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Background - Domain Generalization

* Definition
* Given: trainingdomains ={ | =1,..., },where ={( , )}_;

e Condition:

* Joint distributions are different, i.e., = ,

* Test domain cannot be accessed in training

 Goal:

* Achieve minimum test error on test domain
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Background - Dataset & Benchmark
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Background - Domain Generalization for Dense Predictions

* Settings
* Input: a single image
* Qutput:
* Semantic Segmentation: pixel-level labels

* Object Detection: bbox & categories

e Evaluation Metrics:

* Semantic Segmentation: mloU

Input Space
e Object Detection: mAP S —
Extra (Real) Image Feature
Data Augmentation Selection
FSDR [17] DPCL [63] DIRL [62]
WEDGE [25] DRPC [66] FSDR[17]
DRPC [66] AdvStyle [73] ISW [6]
GTR [41] FSDR[17] IBAFormer [51]
WildNet [29] GTR [41] CMFormer [4]
TLDR [26] TLDR [26]
CSDS [34] RICA [52]
PASTA [5]
SIL [69]
MoDify [22]
CSDS [34]
DGinStyle [21]
CLOUDS [2]

IBAFormer [51]
DIDEX [37]

Methodology

Domain Generalization
/\

Classic Approaches Foundation-Model-based
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Feature Space

Qutput Space Feature Space
Feature Feature Contrastive Consistency Efficient Vision-Text
Regularization =~ Augmentation Learning Fine-Tuning Alignment
DIRL [62] SiamDoGe [59] SPC[18]  SiamDoGe [59] Rein [57] tqdm [38]
BlindNet [1] MRFP [55] BlindNet [1] GTR[41] FADA [3] MFuser [68]
IBN-Net [39] SPC [18] DPCL [63] SHADE [72] SoRA [67]
ISW [6] FGSS [70] CDPCL[33]  WildNet [29] SET [64]
SW [40] PtM [24] PtM [24] SRMA [23] VLTSeg [20]
SAN+SAW [42]  WEDGE [25]  WildNet [29] CSDS [34] FisherTune [71]
CFC [30] SHADE [72] MFuser [68]
SRMA [23] WildNet [29]
ReVT [53] RICA [52]
SHADE [72] SRMA [23]
TLDR [26] FAmix [9]



Background - Vision foundation models (VFMs) for DG

* Motivation

* Preserve the world knowledge of &
VFMs while effectively learning
task-specific features.

e Architecture for DG

* Frozen Backbone + PEFT
modules + Task head

(@)

Figure 1: Visualization of the first PCA components. We compute a PCA between the patches of the
images from the same column (a, b, ¢ and d) and show their first 3 components. Each component is matched

[ ) Li m itatiO n S to a different color channel. Same parts are matched between related images despite changes of pose, style
or even objects. Background is removed by thresholding the first PCA component.

* Generalized knowledge is easily
disrupted during fine-tuning

Architecture Paradigm

V,
(b) DGSS




The number of classes with acc. drop ratio exceeding threshold

Preliminaries: SVD Analysis

* Testbed: ImageNet 1k Recognition
* Computes the SVD of pre-trained weights

across all layers of the DINOv2 ViT-large model
1000 10% thr. R
20% thr. T T
30% thr. W=U Z Ve = Z T UiV;
—e— 40% thr. 1=1

800 —@— 50% thr. . . U=[ug,ug, -, uy,] € R™™
—e— 60% thr. in which nxn
—e— 70% thr. V= [’017’023"'5%71] cR
—e— 80% thr.

600 —@— 90% thr.

