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Main question: How to sample from a distribution 7 know only up

to a normalising constant?

n(y) QXF.?{—U()/)}, U 35 [

Example I: Bayesian inference, Posterior distributions on the form

(¢) « my(S)L(Xy., | S),

with unlanowin normalising constant Z = Jﬂo(§)L(X1;n|5)d5~



Main question: How to sample from a distribution 7 know only up

to a normalising constant?

n(y) QXF.?{—U()/)}, U 35 [

Exam?i.e 11; Compu&aﬁonat ahemis&rv.. Compu&e Ekermodjnamit

proper&ies wikh respec& to the ¢ribbs weasure o« e V.

Source: Schwantes, Shukla, Pande
Bi,ophjsi,{:at Journal, 2016,




Main question: How to sample from a distribution 7 know only up

to a normalising constant?

n(y) QXF.?{—U()/)}, U 35 [

Example I11: Counting probL&msﬂ Determine the number of objects
in a large (finite) class that satisfy certain constraints.

Ex: Number of binary contingency tables with row and column
sums r = (1}, ...,1,) and €= (¢y,...,C)) . .
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Idea: Consktruck a Markov process with 7 as variant measure.
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to a normalising constant?
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Idea: Consktruck a Markov process with 7 as variant measure.

(Metropolis et al. 1963, Hastings 1970.)
IM{EMLE@.L:} many Fassibiu&es. How to choose?

Main hindrawnce: Poor communicakion / c:c;:-mptex enerqgy Lamds«r:apa.
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Idea: Consktruck a Markov process with 7 as variant measure.

(Metropolis et al. 1953, Hastings 1970.)

IM{EM&E@.L:-} many Fassibiu&es. How to choose?

Main hindrance: Poor communication / complex energy Landscape.
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Performance analysis of MCMC methods:

Q: How to analyse the eﬁiaiéhtv of MCMC methods?
Step 1: Ergodicity of the underlying process X = {X()} 5.

Bevomd ergod&ci&v, tools tnclude empirical observations, spectral
properﬁes ("2nd eigenvalue information”), &svmpwﬂc vartance and
functional iv\equau&i@.s (Poincaré, log-Sobolev).

In practice: approximation of 7 builk on the empirical wmeasure
P PP |

Under erqodicity 1y — .

Empirical measure large deviations: Relates directly to the
behaviour of 1y as T = co. So far (severely) underutilised.






Large deviakion yriv\ciyte:

A sequence {X,}, of random elements sa&is{v the Large deviation
?rim‘:i,?ie (LDP), with rate function I: L — [0,0], and s[ae.ed n it

1
— 1nf /(x) < lim inf —log P(X, € G°)
xeG”’ n n

| .
<lmsup—IlogP(X, € G) < — int I(x).
L n xeG
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X¢(1) = \/eB(t).
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Exam?w_: Schilders Eheorem

Consider scaled BM: {B(1)},cj0r standard BM in R%, B(0)=0, ¢ > 0,
X¢(1) = \/eB(t).

Q1: ‘Probabiti&v X¢ leaves D = {x € R? : ||x||* < 1} i [0,T]?

QR2: How does X¢ exik D?

Ans: {X€} .o sakisfies LDP with rate function

T

|
(p) = 5,[ [[@(s)|[°ds; @ € AC([0,T] : R?), ¢(0) = 0.
0
Qc:-ugkl.v: it i,
P(X® leaves D) = exp {—— inf{l(p) : @0) =0, 3z € [0,T] sk () €D} }

Solution ¢(s) = (C;s, Cys) where CZ+ C7 = 1/T?, Linear towrds oD,
reach ab T,



Example: Schilders theorem (contd)

Consider scaled BM: {B(1)},cj0r standard BM in R%, B(0)=0, ¢ > 0,
X¢(1) = \/eB(t).
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§ of 100K trajectories
e = 0.044
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Example: Schilders theorem (contd)

Consider scaled BM: {B(1)},cj0r standard BM in R%, B(0)=0, ¢ > 0,
X¢(1) = \/eB(t).

Ql: ‘Probo\biiaﬁj X¢ leaves D = {x € R? : || x| |2 <1} wn [0,T]?

QR2: How does X exit D? LD?: Linear towards dD, reach ot T.

