DIRICHLET-BASED UNCERTAINTY CALIBRATION FOR
ACTIVE DOMAIN ADAPTATION

ICLR 2023



J Unsupervised Domain Adaptation ool

«  Supervised Learning

Labeled Training
Images

Testing Images

«  Unsupervised Domain Adaptation(UDA)

Target Domain(Unlabeled) Source Domain (Labeled)
t |

transfer
O Domain shift: P(X,Y)# P(X,Y) or P(x,)# P(x,)

d
O Feature space and label space are consistent:  X» X, € o VeV € L




B ERALS

' Unsupervised Domain Adaptation e A~

«  Unsupervised Domain Adaptation(UDA)

- O R N
Bike: @O @?&)
Keyboard: b -I

Source domain Target domain
with annotations without annotations

4

Solution: Domain Alignment

v' Goal: Achieving good performance on the target domain.
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labeled target L, = (); budget per round b
Model: M={G 1> Gy, G 4}; feature extractor G s
class predictor G,,; discriminator G4
Train M with (L, Uy)
for round < 1 to MaxRound do
Compute s(z) Vz € U, via (5)
Select a set of b images 2 from U, according to s(z)
Get labels 1. from oracle
L!, — L!, U (Zayz)
Up < U\ (2, 92)
Train M with (Ls U Ls, Uy)

target (pen) (computer) (bottle) (soda) (mouse) (speaker)

Goal: Identify more valuable target samples that, once
labeled and used for training, improve the model’s
accuracy and generalization performance significantly.
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p(pla}“ 9) — Dgfr(p|az) = { [T, D(ce) Hc 1 Pe ) %f P < A\ )

0 , otherwise

'p=Ip1,p2,- ,pc]' =[P(y=1),P(y=2),---,P(y=C)]' isa vector of class probabilities.

a; =g(f(z;,0)) e =a; —1 AC = {p| Y| pe =1 and Vp,,0 < p. < 1}

= [0.23,0.54,0.23],
entropy = 1.01,

Uais = [}18, Udata = 083

keyboard computer

Qg _ g(fC(w’i: 9))
She1 @ik Doy 9(fr(wi, 0))

monitor

Connection with softmax-based DNNSs: ﬂ

—E[Dir (pclov)

P(y = ciz:.6) = [ p(y = clop(plz:,0)dp=

S = Zéﬂei + 1) w = — |4 Evidential Deep Learning to Quantify Classification Uncertainty
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Lly,0|x”,D| = H|Eyep)[P(ylx™,0)|] — Eyoip)[H[P(y|z",0)]
Model Uncertainty Total Uncertainty Ezxpected Data Uncertainty

1

Predictive Uncertainty Estimation via Prior Networks

Data uncertainty:
C
Udata(wja 9) = ]Ep(p\mj,ﬂ) [ y|P Z ij (w(z O{jk + 1) o ¢(@jc T 1))
k=1

o _ . Evidential Deep Learning to Quantify Classification Uncertainty
Distribution uncertainty:

C
Udis(ﬂ}jj 9) é y,p\mj, ijc( CYJC + 1 Z&jk + 1 ) — Zﬁjclogﬁjc
c=1
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a: parameters of Dirichlet distribution p: expected prediction Ug,is / Ugaeq - distribution / data uncertainty
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Negative logarithm of the marginal likelihood

Lo == 3 ~tog ([ plu = wlown(elai,0)dp ) + 3= <to ([ oty = wslIp(pia;.O)dp )

x;ES je,Tl
_ 1 Z ZTzc (log Zaw logaic) |T’| Z ZT;C (log Z(l’jc logozjc)
5.eS =1 c7!l c=1

where T;./7T ;. is the c-th element of the one-hot label vector Y; /Y, of sample x;/x;.

KL divergence

~— ZKL Dir(pl&)|Dir(pL)] + o Y. KL[Dir(plés) | Dir(p1)]

Lr =

where &;/; = X,/ + (1 — X, /;) O a;/; and () is the element-wise multiplication.




