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Figure from https://en.wikipedia.org/wiki/Diffusion
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Figure from https://en.wikipedia.org/wiki/Diffusion



BrowniZ&hD XY X Ay 7 ¥R EC R

1 RFDEBICX I HECih = Langevin A2 RILY % > 8 E moblity%E 112 LT\ 2)

x(t) = F(x(1)) +/2T&() F(x(¢)): Brownf[F(C 0t 27N
(ED)) =0 ({EOV(ED) ) =800 —1)  Tf BHEROmEE = TLEUIREL
(Einstein DR )

¢

VN

R FDIEXK(CI T B EER = Fokker-Planck A12= 1 7 F

0P(x)=—-V- -Ww(x)P(x))

v(x)=F(x)—T,VInP(x)
i F DR

Figure from https://en.wikipedia.org/wiki/Diffusion



Monge[ti]iH (1781)
Probability A P(x)
H 553 DIPx) % MDA DILOWICHHE T 5EEZE 2 5. oy |
Wk I I3 EN R I IR C 722 A b C(x,,)’)ﬁi\i?)ﬁ) 5. 1746-1818
/N BRI T(x) = yld ] 2>, (F 7o/ MU S L7z 2 A~ OIHEHIE 30 D») : .y
>

Monge-Kantorovich[iji (L. KantorovichlZ X % A5, 1942)

inf_(c),  such that deﬂ(x,Y)=P(X) Jdm(x,Y)=Q(y) m(x,y) 2 0

Eiﬂﬂﬁf“ﬁ%z‘%ﬁj\fﬁﬂx), Q(}’)%%‘Z %) Iﬁlfﬁ%%ﬁﬁﬂ(x,y)%ﬁi..ﬁﬁi\%, <C> — l[dxdyc(x y)]z_(x y)
ik a2 OWIEHiE(C) % F/IME T 2 R " ’ ’
(Monge[HRE 1Zz(x, y) = 6(y — T(x))P)IZFRE S L7 IRPLIZHH 2Y)
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p-WassersteiniE &

Villani, C. (2009). Optimal transport: old and new (Vol. 338, p. 23). Berlin: springer.

p-Wassersteinf[ififf (Euclidghififz 2 A F & L7 Monge-Kantrovmth'j;%_@ﬁfP 72 FH\ 7 o041 i O B

W ,(P,Q) = (inf(||x —y| Py, = (mffdx[dy\ [x — | \”ﬂ(x,y)>

such that deﬂ(x,y) = P(x) deﬂ(x,y) =00y 7wkx,y) =0
Pt DO Bl 2 723
O w, (P,0)>20 @ W, P.0=0P=0 QW P,Q =W ,0,P)
@ W (P,R)+W (R,Q) > W (P, Q)

HolderDAFEADiRT E LT M 2727 .
pz2q21=>%,°P,0 2% (P,0)
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= Al (Wasserstein GAN)

Arjovsky, Martin, et al. International conference on machine learning. PMLR, (2017).

1.0 - -
— Density of real
0sl — Density of fake |
' —  GAN Discriminator
WGAN Critic
0.6
0.4 -
/ \ ,// \\\
/ \\ -
/ A
0.2f /' \ / N
~ \\
0.0 b= s emneqperiened o =t
- /
-0.2 Vanishing gradients
in regular GAN
-0.4 L= : * . : ‘
-8 -6 -4 -2 2 4 6 8

- -
O
LI
a0

1-WassersteiniE

Jensen-Shannon% -1 /\—

~ »

VT A

Hh<Z—2L—F+« % (Wasserstein barycenter)

T T s 4
e ,
S e R T

o s T

(a)
Bonneel, Nicolas, et al. ACM Trans. Graph. 35, 71 (2016).