4 of 100K left D

e = (0.044

Probability ~ 1073

0.2 0.4 0.6 0.8 1




LDP: Empirical measures of a Markov chain
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LDP: Empirical measures of a Markov chain

A sequence {X,}, of random elements sa&is{v the Large deviation
?rim‘:i,?ie (LDP), with rate function I: L — [0,0], and s[ae.ed n it

1
— 1nf /(x) < lim inf —log P(X, € G°)
xeG”’ n n

| 4
<lmsup—IlogP(X, € G) < — int I(x).

- n xelG

Consider a Markov chain {Y,},50.

Define corresponding sequence of empirical measures:
1 n—1
L=y b n2h
n-
i=0

Empirical measure LDP: LDP for {L,},5;.
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rare-event methods, Relies on process-level LDPS.
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rare-event methods, Relies on process-level LDPS.

Bucklew - Inkroducktion ko rare event simulakion,
Springer-verlag, 2004

Dupuis, Wang - Subsolutions of an Isaacs equation and efficient schemes for
importance sampling,
Math. Oper. Res. 32(3), 723-7587, 2007

Budhiraja, Dupuis - Analysis and approximation of rare events:
Representations and wealk convergence methods,
Springer, 2019,

Rhee et al. ~Efficient rare-event simulation for multiple ju,mp events in
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Math. Oper. Res. 44(3), 919-942, 2019,



Large deviations and Monte Carlo methods

Rising interest in the use of LDPs for MCMC methods.
Enmpirical measure LDPs the right thing to study,

Dupuis et al.~ On the infinite swapping Limit for parallel tempering.
SIAM Mulkiscale Model. Simul,, 10(3):9%6-1022, 2012,

Rey-Bellet, Spiliopoulos - Irreversible Langevin samplers and variance
reduction: A large deviations approach.
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Large deviations and Monte Carlo methods

Rising interest in the use of LDPs for MCMC methods.
Enmpirical measure LDPs the right thing to study,

Interested i using LD approach for:
Metropolis-ad justed Langevin algorithm (MALA),
Random walke Me&ro?ous (RWm),
ARC-MCMC.,

Metropolis-Hastings the foundational building block.

k\b (Surprisisr\gi.v!) Many (theoretical) questions remain open.



Metropolis-Hastings:

- Stake space S G RY

- Proposal distribution J(- [x), x €S

- For o state x and proposal y, define the acceptance probability

0 - min {1 w(y)J (x y)}
’ " 7(0J(y | )

? Ma&ropoLLSmHasﬁnngs atgom&km Gwem X = X;,

L) Generate a proposal Y, ~ J(- |x).

i) Set
Vier wo probability o(x, Y,

Xi+1 T

l

Xi W probabda&v 1 — w(x;, +1)



Metropolis-Hastings:

- State space S G RY

- Proposal distribution J(- [x), x €S

- For o state x and proposal y, define the acceptance probability

w(x,y) = min { & POWx]Y) }
’ " 7()I(y] %)

= Ma&ropeinsﬂashv\w aigom&km Grenerate Maurkwv tkam W, M‘ET‘MQ‘:L

K(x,dy) = a(x,dy) + r(x)6,(dy),

where

a(x, dy) = min{ dilsic }J(dy|x>, ) = 1 —[ a(x,dy) .
(I (y | x) s




Metropolis-Hastings:

- State space S G RY

- Proposal distribution J(- [x), x €S

- For o state x and proposal y, define the acceptance probability

w(x,y) = min { & POWx]Y) }
’ " 7()I(y] %)

= Ma&ropeinsﬂashv\w aigom&km Grenerate Maurkwv tkam W, M‘ET‘MQ‘:L

K(x,dy) = a(x,dy) + r(x)6,(dy),

where

a(x,dy) = min { s } Kdyln, ro=1- [ a(x, dy).
m(x)J(y | x) S

Q: What about empirical measure large deviations for MH chains?
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Large deviations for Metropolis-Hastings chains:

Let X be a compact metric space and let A(dx) be a probability measure
on X. Let X,, X;, X3, -- be a stationary Markov process whose state space
is X, with X,=x, having transition probability function =(x, dy) about which
we assume:

1. w(x, dy) =m(x, y)A(dy),

2. there exist constants a and A such that O0<a=n(x,y)=A < for

all x e X and almost all (A-measure) y € X,

3. for any function u(y)e L.(A),

[ mtx uynay)

is a continuous function of x.

