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METROPOLIS ALGORITHM AND EQUIENERGY SAMPLING
FOR TWO MEAN FIELD SPIN SYSTEMS

FEDERICO BASSETTI AND FABRIZIO LEISEN

ABSTRACT. In this paper we study the Metropolis algorithm in connection
with two mean—field spin systems, the so called mean—field Ising model and
the Blume-Emery—-Griffiths model. In both this examples the naive choice of
proposal chain gives rise, for some parameters, to a slowly mixing Metropo-
lis chain, that is a chain whose spectral gap decreases exponentially fast (in
the dimension N of the problem). Here we show how a slight variant in the
proposal chain can avoid this problem, keeping the mean computational cost
similar to the cost of the usual Metropolis. More precisely we prove that,
with a suitable variant in the proposal, the Metropolis chain has a spectral
gap which decreases polynomially in 1/N. Using some symmetry structure of
the energy, the method rests on allowing appropriate jumps within the energy
level of the starting state, and it is strictly connected to both the small word
Markov chains of [15, 16] and to the equi-energy sampling of [22] and [26].

1. INTRODUCTION.

The Metropolis algorithm, introduced in [29] and later generalized in [18], is
currently (together with other Monte Carlo Markov Chain methods) one of the
most used simulation techniques both in statistics and in physics. See, among
others, [33, 32, 39, 17, 35, 34, 25, 6].

In a finite setting the Metropolis algorithm can be described as follows. Suppose
that, given a probability w(x) on a finite set X', want to approximate

(1.1) n=Y f@)r(a),

for f: X - R. As afirst step, take a reversible Markov chain K (z,y) (the proposal
chain) on X and change its output in order to have a new chain with stationary
distribution 7. This can be achieved by constructing a new (r—reversible) chain

02 v ={ kG0 keagaaes 21y

where A(z,y) := min(%, 1). Then, the metropolis estimate of u is given by
1

(1.3) fin = E;mfi),

where Yj is generated from some initial distribution 7y and Y7, ..., Y, from M (z,y).

It is clear that, from a computational point of view, the speed of convergence to
the stationary distribution and the (asymptotic) variance of the estimate are two
very important features of the Markov chain M.

It is well-known that in some situation a Markov chain can converge very slowly
to its stationary distribution and, moreover, that the asymptotic variance of the es-
timate (1.3) can be much bigger than the variance of f,i.e. Var:(f):=>, (f(z)—

Key words and phrases. asymptotic variance, Chain decomposition theorem, fast/slowly mix-
ing chain, mean-field Ising model, Metropolis, spectral gap analysis.
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2 FEDERICO BASSETTI AND FABRIZIO LEISEN

w)?m(x), which is equal to the asymptotic variance of the crude Montecarlo estima-
tor. In these cases (1.3) turns out to be a very inefficient estimate of u.

For the Metropolis chain a classical situation in which the convergence is slow
(and the variance big) is when the target distribution 7 has many peaks and K is
somehow too “local”.

This is well known in statistical physics, where, typically, a distribution of a
system with energy function h and in thermal equilibrium at temperature T is
described by the Gibbs distribution

Th,r(T) = eXp{—h(x)/T}Zfl

with Zp =Y, exp{—h(z)/T}. In point of fact, the Metropolis algorithm has been
proposed in [29] to compute average with respect to such distributions. Indeed,
if h is nice, the Metropolis algorithm is very efficient, but it can perform very
poorly if the energy has many local minima separated by high barriers that cannot
be crossed by the proposal moves K. This problem can be bypassed, for specific
energy, designing appropriate moves that have higher chance to cut across the
energy barrier (see, e.g, [4, 5]), or constructing clever alternative approaches to the
problem, for instance using a reparametrization of the problem (see, e.g., [12, 13])
or using auxiliary variables (see, e.g., [40, 9, 1, 30]). A different kind of solution has
been proposed in [14] and in [28] by introducing the so called simulated tempering,
which essentially means that T' is changed (stochastically or not) to flatten h. A
remarkable variant of these methods is the parallel tempering, see, for instance, [19].
More recently new algorithms based on the so called equi—energy levels sampling
have been proposed (see [26] and [22]). In particular, the algorithm proposed in [22]
relies on the so—called equi-energy jump, which enables the chain to reach regions
of the sample space with energy close to the one of the starting state, but that
may be separated by steep energy barriers. In point of fact, even if, according
to some simulations, the method seems to be efficient nothing has been formally
proved. Finally, let us mention a recent algorithm, called small word Markov chains
(see [15, 16]), that combine a local chain with long jumps. In these papers, it has
been shown that a simple modification of the proposal mechanism results in faster
convergence of the chain. That mechanism, which is based on an idea from the
field of small-world networks, amounts to adding occasional wild proposals to any
local proposal scheme.