' Evidential Model Learning

_WRRER kkﬂ@

Uncertainty loss

Eun — /B'C'Udr,;s + A‘CUdatc{. —

:I:kET”

Z Ud;a ‘.'Ek,G)

L
7"

Z Udatu :Ek,G)

:It.r.; eT«

(Lpu + Lr1) +

(/8£Ud T )\L:Uda,ta,)

: Active Selection Stage
o I high > low
°. query labels g = top b : Uais
Iﬁr* ----------- candidate puiiaiateiuiaaileiaet i PNy
| By -
I L E
Oracle ' | =i
Ly U g
___________________ ______ I 1Y
1 .
sorted by U, . sorted by Uggra [ -
low » high | ' low ———» high ! A *
__________ I I T T T T e e w I I I # o '. .\ * *‘*II
by v L — : S *x ki
VI NS,
I 1 A A .
/SIS T L i e LS -.\.‘4‘. t g1
e T o ) [Nl *5
b -
top kb I “AQD N7 /
W unlabeled target set - selected target data <—__T_= selected data in the first round




- HIERAAS @
' Experiment o]

Table 1: Accuracy (%) on miniDomainNet with 5% target samples as the labeling budget (ResNet-50).

Method clp— pot clp— rel clp— skt pot—? clp pﬂt“‘“d pot— KU o) el o) apnt oy skt g aelP g pnt skt—rel Avg
Source-only 52.1 63.0 494 55.9 73.0 51.1 56.8 61.0 50.0 54.0 48.9 60.3 56.3

Random 61.6 78.7 61.6 64.0 78.7 63.7 60.5 64.3 61.1 64.8 58.7 75.2 66.1

C 63.2 77.9 62.7 66.7 80.5 64.9 64.3 67.0 62.2 67.6 62.5 77.8 68.1
63.3 78.3 61.0 65.7 81.4 63.2 63.3 66.2 63.0 67.9 60.5 78.3 67.7
62.6 78.3 60.2 62.1 79.9 63.6 63.6 65.2 59.1 63.1 62.3 78.1 66.5
63.2 80.2 62.1 60.6 80.3 64.6 62.9 64.1 59.5 65.4 61.8 78.6 66.9
64.3 80.8 63.5 65.2 80.2 63.8 65.9 65.4 63.4 66.7 63.3 79.2 68.5

AADA (Su et all,[201¢ 62.4 71.5 61.7 61.9 79.7 61.1 65.6 66.0 60.8 65.1 62.1 80.0 67.0
DBAL (Deheeger et al|,[2021) 62.9 79.2 60.8 64.6 78.1 62.5 65.6 65.2 59.2 66.3 61.3 80.3 67.2
TQS (Fu et al, 2021 67.8 82.0 65.4 67.5 84.8 66.1 63.8 67.2 62.5 71.1 64.4 81.6 70.4
CLUE (Prabhu et all,[2021) 57.6 71.5 58.6 58.9 76.8 65.9 66.3 60.2 60.5 66.2 58.7 76.0 65.3
c et 66.0 80.8 63.5 69.4 83.0 65.1 71.1 68.6 65.7 71.0 64.3 81.0 70.8

DUC 67.14+0.4 81.140.5 67.140.5 74.0+0.6 83.5+0.3 67.6+0.3 72.4+0.7 70.3+0.4 66.5+0.4 73.54-0.3 70.0+-0.5 81.1+0.3/72.94-0.4
Fully-supervised 74.8 89.2 73.8 82.9 89.2 75.1 82.4 75.6 74.9 82.7 73.8 88.7 80.3

For miniDomainNet, since these compared baselines do not report the results on this dataset, we report our own runs based on their open source code.
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Table 2: Accuracy (%) on Office-Home and VisDA-2017 with 5% target samples as the labeling
budget (ResNet-50).

