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dX; = —VH(X;)dt + v/2e dW,

Fokker-Planck evolution of law X; = o
0ror =V - (Vo + 0:VH)

Gibbs measure pu(dx) = Ziu exp (—4) dx,
where  Z, = [exp (—2) dx

Generator evolution of fy = o/
Otfy = Lfy := eAfy — VH - Vf,.

André Schlichting (IAM Bonn) Optimal Pl and LSI

SRS,

"1 11} |
universititbonnl  iam

April 12, 2013

2/ 24



|ntrod uction umversitétm !z!!r! |

Overdamped Langevin dynamics R

Hamiltonian H : R" — R energy landscape

Dynamic at temperature £ < 1
dX; = —VH(X;)dt + v/2e dW,

Fokker-Planck evolution of law X; = o
0ror =V - (Vo + 0:VH)

Gibbs measure pu(dx) = Ziu exp (—4) dx,
where  Z, = [exp (—2) dx

Generator evolution of fy = o/
Otfy = Lfy := eAfy — VH - Vf,.

Dirichlet form E(f) := [(—Lf)f du
= [|VFf[dp.
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Poincaré and logarithmic Sobolev inequality A

Definition
u satisfies the Poincaré inequality Pl(p) if Vf : R" - R

var,(f) ::/f2_ (/ fd,u)zdug $/|Vf|2 dp. PI(0)
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Definition
u satisfies the Poincaré inequality Pl(p) if Vf : R" - R

var,(f) ::/f2_ (/ fd,u)zdug £/|Vf|2 dp. PI(0)

and the logarithmic Sobolev inequality LSI(«) if Vf : R" = R

f 1 fI?
Ent,(f) := / f log ffdud'u < o |V2f| dp. LSI(«)
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Poincaré and logarithmic Sobolev inequality A

Definition
w satisfies the Poincaré inequality Pl(p) if Vf : R” - R

var,(f) ::/fz— (/ fd,u)zduﬁ %/|Vf|2du. Pl(o)

and the logarithmic Sobolev inequality LSI(«a) if VF : R" —» R

Ent,(f?) ::/f2 Iogffzd du < /|Vf| du LSI(c)

Pl(0) and LSI(«) imply exponential convergence to p:

Pl(o) = var,(fy) < var,(fy)e 2t
LSI(a) = Ent,(f;) < Ent,(fo)e 2"
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Goal: Optimal constants in Pl and LSI - J!HIJ]

Accurate estimates of ¢ and « in the regime ¢ < 1:
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Goal: Optimal constants in Pl and LSI e W]

Accurate estimates of ¢ and « in the regime ¢ < 1:

0=Cye)e T (1+0(1)) and &= Ca(e)e = (1+0(1)).
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Heu ristics umversitétm |Ial!r! |

dX; = —VH(X;) dt + V22 dW,

e particle follows —VH as long as [VH| ~ 1
@ noise is dominant, if |[VH| < /e
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Figure : Trajectory for e = 0.4
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Figure : Trajectory for e = 0.2
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Figure : Trajectory for e = 0.1
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Figure : Trajectory for e = 0.05 (red £ = 0)
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Two scales by decomposition a la [GOVWO09]* st |

The partition [#; Q; = R" is called admissible for p if:
(i) For each local minimum m; € M exists Q; € Paq with m; € Q;
(i) The partition sum of each Q; is approximately Gaussian
(2me)2
Q))Z, = —F—————=exp
M) = R )
Restricted measures: u; = uL;, i =0,1.

Macroscopic measures fi on {0,1}:
= Zyoo + Z101.

Mixture representation:
= Zopg + Z1u1 with Z; := ,u(Q,-).

IN. Grunewald, F. Otto, C. Villani, and M. G. Westdickenberg, A’ two-scale approachto
logarithmic Sobolev inequalities and the hydrodynamic limit, Annales de I'Institut Henri
Poincaré, Probabilités et Statistiques, 45:2, 2009.
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Spllttlng universitétﬂ !;!!!l
Ideas motivated from [CM10]?

var,(f) = Zovar,,(f) + Zivar, () + 2021 (Eo(f) — By (£))?

local variances mean-difference

local entropies macroscopic entropy

~

Ent,, (%) = Zo Ent,,(f?) + Z1 Ent,, (%) + Entz (E,., (F?))

