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[ would rather discover one causal law than be King of Persia.
Democritus (460-370 s.c.)
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Figure 1. Correlation between Countries' Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

(Messerli, 2012)
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x = randn()
y = x + 1 + sqrt(3)*randn()

y =1+ 2*randn()
x = (y-1)/4 + sqrt(3)*randn()/2

z = randn()
y =z + 1+ sqrt(3)*randn()
X=2
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X: (Huszar, 2019)
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ST A do(X =3) DELETIXELGDIRADFENZET B p(Y|do(X = 3))

z = randn()
X = randn() y =1+ 2*randn() x=3
x=3 x=3 X=z
y =x+ 1+ sqrt(3)*randn() x = (y-1)/4 + sqrt(3)*randn()/2 x=3
x=3 x=3 y =z + 1+ sqgrt(3)*randn()
x=3
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6 pearsonr =nan; p=1 ® pearsonr =nan, p=1 ® pearsonr =nan, p=1
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: (Huszar, 2019)
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- STE I A(Perfect intervention) (pear, 2009)
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Zy = f1(81),

! Zy = fa(Z1,8s),
Zs =(3,
| Z4 = fa(Z2, 25, S4).

® a"r)\@:ﬁa‘ﬁ p(Z|do(Z; = ) k& (¢, F) ICK D ER TN D%

J

o RIINARDIX G ENARTD p(2) B EFRTE S (F HAE)

AEELEN AIXH Z (X (Eaton and Murphy, 2007) #3588



ARETILOEKE 11

A

BEAEXDSIHEREEENIZRLET ST

A

%7\\37 (Pearl, 2009) (Bongers et al., 2021) FKEBEEMI ST G

%7\‘37’]’jj)l/:E7_'\\}l/ (Pearl, 2009)
—’5'0)Eﬁ$ N+ RET ST
NAICKOTISTERTIMESIEILT EMELSRTE

RO oEHASHMIECDEFREHRARNS

(Pearl, 2009) (Richardson, 2003)

> XXy, | Y
oRC AL X5 |

(#&D/3— +TER)



RNBRETILDOBEEHE &

* ARETILIFERBEEDRERICHD

Model Predictin I[ID | Predict under distr. | Answer counter- Obtain Learn from
setting shift/intervention | factual questions | physical insight data
Mechanistic/physical yes yes yes yes 2
Structural causal yes yes yes ? ?
Causal graphical yes yes no ? s
Statistical yes no no no yes

(Schélkopf, 2019)
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[ would rather discover one causal law than be King of Persia.
Democritus (460-370 s.c.)
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Teshima, T. and Sugiyama, M.,

Incorporating causal graphical prior knowledge into predictive modeling via
simple data augmentation.

37th Conference on Uncertainty in Artificial Intelligence, accepted.
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JEK BB RRES S 57 (ADMGs) (Richardson, 2003) (Richardson et al., 2017)
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(¥ J)LATETIL; cf. Latent projection). (Tian and Pearl, 2002)

bidirected

Topological ADMG Factorization (Tianand Pearl, 2002) (Bhattacharya et al., 2020)

D
ADMG G #58 T %7 IILATETILIZONT, p(Z) = 1_[ Pimn(y(ZI ™) BRI B

J=1
mp(j): “Markov pillow” of variable ZJ (Generalization of “parents” in ADMGs.)
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° HORRYSINEFEEL, ChAZLICHETETNS: G=6
BENEERBBEN—RILEED, + 01BN IEEREDREE =T

Theorem (Excess Risk Bound: 1274 —<JL) 1 € arg miniRag()), /7 € arg mniR(F)

fef fef”
A log(4D/6
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S—_———— ~ -~ ~/ N 2n )
Kernel Bias Complexity terms A
Uncertainty

w/ high probability.
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Teshima, T., Sato, 1., and Sugiyama, M., . ICM L

Few—shot domain adaptation by causal mechanism transfer. emations Conferonce
On Machine Leaming

Thirty—seventh International Conference on Machine Learning (ICML 2020).



Z N AL 5E

FRNIIAFTET IV DELIEONTZLNGS,
EHIEHROFNAINERER ED-HIZEE.
FAS N TBEHET HAMNELGLS IR, ML EFL
NI=T—2&FB(TERTHEWNVOIAEK

I|In




Z N AL 5E

* EFEDZTHNLFE TS AT TIELL,

7 mE DB R

tZREITHEBRREIZECDLELNDHD.
* FIDBEREILY: EDLDGERMEN DI A E I

TEHMN"?

