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- Introduction

< Unsupervised Domain Adaptation Regression2] H{Z
«  3|{= HEHOI IS OSots A= 70| FE(depth estimation), AFE XA F=&(human pose estimation), 1

Z(age estimation) & 2| OHZ2|H|0| M0|A ZHL{SH EE &

215 E.I':I ?.IE ll:ll.l]I lEI.E ]_":I.I} l]"I.E 20.0 ' 18 - 27 30
[ 3|7(Regression) ] [ /0| =X (depth estimation) ] [ 2= =X (age estimation) |
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< Unsupervised Domain Adaptation Regression2] H{Z
2 M52 L= Hald B2 Skaot2{™ CHEko| 2{|012 H|0|E7t 2R — A|ZHt H|E0| 0| A =

Ol

100%
Human-Level Performance COSt and t|me T
Deep Neural Network
Model
Performance Shallow Neural Network
Conventional Machine Learning
random

Amount of Labeled Data
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«» Unsupervised Domain Adaptation Regression 2| H{Z

*  Domain adaptation &HES Sall 7|=0]| 21E8E = H|0|E{(=source domain)E &&5}0 |0|5 IX|

odi— =2 o

|21 Ci|O|E{(=target domain)E 0I=5t11 Xt & — Unsupervised domain adaptation

« o5 =H : Source?} Target &=0|Q1 2t X[0|E =0|= A

1= /il

Target Domain

Source Domain + X
X X -
% _ X
# 4 T _______ & X Domain Adaptation
S P + ——
X X% R
_____ ‘ Domain
Source X - + + | * Adaptive ="
L S Classifier
Domain__.--~
Classifier + + +
% 4+ Labeled Source Domain X <+ Unlabeled Target Domain

Goel P, Ganatra A. Unsupervised Domain Adaptation for Image Classification and Object Detection Using Guided Transfer Learning Approach and JS Divergence. Sensors.
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«» Unsupervised Domain Adaptation Regression 2| H{Z

»  Unsupervised Domain Adaptation fH2EL 7|=0f| F2 25 (classification)t] ZHS LU0 ACH, 2= HiH=

= 2|7(Regression)0f| 21 XE5}= H|0fli= S5 0H30] 2
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u LN L . —_ .
22 (classification) 3|#H(regression)
Domain adaptation Domain adaptation .
” Input Space Feature Space
Input Space Feature Space .
A A :
A — A . X
® ® R ) .O?) - & PN -
., @ e L 5 oo o Ca® ;
.... .......... aa, : . 5 Q O S _8 . #
~ ‘e ® 5 % ee, @ @ 0 .
N n.,... O O O bN .l......... . .. O O . ..
. ., . ..' $ : '-........ ..-O‘- .
® Te® 0 % O - i @° 0 T, o ° 2 8 ®0q
. OO""é. Q- 9 .29 o ® OO © @ O
. O ..... ". .... ; O Q OO O O O. aid -8 6
- - . - -
X1 Uy @ Labeled Source Data g
O O Decision Boundary Label Values . *. Regression Level sets
o Labeled Source Data O Unlabeled Target Data s ol Witk dgincdat O Unlabeled Target Data s

Dhaini, M., Berar, M., Honeine, P., & Van Exem, A. (2023). Unsupervised domain adaptation for regression using dictionary learning. Knowledge—-Based Systems, 267,
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« Unsupervised Domain Adaptation Regression2] HH%?

Unsupervised domain adaptation regression 22 H1=S Of2|2t Z0| AH

1. Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
> 3|7+ 230 H|aH feature scalingli] 212t 242 Maio2 5H
> EHRIANO[L] MEZ=2 7(ofet H2|E Feleto| 2t 2 HIO[EAINM E2 4= B

2. DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)
> S 2H9| AL Inverse gram matrix(GH) =S Soff DS SHS6l0f SHiC= 27HE A

> Pseudo-inverse gram matrix(fAI HeliZ)S 22 S50 AF5H0 Q17 H2IE E¢ M= =8
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<+ Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
« 37 20| 27 =01 H[5H feature scalingll TIZist s Moo= TH

«  LEHRIAO[S] M=Z2 7otet H2|S Folatof| Wt 2 COo[E AN E2 ds= B

2024.04.12 7% 692 218

Representation Subspace Distance for Domain Adaptation Regression

Xinyang Chen' Sinan Wang' Jianmin Wang ' Mingsheng Long' £

Abstract

such as object loc tion, image registration, human pose

estimation, to name a few (Lathuiliére et al., 2019).