2D. Chafai and F. Malrieu, On fine properties of mixtures with respect to
concentration of measure and Sobolev type inequalities, Annales de I'Institut Henri
Poincaré, Probabilités et Statistiques, 46:1, 2010.
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local entropies

Ent,(f?) < Zo Ent,o(f?) + Z1 Ent,, (F%) +

2074
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Spllttlng un‘wersitétﬂ |;!rlr!|
Ideas motivated from [CM10]?

var,(f) = Zovar,,(f) + Zivar, () + 2021 (Eo(f) — By (£))?

local variances mean-difference

local entropies

Ent,(f?) < Zo Ent,o(f?) + Z1 Ent,, (F%) +

2074
+ m (vamo(f) + vary, (f) + (B, (f) — Em(f))z) ’

where A(Zy, Z1) = % is the logarithmic mean.

Expect from heuristics:
@ good estimate for local variances/entropies

@ exponential estimate for mean-difference

2D. Chafai and F. Malrieu, On fine properties of mixtures with respect to
concentration of measure and Sobolev type inequalities, Annales de I'Institut Henri
Poincaré, Probabilités et Statistiques, 46:1, 2010.
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Main results

universitét!nn |aIrIT!|
Theorem (Local Pl and LSI)

There exists an admissible partition #); Q2; = R" such that each local
measure p; = pL$Q; satisfies Pl(0joc) and LSI(ajoc) with

Q;)i_ (5) and aloc O(l)
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Main results

umversitétbonnl

Theorem (Local Pl and LSI)

There exists an admissible partition #); Q2; = R" such that each local
measure p; = pL$Q; satisfies Pl(0joc) and LSI(ajoc) with

Q;)i‘_ (6) and aloc O(]')

iam

@ Pl is as good as for convex potential
@ Non-convexity of potential worsens LSI

@ Both results scale optimal in one dimension

Theorem (Mean-difference estimate)

Z 2 det V2H
(Byof — By f) 5 2y MoV ALV )

6_1H(50,]_) 2
o)} A (V2H(s01)  © / IV dp

“<": up to multiplicative error 1 + o(1) ase — 0
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Eyring-Kramers formula wiesisonn Wl

Corollary
The measure yu satisfies P1(o) and LSI(«) with

1 Z, 2mey/|det V2H(sp1)| Heoa) 2 1
-~ 20 ——e ¢ and —~-—"————.
o "Mare)E IV (V2H(s00)) o NZo,Z1) 0
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Eyring-Kramers formula wiesisonn Wl

Corollary
The measure yu satisfies P1(o) and LSI(«) with

1

1 Z, 2me \det V2H(50’1)’ e"’(so,l)
NZo, Z1) o

— =~ ZyZ =
o ore)d A (V2H(s01))]

2
and — =~
«o

Asymptotic evaluation of the factor A(Zy, Z1) for two special cases:

H(m0)<H(m1): 2%%<H(ml);H(m0)+log <:_(i>> :O(E_l)
. 0 N /io-i-fil
H(mo) = H(m): ° = m = 0(1),

where r; := \/det V2H(m;).
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Proof: Local Pl and LSI — AN

iam

Theorem (Local Pl and LSI)

There exists an admissible partition |#; Q; = R" such that each local
measure p; = u$Q; satisfies P1(0joc) and LSI(ajoc) with

Q;’i— O(e) and oz,oc O(1).
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There exists an admissible partition |#; Q; = R" such that each local
measure p; = u$Q; satisfies P1(0joc) and LSI(ajoc) with

Q;}:— O(e) and a,oc O(1).

@ lack of convexity of H on Q
= rules out Bakry-Emery criterion
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Theorem (Local Pl and LSI)
There exists an admissible partition |#; Q; = R" such that each local

measure p; = u$Q; satisfies P1(0joc) and LSI(ajoc) with

Ok =0(e) and apl=0(1).

