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Abstract: Representation learning is essential for machine learning technique nowadays. The transition of input represen-
tations have been developing intensively in algorithm performance benefited from the growth of hand-crafted features to the
representation for multi-media data. However, the representations of visual data are often highly entangled. The interpreta-
tion challenges are to be faced because all information components are encoded into the same feature space. Disentangled
representation learning (DRL) aims to learn a low-dimensional interpretable abstract representation that can sort the mul-
tiple factors of variation out in high-dimensional observations. In the disentangled representation, we can capture and

manipulate the information of a single factor of variation through the corresponding latent subspace, which makes it more
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interpretable. DRL can improve sample efficiency and tolerance to the nuisance variables and offer robust representation of
complex variations. Their semantic information is extracted and beneficial for artificial intelligence (Al) downstream tasks
like recognition, classification and domain adaptation. Our summary is focused on brief introduction to the definition,
research development and applications of DRL. Some of independent component analysis (ICA)-nonlinear DRL researches
are covered as well since the DRL is similar to the identifiability issue of nonlinear independent component analysis (non-
linear ICA). The cause and effects mechanism of DRL as high-dimensional ground truth data is generated by a set of unob-
served changing factors (generating factors). The DRL can be used to model the factors of variation in terms of latent repre-
sentation, and the observed data generation process is restored. We summarize the key elements that a well-defined disen-
tangled representation should be qualified into three aspects, which are 1) modularity, 2) compactness, and 3) explicit-
ness. First, explicitness consists of the two sub-requirements of completeness and informativeness. Then, current DRL
types are categorized into 1) dimension-wise disentanglement, 2) semantic-based disentanglement, 3) hierarchical disen-
tanglement, and 4) nonlinear ICA four types in terms of its formulation, characteristics, and scope of application.
Dimension-wise disentanglement is assumed that the generative factors are solely and each dimension of latent vector can be
separated and mapped, which is suitable for learning the disentangled representation of simple synthetic visual data.
Semantic-based disentanglement is hypnotized that some semantic information is solely as well. The generative factors are
group-disentangled in terms of specific semantics and they are mapped to different latent spaces, which is suitable for com-
plicated ground truth data. Hierarchical disentanglement is based on the assumption that there is a correlation between gen-
erative factors at different levels of abstraction. The generative factors are disentangled by group from the bottom up and
they can be mapped to latent space of different semantic abstraction levels to form a hierarchical disentangled representa-
tion. Nonlinear ICA provides an identifiable method for observed data-mixed disentangling unknown generative factors
through a nonlinear reversible generator. For the motivation of loss functions, the loss functions can be commonly used in
disentangled representation learning, which are grouped into three categories: 1) modularity constraint: a single latent
variable-constrained in the disentangled representation to capture only a single or a single group of factors of variation, and
it promotes the separation of factors of variation mutually; 2) explicitness constraint: current latent variable of the latent
representation is activated to encode the ground truth of the corresponding generating factor effectively, and the entire
latent representation contains complete information about all generative factors; and 3) multi-purpose constraint: loss-
related can optimize multiple disentangled representation, including modularity, compactness, and explicitness of the dis-
entangled representation at the same time. The model-relevant can combine multiple loss constraint terms to form the final
hybrid objective function. We compare the scope of application and limitations of each type of loss functions and summarize
the classical disentangled representation works using the hybrid objective function further.
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it #1527 2% 2J (disentangled representation learning,
DRL)IEJEN T Rk — [, H Aoy o —
MR, LIARU I 70 2 Y SO S K 4 7
TEN] fR BEH & (Bengio %5,2013) .
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Fig. 1 Illustration of DRL causal mechanism
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(b)semantics-based disentanglement ; (¢ )hierarchical disentanglement ; (d)nonlinear ICA )
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Bl BRI, iR 2 SRR AN SR 2 BB A
B LA AL 1Y i 96 03 A 22 18] J2 GRS
iz, 19 56 3 A AR T UL B e B A 50K
s (x) o R, PSR SRR R RIS BT T 3%
NN

h,=S,(x) (10)

o) =[Tolals =) an)

K, b FR « BRI LA RS GO0, S, () T 3=
TRIZAM GG IR A 52 1 SCRR R

7 3£ F VAE (Kingma il Welling, 2022) fY J7 ¥
i, Yk S 2 QST SR )2 A AL Y ELBO H A oK

4>ﬂ|i

‘Z(Zlvzza"'azl|

(a) HERA TR AR (b) ZEA LRI HE AR
AIAE AR AIAE AR
K3 S 2GR AR JE GO (14 7R 7
Fig. 3 Illustration of stacked hierarchical model and
architectural hierarchical model ( (a)inference and generative
models for the stacked hierarchical model ; (b)inference and

generation models for the architectural hierarchical model )

LRI V)|
Lyipo EE logp 2 |Z>1)] +

Lyiwo = Eq(zw[logp(xlz)] - KL(q(zlx)Ip(z
o, H O —Fh o A A
2.3.2 HE BGE Tk

W 2(e) o, J2 9 #E 7 AR 1 LR K
PRI EE A ) A R R G R LA R 2
TG, 67, -, 6" I LA NFR . )2
908 1 14 2B R R B Sl 4 S R KT R
B M TR (= 1,2, LRI
— MG AE R R TR GV (1= 1,2, -+, L),
AR BRI AR R g, (0 = 1,2, -+, m), T LUZ
GRS — RO BE B R T

FT VAE ()2 9 A% 75 ¥ (Gulrajani 55,2016
Hsu %, 2017; Li %, 2020g; Rezende 22014,
Sgnderby 45,2016 ; Zhao %5, 2017) FH— AN 15 2 /E
e YR & Y — Tl 2 RIS TR 2 B o3 A
] ) 7B, A 7 BAR SR — A K Y T AR 4
TEZERY | BT VAE 12 G ] 2073 e B )= 5
AR Z R M, WS RHHRINRERTIEZ =
LVAE (ladder variational autoencoders) (Syinderby a2
2016) , R I 24> VAE B U 1 0 56 JE A5 10 A 58K
i 2 T I 2 ] A SR OC 2% L a3 A T ) 2R
SO A O3 A R B RS ) B RS 303 A KA R
O AR 7R o A 2 GRS Y B AL T AE VLAE
(variational ladder autoencoder) (Zhao %5 ,2017) {& %
A ST A, I i A VAR LR AR [] I
FERI 28 AR A GO AE R R F R .
T H A A= RS RY Y 22 R 7 1% (Li 4%, 2020g 5 Peng
45,2017 ; Singh % ,2019; Tong 45, 2019) # K F 24~
T 03 I FRB A R R KV 1 v A8 i, it 73 3k
BT B 1 P AR A BB P AR A A i AR S )22
PSR

JE GRS R 7 =X FH T ORI A5 Al 1 A B PR 3R A A
— BRSO B OUH WL T LSRG R,
LS R 9 AR R IR T AR R R B A 0 52 L 4%
Hro N, EUR RO X5 518 SO OC (AR TR 7EK
STER FAE) RSN SR R RIERAAC (5 A
APBLOR, M BA B REIE) . XL i FR 1 Ek
FRIE MG A BRI R K- 0y A2 A
RYUE TR GG A LR R oA o T2 4%

H(q(z1x))(12)
))(13)
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i FE AL BERE A Rl R AT BT AE AR A R 3R 0 5
i BB I 2 AL R TE R R AR AL PR R LA [ i
SETH ARG , 4 T AR 1 & 1 1 SCIE A M A B
S
2.4 JELMMIIN S A
2.4.1 [R)EHA

R BAFTE 4725, 53 590 o 1A W00 4 4 7%
(BEBL M &) x e RY 1A AR ZE 09 B ML A 1) &
ze R'(n<d), 1 MFMERu e RMCCINIARE BT
(1] 75 B A Ay JH At T DA — 20 WL ) 580 ) i 1A~
MR e € RO, W78 hE 2 MR 70 i 6 2 AN BEBL
PURIUEIN B N SURaSS - g [ B 25 W RS Y g 118
T 25 A 1] e FIVEICHE A5 o 2 AT ORI L3 5 60

Khemakhem % A (2020) £/ H3 785 748 2 A5 7Y (1) A
PO V)T, BIBERYRS SERE ORAIE , AN AR B2 2 B i
BRALSRNE py (o) 322 305 T 000 5048 o 17%) L 52 30 PR M 22
B py(x), A MG 25 2 B S50 0 5% T 55 5 «
WE S 240, Rl

V(0,0):p,(x)=p,(x)=0=0 (14)

WG, A Y 2 o) BT O Y S 8 0 A
73T SO 1 £ = N Al S 1
po(zlx)=p,(zlx)s B

pi(x) = [py(x2)dz
po(%,2) = py(xlz)p,(2) (15)
AENE T I 20 (15) AR AL e 2 vl TR I A (iden-
tifiable model ) .