N

Regression, as a counterpart to classification, is a
major paradigm with a wide range of applications.
Domain adaptation regression extends it by gener-
alizing a regressor from a labeled source domain
to an unlabeled target domain. Existing domain
adaptation regression methods have achieved pos-
itive results limited only to the shallow regime. A
question arises: Why learning invariant represen-
tations in the deep regime less pronounced? A
key finding of this paper is that classification is

robust o feature scaling but regression is not, and
aligning the distributions of deep representations
will alter feature scale and impede domain adapta-
tion regression. Based on this finding. we propose
to close the domain gap through erthogonal bases
of the representation spaces, which are free from
feature scaling. Inspired by Riemannian geometry
of Grassmann manifold, we define a geometrical
distance over representation subspaces and learn
deep transferable representations by minimizing
it. To avoid breaking the geometrical properties
of deep representations, we further introduce the
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Deep learning has made remarkable changes in diverse re-
gression applications across many fields. Nong train-
ing high-quality deep models relies on large-scale labeled
d . And in many real-world regression applications,
precisely annotating abundant training instances is time-
consuming and laborious. A solution to this problem is
leveraging off-the-shelf labeled data from a relevant domain
and applying domain adaptation approaches to overcome
the domain shift or dataset bias (Shimodaira et al., 2009)
There are many pioneers hammering at tackling domain
adaptation regression (DAR) problem at the theoretical or
algorithmic level. Mansour et al. (2009) and Cortes & Mohri
(201 1) conducted extensive theoretical analyses of the DAR
problem. Meanwhile, a series of algorithms are proposed
for the DAR problem. These methods focus on importance
weighting (Geng et al., 2007; Guo et al., 2008; Yamada
et al., 2014) or leamning invariant representations (Cao et al.,
2010; Pan et al., 2011) in the shallow regime. achieving im-
pressive improvements and bringing inspiration for future
works. However, most methods rely on labeled target data
And there are rare DAR approaches in the deep regime.
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
< 3|7} £5.0i H|aH feature scaling0f| 2125t 7S A&lo = S
« Regression2| LHHE £4! &4~ = Mean Squared Error(MSE) loss
1 A2
» MSE = i (v — )

ex)y; = 10, y; = 8 (HFXQI &)

* Classification2| tlH &4 a4~ = Cross Entropy loss(CE) loss
» CE=- ?1:1 i log(¥;)
ex)y; =[1,0,0,0], y;=[0.6,0.4, 0, 0] (HFY)
> 2R 0S 2E 9, 2 TEol/| lo AR == Softmax fuction2 A2 CIE ¥ 20| A™Yot== &t

— 4 HHUES 280l A8 =M EF7|(Classifier)?| feature scale| H510] H2H| HZ g 4=
— 2|{0fl= Of=iet Y HZHUZO0] 87| W20 Hatol| EH XHS0| & eHe &~ U5 — &S oA
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
< 3|7} £50i H|aH feature scaling0i| 2125t 712 A&O=E &

¢ _'_'IT, S’-l:lll 7|-7|- = _E_Elj A| H'I-” @ 7"egno‘rrn % 2_|<_7

—

_ 2
- LOSSsupervised + regnorm(”FS”F o R)Z
»  LoSSsypervised = e CE, 8= MSE
> R = Expected feature 37| = feature scaling &&= 2IoH Z|A~Z|HZ2 ZE6H= 4t
A 1

HA
> ||FS||2 = EX ££7|2 M2l feature FSO|| Z2H|LIRA = ||| /S GiAGH 30| 3712 78t

D22 & |||- 2 L2ARZ2ICI) nomsS
ex 1) HlE{ v = [4,—3] 2| L2 norm

v, = 4%+ (—3)2=v16+9=5

Gf o ——
sowma= 2 13

02
=
for
Yal

O IZHLIRA = |||l

AllF = J22+(—1)2+ .+ 42 =/56 ~ 748
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
< 3|7t £70] H|oH feature scaling0f| 2125t 712 MO Z 5H
o IOZH|LIRA 59| 37| Z, feature scales HZAGH 7tHA A& AD}

