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— Or =) o(t,7) Computing the correlator l

Connected 2-point function Derivative of 1-point function
5 9,
C(t) = (0:O)r — (O); C(t)=5-| (O
Oc e=0
Monte Carlo average over base MC average with respect to a distr. with
Boltzmann distribution with action S action deformed by a source term
1 1
—S _Ss
r = —e e = —6€ with S, =5 — 0
Z ZS E 0
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— Ot — Z¢(taf)

INn practice, one computes the weights

(@) = =1+¢ + ...

..and reweight a 1 point function

(10O¢) = (Oy) + ¢ + ...

Fluctuation in
the weights

Signal-to-noise
degradation

SDU<

Computing the correlator l

Derivative of 1-point function

0

88 e=0

C(t) <Ot>frs

MC average with respect to a distr. with
action deformed by a source term

1 _
ng—e Ss

7. with Se =5 — Oy
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— Source deformations l

Goal: find the vector field f that induces 1
a source deformation in the action r. — 5100
7
»— d+ef(h)+...

(or more generally with a flow)
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do.
de

/(@) P = ¢ The Stein operator l

Stein operator: generator of the action

deformation under the flowed ’7;]‘ — _ f VS
dSe _ .
de 2 HMC force

Stein’s identity
Conservation of probability along the flow

Define a Riemannian length over the

<7;f> — /D¢V . (Tf) — () manifold of probability densities
(T-H)%) = IfII%
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— The KL expansion l

Given a vector field f(¢), evolve the

configurations via flow equation in time &

82

KL(gllp) = (log 2 — (T f ) + = (T /) (T 1)) + O(e?)
016w domonr alp) = {1og ) = =(70f ) + 5 ( )+

Controlled by the Stein operator
The Lie derivative along the flow L = f- V

dictates the evolution of the Jacobian Tf — trJf o f ) VS
?/'0 —
_NTE (prly
logdet J () = n§>1 n! (L V- (o)

For source deformation:

The KL divergence expansion reads 2

) KL[f] = %<(trJf—f-VS)Q—Qf-VOo>+O(53)
KL(q|r) = KL(rre) = > = (£" (T, /)

n>1
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—  How source reweighting could solve the StN degradation? Recap l

StN is due to big fluctuations in <w0t> — <Ot> 4 5<Ot00> 4+ ...

the reweighting factors

Overlap can be systematically |
improved via a change of variable ¢ — ¢ +ef(¢) +... st. min KL(qgr|/re)
that minimises the KL divergence /

2

reduces the problem to minimise

SDU & hQTC



following scalar functional

Stein operator
Tf=trJy — f-VS

KL[f] = <(trJf —f-VS)2—2f. v00>

Solve Euler-Lagrange equation of KL "Exact” solution in terms of the

T.f+ AOy = 0 stochastic resolvent of the theory
—l .
Direct ML minimisation: Jo(@) =1FFT |- + Co
181 | | ( ) p2+M9(¢)_ (¢)
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- Reweighting method gives the Once you're done, compute this l
following improved estimator

A <At> = (C'(t)
At — T (7:”‘ f)Ot T ft (ensured by Stein identity)

The variance of the improved estimator can be easily decomposed as

A\

Var[Ay] = o/ + Var[(T, f)O; + f] = (OF fo + OO f2)
Reol.uc.:ec.j dgring Pgre yariance
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Stochastic approach



— Stein-Poisson equation l

Restrict to gradient fields f = Vg
Fuler-Lagrange equation for the KL divergence

gives the Stein-Poisson equation (AQ — VS . V)g + AQy =0
ﬁf AOO — O Generator of (overdamped)

Langevin dynamics

The Stein-Poisson equation has a solution in

AOg= Oy — (O : :
0 = 0o = {Oo) via the stochastic resolvent (Feynman-Kac)

V.t f.vS g(¢):[)wd7<00[27(¢)]>n
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A practical recipe l

Integrate overdamped Langevin equation up to 1°

dZ, = —-V5dr + \/§dWT with Lo = ¢ 10 “
,mammnmm’mmn
rm— 5 I
S‘o 0 p----—--—--—t* - T e e e R
Integrate backward adjoint equation (deterministic) % i | l
dA |
T = —Hg[Zp 7] A; 4 0uy0 with Ao =0 0
aT —15 ! . | | |
0 10 20 30 40 50
t
1