Po(z) = Pe'(z)

TE AT 0 v AR R AR ) A% R A R AR Y
SN
polxzlu)=p(xlz)p,, (zlu) (16)

K, TREG I AR RE, (2R 2sa)
e 55 2 K50 2% 1] ) AT SR E AR x = f (2, 8) 0 T
AR SR A py, (2 | ) BIRER B

pra(zlu) = Hgl((z)) exp{i TiJ»(zi))\iJ(u)} (17)

X, Qe — A FEMEN 7%, Z,(w) & — > IE L
W, To=(T,, T, &% it &, A=
(i () oes Ay () AU T 25 VAL 0w B BT
TR SR

TIPS NE AP RTI4TN DO VN S
L(6, &), HHbre& ECh

Eq[logp,,(x | u)] =>L(0,¢)= Eq[logp(,(x,z | u):| -
log q,(z1x.u) (18)

2.4.2 FEri SoE HIE

WE 2(d) FroR , ARtk ST 155373 BT (nonlinear
ICA) BNy, B Hla f5 5 Ui e RYJE 2 ML Y
ERHRGE Tz e ROIREJE S MR R A0
A RIS B = f(2)0 2B R 2R Y T 25 TR] AU
Y0 P (1Y e N L R /P | 2 A BUIE K &
(o ARG ST 3 o0 A i e B A A S 4
AR BRI T — AN I ESHESE AR — RV 45
FORICHE A, T 8 S s AR - IR O 3K 6 9 A 1 ST
WK z=,"(2), H, m&z8E—I0KAR
I3 7R — M ST R TR TR AR A R LS B A% ST
JG3 0 58 42 a3 itk L T LA — b AORE B2 1 i H  s
ES

T AR ST 0 0 B (0 AR TAE 203
VAE FULBR S . VAE 55 A9 A8 TAE A Khe-
makhem %5 A (2020 ) 42 Hi 59— B B AT A PU P 7 A8
H R {VAE (identifiable variational autoencoder) , 3
I P 34V AN W 3T 75 728 e P LS 6 A UL
KR A 18 L2 43T AR T AL i S 50 0 A1 2 MR
T A R AT LI A A e 1) PR Ak R A S S
BT AN . FE T RUBIAY Y nonlinear ICA T4 (Li 45,
2020c ; Sorrenson 25, 2020 ) 3 13F — F2 1) 7] 30 AR e ok AL
e A LI 8 40 2 ) o 2 ) =2 TR 5 5 AR A e
JE AR M, LB e KA UL B4 1 3 B ARUAR Sk H b
BRI, 73 75 VR AR AR DR BT ) B T R AR A
IR B FLS2 AT

1 T ARZRAE A A7 8 0 W Hp O TR AR R R ) 1
R R L T I B A AR R R 2 R
BB, T A 2 Al e 7n 27 >0 O ikad TR U R
T A A R ) R A0 AR — S i BAER A 1) 5 e 4 L
Bl AL A B RS 2 4E 245 55 F EMNIST (extended mixed
national institute of standards and technology database )
(Cohen 45 ,2017) o X FATL LA A% Y H 5L HHE A0
R AJIBOUL I B8 14 A J5 A i PR 2R 1) Sl 6 R U R
DO INESN | B2 o VAY 1 3 s VRN ST T RS
F18) L S T SRR ) AR T I A — s RO BE R
2.5 BARTREIXBNILSELE

AR AR VA8 i 2 (] A S P Ok ST o R
R R ] 43 R 2 BE P NT AR 1 SUBR ST AR S22



$28% /FE 458 /2023 F£4 B

=, HE, BER, T, FxX#E, IF
H R IE AR S S @RI R F SRk

LRI 2 L VA s T NP R SN i ]
3, AAIRIEIS A | AL o 15 A PR 2R R B OGE A AE
IR R AR A i I [ 4 4 BEREAT T 20 hr o
i UVA I B e S W SN TR R VAT (35
LI R4 14 A 18P 2R 32 5 5 RS 38 1) o 19 45
HEIE 3 T2 ) T B AR M AR R s o TR X
ST AR T HELETH S AN B ST R B, A0
WL SSCHE B R, 45 A i DR 3R 2 T S A i A
WSS AN [R] A 995 25 [ 2 L 52 A Sl ) A

PR MISEPRIRNE N o R R AL TR R 5K F
(14 A B PR 28 2 TR A R A9 B3, 5 22 B TR 3% A
JE 1) b B RE AR F WG AN [l SCH R OK P 1 v s
8], 2 UZ BB R R o ARZRIE A ST B o0 B
Pt T — AR A Tk Tl — AR T A
Jlas o IR A IR AT A AR R . R TR
45 1 AR AN 05 VR R RO PR 0 P A% 2
Jrike K282 T BRI R J7 ik RN T
Y8, I B4 T M oTRk .

R1 AMBARTFESILBHITLL
Table 1 Comparison of four DRL types

XL 2 A T SUARAN 2 UK AN ARl ST LA AT
L SEALEIPSER TR ST BT BHFAEC TR ST
AL 14~ 24w E A 24 A 14
WS (A4 1 4 o) o 1 2 [ ik, 3 S 1 4 o) o 1 4k ) &
TR 55 VA B R 0T DG R L% N 1% 1 1%F1 XN
SRR YL AL LR Ak
SRR SCnT sk NGIEZ CIEL Gk AGIEE
I A PR w wH = =
18 FH ] BN A=A B TS LS R T Y5 OB
K2 AMEBBRIRIFILBHNRRBXESE
Table 2 Summary of representative papers on four types of DRL
fifFE ST [T RIEAN KW FETTHR
InfoGAN(Chen 4,2016) NIPS 16 S o e A LI BCHl R 2 ] 1 A B T B Ak
/N 4R BAES I, AT 2 1S
VAR (Higgins % ,2017) ICLR 17 %% SR TF 1A R BB AE T KLU0, 24 s A8 o 2 91|
Annealed VAE (Burgess %%, NIPS Workshop 17 E I;L BOEET N I AR fE e 1y H AR, 3 — 20 2305 B 4 i
2018) I,
. I3 KL T0 O B4R B TC M 4 KLU 347300, )84
ey PTCVAR(Chen.2019) NPS TS i B,y 3634 REGHATAES .
FactorVAE(Kim £l Mnih, LCML 18 TEALSE VAE (1 ELBO K R U IN— 1~ TCAEST I, {2 E s 1) 1 2 119
2018) KA RS AT AT
k FEAESE VAE 1) ELBO 7R R W8 I — ™ A A0 10 D0 01, 24 33 ) i 2
DIP-VAE(Kumar %, 2018) TCLRAB s o 434 RS 80 A 7 A
; i VAE #8527 3 SR 2R ¢ I 28I R0 615 Bl s, GAN A5
ID-GAN(Lee %5, 2020) ECCV 20 0% ) 1 5 T A P
DRNET( Denton i Birodkar B BEAS AT T 50 A J e L R A o i DR B AR b i o kA
'2017) ’ NIPS 17 SRR T 25 B (] AL A5 R AR Ak A B A SO G A A5 U
Wi AR LR SR A A S
b f 5 7 270 figt ks Ay HsF R AR A5 1 R st R A9 ot R AR o, O LSTM
" DSVAE(Li fil Mandt,2018) ICML 18 (long short-term memory)(Hochreiter Fil Schmidhuber, 1997) 521
SEI O AR BT B A — B
R R ] g 301 o S Tk A
DDPAE(Hsieh 5, 2018) NIPS 18 L JE W 2 20 1 7 2O AR 110 2 7 A A PN 5 4 i T 4%

oot LA AR BRI B

M



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 4,Apr. 2023

GR2 AMBRRRFIXLBEIKRELEE

Table 2 Summary of representative papers on four types of DRL (continued )

i R B

KFEW

MoCoGAN(Tulyakov 4 2018)
DRIT(Lee %:,2018)

Gonzalez % A (2018)

UFDN(Liu%§,2018a)

D2AE(Liu%§,2018e)
e

CDRD(Zhu%%,2017)
DMIT(Yu%,2019)
GaitNet (Li%#,2020e)
MixNMatch (Li %5, 2020f)

S3VAE(Zhu % ,2020b)

CVPR 18

ECCV 18

NIPS 18

NIPS 18

CVPR 18

CVPR 18

NIPS 19

CVPR 19

CVPR 20

CVPR 20

4%?%5@%%%79[*]@(%‘”D*ﬂljjﬁf(*é‘m‘m SLABAFFIES 5
ST Az it ) G A Sl AR I S

A BUG di A BI —B00) N 252 () AR AT 1 S s e, O
KA AR — B I s B A

P EUR TR AL R 3 % TR TR 2%, B B 3 A G
TSI I R AR AR R A A

L — G — AR AL R 28 UFDN , 55 N BRAY G 2278 Ry B
ANASA: A 2 AR 1] BV, DS B 2 1 6 4 (R 1% B %
FEMG At SR

B NSRS SRR A B 00y 28 AR R 0 B 003 2 BRAFAE , SR AL
BT LS X BT 2% 2T XA Bk ST H E A RAE

P2 — s A B R 2 2 LR 2 [R) ik R s ] L H AR
32 () A Hezs (8], A RIS (8] AT B AR S [ A7 A —3B 4
=l |51 IS P/t oag 5] 8

ot G R3] N 25 0 ) T AU s () 3l o RS [RD A v

iyt ) B S R R A A R B 8 TR 5%

BAT N EMG 0 27R8 53 i R B A TSN SRARAE | Fh A 4 2 15) 18] 9 1)
LGSR A R S ARAE

B EURARR N TE 50 PR TR A S A v A a3 o AR
IR A E AL SIS RS A A

FIH A B 5 A — R G5 BT 55 0 At o] B P B g 2%
RO RS EE SR E,

FHVAE(Hsu%:,2017)