C

@ lack of convexity of H on Q
= rules out Bakry-Emery criterion

@ non-exponential behavior of constants
= rules out Holley-Stroock perturbation principle
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Proof: Local Pl and LSI — AN

Theorem (Local Pl and LSI)

There exists an admissible partition |#; Q; = R" such that each local
measure p; = u$Q; satisfies P1(0joc) and LSI(ajoc) with

Q;i = 0(e) and a;l = 0(1).

C

@ lack of convexity of H on 2
= rules out Bakry-Emery criterion

@ non-exponential behavior of constants
= rules out Holley-Stroock perturbation principle

@ optimality available in one dimension
= Muckenhoupt and Bobkov/Gotze functional
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Proof: Local Pl and LS| via Lyapunov condition st ol
Technique developed by Bakry, Barthe, Cattiaux, Guillin, Wang and Wu 2008—-

Definition (Lyapunov condition on domains)

L satisfies a Lyapunov condition with constants A, b > 0 and some U C Q,
if there exists a Lyapunov function W : Q — [1, co) satisfying

LW

— L = 1y.
WS A+ bly

and Neumann boundary condition on €, such that integration by parts

holds
/f(—LW) d,uzs/ (VF, VW) dp.
Q Q
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Proof: Local Pl and LS| via Lyapunov condition st ol

Technique developed by Bakry, Barthe, Cattiaux, Guillin, Wang and Wu 2008—-

Definition (Lyapunov condition on domains)

L satisfies a Lyapunov condition with constants A, b > 0 and some U C Q,
if there exists a Lyapunov function W : Q — [1, co) satisfying

LW
— L = 1y.
WS A+ bly

and Neumann boundary condition on €, such that integration by parts

holds
/f(—LW) d,uzz’:‘/ (VF, VW) dp.
Q Q

Theorem ([BBCGO8])

Suppose L satisfies a Lyapunov condition and u_U satisfies Pl(oy), then p
satisfies Pl(p) with A

>
L= b+ oy

ou

v
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Proof: Local Pl and LSI A

Proof: Lyapunov = PI(p)
Integration by parts of W wrt. to L yields

—LW) f2
P W) :/ V—, VW
/Q cw Q< w’ >d“

f F2IVW)

f 2
:/ |Vf|2du—/ ‘w-va .
Q Q

iam
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Proof: Local Pl and LSI — A N

Proof: Lyapunov = PI(p)
Integration by parts of W wrt. to L yields

_LW) f2
P W), :/ —, VW )d
/Q cw M= A\ Vi VW) du
f VW
:2/—(Vf,VW>du—/Ldu
oW Q

W2
< / IVF|? du
Q

The Lyapunov conditions ensures 1 < < )\EW A b]lU:

iam
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Proof: Local Pl and LSI — A N

Proof: Lyapunov = PI(p)
Integration by parts of W wrt. to L yields

_LW) f2
P W), :/ —, VW )d
/Q cw M= A\ Vi VW) du
f VW
:2/—(Vf,VW>du—/Ldu
oW Q

W2
< / IVF|? du
Q

The Lyapunov conditions ensures 1 < < )@W A b]lU:

var,(f) = /Q(f—?)%m

iam
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Proof: Local Pl and LSI — A N

Proof: Lyapunov = PI(p)
Integration by parts of W wrt. to L yields

_LW) f2
P W), :/ —, VW )d
/Q cw M= A\ Vi VW) du
f VW
:2/—(Vf,VW>du—/Ldu
oW Q

W2
< / IVF|? du
Q

The Lyapunov conditions ensures 1 < < )@W A b]lU:

var,(f) < /Q(f — fu)?dp

iam
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Proof: Local Pl and LSI A