(Ponsker, Varadhan 78)
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2. there exist constants a and A such that O0<a=n(x,y)=A < for
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t ‘e jAS a
le’&s
‘ASUre
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or g]]

S g s - g gl =

Condition 6.3 The transition kernel p satisfies the following transitivity condition.
There exist positive integers ly and ng such that for all x and ¢ in S,

) PV (. dy) < ) Tl

i=ly ~ J=ng

where p®) denotes the k-step transition probability.

(Pupuis, Liv ‘15; Budhiraja, Duputs ’19)
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A.3) There exists a suitable Lyapunov-type function associated with
K (for non-compactness)



Large deviations for Metropolis-Hastings chains:
Need new conditions acia[a%eci to MH*EjP@. dvmamits.
Main issue: Refection part r(x)o,(dy) in K.

One possible set of assumptions:

A1) Target 7 equivalent to 1 (Lebesgue) on §, has cont. density,

A.2) Proposal J( - [x) <7 for all x € S. Density is cont. and
bounded and J(y|x) > 0 for all (x,y) € S

; A.3) There exists a suitable Lvapumov--&vpe ﬂfthEE,m\ associaked wikh 1:

| K (for non-compactness)




Large deviations for Metropolis-Hastings chains:

’ Theorem (Milinanni, N. 24-a): Under assumptions (A1), (A2}, (A.3), ‘
 the empirical measures (L}, associated with the MH chain {X};5q |
| satisfy an LDP with rate function

()= it Ry || u®K), pe€ AS).
YEA(K)

RS = TR f—— S = N R R AR I N e W RSN S S S S

Aw) = {y € P(S? : [r]; = [r), = 1}

du
IS log (E) du, u<v,

+ 00, otherwise.

R(u || v)=



Large deviations for Metropolis-Hastings chains:

’ Theorem (Milinanni, N. 24-a): Under assumptions (A1), (A2}, (A.3), |
1 the empirical measures {L,},>1 associated with the MH chain {X};5q |
| satisfy an LDP with rate function |

()= it Ry || u®K), pe€ AS).
YEA(K)

RS = TR f—— S = N TR R AR I N e W RSN S S S S

Aw) = {y € P(S? : [r]; = [r), = 1}

dy
IS log (E) du, u<v,

+ 00, otherwise.

R(u || v)=

Idea: Use rate function to gauge efficiency / compare algh.
“Larger = better”
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Toy example (WIP): Independent MH sampler

Proposal distribution J(-|x)=f(-), Vx € S.

Q: For a given target, can we find the “best” sampling dist.?

Take 7~ N(0,1), f~ N(m,s?). Rate function I(-) = If( =70 m x)

“Ideal”: find optinmal (m* %) for all (relevant) u € P(S):
I(pu;m*,s%) > I(u;m,s), Yu,m,s.

Reality: Numerical comparison of lower bound for a given pu.

Lower bound for the rate function:

1 2
I(n) 2 — log <1 L EJJ'min { J&x) ) } <\/,u(x)7z'(y) - \/,u(y)ﬂ(x)> dxdy>

2(x)" 7(y)
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Toy example (WIP): Independent MH sampler

Proposal distribution J(-|x)=f(-), Vx € S.
Q: For a given tarqel, can we find the “best” sampling dist.?
Take 7 ~ N(0,1), f~ N(m,s*). Rate function I(-)=1(-)=1I(-;m,s)

Lower bound for the rate function:

1 2
If(//l) > — log <1 - 5 J]mln { J&x) () } <\/Iu(x)7[(y) — \/,u(y)yz(x)) dxdy>

2(x)" 7(y)

u ~ N(1,2) u ~ Gamma(3,5) u ~ Uni(0,1)




Toy example (WIP): Independent MH sampler

Proposal distribution J(-|x)=f(-), Vx € S.

Q: For a given tarqel, can we find the “best” sampling dist.?
Take 7 ~ N(0,1), f~ N(m,s*). Rate function I(-)=1(-)=1I(-;m,s)

Lower bound for the rate function:

1 2
If(//l) > — log (1 - 5 ijln { J&x) () } <\/ﬂ(x)7z'(y) — \/,u(y)yz(x)> dxdy)

2(x) #(y)

u ~ N(1,2) u ~ Gamma(3,5) u ~ Uni(0,1)

o
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Large deviations for Metropolis-Hastings chains:

’ Theorem (Milinanni, N. 24-a): Under assumptions (A1), (A2}, (A.3), |
1 the empirical measures {L,},>0 associated with the MH chain {X};5q |
| satisfy an LDP with rate function |

()= it Ry || u®K), pe€ AS).
YEA(K)

RS = TR f—— S = N TR R AR I N e W RSN S S S S

Aw) = {y € P(S? : [r]; = [r), = 1}

dy
IS log (E) du, u<v,

+ 00, otherwise.