=
. E20| A2 feature scaledll HEO| SIX[Z, 570 A NS0 2 HatS O|X|= RS 2 4 Y

ojo

- Accuracy and Frobenius norm of feature matrix . MAE and Frobenius norm of feature matrix
—— Real in MPI3D
= - - l i
H . . . . - —&— Tay in MPI3D
w —&— Realistic in MPI3D
[E
= L]
H w [
5 <<
oo =i— Amazon in Office = .
<T == Webcam in Cffice
—a— Dslr in Office
L] 4 4
| —— - — e *‘-—-n———l-———i.
13 B 1% e S & = Ta ™ [ [ BT HLD
F nbemus nurm Frobenius norm
(a) Classification (b) Regression
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
< 3|7} £5.0i H|aH feature scaling0f| 2125t 7S A&lo = S
*  Unsupervised Domain Adaptation Classification 2#=21 DANN, AFN 2= 2|7 H|0[E{0f] ot Zi}

=
o X|& sk5(ResNet)H|AQ] feature scale 2Lt DANN, AFNS XME6H= A< feature scale0| M HZRE 2 £~ U2

w20 W N = Reshet N
LN 7 EE N
g /\ /\ Z
E o \ T/\ A > EE HHES M25H= AL feature scale0| /| HE 2
NN YA NA — M50 MIST(EROI) 913 1
E N NZN N
2 TN 7 WZN
. \/_ \_/ . NN

(c) Frobenius norm
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
< 3|7} £5.0i H|aH feature scaling0f| 2125t 7S A&lo = S
*  Unsupervised Domain Adaptation Classification 2#=21 DANN, AFN 2= 2|7 H|0[E{0f] ot Zi}

=
o X|& sk5(ResNet)H|AQ] feature scale 2Lt DANN, AFNS XME6H= A< feature scale0| M HZRE 2 £~ U2

T 1 20X = Feature scales HE A|7[X| Z2L2HAM EH|Q17t9| X}0|F =0|=

Unsupervised domain adaptation k&= of{0f otCH
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
+ 29 53

» Total loss = LLZ(Gf; Gy) + ﬁLRSD(Gf) + VLpmp(Gy)
® @ ®

THQIZEXIOl | 50| #E2 =AM 1

xf Xo e ){g ! L
. [ X N a cee l BSHT% @
E> Gy :::::::.‘:.‘:.‘:! SVD I:> J“ g a

! SVD

|
i | F ¢t I x> ®
bt L ot ! : SVD U s Dt
XXy g | | YR ) P*, P'—>(Conr)
|

— i — — — — —
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
o DA S O - @LLz(Gf; Gy)

* Totalloss = LLz(Gf; Gy) + ,BLRSD(Gf) + v Lpup(Gy)

® Li,(Gr, G,) = LEPHOl supervised loss = MSE(G,(Gr(x5), )ys) = MSE(®3, v5)

£ f; ®
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
S D S Y @) Legp(Gr)
« Totalloss = L5(Gy, Gy) + PLrsp(Gr) + vLpup(Gr)

@ Lgsp(Gr) = Representation Subspace Distance(ot2] 7t 72| E3) loss

| B 3 05°T—>(Lrsn)
L LSRR EY ) e J\- & A

e — — — — — —

! SVD

|

9 see [> I !Ft t

X] Xy - X, : vee ia SVD [> IU a
|
|

— i — — — — —

2=
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)

“ DS WY @ Legp(Gr) - SVD
Ol

Jlm

HIH(SVD)2F? = 219|9| m x nX[RIQ| ai& A= A = UzVT 2} Z0|
» U=m xm37|9 & 7"t Xl

2ofots A — AR B4 & 54 KX 75
=

! i (orthogonal matrix)
> X=m xn37|9| [zt AH(diagonal matrix) — HIE{2| ZI0|E

> V=nxn37|9| &l 7|dt =1 3= (orthogonal matrix)

