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Learning Process of Traditional Machine Learning

Different Tasks
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(¢) One Source Domain and Multiple Target Domains



Obviously, there exist some implicit connections among

three target domains, which is different from the
previously mentioned scenarios.

Since mSmT Is essentially the combination of mS1T and
1SmT, this paper mainly focuses on 1SmT.



Instance based TL




Feature based TL
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Target Domain 1
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For the j-th target domain,we adopt SLMC to train the target model

Wi
Soft Larget Margin Clustering
Cj n‘i
min —IIW 17 + ZZ(%)QII(W )l — I3
U WT k=1 i=1

Cy
sty up,=10<ul, <1,Vk=1---Cji=1-

ul. €[0,1] the soft membership of 27 to the kth cluster

{l{ ...lé% } the given encodings for the C% cluster respectively, and

each l{; ='10,...,0,1,0,...01% E RC7 corresponding to the k-th cluster



Learning from Source Domain to Target Domain

min |[Wg — W2V |12 4 5|V ||24

J :
Wi,V
dictionary of source Sparse representation
model parameter of Wg

W € R¥Cs W/, € R¥*Cr, Vi ¢ RCr*Cs

IM|l2,1 = >y ||m?||



Learning among Multiple target Domains

min W7 — DVZ[[3 +1||V7
D, Vi,

2.1
D c Rrxc%

D common dictionary of multiple target model parameters



Unified Objective Function

M C% n

Comin SO WRIE+ 5 S S G P — HI 4 S IWs — WV
u“}'m.,W%,D,VJ ,V}} le k‘ 1 =1
f}( . .
+2[Wi = DV + (] )}
c

sty ul,=1,0<u, <1,Vk=1---Cqi=1---nf,j=1---M
k=1

not-convex w.r.t joint(uiz., :}, D. Vi, V:})but block convex
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An iterative strategy:

(1)upc

ating ul, with fixed W7.,D, V7 V7

(2)upc

ating W/, and D with fixed u) ., V7, V7.

(3)updating V7 and V7, with fixed W?., D, ], ;
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(1443 X0L (X 491 W)+ Wi 5V (V)" )
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cl | |
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k=1

AX + XB = Q can directly be solved by python function:
scipy.linalg._solvers.solve_sylvester(A, B, Q).



M - - M - . _1
D=%" w%(v;)T(z vgng) (13)
j=1

Jj=1

—1
Vj=(5(W$)TW%~+2nMj) BWL)TWg  (17)

—1
Vi = (*}rDTD + QnM~}> vDTW?, (18)



Theorem 1: The objective function value shown in Eq.(4)
monotonically decreases until convergence by applying the
proposed algorithm.



TABLE 5
The Result of Two Representative Scenarios on Three Target Domains

Increme- Increme-
Ds Dy | NMI ntal NMI RI ntal NMI
PIE072 [0.4904| 5.881 [0.8636| 1.311
| PIEO5 | PIE09! | 0.4906 | 3.62 1 |0.8676| 1.59 1
Nj=,C} =0 PTE293 | 0.5069 - 0.878 -
ACL. N CE = Ceo PIE072 [0.4697 | 2.04 T [0.8524| 0.05]
PIE27 | PIE09! | 0.4372| 1.481 ]0.8532| 1.17 t
PIE293 | 0.4556 - 0.8641 -
PIE072 [0.4605| 2.89 1T [0.8555| 0.57
PIEO5 | PIE09! | 0.5248 | 7.04 1 |0.8775| 2.58 1
M el = PIE29" | 0.437 - 0.8508 -
J=1=T ¢ PIE07%2[0.4603| 111 [0.8586| 0.57
PIE27 | PIE09' | 0.4529 | 3.051 |0.8486| 0.71
PIE294 | 0.4814 - 0.866 -
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