VLAE(Zhao%§,2017)

JZ R SH Peng % A (2017)

FineGAN (Singh %5 ,2019)

proVLAE(Li i 2020¢g)

NIPS 17

ICML 17

1CCV 17

ICCV 19

ICLR 20

P A2 U0 VAE , o S [5] f 7 A2 4 A N7 TP 510 AR DG 9 e 36
FIFFSIE A S

PR AT A A , RSN R IR 1 19 2 2227 2] 454
TGRS B AT R AR ER

SR 3D 1] AR ASTDRE N J: P] F55 AARRZE 1 985 2 (] -4 L A
B Ok TR FAE B Oy R AR 25 18] Je 2 2 — R o i
T IS SR B SR 22 1) A1 28 SRR A 25 ]

HI’W%@E%%%I%%‘ o JEARFIINR 4 DA R K- 1 ¥
AREE, 285 3B BUR AL A A S
l_ﬁ_fﬁn_iti‘ﬁﬁﬁﬂ%ﬁw@?71’33%7J<¥U\m?ﬁHEEE’J A,
TR 2 SRR

DUAL-GLOW (Sun %,2019a)

FUNS(Kondo%:,2019)

e 28
ST 4 iVAE(Khemakhem 45 ,2020)
Mr

GIN(Sorrenson %5, 2020)

Klindt 55 A (2021)

I1CCV 19

NIPS 19

AISTATS 20

ICLR 20

ICLR 21

P T AT B4 A DUAL-GLOW , 3 3 5y 7 8114
RIS B RS TR A 45 WA IR B b 4 8, SC AN ] /8]
G 30 (B 3T 8% R 2 1R MG A B o
PR T — AT A G B A FUNS, BE R H AR R 1
ZREVE 3 i Ry SRS RN S A AR 8 40 S BRI 43+, th 7T
ISR MG A e o e 2 R TS

PEAE T —FFs VAE A= BB R nonlinear ICA AH 45 & 138 FH
P 26 HE SR IV AR, 4 1 Pk A A0 0 00 A 43 A g mT R
MRS, S B AT T ARl e S

M T realNVP 35 (Dinh %8, 2017) , #2115 7 —Fh 357 M 4%
GIN, E—2E 5635 T iVAE (18 KR8 80 AT Y51 4 T 5] L 5
TH S B AR A B R R AR A DL

AT B AR B 1 A g PR 22 i I ] 14 28 Ak S 7 40 A )T
W, 32 i 0 A 3 RS AR, 3 7 0 i S 6 o A A 0 R
FEGE I = i A i, ST T AL 1) e e
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=, HE, BER, T, FxX#E, IF
H R IE AR S S @RI R F SRk

3 MKREE

iR s 27 21 L P K pRE I 20 SR, Bl TS AE
TR AL RN 8 ME B A R AR E . AR
P41 5% bR EICAE S S A R SR AR e K R R
PR WA AL 2o B S A R 2 B 1 2R
3 IR A
3.1 EwERLLAR

1) 38 X H #5712 (cross-reconstruction loss) o fF
T SO ST F R 7 X B 55 LT, UL 54l 14 Vs A
RN LS/ C R A 45 s (B 4
Gonzalez-Garcia % A (2018 ) 47 5 3ok P15 fift b5 by duk 3
NSRRI SR KR RRAE) o X T B —3 455
AT B S0 B BOIR AT (s, y ), 52 4 250 1 52
(B, B RV S R 2% B2 B PR LA B 4L 5
()N HL 23 ] ¢ VR (AT 25 (0] S FLS, , BARH

{c S } —{ ‘(x),E (x )} ceC,s eSS,
{es}={E(y)LE(y)| ¢ecCseS, (19)

K, e, s} o R ¢ B9 SE S A R A i
{c, s} RIHE, HRAREOL R, L5200 i o T o S R —
B A T8 ER x Fly 2 (8] 9 L A5 S i
AL (R C, T E R AR R A (R S B S S,
P A2 SO A R R, RO RS e a ATy AL SR
Tl (A FR 2ot RS (G, 6 )R B A T
H L AR R BUE R S 12|i7§

w[HGx ¢) = 03] (20)

2) H A5 B & /MM (mutual information minimiza-

tion) o FEUF SO RS 7 2 AR BOULI £ 45 B

it R P EL AR SE A RAAE {00 D T B G ML AR

#1551 A AZ B (mutual information , MT) ffif 7 4~ V&

7 i B AR BV o 8 A B MEFRE {u, o} 19 H

1'n BB AR R R R E AR R, B

B8 OB 73 A1 5 9 i R A e AR KL
%E,Eﬁi?@

Ly (uw) = KL(g(uw) lq(u)q(v)) =

[ (u) + H(v) - H(uw) | (21)

HHLH () = —E  [log g () R AL 5 i1 e o3 A Bk
%ﬁfﬁﬂ’ﬂ‘lﬁo

3.2 BAmEMELR
1) 3 # 2 1 2% (self-reconstruction loss) o A 14
TEFR IR TR R 2 58 B S 1 i AR08 1 BT A A=
WHRGFEL , BWE Sl BN cERMERL =
G(z) NS AT REHE VT I A =, 3 Z [B) 9 22 5 L,
PR e, B
=|x-G(2)], (22)
2) H.A7 B fit KAk (mutual information maximiza-
tion) o FLA55 KB K AL 1 Chen %5 A (2016) 7Efif#H 3%
7 B 7 InfoGAN (information-theoretic extension to
the generative adversarial network ) H1 & ¥R 2 H K5 WL
K I 2 AR 7R g — AR A A BE AL 1) B 2 A
— AR TR E RIS e 7EHF RIS,
W A F B Z [l A7 AE — i o AT 3 i OCHEE IR 4
[LE R EISIASEN i T SN S A EUS - SN et
1 ¢ T A UBHE G (2, ¢) Z IR HAF ., 3 5 i L 114
AT AR (A b A £ B AR G R R Bk
HAG B AT LA K N WA I A B4 H () 2508, F.
L]

~I(¢; G(ze))=-H(e)- H(clG(z,e))] (23)
M T B R KA EAS B s 19 )5 57041 P(clx)

MELLSKR i, w0 FH e 0 s 2 00l 5 9 — Al B 40 A
Q(ele) AL P(clx), 3E T e KAL B AR B AR T 5,
HAR Ny

I(c; G(zc))=H(c) - H(clG(z,c)) =
EtN(;(z,c)[Ec'~P(clx)[logp(c’|x)]] + H(c) %

E. | D(PC1)]0(12)) +

H(C) x Ex~(;(z,c)[Ec'~

E,. P(c\x)[log Q ( c/|x):| +

e log Q(elw) ]+ He)
(24)
3) = Iud 12k (triplet loss) o FE 3 XM ST i 4
Feonp, B LI B « 1728 A PR 2R AT 53 Sl B AR
SER PSS, 23 0 B W B S s, Fils, VRS {u, v ) 8
Ko T HRORIE R S TR R A R R AE B
FIA Z e AR I 3 =0 {a, p, nf VI ZR KU
Hirp o B FEEFEA (anchor) ,p fRFRTEE Ls, Efla
*ﬁﬁﬂ’]ﬁﬁéj—i(posmve) n WARFRAETE s, B ATa AN
AT I AREAR (negative) o BRI, a Fl p FURRE w 2 7]
(EE 25 32/INT @ Fln (YRR uw 2Z [ A R 2, BLASH
Ly = max (Jur = w | = Jur = ' |+ m0) (25)
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o, mJ& — A4 E SR AR 1 B B 0 B, S PR
HHREFhE,

4) A A AL (latent similarity) o 1538 X i
o BRI 7 FH T S AR AR A5 O U 50l o 1) TS AE
PRI R AR Sy i e AR LM Sy i s, 6 F R
A —HB AR AR AR A5 B BB T {2, 5 |, o T B
AEPERFIE S i e B AR AU AR A rh AN AR s
AR R Fy ANV 3 8 ¢ N, L, 3R
TESTPIA iR, BAR

Lo B) = | E(2) - E(y)[ (26)

5) 38 52K (cross entropy loss) o A T 8T
AT Ry 1 Xk IO A A s R 28 A IR o R 20 2
HWN TINS5 o W 2 3@t — N3 AR C T
Xof IO A G PR 2R A S Bl 4y, R 52 3L it
KRB, AR K

LCEZEI(c:y)logp(dz) (27)
K, 1(e = y) J2 Zoodabr R B, an S th i e i
c S IERR I A SEhR 2By, U 0, 5 00k 1
3.3 ZHHMEHR

1) 1 2 — B K (eycle consistency loss) o
Zhu%$ A (2018)7E CycleGAN (cycle-consistent genera-
tive adversarial network )5 751 H g Y B8 HH A PR — S0
WK o T TRl AR A A A A R AR
JE P 7T B S > TAE P (Eom Al Ham, 2019;
Lee %% ,2018; Zhang % , 2019a; Zhu %5, 2018) | {Z Ji[