Ok
0

ZHGH= 50|

0
010
0O]101|0O
A = U ) A
mXn mXm mXn nxn

.C:t. gi:;]mh;m?ﬁyﬂcs https://angeloyeo.github.io/2019/08/01/SVD.html
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
& QeI SE N Q) LRSD(Gf) SVD
0|2 E5H(SVD)2? = U9I9| m x nX[Q| aiE A=A = UZVT 2 Z0| 2oljol= BiAl — X[ =4 & EM Q| 7H=
> U=m xm37|9| & 7|8t & i (orthogonal matrix)
> X=m xn37|9| [zt AH(diagonal matrix) — HIE{2| Z0|E ZHsk= £0| }

> V=nxn37|9| &l 7|dt =1 3= (orthogonal matrix)

Jlm

10100
0O(1|]01(0
O(0|1]|0
O[0]|0{|1
U uT I
mXm mXm mXm

III-.I

S I Identity 34280| E UTU =L VIV =1)

> Xl 8i=(orthogonal matrix) = A7 | XA S S3HS
> T2t YZ(diagonal matrix) = 3= CHZH & IX| Ea7} OF LA a7t 021 &

.Q:O. gi:;]mh;mlﬁyﬂcs https://angeloyeo.github.io/2019/08/01/SVD.html
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)

“ DS WY @ Legp(Gr) - SVD

Jlm

0|2t 25l(SVD)2t? = 9|9 m x nXIRQ| i A= A = UzVT 2 20| 2dliots WAl — X1 EA & EM K| 75
> U=m xm3A7|e g 7|8t &lq

! i (orthogonal matrix)
> Y =m xn37|9 §2} W= (diagonal matrix) — HE{2| ZI0|Z XXok= E£0| 3t

> V=nxn37|9| &l 7|dt =1 3= (orthogonal matrix)

Ok
0

0
0|0
0[0]0
)
m Xn

[[I-.I

X1 84 (orthogonal matrix) = Xt7| XA S84 If Identity 80| & (UTU =L VIV =1)
7t sH =y

>
> {2} S(diagonal matrix) = 3= CHZHM & 2IX| R4t OH LIHX| 2471021

.C:O. gignh;'/r\wr‘:ﬁyﬂcs https://angeloyeo.github.io/2019/08/01/SVD.html
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
“ DUSH Y@ Lysp(Gr) - SVD
+  E0[2f 2H(SVD)EI? = A2I9 m x n Xt #H A= A = UZV' 2 Z0| 2aH 7+sE
= B2 AE A9 EE0|(=Dim) St LHHIAM {EAH EXS=X|(=MZ 2|0 A=K )E 2
= A AQ| H|O]E] FZ0{M 2AHIHO] O{EA| ==X
= 2= AlF A ¥E0|(=Batch) St LHOIM O{EA 2Eot=X|(=M= A UA=X)E &E

“A = BackboneO|A] &2 Feature”

Ok
0

0
0|0
0/0]0
A = U ) A
Dim x Batch Dim x Dim Dim X Batch  Batch X Batch
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)

“ DUSH Y@ Lysp(Gr) - SVD

- SO0t E5H(SVD)2? = YoI9| m x n AR W A= A = ULV 9 20| 2ol 7H5 T
= = Y AQ| FE0|(=Dim) 3Zt L0l O{EH BRESH=XI(=AMZ HEE[0 J=XNE HH
= o= AO| [|O[E AL Z0f|A AH|KO| HHEA| =X
= = YA AS| #E0|(=Batch) 32t LHOIA O{EAH 2ESF=XI(=MZ ALK A=X)E Y

“A = BackboneO|A] &2 Feature”

Ok
0

0
0|0
0/0]0
A = U ) A
Dim x Batch Dim X Dim Dim X Batch  Batch X Batch
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)

N

“ DY SH Y @ Lrsp(Gr) - SVD

“12}A D CHEX|(Grassmann manifold)2] 2[2t
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E0|Zt 2oH(SVD)RL? = Q9I9| m x n A} & A= A = UZVT o Z0| 2dll 7k
> U=g=

—_

St
=

AlE A EE0|(=Dim) SZt LHOIM O{EA 2ESt=X|(=M= AN U=K)E 2F

7|513!
U9l & 7|5t x| DS AL
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
DY S WY@ Lesp(Gy)
¢ LRSD(Gf) = disggp (U°®, Ut) = ”Sin @S(_)T”l Z= 2t (principal anglesy= @ Lgyp (Gr)OIA AHE
> SVD(EO|Zf Eol)2 FSQ} Ft2HE 2iZt Uset Uts £&

