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We now provide technical details on the derivations of
the supervised and full versions of our proposed Cross-
Domain Landmark Selection (CDLS) algorithm. For the
sake of conciseness, we do not repeat the definitions for
each notation in the Supplementary.

I. Optimization of CDLS sup

Recall that in Section 3.2.1 of our manuscript, the objec-
tive function of CDLS for heterogeneous domain adaptation
(HDA) (i.e., CDLS sup) is:

min
A
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(iii)

The minimization problems of (ii) and (iii) with respect to
the transformation A can be rewritten as follows:

A>XSHSM supX
>
SA− 2A>XSHLM supX̂

>
L + const,

(iv)
and
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where
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By taking the derivatives of (iv) and (v) in (i) with respect to
A and setting it as 0, the closed-form of A can be derived
as:

A =
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>
S

)−1 ·(
XS (HLM sup + HLC sup) X̂

>
L

)
.

(vi)

From the above derivations, the optimal solution A for our
CDLS sup can be obtained.

II. Optimization of CDLS
We now detail the optimization process for the full

version of CDLS, which can be applied to solve semi-
supervised HDA problems. For simplicity, we have
{XS ,XT ,XU} denote source-domain data, labeled and
unlabeled target-domain data, respectively.

II.1. Derivation of Transformation A

In our work, we apply the technique of alternative op-
timization for solving CDLS. As noted in our manuscript,
with fixed landmark weights α and β, the objective func-
tion for solving A is:
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min
A

EM (A,DS ,DL,XU ,α,β)+

EC(A,DS ,DL,XU ,α,β) + λ ‖A‖2 ,
(vii)
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With the constraint of αc>1
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= δ, we rewrite
(viii) and (ix) into the following formulations:

A>XSHSMX>SA− 2A>XSHLMX̂>L

− 2A>XSHUMX̂>U + const,
(x)

and

A>XSHSCX
>
SA− 2A>XSHLCX̂

>
L

− 2A>XSHUCX̂
>
U + const,

(xi)

where

HSM =
1

δ2nSnS
α ·α>,

HLM =
1

δnS(nL + δnU )
α · 1>nL

,

HUM =
1

δnS(nL + δnU )
α · β>,

HSC =


H1
SC 0 0 0 0

0
. . . 0 0 0

0 0 Hc
SC 0 0

0 0 0
. . . 0

0 0 0 0 HC
SC

 with

Hc
SC =

1

δ2ncSn
c
S

αc ·αc> +
ncL + ncU

ec
diag(αc �αc),

HLC =


H1
LC 0 0 0 0

0
. . . 0 0 0

0 0 Hc
LC 0 0

0 0 0
. . . 0

0 0 0 0 HC
LC

 with

Hc
LC = (

1

δncS(ncL + δncU )
+

1

ec
)αc · 1>nc

L
,

HUC =


H1
UC 0 0 0 0

0
. . . 0 0 0

0 0 Hc
UC 0 0

0 0 0
. . . 0

0 0 0 0 HC
UC

 with

Hc
UC = (

1

δncS(ncL + δncU )
+

1

ec
)αc · βc>,

and � denotes element− wise multiplication.

Similar to the optimization of CDLS sup, we take the
derivatives of (x) and (xi) in (vii) with respect to A and set
it as 0. Then, we obtain the optimal solution A as:
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where

HS = HSM + HSC

HL = HLM + HLC

HU = HUM + HUC .

II.2. Derivations of Landmark Weights

Now, we fix A for optimizing landmark weights α and
β. The objective function can be formulated as:

min
α,β
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EC(A,DS ,DL,XU ,α,β)

s.t. {αci , βci } ∈ [0, 1] ,
αc>1

ncS
=

βc>1

ncU
= δ,

(xiii)

where EM and EC are defined in Section II.1.
To solve the above optimization problem, a Gram matrix

G for describing cross-domain data is introduced:
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By integrating the scaling matrix with the Gram matrix
G, we have the following Gram matrices G1∼3 calculated
as:

G1 =G� (ΘM + ΘC1 + ΘC3) ,

G2 =G� (ΘM + ΘC1 + ΘC2) ,

G3 =G� (ΘM + ΘC1 −ΘC2) .
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With (xiv), the original optimization problem of (xiii) be-
comes:
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where

KS,S =G1 (1 : nS , 1 : nS) ,

KU,U =G1 (nS + nL + 1 : end, nS + nL + 1 : end) ,
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To solve (xv), one can apply existing Quadratic Pro-
gramming (QP) solvers and tackle the following problem
instead:
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