A Al (ILELE T )L, flow-based modeling)
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Score matching ™/ Diffusion

.
™l

Flow Matching */ Diffusion

Flow Matching */ OT

Y. Lipman, R. T. Chen, H. Ben-Hamu, M. Nickel, and M. Le, International
Conference on Learning Representations (2022)
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2-Wassersteinip g & IEFE 2 F & DIFES

PGP (Fokker-Planck J5 i 30) 1
I HH I %)L 3 — & 2-Wassersteinff 2 H O 72 @ {bi 8Dt E LTadid TZ 5

Jordan, R., Kinderlehrer, D., & Otto, F. SIAM journal on mathematical analysis, 29(1), 1-17 (1998).

PEEORPL(Fokker-Planck T FE20)IC B T 5 e/ iGR e/ > Fa E—4 k) & DBHR

Aurell, Erik, et al. Journal of statistical physics 147, 487-505 (2012).

YERLERE(Fokker-Planck FER)ICE 1T S R(= ¥ P r E—k/L ¥ b a E—EplR) &
IREEZALEE DD b L — F A 7 % (k4 D5

Nakazato, M., & lto, S. Physical Review Research 3, 043093 (2021).
Dechant, A., Sasa, S. |., & Ito, S. Physical Review Research 4, .012034 (2022).

(1-Wassersteinfifilt & + L — N4 7 Btk & D& B PHfR)

R. Nagayama, K. Yoshimura, A. Kolchinsky and SI. arXiv: 2311.16569.
R. Nagayama, K. Yoshimura, and Sl .arXiv:2412.20690.
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K. Ikeda, T. Uda, D. Okanohara and Sl, arXiv:2407.04495.
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Review: U. Seifert, Reports on progress in physics, 75, 126001 (2012).
Textbook: K. Sekimoto, Stochastic energetics (Springer, 2012)

Fokker-Planck A12= 0P(x)=—V-@x)P(x))
v(x)=F(x)—T,VInP(x)

9 BIGEICDODVWTEZSD Fx)=-VU(x)

I><I

N7 >+ )L TEKXE

T 3L ¥ —HBTSHE (U) = [det(x)Pt(x) AT B — A

at< Ut> = 0,0, + oW, 15 oW, = [dx [0,U(x)]P(x)

Z1V\ =

2. 0,0, = J'det(x)[ﬁtPt(x)]
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Review: U. Seifert, Reports on progress in physics, 75, 126001 (2012).
Textbook: K. Sekimoto, Stochastic energetics (Springer, 2012)

T hAE—SEREK S

StOt 0,5, — tTQt XOIT>hOE—: S, =-— [det(x)ln P(x)
[

Stot — %de(Ut(x) — T.1In P(x))0,P(x)

:—%Imﬂ%w—EMPMDV%M@E@»

5t Qt

o
ot
Nk
1

1
= — J'dxHVt(x)Hth(x) > 0 5 =4 03 2

1,
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Review: U. Seifert, Reports on progress in physics, 75, 126001 (2012).
Textbook: K. Sekimoto, Stochastic energetics (Springer, 2012)

./ ZHILH PAx)

exp(—U,(x)/T)
| dx exp(—Uyx)/T,)

Ty hNOBP—4pX

P (x) =

Stot — %de(Ut(x) — T.1In P(x))0,P(x)

B J dx(In P;(x) — In P(x))0,P(x) Kullback-Leibler¥'«//\—Y = >V X

P(x)
Pgan(x)

==

= — 0D PIPE| >0 D (PAIPE™ = | dxp o
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Review: U. Seifert, Reports on progress in physics, 75, 126001 (2012).
Textbook: K. Sekimoto, Stochastic energetics (Springer, 2012)

Fokker-Planck 512= 0P (x)=—V @(x)P(x))

v(x)=F(x)—T,VInP(x)

Ve )LATRRSNABVW—RDBES TV N OE—EE% Bk

oot = ijdxuv ©I12P(x)
[ Tt [ [

REFEIXE[0,7] COIY MAOE—4%BSOZ XD KD ICE

so— [ ar[a ‘P
. f— | dxllz ()] P (x)
0 1

m}

E




Textbook: Villani, C. (2009). Optimal transport: old and new (Vol. 338, p. 23). Berlin: springer.

