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Abstract

In this supplementary material, the detailed proofs of theorems in this paper are present.

1. Proof of Porposition 1

Proof. Denote m;; = PS(Y = j|Y =4),Vi,j e {1, 2} Note that as in many label noise methods, we assume 711722 —
w9721 # 0. Since Y — YVandY — X, then X and Y are conditional independent given Y. Then, it is easy to derive that

s _ s s
Plxiy—1 = m1Pxjy_1 + m2Px)y

(A1)
s s s
Plxiy—o = m1Pxy—1 + m22Px|y 5.
Since PY = wp1 PPy jy_y +wp2 Py |y_y, We have
PY = (wp1m11 + wpama1) PR |y oy + (Wp112 + wpamao) PY |y —o- (A.2)

We also have P}; = wq P)%Y:l + w2P§|Y:2 Since PX‘Y ,and P |Y 5 1s different, according to Theorem 1 in (Yu et al.,
2018), we have
W1 = Wp1T11 + WpaTa1;

(A.3)
W2 = Wp1T12 + Wp2T22.
and
Wp1 = (Toaw1 — To1wa)/(T11722 — M127a1); (Ad)
Wp2 = (7r11w2 - 7T12w1)/(7Tl17Tz2 - 7T127T21)~
Let w; = wy;,¢ = 1,2, we have
w1 = (7r22w1 - 7T210J2)/(7T117T22 - 7T127T21); (A5)
Wz = (7r11w2 - 7T12w1)/(7T117T22 - 7r127T21)~
Then, we have
11722 — T12721 )JW1 = T22W1 — T21W2;
( ) ; A6)
(7T117T22 - 77127721)w2 = M11W2 — T12W1.
Then,
(7722—7r117r22—|—77127r21)w1:7r21w2; (A7)
(7711 — T11722 + 77127T21)w2 = T12W1.
Then, we have
T12W1 = T21W2. (A.8)

According to w1 + wo = 1, we have wy = w12/ (712 + me1) and wy = a1 /(m12 + Ta1)-
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2. Proof of Theorem 1

Proof. In this proof, Y = y (resp. Y =1y)is replaced by y (resp. /) for simplicity. For example, we let P° (Y =y Y =
y) = P%(y'|y). We also let X’ = 7(X). According to Eq. (2) in the main paper, we have

Py ZZBP )Py | X, y) P9 (X' y) = > P5(X'|y)P5(y ZPSyLu )B,(y)- (A9)

Y

Because Py, = Y, P"(X'|y)P” (y), then combining with the above equation, we have

> PU(X'|y) P (y) =D PS(X'ly)P(y ZPS Y'19)B, () (A.10)
Y

y
Because the transformation 7 satisfies that P(X'|Y = i),7 € {1,--- ,c} are linearly independent, there exist no such
non-zero i, - -+ ,Ye and k1, - -+ , Ko that S5 7 PY(X'|Y =4) =0and Y ;_, k; PT(X'|Y = i) = 0. According to the

assumption in Theorem 1, the elements in the set {v; P (X'|Y = i) + N, PT(X'|Y =i);i € {1,--- ,c}; Vi, A (02 + A2 #
0)} are also linearly independent. Then we have, Vy € {1,--- , ¢},

"(X'ly)P" (y) — P5(X'|y) P*(y ZPS Y [9)B() (A.11)
Taking the integral of above equation w.r.t. X’, we have
PT(y) =P5(y) Y P/ [v)B, (), (A.12)
,UI

which further implies PT(X'|y) = P¥(X'|y),Vy € {1,--- ,c}. According to Eq. (A.12), we have Vy € {1,--- ¢},
Y P )B(') = PT(v)/P(y) = Bly).
y/

The proof of Theorem 1 ends. ]

3. Proof of Theorem 2

Recall the denoising MMD loss, we have

A 1 S 1 T
D(W, ) = || —h(x'”)Ga — —(x' )1
(W,0) = | --0(¢*)Gar — v (1|
Let 1 !
D(W,0) = [E--p(x")Ga — E-p(x 1|,
where we abuse the training samples {(z7,97), -+, (3 95)} and {zT,--- 2T} as being i.i.d. variables, respectively.