Repeat for V,, walkers

f(@ = lim <AT>77

T'— o0
SDU-& hQTC



— Once you done, compute this l

A = 000, + (T, £)O, +
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— Once you done, compute this l

A = 000, + (T, £)O, +
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— Once you done, compute this l

A = 000, + (T, £)O, +

{ )
‘t\ /7’
\\__q« e [ —— == -

T e T

pr Oy

Bias. (residual Stein-Poisson)
controls the variance

Trf + A0y = pr

SDU & hQTC



Ay = prO; + The biased estimator l

A= 01, k = 0.2, stepsize = 0.05

10" The estimator has no
variance but is biased
107 .
-~ f[ Tl — . o .
(T __he bias is propo.rnonal to
f (Tinax = 5.0,  t and the stepsize
— v - [ (T ax = 10.0)
® baseline
0 3 6 9
t/a
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— A, = prO, + The biasl

2
V=16
0 )
10 ® ~-012
® ~-0U14
® -—=016
® =018
O =02
k= 0.22 _)\ T
y K = 0.23 (p1r D) ~ e ™
< k = 0.235
- t=0.24 Spectral gap of the theory
90 k= 0.241
10 i Kk = 0.242
L
$-o=@==&:==:%: =
0 10 20 30
1 max
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— Ay =0, + The bias [

A=01k=0.2

© stepsize—=0.2
tepsize = 0.
1.0 [ 9 - : 2@525228.105 ‘
O O
0.8 % - 1L 9 T
Y 1 L AT
3 (prOy) ~ ™" 4 ¢(07)
~ 0.6 | ‘

OO
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N\

10

10

o?|C]
UQ[At]

10

10

Ay = prO; +

A= 01, k = 0.2, stepsize = 0.05
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10

10

10

Variance reduction l

)\ — O 11 K — O 2
T f vVyV
v 3 /:'\\' v ' v\\v/'— v \v
v v .
Vv
V.
V -
vV . .o
1 v vV //‘xv/ ¥\7~~y
A%
—v- - stepsize = 0.05
—v- - stepsize = 0.1
—v- - stepsize = 0.2
! 0 10 e
t/a
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ML minimisation



—_— [L. Spatscheck] - Master thesis Direct ML minimisation l

| - . 0(p)
Direct ML minimisation: f@(@ —1FFT SR + C0(¢)
p* + Mp(9)
Sampling Ce . .
oy . o . Main limiting factor is
e sample ¢ fromr ~ e e sample ¢ fromr ~ e Hutchinson trace to
e flow through # o flow through f fo | b f |
o compute KL divergence at O(e?) e compute weights w at O(¢) compute a,CO .|an Face.
 minimize using standard ML toolbox o extract C(t) analytically or using O(V) scaling in cost
(and repeat as necessary) [Catumba+Ramos; 2502.15570]
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— Direct ML minimisation l

weights distribution before and after training (k = 0.2485)

. 0.200F 1 T O 't;vo-point
1000 Mlj{g - - T e T ~|——analytic
| 0.175 £ * | o o o || ® epoch 20000 -
42 750 S 0.150 | -—-—_o-—%——«o-——ﬁ__o——ﬁ——‘o-——c——a-——&—,——-0———0——;——-0_
= | g L= o
. | i B | | i E L 1 e
3 o0 I 0.125 | R
250 h 0.100 | | T
0 | il W ] H'm—h“.. K :02485,/\: 0.0 L o ‘ ‘
—20 —10 O 10 20 30 3 6 9 12 15
weights t
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— Direct ML minimisation l

10"

10—6‘ | 000000000900 00°° ,00°%°00%00404e,500°
o
© - ® +~-015
© 10 Kk = 0.2
& @ «-—0.2485
=
- —8 | @ | | nll

10 “00000"'..“’..."000000‘ ’

10"
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— Direct ML minimisation l

| | | wlg]
100 - “lel ® - 0005 k—015
” | @ 0005~ 02185
= 1000 - N = 0.05. % — 015
= A=0.05 K= 0.2
O 5 A= 0.05, K — 0.2485
. g i
500 : N = 0.5, k — 0.2485
10"
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® —1
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w g’“er\uﬁA""“-ﬁ’\f‘\ URVEURY v"h"“‘ﬁv""v‘r\’\r\ﬁ
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— Conclusions l

Stein operator is the generator of the action deformations and define the optimal path

dS.
dgz—ﬁf T.f =trJs —f-VS

“Perfect flow” limit (aka zero variance) corresponds to the Stein-Poisson equation

Trf+A00 =0

Stochastic evolution provides a systematical way to reduce StN degradation

dZ. = —-VSdr ++v2dW. R
dA, A = p7 O +

- _HS[ZT—T]AT + 5300,0
dr

Stein operator is expensive, but needed for the bias => warm start NF!

