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Validation in UDA: the problem

@ Supervised Learning

(T1,y1) ~p (22, y2) ~p (x3,y3) ~p
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Validation in UDA: the problem

@ Supervised Learning

(T1,y1) ~p (22, y2) ~p (x3,y3) ~p
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Training Validation Test

@ Unsupervised Domain Adaptation
Source Domain Target Domain
(@1, 91) ~p 3 (2,y2) ~ q
Validation

(z1,91) (z2,92)
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o Covariate Shift Assumption p(y|x) = q(y|x)
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IWCV: the previous solution

e Covariate Shift Assumption p(y|x) = q(y|x)
@ Model Selection: estimate Target Risk R(g) = Ex~q¢(g(x),y)
o Importance Weighted Cross Validation !

Enw(x)(g(x).y) = Exp "E §E(g(x) Y) = Bxel(g(x).y) = R(g)

LCovariate shift adaptation by importance weighted cross validation, JMLR'2007
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IWCV: the previous solution

e Covariate Shift Assumption p(y|x) = q(y|x)
@ Model Selection: estimate Target Risk R(g) = Ex~q¢(g(x),y)
o Importance Weighted Cross Validation !
q
Bue W (00, ) = Bxcp AT e().¥) = Excaf (). ) = R(e)

e Unbiased but the variance is unbounded
o Density ratio is not readily accessible

LCovariate shift adaptation by importance weighted cross validation, JMLR'2007
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Deep Embedded Validation

e IWCV's variance®: Vary,[lw] < dut1(qlp) R(g)l_i —R(g)>.

!Learning Bounds for Importance Weighting, NeurlPS'2010



Deep Embedded Validation

e IWCV's variancel: Vargp[lw] < da+1(q|/p) ”R(g)lfé ~R(g)%.

o Feature adaptation reduces distribution discrepancy?

!Learning Bounds for Importance Weighting, NeurlPS'2010
2Conditional Adversarial Domain Adaptation, NeurlPS'2018
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Deep Embedded Validation

e IWCV's variancel: Vargp[lw] < da+1(q|/p) R(g)lfé ~R(g)%.
o Feature adaptation reduces distribution discrepancy?

@ Control variate explicitly reduces the variance

Elz] = ¢, E[t] =7

¥ =z+n(t—1).

E[z*] = E[z] + nE[t — 7] = ¢ + n(E[t] - E[7]) = ¢.

Var[z*] = Var[z + n(t — 7)] = n*Var[t] + 2nCov(z, t) + Var[z]

min Var[z*] = (1 — p2 ;) Var[z], when 7 = _C{)/;(rft.:]t

!Learning Bounds for Importance Weighting, NeurlPS'2010
2Conditional Adversarial Domain Adaptation, NeurlPS'2018
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Deep Embedded Validation

IWCV's variance!: Vargp[lw] < dat1(ql/p) R(g)l_é ~R(g)%
Feature adaptation reduces distribution discrepancy?

Control variate explicitly reduces the variance

Elz] = CE[t] =7

" =z+n(t—71).

E[z*] = E[z] + nE[t — 7] = ¢ 4+ n(E[t] — E[r]) = C.

Var[z*] = Var[z + n(t — 7)] = n*Var[t] + 2nCov(z, t) + Var[z]

min Var[z*] = (1 — pﬁ,t)Var[Z], when /) = ——Cﬁlﬁft’f)

Density ratio can be estimated discriminatively.3

!Learning Bounds for Importance Weighting, NeurlPS'2010
2Conditional Adversarial Domain Adaptation, NeurlPS'2018
3Discriminative learning for differing training and test distributions, ICML'2007
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Experiments

@ Experiments on a toy problem under covariate shift

L6 | o Train 15 1.2] —— Source Risk 0.14 — | WCV
Ly e Test — wev ——— Target Risk
10 10— Target Risk 0.12 — DEV
— DEV
12 5
=010
" 0.5 1y 08 ki
g H
5 3
05 0.0 =06 S 0.8
s e
0.6 5 ]
) —05 w 2006
04 5
8
04 . »
~10 0.04
0 0.2
0.0 —Lo 00 0.02
05 00 05 10 15 20 25 30 ~10-05 00 05 10 15 20 25 30 35 00 02 04 06 08 00 02 04 06 08 10
T x A A

ichao You et al Deep Embedded Validation June 12, 2019 9/10



Experiments

@ Experiments on a toy problem under covariate shift
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@ Experiments on real-world problems

o Various datasets: VisDA/Office/Digits
e Various models: CDAN, MCD, GTA
o Deep Embedded Validation is empirically validated ®
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Thanks!

Code available at github.com/thuml/Deep-Embedded-Validation
Poster: tonight at Pacific Ballroom #259

Kaichao You et al Deep Embedded Validation


https://github.com/thuml/Deep-Embedded-Validation
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