1

W (P, Q) = (inf(|[x —y| Py, = (iandx[dy [|x —y| \”ﬂ(x,y)>p

such that deﬂ(X,y) = P(x) deﬂ(x,y) =Q0) 7wlx,y)>0

Ficp=1&p=2n& < fEFbhns.

p=1 = =B LERICH T AN HERBDHERNSDETED LRI &

p=2 = WP EAFHNRELRDS ORFNRIMEEDOR S, 2A1F & DERK
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1-WassersteinfEgE DX XI3RIE (Kantorovich-Rubinstein X xd)

Textbook: Villani, C. (2009). Optimal transport: old and new (Vol. 338, p. 23). Berlin: springer.

1-Wassersteinfb g

W(P,Q) = iandx[dy\ |lx —y|[|z(x,y)  such that [dyn(x,y) = P(x) [dxn(x,y) =Q(y) n(x,y) >0

1-WassersteiniEEE DT ZRIE (Kantorovich-Rubinstein X xT)

W\(P,Q) = sup [{(f)p— (] Lip' = (f@) [VXIIVA@IP < 1} (f)p = [dxf(x)P(x)

feLip!
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2-WassersteiniEgt D pllZRIE (Benamou-Brenier =)

Textbook: Villani, C. (2009). Optimal transport: old and new (Vol. 338, p. 23). Berlin: springer.

2-WassersteinfE gt

1

W (P, Q) = (it;fjdx[dy\ | x —y| \277(35,)’)) such that deﬂ(x,y) = P(x) den(x,y) =0(y) nlx,y)=>0

D FIFRIE (Benamou-Brenierix™®)  EfipdD I ICED < FIF

2-Wassersteingkg

atQt(x) =—V- (ut(x)Qz(x))
Qyx) = P(x) Q.x) = 0x)

{ut’ Qt}ostsr 0

W (P, Q) =\/ inf TJ' dtde\\ut(x)\\th(x) such that

J-D. Benamou & Y. Brenier. Numerische Mathematik 84, 375-393 (2000).

1
SOER w0 =Vhx) 00+ V)] =0



T NAE—4R & 2-WassersteiniE B & D BE{R&

T hhOE—4%R Fokker-Planck 5 2=
0P(x)=—-—V - -W(x)P(x))
v(x)=F/(x)—T,VIn P(x)

so = [ ar[a P
. f— | dxllz ()] P (x)
0 1

?2-Wassersteinie g

atQt(x) =—V- (ut(x)Qt(x))
Qyx) = P(x) Q.x) = 0(x)

0, o<i<:

W (P, Q) = \/ inf TJ dtde\\ut(x)\\2Qt(x) such that
0

Aurell, Erik, et al. Journal of statistical physics 147, 487-505 (2012).

\ (W 5(Py, P,))*
I} BE—ET=10K S'2——
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2-WassersteinfEBEZEfE IC B 1T 2 RE

M. Nakazato and Sl. Phys. Rev. Res. 3, 043093 (2021).

o D] . R - W (P,P,. )
St > — 2-WassersteinZEICH T DRE v = lim ———==
Tt At—+0 At
Px) vE VR @ - V)

atPt(x) =—-V. (Vt(x)Pt(x)) =—-V- ([V¢t(x)]Pt(x))

e )

(Figure from) D. Sekizawa, S|, M. Oizumi, Phys. Rev. X 14, 041003 (2024).

(O = [dx\\Vcbt(x)uZPxx)

NADIINT >V v ILAF(x) = = VU x) DI, FSI1ZERK
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E. Aurell, K. Gawedzki, C. Mejia-Monasterio, R. Mohayaee, & P. Muratore-Ginanneschi, Journal of statistical physics, 147, 487-505 (2012).
M. Nakazato and Sl. Phys. Rev. Res. 3, 043093 (2021).

MRT v )L + BIHIR O, cor _ [ 7o(Po PIT”
/NI NOE—4RL ” or
o OPF e P,
Stot = = NTYIv LA (F(x)=—- VU (x)) Tk P _—7
T dtv,(t)
Jo
Py Geodesic :v,(f) = const.