* Truncation: Set specific singular values and
their corresponding singular vectors to 0
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Specific < General

Preliminaries: SVD Analysis
« FERRHIE RS HHT AT

~_* General recognition
~« Top-1 acc. drop : 86.1% - (999 classes)

* Coarse-grained / shape-biased recognition
~*» Common object recognition

» Top-1 acc. drop : 18.8% - (139 classes)

* WordNet hierarchy depth : 10

» Fine-grained / texture-biased recognition
» Context-specific object recognition

» Top-1 acc. drop : 4.7% - (13 classes)

*  WordNet hierarchy depth : 13

Top 8 principle components: U[, .5 .5 v 18]
Middle 160 singular components: U[:,384:544] 2[334:544] (VT) (384:544,:] 5

Bottom 320 minor components: U|. 320, 2320 (v (-320:]

iR -
VFM ENESREMND RISEEZ IR, K5HE
PR IRABESS / ST ERIR

Top-component truncated model:

Co-occurrence




Minor Singular Components Adaptation

Summary: BISEFFEDH (SVD) HOTUIGNE, (XFABEZ/N r MHRENNAVRESTFD .
IREEREMNT, LMRBVIMsEZWBENHENFEIESHERENSHERUNAE (PEFT) A
1. Perform SVD on the pre-trained weight matrices

W = UZ VT = iaiuivf in which U = [uq,ug, -+, Up) € R™™ V = [v1,09, -+, vp] € R™"
2. Initialize the adap?;c_elr with QR-type reconstruction of minor singular components

The Minor Singular Components: Uy, .1 X, (V1 ]

B=U. oVE . eR™" A=VE (V) €R™"
3. Update

y= (W —-BA+ B'ANx = (W,es+B'A')x = W'z,
AW;;MA




Discussion

y= (W —BA+ B'Ax = (W,es+B' ANz = W'a.

W
A‘/]V,S’()J\/_I'A
TAW’U,,;
1. Aim: Quantify the interference of learned A SMR,; = ’ o |
1
on Pretrained Weight
SMR | Block I 7 | AWSoMA AngoMA AWLORA
2. Method: Quantify the extent of interference of 0255 | 0075  0.08401m 0101
i : : 256-511 | 0.094  0.094 59  0.166
A on 0 through SlngUIar mOdUIat|0n ratio 12th 512-767 0.157 0.165 E¢40%; 0.275
. . . wl AW, 768-1023 4.104 6.152 (1 21%) 5.095
(SMR): The projection of A on singular vector [ —|
i 0-255 0.097  0.095 2%  0.125
of the | ouh | 256-511 | 0105 0.108 3w 0.166
512-767 | 0206  0.189 a1 0.323
768-1023 | 2781  3.620 t2e%  2.865

3. Advantage: SOMA effectively preserves the

Table 1. Singular modulation ratio comparison. * indicates the
structure of the VFM’s generalizable knowlege. adaptation matrix trained using the annealing weight decay strat-

egy. The weight matrices are taken from the query projection lay-

ers of the 12th and 24th attention blocks in DINOv2-Large [58].



Freezing Early Blocks
HREMTTEMEES (VEMs) BU%E (Early Blocks) AI{REBGUBAZIE XL, GRS SRR

eyl

B2, HAWMHELNNE, BEEIR

SELLHEZESFIBIE,

1. #lRi&: VFMs Early Blocks (i%BRlayer) FERIEEEMAEINENXSHE, ZXEHRAEESIHHEERZEY;

iNElayer A ERIFEIRGY, HIEEEES
2. B pHIERBSEIGTRE, REEFU

ZHNZ{EEN], BRI RIS EIER,

3. [RIBMSEIS: 18T PCA ZHTIESLEarly Blocks#HIERISUIBAZRNE, AREREEZEE] loU BERTT (&) .
4. BSHERLEN: BONFEERRSDHERIFEEIZBIRIR (W1 81R) , KRESSFEFIBIMLE.

W :i'i.i e e

FFT10/8{574/592 393
SoMA |0/ 8 621

_______

55.0 / 55.1 58.6 / 67.9 55.4 / 49.0 68.9 /69.7 78.3 / 81.1 66.9 / 68.0 304 /201

51.3/53.161‘ P 9.1 / 69.1 Bo MRl 706 /

Bicycle  Mo. cycle  Rider Train Tr.sign  Tr. light Bus mloU  Params. (M)

Up: Visualization of PCA on 8th block’s feature of the top 3 components
Bottom: Class-wise loU comparison for rare classes

REVITEESHERERIR R

# frozen early blocks ‘ 0 4 8 12 16

Citys. perf. (mIoU in %) | 70.62 71.51 71.82 70.71 70.47
Params.* 73M  6.IM 49M 37M 24M

Table 14. Performance comparison with varying numbers of
frozen early blocks under GTAV — Cityscapes DGSS setting.