We analyze the convergence property of the learned & to the optimal one " by analyzing the convergence from the expected
objective function D(W, &) to D(W, a*).

To prove Theorem 2, we need the following Theorem A.1, Lemma A.1, and Lemma A.2. Theorem A.1 is about concentration
inequality (McDiarmid’s inequality (Boucheron et al., 2013), also known as the bounded difference inequality). Lemma A.1
shows that the distance D(W, &) — D(W, a*) can be upper bounded even though we do not know the optimal o*. Lemma
A.2 upper bounds the Rademacher-like (Bartlett & Mendelson, 2002) term Esup,, ¢ || f(x*,x7, o).

Theorem A.1. Let X = [X1,--- , X,,] be an independent and identically distributed sample and X" a new sample with the
i-th example in X being replaced by an independent example X!. If there exists by, -+ b, > 0 such that f : X" — R
satisfies the following conditions ‘

|F(X) = (X)) < b, Vi€ {1,--- ,n}.
Then for any X € X™ and € > 0, the following inequality holds

_9¢2
PEIX) - 1(0)2 0 <o 5z ).
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Lemma A.1. We denote A = {a|a >0, ||a|j; = 1} and

FS xT ) 2B (;w(x’S)Ga - iw(x/Tn) - %w(x’S)Ga + %w(x’T)l. (A13)

Then, we have

D(W,a) = D(W,a") < 2sup [D(W,a) = D(W, a)]
aEA

A.14
§4(/\Q+1) Ny sug”f(xS,XT,a)H. ( )
[e3S
Proof. We have R R

D(W, &) — D(W, a*)

— D(W,&) — D(W, &) + D(W,a) — D(W, ") + D(W,a*) — D(W, ")

< D(W,a) — D(W,a) + DW,a*) — D(W, a*) (A.15)
i

a€A
where the first inequality holds because ¢ is the empirical minimizer of D(W, ) and thus D(W, &) < D(W, a*).

Further, we have

ID(W, ) —D(W,a)|

1 S 1 S 1
= (2 (o*)Ga - Lot ) + ot )Ga - Lo )
1 s 1 1 s 1
(& (w600 - 1o - Lue*)a+ o)1)
1 1 1 (A.16)
<[e (oeica - o)+ Lueeca - Lo
1 1 1 1
[ (L oe*)6a - o) = Lue)ca+ Lo
<ong+ 1) A B (Lo Ga - LpaT)1) - Lo S)Ga+ Lo
-ve w m n n ’
where the first inequality holds because of Cauchy-Schwarz inequality.
Since
1 1 1 1
Fx%,xT,0) 2 E (mw(x’S)Ga - nw(x’Tﬂ) »(x'%)Ga + ﬁw(X’T)l, (A.17)
we have
2sup [D(W,a) = D(W,a)| < 4(Ay + 1) Ay, sup £ (x%,xT, ). (A.18)
a€A a€A
The proof ends. u
Lemma A.2. Given learned Q and W, let the induced RKHS be universal and upper bounded that | (1(z))|| < Ny for all
x in the source and target domains. Let the entries of G be bounded that |Gi;| < A foralli € {1,--- ,m},j € {1,-- ,c}.
We have
B sup [1£(c5, %7, @) < 4(hg + 1)? Ay Val = + ).
a€l WEme Vn

A—1 A—1 ~ ~
Proof. Recall that when ¢, = 4, Vk € {1,--- ,m}, the k-th row of G € R™*¢ is [ﬁ,s%}:l) AR 155%;:0)]‘ Given Q, W

and the estimated P (Y'), we assumed that the entries of G is bounded, i.e., |G;;| < Mg and that RKHS is upper bounded,
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€., —Ymax < Y(T(2)) < Ymax and [|thmax|| < Ay, Because o > 0 and ||a||; = 1, we can conclude that for any training
sample in the source domain, we have