> Golub & Van Loan(1996)0l MA|§ 3= Zt= (principal angles) A USUt = PS(diag(cos ©57T)) P2 At

F QI ALO[S] £AIS LIEHH

£565 £
T T
. | 5 s @
X5 X5 o X i F :
l.1 2 b|:> a: coe E> }‘ @Sz.-.»’!'__)
cee ' ' I SVD
Gy i,!:::::::.':.':.':I g D a
9 see E> gl IFt t
xi xb o x) : vee ia SVD [> IU a
|
L R !
fif, .. f
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
S D S Y @) Legp(Gr)
® LRSD(Gf) = diSRSD(US, Ut) = ||Sin @S(_)T”

> SVD(E0|Z} 2ol)= F° FI2RE 212t USQt U'E =&
> Golub & Van Loan(1996)01| MIA|§t F= Zt=(principal angles) AlAH] USUt = PS(diag(cos ©57T)) Pt S At

— & = cos 05T THS A0|| HRISHH sinf = /1 — cos?(0) TLotIAL 3HEH sin @577 £&38 % L1 norm |||, S #[&t

> LRSD E_ _I_El}” i|'O|E Loss= To'l OM'OHXP'”'

Us st
. U u
uj
u3
_ P> B
5 __ 8 ; E 1 1
Uspgf | U
2 i
uip; 1
—— Principal vector = Orthogonal bases
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
< D328 N 1 ® Leyp (Gr)
*  Lpup(Gr)= reggyp (U,UD = [[[P°] — [P*[|IZ
> Al Golub & Van Loan(1996)0fl MIAISH 3= Zt= (principal angles) Al4HA! USUt = PS(diag(cos ©57T)) PES AIE

> @OIM ZAKSE 2= ZiT s, Pro] MY 7t RHOIS A &, DRHLIA & |||,2 3§ HES 78

X'i Xo -e- Xg - coe || )
9o (N X ] _ ! !
E> (g j:::::::.‘:.‘:.‘:_! >V E> J\‘ g

! SVD

|
! |Ft ¢t I X ®
bt ol ! ! SVD U s Dt
X; Xo Xy, : oo :a [> )— P ,P—)
!
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
< 2228 N @ Leyp(Gr)

*  Lpyp(Gp)= regiyp (US,UY = |||PS] — |PY||Z
> PSE AA THQI0) ThEt, P'= EHU Q10| CHSt = 2
UsQt Ut= ZQE 0| M2 T35l QUX| &AL

Ls O

Hol

PS 2t P'= 2l 71X (ex. ui, uf S)2 SQE(=7F5X| ex. pi,p1)E 12T 75

Lgyp BE : F2PS, P7L RALSHOF BHTH ex) A EMQIO] 7|X7t ZQ5ITH D TH — BN EM12] 7|KHE S5

YV VYV VY

Us
=5
Uj
[
u3
S » &
sosp o o
L1 251 I
v A
- =~y
u;py
— Principal vector = Orthogonal bases
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I Experiments

Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
<+ C[O[E] 41 (1/2)

dSprites —2D & H|O|E{Al
»  Color (C), Noisy (N), Scream (S) & 37H2| EH|Q10 Z AN
> Target2 regression task & Orientation= M|2/St 37HZE A&(Scale, Position X and Y)
v =Y O00X|7| =0 et ars 20| NTiE2=
«  MPI3D - 3D A|E2|0|M H|O|E{Al
> Toy (1), RealistiC (RC), Real. (RL) & 37H2| EM[QIOZ AN
> Target2 regression task 27H2 Al&(Horizontal and Vertical Axis)

Table 1. Factors of variations in dSprites Table 2. Factors of variations in MPI3D
. : Factor Possible Values Task
Color Factor | Possible Values |  Task Toy & | |

: — Object Color 5 values recognition
T : Shape square, ellipse, heart | recognition Object Shape 6 values recognition
Noisy Scale 6 values in [0.5, 1] regression Realistic Object Size 2 values recognition
ikt Orientation | 40 values in [0,27] | regression Camera Height 3 values recognition
p— " . . Background Color 3 values recognition