Mo TEE—SCtEAL & A B B AR g o BRSOkt
LI K Hh e by A B A H B AR ST A RAAE w Fl
TE R 1] A2 B B v, 45 78 — IS0 W G 2 Y 5
Xt My B e AT R {ur, v | A {w, o} i3 58 4
FRE w M, 42 A {i, }7}, HARH
x = Gx(uy,v"),i = Gy(u”,v’) (28)
T 1) A B B R 8 & Ly g R {u®, 0" ) R
(o, v} W TR u, ﬁiﬂﬁ{:\?, i},ﬂﬁij‘j
x = Gz(ui,v’z),f' = Gy(u’z,vi) (29)
%“ﬁﬁﬁﬂ—ﬁﬁ—%@ﬁﬁ{fﬂfﬂﬁ
SEIEEAN

AP (G Py, Sh T 3 AT L 24 5 — 3
PERI SR Fe3k
Lo=l&-=] +[5-7], (30)

2) TS AU 45 2% (latent regression loss) o 7E1F

SCRERETT 30, T S v A 45 AR 2R A
WA RS, ELAS R AR e 70 B, G
RIS 1T U1 e B AR WL A 2 8 90 A DR AL (s 0,
MHRFAE o JIR TG 50 A1 N (0, 1) ISGH e 3 Aii
BEBLRAE SR AT — 9 1) 8 2, I D AR o 2 L
FAOE w, B AR A GG A AR

A IR RE AR PH-I5 A G 5 45 AR S i IO AT D) 7
2 VA w RV ) A 2, A R T L R
i, B ARy

Ik

ng =E |:

z~N(0.1)
E . [E (E*(x).2) —ZH (31)

z~N(0,1)

3) A8 43 F Bt (evidence lower bound) . £ VAE
(Kingma 1 Welling, 2022) I fift il 2 R A AU v | R
IS S NS K N (K i R WS s Ry R RN
JIT AT A PR 3R A5 S ELARE 7 8 a5 () BAR A ST fes)s
Ab 5128 73 Bt (negative variational lower bound) , 71
Ly = Eq(m)[ —logp(x |z)} +KL(q(z|x) Ip(z)) (32)
Kol AT 1E, [ - logp(x12) |1 LA R T
B e T, 24 SRR 2 2 T 5 T L
AEHE . 55 2 T KLU , 9 R A 2 AL Y
TS5 550 5 g (2 | ) IRBCAY S8 5041 p(2) 2238
3.4 NG

AR R SAIL S e, MR 40 AR S IR 1) i
MR , P R s 27 > rheid T 4 2% s B0
H3E, DEYALLYR . 2RSS iy
A5 i HA AR BN B B R e BN R 2
) B AR 3 8, LASE AR AL BT . 2) BB PR 29 3.
SR TS AE 2R 7S 1Y 2 VA B R S 1 RS I A ki A
R E S BB TER R W SE B A0 & T A AR
HZEE R, A w e vE T, 3) 2 HITEZY R,

RE[F] (2 i S R AR B A R I T S 2
il R 2 7S PR BT A R I . A R 2 BUR R R R AR
h BRE R S32A FIR A9 P 2 2 R
T MU 2 TR S H bR s 32 3 30— 20X 2% 2640 %
PRERC )3 91 B R Ry BR PR AT X L BT 4 2 JLR i
AR 27 2] R T BB 2% sR BRI, BRE T A
FoRE 2 LR TR s, R4 845 1T
A B bR R 28 B R TAE

E'(G(E"(%).2)) - E'(
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H R IE AR S S @RI R F SRk

R3 BBRTEIPERNBRK I

Table 3 Comparison of commonly used loss functions in DRL

BRRBEE | Uk B TRTE
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- SORAE T R A A R R I G DI | L= e B AR A P 1 — R |- S
’ FE. R R
SRR R 2 51 st A B 5 A R 5 0 1 8 55— RO A o
SRR XU AR e A B A B 10 R T — A B TR AT
PEsk 23t AR,
et MBIV R FUES I A TSR P B (50, R T
SR SR 4y A W
o BRI U BT PUE T T e 2 B I AR B T
F k3 S AE .
‘ SRR KK TR T B L A S R A0 I DR I 2
Pk £ o g
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. ” T KL B R FO R Y A R R
oI = 1] G
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L,
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B4 LRI RS2 ] i TR K e o R
Fig. 4 Illustration of several loss functions commonly used in DRL( (a)cross-reconstruction loss ;

(b)latent similarity loss ; (¢)triplet loss; (d)cycle consistency loss; (e)latent regression loss )
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Table 4 The summary of papers on DRL models using hybrid loss functions

Ay LNEE HEE BELE SOud WA SR

{EEZN TR A25Y
—EH mA A

Peng % A (2017) N J _
FHVAE (Hsu%,2017) - - _
DRNET (Denton 1 Birodkar,2017) - - -
UFDN(Liu%:,2018a) - - _
DRIT(Lee %,2018) - J _
Gonzalez-Garcia % A (2018)
MIX (Zwicker %5 ,2018) - J _
CDRD(Zhu%,2017) -
Liu % A (2018¢) -
D?AE(Liu%,2018e) -

< < |
|

DMIT(Yu%§,2019) -
Zhang % A (2019a) N - _
Kotovenko 45 A (2019) - N -
DADA (Peng%,2019) - - J
Zhang 55 A (2019b) - - _
Hamaguchi 58 A (2019)
IS-GAN(Eom F11 Ham,2019)
Guo % A (2019)
S3VAE(Zhu %,2020b)

< <2
<
|

ITAE(Hwang &5 .2020) - -
Sanchez %5 A (2020) - -

B

ID-GAN(Lee %:,2020) -
Li %% A (2020f) -
ICAM (Bass %5,2020) -

< <

DG-Net++(Zou % ,2020) - - -
DG-VAE(Pu%,2020) N

- - J

[
< |
[ T
<
< <

|
|
< <L <L <L
|
|
|

|

|

|

|
<
<

< <1
[
| U S
|
|
< <1

|
<_
|
|
< <L

J .

< < <
< < <
|
|

J
e VAR AR TAERIR A BRR SRR T IR A5 2 BRSO, “— R AR

4 HEESIHEIER

4.1 BENKEHEE

AT R T AR AR R 5 o] b — S R ER
PSRN 000 45 2 AR B 4R o AR 1 bR B, R
2B A A B 58 W A ) Oy o 7 UL
DN ESHE B ¥ 43 B0 2 0 2E R R L SEAE  WB AR
o BT RS RUBE 1 AR AR AR e, LA U

DUARIUA B 2R B FLSLAH, VR 2 iR 7R TAE (Chen
4 20195 Higgins % , 2017; Hsieh % , 2018; Li 1
Mandt, 2018 ) # 7 fi #1843 R 4 _E I ZR AN i
UNTEL 5 B , A R VAt e R 530 B 20 O B T 4
5 NG TS~ AR R R o Biodl £ K B
i S PR AR RS B A
411 EBEHRE

1) dSprites %% #f& £ . dSprites (disentanglement
testing sprites dataset) (2D Shapes) (Matthey % ,2017)
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FHE, HR, BER, £IE, BXHE, £
H R IE AR S S @RI R F SRk

3. - =i
B R
- w

(a) dSprites (b) smalINORB (c) 3D Chairs (d) 3D Shapes (e) Sprites

5 JLA R0 T SE v i diE 4R
Fig. 5 Several DRL evaluation benchmarks( (a)dSprites;
(b)smalINORB; (¢)3D Chairs; (d)3D Shapes; (e)Sprites)

JE— AU 737 280 I 2 4 5 1 A R 4R, B
2YEEIGR 64 x 64 R R IR A EER, he M HA R
SZAH (ground truth) B0 37 AU FE LR A= i, 6 DS TE
R R AR KN e M EE o B Ry
FLUEHIFSE T A (Lee 25,2020 ; Locatell 45 ,2019a) Hhfdi
FHH 725 R %% P8 4E color-dSprites, noisy-dSprites,
scream-dSprites o

2) MNIST %4 4 . MNIST (mixed national insti-
tute of standards and technology database ) (LeCun % ,
1998 ) J&=—H1 70 000 11 28 x 28 1% % i B (1 {5 41
W T 5 B AU £, Hodb 60 000 i EHE R T U125
& HAR BRI T,

3)Fashion-MNIST ${(#l# £ . Fashion-MNIST(Xiao
25,2017) 005 10 FP 2 A 70 000 i AN [ 75 fb 19 1E
T EE, B 60 000 Wi I 2547 F1 10 000 i I XA A
R, B IR RS2 28 X 28 R R I IKFE A .

4) smallNORB % #§ % . smalINORB (small
NORB dataset) (LeCun 2§ , 2004) J& —1> 3 4E ¥y & 1)
RUSBHRSE & MR shY NI L R A A
S5ASEHIE 50T, Bk 6 4~ BRI S A .91
A0 A7 A 18 AN D7 5 A AR O b A BB AR Sk AR
92 x 2RI F .