In the present paper we study two simple examples: the so called mean field Ising
model and the mean field Blume-Emery—Griffiths model. As for the former, it is
well-known that the usual choice of K gives rise, for low temperature, to a slowly
mixing Metropolis chain (see, e.g., [26]). Here we show that a slight variant in the
proposal chain can completely solve this problem, keeping the mean computational
cost similar to the cost of the usual Metropolis. The idea again rests on allowing
appropriate jumps in the same energy level of the starting state. As for the Blume—
Emery—-Griffyths mean—field model, we first show that there is a critical region of
the parameters space for which the naive Metropolis chain is slowly mixing. Then
we show how one can modify the proposal chain in order to obtain a better mixing
for the Metropolis chain. The present paper should be intended as a further step in
the direction of a better mathematical understanding of both small word Markov
chains and equi-energy sampling.

The rest of the paper is organized as follows. In Section 2 some general consid-
erations are given. In Section 3 some basic tools concerning Markov chain, which
will be used in the paper, are reviewed. Section 4 contains a warming up example.
In Section 5 the mean field Ising model is treated, while Section 6 deals with the
more complex case of the mean field Blume-Emery-Griffiths model. All the proofs
are deferred to the Appendix.
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2. A GENERAL STRATEGY

In an abstract setting, what we shall do in the next examples can be summarized
as follows. Let G be a group acting on X for which

(2.1) m(x) = (g(x)) Ve €eX, Vg €3.

For every z in X let O, := {y = g(z) : g € G} be the orbit of = (of course if y
belongs to O, then O, = O,).

Assume now that we have a reversible Markov chain Kg(z,y) (the proposal) on
X and suppose that the Metropolis chain Mg with proposal K is slowly mixing
(see next section for more details). To speed up the mixing one can try to exploit
(2.1) by taking a proposal of the following form:

(2.2) Ke(z,y) = eKp(z,y) + (1 - € Kg(z,y)

where

Kg(z,y) = Y qu(2)(y),
2€0,

0<q:(2)<land ) o qu(2) =1
In point of fact, usually Kg is “local”; for instance frequently

whenever y # z belongs to O, hence with K¢ we are adding “long” jumps to the
chain. Moreover, note that if Kg is such that Kg(z, g(z)) = Kg(g(z), z), for every
z in X and g in G, then the Metropolis always accepts the move z — g(z) and

M(z,g9(z)) = eKp(z,9(z)) + (1 - €)g.(9())-

In particular this holds when Ky is symmetric.

The heuristics under (2.2) is to combining small word Markov chains and equi-
energy sampling.

Before presenting some examples in which one can actually improve the perfor-
mances of the Metropolis chain using this idea, we collect in the next section some
useful facts concerning Markov chains.

3. PRELIMINARIES

Let P(z,y) be a reversible and ergodic Markov chain on the finite set X with
(unique) stationary distribution p(x). Thus, p(z)P(z,y) = p(y)P(y,x). Let L*(p) =
{f: X = R} with < f,9 >,= E,(fg) = >, f()g9(x)p(z). Reversibility is equiva-
lent to P : L? — L? being self-adjoint. Here Pf(z) = 3, f(y)P(z,y). The spec-
tral theorem implies that P has real eigenvalues 1 = Ag(P) > A (P) > Xo(P) >

- > Ax|-1(P) > —1 with orthonormal basis of eigen—functions #; : X — R

(Pi(z) = Nihi(x), < i, 5 >p= dij)-

3.1. Spectral gap, variance and speed of convergence. A very important
quantity related to the eigenvalues is the spectral gap, defined by

Gap(P) = 1 — max{Ai, [A|x)—1]}-

It turns out that the spectral gap is a good index to measure the mixing of a
chain. To better understand this point, assume that f belongs to L?(p) and write
f(x) = > ;50 ai(x) (with a; =< f,1; >,). Now let Yy be chosen form some
distribution pg and Yi,...,Y,, be a realization of the P(z,) chain, then

fin =2 D0 F)
i=1
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has asymptotic variance given by

AVar(f,p, P) := llm n - Var(jin) Z| |21+/\k.

n—-+o00
k>1

See, for instance, Theorem 6.5 in Chapter 6 of [3]. From the last expression, the
classical inequality

(3.1) AVar(f,p, P) < LVarp(f),
1-X\

follows easily. The last inequality is the usual way of relating spectral gap to
asymptotic variance and, hence, to the efficency of a chain.