(prOy) ~ e M Trf + A0y = pr
SDU&~ hQTC
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The spectral gap l
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— Minimal variance condition l

Action Action w/ a source Base distribution  Target distribution
Transf. of configs induces effective action Transport/flow map
. - —1
¢ — ¢ =0¢+cf(o) ¢ — T(¢p) ~q=r|det Jp|
Reweighting factors Overlap factor / likelihood ratio
_ — _KL(C]Hps)
logw = —AS +log |1 +eJ logw = log p(T'(¢)) — logr(¢) + logdet Jr

KL(gyllpe) = 5 Varlis] + O((@ — 1)*)
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— Beat 1: change of variable l

Expectation values are invariant

under an invertible reparametrization A notable example: aflow @ = T€(¢)
I i 1 [ . do _
)= [ o0 = _ [ DG 0(@)e 5@ det gy —— = f(%e) do = ¢

The Jacobian also flows accordingly (Liouville)

d
610g|det Jr.| = (V- f)(¢e)

The changes produce an effective action: the
Jacobian compensate for the change in confs

d
Seﬂf(¢) — S(T(¢)) - 1Og ‘ det JT| The effective action evolves as
d.S-
The volume element is our handle de f-VS5=V-f

SDU & hQTC



—  How source reweighting could solve the StN degradation? Recap l

StN is due to big fluctuations in <w(9t> _ <Ot> i 5<Ot00> 4+ ...

the reweighting factors

Overlap can be systematically

improved via a change of variable O — O+ €f(¢) + ...
that minimises the KL divergence

Using flow-based models, only L{f] = <(trJf — f-VS)2—2f- v(90>

amounts to minimise directly

SDU & hQTC



— Parisi-Lepage: Signal and noise decays as Sig nal-tO-nOise l

states with different mass gaps

N
C(t) = (0)01(0)) === Ze Meignart Mg B (XN
107 T ;:0—2_
10 |
— 10— ,
S 2 4 6 8 10 12 14
O
noise ~ (|OB)ON(O)2) — [CH)[? = 7~ Maowet
10"
CITOr [C(t)] t> (AE)™! €tA
C'(t) V' Neont 0 20 40 60 80 100 120
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Linearised flow maps l

“‘curve” of prob. measures passing for rat e = 0

ng | _
d€ | V (qgf) =2

describes the evolution of “shifting”
probability r along the vector field f

natural notion of ..what about length?

“tangent vector” HTHQ X (F, f)
- ,

hQTC



..what about length?

Linearised flow maps l

Wasserstein geometry a-la Benamou-Brenier

“Minimum kinetic energy

H ' HLQ needed to transport r into p
along a mass-conserving flow”

Stein-geometry

|17 =A(Tr)")r o Il Jcas

hQTC



— (wOy)s =(0)s +eC(t)+... Correlators via reweigthing l

I | ® 2pts
15 —w, 10" [®
10 ] . S
5 | gl F'WIW WM | ‘. ‘.
S O ‘ \ \
_5 | | | | | “ !E ®
—~ ()
—10 | * = (]
-1 | [)
15 | Z 107 EE
| | | O ¢
0 2500 5000 7500 100( E B f
tMC’ o7 .i
Solution: find sample Eransformation 107 | |
that renders the w conskant!
5 10 15 20 25 30

6 — d=0p+ef
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— qi) N (2___£;

Configurations

e~ (5—J00)

Target distribution

Transform samples before reweigthing

b — ¢=0+ef

Scalar free theory:

1 0(p)

¢p%§,§p:¢pl

SDU<

E
2ﬁ2_|_m2

Improved reweigthing l

Wy
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b

2500 5000 7500 100(

10" ® 2pts :
A analyticalP
» =
SATR s ¥
= 2 4 O
Mot
el Tl
0 10 20 30



— b~ e —(5—J0y) Improved reweigthing l

Configurations Target distribution

Transform samples before reweigthing
O — @ =0+cf reweight with...

