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Overview A Simple Example Theoretical Analysis
Unsupervised Domain Adaptation: Source # Target Previous Theoretical Result: Given hypothesis class ‘H and Ay = Our generalization upper bound on the target error: Let (Dg, fs)
{h™'(1) | h € H}, the H-divergence is: dy(D,D') = and (Dy, fr) be the source and target domains. For any function class
SUP gc 4,, | Prp(A) — Prp(A)|. Generalization bound for binary clas- H C [0,1]*, and Vh € H, the following inequality holds:
Adaptation sification (Blitzer et al. NeurIPS’ 08), VA € H: e (h) < es(h) + dy(Ds, Dr) + min{Ep.[| fs — frll, En,llfs — fr[]},
# ‘ ! A er(h) < es(h) + dyan(Ds, Dr) +\ where H = {sen(|h(x) — W'(x)| — ) | h, i/ € H,0 <t < 1)}.
Target i lmages without labels To be minimized by learni;lrg invariant representations Free of the unavailable term \* .= mil”lhfeq_[ e S(h/) + & T(h/>.
Incorporate the conditional shift
h h): lati /target bi lassificati . n{F _ ) _ ' '
Source imaeawith abels es(h)/er(h) popFl ation source/target binary classification e.rror min{Ep.[| fs — fr|l, Ep.[|fs — fr|]} into the analysis.
dyan(Ds, Dr): divergence between source and target domains. Also holds for (bounded) regression problems.
Domain Adversarial Neural Network (DANN): N = mingyey es(h') + ep(h'), the optimal joint error.

Our information-theoretic lower bound on the joint error: Sup-
OL, <D A counter-example: pose X —%+ Z 5 ¥ holds, and djs(DY, DY) > dys(DZ, DZ), then:
90/

=t 89ym

| B | ~ | | 1 y
= B | target domain () = Lp<o(x) - (z + 1) target domain Y Y 7 VA
::> :> :> :> i;,_ :> :> ::> Eclass label y o g + Lyso(z) - (x — 1) NN 5S(h O g) - 8T<h O g) Z 5 (d]S(DS : DT) — dJS(DS7 DT)) .
- | C— rediior (_;y(.;gy) } e R Il> SEETEE I dys(+, -): Jensen-Shannon distance between distributions.
— d . | | .f | ° ° ° °
:\/[ A 59f]\}%9 g lomain dlassifier Ga(0a) e e domai DY /D7 source/target marginal label distributions.
Y ﬁ@p % ' N !
feature extractor G¢(;0f) %, % 1 | c : : . .
: a7 ::> ::> ® domain label d Before adaptation: Extension: Different transformations for the S /T domgms don’t help:
> s J \[ 5 Ld Let gg, gr be the source and target transtformation functions from X to
_ forwardprop  backprop (and produced derivatives) )\8—9(1 y d Z. Suppose dJS (DY7 D%) > dJS (ng D%) theno
: Dg=U(-1,0) fg(:):):<0’ v s —1/2 7 IV
Question: ) 1, o>—1/2 es(hogs)+er(hogr) > (dJS(DS .Dy) — dys(D§, D7)
Is finding invariant representations while at the same time ‘
achieving a small source error sufficient to guarantee a small Dy = U(1,2), fr(z) = 0, x=>23/2 Experiments
target error? If not, under what conditions is it? 1, x<3/2 . .
. ' l istributi . . . . Digit classification on MNIST, USPS and SVHN (D D+):
Qur Answer: No, anq 1t provably hl%l‘j[S 1f th§ la‘pel Q1str1but10ns are Optimal hypothesis: h*(z) = 1iff 2 € (—1/2,3/2) with \* = 0. g (Dg # Dr)
different! Only sutficient when conditional distributions are close. — o —own
Feature transformation: @ 2 - S v*"’ z¢ Tty
Our Contributions: S o I
° g(z) =icp(x) - (x+ 1) + Liso(x) - (. — 1) s g_’“ !
. . . . . D 8 :
A simple counter-example that invalidates domain adaptation @ 3 D
algon?hms base?d. on matching .mal.'gmal distributions. After adaptation: Perfect domain alignment: dya (DY, D7) = 0. But, e —— o ——
Sufficient condition: a generalization upper bound that suggests ‘ Training leration Training leration
matching conditional distributions. D, = U(0,1) () 0, z<1/2 2 st tuare
. . : : S > S 1 1/9 02 p De,
Necessary condition: an information-theoretic lower bound that . o >1/ Z §or % 53
suggests matching marginal label distributions. 0, x>1/2 2 8ol AL . AR08
/I / L ) — - = 14--- N S I:q;
Empirical results that corroborate our theoretical analysis. Dy =U(0,1), fr() 1 oz <1/2 Sh... \] y Ba
, 1
0.52 A 0.25 - L
NOW \V/h/ R H {O, 1}7 €S(h/ O g) —|— 8T(h/ @) g) — 1, hence )\,* — 1. : b Traizr?ing IteraB’Icc;on & . : ? Tra?rcm)ing IteraGEion

Carneg 1€ Mell()n UnlverSlty Conclusion: When the label distributions are different, aligning both

M : f R h Implication: In this example, minimizing the source error while |
IC rOSO t esea rC aligning domains will only increase the target error. domains while minimizing the source error leads to an increasing tar-
get error during training.
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