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/[ Motivation } N

Ours A red and white airplane flying in the sky.

« Existing domain adaptation (DA) and generalization (DG) methods in object detection enforce feature alignment in the visual space. - —

« But they face challenges, such as object appearance variability and scene complexity, making distinguishing objects difficult and R-CLIP A red and white airplane flying in the
preventing accurate detection. sky.

* Image descriptions offer rich semantic data for object localization and detection.

A large red and yellow highway with a

: : : : . . . .. : . R-CLIP

- Enforcing consistency in captions across domains will enable model to learn robust representation for recognizing objects and E yellow and yellow flag.
their relations across domains.

\ Key idea: Enforcing generated image description/captions to be consistent across domains to learn domain robust representation Ours A plane flying over water. /
Overview itati ]
J ) Quantitative Results ] R
We build a model for Semi-Supervised Domain Generalization in Object Detection. . .
, Real-to-Artistic Generalization
« Capitalizing on the generalizability of vision-language pre-training, we utilize the RegionCLIP
(Zhong et al. 2022) backbone. Method VOC&Clip —Water,Com VOC&Water—Clip,Com  VOC&Com—Clip, Water Max 7
«  We employ a novel multi-scale contrastive-based consistency objective over generated descriptive | Watercolor Comic Clipart  Comic Clipart ~ Watercolor
: : : : Faster-RCNN 41.2 17.9 24.1 17.9 24.1 41.2 -
features of an image and its stylized version. RegionCLIP 44.7 34.2 33.9 34.2 33.9 44.7 16.3/16.3/9.8
Qur approach S|gn|f|cantly outperforms baselines in both DA and DG tasks over two benchmarks. Adaptive MT (cverzz) | 40.6 i) 22.2 (120 20.0 croy  24.3 (o) 25.7 (52 42.3 (2 1.3/6.4/1.6
| N\ Two women smile as they pose for IRG (CVPR'23) 48.1 (+3.4) 25.9 (5.3 - - - - 80/—/-
a picture. DVA 45.6 0.9y 38.1 (419 32.6 1.0y 34.2 (rou) 35.9 20y  45.9 12 [20.2/16.3/11.8
. C‘cl-pti()l'l—PL 450 (+0.3) 364 (+2.2) 30.] (-3.8) 303 (-3.9) 347 (+0.8) 42.1 (-2.6) ]85/12—1/]0()
Two women smile as they pose for Ours 49.8 51 45.9 uin 387 cis 435 os  39.8 (5o 49.4 an | 28.0/25.6/15.7
a picture.
. v . . . .
' r.cpgp TWo young women with colorful /) ¥ * Our outperforms baselines on all settings and improves the baseline by up-to 11.7%.
faces and face masks standing in _ _ _ _
front of a statue. *  Our method outperforms DVA and Caption-PL, which shows the effectiveness of enforcing the
\ Ours A man and woman are smiling and / consistency objective in through the language space and the latent space, respectively.
posing for a picture. o . Tarcet Domai
Y Real-to-Artistic Adaptation Method . 5 e :
Rel ate d Works Clipart | Watercolor | Comic
) \ «  Qur proposed approach outperforms state- Faster-RCNN 24.1 41.2 17.9
of-the-arts DA methods. RegionCLIP (cvrri22) 33.3 44.7 34.2
« Our method only requires one labeled domain. In contrast, prior DG work (Lin et al. 2021) rel L . . - ,
. yreq . P ( ) rely . It also significantly improves the baselines Adaptive MT cveraz) | 30.5 A3.7 234
on multiple fully-annotated source domains. (source-only, DA, and DG) IRG (cvrr23) 31.5 53.0 -
 Prior DA and DG methods in object detection employ different techniques such as pseudo- DVA. 36.6 43.9 35.9
labeling, data augmentation, mean-teacher framework, etc. by enforcing their objective in the . Caption-PL 39.2 44.2 34.2
. . Adverse Weather Generalization ours 40.4 49.7 46.3
\ visual domain. /
Method prsn rider car truck bus motor bike mAP
aster-RC? 27.¢ 27.9 13. 7.6 15. ) A 19.6
F RCNN 27.9 27.5 43.1 16.6 15.1 5.6 21.0 19.¢
Approach N\ | _RegionCLIP cvera | 40.6 iz 313 o) 47.9 Gaw 168 ooy 12,0 (o) 11 2 (+56)  23.2 (+2.2) | 26.1 (+6.5)
E DIDN aceven 34.5 (+6.6) 30.4 420y 44.2 (+1.y 21.2 (+a6) 19.0 (=39 9.2 (436 22.8 (+1.8) | 22.7 (+3.1)
‘Cdist Ours 41.4 (+135 31.7 (=129 49.8 w67y 181 (+15  11.4 a7y 12.4 (w650 25.6 (w16 27.1 (475

« We also show the effectiveness of our method on Cityscapes , Foggy-Cityscapes -> Bdd100k
and improve DIDN by 7.5%.