5) 3D Shapes £1 i #£ . 3D Shapes (Burgess #il

Kim, 2018) J& — /> 3 4 K 00 & U8 HE %, 1 &
48 000 i 64 x 6415 % (1) RGB K41 48 000 7% .
B 0R 3 4E R b 6 B SR A A S AT R R
AR, 3K 6 ANV TE PR 3R MBS (5, i RE 6 ) A
B TN TEARFIRL A T3 L

6) 3D Chairs #( #& % . 3D Chairs (Aubry %% ,
2014) 52—~ 1 357 LA A 519 3 4E CAD £ e
Py & BUBEE . BA CAD BERVER A FL A T 1Y
OB, 60 AN R 24 e e o MR TE % 181 O 150%
15018 R IR EZ

7)3D Faces 5t#E % . 3D Faces(Paysan % ,2009)
Sl FH Paysan %5 A (2009) 14 3 2k A6 AR v e
G OB AR L L5 3k Jm e, RIS ) B 13 s 1
ARSI ) (S FIDGER , B R4 150 x150 1%
EXOYACE

8)3D Cars 504l 4E . 3D Cars(Fidler 5 ,2012) &

B Y 3 4 e R EOE 4 L 8 199 4> CAD
*yﬁéiﬂ I3 DN 24 ANTRERE £ BE AR AL 64 X 64 1R R IR A4
EE TS

9)SVHN %45 4E . SVHN (street view house num-
bers) (Netzer 55 , 2011) & — > A B 55 R A4 1)
JER R ARAT B R RN G 5 R R 4 L i i 600 000 1 K]
B, FTRs A R R 4 b R B O 32x
R2BE.

10) CelebA %045 4£ . CelebA (large-scale celeb-
faces attributes ) (Liu %5, 2015) J&— > KA i A
JEMERERSE A 10 177443 N5 80 202 599 i A
IS, AR R AT 40 DR PEERE

11) CUB-200-2011 %k #i % . CUB-200-2011
(caltech-UCSD birds 200) (Wah &5, 2011) J& — 4~ K
SIS ERE (27 200 Fh 5281 11 788 IR IFI4 , &
i PR A A 5 1A 30 HE (15 SR AL DG B S A
3124 @k .

4.1.2 WBEESE

1)Bouncing balls §{#i%E . Bouncing balls(Chang
85, 2017) 52— IR LA 9 K L A5 34>/
BRAE LA 246 & 7 WA 3, D IR AR IR
A e R B BL B E B, AR A A 0 R —
3232 B ERB A EIER

2)Sprites B4 4E . Sprites (Li Fll Mandt, 2018) /&
R A YT S ER A . NSRS R £
AR W R AR AR A 6] RE
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Table 5 The summary of commonly used visual datasets in DRL

KA Bl Hdmas  EeR BNEA AREUEE R
dSprites( Matthey % ,2017) 73728010 64x64 6 N N
MNIST(LeCun %%, 1998) 70 000 28x28 - X x
Fashion-MNIST(Xiao %,2017) 70 000 1 28x28 - X X
smallNORB( LeCun %5 ,2004) 48 600 11 92x92 5 N N
3D Shapes(Burgess fll Kim,2018) 48 000 64x64 6 N N
Eg 3D Chairs(Aubry %§,2014) 8142008  150x150 3 N N
3D Faces(Paysan %,2009) 239 8401F  150x150 3 N N
3D Cars(Fidler4,2012) 17 568 i 64%64 3 N N
SVHN (Netzer 4 ,2011) 77 1631 32x32 - x x
CelebA (Liu%,2015) 202 599 - 40 x x
CUB-200-2011(Wah %£,2011) 11 7881 - 312 x x
Bouncing balls(Chang % ,2017) - 32x32 3 N x
Sprites(Li Fl Mandt, 2018 ) - 64x64 5 N J
MMNIST(Srivastava %5 ,2015) 10 000 B 64%64 4 N x
BT MUG (Aifanti %,2010) 3528 B¢ - 2 x x
UCF-101(Soomro % ,2012) 133208 320x240 - x x
Weizmann action(Blank 5 ,2005) 90 B¢ 180x144 2 X X
KTH (Schuldt %5 ,2004) - 160x120 3 x x

R |, RS A OB S SR R RS s xRS S T B RS A R D R

etk

MIBIE . AW 9 R sl A 3 AN A TRl A0 A o
T AW 90 4 F 8 T, B T 64x64 1R K 1) RGB
K4

3) MMNIST %45 % . MMNIST (moving MNIST)
(Srivasta %5, 2015) L & 10 000 R AT ¢ 51 , B4 P
HI 1 20 WTZH K, BEMIor HEAN 64 X 6418 KR . TEREA
AT B PSS A B, B0 28 A A8 S
PiNUE FE

4)MUG 4 4 . MUG (MUG facial expression)
(Aifant 45 ,2010) £ 7% 3 528 Bt H 52 44 1 H1 3% 18 45
B AR PG TR MO R 6 FhOR[R] TS SR
(AT 51 o BRI 914 5% 50~ 160 WUAN A

5) UCF-101 % #i 4 . UCF-101 (101 human
action classes from videos in the wild) (Soomro 2§ ,
2012) /2 M YouTube W5 4R 1 22 5 2 A 08 4 2 4 11
SVEHELE , BAT 101431250 /Y 13 320 400, Jf:

HAEADLZE B W ARSI S PR RO A 4
LT S 0 R 2 A4 5 TR A AE SRR AR A o

6) Weizmann action 4§ 4l £ . Weizmann action
(Blank 45, 2005) £ 7% 90 Bt f1 9 1~ AN R 19 10 F 5y
YERY AT 51 o 10D SR 2 8 Bk T 7 T [ A
Bk b Bk S 00 B AR BRER ATE S — R T
RSP H T, MUY 73 BRSO 180 X 14418 K

7) KTH % ## 42 . KTH (KTH action dataset)
(Schuldt %5, 2004) £ 7% 600 4~ H1 25 4~ AN FE 4 1~ 5
FEH Y 6 Fh B AE R LI . 6 Fh S AE 43 i & 25 4
T 5T 2 B R AT . PR A 25 s
PR 160 x 120185 .
4.2 FRMBFRTHIER

WNE 6 Ji 7, WEAE RAE I PERE PTAL Bl S e Ak |
SRR 3 O T R . R, A SCHAPEAS
PSR T e R B B AR o A R AR L iR
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DCI compactness
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Fig. 6 Summary of commonly used DRL metrics

4.2.1 B AfLIRhR

BEHALFE R T2 BT A Al 2R B L Jm 4
R A e b 2 T e WL 540 ) P TR AR A PR 3R 0 s e
BE o QRS AR R s 1k B AR B B Bk & v, )
At (SR ) e 2 — L R o IR
TESRBFE PR ST

1)BetaVAE score (z-diff) (Higgins & 2017) . X
FTHAERHNEG = {gl,gz, --',gm}, BEA LR BEAL
Ifi] 7 — AR R 3R g BUAE, oA AR B PR R B LI,
A 1N A B X { &) bo TR AE A B X T I 1)
U WHE 25 Z) (i) = |20 (D) = 24 [ AR i HAT
RAF BB AL S 1, U 7, 15 [ E 7Y A2 A 3R A
KAVIBAAEE %N, /05N T i e H A
YEFE 255 o Stk I SR AR A0 A — ik FL P A o

T = 17 e () BB IR A
TR AR RS0 o 500 R UL A B R AL

2)FactorVAE score( Kim 1 Mnih,2018) ., Factor-
VAE score [ 318 BRAUEATE 5 LT B-VAE, A
A T SR LI 8 1) A A i PR R AR () ) v R A
TR 2 A 4R B ) g b N A AE . FactorVAE
(Kim 1 Mnih, 2018) #8455 f-VAE (Higgins 5% ,2017)
FEARAY DX TE T, G — A A 7 [ 1, BE LA
o HAb A B 2R 2B AN B TR O B . S
— D MTE T FactorVAE fif J 2 £ 5300 245, HUs
22 d5e /N R P R A4 R RO 1 5 i AR PR 3R . AR TE
PR GE I AHRE , VTR 7R X 10 T [ 5 PR 3R i 4R |
205 22122 O

3) Modularity score (Ridgeway Fll Mozer, 2018) .

G TR A YL RE 2, 5 B A U R v 2 6] A9
R R mye BARNGOU T, A0SR vE ) 4 L il AR AE
JEAE, B RS — A U R A B AR B max,
(my) -5 A A R R B AR B E N E . A5, 3T
SESCPR AR B AR 00T A9 L AS R 22 6.,

HAA Ny
z(mij — 1y )2

61, = fi, tij =
6:(N - 1) 0 iy

S, BRI T o, S AR T 1
5,0, = max; (m;), N 24 U R 1950 ik s, i
{ER 0, BERHVE R AR § SCBL T 56 32 U REHAL s SR 5,
WU Ry 1, Ud B 4 R A R R Y LA S
& [ R T 2 AR R E R . BTEME T -
8 TETR I 25 4 2 Y X (B > T A A A B Ak
4.2.2 REMEER

LA bl it A SRS AL R R B A4S B
) ) LA 2 P il SR R E

1)MIG (mutual information gap) (Chen%%,2019),
A VTS 0 2, 5 2 I 26 o, 22 0 T £
Hvaz))e 3T AR o, 60946 4 5300
R REIE N I(vi, z, ), B KAHIE N ](v,;, z),
WO Z (8] Y 22 R 20— A fe B oy
I(vi,za) - I(vi,zﬁ)

21(”1"2/)

JIT A TR 3R B4 MG #5737 2 B B Ry e 2245 53
RIS e e (4, WU AN H— At 4
JEG TR — AN N 2R I LR LA B i
R Rz, AR A fr g (EL2E BRSO U35 ] — 4
TEC R 2 I A LA A% — AR I R i o2 445 L, T
B AE P S AN [R) RS AU IR 3R SR e v g LA
PR R