1 s
|66 )Gall < A g -

We then have || f(x%,x7, )| < 2(Ag + 1)Ayy, and that
1£ %, %", 0)* < 2(Ag + 1) Ay 1F (x5, xT, ).
Accordingly, we have

E sup || f(x%,x7, )| < 2(Ag +1) Ay Esup £ (x%,xT, ). (A.19)
acA aEA

Furthermore, let X° and X’ be i.i.d. copies of x° and x”', respectively. In the literature, X° and X are referred as ghost
samples (Mohri et al., 2012). We have

Esup || f(x°,x",a)|
ac€A

1, 1, 1, 1,
1, 1. ., 1 ’ 1 ’
~ B s B (L0560 — o)1) - L)+ Lo 1

S Exs xT %5 xT sup
a€A

)
m

()60~ o) - L u*)Ga + Lo

where the last inequality holds because of Jensen’s inequality and that every norm is a convex function.

Since ¥ and X7 be i.i.d. copies of x¥ and x”, respectively, the random variable L (x"%)Ga— Ly (x'T)1— %1/)(X'S)Ga—|—

%z/;(x’ T) 1 is a symmetric random variable, which means its density function is even. Let o; be independent Rademacher
variables, which are uniformly distributed from {—1, 1}. Let

/S

Y(x"",0) = [011#(%/13)» T 7Um¢(x;r€)]—r

and
(T, 0) & (@i, ont(@l)]T

We have that the random variable 7,/}( G — Lyp(x/ ) - Ly Ga + L’ ™)1 and the random variable
1,,(%/S 1 (%/T 1 st
(X7, 0)Ga — Sp(x o)1 — Edj( ,0)Ga + nd)( ,0)1 have the same distribution.

Then, we have

aEA

Eyxs x7 %5 7 SUp (;lp(i’S)Ga — :lw(fc’T)l) — %w(x’S)Ga + iqMXIT)lH

= Exs x7 %5 %7 & SUp

(o5 0G0~ Lo o ) = v )Ga+ Lo o1

aEA m
1
< 2[Eys 7, SUP (w( o)Ga — *’(/J ) H
' aEA m
1
< 2]Exsﬁ sup 71&( )GO& + QEXT o Sup *¢(X ,O’)l’ s
acA |l a€A

where the inequalities hold because of the triangle inequality.
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S o)

We then upper bound Eys , sup,ea H %1#()(’5, a)GaH and Eyr ,

1
Eys o sup w(x's7 o)Ga

acA

l<GT[Ul¢($/1S)7"' UM?( m)] ) >

= Exs , sup
m

acA

1
< EBys o sup — |G [o1p(ah%), -, amib(a)] " [l
acA M

1
< Eys o sup —[[GT[o1(2%), -+ om ()] ey
acA T
1
< Exs,oEHGT[UW(ﬂCﬁS)M” somt ()]

AVYAS
<« QL Wg

/\Q/\W

- CEU(; ;)2

Ao N Ve
vmo

, respectively. For example, we have

where G € R™*¢, ¢ is the number of classes. The first inequality holds because of Cauchy-Schwarz inequality. The second
inequality holds because ||| < ||c||1. The fourth inequality holds because of the Talagrand Contraction Lemma (Ledoux &
Talagrand, 2013). And the last inequality holds because of the Jensen’s inequality and that the function sqrt is a concave

function. Similarly, we can prove that

1 Ay
Exr » w(x'T,U)lH < W,
n

= n
Combining Eq. (A.19), Eq. (A.20), Eq. (A.20), Eq. (A.20), and Eq. (A.20), we have

E sup 17, %", )|

A
< 4(/\@ +1) Aw(

<4(Ng + 1) A%, Ve

The proof of Lemma A.2 ends.
Now, we are ready to prove Theorem 2.

Proof of Theorem 2. According to Lemma A.1, we have

D(W7 OA[) - D(Wv a*) < 2 sup |D(Wa OL) - @(VAV7 a)|
aEA

< Alhg + 1) Ay sup 1£ (%%, ).

Since || f(x%,xT, a)|| > 0, it holds that

sup Hf(x x7, o )| = \/sup IIf (x5, xT, a)||?.
aEA

Then, we will employ McDiarmid’s inequality to upper bound the defect sup,,c A || f(x%,x7, @)

bounded difference property.