Tl _ const. e (BmsX)

T

Wy (f) =
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A. Dechant, S-l Sasa and SI. Phys. Rev. Res. 4, L012034 (2022).
A. Dechant, S-l Sasa and S, Phys. Rev. E. 106, 024125 (2022).

cf.) Cramér—RaoMDA~ZEFT\: Sl and A. Dechant, Phys. Rev. X, 10, 021056 (2020).

Cauchy-Schwarzf~"Z& =,

[ [dx[V ¢,(x) - Vr(x)]P(x)]*
J dx|IV r@)]|2P (x)

(O = [dx\\qut(xWPt(x) >

SRR U s W (o O BB D BSRI L

J'dx[ngt(x) . Vr(x)]P(x) = de[ — V- (Vg (x)P(x))]r(x) = [dx[atPt(x))]r(m = 041r)p,

Jtot [VZ(t)]z > |at<r>Pt‘2

* 207 FHIANEE 4B R 5 2 T. = T{|Vr|?)
t [ P,




2-WassersteinFEgEZefE DRE &
ELRIZE DERE /1-WassersteinFEEf e DR E

R. Nagayama, K. Yoshimura, A. Kolchinsky and SI. arXiv: 2311.16569.

0
ELHIEr(xe) DRE oA,
\/ IVl
>
stot > [2(OF > 947 * V(1) = v,(1)
1, Tt(HV’”‘P)PI

EFEDORBMKEFE UL WERIEDEE D _LRIZ2-WassersteinEEREZE B D RE 52 5N 5.

s 1-WassersteinIEEfZEE D EE D _FEBH 2-WassersteinFEEEZEE D EE TEZ 51 5.

. WI(PZ" PI+AI) Vl(t) — Vf*(t)
vi(#) = lim
At—+0 At J* = argmaXfELip1[<f >Pt+m —f )pt]
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Markov jump process

Deterministic chemical reaction networks
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Maxwell's demon

K. Yoshimura, A. Kolchinsky, A. Dechant and Sl. Phys. Rev. Res. 5, 013017 (2023).

A. Kolchinsky, A. Dechant, K. Yoshimura and Sl, arXiv:2206.14599. arXiv:2412.08432.
K. Yoshimura and SI, Phys. Rev. Res. 6, L022057 (2024).

R. Nagayama, K. Yoshimura, and Sl .arXiv:2412.20690.

Entropy productionrate Y.(¢) — {J(p). 71,

Y. Fujimoto and Sl, Phys. Rev. Res. 6, 013023 (2024).

D. Sekizawa, S|, M. Oizumi, Phys. Rev. X 14, 041003 (2024).

R. Nagayama, K. Yoshimura, A. Kolchinsky and SlI, arXiv:2311.16569.
K. Yoshimura, Yoh Maekawa, R. Nagayama and Sl. arXiv:2410.22628.
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K. Ikeda, T. Uda, D. Okanohara and Sl, arXiv:2407.04495.
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Main topic (Diffusion model)

K. Ikeda, T. Uda, D. Okanohara and Sl, arXiv:2407.04495.

Kotaro lkeda (UTokyo/B3) Tomoya Uda (UTokyo/B3) Daisuke Okanohara (Preferred Networks Inc.)

Related topic (Nonequilibrium thermodynamics and optimal transport)
S|, Information geometry, Information Geometry 7.Suppl 1, 441-483 (2024).

M. Nakazato and Sl. Phys. Rev. Res. 3, 043093 (2021).

A. Dechant, S-I Sasa and Sl. Phys. Rev. Res. 4, L012034 (2022).

A. Dechant, S-l Sasa and S, Phys. Rev. E. 106, 024125 (2022).

K. Yoshimura, A. Kolchinsky, A. Dechant and Sl. Phys. Rev. Res. 5, 013017 (2023).
Y. Fujimoto and Sl, Phys. Rev. Res. 6, 013023 (2024).