w = exp - S;lo] + S[g] + log |1 —|—8Jf|_

Scalar {ree interacting theory:
1 4(p
2 p? + My (o)

R

Renormalised mass

SDU & hQTC
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_ Target distribution Linearised flow maps l

P

1609) = KL (glp) =

Infinitesimal transport ~ \

6 — & +efo(0)

r(6)

Base distribution

SDU & hQTC



_ Target distribution Linearised flow maps l

P

qo (¢) _ r base-target KL divergence
. KL(gllp) = (loa )
i g<f -V log f> Score-mismatch or
Infinitesimal transport ‘}‘ p Stein's discrepancy
¢ — &+ efo(0)
2

r( 5 (((726)°) + (FHios 3 1))

Base distribution

Riemannian “length” of f Curvature instabilities
iNn Stein’s geometry (Hessian mismatch)

SDU & Tof =V -f+flogr hQTC



_ Target distribution Linearised flow maps l

S — 800
16 (¢) — " base-target KL diver
KL(q|p) = <log 1_9> get KL cvergencs
i g<f -V log f> Score-mismatch or
Infinitesimal transport \ D Stein'’s discre/oancy
¢ — ¢+ efo(o)
2

S () + (s )

Base distribution

Riemannian “length” of f Curvature instabilities
iNn Stein’s geometry (Hessian mismatch)

SDU-& T.f=V-f-f-VS hQTC



— f(¢) — v¢§0 2410.02711 Feynman'KaC fOI‘mu|a l

Integrate Langevin dynamics

O _ -
S starting from 7, —
o) = [ drE[oulz,) - (00)] 20 = ¢ ringfrom Zo = ¢
0 - ] 10
E; z ,,,,,,,,,,, L R TN N R N A W LA Y
5 vy" |
Expectation value over walkers A
Integrate in stochastic time (average over Brownian noise) % m w @

15 7

175 ¢

150 |
195 | | 10 k
S- 100 | ]
D 1 5
.| : gL
T T iy !m ml‘ Wm
t —5 1

—10 t

A0 Z,)

B EAO|Z,]]

~15 ! - - - -
0 10 20 30 40 50
¢
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https://arxiv.org/abs/2410.02711

— f(¢) — V¢Sﬁ 2410.02711 Feynman-KaC fOI‘mLI|a l

0O i - SDEsolve (..) forward to obtain
F(6)=Vs [ drE[OulZ,) - (00)|20 = 6 :
0 B0 T] — / dr Oy[Z,]
0
Swap gradient and noise average Backprop to get Vzogﬁ[O’T] or save “every”

i 00 7 intermediate Z, and solve adj. backwarad
VQO — E V/ dT O() [Z7-|Z() — ¢]
i 0 i

dA -
Ir — _HS[Zt—T]AT + 5.230,0 Ag =0
f — hm o, [AT(¢)] Works, but reproduce same hessian
T'— o0 instabilities of HAD!

SDU & hQTC


https://arxiv.org/abs/2410.02711

— Thanks for the attention! l

- . |Catumba, Ramos] - "Stochastic automatic differentiation and the signal to noise
problem” Eur.Phys.J.C 85 (2025)

ili [Liu, Wang] - "Stein variational gradient descent: A general purpose bayesian inference
algorithm” NeurlPS 29 (2016)

\Ii [ Albergo, Kanwar] - “A Monte Carlo estimator of flow fields for sampling and noise
problems”, PoS Lattice 2025

[Albergo, Eiinden] - “NETS: A Non-Equilibrium Transport Sampler”, e-Print: 2410.02711

N
.|I [Butti, Catumba, Nada, Spatscheck] - in preparation
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— Maximally coupled noise l

e conf #1
e cONT #30
9 | e conf #4522 |
e CONT #7290
O 1 _
S ”\w \“ |
0 | w\ v (AN W

0 5 10 15 20 25
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— Feynman-Kac formula l