Method VisDA—ZOl’}' Office-Home
Synthetic—Real| Ar—Cl Ar—Pr Ar—Rw Cl—-Ar Cl—Pr Cl—=Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr| Avg
Source-only 447+ 0.1 421 66.3 73.3 50.7 59.0 62.6 51.9 379 71.2 65.2 42.6 76.6 583
Random 78.1 £ 0.6 525 743 77.4 56.3 69.7 68.9 57.7 50.9 75.8 70.0 54.6 81.3 65.8
BvSB (oshi et all,|[200¢ 81.3+04 56.3 78.6 79.3 58.1 74.0 70.9 59.5 52.6 77.2 71.2 564 84.5 68.2

Entropy Wane & Shand 201 82.7+0.3 58.0 78.4 79.1 60.5 73.0 72.6 60.4 54.2 779 71.3 58.0 83.6 68.9
CoreSet (Sener & Savarese,2018)|  81.9 +0.3 51.8 72.6 75.9 583 68.5 70.1 58.8 48.8 75.2 69.0 527 80.0 65.1

WAAL (Shui et all,|202( 83.9 04 55.7 77.1 79.3 61.1 74.7 72.6 60.1 52.1 78.1 70.1 56.6 82.5 68.3
BADGE (Ash et all, [202() 84.3 £ 0.3 58.2 79.7 79.9 61.5 74.6 72.9 61.5 56.0 78.3 71.4 60.9 84.2 69.9
AADA (Suet al',1201¢ 80.8 = 0.4 56.6 78.1 79.0 585 73.7 71.0 60.1 53.1 77.0 70.6 57.0 84.5 68.3
DBAL (Deheeger et al ,[2021) 82.6 £ 0.3 58.7 77.3 79.2 61.7 73.8 73.3 62.6 54.5 78.1 72.4 59.9 84.3 69.6
TQS (Fu et all, 2021 83.1 0.4 58.6 81.1 81.5 61.1 76.1 73.3 61.2 54.7 79.7 73.4 58.9 86.1 70.5
CLUE (Prabhu et all, 2021) 85.2 +0.4 58.0 79.3 80.9 68.8 77.5 76.7 66.3 57.9 81.4 75.6 60.8 86.3 72.5
EADA (Xic et al.[2027) 88.3 + 0.1 63.6 84.4 83.5 70.7 83.7 80.5 73.0 63.5 85.2 78.4 65.4 88.6 76.7
DUC 88.9 + 0.2 |65.5+0.3 84.9+0.2 84.3+0.4 73.0+0.4 83.4+0.2 81.1+0.3 73.9+0.3 66.6+0.5 85.4+0.2 80.1+0.2 69.2+0.3 88.84+-0.1(78.0+0.3

Fully-supervised 93.3 95.6 99.5 99.5 99.3 99.6 99.5 99.3 95.8 99.5 99.5 95.6 99.5 98.5
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Table 3: mloU (%) comparisons on the task GTAV — Cityscapes.

Method budget | road side- puil.  wall fence pole 1ight sign veg. terr. sky pers- ridef car guck pus gaid motor pike | mloU
Source-onl - 758 168 77.2 125 21.0 255 30.1 20.1 81.3 24.6 70.3 53.8 264 499 172 259 65 253 36.0| 36.6
MRKLD (Zou et all, 2019) - 91.0 554 80.0 33.7 214 373 329 245 850 34.1 80.8 57.7 24.6 84.1 278 30.1 269 26.0 423| 47.1
Seg-Uncertaint : ,m) - 90.4 312 85.1 369 256 375 48.8 485 853 348 81.1 644 368 863 349 522 1.7 290 446 50.3
TPLD (Shin et all,[202( - 942 60.5 828 36.6 166 39.3 29.0 255 85.6 449 844 60.6 274 84.1 370 470 312 36.1 503 51.2
ProDA 2021) - 87.8 56.0 79.7 463 448 456 535 535 88.6 452 82.1 70.7 392 88.8 455 594 1.0 489 564 575
EADA (Xie et al 5% - - - - - - - - - - - - - - - - - - - 65.2
EADA* (Xie.et al 5% 1965 73.8 88.6 513 448 409 474 56.5 89.1 55.0 913 692 47.6 90.7 664 649 53.1 524 66.6| 65.6
DUC 5% 968 76.2 89.2 532 460 425 485 576 89.6 58.5 92,1 729 513 920 628 722 485 528 703 67.0
Fully-supervised 100% | 97.2 78.1 90.6 54.5 52.7 432 542 65.1 90.5 599 924 728 50.7 91.8 740 772 67.6 563 709| 705
AADA# , @5 5% (922 599 873 364 457 46.1 50.6 59.5 88.3 44.0 902 69.7 382 90.0 553 45.1 320 326 629 593
MADA# , ) 5% |95.1 69.8 885 433 487 457 533 59.2 89.1 46.7 91.5 739 50.1 91.2 60.6 569 484 51.6 68.7| 649
DUC# 5% 1959 706 898 50.7 483 478 53.7 59.7 903 56.8 93.1 747 55.1 928 748 779 634 595 71.6  69.8
Fully-supervised? 100% | 96.8 80.4 90.2 486 56.8 523 58.6 683 902 594 933 758 542 925 749 79.1 71.6 568 71.8| 72.2