K. Yoshimura and SI, Phys. Rev. Res. 6, L022057 (2024).

D. Sekizawa, S|, M. Oizumi, Phys. Rev. X 14, 041003 (2024).

A. Kolchinsky, A. Dechant, K. Yoshimura and Sl, arXiv:2206.14599. arXiv:2412.08432.
R. Nagayama, K. Yoshimura, A. Kolchinsky and SlI, arXiv:2311.16569.

K. Yoshimura, Yoh Maekawa, R. Nagayama and Sl. arXiv:2410.22628.

R. Nagayama, K. Yoshimura, and Sl .arXiv:2412.20690.

Collaborators:
Lab members (+alumni) [Muka Nakazato, Kohei Yoshimura, Yuma Fujimoto, Artemy Kolchinsky, Ryan Nagayama, Yoh Maekawa]
Andreas Dechant (KyotoU), Shin-ichi Sasa (KyotoU), Daiki Sekizawa (UTokyo), Masafumi Oizumi (UTokyo)
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Stable diffusion (2022) Stable diffusion online https://stablediffusionweb.com/
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Stable diffusion (2022) Stable diffusion online https://stablediffusionweb.com/
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J. Sohl-Dickstein, E. Weiss, N. Maheswaranathan, and S. Ganguli, PMLR, pp. 2256-2265 (2015).

Deep Unsupervised Learning using
Nonequilibrium Thermodynamics

Jascha Sohl-Dickstein, Eric Weiss, Niru Maheswaranathan, Surya Ganguli Proceedings of the
32nd International Conference on Machine [earning, PMLR 37:2256-2265, 2015.
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Abstract

A central problem in machine learning involves modeling complex data-sets using highly flexible
families of probability distributions in which learning, sampling, inference, and evaluation are still
analytically or computationally tractable. Here, we develop an approach that simultaneously achieves
both flexibility and tractability. The essential idea, inspired by non-equilibrium statistical physics, is to
systematically and slowly destroy structure in a data distribution through an iterative forward diffusion
process. We then |learn a reverse diffusion process that restores structure in data, yielding a highly
flexible and tractable generative model of the data. This approach allows us to rapidly learn, sample
from, and evaluate probabilities in deep generative models with thousands of layers or time steps, as
well as to compute conditional and posterior probabilities under the learned model. We additionally
release an open source reference implementation of the algorithm.
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4y Forward & ta Reverse ts Time
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Evans, D. J., Cohen, E. G. D., & Morriss, G. P, Phys. Rev. Lett. 71, 2401 (1993).
Jarzynski, C. Phys. Rev. Lett. 78, 2690 (1997).
Crooks, G. E. Phys. Rev. E, 60, 2721 (1999)...etc.

(Figure from) Hoang, T. M., Pan, R., Ahn, J., Bang, J., Quan, H. T., & Li, T.
Phys. Rev. Lett., 120, 080602 (2018).
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- Flow-based generative model (2022)

Y. Lipman, R. T. Chen, H. Ben-Hamu, M. Nickel, and M. Le, International Conference on Learning Representations (2022)
Flow-based generative model
Fokker-Planck A2 (FREIEARD Y1+ = X)

0P(x)=—V -@wx)P(x) v(x)=F(x)—T,VlnP(x)

REIZEHETE: D(x) = v/(x)

-BWAARENICLIFEPEARDOTA I AW T — T 4R

X; = —V,_{x7) (f=7—t M DEME)




AL E T ILIC & 1T 5 FxE

AV F(x)=Ax+b,

HOADMmIC KD RERE
Prxly) = V(xlp(y),z) py)=y  Z;=0 » P(x) = dePf(x |Y)Po(y)

Conditional optimal transport (FxE %X D 3T {)

Y. Lipman, R. T. Chen, H. Ben-Hamu, M. Nickel, and M. Le, International Conference on Learning Representations (2022)
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Flow Matching */ Diffusion
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Flow Matching “/ OT
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J. Sohl-Dickstein, E. Weiss, N. Maheswaranathan, and S. Ganguli, PMLR, pp. 2256-2265 (2015).