2) SAP score (attribute predictability score)
(Kumar 55 ,2018) o [0l U= 25 5 73 288 45 A2 408 ¥ 4% 114 4
JE O3t 7 TN 25 A2 N B o, B E A, TR — A
GES, it MU R A LS B I S, Rk b
[ U1 14 [ U Y 2 RPEL 5 2 Al PR 32— e i Y
AR U S R RSB SP- 3 ST AR . B 11 SAP
1% FRAE RN R A A s 19 S, 2 22, i
JESREUSME . BN

0. v = maxj(mij)

(33)

MIG = (34)
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| &
SAP = MZ(SM -5S.) (35)

LS, T A TS IO A A R v, 1Y B R A4

S, JEHE 2 EAR4Y 3K 5 MIG 1Y 22 FE AR B

4.2.3  WIHTERR bR

& FH 09 BB 14 48 F1 4 Explicitness score (Ridge-
way I Mozer, 2018),

TR AR RS HAT W 1, U) DA A v R 32 T
DAWR S AR PR 3R I BB A il PR 3% 2 8 A A
i, A I GRS 15 B 2 A 2R SR AR Al AR
Ao BV A S0 A= ke R 2R A SR, A 2R A Y P RE
ROC ffi & © 1 A (ROC area-under-the curve,
ROCAUC) Mt . 2 (43508 ROCAUC fE i £ 4=
R 2R A 2 B8y HAR A — 1 2
L0, LJDXI], 7 L) dre /N 4 0. 5.

4.2.4 ZEETEREER

W ) 25 4 PE 8 5 4 DCI (disentanglement,
compactness, informativeness ) o

Eastwood Fl Williams (2018) $ th — > 5¢ % AU HE
ZRVEAG VT R AL K B e A A 1 34 IR
PE o 34 @ PEFE b5 ¥ I 25 Ze 1 &R 18] 5 % (linear
lasso regressor) BB AL #E MK (random forest) FH 1At il
M A LR 2R o % T BN A R 3R v, W T & 4R 2,
5 H AR SRR BER ], LA 3 AR AL = S 8w
& LA EEE S R R, = | W, | b R, R
PRV TSAEIE 2 2E U o, A AT A T SEPE A . 3861
H R — A B 2, AR R A

D, =1-H(P) (36)

X »HK(PL:):_KS:P;JO%KP[L» Q3% g E , Py=

2

Ry R, FR VAR 2, % F T A WA 3R o, R
;

BERYMER” o AR TR E 2, HON T FO B A
AR B, 45930 15 R 2, 0 T0I0 i A 2 s A
AR, T3 0,
TR PP YR JE 2, 5 T R IK A N R v, 19 B3R
FRAEAMRAL N €, B
C,=1-H,(P) (37)

D-1
J—:EEP ;HD(P.J') = _z delognp,,%%mpjéj\%ﬁﬂg%o ﬂﬂ
d=0

ST 2, 52 R AR T AR 2 o, O£
ST LTI o, IZLSEA, 0 € R840 R 1. AR

ity S VA 1Y T A 4 B A RE IO Y 0, 1Y ELSEE, B
ANYEFEXT o, T Y STRRAE S5, 00 €, R 0,

A 2 X T2 5 o, MBI P T T
M 2 1AL, AR

1=E(v.) (38)

S o o T 2 OS5 AT
B R 25 SR AN SRR AT ATE T 2 vh W 3
AN A LR R o AL DS0058 22 17 1% #a 0 T
0. 2, QR B AN i, DU T 35 22 I 8 e o
4.3 fRBEEIRIRTLL
4.3.1  fEFEEE AR AR AR O —BUEXT T

PR X T il H e 7 o7 2 A — G — AR i E
SC, ) I i R PEAG 8 F5 0 A — S AR IR 1 A
#E , Locatello 25 A (2019b) X 4. 2 W5 /- 4 19 JLFN 8
TR AR — B HEAT T 0 B 7 (a) A ) i
FAFE PR TE Noisy-dSprites B4 5 I 19307 iz /R 2 S5 AH
* (Spearman rank correlation) o ZE R FEHW T
Moularity f8#5 , H Al #8 5 7E dSprites £ 4 1 2 81
B AH SCAE | U B IR R 22 B i T8 bn e SCA &
2 5 (B B AR RIE Y N S A A — e PR |
HA—%M: ., H, BetaVAE score 1 FactorVAE
score (#H &4 = 80) , MIG Fi1 DCI disentanglement ( FH
KA = 76) 3% X 46 B 1 55 AR OCHE B, Ui
BetaVAE score Fll FactorVAE score 8 5 il $2 2] 19 fi#
FFAEME SRR B AL . MIG A1 DCI disentanglement
EEL
4.3.2 AR AR IR A TR

TETE RN I A PP R TR IR AR R OC T W B s
18— AL, 7T LU Dei/r 2 5 1S AR R R A
KR W55 , AR Z BR T2 —Fh sl LR R E 1
UrtES5 o N TIRTEA R il LUIE—E R b odib
FURTE R AE 0] A2 F-1E |, Locatello 55 A (2019a) 7
ZABAGEE b X A BE B PR ARG 00 RN P14 20
177928 . H BTSRRI AP i 2o 1kl
S 1) AV BB AR AR 2 ) 3] i v TR SR AE I i
A BRI ZR B R L SR 8 Y 18 2 R 1t 1, ELACHY

unfairness (y) =
STVl = Yy (39)
U, S SRR R R B v A AR R 3R, RIS 86 2 2 A

Y EL SRR, 7 A T A A R R A, TV 2
A8 53 (total variation) o IZFRARAS A HAIG , U BV AL &
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Fig. 7 Rank correlation of different metrics of DRL on benchmarks( (a)the rank correlation between different

disentanglement metrics ; (b)the rank correlation between disentanglement metrics and fairness )

B S B A 2 A T
P 7 (b) S 1 45 VA 4507 60 ARG 84 P
IR R R G AR SRR R T

Modularity §5 529 UL B 56 B0 AR50 55

B0 7R A P PRI AT — BRI, 0T R

R S FLNE 1T BLRE: > B 1 R AE T

AATAPAE.

5 MBRRRFEINAA

5 2 AR EBOE 1 R ORI T T AT
5 BAMAMERE S W T AR R A UL s
25 0 AR Ak 2R AT ST G, T LB G b i R A
P v e AR AR 2, T DI A R R R R H%HD
ffRVF Z I B A NS . AR RS R
F R RN 2 2T IR DL 28 R B 24 S AT 55 #éﬂ‘ﬁﬁ’&é
RN TE A TR BE 22 2T 55 h VR
5.1 iRFIH3E

FR RN s 2% 20 B I TR A3 A DG R R 2
TS AT NG SR (Liu 55,2020 ; Yang
% ,2019; Zhao %, 2018) . A& U5 (Liu %5, 2018b;
Peng % ,2017 ; Tran 5%, 2017 ; Zhao 5% ,2019) A&7
9] (Li %, 2020e ; Zhang %5, 2019b) #1432 (Jung %5 ,
2020;0jha%§,2020) o 4 FH T2 U0 IR R fi
FH /R AL (Li %5, 2020e ; Ojha %, 2020; Zhang % ,
2019a; Zou %5, 2020) {5 B B 3 5L I AR 254 g Wi BF
{55 FE55 Mg sp B 2= 2 Oy U, B iR B A

Y BAT AP B A 7 DR 2R CRIDULIN Xk 5 1) B 3 e i
R BIE ) AV E R SME B R (WDE IR PR %
PR T AT B o K6 JEm T AR AT NE
P55 7 Market-1501 (Zheng %5 ,2015) .CUHKO03
(Chinese University of Hong Kong 03 dataset) (Li &,
2014) . DukeMTMC-relD (Zheng %5 ,2017) F1 MSMT17
(multi-scene multitime person RelD dataset) (Wei 55 ,
2018) 7 4 N H e LR B P R1JE Rank-1
AT F o R G5 R rh E 05 B B 1 2 1 LR
TERA Y HE , mAP (mean average precision ) ¢ 75 &
RITE AT 200 b - F- B U R 48 . IS bR 2
BB, Bk VEREB . SCIR S R o, iz 1A
AL T BB AE 4 Bl g By SRR AL,
UER T Al ) RAE T 258 T HAT TR AME
PERAR B S 2B A s B A R N TE IR R
FFDAAE— @ PR R s TREAS I 27 2D 350% [ X
THEmE s BT S A AR
5.2 HiR4EMSAE

fifp Al 7 o ) WH T R A B (Deng 55
2020; Li %, 2020b; Singh % , 2019; Xiao 55 , 2019a;
Yang%‘fr 2019; Yin %£,2019; Zhangi"‘; 2019a) fRLHH
H 1 (Tulyakov 55 , 2018; Wang 5% , 2020b; Zhu 55 ,
2020a) 1 & 15 45 5 (Gilbert 45 , 2018 Li % , 2020c;
Xiao %5 ,2019b; Liao %, 2019) FE IR B 2 S 41 55 . X
TEUG A U 55, FineGAN (Singh %5 ,2019) Fil MixN-

Match (conditional mix-and-match image generation)

