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Background

* Object detection
* Two-stage (Region-based) vs. One-stage

classifier
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Background

* Domain gap leads to performance drop In testing
* Hard to perform supervision on target domain
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Background

* Popular solutions:

* Augmentation
* fall to the ones not similar to the augmented
samples

* Domain-aligning
* require the addition of specialized modules



Background

* Popular solutions:

* Domain-mapping
* generated images not of high similarity

* Selt-labeling
* hard to generating accurate pseudo-labels



Method

* Qverall Structure

DomainMix Augmentation Gradual adaptation and label refinement Teacher-guided finetuning
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Method

* DomainMix Augmentation

DomainMix Augmentation

Labeled
source data

Sample images from both the source and
target domains
Mix these images along with labels

Apply
v _ DomainMix
- = ) - >

Damain-mixed images
with source ground-truths
and initial target pseudo-labels

Predict

Unlabeled
target data
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Method

* Gradual self-labeling adaptation

Gradual adaptation and label refinement
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Source
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Gradual
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Adapted
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* Adaptation in two phases
* First phase:
* Freeze all convolutional layers except
for the BN layers
* (Generate more accurate pseudo-
labels with the partially adapted model

* Second phase:
* Unfreeze all layers and finetuned using
the refined pseudo-labels



Method

* Teacher-guided finetuning

| label refinement Teacher-guided finetuning

S
student * (Generate more accurate pseudo-labels

l with the final adapted teacher model

Finetuning

Adapted * Finetune the student model with the
student refined pseudo-labels

Refined pseudo-labels
» 7y
) Apply
DomainMix
Domain-mixed images

with teacher-guided pseudo-labels

-
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T =AP(0%) — AP?Y(6°),
. PJG(QC{,) PUD(H )
Experiment — 100 x ,
p : AP?%(Oracle) — AP ()
Synthetic-to-real result
Method Arch. Backbone  Source AP30  Oracle T o Reference
DAF [¢] F-RCNN V 30.10  39.00 8.90 - CVPR 2018
MAF[11] F-RCNN V 30.10  41.10 - 11.00 - ICCV 2019
RLDA [27] F-RCNN 1 31.08 4256 68.10 1148 31.01 ICCV 2019
SCDA [¢] F-RCNN V 3400  43.00 9.00 - CVPR 2019
MDA [36] F-RCNN V 3430 4280 8.50 - ICCV 2019
SWDA [27] F-RCNN V 3460 4230 - 7.70 - CVPR 2019
Coarse-to-Fine [ 7] F-RCNN V 35.00 4380 59.90 8.80 3534 CVPR 2020
SimROD (self-adapt) YOLOv5  §320 33.62 38773  48.81 5.11  33.66 Ours
SimROD (w. teacher X640) YOLOv5S  §320 33.62 4470 4881 11.08 7293 Ours
MTOR [“] F-RCNN R 39.40  46.60 - 7.20 - CVPR 2019
EveryPixelMatters [ 16] FCOS \Y 39.80 49.00 69.70 920 30.77 ECCV 2020
SimROD (self adapt) YOLOvS S416 39.57 4421  56.49 463 27.37 Ours
YOLOv5 5205 5649 1247 7373 Ours

SimROD (w. teacher X1280)

5416 39.57
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Source domain: SIm10K
* Target domain: Cityscapes
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Experiment

Synthetic-to-real result

Model
204 Source
. . Adapted
* Source domain: SIm10K = Draze
* Target domain: Cityscapes _ .| | method o
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T =AP(0%) — AP?Y(6°),
. PJG(QC{,) PUD(H )
Experiment — 100 x ,
p : AP?%(Oracle) — AP ()
Cross-camera result
Method Arch. Backbone  Source AP50  Oracle T o Reference
DAF [6] F-RCNN V 30.20  38.50 - 8.30 - CVPR 2018
MAF[11] F-RCNN V 30.20  41.00 - 10.80 - [CCV 2019
RLDA [27] F-RCNN 1 31.10 4298  68.10 11.88 32,11 ICCV 2019
PDA[17] F-RCNN V 30.20 4390  55.80 1370 5352  WACV 2020
SimROD (self-adapt) YOLOvS §416 31.61 3594  56.15 433 17.65 Ours
SImROD (w. teacher X1280) YOLOvS S416 31.61 4566 56.15 1405 57.27 Ours
SCDA [°7] F-RCNN V 37.40 4260 - 5.20 - CVPR 2019
EveryPixelMatters [ | 6] FCOS R 35.30 4500 7040 070 27.64 ECCV 2020
SimROD (self adapt) YOLOvS M4dle 36.09 4294 5929 6.85 2051 Ours
YOLOvS M4l16 36.09 5929 1143

SimROD (w. teacher X1280)

47.52

49.26

Ours
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Source domain: KITT]
Target domain: Cityscapes
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T =APY(0%) — AP??(6°),

- b 100 « ;5;1)51](9&) . APGD£95) |
EXpeI’Imeﬂt AP?%(Oracle) — AP°(ps)

Ablation Study

Method TG DMX GA FT mPCY” r.

Source 53.78 0.0

BN-Adapt v 64.60 10.8
BN-A + DMX v v 66.78 13.0
SimROD w/o TG v v v 71.81 18.0
SimROD w/o GA v v v 73.45 19.7
SimROD v v v v 75.40 21.7

Table 7. Ablation study on Pascal-C with yolovim. See [] for ab-
lations with other models. TG, GA, DMX, and FT denote Teacher
Guidance, Gradual Adaption, DomainMix, and Fine-Tuning.

e Self adaptation is not enough (Line 2-4)
* The gradual adaptation is important in refining pseudo-labels
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Experiment

Qualitative analysis
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Conclusion

* Disentangle the pseudo-label generation to a stronger
teacher net for easier adaptation

* Gradual adaptation with DomainMix to improve the
accuracy of the pseudo-label



Thanks!
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