[HlRE = 2k
JEL @B 2 IFIRTEDILEETILDEE AR ICARBRICHRAN?

FEFERT]F HREET I

Sk ols L EEERXOBEH
=5/ T NOE—45 F7HZ— . BEDSW\T —5 4K
(FREEH /R EEE)
NL— KA 7R
. 2 [ 5 div. (D]
ooy DAOF ) Wo 208 s o KRR R L— R 7S

T, T T



HhEXET )L D IEREN

P,(x) Forward process P,(x) - P (x)

Training data g(x) P(x) = P]_(x)

A

Estimation error | t Pg (x) # ﬁg(x)

- Estimated process P! -
Pi(x) < £ & i)

Y

conornos 1) TR

Estimation error (1-WassersteinFE g CEZ)

% 1( p, q ) e.g.,) K. Oko, S. Akiyama & T. Suzuki, In International Conference on Machine Learning (pp. 26517-26582). PMLR (2023).
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Forward process/Reverse process Estimated process

0,P(x)=—V - @(x)P(x)) P(x)=P] (x) 0:Pi(x) = V - (,_i(x)Pi(x))
0PI(x) =V - (v, _{X)PI(x)) F=7-1

=i Forward process / Reverse process
IBE)

= [ F30) = P
Pj(x)

}l_ﬁ\f‘él\: F';g %lzé_& Difference in

1-Wasserstein

A= T VR

Estimated process

Estimation error distance A,
AT W (p.g) — W (PG, P))° WY
Dy Dy %L;\.E_ib
AW'?

ml

LANE W, = FT—HERERIFESICULTO/INA K.

Dy
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Forward process / Reverse process

AW% v tot Diffusion sp§ed cost / ~ §D
< dtTtSt / dtfvs (1)) T b

0 q(x) B
ATV v)LATERTE 3155 T-Wasserstei
(F(x) = — VU(x)) o
p(x)¥ i
/& ' 2
< | divy(?)]
TD() 0

T—YEREROAONZ b S SRR R OILEID (2-WassersteinEE Rt ZE i T D) EE v, (1)
(BULKRERIYMOE—ERE SO ZRHAWCANZFETINZ 5N 5,
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[0 (PI_, Pl )|

T—1° =~ T— S Tt S;ot
Dy
MRy )L TR TE D55
(Ft(x) — — VUt(x))
|07 \(P}_, P]_)|
Vloss(t) < V2(t) Vioss(1) = 1

/D,

cf.) BV FRRHEE M BIR v,(1) < vy(f)
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a;P; x)=V_. (VT_;(x)P; (x)) » [P} (x) — PT_(x)] = = V- @,@)[P_(x) - PI_(x)])
afp;(x) =V- (VT_;(X)P;:(X)) \ iﬁ}%@ﬁ

E

f

f=1—1

2
feLip! [0,((f)pr. — (Pp ) I* = (def (x)9,[P(x) — P;@)])

2
= ( de VFx) - v, (x)[P]_(x) — PZ_t(x)])
Cauchy-SchwartzDR~ZFET Pi (x) — P_(0)]2
< (deHVt(X)Hzpt(x)) de = —
+ 1-Lipshitz (J|VAx)|| < 1) P! (x)
T S®! D, (BRICIREFELRZW)
+ Kantrovich-RubinsteinXs#  3reLip' 10,7 (PL . PL_)I” < 10({f)p: — (Fp )’
‘ al‘Wl(ijT—l" P:—l‘) ‘2
Dy

IR N L — R A 7R < TS
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0 (PI_, Pl )|

BRERR N L — R A 7B S <T.S5"
0
o T W (P PT )P
J' dtTtS§OtZJ dt‘ ! 1( T—1 T—t)‘
AW )?
Cauchy-SchwartzOA~FI, > ( Dl)
Ly

y AWZ T |
EBETIESTS L - KA B —L < J TS
(254} 0
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A5 (7 ,
< | dilv,(?)]
FIROTm/IVMEZZE Z 5
g W (P, P.)?
J di[v,(1)]* > 2(: 4 cf) /T hOE—4&RY
0
V(1) = 7ofo ) — const.
T
SHIHBHR S 4