Cun_q—('onf

il Adverse Weather Adaptation
Linst—cont Method prsn rider car  truck bus train motor bike | mAP
~ [Faster-RCNN 36.9 36.1 4456 21.7 323 92 215 324 | 28.3 (z0%
RegionCLIP Enc. Original src signal RegionCLIP (cverzz)| 46.5 51.8  57.6  27.3 451 19.7 348 50.2 | 41.6 (75
Backbone +  Stylize - src signal SW-DA (cveri) 3.8 44.3 489 210 438 280 289 358 | 35.3
. D&Match cveriey | 31.8 405 51.0 209 418 343 266 324 | 34.9
% Frozen RegionCLIP output SC-DA (cverio) 33.8 42.1 52.1 26.8 42,5  26.5 2.2 344 | 35.9
Region Proposa's I\ITOIL{ (CVPR'19) 30.6 41.4 44.0 21.9 38.6 40.6 28.3 35.6 35.1
Pre-training vision-to-language module (v2) DA |AFAN (ripon) 125 446 570 264 480 283 332 371|396
. . . . . GPA (cver20) 32.9 46.7 54.1 247 457 411 324 387 | 39.5
« Atransformer-based v2! layer is pre-trained according to ClipCap (Mokady et al. 2021) to project VISGA qcovean, 338 459 572 9299 502 51.9 319 409 | 433
visual features to language space. SFA (scmmm21) 46.5 48.6 62.6 251 462 294 283  44.0 | 41.3
DSS (cverea) 50.9 57.6 61.1 35.4 509 366 384 51.1 |47.8
Instance-level & Image-level Descriptive Consistency Learning TTGD+FPN (cver2z) | 50.7 - 53.7 682 351 53.0 451 389 49.1 | 49.2
. - L gy : IRG (cvpr23) 37.4 452 519 244 396 252 315 41.6 | 37.1
Image-level loss is computed by replacing instance features with image-level images —DIDN eovan 83 114 Tis 987 33 517 P4 104 105
~ RT .. Ours 505 55.1 669 350 56.2 335 41.0 54.3 |49.1
—Z lO eXp(Szz/T) . k;fé’& B — (ZE) S: . — S(h h) _ ) J - - - -
Linst—cont = exp(5ii/7) + > 4 exp(sin/7) ) =9\ S T TI 7l *  We extensively compare against DA methods on Cityscapes -> Foggy-Cityscapes.
N : NPT  We observe that while our method is not designed to adapt to a specific domain it still outperform
Regularization via Knowledge Distillation (KD) \ ost of the DA methods by a large marain J P P P /
« A KD regularization is employed to ensure maintaining meaningful representation. y J gin.
I —Zd v2l(z), v2U(zR)): 2R = F (2;) ,{ Ablation & Visualization ] . ™
dist — ’ i — STR-CLIP\%i Visualization
Object Detector Training Stability Comparison *
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([ Experimental Setup } ~
Real-to-Artistic Adverse-Weather :
Domain Generalization Domain Generalization :
- Source - Source | —
« Labeled: Pascal-VOC (Everingham et al. « Labeled: Cityscapes (Cordts et al. 2016)
2012,2007) « Unlabeled: Foggy-Cityscapes (Cordts et al. ol , i
« Unlabeled: Clipart1k, Watercolor2k, or 2016) p Torget Dataset
Comic2k (Inoue et al. 2018) o Target(s) A = DAmap(target) — DG ap(target) .
« Target(s) « Bdd100k (Yu et al. 2020) _
« Clipart1k, Watercolro2k, or Comic2k Domain Adaptation Effectiveness of each component
- - . DA DG
Domain Adap tation SOUF?G R-CLIP init. Limg—cont Linst—cont Laist [Clipart| Watercolor Comic
e Source « Cityscapes 541 12 179
« Pascal-VOC  Target(s) v 32.3 44.7 342 Watercolor
. Target(s) « Foggy-Cityscapes v v 32.3 ALT 351
. . v v 34.6 450 354
» Clipart1k, Watercolor2k, and Comic2k Y Y Y 35 1 49 357
Baselines v v v v 40.4 49.8 45.9
: : : : « Vision-Language pre-training is more robust compared to ImageNet pre-training.
Direct Visual Alignment (DVA) Caption-PL 9uage p J P J P J
% + Applying Contrastive loss in the visual space » Caption Pseudo Labeling y « Instance-level and Image-level consistency together achieve the best performance.
) " KD regularization ensures semantically meaningful features, resulting in best performance. Y
r[ConcIusan N ]
We developed an approach for Semi-Supervised Domain Generalization in Object Detection. 4 I Contact & ACKnOWIedgement )
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 We leveraged vision-language pretraining by utilizing RegionCLIP. «  https://sinamalakouti.github.io/
 We developed a multi-scale contrastive-based approach to ensure consistency of descriptive «  We are grateful for NSF Grant No. 2006885.

9 features in the language latent space. JAN
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