Maximum Classifier Discrepancy for
Unsupervised Domain Adaptation

Kuniaki Saito  Kohei Watanabe Yoshitaka Ushiku Tatsuya Harada

CVPR 2018



DA aims to train a classifier using source samples that
generalize well to the target domain

However, each domain’s samples have different
characteristics, which makes the problem difficult to solve.
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Many UDA algorithms, particularly those for training neural networks, attempt
to match the distribution of the source features with that of the target
without considering the category of the sample
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Figure 2. (Best viewed in color.) Example of two classifiers with an overview of the proposed method. Discrepancy refers to the disagree-
ment between the predictions of two classifiers. First, we can see that the target samples outside the support of the source can be measured
by two ditferent classifiers (Leftmost, Two different classifiers). Second, regarding the training procedure, we solve a minimax problem in
which we find two classifiers that maximize the discrepancy on the target sample, and then generate features that minimize this discrepancy.



Step A: train both classifiers and generator to classify the source
samples correctly

min  L£( X, Ys).
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Step B : Maximize discrepancy on target (Fix G)
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Step C : Minimize discrepancy on target (Fix F, , F,)
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(a) Source Only (b) No Step C (c) Proposed
Figure 4. (Best viewed in color.) Red and green points indicate
the source samples of class 0 and 1, respectively. Blue points are
target samples generated by rotating source samples. The dashed
and normal lines are two decision boundaries in our method. The
pink and light green regions are where the results of both classifiers
are class 0 and 1, respectively. Fig. 4(a) is the model trained
only on source samples. Fig. 4(b) is the model trained to increase
discrepancy of the two classifiers on target samples without using
Step C. Fig. 4(c) shows our proposed method.
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Figure 5. (Best viewed in color.) Left: Relationship between discrepancy loss (blue line) and accuracy (red and green lines) during
training. As discrepancy loss decreased, accuracy improved. Right: Visualization of features obtained from last pooling layer of the
generator in adaptation from SYN SIGNS to GTSRB using t-SNE [24]. Red and blue points indicate the target and source samples,
respectively. All samples are testing samples. We can see that applying our method makes the target samples discriminative.



SVHN SYNSIG MNIST | MINIST* USPS
METHOD to to to to to

MNIST | GTSRB USPS USPS* MNIST
Source Only 67.1 85.1 76.7 79.4 63.4

Distribution Matching based Methods
MMD § [21] 71.1 91.1 - 81.1 -
DANN 1 [7] 71.1 88.7 77.1+1.8 85.1 73.0+0.2
DSN 7 [4] 82.7 93.1 01.3 - -
ADDA [Y] 76.0+£1.8 - 89.4+0.2 - 90.1+0.8
CoGAN [1Y] - - 91.2+0.8 - 89.1+0.8
PixelDA [ ] - - - 95.9 -
Ours (n=2) | 94.24+2.6 | 93.5+04 | 92.14+0.8 | 93.14£1.9 | 90.0£1.4
Ours (n =3) | 95.9+0.5 | 94.0+04 | 93.8+0.8 | 95.64+0.9 | 91.8+0.9
Ours (n=4) | 96.2+0.4 | 94.4+03 | 94.24+0.7 | 96.5+0.3 | 94.1+0.3
Other Methods

ATDA T[] 86.2 96.2 - - -
ASSC[11] 95.7+1.5 | 82.8+1.3 - - -
DRCN [Y] 82.0+0.1 - 91.84+0.09 - 73.74+0.04
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Figure 6. Qualitative results on adaptation from GTAS to Cityscapes. DRN-105 is used to obtain these results.




Network |mclhocl H mloU | road sdwk bldng wall fence pole light sign wvgttn tmon sky person rider car truck bus train mcycl beyel

vGG-16 | Source Only 249 [ 259 109 505 33 122 254 286 130 783 73 639 521 79 663 52 7.8 09 13.7 0.7
FCNWId[15] || 27.1 | 704 324 621 149 54 109 142 27 792 213 646 441 42 704 8.0 7.3 00 35 0.0
CDA (I) [42] 231 [ 264 108 697 102 94 202 136 140 569 28 638 318 10.6 605 109 34 109 38 9.5
Ours (k=2) 28,0 [ 874 154 755 174 99 162 119 06 806 28.1 602 325 09 754 136 48 0.1 0.7 0.0
Ours (k=3) 27.3 | 860 105 751 200 29 194 84 07 784 194 748 232 03 741 143 104 02 0.1 0.0
Ours (k=4) 28.8 | 864 8.5 76.1 186 97 149 78 06 828 327 714 252 1.1 763 161 17.1 14 0.2 0.0
DRN-105 | Source Only 222 | 364 142 674 164 120 201 87 07 698 133 569 370 04 536 106 32 02 0.9 0.0
DANN [7] 328 [ 643 232 734 113 186 290 318 149 820 168 732 539 124 533 204 110 50 18.7 9.8
Ours (k=2) 39.7 | 903 310 785 197 173 286 309 16 837 300 69.1 585 196 515 238 300 57 257 14.3
Ours (k=3) 389 (908 356 805 229 155 275 249 151 842 318 774 546 172 820 216 290 1.3 21.8 53
Ours (k=4) 38.1 [ 8§92 232 802 236 181 277 250 93 844 346 795 532 16.0 841 260 225 52 16.7 4.8

Table 3. Adaptation results on the semantic segmentation. We evaluate adaptation from GTAS to Cityscapes dataset.

Network | method | mloU | road sdwlk bldng wall fence pole light sign vgttn sky prsn ride  car  bus mcycl beycl

VGG-16 Source Only [+7] 22.0 5.6 11.2 59.6 0.8 0.5 21.5 8.0 53 724 756 351 90 236 45 0.5 18.0
FCN Wid [1 7] 20.2 11.5 19.6 30.8 4.4 0.0 2003 0.1 11.7 423 687 512 38 540 32 0.2 0.6
CDA (1+5P) [ ] 200 | 652  26.1 74.9 0.1 0.5 10,7 3.7 3.0 76.1 706 47.1 82 432 207 0.7 13.1

DRN_105 | Source Only 234 14.9 11.4 58.7 1.9 0.0 24.1 1.2 6.0 688 760 543 7.1 342 150 0.8 0.0
DANN [7] 32,5 | 67.0 20.1 71.5  14.3 0.1 281 126 103 727 767 483 1277 625 11.3 2.7 0.0
Ours (k=2) 36.3 | 83.5 409 77.6 6.0 0.1 279 6.2 6.0 83.1 835 515 118 789 198 4.6 0.0
Ours (k=3) 373 | 848 43.6 79.0 3.9 0.2 291 7.2 55 838 831 510 117 799 272 6.2 0.0
Ours (k=4) 37.2 | 88.1 432 79.1 2.4 0.1 273 74 4.9 83.4 8l.1 513 109 821 2940 5.7 0.0

Table 4. Adaptation results on the semantic segmentation. We evaluate adaptation from Synthia to Cityscapes dataset.