B /4 A BOETR S :E X (i.e., 2-WassersteinfEEEZEE T AIMIR) TIER S NS
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TheO rem N. Shaul, R. T. Chen, M. Nickel, M. Le, and Y. Lipman, in International Conference on Machine Learning, PMLR, pp. 30883—-30907 (2023)

—YBNp D' T =T RITng e LTromhahe=E (Np/y/ng = 0),

J divy(1)]? = ndj M) +Omp) = [oRERo
0 0 Pi(x|y) = N (x|my,o;T)
AW% ' 2 ' 2 2
< | dilv,(]* =~ ny| dt[(9,6) + (0.m)"]
TDO 0 0

WY ERD&RAMVE (ZEERaE)
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Conditional optimal transport

T 2 2
Oon—O.)"+(my—m
[ dt[(atgt)Z n (atmt)Z] > 1 dw
0 T
z z ‘ (6y — 0,)” + (my — m,)’
m=1-—  o0,=— » ndJ di[(0.6)* + (0,m)*] = ny
T T 0 T
SUN(ERBESY

:Conditional optimal transport

conditional optimal transportic & 259+ X 7 ANV ERE R ILBUBIE TH 5.
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Cosine schedule

Forward ) || -
DIOCess (Cosine schedule)
¢ h1 D i A. Q. Nichol, & P. Dhariwal,
: AR In International conference on machine learning (pp. 8162-8171).
Estimated B PMLR (2021)
process

Cond-OT schedule

Forward
process

Estimated
process

2

Optimal transport

Forward i

process

Estimated @ b O/NANICTE>TW5S
stimate

process
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Cosine schedule Cond-OT schedule Optimal transport (OT)
Forward process Forward process Forward process
osq( )u 305(’( )u 3051(33)
Q~ A V-
00—4 0 4-4 % 4—.4% 4—.4% 4 00— 4-4 % 4-4 é 4—4% 4 0.0 -4 4 4-4 % 4 — 4* 4_4% 4
. OEstlmated process Estlmated process EsUmated process
R p(x) Pl(x) 1 p( J PT(x) = 1.0 -
alos : Tos Tos “ i
0.4 0" 4-4 0 4-4 0A4—'4 oAa ° A 4-4 oA -4 4 o A A4 4 0A4
: % | ——>t/7 : % | —>t/7 | | % >1/T
0 1/3 2/3 ] i 0 1/3 2/3 ] I/ 0 1/3 2/3 1
P (x):F ; BaE7g,
X ).Forwar rocess . C s
! P Gaussian distribution
~ _ with different mean
T_t(x):Estlmated process 0.6
= ).4
F— S BE(2ED E— ) R BERE DB S I} =
BHEDBEORPICENVTHEIHS FLBINTVB I Eh D 3. N |
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Cosine Cond-OT OT

(a.u.)
1.0

—~ 0.5 9

Ug (t) 'l"’iz()ss ( [)

‘.("’i%_)h'h' o ————
0'Oo.o 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
t/T t/T t/T

| aIWI(PI—t’ PZ—I) ‘2

D = [V, (D] < (D)
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0.5 @.u.) (AW )2 T T
. Cond-OT 1 ) [ 2
— < | dt N]- < | dt[v,(¢
0.4 D, — J() [Vloss( )7 < ; [Vz( )]
0.3

Cosine

0.2 SEREDESICEDL Y1 MFREREWICHE>TWS,

InEBREDIE (A7 ) /(zDy) IEREHFREEEDIZEDHNS<E>TWS,

OoT

0.1 l

0-0 . Noise schedules| Values of (A7"|)*/(zD,)
(AW ) ‘ t Cosine 0.1884 x 102

B TDI J dilvies01° 8 J dt[v,(1)]? CondOT | 87810 x 10~

O : ’ OT 8.5375 x 102
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For more information and examples, see K. Ikeda, T. Uda, D. Okanohara and Sl, arXiv:2407.04495.