(Li 55, 2020f) A] L] o fige i i PRI 1) 2 AP A28 Al
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Table 6 Comparison of state-of-the-art methods on person re-identification dataset 1%
CUHKO03
ins Market-1501 DukeMTMC-relD MSMT17
S Ak Detected Labeled
IS =
R1 mAP R1 mAP Rl mAP R1 mAP R1  mAP
HPM (Fu%,2019) 942 827 63.9 57.5 - - 86.6 74.3 - -
I filt #% DG-Net(Zheng %5,2019) 94.8 86.0 65.6 66.1 - - 86.6 74.8 - -
Jiik ICE(Chen%§,2021a) 95.1 86.6 - - - - 88.2 76.5 764 504
11CS(Xuan 55 ,2021) 895 729 - - - - 80.0 64.6 564 269
Pu % (Pu5%,2020) 94.7  86.7 70.5 65.8 722 67.8 89.05 78.02 79.7 56.3
Sk IS-GAN(Eom f1 Ham,2019) 952  87.1 74.1 72.5 723 68.8 90.0 79.5 - -
Tk Zang %5 (Zang % ,2021) 962 94.9 - - - - 92.9 91.0 88.4 79.1
Min 2§ (Ren %,2021) 97.6  90.8 95.7 89.1 - - - - - -
VE IR RN & I I L a5 R, - IR B o

2 (EMRT 5 ST GBAS WIAR T 500,
VR P4 b AR S AR RME . ERAAE 1
i 48 28 7R A5 (Tulyakov 25, 20185 Li Fll Mandt,
2018; Zhu %, 2020a ) K A 43 if% Ay B[R] AS A2 M 1
A Z (B B AR B REAE ) A ) 25 Tk ) sh A P &
(BIPE LFAFALERHE) , 7T LUAE WA R G (H AR [R]
SR E M A S E(E R TR XS s, T 1515
0 R FAT S5 R AL AT 55, SRR R R 2 ) (Li
45 ,2020a; Lu 55, 2019) A2 45 R W TE 2R v fi
R R LA 5 R AR BB RRAE O X B B4 | DA
S IR G o £ A D

TR T ANA Y S5 1 R A )UR 1 7E CUB
(Wah %% ,2011) . Stanford-Cars (Krause %% , 2013) Hl

FS-100 (few-shots 100 dataset) (Wu 45, 2019) fil] 28 3
e E TR PRSI o 3G bR ) B e L SRR
e i B4 B4 FHARLEE B9 FID (frechet inception distance
score) PPt Az 14 BT 1t 14 IS (inception score ) FIZE
J AR P A B AR B F AR SRR TSR
J (recognition accuracy , RA) o i, FID FUfH #8/)N
AV MR BB AR AT 5 1S R RA (BB R, S0k Tk AR AT
SR A5 A W, R AR 5 A R AR 1 1R 15
B O T LSRG i e HLUE A M AR R T AR A
Az B R T A R O B
5.3 BUEMFAXIEIER

AN BIEFE T AR B i R R OR A 2 5 B
(Baktashmotlagh 4§ , 2018; Cai % , 2019; Zhu % ,

®7 HEFGERERTEEERNEESE ERRES

Table 7 Comparison of state-of-the-art methods on conditional image generation dataset

CUB Stanford Cars FS-100
TiikIeRy RN
FID IS RA FID IS RA  FID IS RA

SN-GAN(Miyato %¢,2018)  160.09 4.21+0.05 - 53.20 2.80+0.05 - 4126 1.66+0.05 -
15?(5*% EnhancedTGAN(Wu%,2019) 133.57 4.17+0.03 9.16 105.20 2.43+0.05 3.48 57.58 1.57+0.02 62.69
R*-CGAN(Liu%,2020) 88.62 4.43+0.06 8.60 44.57 3.05+0.04 5.48 2528 1.73+0.02 74.30

FineGAN(Singh %§,2019) 46.68 4.62+0.03 - 45.72  2.85+0.04 - 2463 1.76+0.02 -

fi A vk MixNMatch(Li 55 ,2020f) 45.59 4.78+0.08 - 45.94  2.60+0.05 - 25.63 1.71+0.05 -
SSC-GAN(Chen %,2021h) 20.03 4.68+0.04 97.85 39.02 3.10+0.03 87.45 20.65 1.82+0.03 96.86

T L P SRR 5 S R 2 2R =" AR B A
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2017) XU 2L A1 % 31 1% 8135 ( Gonzalez-Garcia
45 ,2018; Lee 2%, 2018; Liu %, 2018d) {E 5 M 45 &
1 Cai 2 A (2019) F1 Baktashmotlagh 25 A (2018 ) ¥
P5 AN H AR B B P A R s o iy e e (U
SCPEAR i) PR AT AR i (B AR o) . AR AR
TIRBA H AR B ] A A3, 4R A Bl A
ALERS BYRRAIE o TR 722 B DR g Sl P 2 e A
AYRFAIE o A5 78 3o A P e A v 2 ROl AN A8 P 1Y) 1
S A i I E A S B ) B AR R A A
A, SRS ) B AR B iR . R EROR
2 ) 1F F% 3] B 4% 115 (Gonzalez-Garcia 45, 2018
Lee 4 ,2018) M W% i F% 2% 2 (Kotovenko 55,2019
Liu % ,2018d) A R JE 55 R AiE 0 0 — LG 8 XUk
FEOE 20 A A 0 3E e 10 R sl 8 XUa 2 8 S 1 &
% . K8 IR T FAZ B B AR #5575 7 INIT

(instance-aware image-to-image translation approach )

B4 4 (Shen %5, 2019) 1 Yosemite (summer & winter
images dataset at Yosemite ) 5045 % (Zhu 55, 2017) I
9 SE I 28 B 0 P, INTT B4 4 26 B T sunny—
night, sunny—rainy , sunny—cloudy iX 3 /4~ J5 [a] , Jll| ¥
FE AR LIS | CIS (conditional inception score ) FlE Al
it & (learned perceptual image patch similarity,
LPIPS) . Yosemite 24 % £ B T summer—winter,
winter—summer P 1~ J5 [, 45 45 15 B FID A1 LPIPS .
IS, CIS, LPIPS B {H A, Fak M REM AT ; FID i {i ik
AN FEEPERE S . S5 R IR ] R I B
TEREAA TR R AL R WIBIIRG Ly SR
INECSE R B AR BGE AT 55 26
0L, o5 PRIAGR 18 V8 3 73 A R Ay 552 1 DN 25 R A R
AT KU P, 08 54 5 — 15 P18 P R AR R 7
— W P ) XU R AIE 2 5 A BB P ) PR = XL
eSS REIEYHIEEE

®8 LMEGIIEGEFESEEERANEES EHNREX

Table 8 Comparison of state-of-the-art methods on image-to-image translation dataset

i . . summer—> winter—

o sunny —night sunny— rainy sunny —cloudy winter cummer

= ik

ES

551 IS CIS LPIPS IS CIS LPIPS IS CIS LPIPS FID LPIPS FID LPIPS
a5

4k CycleGAN(Zhu#¥,2017) 1.026 0.014 0.016 1.073 0.011 0.008 1.097 0.014 0.011 - - - -
;ﬁ; UNIT(Zhu%,2017)  1.030 0.082 0.067 1.075 0.097 0.062 1.134 0.081 0.068 - - - -
¥ StarGAN(Choi %%,2018) - - - - - - - - - 152.11 0.012 153.79 0.013
% SingleGAN(Yu%:,2018) - - - - - - - - - 63.77 0.184 4224 0.188
it MUNIT(Huang %§,2018) 1.278 1.159 0.292 1.146 1.012 0.239 1.095 1.008 0.211 84.43 0.166 73.82 0.134
poii) DRIT(Lee %,2018) 1.224 1.058 0.231 1.207 1.007 0.173 1.104 1.025 0.166 58.70 0.205 53.79 0.192
Vil INIT(Shen%$,2019)  1.118 1.060 0.330 1.152 1.036 0.267 1.460 1.016 0.224 - - - -
% DMIT(Yu%%,2019) - - - - - - - - - 58.46 0.302 48.02 0.292

T IO PSR R S B R 2 R =" M A

5.4 BESEBKE

PRI RAT 55 R 40 ok A AL 1Y & i) 4%
H, W EZE SRR 5 HACWAE . %
5 W RS A BT W T A A P R A B — A
Ieas ], RSB i FoR R ERA Y. R
AR 25 B B BT AN Tl A S vk, BV A S 22 0
BT Z AR A T IR . —SE iR R R 2% 2
TAE, i ITAE (Hwang % , 2020) . PDFD (progressive

domainindependent feature decomposition) (Xu 5§ ,

2021) Fll Guo 55 A (2019) A K A [ 465 5 A7 78— &8

ST RAE B, T ] — R R R s R S RS A
NS oy P X PSR P S S ) SN K
RS IR RE O T SURMIE , R 5
FERAERL , S B2 B A IS ] o BEEREA E
B4 B RSRA BR AL  R  X T B RS
AR, RN T AR A Z AR B K6 R 7 TR
Sketchy (Sangkloy %% , 2016) 1 TUBerlin (Eitz 55 ,
2012) ¥ ds 4 b AP B 20K B mAP FVE {5
1004~ 1Y IEAREABE S Prec@100., PG bR AR 2 4 (H
R SEE VERE BT o A5 R Wos , R AR S i G
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Table 9 Comparison of state-of-the-art methods on zero-shot sketch-based image retrieval dataset

