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Problem Statement

* Domain-generalized semantic segmentation infers robust pixel-
wise semantic predictions on arbitrary unseen target domains
when a segmentation model Is trained on the source domain.

* The key challenge lies Iin the stability of the scene content, while
the domain gap Is caused by the style variation.

CityScapes BDD Mapillary _ (IIiI'A\"

d -2 B

SYNTHIA

Similar Content Varied Styles

L]
m

cross-domain style variation

night dawn
—

generalization to unseen domains

|

S a——




Problem Statement

* Analysis of frozen VFM features after Haar wavelet transform:

-- Low-frequency component exhibits a higher correlation &
smaller domain gap

-- High-frequency components exhibit a lower correlation & larger
domain gap
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What's New?

* We propose a Frequency-Adapted learning scheme, dubbed FADA, to
fine-tune VFMs tfor domain-generalized semantic segmentation.

* The proposed FADA, aided by the Haar wavelet guidance to mine the
style-invariant property of VFM, Is versatile to a variety of VFMSs.

* Experimentally, the proposed FADA significantly outperforms the state-
of-the-art DGSS methods, and yields an improvement up to 2.9% mloU
over the contemporary REIN.



Methodology

 \What's Haar wavelet?

Definition 1. Haar Scaling Function. Given an input signal x, the Haar scaling function is
mathematically defined as
1 0<t<l
(1) { 0 ot (1)

otherwise

Given the space of all functions of the form ZkeE apd(r — k) as Vi), where k € Z is an arbitrary
integer, and a;. € R. As cach element of V}, is zero outside a bounded set, such a function ap(z — k)
has finite or compact support.

Definition 2. Basis of the Step Function Space. Given an arbitrary nonnegative integer j € 7,
Let V; denote the step function space at the level j, which is spanned by the set

{022+ 1),0(272), (272 — 1),--- }. (2)

Definition 3. Haar Wavelet Function. The Haar wavelet is the function 1)(x) — ¢(2x) — ¢(2x — 1).

Haar Wavelet Transformation Haar wavelet pooling
(Porwik and Lisowska 2004) enables the separation from the

low-frequency component to high-component. It has four
kernels, namely, LLY, LHY HLY, HHT, given by

1 1

Level-1 Haar Wavelet L' = Vol 1,H" = Vi (2)



Methodology

* Why Haar Wavelet benefits DGSS?

Frequency analysis MATTERS to differentiate the content and details in an image
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Methodology

* Framework Overview: Frequency Adapted fine-tuning scheme (FADA)
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Baseline adapter:
Wei et. al. Stronger, Fewer, & Superior: Harnessing Vision Foundation Models for Domain Generalized Semantic Segmentation. CVPR 2024



Experiment

* Comparison with State-of-the-art

Trained on GTAS (G) Trained on SYNTHIA (S) Trained on Cityscapes (C)
Method Proc. & Year —-C =B —->M -+ S —C — B — M — G — B — M y_)(p;c — S
ResNet based:
IBN [44] ECCV2018 | 3385 3230 3775 2790 | 3204 3057 3216 2690 | 4856 57.04 4506 26.14
W [45] CVPR2019 | 2991 2748 2971 2761 | 28.16 27.12 2631 2651 | 4849 5582 4487 26.10
Iternorm [27) CVPR2019 | 31.81 3270 3388 27.07 . . . 4923 5626 4573 2598
DRPC [63] ICCV2019 | 3742 3214 34.12 2806 | 3565 3153 3274 2875 | 4986 5634 4562 26.58
ISW CVPR2021 | 3658 3520 4033 2830 | 3583 3162 3084 2768 | 5073 5864 4500 2620
GTR [46] TIP2021 3753 3375 3452 28.17 | 3684 3202 3289 2802 | 5075 57.16 4579 2647
DIRL [60] AAAI2022 | 41.04 39.15 41.60 . : : : . 51.80 : 46.52  26.50
SHADE ECCV2022 | 4465 3928 43.34 . : . . : 5095 60.67 4861 27.62
SAW CVPR2022 | 3975 3734 4186 3079 | 3892 3524 3452 29.16 | 5295 5981 4728 28.32
WildNet [33] CVPR2022 | 4462 3842 4609 31.34 : : : : 5094 5879 4701 2795
AdvStyle [67] | NeurlPS2022 | 39.62 3554 37.00 . 3759 2745 31.76 ; : : :
SPC 28] CVPR2023 | 44.10 4046 4551 . . . : . . : .
BlindNet CVPR2024 | 45.72 4132 4708 31.39 51.84 60.18 4797 2851
Mask2Former:
HGFormer*[18] | CVPR2023 . . . : . : . . 534 66.9 51.3 33.6
CMFormer AAAI2024 | 5531 4991 60.09 4380 | 4459 3344 4325 4065 | 5927 71.10 58.11 4043
VFM based:
DIDEX* WACV2024 | 620 543 63.0 ; ; ; » : : ; - .
REIN* CVPR2024 | 664 604 66.1 4886' | 4859! 4442 4864' 4697' | 63.54' 74.03' 6241' 4856!
FADA (Ours) : 68.23 6194 68.09 5036 | 50.04 4583 4986 4826 | 65.12 7586 63.78 49.75
1M.83 1154 1199 1150 | 1145 1141 1122 1129 | 1158 11.83 1137 11.19