Methods with # are based on DeepLab-v3+ (Chenetal [201%) and others are based on DeepLab-v2 (Chen.etal [2014), Method with budget “-” are the source-only or UDA methods. EADA* denotes
the results are based on our own runs according to the corresponding open source code.
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Table 4: mloU (%) comparisons on the task SYNTHIA — Cityscapes. mloU™ 1s reported according

to the average of 13 classes, excluding the “wall”, “fence” and “pole”.

Method budget | road side. puil- wall”  fence’ pole” fight gign veg. sky pers: rider car  bus motor bike | mioU mloU*
Source-onl - 643 213 73.1 24 1.1 314 7.0 2777 63.1 67.6 422 199 73.1 153 10.5 389 349 403
e - 67.7 322 739 10.7 1.6 37.4 222 31.2 80.8 80.5 60.8 29.1 828 250 194 453| 43.8 50.1

- 809 443 822 199 0.3 40.6 20.5 30.1 77.2 809 60.6 255 848 41.1 247 43.7| 47.3 535
- 87.6 41.9 RK3.1 14.7 1.7 36.2 313 199 R81.6 B0.6 63.0 21.8 B6.2 40.7 236 53.1| 479 549
87.8 457 846 37.1 0.6 440 54.6 370 88.1 844 742 243 882 51.1 405 456| 555 62.0

DUC 5% |96.1 73.1 8877 433 39.0 422 499 555 90.7 92.8 7377 49.2 919 679 459 7T1.1| 669 728
Fully-supervised 100% |97.3 79.4 89.6 528 540 46.7 534 62.6 90.5 929 713 50.8 92.1 779 554 68.7| 71.0 755
AADA# - ] 5% 1913 57.6 869 37.6 483 450 504 585 88.2 90.3 694 379 89.9 445 328 625 61.9 66.2
MADA# , ) 5% 196.5 74.6 88.8 459 438 46.7 524 60.5 89.7 92.2 74.1 51.2 90.9 60.3 524 694 68.1 733
DUC# 5% 1963 74.6 894 468 476 46.8 49.7 63.1 903 91.3 74.7 53.8 93.1 789 57.0 71.0| 70.3 75.6
Fully-supervised* 100% | 97.0 80.4 90.9 48.6 56.2 52.1 585 674 91.3 93.4 755 542 923 785 56.1 713|727 714

Methods with 7 are based on DeepLab-v3+ m,m} and others are based on DeepLab-v2 l@,m). Method with budget “-” are the source-only or UDA methods.
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Table 5: Ablation study of DUC on Office-Home.

Method Loss Active Selection Criterion Avg
Ly,.. Lu,,,, randomentropy Ug;s Ugata

EDL - - - - - - |61.5
EDL - - v - - - |71.1
EDL - - - v - - |73.3
Variant A| - - - - v v 741
Variant B| v - - - v Vv 176.6
Variant C| - v - - v v 742
Variant D| v v - - - - |68.6
Variant E| v ve v - - - 175.0
Variant F| v v - v - - 176.7
Variant G| Vv v - - v - 771
Variant H| v v - - - v 1769
DUC v v - - v v |78.0
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