‘ . Sketchy Ext. TUBerlin Ext.
1kl Bk FRAE 2 i
mAP Prec@100 mAP Prec@100
SEM-PCYC(Dutta%%,2019) 64 0.349 0.463 0.297 0.426
SketchGCN(Zhang %5 ,2020) 2048 0.382 0.538 0.324 0.505
AR Iy 15 OCEAN(Zhu%,2020a) 64 0.462 0.590 0.333 0.476
64 0.508 0.632 0.412 0.519
NAVE(Wang%5,2021)

512 0.613 0.725 0.493 0.607
StyleGuide(Dutta 2 ,2021) 300 0.376 0.484 0.254 0.355

ITAE (Hwang 45 ,2020) 64 0.573 0.695 - -
AT Deng %5 (Deng % ,2020) 354 0.523 0.616 0.424 0.517
64 0.488 0.644 0.381 0.506

TCN(Wang%:,2021)

512 0.616 0.763 0.495 0.616

T VL PSR R 2 R 2 2R =" B A

RITETEM A BAGEE R385 15 0 s . 1EW]
it R 2 2 A T 5 0 Bl A5 BRG]
DUA RO il S Rs A Jm P R R A T8, T i = A R
LW SRR RIE R R YR %
5.5 EFEGSE

P 2 IR 3 i M AT B 2 IR 0 S AoRR D
FRIE (e i Bt S0 AR JBAR ALE  RERSE
THRRIE BSOS R AR A5 ) B B2 2 UG R o o T E
AAHAS Y e 1 IR e FE . R R BT B
R 52 2k HL e/ i B B 2R MR AL, HL 20 ) v Affy 252
BRI AR K BEA TSIV sz U [R) gl 41
() J¢ J38 1) 22 0P 25 PR 2% A 52 ) R g DA I 25 (R vh
A o E B AR — D B AT PR R e, B REAL
]waz%ﬁf%(magnetic resonance image, MRID) &1 EHL W
JZ$14#i (computed tomography, CT) 524 & ¥ £ &
2 W BUR A5 B A TEMESR 13 o Chantsias % A
(2019, 2020) Al Yang 55 A (2019) Fll F 22 58 25 ) oL
JUESZAG AN E S5, i 2o i #R 3Rs B ke 2 > — b
EEBIAS PR2f o EI B . 7E Chartsias 55 A (2019) (45
T, 23 ) P9 25 PR ZR W3R D 2 280 SCIRT, S A
PG ELAT AR R GRS I IR , o A A ik — > )
R, ]y A 22 280 o S AR, O HL T T s
AT S N TR L. R 10 J8oR T LR B2 &
1453 %) J7 ¥ 7E CT-MR (Roberson 45 , 2005 ) 2045 45 I
X e 0 % B (left ventricular cavity, LV) Fl 220> % (>

WL (left ventricular myocardium, MYO) W4T CT—MR
FIMR—CT PN 1] 5 18003 F ) S 80 285250 . g 13
Aili 3 FMERA M, A SCIE B A7 o O AR BT 4
Z I8 ) 5 B 1) #F R AU (Dice, DS) AL T 1Ak 155
TE 1 500 R B SF- B0 PR T 25 (average symmetric
surface distance , ASD) BI85 . DS EUE K, 5k
PEREBRLT ; ASD BB BN, L VE BRI . RS
SR AR N T A B 1T 1) B Y 23 )
YR B AR SR B e o R RAE 2 ) 2R
2 2 =~ MR A o3 A DA 72 1) PN 2 TR 3R AR AL 25 T XU
KR, wRINEFRZR TN Z MRS R R N 2
FROE DR B T B 2, AT DAR & R o B A

6 BRFIRKRESESE

6.1 REKEARAM

1) 38 FH AR 21 B s A Rl R 22
Fk . BARIAVF 29 TARRR T PERE R AF 10 i
FRF R, SRR 2285 ) ffe i 2R s A 18 Sy PR 32
9, U TR RS SR E T T 55, LA R
MM REAEAR KRR EE b A2 BEAILFD R S50 B R
W), FEAE I 2R AN F W A R (Locatello 55 ,2019b) .
MR A H Z2 H AR 1 S sl 8 e A S
BOABENLF T & AR e Bk e R S —
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Table 10 Comparison of state-of-the-art methods on cardiac image segmentation dataset

CT—MR MR—CT
Jrid .
o GIRFS LV MYO LV MYO
DS/% ASD/mm DS/% ASD/mm DS/% ASD/mm DS/% ASD/mm
CycleSe(Zhu%%,2017) 81.3+x11.8 6.6£3.6 532+11.7 11.8+5.1 79.3x153 83+39 51.3x154  6.6+3.8

AEME pop-AdaNet(Dou’%,2019)
77
7S Ouyang %% (Ouyang 55 ,2022) - -

SIFA(Chen %%,2019) 87.6+89  4.6+2.3

MMRegNet (Ding % ,2021) - -
fgm  CFDnet(WuFlLu,2020)
T DDA-GAN(Chen % ,2021¢) - -

DDFSeg(Pei %§,2021)

87.7+10.4 3.8+1.9

67.3+11.4

71.3+10.1

86.2+6.46 2.74+1.04 57.9+8.43 2.46+0.611 78.31+8.4 3.88+4.09 62.8+8.24 3.091+59

- 61.1+26.9 9.8+5.3 75.8+8.7 5.6£1.2

8.2+53  82.6+12.6 7.8+3.0 56.6+x124  6.8+3.8

- 80.3+7.2 3.46+1.30 62.9+8.62 3.01+0.74

88.7+10.6 2.99+2.79 67.9+8.62 3.40+2.75 81.9+18.2 3.64+3.94 62.9+10.9 3.16+1.18

- 78.5+6.9 54+14 77.8+10.2 5.2+19

9.7+5.7 83.5+16.0 8342 669+11.0 6.8+4.6

T L P SRR 5 R 2 2R =" AR B A

ERE IR . B, SCEE SR 2 L RE
FESR TR FI AT P R B A S ECRIBE AL 11
SE ST 1) B S R 2 AR 8 7R o~ T e 1Y) B 2L
Pz —.

2) MRS AR TR R 2 ) 1 IR AL A
G N R B FR X T r 2 B 5
R AT S5 BA R B . ARk P 2R TR
PSRRI 27 1 R A D A5 2R B S B N TR BE )
AT HAREUAS T AU R SR . SR, TR Y
il MR s 27 ] TTAEHR R IE o A% Y B, TEBA T 42
PR P AR T AR R A VS I R i
SEOPAT o BRI HE AT ) AR R R 2 ) T AR
SR TR BH T 4 4 v A AR A — e AR 4R
EAETERE (BT 5 B9 IR R TR e SR HEAT
JURE LB AR o PR, TR 3 TR 5 A A
PR 2] E ECE S AR & e — A~
J7 1l o

3) R At o B BN BT AR S 1 iR I T
SEMEEUEAE o il TS O B AR 5 AR R HL
TSz A AS P IR 2R Z 42 ] A R 2 7R 2 > kv B a4
BEA B B 4R o K T 2 T A 4
dSprites (Matthey 45 2017) , smalINORB (LeCun %,
2004 ), 3D Shapes(Matthey %5 , 2017 ) it R4 43 3 24
AN R AR IR T & s 5 S
B FHEMGAR L B 22 ek . AR 1
MRR TAEME TR B s s HAA A A

Sk AP ZR B B o B AR A A A
41 Falcor3D (Gondal 45, 2019) , Tssac3D (Gondal %5 ,
2019) I MPI3D(Nie 55 ,2020a) . FRTTIX LE5 £2 H 1Y
F R SRR e R 2 B2 TR . 7B
AR R R R Th AR /NG U B 5 B S 2R
Z 1) 22 1, S it ELA B A R i T IR RN S B 3 4
o i S Y I DT v R AR B SR B R A A
TR R 2 —

4 HE RN VRV, . BARCYETA I 2
TAESR T BB A AR i A8 A (H 2 18 R TE
BB T VZ AT Y FR G Al F G A 10 i 3 e 4
1B fE AR ME (Carbonneau 55 ,2022) o #B53 fift #l PEAk
fabngn th T A VPR Y B R (H K Al 4 R
HIGTERAE AT RN PERE , WA BE IO 2R A 7 PP AL I 75
W B S22 . R, 7EAR 22 Al e s L AL TE X
OSBRI a1
FAB M REDTAN PR T FIAE A A Tl s o ) S 4
MR SRR R 2 ST B ) — T N 2
6.2 B4

ARSCHE S 48 T R 27 2] A& LA 2 iy
FIRIETE IR, T I8 23 B 1 ks s 1 DR SR AL A B
FE3AFREIRE . SRJE R 24 A R s o ) AR
VA28 Sy 24 fire okl (T SO 2 A AN AR L M <7
AT 53 BT 42, 3 MAE SRR R ORI FH 9 L 4
Ty T HEAT oA A L, AR R A R B AL R
YRR AR 34 1, X 2% s BRI PEAG 8 AR E AT
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ORRARBE, X HE o3 B 25451 2k o R A LR SRy R
P, I Xt LA R ARG SRR HEAT T IR A MR
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A R AR R A RLEAE 4 D05 0T TR AR R
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