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Domain Adaptation (DA)
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DA: Different Scenarios
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Versatile Domain Adaptation (VDA)

1. A variety of DA scenarios: closed-set, partial-set DA, multi-source and multi-target DA.

2. Existing DA methods: designed only for a specific scenario, and may underperform for scenarios
they are not tailored to.

3. Practical applications, complicated data acquired in the real-world makes it difficult to confirm the
label sets and domain configurations.

4. We need a versatile method which can tackle different scenarios at the same time.
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Minimum Class Confusion (MCC)
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Class Confusion

Less Class Confusion, More Transfer Gains!



Minimum Class Confusion (MCC)
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Minimum Class Confusion (MCC)
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Minimum Class Confusion (MCC)
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Minimum Class Confusion (MCC)
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Minimum Class Confusion (MCC)
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Minimum Class Confusion (MCC)

A Versatile Approach
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Results - MTDA & MSDA

(a) MTDA (b) MSDA

Method c: i p: q: r: s:  Avg  Method :c 9| p :q r s Avg

ResNet 25.6 16.8 25.8 9.2 20.6 22.3 20.1 ResNet 47.6 13.0 38.1 13.3 51.9 33.7 32.9
SE 21.3 8.5 14.5 13.8 16.0 19.7 15.6 MCD 54.3 22.1 45.7 7.6 58.4 43.5 38.5
MCD  25.1 19.1 27.0 10.4 20.2 22.5 20.7 DCTN 48.6 23.5 48.8 7.2 53.5 47.3 38.2
DADA 26.1 20.0 26.5 12.9 20.7 22.8 21.5 M?SDA 58.6 26.0 52.3 6.3 62.7 49.5 42.6

MCC 33.6 30.0 32.4 13.5 28.0 35.3 28.8 MCC 65.5 26.0 56.6 16.5 68.0 52.7 47.6

A big margin on DomainNet, the largest and hardest dataset to date.



Results — PDA

Table 2: Accuracy (%) on Office-Home for PDA (ResNet-50).

Method (S:T) A:C A:P A:R C:A C:P C:R P:A P:C P:R R:A R:C R:P Avg

ResNet [12] 38.6 60.8 75.2 39.9 48.1 52.9 49.7 30.9 70.8 65.4 41.8 70.4 53.7
DAN [20] 44.4 61.8 74.5 41.8 45.2 54.1 46.9 38.1 68.4 64.4 51.5 74.3 56.3
JAN [23] 45.9 61.2 68.9 50.4 59.7 61.0 45.8 43.4 70.3 63.9 52.4 76.8 58.3
PADA (3] 51.2 67.0 78.7 52.2 53.8 59.0 52.6 43.2 78.8 73.7 56.6 77.1 62.0
AFN [48] 58.9 76.3 81.4 70.4 73.0 77.8 72.4 55.3 80.4 75.8 60.4 79.9 T1.8

MCC 63.1 80.8 86.0 70.8 72.1 80.1 75.0 60.8 85.9 78.6 65.2 82.8 75.1




Results — UDA

Table 3: Accuracy (%) on VisDA-2017 for UDA (ResNet-101).

Method plane becybl bus car horse knife mcyle person plant sktbrd train truck mean
ResNet [12] 55.1 53.3 61.9 59.1 80.6 17.9 79.7 31.2 81.0 26.5 73.5 8.5 524
MinEnt [9] 80.3 75.5 75.8 48.3 77.9 27.3 69.7 40.2 46.5 46.6 79.3 16.0 57.0
DANN [7] 81.9 77.7 82.8 44.3 81.2 29.5 65.1 28.6 51.9 54.6 828 7.8 574
DAN [20] 87.1 63.0 76.5 42.0 90.3 42.9 85.9 53.1 49.7 36.3 85.8 20.7 61.1
MCD [36] 87.0 60.9 83.7 64.0 88.9 79.6 84.7 76.9 88.6 40.3 83.0 25.8 71.9
CDAN [21] 85.2 66.9 83.0 50.8 84.2 74.9 88.1 74.5 83.4 76.0 81.9 38.0 73.9
ADR [35] 87.8 79.5 83.7 65.3 92.3 61.8 88.9 73.2 87.8 60.0 85.5 32.3 74.8
AFN [48] 93.6 61.3 84.1 70.6 94.1 79.0 91.8 79.6 89.9 55.6 89.0 24.4 76.1
MCC 88.1 80.3 80.5 71.5 90.1 93.2 85.0 71.6 89.4 73.8 85.0 36.9 78.8
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Table

4: Accuracy (%) on Office-31 for UDA (ResNet-50).

Method

A—W D—-W W—D A—D D—A W—=A  Avg

ResNet [12] 68.440.2

DAN [20]
RTN [22]
DANN ([7]
JAN [23]
MADA [29]
MinEnt [9]

SimNet [33]

GTA [37]
CDAN |[21]
AFN [48]
MDD [53]

96.7+£0.1 99.3£0.1 68.9£0.2 62.5+0.3 60.74+0.3 76.1
97.1£0.2 99.6:£0.1 78.6£0.2 63.6+£0.3 62.840.2 80.4
96.8+0.1 99.4+0.1 77.5£0.3 66.24+0.2 64.840.3 81.6
96.94+0.2 99.1+£0.1 79.7£0.4 68.24+0.4 67.44+0.5 82.2
97.4+0.2 99.84+0.2 84.7+0.3 68.6+0.3 70.04+0.4 84.3
97.4+£0.1 99.6:£0.1 87.84£0.2 70.3£0.3 66.44+0.3 85.2
98.0+£0.2 99.84£0.2 92.6:£0.3 70.3+£0.2 63.14+0.2 86.1
98.24+0.2 99.7+£0.2 85.3£0.3 73.4+£0.8 71.64+0.6 86.2
97.94£0.3 99.8+0.4 87.7£0.5 72.84+0.3 71.44+0.4 86.5
98.6+0.1 100.0+0.0 92.940.2 71.04+0.3 69.3+0.3 87.7
88.84+0.5 98.44+0.3 99.840.1 87.7+0.6 69.84+0.4 69.74+0.4 85.7
94.54+£0.3 98.440.3 100.0+£0.0 93.5+0.2 74.6+£0.3 72.240.1 88.9