Proof: Lyapunov = PI(p)
Integration by parts of W wrt. to L yields

_LW) f2
P W), :/ —, VW )d
/Q cw M= A\ Vi VW) du
f VW
:2/—(Vf,VW>du—/Ldu
oW Q

W2
< / IVF|? du
Q
The Lyapunov conditions ensures 1 < — AaW 1z o b]lU:

var,(f) < /(f—fU du</(f—fu —d £ /(f—fu

iam

v
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Proof: Local Pl and LSI A

Proof: Lyapunov = PI(p)
Integration by parts of W wrt. to L yields

_LW) f2
P W), :/ —, VW )d
/Q cw M= A\ Vi VW) du
f VW
:2/—(Vf,VW>du—/Ldu
oW Q

W2
< [ IvePdu
Q
The Lyapunov conditions ensures 1 < — AaW 1z o b]lU:

var,(f) < /(f—fU d#</(f—fu —d £ /(f—fu

< — Vfd—l——/Vfd.
A/Qr Pt 5o [ VAP

iam

v
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Proof: Local Pl and LSl o) W]

Lyapunov function

@ Task: Find a function W : Q — [1,00) such that

Lw
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Proof: Local Pl and LSI — AN

Lyapunov function
@ Task: Find a function W : Q — [1,00) such that

LW
w S ATb s, m)

o Ansatz W = exp (2—'1) where H is an e-perturbation of H

1 -~ 1. _-
= -AH - —|VH|?
2 4€| ’

S
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Proof: Local Pl and LSI — AN

Lyapunov function
@ Task: Find a function W : Q — [1,00) such that

LW
w S ATb s, m)

o Ansatz W = exp (2—'1) where H is an e-perturbation of H

EN l|V/E/y2 <)
2 4e -

S
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Proof: Local Pl and LSI — AN

Lyapunov function
@ Task: Find a function W : Q — [1,00) such that

Lw

SRS

@ Ansatz W = exp ( ) where H is an e-perturbation of H

w 1 . 1 _ .~ !
—— = ZAH— —|VH]? < =\,
w 2 4EW’— A

> if x is \/2-away from critical points: e~1|[VH(x)[> > 4\
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Proof: Local Pl and LSI — AN

Lyapunov function

@ Task: Find a function W : Q — [1,00) such that

Lw

l\JlIl

o Ansatz W = exp( ) where H is an e-perturbation of H

w 1 . 1 5!
—— = ~AH—- —|VH? < -\
w 2 4-6‘ "=
» if x is \/e-away from critical points: »3’1|VI:I(X)|2 >4\
» if x is \/e-nearby a critical point of index k >1

AHX) =X+ + A+ X+ + A +0(VE)

<0 >0
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Proof: Local Pl and LSI — AN

Lyapunov function

@ Task: Find a function W : Q — [1,00) such that

Lw

SRS

o Ansatz W = exp( ) where H is an e-perturbation of H

(w 1 . 1 _ .~
—— = ZAH— —|VH]? < =\,
1% 2 4€W ’ s-A

» if x is \/e-away from critical points: »3’1|VI:I(X)|2 >4\
» if x is \/e-nearby a critical point of index k >1
AHX) =X+ + A+ X+ + A +0(VE)

<0 >0

Can negative eigenvalues be enforced such that AH(x) < —2\?
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Proof: Local Pl and LSI — AN

Lyapunov function

@ Task: Find a function W : Q — [1,00) such that

Lw

SRS

o Ansatz W = exp( ) where H is an e-perturbation of H

(w 1 . 1 _ .~
—— = ZAH— —|VH]? < =\,
1% 2 4€W ’ s-A

» if x is \/e-away from critical points: »3’1|VI:I(X)|2 >4\
» if x is \/e-nearby a critical point of index k >1
AHX) =X+ + A+ X+ + A +0(VE)

<0 >0

Can negative eigenvalues be enforced such that AH(x) < —2A? YES!
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Proof: Local Pl and LSl o) W]

Construction of Lyapunov function

Figure : H around a saddle point
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Proof: Local Pl and LSI — AN

Construction of Lyapunov function

Figure : H around a saddle point Figure : H around a saddle point

H is quadratic perturbation of H in \/e-neighborhoods of critical points:

sup |H(x) — H(x)| = O(e).