The spectral gap is very important also to give bounds on the speed of con-
vergence to the stationary distribution. For example, if || - |7y denotes the total
variation norm, one has

1
162 P* — pllrv ngglpk(x,A) p(2)] < s (max{As, A - b

()

See, e.g., Proposition 3 in [7]. Another classical bound is

llpoP* /p = 125 < Gap(P*)lIpo/p = 1ll2.p

valid for every probability pg. See, for instance, [39].

Roughly speaking one can say that a sequence of Markov chains defined on a
sequence of state space X is slowly mixing (in the dimension of the problem N)
if the spectral gap decreases exponentially fast in V.

3.2. Cheeger’s inequality. As already recalled, problems of slowly mixing typ-
ically occur when 7 has two or more peaks and the chain K can only move in
a neighborhood of the starting peak. Usually this phenomenon is called bottle-
neck. A powerful tool to detect the presence of a bottleneck is the conductance and
the related Cheeger’s inequality. Recall that the conductance of a chain P with
stationary distribution p is defined by

1

h=h(p,P):= inf p(z)P(z,y),
ap(a)<y p(A) ;yeAc
and the well-known Cheeger’s inequality is
2
(3.2) 1-2h< A (P) < 1—%

See, for instance, [3 37, 7]. Note that, since P is reversible,

(3.3) 52 Y s TP Il

mGA yEAe mGA yEA®
for every A such that p(4) < 1/2.

3.3. Chain decomposition theorem. In this subsection we briefly describe a
useful technique to obtain bounds on the spectral gap: the so called chain decom-

position technique. Following [16] assume that Aq,..., A, is a partition of X.
Moreover, for each i = 1,...,m, define a new Markov chain on A; by setting
Py (z,y) == P(x,y) + L(y) | Y P(x,2) (z,y € Ay).
ZEAS

Py, is a reversible chain on the state space A; with respect to the probability
measure

pi(z) := p(x)/p(A:).
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The movement of the original chain among the “pieces” A;,..., A, can be de-
scribed by a Markov chain with state space {1,...,m} and transition probabilities
1
Pr(i,j) = > Pa,y)p)
2p(4i) T€A;,YEA;
for i # j and
PH(sz) =1- ZPH(IL;]);
J#i

which is reversible with stationary distribution

p(i) := p(Ai).

A variant of a result of Caracciolo, Pelisetto and Sokal (published in [27]), states
that

(3.4 Gap(P) > S Gap(Py) ( min

i=1,....,m

Gap(Py, ))

holds true, see Theorem 2.2 in [16]. Other results about chain decompositions can
be found, for instance, in [20].

In the next very simple example we shall show how this technique can be used,
starting from a slowly mixing chain, to suggest how to modify the proposal chain
in order to obtain a fast mixing chain.

4. WARMING UP EXAMPLE

Set X = {—-N,—-N+1,...,0,1,..., N} and define a probability measure on X
by
_ 61
@) = gy 1o
6 being a given parameter bigger than 1. Here we can consider G = {+1, —1} (with
group operation given by the usual product) acting on X by g(z) = gz, hence
0, = {z,—z}.
Now let Kg be a chain defined by
Kg(z,z+1)=1/2 z#N
Kg(z,z —1)=1/2 xz#—N
Kg(N,N)=Kg(—N,—-N)=1/2
Kg(xz,y) =0 otherwise

and denote by Mpg the Metropolis chain with stationary distribution 7 derived
by Kg. It is clear that in this case Kg(z,y) = 0 whenever y belongs to O,.
In this example it is very easy to bound the conductance on Mpg, indeed, taking

A={-N,...,—1}, by (3.3), it follows that
7(0)
h(m,Mp) < +——~
3 —(0)
Hence,

h(m, M) < C6~Y,
and then (3.2) yields
1—X <2067V,

This means that, if f is such that a; # 0 and 8 > 1, then the asymptotic variance
of f blows up exponentially fast, indeed

AVar(f,m, Mg) > 2Ce°8ON,
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Now, instead of K g consider
Ke(z,y) = (1 - e)Kp(z,y) + el{_s}(y)
and let M(9) be the Metropolis chain derived by K,. Decompose X as follows
X=AUAy---UANn
with Ay = {-1,0,1} and 4; = {z € X : |z| =i}, for i > 1. Moreover let

s N_J 20+1)/Z fori=1

m(i) = m(4;) = { 2017 fori >1
where R

Z=—
(0-1)
and set
Y 1 . B .