R(u || v)=

Idea: Use rate function to gauge efficiency / compare algh.
“Larger = better”




Large deviations for Metropolis-Hastings chains:

’ Theorem (Milinanni, N. 24-a): Under assumptions (A1), (A2}, (A.3), ‘;
1 the empirical measures {L,},>0 associated with the MH chain {X};5q |
| satisfy an LDP with rote function |

()= it Ry || u®K), pe€ AS).
YEA(K)

RS = TR f—— S = N R R AR I N e W RSN S S S S

Proof strategy: Establish variational upper & Lower bounds:

. o 1 (L |
lim sup (lim inf) — —log E [e Bl ”)] <(=>) Inf (F(,u) o I(,u))
n— 00 n HEL(S)

n—~oo

Relies on stochastic conbrol and weak convergence methods,
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Large deviations for Metropolis-Hastings chains:

1. Variakional regresevx&aﬁow For F bounded, cont,,

1 s -
7 log E |[e )| = {mf}E Vs 7 Z RG] KX, )
Hi i—=1

il : cond. distribution of X7 given o(X7,...,X"_)).

: 1S
LA ) = 5 2 5)—@( - ) : conkrolled empirical measure.
i=0

I11. Variakional upper bound:

1
lim inf — —log E [e ™| > inf (F(u) + I(u))
n— 00 n HEL(S)

“Easy” direction, Show Feller property for K. Rest from Budhiraja
. Dupuis.
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| 1 4 |
lim sup — e log E [e F(L")] < MEI;ES) (F(,u) + I(,u))
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Difficult part: construction of near-optimal controls {7} ).

Key property i Budhiraja & Dupuis: (V) < 0 gquarantees v K .
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Large deviations for Metropolis-Hastings chains:

I111. Variaktional Lower bound:

| 1 4 |
lim sup — e log E [e F(L")] < MEI;ES) (F(,u) + I(,u))

n—Qoo
Difficult part: construction of near-optimal controls {77 ).

Kev proper&j in Budhiraja & 'Du,pu,is:) < 00 guaranhtees v <K  :

e

Not true for MH; due to rejection part r(x)5,(dy) in K.

Idea: Take v € P(S) sk I(L) < 00. Show existence of v* s.t.:

() arbitrarily close to v,
(i) Iv*) <I(v) + ¢,
(i) v* < 7.

Condition (A.3) needed to show tightness of controls.
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V. On condition (A.3): Existence of a suitable
Lyapunov function

(is it ever satisfied?)



Existence of Lyapunov function I:

Condition (A.3): There exisks a function U: S — [0,00) such thak

a) inf { U(x) — logJ e VK (x, dy)} > — 0.
xXES S
b) For each M < o0, the following set is relatively compact in S:
{x eS: Ux) — log[ eYOK(x,dy) < M} ;
s
) For every compact A C S, there exists €y < 00 such that

sup U(x) < C,.

xX€EA



Existence of Lyapunov function I:

Condition (A.3): There exisks a function U: S — [0,00) such thak

a) inf { U(x) — logJ e VDK (x, dy)} > — 0.
xes S
b) For each M < o0, the following set is relatively compact in S:
{x eS: Ux) — log[ eYOK(x,dy) < M} ;
s

¢) For every compact A C S, there exists Cy < o0 such that

sup U(x) < C,.

xX€EA

Note: For compact S condition is trivially satisfied.

Henceforth: S = R,



Existence of Lyapunov function II:

Condition (A.3): Part (b) critical part,

b) For each M < oo, the following set is relatively compact in S:

{x eS:Ukx)— IOg[ eYOIK(x,dy) < M}.,
S



Existence of Lyapunov function II:

Condition (A.3): Part (b) critical part,

b) For each M < oo, the following set is relatively compact in S:

{x eS: Ul — 1og[ eYOK(x, dy) < M}.,
S

e e . PRI Eome S I A N v T — = = 5 3

Proposition (Milinanni, N., 24-b): (A.3D) is equivalent to

x| =00

lim J a(x,y)dy =1,
S

and
lim J eVO=UWg(x, y)dy = 0.
S

x| =00

e s . P S AN K LR M SIS e » A P L all

' | 20)&]y)
(where: a(x,dy) = min { 1, T } J(dy|x) )







Existence of Lyapunov function I1I: Independent MH

Proposal distribution J(- |[x)=f(-), Vx € S.