(A.20)

(A21)

(A.22)

(A.23)

|2. We now check its
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Let x% be a new sample in the source domain with the i-th example in x° being replaced by an independent example if ,

where i € {1,--- ,m}, and x7? be a new sample in the target domain with the i-th example in x” being replaced by an
independent example Z7, where i € {1,--- ,n}.
Foranyi € {1,--- ,m}, we have

sup (e, )l = sup 7<%, ", 0)

aEA
< sup ’(f(XSivxTv a) + f(X 7XT7 a))T (f(XSiaXTv O[) - f(XSaXTv O[))|
aE€A
< sup [4(7g + Dt (x5, X7, 0) = f(x%, %", )|
acA
1 i 1 s (A.24)
= sup (g + )65 (006 = L))
8 Mg (Ay+1)
S M'wmaxlThpmad
X 2,2
- 8(/\Q +1) N
- m
Similarly, for any i € {1,--- ,n}, we have
sup || f(x%, x"", )| ~ sup 1£(x, %", a)|?
aEA
< sup | (F(x5, %7 0) + Fx5xT,0) T (x5 xT0) = (x5, xT, )|
aE€A
< sup 407 + Dt (65, %", 0) = [ (x5, %", )|
aEA
© . o (A.25)
= sup 107 + DT (0071 = Lo )
aEA n
8(Ag +1)
S Q7|wmax‘T|z/)max|
X 2
. 8(Ng + I)AW.
- n
Employing McDiarmid’s inequality, we have that
P(sup 1 (x5, %", @) = Exs o7 sup [|f(x%,x", a)[* > ¢)
acA aEA
( e (A.26)
< exp 1.4 (11"
32 + DAL, G +3)
Let
6 =exp —
=ex .
32(Ag + DAL (o +3)
For any § > 0, with probability at least 1 — §, we have
sup [|£(x%, x", o)
aEA
</Esup ||f(x5,xT, a)[I> +8(Ag —|—1)2/\2 }(i—i—l)logl.
- N ’ 2'm ' n S (A.27)

1

< (Mg +1) Ay \/4\f( 7) \/32(;+71l)1og5

ﬂ\
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Table 1. Classification accuracies and their standard deviations for WiFi localization dataset.

Softmax TCA DIP CIC DCIC
tl —t2 60.73 + 0.66 70.80 £ 1.66 71.40 £ 0.83 | 75.50 £ 1.02 79.28 + 0.56
tl —t3 55.20 £ 1.22 67.43 £ 0.55 64.65 +0.32 | 69.05 £ 0.28 70.75 £ 0.91
2 —1t3 54.38 +2.01 63.58 +1.33 66.71 +2.63 | 70.92 £ 3.86 77.28 + 2.87
hallway1 40.81 + 12.05 42.78 + 7.69 4431 +8.34 | 51.83 £8.73 59.31 + 12.30
hallway?2 27.98 £+ 10.28 43.68 = 11.07 | 44.61 £5.94 | 43.96 &+ 6.20 60.50 + 8.68
hallway3 24.94 £9.89 31.44 £547 33.50 £2.58 | 32.00 £ 3.88 33.89 + 5.94
Combining the above inequality with those in Lemma A.1 and Lemma A.2, we have
D(W,é&) — D(W, a*)
<2 sup ‘D(W7 OZ) - ﬁ(Wa Oé)|
acA
<4(Ag+1) Ay sup || f(x5,x7, a) (A.28)
acA
Ve e L1
<8(As+1)2A AT A 2 Z)log =,
< 8(hg + 17 N [ o+ Y2 2 o
which concludes the proof of Theorem 2. ]

4. Additional Description of Methods
4.1. Linear Model

Linear model is a two-stage model in which we first identify invariant representations and P7 (Y") and then train the classifier
according to the importance reweighting framework. In linear model, 7(z;) = 2} = W T 2. To avoid the trivial solution, W
is constrained to be orthogonal. Then, according to Eq. (5) in the main paper, we have

R 1 1
in D(W. T WT S Go — = WT T 1 2
min D(W,a) = | oW x%)Ga - (W 'x"1|,
st. WIW =LY a;=1;
=1
o >0,¥ie{l,--- ¢}

Note that even though the objective function has similar form with that in (Gong et al., 2016), it is essentially different. This
is because in this objective function, the source data is noisily labeled and G is carefully designed to relate P;;g (X,Y) and
PT(X) such that conditional invariant components and P7(Y") can be identified from noisy source data and unlabeled
target data.