5 i Position X 32 values in [0, 1] regression : : : _
cream o e ] Real Horizontal Axis 40 values in [0, 1] | regression
s Position Y 32 values in [0, 1] rCgression Vertical Axis 40 values in [0,1] | regression
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
< C|O|E] & (2/2)
*  Biwi Kinect — 2| XtA| =7 O|0|X[ H|O]E Al
> Female (F), Male (M) & 2712| =H|IQICE M
> Target2 regression task 37H2 A& (Pitch, Yaw, Roll)

Table 3. Factors of variations in Biwi Kinect

Factor Possible Values Task

Pitch values in [—92.044, 231.352] | regression
Yaw values in [—87.7066, 246.684] | regression
Roll values in [754.182, 1297.45] | regression

Q.. Daota Mining
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Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)

o M3 2

«  37] Gl|O[Ef MOlIA CHEER Lrsp(Gr) + Lenp(Gr) Q1 MO IHZ0| 7HE 22 HeS 2

Table 4. Sum of MAE across three regression tasks on dSprites: unsupervised domain adaptation (ResNet-18).

Method C =N C S N C NS S C SN Avg
ResNet-18 (He et al., 2016) 094 +0.06 0.90+£008 0.16+0.02 0.65+0.02 0084001 0264003 0.498
TCA (Pan et al., 2011) 0944003 087+002 0.19+002 066005 0104002 0234004 0.498
DAN (Long etal., 2015) 070+ 0.05 0.77 £0.09 012+0.03 0504005 006+0.02 0.11+0.04 0377
DANN (Ganin et al., 2016) 047+ 0.07 0.46 +0.07 0.16 +0.02 0.65+0.05 0.05+0.00 0.10+0.01 0315
JDOT (Courty et al., 2017) 0.86+0.03 0.79+0.02 0.19+0.02 0.64+005 0.10+0.02 023+0.04 0468
MCD (Saito et al., 2018) 081 +£0.09 081 £0.12 0.17+0.12 0.65+0.03 0074002 0.19+004 0.450
AFN (Xu et al., 2019) 1.00 +0.04 0.96+005 0.16+003 0624004 0.08+001 032+006 0523
RSD (ours) 0324002 0354002 0.16+0.02 057001 0084001 0094002 0258
RSD+BMP (ours) 0314003 031+003 012+002 053+001 0074000 0084001 0237 Table 6. Sum of MAE across three regression tasks on Biwi Kinect
Table 5. Sum of MAE across two regression tasks on MPI3D: unsupervised domain adaptation (ResNet-18). Method F—M M—F
e 2L RC T 2C O RL v—— —T) TR . ResNet-18 (He et al., 2016) 0.38 £0.02 0.29 £+ 0.01
t T
RENG 18 (He et al., 2016) 017:002 044:::)04 019:002 045;003 051_;001 050_;003 0;75? TCA (Pan et al., 2011 0.39£0.01 0.31 =001
esNet- e et al., . ) . . . . ! 1 . ) . . .
TCA (Pan et al., 2011) 0.17+0.02 0424001 0.19+002 042+002 0504002 0504002 0.373 DAN (Long et al,2015) ~ 0.37+001 028001
DAN (Long etal,, 2015)  0.124+0.03 0354002 0.12+002 0274002 040+ 002 041+004 0278 DANN (Ganin et al.,, 2016)  0.37 £0.02  0.30 £ 0.01
DANN (Ganin et al., 2016)  0.09 + 0.01 024+ 004 0.11+0.03 0414003 0484002 037+0.04 0.283 JDOT (Courty et al., 2017)  0.39 £0.01 0.29 £ 0.02
JDOT (Courty etal., 2017)  0.16 £0.02 041 +0.01 0164002 0414002 0474002 047 +0.02 0.353 MCD (Saito et al., 2018) 0.37 £ 0.02 0.31 £0.02
MCD (Saito et al., 2018)  0.13+£0.02 040+004 0.15+002 045+001 0524002 0504003 0.358 AFN (Xu et al., 2019) 041+ 0.02 032+ 0.02
AFN (Xu et al., 2019) 0.18 +0.03 045002 020003 0.46+003 0534002 0524004 0.390
RSD (ours) 0.10 £ 0.01 0234003 0.11+001 0.17+0.02 0414001 0424001 0.242 RSD (ours) 033 +0.02 027001
RSD+BMP (ours) 009+ 001 0194002 0.08+000 0.15+003 0.36+001 036+002 0205 RSD+BMP (ours) 0.30 +0.02 0.26 £ 0.01
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I Experiments

Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
> AE A
- LO9l 22 X0] A2 58 2t
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I Experiments

Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
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e Feature scale 8T
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I Experiments

Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)

= g

@ 2| B feature scalet| RIZoHH, EF YHEE XE Al feature scale?| HS RiskE L2 (IS

@ SVDE Solf MZ22 7H2|E ™H2[otH X[0|= =0| &, feature scale2 |SX|otH £2 d=s=2 24

Us Us Ut
u;
&
u, ps
u3pj P U'm
58 "l_l?
u;py
— Principal vector = Orthogonal bases
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DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning

Inverse Gram Matrices (CVPR, 2023)
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Bl Methods

“» DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices
(CVPR, 2023)

- 3|7 2H[e| AL Inverse gram matrix(&

A E Solf TS s5al0f Sttt= Z2HE MM
 Pseudo-inverse gram matrix(fAt SliE)S Z2 SHE50| ARZS6H0 L0217 H2IE 20 M52 =8

4 O OLS Regressinl:\'

2024.04.12 7| 63| 218 - Z,
. . —_ O — o
g Solution
InterpretML: A Unified Framework for Machine Learning > > N —
™ e H
Interpretability 4 B
Deep - T
£ /) 171
i Encoder ZleB=(2,2,) 2,y
Harsha Nori HANORITMICROSOFT.COM = 'I:!:
Samuel Jenkins SAJENKINEMICROSOFT.COM 1
Paul Koch PAULKOCHEMICROSO g
Rich Caruana RCARUANAGMICROSOFT.COM =
Mierosoft Corporation =
I Microsoft Way I'\_ _"_/
Redmond, WA 980532, USA 3
(a)
Editor: > Source
y Bs > <
Target
Abstract . = l
InterpretML is an open-source Python package which exposes machine learning inter- - > z (7]‘7 j 1 I\||(:rn
pretability algorithms to practitioners and researchers. InterpretML exposes two types of o 5 a ~g =8
interpretability — glassbox. which are machine learning models designed for interpretabil- -, X
ity {ex: linear models, rule lists, generalized additive models), and blackbox explainability A
techniques for explaining existing systems (ex: Partial Dependence, LIME). The package <
enables practitioners to easily compare interpretability algorithms by exposing multiple I
methods under a unified AP and by having a built-in, extensible visualization platform. >
InterpretML also includes the first implementation of the Explainable Boosting Machine, a €T z (7 .|"7 ) 1
powerful, interpretable. glassbox model that can be as accurate as many blackbox models. Lot el
The MIT licensed source code can be downloaded from github.com /microsoft /interpret.
(b) (c)

Keywords: Interpretability, Explainable Boosting Machine, Glasshox, Blackbox
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Methods

DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)
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Methods

DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)
<+ | AHEHOLS)2] inverse Gram matrix2 FLok= Al

. SSE=Y e = N(y — P)’EHHIIFORHS T =78 (7= feature, f= MI2H0|E)
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Bl Methods

DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)

% ZAHBH(OLS)Q] inverse Gram matrixS Fok= Al

. SSE=Ye2=Y(y — P2 IFToR2 HEt Y =78 (7= feature, f= LIZHD|E)
e SSE=(Y —-ZR)YY —ZpB)

=YTY —YTZB - ZTRTY + ZTBTZpB

=YTY - 28727y + ZTZ BT
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/ o
DE=20TV) - 2272 =0

22T B = 2(ZTY
( )A,B (Z"Y) 7 7277 7} 71132 (@I3H=10| ZRRO|ZFT 74
B=Z"2)17TY
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Methods

DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)