X
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Proof: Mean-difference estimate st .a!!n',ﬂ

Goal: Find a good estimate for C in
(Eyo(r) ~ (£ < € [ 97
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Proof: Mean-difference estimate kW
Approximation step

iam

Goal: Find a good estimate for C in
(Eyo(f) ~ En(Nf < C [ 197 dp

Step 1: Approximate pg and pq by truncated Gaussians vy and vy:

m;).
: :

3

vi ~ N(mj,eX;) B z(m;) with T71 = V2H(

André Schlichting (IAM Bonn) Optimal Pl and LSI
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Proof: Mean-difference estimate kW

Approximation step

Goal: Find a good estimate for C in
(Byo(F) ~ En(F)? < € [ 97 .

Step 1. Approximate pg and py by truncated Gaussians vg and v;:

vi ~ N(mi,eZj)LB z(m;) with £;1: VZH( )-

Introduce 1y and 11 as coupling: @

(Buof — By f)? < (1+7) (Euof E,f)?
transport argument
21+77Y) > (Byf — By, f)>?
i={0,1} approximation bound

Approximation

bound follows from local Pl and local LSI.
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Proof: Mean-difference estimate kW

Transport interpolation
Goal: Find a good estimate for C in
(Eun(F) ~ Bu(F)* < € [ 972

Step 2: Transport (®5 € Diff(R",R"))s¢0,1) interpolating (®s)sr0 = vs
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Proof: Mean-difference estimate —.4

Transport interpolation
Goal: Find a good estimate for C in
(Eun(F) ~ Bu(F)* < € [ 972

Step 2: Transport (®5 € Diff(R",R"))s¢0,1) interpolating (®s)sr0 = vs

(Jroo [ran) = ([ [ Lisoo dsdyo)zz
:(/O /1<d>s,wo¢s>dyods) |
=(/</0 <bso¢;1(:i—]:ds,Vf>du>

L. 1 dvs 2 2
< b0 P ds| du |VF=du
0 du
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Proof: Mean-difference estimate wiesisonn Wl
Sideremark: Weighted transport distance

Definition
For vp, 1 < i define the weighted transport distance by

2

T2(1 y)—inf//ldD od)_l%ds d
n 0,V1) — 0 s s d/,L 122

{®s}

(®s)sefo,1] is absolutely continuous in s: (s)sr0 = vs.
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Proof: Mean-difference estimate ivesison |
Sideremark: Weighted transport distance

Definition
For vp, 1 < i define the weighted transport distance by

2

1 .
[ b00 i—” ds| dp.

vp,v1) = inf
T (vo,v1) = .

{&s}

(®s)sefo,1] is absolutely continuous in s: (s)sr0 = vs.

iam

Mean-difference revisited: Identify [ |Vf|*du = |yf\|§1(u), then

</fdz/o—/fdu1> (i1 o—,,l’f>H1(u))2

7; (VOa Vl) HfHHl(M)

Indeed, it holds: Tlf(uo,yl) = |jvy — 1/1”%_1_1(H).
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Proof: Mean-difference estimate e .amﬂ
Construction of transport interpolation

Step 3: Ansatz & such that vs = (®s)sr0 = N (s, Zs)L B, z(7s)

(]Ellof - EVl f)z 5
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Construction of transport interpolation

Step 3: Ansatz & such that vs = (®s)sr0 = N (s, Zs)L B, z(7s)

(1) optimize v

(]Ellof - EVl f)z 5

André Schlichting (IAM Bonn) Optimal Pl and LSI




Proof: Mean-difference estimate e i'!!n'ﬂ
Construction of transport interpolation

Step 3: Ansatz @, such that vs = (®s)sr0 = N (s, ZS)I_B\/E(’YS)

(1) optimize v = passage of saddle v+ = sp1

(Euof — Eu )2 < —2 o HH(s0) / VA du.

André Schlichting (IAM Bonn) Optimal Pl and LSI




Proof: Mean-difference estimate e i'!!n'ﬂ
Construction of transport interpolation

Step 3: Ansatz @, such that vs = (®s)sr0 = N (s, ZS)LB\/&;(%)

(1) optimize v = passage of saddle v+ = sp1

(2) optimize A

(Euof — By f)? < 2 o HH(s0) / VA du.

