639 762 479 288 483 638
Ours 15.21M 921 554 902 589 509 545 s98 491 925 528 910 737 515 927 67.4 829 728 443 541 617
Full 304.20M 89.3 469 899 477 456 S0.1 568 422 888 484 899 758 490 905 453 692 559 444 551 621
REIN [63] oM 93.1 527 880 474 311 417 460 396 857 414 895 675 397 89.0 470 728 463 192 352 565
VQT [60] 2.99M 9.7 S1& 901 | 528 484 482 560 420 891 441 902 742 470 9L1 545 841 789 472 sS04 653
EVAOZ  childTune [65] 3.01M 90.1 466 OL1 469 464 517 565 432 893 496 0923 750 S03 903 446 TI.8 574 440 558 628
ChildTune 15.21M 91.4 507 889 479 474 546 563 459 912 500 912 761 522 923 480 693 552 439 598 638
Ours 15.21M 926 4909 959 511 530 508 308 457 929 546 940 835 522 939 451 604 570 472 624 6AS
Cityscapes — ACDC
Full 304.20M 92.8 750 874 557 541 556 712 696 824 S60 0922 668 456 89.0 797 B9 875 514 627 TLT
Freeze oM 86.0 681 802 524 478 482 655 653 800 547 862 650 449 864 733 805 869 501 609 675
REIN [63] 2.99M 946 783 920 619 550 648 738 727 884 674 954 TL1 602 926 841 869 925 6.6 686 76
DINOv2 VQT [60] 3.01M 933 764 892 550 539 539 720 673 834 553 951 677 470 905 816 863 882 501 619 720
ChildTune [65] 15.21M 929 728 847 566 541 568 709 677 823 557 936 659 453 896 776 878 8.0 525 622 714
Ours 15.21M 956 79.0 965 605 583 649 756 777 850 613 986 736 S15 948 854 047 938 590 667 775
Full 304.20M 90.2 688 81O 537 499 481 687 642 801 574 881 688 418 897 741 821 897 500 568 686
Freeze oM 86.0 605 763 400 417 461 605 610 721 498 777 567 406 803 683 772 855 467 564 628
REIN [63] 2.99M 887 71L& 817 552 517 505 705 649 837 590 903 720 483 930 793 833 913 508 620 709
EVAO2 VT [60] 3.0IM 903 71.2 814 543 531 491 679 643 820 605 869 668 413 893 766 817 913 472 557 69.0
ChildTune [65] 15.21M 864 688 810 544 S06 489 696 645 832 578 882 690 479 902 748 828 903 510 614 695
Ours 15.21M 9.5 752 836 588 546 522 731 666 85T 605 902 TO7 OSLS 923 826 882 919 540 624 0 T2

Table 2: DGSS generalization performance for each category from the Cityscapes source
domain to mixed-domain BDD100K and ACDC, with comparison methods including
adaptor-based Rein and selective parameter fine-tuning methods.



Experiments | Visualization

Unseen Image Rein Ours w/o DR-FIM Ours

Figure 2: More structured and semantic segmentation on extreme scenarios.



Experiments | Evaluation

Ablation Study Different Estimation Methods
Cityscapes =BDDI00K  Cityscapes =ACDC
Full 62.1 68.6 77.51 X — FIM
Freeze 56.5 62.8 750 DR-FIM
Random 611 67 6 ' —— Stable Estimation FIM
5115, Random Q 62.8 69.1 72.5 2laiie Eetimation DREIM
EV’EO:[ D1 Random K 61.9 68.1 3
(Large) Random V 62.9 69.2 <700
Fg 63.8 69.5 3
AFq 63.1 71.3 €675 .
DRFg 65.8 (+3.7) 72.9 (+5.3)
65.04 *
Full 63.7 71.7 v
Freeze 63.3 67.5 62.5-
Random 62.7 71.0 s
~ Random @ 63.2 72.0 60.01__ . : : .
DINOv2 [5] Random K 63.5 723 C-B C-A G-C G-B G-M
(Large) Random V' 63.2 72.9 Task
F 63.8 71.4 . . . . o .
A, s e Stable estimation significantly improves the
DRF, 677 (+4.0) 715 (+5.8) effectiveness of both FIM and DR-FIM
DR-FIM outperforms both FIM and |

random selection strategies.



Expe riments ‘ Pre-training Transfer

Different Estimation Methods
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(c) DR-FIM with Stable Estimation

Stable DR-FIM estimation more effectively
highlights important parameters

Fine-tuning Transfer

FisherTune produces more balanced and domain-
invariant feature distributions across unseen domains
compared to Rein.




Thanks for Your Listen!



	Slide 1:  FisherTune:  Fisher-Guided Robust Tuning of Vision Foundation Models for Domain Generalized Segmentation
	Slide 2: Outline
	Slide 3: Background
	Slide 4: Motivation
	Slide 5: Motivation
	Slide 6: Outline
	Slide 7: Method
	Slide 8: Method
	Slide 9: Outline
	Slide 10: Experiments | Main Results
	Slide 11: Experiments | Main Results
	Slide 12: Experiments | Visualization
	Slide 13: Experiments | Evaluation
	Slide 14: Experiments | Pre-training Transfer
	Slide 15