.

-

-

s + e
T
ﬂll

0 9 0 9

32



FATT 33

HBEDT—FER(E

BIYAN=X LIFE

FAMUBEISDEEELTEYSD

E#

°* AEAIARERBFRZEERT OO,

FHRF—EERTESNEERLGIRICHER TS HHE =D

BREAT 1 &7 51 (RAERY) - gt Bl D & 9w T Bl 35

* TR AV ERIELEFEMND TEIT D (ataveta, 201
T—ANHIEMBEICELYS55 (EEEIES)
EFEHAD=Z X LI IC &5 H@




HAEMERETILO St iE o

SEERLOEEHAIERL XIZDOWNTIEELV = 1S A FER (Reiss and Wolak, 2007)
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Zy = fi(S1) /Zl\ /Sl\ @ S~q (=(§)lq(d))
| Zy = f3(Z1,S,) — Zy _f Sy VN, Q’Me:;lanism
7 = i(7,) Z| S ANORE
\ Z4 - fi(Zz, Z3, 84) ‘ \Z4) \34) ; y Observed jo}LI{’t distribution
WEAER - i BEAER - FER | )~

A EEDE & TIEREMIRILA T FIT(NLICA)ZEK Y f ZHETE RIEE (Hyvarinen etal., 2019)
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°* BHDEBTHT—F Di= {(fﬂkuykz)}lcl S Parce) (K=1,...,K)
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o \ 9 (Greene 201 2) Target (LOO) TrgOnl}y Prop SrcOnly S&TV]| TrAda GDM Copula] 1W(.0) IW(.5) IW(.95

o AUT  § 5.88 5.39 9.67 9.84 5.78 31.56 27.33 39.72 39.45 39.18

‘j U /,ﬁ %i%/ﬁ“ (1.60) (1.86) (0.57) | (0.62) | (2.158) | (1.39)| (0.77)| (0.74) | (0.72) | (0.76)
o BEL 1 10.70 7.94 8.19 9.48 8.10 89.10 119.86 105.15 105.28 104.30

1 87] . (: |\ )(,r_*/) (7.50) | (219)| (o.68)| (0.91)| (1.88)| (a.12)| (2.6a)| (2.96)| (2.95)| (2.95)
CAN 1 5.16 3.84 167.74 156.65 51.94 516.90 406.91 592.21 591.21 589.87

(1.36) (0.98) (8.83) (10.69) (30.06) (4.45) 1.59) (1.87) (1.84) (1.91)

1 9 ﬂi FE )\ j:l 3&7[__, DNK 1 326 3.23 30.79 28.12 25.60 16.84 (14 a6 22.15 22.11 21.72

(0.61) (0.63) (0.93) | (1.67) | (13.11)] (0.85) | (0.79) | (1.10) | (1.10) | (1.07)
FRA 1 2.79 2 4.67 3.05 52.65 91.69 156.29 116.32 116.54 115.29

) tt E/": %E s“i (1.10) [0.06) (0.a1) | (0.11) | (25.83) (134)| (1.96) | (1.27)| (1.28)| (1.28)
X DEU 1 16.99 6.71 229.65 210.59 341.03 739.29 929.03 817.50 818.13 812.60

(8.04) | (1.23)| (9.13) [ (14.99) (157.80 (4.85) | (4.60) | (4.55) | (4.57)

Taron |y iﬁiz% - 9 GRC 1 3.80 3.55 5.30 5.75 11.78 26.90 23.05 47.07 45.50 45.72

(221) | (1.79) | (0.90)| (0.68) | (2.36)| (1.89)| (0.53) | (1.92)| (1.82)| (2.00)