The alternating optimization method is applied to update W and «. Specifically, we apply the conjugate gradient algorithm
on the Grassmann manifold to optimize W, and use the quadratic programming to optimize . After identifying the invariant
representations and P by solving above problem, we can then use them to train a classifier for the target data by minimizing
Eq. (8) in the main paper.

4.2. Structure of Deep Model

Figure 1 illustrates the pipeline of our end-to-end deep domain adaptation model.

5. Additional Experiments
In this section, we give some additional experimental results on WiFi Localization dataset.

WiFi Localization Dataset. We further compare our linear DCIC model with DIP, TCA, and CIC on the cross-domain
indoor WiFi localization dataset (Zhang et al., 2013).
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Figure 1. An overview of the proposed end-to-end deep domain adaptation model.

The problem is to learn the function between signals X and locations Y. Here, we view it as a classification problem, where
each location space is assigned with a discrete label. In the prediction stage, the label is then converted to the location
information. We resample the training set to simulate the changes in Py .

To ensure that the class ratio is not a vector of all ones, we resample the source training examples. We randomly select ¢/2
classes and let their class ratios be 2.5. For the other ¢/2 classes, we set their P(Y") to be equal. The flip rate from one label
to another is set to 5.

We first learn the linear transformation W € R4*d’ (d’ = 10) and extract the invariant components. A neural network with
one hidden layer is trained by minimizing Eq. (7) in the main paper and then obtain the classifier for the signals in target
domain according to Eq. (8) in the main paper. The output layer is a softmax with the cross-entropy loss. The activation
function in the hidden layer is the Rectified Linear Unit (ReLU). The number of neurons in the hidden layer is set to 800.
During training, learning rate is fixed to 0.1. After training, as in (Gong et al., 2016), we report the percentage of examples
on which the difference between the predicted and true locations is within 3 meters. Here, we train a neural network with
the raw features as the baseline. All the experiments are repeated 10 times and the average performances are reported. In
Table 1, the three upper rows present the transfer across different time periods ¢1,¢2, and ¢3, where p = 0.4. The lower part
shows the transfer across different devices, where p = 0.2. We can see that all the results show DCIC can better transfer the
invariant knowledge than other methods.

See the results in the lower parts, since the input features in two domains are too complex in these cases, the invariant
components cannot be well identified by a simple linear transformation, which finally results in the degraded performances.
Therefore, for data with complex features, we would like to introduce our deep denoising models to extract invariant
components and to correct the shift. The experiments on deep models are shown in the following subsections.

5.1. More Discussions
5.1.1. CONVERGENCE ANALYSIS

In order to verify the effectiveness of the proposed method to estimate P, in Figure 2 (a), we show the convergence of the
estimation errors W of our “DCIC + Forward Q” method and the “CIC + Forward Q” method, where a* is the true

class prior and & is the estimated one. The experiment is conducted on the mnist2usps dataset. We can see that our proposed
method can find a better solution for P}~ after using our denoising MMD loss.
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Figure 2. (a) The convergence of class prior estimation in target domain. (b) The sensitivity analysis of the parameter 7.

5.1.2. PARAMETER SENSITIVITY

Here, we check the sensitivity of the trade-off parameter 71 of our denoising MMD loss. Figure 2 (b) shows the classification
accuracies with respect to different values of 71, which ranges from 0.1 to 1.0 with step 0.1. This task is evaluated on
VLS2C dataset. We can see, the overall performance is not very sensitive to the choice of 7. In our experiments, we find
71 = 1.0 works well on all other datasets.
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