André Schlichting (IAM Bonn) Optimal Pl and LSI




Proof: Mean-difference estimate e i'!!n'ﬂ
Construction of transport interpolation

Step 3: Ansatz @, such that vs = (®s)sr0 = N (s, ZS)LB\/&;(%)

(1) optimize v = passage of saddle v+ = sp1

(2) optimize 4.« = direction of eigenvector to A~ (V?H(sp 1))

E, f — By f)? < es—lH(so,l)/ V|2 dy.
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Proof: Mean-difference estimate e i'!!n[ﬂ
Construction of transport interpolation

Step 3: Ansatz @, such that vs = (®s)sr0 = N (s, ZS)LB\@(%)

(1) optimize v = passage of saddle v+ = sp1

(2) optimize 4.« = direction of eigenvector to A~ (V?H(sp 1))

(3) optimize ¥+

*Qo 9]

Z 2me 1
. 2 < 1 £ H(Soyl) 2
(Euyf — By, )2 < e / V2 dp.
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Proof: Mean-difference estimate sz
Construction of transport interpolation

Step 3: Ansatz @, such that vs = (®s)sr0 = N (s, ZS)LB\@(%)

(1) optimize v = passage of saddle v+ = sp1

(2) optimize 4.« = direction of eigenvector to A~ (V?H(sp1))

(3) optimize X« = ¥ ' = V2H(sp 1) on stable manifold of sp1

: Qo Q1

I

/ 2
(Eyof—Eylf)z 5 ZN 2me \detV H(So,l)‘ eE_IH(SOVI)/|Vf|2dM,

2me)2 A (V2H(s0,1))
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Proof: Mean-difference estimate sz
Construction of transport interpolation

Step 3: Ansatz @, such that vs = (®s)sr0 = N (s, ZS)LB\/E(’}/S)

(1) optimize v = passage of saddle v+ = sp1

(2) optimize 4.« = direction of eigenvector to A~ (V?H(sp 1))

(3) optimize X« = Y-} = V2H(sp 1) on stable manifold of sp 1

: Qo Q1

-15 -1.0 -0.5 0.0 : 0.5 1.0 15

iam

2
(Enf — By f)? 5 2ty TV H 0] oty / VP dp.

2me)2 A (V2H(s0,1))|
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@ Description and Question
© Main results

© Sketch of the Proofs
@ Local Pl and LSI
@ Mean-difference estimate

e Application to entropic switching
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Application to entropic switching et la!!r!J’l

Investigation of specific energy landscape:

.
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Investigation of specific energy landscape:

Features:

@ two global minima a, b
@ additional local minimum ¢

@ saddle points s, p, Sac, Sc,b

degenerated:

|H(Ss,6) — H(Sa,c)| = 9 small
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Application to entropic switching - i'!!n'ﬂ

Investigation of specific energy landscape:

Features:

@ two global minima a, b
@ additional local minimum ¢

@ saddle points s, p, Sac, Sc,b

degenerated:

|H(Ss,6) — H(Sa,c)| = 9 small

two small parameters: € and §
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Fluxes and reaction rates sz i'!!n'ﬂ

Interpretation as chemical reactions

o A= {|x —a| < r} reactant
e B={|x—a| <r} product
o C = {|x — a|] < r} intermediate product

What are typical reaction rates and paths?

-5 <10 05 00 05 10 15
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Fluxes and reaction rates kW

Interpretation as chemical reactions

o A= {|x —a| < r} reactant
e B={|x—a| <r} product
o C = {|x — a|] < r} intermediate product

What are typical reaction rates and paths?

How to define the reaction rate?
Steady state with inflow of reactants and outflow of products:

LhA’BZO in (AUB)C and hA,B:]IA in AU B.
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Fluxes and reaction rates kW

Interpretation as chemical reactions

o A= {|x —a| < r} reactant
e B={|x—a| <r} product
o C = {|x — a|] < r} intermediate product

What are typical reaction rates and paths?

