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Deep neural networks are usually — Unsupervised Domain Adaptation
data-starved and rely on the i.i.d
assumption of training and testing.

Self-training based UDA

The solution proposes in this paper s
orthogonal with [12], which resorts to the

Considering the noisy pseudo-label, additional supervision signal of EBM that
previous work [12] proposes to independent of pseudo-label. Compared
construct a more conservative with the manually defined label smoothing
pseudo-label that smoothing the in [12], the energy-constraint can adaptively
one-hot distribution or regularize regularize the training w.r.t. the input and the
it with the entropy. present network parameters.
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optimizing the likelihood logpy, (x,y) =|logpy, (x . ) - lf}gpw(ﬂx} can be helpful for both the discrimi

nation and generation task. / \

| The addm.ona] ﬂpllmualmp objec- Cross-entropy loss
tive logpy, (x) has been proven and evidenced that can improve

the confidence calibration and robustness for conventional

classification task [15].

Considering the target samples do not have ground truth
label, the self-training methods [12] utilize the inaccurate
pseudo label to calculate the cross-entropy loss. Therefore,
optimizing logp,, (x) can potentially be more helpful for UDA
setting. Actually, logp,, (x) is adaptive w.r.t. the input x and
network parameter w, and irrelevant to the inaccurate pseudo
label, which can be an ideal regularizer of self-training based
UDA.
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However, how to modeling logp,, (x) can be a challenging

Usually we rely on the sophisticate Markov Chain Monte Carlo sampler to train EBMs.

e dlog; . : : I
Considering % can be approximated with —%

[15], it is possible to modeling the energy function Ey,(x)
instead of logp,, (x). Following [15], we can define an EBM
of the joint distribution py, (x,y) = exp(fw(x)[k])/Z(w), by
defining Fy, (x,y) = —fw(x?[ﬁt]. By marginalizing out y, we
e xPtJw LI [15]. Considering pu (x) =
exp(—FEw(x))/Z(w), the energy function of x can be

Ew(x) = —log Z exp( fw(x)[k]) (1)
k

have pw(x) =

o cetting 1 _ pw(xy)  _exp(fw(x)[K])/Z(w)
In this SLl.lll’lg., Pw(Xy) = S5 = 3, exbUT GORD/ Z(W) -
The normalization constant Z(w) will be canceled out and
yielding the standard softmax function, which bridges the

EMB and conventional classifiers.
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Fig. 1: The illustration of our Encrgy-constrained Self-training
framcwork for UDA. Minimizing the pscudo label-irrelevant
cnergy of Fy, (x;) is introduced as additional objective for the
target sample.
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Ew(x) = —l{)gZU}cp(fw (x)[K]) (1)
k
_ pw(xy)  _exp(Jw(x)[k])/Z(w)

In this scl.lmg_, pw(xly) = Pw(x) 5oy exp(fu () [K)/Z(W) "
The normalization constant Z(w) will be canceled out and
yielding the standard softmax function, which bridges the
EMB and conventional classifiers.
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Following the formulation in our CRST [12], the self-
training with EBM regularization (R-EBM) for target sample,
i.e., Ey(x;), can be formulated as

K
min Lp_EpM {wj‘}'} = — Z Z yikj log pw (k|xs)
WY s€S k=1
K
~(k (K
B Z{Z [-yf ) 10g pu (k|x;) — 4, }lﬂg A — aFw(x)}
teT k=1
st.y, e AR U{0), vt (2)
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Step 1) Pseudo-label generation Fix w and solve:

K
min — Y {3 5" log pu (klx,) — log \e] — @B (x,)}

Yo eT k=1

sit. g, € AR U {0}, vt (3)

For solving step 1), there 1s a global optimizer for arbitrary
L J"- i I{-
o= (@7, 9") as 1121:

o (k
(1, if = avemax Pulbixe)
NN A (4)
Yoo — and  pw(k|x;) > Ag

l 0, otherwise

i
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Step 2) Network retraining Fix ‘I’T— and minimize

— Z Z f;;ﬂ log pw (k|xs) Z Z 7, k) log pw (klx;) (5)