{ m(y)f (x)
(Of(y)

= a(x,y) = min { }f(y) , Vx € 8S.

Consider target and proposal on the form

7(x) x e ™, f(y) el



Existence of Lyapunov function I1I: Independent MH

Proposal distribution J(- |[x)=f(-), Vx € S.

{ m(y)f (x)
(Of(y)

= a(x,y) = min { }f(y) , Vx € 8S.

Consider target and proposal on the form

7(0) x e f(y) o e 7

| Proposition (Milinanni, N., 24b): (A.3) is satisfied iff either of the

| following hold:

Da=p 1-7

W) a>p.

Gist: Target has Llighter tails than proposal. Same as for UE/GE.

- . . . 5 - z 5 . . Ly P —— L PAPENESRN e SANHIE Ml Sy el - bR M = PRy X o Frpp i < gl Saacy B
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Existence of Lyapunov function IV: MALA

‘Proposal. diskribution:

1

2¢

y—Xx— %Vlogﬂ(x)

2
}, e > 0.

J(y|x) ox exp {—

Consider tarqget on the form

7(x) o TE



Existence of Lyapunov function IV: MALA

?ro[vosat diskribution:

1

2¢

y—Xx— %Vlogn(x)

2
}, e > 0.

J(y|x) ox exp {—

Consider tarqget on the form

7(x) o TE

r

| Proposition (Milinanni, N., 24b): (A.3) is sotisfied ff either of the
| following hold:

i LDa=2, en<2,

W l<a<?2.
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Existence of Lyapunov function V: RWM

‘Pm-pcsat diskribution J(v|x) = f(y —X) = f(x — V).

= a(x,y) = min{l,@}f(y—x) il (=
7(X)



Existence of Lyapunov function V: RWM

‘Prc:-posai diskribution J(v|x) = f(y —X) = f(x — V).

= a(x,y) = min{1,@}f(y—x) il (=
7(X)

; ‘Pm-?cs&im\ (Milinanni, N., 24-b): For the RIWM algorithm, there does ;
I ol exist a function U sa&isfjihg condition (A.3), reqardless of the |

| choice of .
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f Theorem (Milinanni, N., 24-b):
| Consider a target on the form

7(X) L

L) For IMH, with proposal on the form f(y) e if either a = f
| and 171>y, or a > f, the empira«mt measures of the umdertjw\g MH
| chain satisfy an LDP.




LDP for MH chains: LDPs for IMH and MALA chains

f Theorem (Milinanni, N., 24-b):
| Consider a target on the form

7(X) L

' L) For IMH, with proposal on the form f(y) e if either a = f
and n > 7, or a > f, the empira«mt measures of the undertvms MH
| chain satisfy an LDP.

>

}, e > (.

i, U eibther a =2 and en <2, or a € (1,2), the empiriﬁat measures of
/f the umde.riving MH chain so&isfv an LD?.

; iL) For MALA, with proposal

P oSl e

ena
y—x+%|x|a_2x

&

1
J(y|x) < exp {—2—

: SN R S A B S I RS bk Yot k




LDP for MH chains: LDPs for IMH and MALA chains

f Theorem (Milinanni, N., 24-b):
| Consider a target on the form

7(X) L

’j L) For IMH, with proposal on the form f(y) « e‘“x'ﬂ, U either a =f
and n >y, or a > f, the empirical measures of the undartjms MH
| chain satisfy an LDP.

2

}, e > 0.

i, U eibther a =2 and en <2, or a € (1,2), the empiriaal measures of
/f the umde.ri.vms MH chain so&us{:j an LDP.

/l L) For MALA, with proposal

+8a||
X etk
L

P oSl e

&

1
J(y|x) < exp {—2—

@_ Whem shc;:-uici we ax[oet::& an LDP to !n.c;a-ici ﬂfc;:-r MH chains?






LDP for MH chains: A cownjecture

Q: When should we expect an LD? to hold for MH chains?

1. Comparison of (A.3) and drift condition: Standard drift cond.
for V: 1€ (0,1), b < o,

[ VIWK(x,dy) < AV(x) + bl{x € C}.
S

For U = logV drift condition becomes

U(x) — lcg[ eYWK(x,dy) > — log (/1 + e YOpI{x € C}).
S

= the Lvapuv\ov function V gives rise to U sa&isfjéa«g (A.3a).