How to define the reaction rate?
Steady state with inflow of reactants and outflow of products:

LhA’BZO in (AUB)C and hA,B:]IA in AU B.

Definition (Reaction rate)

kA,B = €/|JA,B|2dﬂ: E/|VhA,B|2d,u.
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Entropic switching st |

Numerics: P. Metzner, C. Schiitte and E. Vanden-Eijnden 2006 [MSVE06]

7\

® O
_—=

115 " 105 0 05 1 15

very low temperature ¢ < 9 Vs. low temperature € =~ §

[MSVEO06] P. Metzner, C. Schiitte, and E. Vanden-Eijnden, lllustration of transition path

theory on a collection of simple examples. The Journal of chemical physics, 125:8, 2006.
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Connection to electrical networks st Ie!!r!J’l

series and parallel law

@ minima become nodes
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Connection to electrical networks st .a!!n',ﬂ

series and parallel law

@ minima become nodes
i @ saddles become resistors

@ boundary condition
becomes voltage source
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Connection to electrical networks ' '",ﬂ

umversdat iam
series and parallel law
— —
LTI @ LTI
Rac  C Rcs
A B
= @ 1 o
RaB
+|
I 1
' . _ voltage
Ohm's law: total current = ===
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Connection to electrical networks kW

series and parallel law

? ™ e
5 e

.-

! . _ voltage
% Ohm'’s law: total current = e
L5

-15  -10  -05 0.0 05 1.0

series and parallel law
The total resistance R between A and B of the network satisfies

1 1 1

S =+
R Rap  Rac+ Rcs
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Connection to electrical networks kW

series and parallel law

1 ‘ 1
| S| | S|
o Rac C Rcs
1.0 A B
= @ ] ®
" Rag
0.0 + I 1

voltage

1 . _
Ohm'’s law: total current = Total resictance

series and parallel law
The total resistance R between A and B of the network satisfies

1 1 1 Ohm

S =+
R Rap  Rac+ Rcs

A,B-
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Result and comparison with numerical data wiesisonn Wl
Identification can be justified using the weighted transport distance

Series and parallel law for transport cost
1 1 1

~
~

~ + ,
® T2 A uwB)  Tag  Tac+ Tcs

ka
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Result and comparison with numerical data 4

Identification can be justified using the weighted transport distance

Series and parallel law for transport cost
1 1 1

~
~

~ + ,
® T2 A uwB)  Tag  Tac+ Tcs

TAB = inf /
¢’€|_|(SAB)

M(sag): transport interpolations between ui A and p B across ssg.

ka

where

1 2
: dv
b od 7t == ds| du.
/0 s du ° o

iam |
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Result and comparison with numerical data 4

Identification can be justified using the weighted transport distance

Series and parallel law for transport cost
1 1 1

kag ~ = + ,
e T2 A uwB)  Tag  Tac+ Tcs

TAB = inf /
¢’€|_|(SAB)

M(sag): transport interpolations between ui A and p B across ssg.

where

1 2
: dv
b od 7t == ds| du.
/0 s du ° o

iam

e =0.15 e=20.6
[MSVEO06] TPT, flux 9.47 x 1078  1.912 x 1072
[MSVE06] TPT, commitor 9.22 x 1078  1.924 x 102
transport, numerical Z,, 9.33x 1078 1.926 x 1072
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@ Overdamped Langevin dynamics at low temperature
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S ummary universitét!nn LI!! |

Overdamped Langevin dynamics at low temperature

Partitions and splitting induced from dynamic (two scales)

Optimal constants in Pl and LSI follow from two ingredients:

» good local mixing
= Lyapunov technique handles non-convex situations

» sharp estimates of mean-difference
= transport representation of H~!-norm and optimization

Relation to electrical networks to estimate reaction rates

André Schlichting (IAM Bonn) Optimal Pl and LSI April 12, 2013 24 / 24



	Description and Question
	Main results
	Sketch of the Proofs
	Local PI and LSI
	Mean-difference estimate

	Application to entropic switching