seES k=1 LeT k=1

w.r.l. w. Carrying out step 1) and 2) for one time 1s defined
as one round in self-training.
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Method | Base Net [ Road SW  Build Wall Fence Pole TL s Veg.  Terrain  Sky PR Rider Car  Truck  Bus  Train  Motor  Bike | mloU
Source DENZO 427 263 3517 35 0.8 138 236 09 135 115 s 493 VL] 46.7 34 340 0.0 3.0 1.4 217
CyCADA [47] | 79.1 33 178 234 173 321 333 318 815 26.7 690 628 147 745 209 256 i) 188 2004 395
Source DENI105 364 142 674 16.4 1200 2001 8.7 07 698 133 69 370 04 33.0 10.6 3.2 0z 0y 0.0 22
MCLD [42] 903 310 7835 197 17.3 286 309 161 83T 30.0 691 383 196 Bl5 238 300 3.7 257 143 39.7
Source | PSPNet 699 223 756 15.8 20.1 188 282 17.1 756 H.00 735 5350 9 669 344 308 0. 144 0.0 333
DCAN [48] 830 308 HlL3 258 212 222 254 266 834 36.7 762 589 249 B0 295 4129 250 269 11.6 417
Source Deeplabv? | 758 168  77.2 125 21 55 301 200 #l3 246 T3 538 264 444 17.2 159 (] 253 36.0 30.6
AdaptSegNet [49] | 865 360 795 234 233 239 352 148 834 333 756 585 276 737 325 54 39 30.1 28.1 424
AdvEnt |50] Deeplabv2 | ¥9.4 331 B0 266 26.8 272 335 247 839 6.7 78E SBT 305 B4H 385 445 1.7 316 324 455
Source Deeplabv2 - - - - - - - - - - - - - - - - - - - 292
FCAN [51] - - - - - - - - - - . - . - - - - - - 40.6
Source Deeplabv? | 758 168 77.2 125 210 355 301 201 813 246 73 538 264 499 17.2 239 (] 253 36.0 30.6
DPR | 52] | 923 519 821 292 25.1 245 334 330 H24 328 822 5860 272  B43 334 463 2.2 295 323 405
Source Deeplabv? | 738 160 663 128 223 2490 303 w2 717 19.0 508 552 204 736 283 256 01 275 12.1 342
PyCDA [33] | 905 363 B44 324 25.7 346 364 315  HOE 319 785 623 215 856 279 34.8 18.0) 229 49.3 474
Source Deeplabv? | 713 192 641 154 e 357 273 68 ™6 248 721 576 195 555 155 15.1 117 211 120 338
CBST [31] B39 550 795 245 206 378 329 139 B0 31z 155 602 271 BlE 297 405 762 287 41.4 45.6
CBST+RE g 91.1 539 BO6 316 2100 404 350 1948 B6S 3549 Th4 633 314 B3O 225 386 242 322 344 478
Source Deeplabv? | 713 192 691 154 e 337 273 68 6 248 721 576 195 555 155 15.1 117 211 12.0 338
CRST [12] | B0 512 w4 317 19.1 385 30 204 847 354 708 613 302  BOT 274 B4 102 322 433 40.6
CRST+REpgay 925 566 B9 202 205 4.5 353 244 Be9 373 775 634 305 H13  2HE B2 2446 335 41.3 48.5

TABLE II: Experimental results for GTAS to Cityscapes.
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Fig. 2: Sensitive analysis of hyper-parameter « in VisDA17 (left) and CTA52Sityscapes (right) with CRST+Rggas.
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Mecthod | Acro Bikc Bus Car Horse Knifc Motor Person Plant Skatchoard Train Truck | Mcan
Source-Res101 [38] 55.1 533 61.9 59.1 80.6 179 797 312 &1.0 265 T35 85 524
MMD [39] 87.1 63.0 76.5 42.0 0.3 429 859 531 497 363 858 20.7 6l.1
DANN [40] 819 7.0 2.8 443 81.2 295 6.1 286 519 54.6 828 T8 574
ENT [41] 803 T5.5 75.8 483 779 273 69.7 40.2 46.5 46.6 793 16.0 57.0
MCD [42] 87.0 6.9 837 6d.0 88.9 T79.6 847 T6.9 280 40.3 ]3.0 25.8 719
ADR [43] 878 T9.5 837 633 923 6l.8 RE9 732 87.8 6.0 85.5 323 T4.8
DEV [44] 81.83 53.48 82.95 TL62 B9 16 7203 89.36 T5.73 97.02 55.48 71.19 2917 7242
TDDA [38] HR.2 T8.5 79.7 1.1 Q0.0 Bl.6 849 723 92.0 52.6 829 18.4 7403
CBST [31] #7112 795423 58326 504439 B2EL2.1 T3TET2  B09+26 TLELES] 81.6+3.2 88.4+3.3 752412 684434 | T481+05
CBST+HEgpAr #7916 T96E15 685+13 686+19 832412 TR4XI1O BISE1S 722415 B22+16 843115 R09+14 67513 | 77.0+06
CRST[12] B2+16 To6E46 642+40 2 S5TEE34 BTEEI9  TI6ERS  BA6E26  T59+42 B65+212 85.1+24 TI7+22 685109 | TRIX0.7
CRST+HEepnr 20.3+15  826+1.2 TZ4+15 TLTHLE  BI6+1E  BLAE+1Y  RB34415 B0E+ELS RII+l6 #9.9+1.5 #3666 TLSHL3 | BO2H0.5
SimNct* [45] 94.3 823 73.5 472 87.9 492 75.1 T9.7 #5.3 685 g1.1 50.3 729
GTA* [46] T1.1
CRST+Rppam™ 932+1.3 858+1.2 73710 T43+15  R95+H06  BT.6+16  RE24H16 822416 909413 91.6+1.8 5. 1+14 TL9+14 | B2.8+H05

TABLE I: Experimental results for VisDA17-val setting. We use ResNetl01 as backbone except SimNet and GTA.*ResNet152
backbone.
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