Annealing Weight Decay

- BANERRRED)GHELIEHENERTREREE, EARAATEMER (VPM) Fi)ll4Z (tee
HUBTR MeFFBEIME, 2 EZWiESHaIERIKERES.
« ZIMBRIE: Weight DecaylBId BRHIF S ZBH LY IR EIREYZ (LEE I TBE; ERIWeight Decayfi)||ErEEIF I RIS
FIBIMEARE.
o 1ZOKEE: DIRKINERRAEG )4, GEUZE cosine scheduleERTUELEES,
- {ERINE: BEREESINESRIDHISIE. RETIGz 0, EEEEEENLIEE, LHERIE TS 3] task-specific #I5
- SRR 5 soma HfthB4hE, BEEAMRERFNRBIMEE, BANEIIEIMTEFE.

Methods Params.* DGSS Avg. DGOD Avg.
Full fine-tuning (baseline) 304.2M 64.4 51.0
L + Freezing early blocks 201.6M  65.0 (r06) S51.4 (104
L + Tuning principal components 49M  66.1 1.y  53.0 (116
L + Tuning minor components 49M  67.7 r27  53.8 (124
L + Annealing weight decay 49M 683 106 54.3 (105)

Table 8. Effect of our changes evaluated on DG benchmarks. See
the full ablation study in the Supplemental.



Experiment Results - Semantic Segmentation

Multi-source DGSS Trained on GTAV + SYNTHIA

oRein' [80] DINOv2-L 3.0M 7217 6153 70.69 68.13
oSoMA (Ours) DINOv2-L 49M 73.16 6190 72.73 69.26
¢ SOMA (Ours) DINOv2-L 49M 7485 63.59 73.92 70.79

Synthetic-to-Real Generalization Test Domains (mloU in %) Multi-source DGSS Trained on GTAV + SYNTHIA + UrbanSyn

Methods Backbone Params.* —Citys. -=BDD —Map. Avg. oFFT DINOv2-L 3042M 7590 6093 72.80 69.88
: _ : 0SoMA (Ours) DINOv2-L 49M 7733 6278 7493 71.68

L i e o FFT? DINOv2-L 307.3M 77.06 61.81 75.09 71.32

oCLOUDS [3] CLIP-CN-L 0.0M 60.20 57.40 67.00 61.50 oReint [80] DINOv2-L 3.0M 7842 6220 7449 71.70
oVLTSeg [36]  EVAO2-L 304.2M 6530 58.30 66.00 63.20 o0SoMA?T (Ours) DINOv2-L 49M 7922 63.84 76.30 73.12
oRein [80] EVAO2-L 30M 6530 60.50 64.90 63.60 o Freeze DINOv2-G 0.0M 76.08 61.98 72.23 70.10
o FADA [4] EVAO2-L 11.7M  66.70 61.90 66.10 64.90 o FFT DINOvV2-G 1.1B 7690 61.69 73.53 70.71
o tqdm [59] EVAO2-L 3042M 68.88 59.18 70.10 66.05 0SoMA (Ours) DINOv2-G 6.6M 7839 63.75 75.16 72.43
o SoMA (Ours) EVAO02-L 5.1IM  68.05 60.81 68.33 65.73 ¢ SOMA (Ours) DINOv2-G 6.6M  80.37 65.67 76.18 74.07

e SOMA (Ours) EVAO2-L 5.IM 6994 6248 68.33 6692

DoRA [52] DINOVZ-L 75M  66.12 5931 67.07 64.17 Table 2. Comparison of the proposed SOMA with existing DGSS

