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Domain-Inconsistent SSOD . Dual-Curriculum Teacher (DucTeacher) DucTeacher for COCO
Unlabeled Data
abeled Data From Multiple Domains DucTeacher aims to produce accurate pseudo-labels under the data Method 1% 2% 5% 10%
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- DucTeacher has competitive performance on COCO.
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(a) Classical Semi-Supervised Object Detection. (b) Domain-Inconsistent Semi-Supervised Object Detection. i ‘ ”"'JI-, I m D, HH ] 8
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- We propose DucTeacher with two curriculum strategies, DEC and DMC, to Class € wmmmeenis . . .
, Prop , , 51€5, ’ J , seittraining . - DEC avoids hard data at the early training stage, which also
provide accurate and unbiased pseudo-labels and improve the performance Distribution Matching Curriculum (DMC) avoids miss detection
for semi-supervised object detection. DucTeacher for Domain-Inconsistent SSOD (SODA10M) DMC Provides Unbiased Pseudo-labels
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- DMC produces less biased pseudo-labels by adjusting
thresholds dynamically.
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DucTeacher for Different Domains
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. v Model | Overall mMAP | City street (Car) | Highway (Car) | Country road (Car) . . . . .
v . . : . . . | | Clear Overcast Rainy | Clear Overcast Rainy | Clear Overcast DMC EStImatES PrECISE ClaSS DIStrIbUtIOnS
0.70 0.72 O.7Soma0i.r':65imi(l).a7ﬁ8ty 0.80 0.82 Dﬂ}.r[im{: . . . .
_ 0.8 —e— Estimated Class Distribution
Daytime, City street, Clear Daytime, Highway, Overcast Supervised 43': . 70.0 64.9 006 68.3 659 6.9 69.4 63-3 ) —e— |Labeled Class Distribution
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