80.5+0.4
84.540.2
82.040.4
85.440.3
90.0+£0.1
92.540.4
88.640.5
89.54+0.5
94.140.1

MCC

95.5+0.2 98.64+0.1 100.04+0.0 94.4+0.3 72.9+£0.2 74.94+0.3 89.4
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Results - MSPDA & MTPDA

Table 5: Accuracy (%) for Multi-Source and Multi-target Partial DA.

(a) MSPDA (b) MTPDA
A :C P R Avg A: C: P: R: Avg
DANN 58.3 43.6 60.7 71.2 58.5 DANN 44.6 44.8 39.1 44.1 43.1

PADA 62.8 51.8 71.7 79.2 66.4
M3SDA 67.4 55.3 72.2 80.4 68.8
AFN  77.1 61.2 79.3 82.5 75.0

PADA 59.9 53.7 51.1 61.4 56.5
DADA 65.1 63.0 60.4 63.0 62.9
AFN 68.7 65.6 63.4 67.5 66.3

MCC 79.6 67.5 80.6 85.1 78.2

MCC 73.172.1 694 68.3 70.7




Results — Regularizer

Table 6: Accuracy (%) on VisDA-2017 as a regularizer for UDA (ResNet-101).
Method plane bcybl bus car horse knife mcyle persn plant sktb train truck mean

DANN [7] 81.9 77.7 82.8 44.3 81.2 29.5 65.1 28.6 51.9 54.6 82.8 7.8 57.4

DANN + MinEnt [9] 87.4 55.0 75.3 63.8 87.4 43.6 89.3 72.5 82.9 78.6 85.6 27.4 70.7 t 0
DANN + BSP [5] 92.2 725 83.8 47.5 87.0 54.0 86.8 72.4 80.6 66.9 84.5 37.1 T72.1 22.0 %
DANN + MCC 90.4 79.8 72.3 55.1 90.5 86.8 86.6 80.0 94.2 76.9 90.0 49.6 79.4

CDAN [21] 85.2 66.9 83.0 50.8 84.2 74.9 88.1 74.5 83.4 76.0 81.9 38 73.9
CDAN + MinEnt [9] 90.5 65.8 79.1 62.2 89.8 28.7 92.8 75.4 86.8 65.3 85.2 35.3 714 t 6.5 %
CDAN + BSP [5] 92.4 61.0 81.0 57.5 89.0 80.6 90.1 77.0 84.2 77.9 82.1 38.4 759 * o
CDAN + MCC 94.5 80.8 78.4 65.3 90.6 79.4 87.5 82.2 94.7 81.0 86.0 44.6 80.4

Table 7: Accuracy (%) on Office-31 as a reqularizer for UDA (ResNet-50).
Method A-W D-W  W—D  A-D DA WA Avg

DANN [7] 82.0+0.4 96.9£0.2 99.1£0.1 79.7+£0.4 68.2+£0.4 67.4£0.5 82.2
DANN + MinEnt [9] 91.740.3 98.3+£0.1 100.0+0.0 87.940.3 68.84+0.3 68.1+£0.3 85.8 I 7.2 9
DANN + BSP [5] 93.0+£0.2 98.0£0.2 100.040.0 90.0£0.4 71.9£0.3 73.040.3 87.7 * 0
DANN + MCC 95.6+0.3 98.6+0.1 99.3£0.0 93.8+0.4 74.0£0.3 75.0£0.4 89.4

CDAN [21] 94.1£0.1 98.61+0.1 100.04+0.0 92.9+£0.2 71.0£0.3 69.3£0.3 87.7
CDAN + MinEnt [9] 91.740.2 98.5+0.1 100.040.0 90.4:£0.3 72.3£0.2 69.54+0.2 87.1 I 1.5 9,
CDAN + BSP [5] 93.3+0.2 98.2+0.2 100.0+£0.0 93.04+0.2 73.6+£0.3 72.6+0.3 88.5 g o
CDAN + MCC 94.740.2 98.6£0.1 100.0£0.0 95.0£0.1 73.04+0.2 73.6£0.3 89.2

AFN [48] 88.8+0.5 98.44+0.3 99.840.1 87.7+£0.6 69.8+£0.4 69.740.4 85.7
AFN + MinEnt [9] 90.31+0.4 98.7+0.2 100.0+0.0 92.14+0.5 73.44+0.3 71.2+0.3 87.6 ' 4.3 %
AFN + BSP [5] 89.7£0.4 98.0+0.2 99.840.1 91.0:£0.4 71.4+£0.3 71.44+0.2 86.9 *

AFN + MCC 95.4+40.3 98.6£0.2 100.0£0.0 96.0£0.2 74.6+£0.3 75.2+0.2 90.0




Conclusion

* We propose Versatile Domain Adaptation (VDA) ;

* A novel loss function: Minimum Class Confusion (MCC)
* A versatile domain adaptation method that can handle various DA scenarios
* Strong performance in VDA
* A general regularizer for existing DA methods

* We are looking forward to seeing

 Effective methods for VDA
* Other researchers combine our MCC with their methods to improve performance



Code 1s available at https://github.com/thuml/MCC

Questions ?

Thank you !