VPT [37] DINOVZ-L 37M 6875 5864 6832 65.24 oand PEFT = methods under various synthetic-to-real settings.
o SET [86] DINOV2-L 6.IM  68.06 61.64 67.68 65.79
o FADA [4] DINOV2-L 11.7M 6823 61.94 68.09 66.09 — : :
AdaptFormer [12] DINOV2-L  63M  70.10 59.81 68.77 66.23 Real-to-Real Generalization Test Domains (mloU in %)
SSF [51] DINOv2-L 05M 6897 61.30 68.77 66.35 Methods Backbone Params.* —BDD —Map. Avg.
LoRA [33] DINOvV2-L  73M  70.13 60.13 70.42 66.89 - _ -
eReinf [80]  DINOV2-L 30M 7068 6251 69.61 67.60 Shpiesouen SIS o Ciyiages
oSoMA (Ours) DINOv2-L 49M 7182 6131 71.67 6827 oHGFormer [19]  Swin-L ~ 196.0M  61.50  72.10  66.80
e SOMA (Ours) DINOv2-L 49M 73.63 63.33 7098 69.31 oCMFormer [5]  Swin-L  196.0M  62.60  73.60  68.10
o tqdm [59] EVAO2-L  3042M 6472 76.15 7044
o FADA [4] DINOV2-L  11.7M  65.12  75.86  70.49
oRein' [80] DINOV2-L  3.0M  66.53 75.18  70.86

oSoMA (Ours) DINOv2-L  49M 67.02 7645 71.74
e SoMA (Ours) DINOv2-L  49M 68.08 7787 7298

Table 3. Real-to-real DGSS comparison.



Experiment Results - Object Detection
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g Clear-to-Adverse Weather S-DGOD [82] Test Domains (mAP@0.5 in %)
E Methods Params.* DS —NC —DR —NR —DF Avg.
§ Single-source DGOD Trained on Daytime-Sunny (DS)
_' Backbone : ResNetl01 [30]/ Head : Faster R-CNN [66]
g" S-DGOD [32] 423M 56.1 36.6 282 16.6 335 28.7
¥ CLIP-Gap [77] 423M 513 369 323 18.7 385 316
3 OA-DG [47] 423M 558 38,0 339 168 383 31.8
. o PDOC [50] 423M 53.6 385 337 19.2 391 32.6
F 4. DGOD qualitat, Its.
o L UFR [53] 423M 586 408 332 192 396 332
Methods | Params.* DGSS Ave. DGOD Ave DivAlign [17] 423M 528 425 38.1 24.1 372 355
- : SoMA (Ours) 3.IM 493 419 379 245 382 35.6
Full fine-tuning (baseline) 304.2M 64.4 51.0
e F.ffrczi_"g early .blﬂfks 221;@]“ ff‘]’ e 21/ i Backbone : DINOv2-L [58] / Head : Co-DETR [93]
s l]]Hll}_l_ ]]]'HIL'll'Ill L'[!Hlpl][h_'lli'\ LN J0.1 (T 1.1) 3.V (1 L.6)
L + Tuning minor components 49M 677 (t2n 538124 Freeze 0.0M 650 542 550 428 469 49.7
L + Annealing weight decay 49M 683 (t0e 543103 FFT 307.3M 68.2 57.1 566 43.1 472 510
Table 7. Effect of our changes evaluated on DG benchmarks. See DoRA [52] 58M  69.0 587 58.0 450 489 527
the full ablation study in the Supplemental. AdaptFormer [12]  6.3M 689 588 583 444 498 528
LoRA [33] 55M  69.6 59.6 58.1 46.1 495 533
{We W W W} {1-1-]4;;.1'1"40,,,.,,}|P‘nl.l"dl]‘ls.‘ —Citys. —+BDD —Map. Avg. SoMA (OUTS) 4.9M 694 593 593 47.6 51.0 54.3
v 27M  68.76  61.50 70.00 66.75
v 22M 7082 6136 69.86 67.35 Table 6. Domain generalized object detection.
4 v 49M 7182 6131 7167 68.27

Table 8. DGSS performance after applying SoMA to different
types of modules (Self-attention / MLP) in DINOv2-Large.

Rank r | 4 8 16 32 64

DGSS avg. (mloU in %) 6691 67.71 6827 67.76 67.59
Params.™ 1.3M 25M 49M 96M 19.0M

Table 9. DGSS performance with different rank 7.



Conclusion