% OIAEA 7[Ht feature®t inverse gram matrix(G& &) X}0|
o AAQLEMI EHQI9| feature?! Z,Q} Z,2| cosine HE|E FotH I8! (b)Q| AR EHX|2t
* Inverse Gram matrix2 HeIRHS I (ZIZ,) ™! @t (Z[ Z,) 71| M2z I8 (o2t 20| A

— 2|7 taskOi|l M HARS AZSk= 20| SHIE AO|Ck= 24 2)

* P

) ki * ¥ P
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(a) Two distributions (b) Z () (2T z)~1
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Methods

DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)
o BE SH A 1O L.
¢ TOtal |OSS y LSTC + aCOSLCOS (ZS’ ZT) + VscaleLscale (ZS’ ZT)
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Methods

DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)
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DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023) —
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Methods

DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)
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DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)
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DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)
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Experiments
DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)

+ TIOIE] AT EHIQI SIS O HHERSD)T S

*  37H H|O|E4Xl(dSprites, MPI3D, Biwi Kinect)OilA &t WHZ(RSD)ELHH E2 H5S Y

Method C—N C—=35 N—=C N-—5 5=C S—=+N | Avg
Resnet-18 [77] 0.94 0.90 0.16 0.65 0.08 0.26 0.498
TCA[51] 0.94 0.87 0.19 0.66 0.10 0.23 0.498
MCD [57] 0.81 0.81 0.17 0.65 0.07 0.19 0.450
IDOT [17] 0.86 0.79 0.19 0.64 0.10 0.23 0.468 Method M3F FoM| A
AFN[77] 1.00 0.96 0.16 0.62 0.08 0.32 0.523
DAN [44] 0.70 0.77 0.12 0.50 0.06 0.11 0.377 Resnet-18 [ 7] 0.29 (.38 0.335
DANN [1%] 0.47 0.46 0.16 0.65 0.05 0.10 0.315 TCA[51] 0.31 0.39 0.350
RSD [10]. 0.31 0.31 0.12 0.53 0.07 0.08 0.237 MCD [57] 0.31 0.37 0.340
DARE-GRAM (ours) 0.30 0.20 0.11 0.25 0.05 0.07 0.164 ’ ’ ’
JDOT [1 7] (0.29 0.39 0.340
Table 1. Compansons with previous works on the dSprites regression tasks. All results are shown in sum of MAE with the ResNet-18. AFN [7] 0.32 0.41 0.365
DAN [1] 0.28 0.37 0.325
Methods RL sRC RL 3T RCRL RCST T-oRL T-oRC | Avg DANN [1+] 0.30 0.37 | 0.335
Resnet-18 [27] 0.17 0.44 0.19 0.45 0.51 0.50 0.377 R5D [ I 0.26 U.EU []'EHD
TCA[51] 0.17 0.42 0.19 0.42 0.50 0.50 0373 DARE-GRAM (ours)  0.23 0.29 ] 0.260
MCD [57] 0.13 0.40 0.15 0.45 0.52 0.50 0.358
IDOT[17] 0.16 0.41 0.16 0.41 0.47 0.47 0.353 Table 3. Comparisons with previous works on Biwi Kinect.
AFN [77] 0.18 0.45 0.20 0.46 0.53 0.53 0.390
DAN [14] 0.12 0.35 0.12 0.27 0.40 0.41 0.278
DANN [ 1] 0.09 0.24 0.11 0.41 0.48 0.37 0.283
RSD [10]. 0.09 0.19 0.08 0.15 0.36 0.36 0.205
DARE-GRAM (ours) 0.09 0.15 0.10 0.14 0.24 0.24 0.160

Table 2. Comparisons with related works on the MPI3D regression tasks. All results are shown in sum of MAE with the ResNet-185.
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Experiments
DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices (CVPR, 2023)
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¢ Conclusion

o 3|0 MEtsH EH|QIZE H2IE F6h= Unsupervised Domain Adaptation Regression Bl =204| CHsH ot &

(@ 3 =
@™ Representation Subspace Distance for Domain Adaptation Regression (ICML, 2021)
> feature scalingdi| 1ot A= MO = iSolll SVDE Solf M=2 =H|QIZHAHZE A

@ DARE-GRAM: Unsupervised Domain Adaptation Regression by Aligning Inverse Gram Matrices
(CVPR, 2023)
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<+ Conclusion
- L7IH
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