-

Gl
-
-
-]
-

~—

0)‘7%'(:%%' RL i 3.05 4385 136.67| 12.34 | 23.40 | 3.84 26.60 | 6.38 6.31 6.16
(0.34) | (1.25) | (s5.64)| (0.58)| (17.50) (0.22)| (0.59) | (0.13)| (0.14) | (0.13)
— —\\ TA 1 13.00 14.05 35.20 39.27 87.34 226.05| 343.10| 244.25| 244.84| 242.60
SrCOnIy $E$ 9 (a15)| (a.81)| (1.83)| (2.52)| (24.08) (11.14) (10.04) (8.50) | (8.58) | (8.46)
eys — JPN 1 10.55 1232 8.10 8.38 18.81 05.58 71.02 135.24| 134.89| 134.16
0)‘7%'(:%%' (4.67) | (a98) | (108)| (1.07)| (a.59)| (7.89)| (5.08) | (13.57) (13.50) (13.43)
NLD 1 3.75 3.87 0.99 0.99 9.45 28.35 2053 3328 33.23 33.14
(0.80) (0.79) (0.06) (0.05) (1.43) (1.62) (1.58) (1.78) (1.77) (1.77)
NOR 1 2.70 2.82 1.86 1.63 24.25 23.36 31.37 27.86 27.86 27.52
—— _.\\ (0.51) | (0.73) | (0.20) | (011)| (12.50) (0.88) | (1.17) | (0.94)| (0.93)| (0.91)
EE *z a % m L\ ESP 1 5.18 6.00 5.17 429 14.85 33.16 152.60| 53.53 52.56 52.06
(1.08) | (183)| (114)| (072)| (a20)| (699)| (6.19)| (2.47)| (242)| (2.40)
I SWE 1 6.44 5.47 2.48 2.02 2.18 15.563 2706.85 118.46| 118.23| 118.27
~, \\ e (2.66) | (2.63) | (0.23)| (021)| (0.28) | (2.59)| (17.91) (1.64)| (1.64)| (1.64)
% 1‘& ¥ “f b % HK *z E CHE 1 351 2.90 4350 | 7.48 3832 | 8.43 2071 | 9.72 9.71 9.70
/ -+ (0.46) | (037) | (177)| (0.a9)| (903)| (0.24)| (0583)| (0.20)| (0.20)| (0.28)
TU 1 1.65 1.06 1.22 0.91 2.19 64.26 142.84| 159.70| 157.89| 157.13
R
E — # (0.47) | (0.18) | (0.18) | (0o09)| (0.3a)| (5.71)| (2.04)| (2.63)| (2.63)| (2.69)
- t o GBR 1 5.95 2.66 15.02 10.05 7.67 50.04 68.70 70.98 70.87 69.72

(1.86) | (057)| (1.02)| (1.47)| (s.10)| (1.75)| (1.28) | (1.01)| (0.99) | (1.01)

USA 1 4.98 1.60 21.53 12.28 2.06 308.69 244.90 462.51 464.75 465.88

= ¥:£ (1.96) | (042 (3.30) [ (252) | (0.47) | (5.20)| (1.82) | (2.14) | (2.08) | (2.16)
*E / > Trgonly FBest || - 2 10 2 a 0 0 0 0 0 0
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J—7% (CF-INN) @D G gEIL{LlgE

Teshima, T.*, Ishikawa, L.*, Tojo, K., Oono, K., lkeda, M., and Sugiyama, M., Coupling—based
invertible neural networks are universal diffeomorphism approximators. Thirty—fourth
Conference on Neural Information Processing Systems (NeurIPS 2020).

(*: Equal contribution. Oral presentation.)
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° 7]“/70 ) */7‘“% (Dinh et al., 2017)

T<k U1 <k W()+b V2
] = > P> —F—F s i
Tk T(T>k, f(x<k))

* FIoq NI T E

T<k| U1 T<k wires V2
= > >—>—> -
T>k T>k© exp(S(r<k))+ tlx<k)

ERETIV, ENKR, FEHEE, HHRIRELV S ZEREERET IR VIZEAZED
(Kingma and Dhariwal, 2018), (Oord et al., 2018), (Kim et al., 2019), (Bauer and Mnih, 2019),
(Ardizzone et al., 2019), (Nalisnick et al., 2019).
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ﬁ1ﬁﬁ%@|¥§&@$é D? = {Cz—diffeo of the form f: U, —>f(Uf)}
WNEYREZFERDES (U € RY: open C*-diffeo to RY)
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A RBEFZRADIFEFTID - ERFR D

I would rather discover one causal law than be King of Persia.
Democritus (460-370 s.c.)

IRV D EICIEDKY
HRDZEAZE—DOTHLRERELEL

ARBEFEEFRETILDOEOHICHRICIIDO(ERHDND)



https://en.wikipedia.org/wiki/File:Democrite.JPG
https://en.wikipedia.org/wiki/File:Dosso_Dossi_026.jpg
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