LDP for MH chains: A cownjecture

Q: When should we expect an LD? to hold for MH chains?

1. Comparison of (A.3) and drift condition: Standard drift cond.
for V: 1€ (0,1), b < o,

[ VIWK(x,dy) < AV(x) + bl{x € C}.
S

For U = logV drift condition becomes

U(x) — lcg[ eYWK(x,dy) > — log (/1 + e YOpI{x € C}).
S

= the Lvapuv\ov function V gives rise to U sa&isfjéa«g (A.3a).

11, Previous LDP results: Typically for geometrically ergodic chains
(e.9., Kontoyiannis & Meyn ‘03, ‘o8),







LDP for MH chains: A cownjecture

111. Resulks for IMH, MALA, RWM:

: CGreomebric
Assumption (A.3) R
5 ergodum&j
a=pn>y,0r a>p. Q Q
IMH
otherwise
a=2,en<2, or ae(l2). & &
MALA z=il (V)
otherwise
bails as i [MT96] Q
RWM ,
otherwise




LDP for MH chains: A cownjecture

111. Resulks for IMH, MALA, RWM:

: Creomekbric
Assump&mu (A.3) | i
5 erqodicity
a=pn>y,0r axp. |
IMH
otherwise
a=2,en<2, or ac(l2).
MALA a=1 (@)
otherwise
bails as i [MT96] @
RINM ;
otherwise

Current (abstract) LDP: (A.3b) the restrictive condition.,

Cownjecture: (A.3b) too strict, geomelric ergodicity enough.
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Bn-qoing/ fu&u.re WwOoTk

Alternative representations for the rate function.
\b Similar to work by D-V; relation to Dirichlet forms...
In-depth study of RWM and non-reversible setting.

b Compare to recent work bv Andi ek al.

Greneralise the finite-state examples by Bierkens '16.

Examine connection LDP & geomelric ergodicity,
Extend LDP approach to other types/classes of algorithms.

Examine Mgh-—-c&,imamsiomat Limi&/opﬁmat scaling using LD/rate
function.,



hE&Fs //peopte ek, se/ “’anerren/
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Spectral properties: Concern the convergence rate of kransition
probabilities. Easy to come up with examples of processes with
large spectral gap bub fast convergence of time averages.

Ex. (Rosenthal '03): P = < ; % 6) .
l—-¢ €

Empirical measure converqges rapidly to (1/2,1/2). Spectral gap
suggest very slow convergence,



(Qeversibiii&? of MH and MH-lilke alqorithms often qood:

+ Neat mathematical theory: self-ad joint transition operator,
spectrum is real, geometric ergodicity gives CLT for L?
functions...

+ Local condition; helps with implementation.

- Leads to random-wallke behaviour, Pot. slow convergence and
high computational cost per iteration.
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Now-reversible processes avold RW behaviour bj inkroducing
auxiliary variables (e.q. velocity).




(Qeversibiii&? of MH and MH-lilke alqorithms often qood:

+ Neat mathematical theory: self-ad joint transition operator,
spectrum is real, geometric ergodicity gives CLT for L?
functions...

+ Local condition; helps with implementation.

- Leads to random-wallke behaviour, Pot. slow convergence and
high computational cost per iteration.

Now-reversible processes avold RW behaviour bj inkroducing
auxiliary variables (e.q. velocity).

Continuous—time MCMC methods inkroduced ko have such nown-
reversible processes. Based on plecewise determinisktic Markov
processes (PDMPs).




Large deviations for Metropolis-Hastings chains:

Empirical measure large deviations for Markov processes dates
back to work by Donsker and Varadhan (756-'76)

Covers many (well-behaved) Markov processes, rate function on
variational form:

K
I(u) =— 1Inf [log —ud,u, u e ALW0).
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Large deviations for Metropolis-Hastings chains:

Empirical measure large deviations for Markov processes dates
back to work by Donsker and Varadhan (756-'76)

Covers many (well-behaved) Markov processes, rate function on
variational form:

K
I(y) = — 1nt [log —ud,u, u e LWY).
ueI*(L) U

DV-like results typically rely on the following properties:

DV.I) The semigroup is Feller continuous and strongly continuous.

LBV2) There is a reference measure such that kransition
\probabilities are abs. cont. wark. this measure (transitivity assump.) s/

e,