Experiment

* Ablation Studies

Table 2: Ablation studies on each component of the Eroposed Table 3: Ablation studies of the rank r
FADA. LL, LH, HL and H H denote the fFr, fFH fHL on generalization performance. Evalua-

(3

and " components, respectively. v refers to that fine- tion metric is mloU in %.

tuning is implemented. Evaluation metric is mloU in %. Method Trained on Cityscapes (C)
F & Trained on CityScapes (C) Trained on SYNTHIA (S) -8B M -G -5

Tequency Components rained on Cityscapes - rammed on

IL LH HL HH | 5B =M =G =5 5C SB =M =G 4 64.21 7496  62.79  48.68
x X x X | 6243 7305 6129 4761 | 48.03 4327 4785 46.02 8 64.73 75.18 63.06 49.03
v X X X | 6385 7416 6204 4868 | 4879 44.81 4896 47.35 16 65.12 75.86 6378 49.75
v v X X 6304 7489 6295 4892 | 49.18 4507 49.13 4807
v v v X 6469 7516 6320 4935 | 4962 4537 4950 48.16 32 65.28 7534 63.56 49.42
v v v v | 6512 7586 63.78 49.75 | 50.04 4583 49.86 48.26 64 64.85 75.12 6238 49.64

Table 4: Generalization ability test of the proposed
FADA on different VFM models. One decimal result
is reported and compared following prior references.

Backbone Fine-tune Trainable mloU
Method Params* | Citys BDD Map Avg.
Full 304.15M | 513  47.6 543 5L
Freeze 0.00M 53.7 48.7 55.0 524
cLIP REIN 209M = 57.1 547 605 574
FADA 11.65M = 587 558 621 589
Full 632.18M | 57.6 517 615 569
Freeze 000M | 57.0 47.1 584 542
SAM REIN 451M 596 520 621 579
FADA 1659M | 610 532 634 60.0
Full 304.24M | 62.1 562 64.6 609
Freeze 0.00M | 565 536 586 562
EVA02 REIN 200M | 653 605 649 636
FADA 11.65M | 667 619 66.1 64.9
Full 304.20M | 63.7 574 642 61.7
Freeze 0.00M | 633 S6.1 639 6.1
DINOV2 53] g\ (69 299M | 664 604 66.1 643
FADA 11.65M | 682 620 681 66.1

Table 5: Generalization performance compari-
son on the four adverse condition domains from

ACDC dataset [65]. CityScapes as the source
domain. Top three results are highlighted as

best , second and third , respectively.

Trained on Cityscapes (C)
Method — Fog  — Night — R);'un pL—) Snow [ mean
ResNet Based:
63.8 21.2 50.4 49.6 43.7
63.3 23.8 50.1 49.9 453
62.4 21.8 52.4 47.6 46.6
64.3 24.3 56.0 49.8 48.1
Transformer Based:
ISSA 67.5 33.2 559 53.2 525
HGFormer [19 69.9 SOxT, 72.0 68.6 67.2
Mask2Forme 734 37.1 63.6 62.5 58.0
CMFormer [8] 77.8 33.7 67.6 64.3 60.9
VFM based: [
REIN' 79.5 55.9 72.5 70.6 69.6
Ours 80.2 574 75.0 73.5 71.5
l 10.7 T1.5 12.5 12.9 11.9




Experiment

 Cross-domain Visualization

Baseline Ours

Figure 3: Channel-wise correlation matrix of the @ BDDINK Mapillary ® GTAS @ SYNTHIA |
last layer VFM feature between source domain (C) i |
and unseen domain (B). The brighter a cell is, the
higher response.

Figure 4: t-SNE visualization. Feature embed-
ding is extracted from the last VFM layer. Left:
bascline; Right: ours.



Experiment

Understanding the benefit of instance normalization
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Experiment

* Visual prediction

ISW SAW WildNet Ours
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Experiment

* Visual prediction

Unseen images ISW SAW WildNet Ours
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Thanks for your attention!
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