Free-field theory check S = 0K ¢

o0 _ _ Langevin dynamics = Ornstein-Uhlenbeck process
o(6) = [ ArE[0olz,] ~ (00|20 = & (2,120 = 6] = K
0 _ ] Feynman-Kac formula gives the O-mom propagator
p=> K¢ f=Ve=)» K
Langevin evolution makes the integrand z z

to converge to zero exponentially in ©

15 . . . . Define Langevin autocorrelation function

5 : D(r) = (A0 [Z,]A0, [ZO]>ZONT
gz ) M‘“r W“h ‘m' WM Green-Kubo relation:
<

(pAQy) = —/ dr I'(7)
TN 0
0 16 2IO 3I0 4IO 50

SDU-& t hQTC




OO [ZT] o <OO>

Select one sample ¢p. Compute HMC force V §

Zoy = ¢

Integrate Langevin trajectory (EM scheme, with dt and T)

generate Gaussian noise upfront. eps = randn(T//dt*size(d))

initial config:

repeat:

Repeat for Nw walkers

Z[0].= ¢
Z[t+1] = Z[t] - VS*dt + sqgrt(2*dt) *eps|[t]

Compute integral (correlated cumulative sumin [0,T])

Compute the gradient wrt the original conf

Repeat for all confgurations

SDU<

Feynman-Kac:
numerical implementation

hQTC



> I - Feynman-Kac:
T p(P) = drE|Oo|Z;] — (Op)|Zo = ¢ numerical implementation l

O - -
15 |
Select one sample ¢p. Compute HMC force V § o
Integrate Langevin trajectory (EM scheme, with dt and T) 5
S I
generate Gaussian noise upfront. eps = randn(T//dt*size(d)) QO O [ ‘ |1 "1' ““““ il "‘" |
initial config: Z[0].= ¢ < Y
repeat: Z[t+1] = Z[t] - VS*dt + sqgrt(2*dt)*eps[t]
_]_O i
Repeat for Nw walkers —1o 0 20 30 10 =0
t
Compute integral (correlated cumulative sumin [0,T1])
Compute the gradient wrt the original conf
Repeat for all confgurations T

SDU & hQTC



> I - Feynman-Kac:
@(Qb) — dr [E OO[ZT] — <OO> Zo = ¢ numerical implementation l
O - -

Select one sample ¢p. Compute HMC force V § o
Integrate Langevin trajectory (EM scheme, with dt and T) 5 |
g I i
generate Gaussian noise upfront. eps = randn(T//dt*size(d)) QO O 1 e I ' il "1' ““““ v 1
initial config: Z[0].= ¢ < Y
repeat: Z[t+1] = Z[t] - VS*dt + sqgrt(2*dt)*eps[t]
_10 i
Repeat for Nw walkers 1 0 20 - 10 =0
t
Compute integral (correlated cumulative sumin [0,T1])
Compute the gradient wrt the original conf
Repeat for all confgurations T

SDU & hQTC



O -

dr E O()[ZT] — <O()> o = ¢

O - -

p(P) =

Select one sample ¢p. Compute HMC force V §

Integrate Langevin trajectory (EM scheme, with dt and T)

generate Gaussian noise upfront. eps = randn(T//dt*size(d))

Z[0].= ¢
Z[t+1] = Z[t]

initial config:

repeat: - VS*dt + sqrt(2*dt) *eps|[t]

Repeat for Nw walkers

Compute integral (correlated cumulative sumin [0,T])

Compute the gradient wrt the original conf

Repeat for all confgurations

SDU<

Feynman-Kac:
numerical implementation

“h A “‘
MY
BCLAO|Z,]
0 10 20 t 30 40 50
T
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O -

— p(P) = drE|Oo|Z;] — (Oo)|Zo = ¢

O - -

Select one sample ¢p. Compute HMC force V §

Integrate Langevin trajectory (EM scheme, with dt and T)

generate Gaussian noise upfront. eps = randn(T//dt*size(d))
initial config: Z[0] .= ¢
repeat: Z[t+1] = Z[t] - VS*dt + sqrt(2*dt)*eps|[t]

Repeat for Nw walkers

Compute integral (correlated cumulative sumin [0,T])

Compute the gradient wrt the original conf

Repeat for all confgurations

SDU<

_]_O i

175 ¢
150 t
125 t
S- 100 ¢
75t
50 ¢
25

Feynman-Kac:
numerical implementation

BREAO[Z,]]

kwﬂh 4 “‘ ‘
MBI

0 10 20

40 50

hQTC



¢ i ; Feynman-Kac:

T g&(@ — dr £ OO[ZT] — <OO> Zo = ¢ numerical implementation l

O - -
_ . _
Select one sample ¢p. Compute HMC force V § f(¢)=E|V / dt Og|Z;)
J 0
Integrate Langevin trajectory (EM scheme, with dt and T) (0.
generate Gaussian noise upfront. eps = randn(T//dt*size(d)) 1
initial config: Z[0].= ¢, int=0. |
repeat: Z[t+1] = Z[t] - VS*dt + sqgrt(2*dt)*eps[t] o1 —[E[VOO[Zt” |
accumulate: int += volume sum(Z[t+1]) ;l
"0 50 '
A . 100 150
Compute qn[O’T] for single walker
ATO.T s 80 f
Compute gradient qu[ I for 4 single walker 60 |
o —ve(e")|
Repeat for Nw walkers with coupled noise 2010 | | i |
0 50 100 150

Repeat for all confgurations

SDU & hQTC



— (forward) Automatic Differentiation l

(9() 0 = (9 + &£
l l hard-code
f f e” =0
| .
f(0o) f(0)= 1) + e )
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— (forward) Automatic Differentiation l

1.0 Series((1., 1.))
l Overloaded for l
Series types
S1n sin
0 84147 Series((0.84147, 0.54030))

SDU & hQTC



(forward) Automatic Differentiation l

MCMC samples with Sﬁ

~S

(D) s, {9} 3’ B'=pPo+e¢
weights weights
w = QSBO_SB’ 635_35:1+(...)5
0y, = WO O, L g
bl = <w>60 <€ Bo — B’> ds B=4,



— (forward) Automatic Differentiation l

MCMC samples with S

~S

(0), 19} l] J = ? +e
weights weights
w = e~ (57I9) e” 7 =14 (...)e
- (wO) (e” 727 0) B d
O = (w) (e5=57) O)+ “dJ J:O<O>

SDU & hQTC



— .—S o—S+J¢ Stochastic (H)AD l

Base dlS’[I‘IbU’[lOﬂ Target dlS’[I’lbU’[lOﬂ [Catumba, Ramos] - Eur.Phys.J.C 85 (2025) 9, 1037
[Catumba, Ramos, Zaldivar] - Comput.Phys.Commun. 307 (2025) 109396
3 . - 2 _— S °
9 247 x 128, m” = — 0.020815, A = 0.025 O Promote also fields and momenta to
2 — point formal series
HAD
037 ¢ — ¢+e¢ ™ — T +E&
= O Integrate HMC equations order by order
S 0.2 D
A da s 4 4 4 A A 4244 5AABREa A A AAAGDAAAAAAAAAAAAALAA ¢&-~ - — 8Sj
oo
0.1} ,
O Samples now contains the dependence
| on the source
0 10 20 30 40

z,/a QE — ¢7- + ¢$_1)5

[Catumba, Ramos] - Eur.Phys.J.C 85 (2025) 9, 1037

...but exact convergence

SDU-<~ only for 0>S > 0 theories hQTC



o Extend parameters to power series at O (")

T = $0—|—331€—|—332€2

O Hard-code every elementary operation

77 = woyo + (Toy1 + T1Y0)€ + (Toye + T1Y2 + T2y0)E”
2

exp@%)::exo—%eﬁoxls—%exo(%§-+—x2>62

sin(z) = ...

O Exact derivatives of any function f at x;, are
given by Taylor’s theorem

F(wo +€) = f(0) + f'(z0)e + -

5 f//(ZUo)EQ

SDU<

Automatic Differentiation l

julia> using FormalSeries
julia> f(x) = 1/(1-x)

julia> f(@.)
1.0

julia> X = Series((1., 1.))
Series{Float64,2}((1.0,1.0))

julia> f(X)
Series{Float64,2}((1.0,1.0))

hQTC



— T’q_tz'bi;@) Linearised flow l
€

for a generic f O — <O>r,~ — _ﬁf + 0,

(KL not minimal)

Var,[O] = (T f)*) + Var,[O]

Infinitesimal transport

¢ — ¢+ efo(0)

Geometric noise .
S Parisi-Lepage

€

Base distribution

SDU & hQTC




— T’q_tz'bi;(,)) Linearised flow l
€

KL(¢.||p)) = ( 2 (T f)?] — EdIf - vm)ez

Infinitesimal transport

¢ — ¢+ efo(0)

) — <O>r _ _ﬁf Stein-Poisson equation

for optimal transport

/i
i

Base distribution = V&I’r[@] __ <(7;°f)2>
SDU< hQTC