M;I)(Z’]) = (A Z M )(l’m)w(l), M}I)(z,z) =1- ZM}I)('L,]).

leAi,mGA]‘ VE)
For i # 1, N, one has

(€)/: - _ 1 (&) (s » . (& _+ .+ .
M i+ 1) = 5 LS IO+ () + M0 iy =i = (i)
and, since 7(i) = w(—i) and 7(i + 1) > 7(i)
€ .. 1 -
M;I)(z,z—kl): 46.

In the same way it is easy to see that
1—c¢

M}j)(i,i—l)zﬂ, i#1,N

€ P 1_ .

MPG)=1-—S(1+67")  i#£1N

() T (6) o, 1-e

My (NN —1) = — M (N,N)=1- —
1—c¢ 1—¢

Mi(1,2) My (1,1) = 1-

T 41+ 1/(20) 1+1/(20))

Moreover, for every i # 1, MX_) in matrix form is given by

1—€¢ €
€ 1—€¢ /)’

Gap(M)) =1 |1 - 2].

and hence

While M}Efl) is given by

(20— 1)(1-)/(26) (1 - )/(20) ‘
(1—¢)/2 € (1—¢)/2
€ (1—€)/(20) (20 —1)(1—€)/(20)

and hence
Gap(M{)) = k(8,€) > —1.

Moreover, since

min | i (M1 1 1)), M3 (1,2). 2 (V. = )
. 1—c¢ )
Z min |:(]. — 6)/(49), m] =: m(e,@) >0
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and 7(i) < 37(j) for every i < j, Lemma A.1l in the appendix yields that
m(e, d)
3N2Z
In the same way, since M};)(i, i+1)+ M};)(i, i—1) < (1—e)M(6)/4, with M(6) =
max(1+671,20/(20 + 1)) < 2, inequality (A.1) in the Appendix yields that

1- (M) >

)\N_1(M1(L;)) >1- 1—c¢ > 1+€.
2 2
Hence (€.0)
(€) m(e,
Gap(My’) > e
and (3.4) yield
Oy < b€
Gap(M9)) > N

for a suitable h. This shows that M () is fast mixing for every e > 0 and for every
6 > 1 while Mg is slowly mixing for every 6 > 1.

5. THE MEAN FIELD ISING MODEL

Let X = {—1,1}"V, N being an even integer. For every 3 > 0 let 7 = 75 n be a
probability on X defined by

a) = mana) = e {1 23008) e )

where

N =Zn = 3 exp{gs?;]@}

is the normalization constant (“partition function”) and

N
Sn () ::Zaci z=(x1,...,TN).
i=1

This is the so called mean field Ising model, or Curie- Weiss model, in which every
particle 4, with spin z;, interacts equally with every other particle. It is probably
the most simple but also the most studied example of spin system on a complete
graph. The usual Metropolis algorithm uses as proposal chain

N
1
Kp(z,y) = & D Treon ()
j=1

where (/) denotes the vector (z1, ..., —Zj,...,xn). It has been proved in [26] that,
whenever g > 1,
1—X\ <Ce PPN

where )\ is the first eigenvalues smaller than 1 of the Metropolis chain Mg derived
Kpg. This yields that the variance of an estimator obtained from this Metropolis
algorithm can blow up exponentially fast in N.

The aim of this section is to show how one can construct a different Metropolis
chain avoiding this problem. In the notation of Section 2, we consider

G =S8Ny x{+1,-1}

(Sny being the symmetric group of order N) and we define the action of G on
X ={-1,1}" by

g(x):(e-xa(l),...,e-xU(N)) g = (o,e).
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In order to introduce a new proposal, it is useful to write X as the union of its
“energy sets”, that is
X=HUXUuXU---UXN
where
Xi:={z € X :|Sn(z)| =1} (1=0,2,...,N).
Note that energy takes only even values and that O, = X|sy(s)- Moreover, for
i#0, set
X i={reX:Sn(z)=i} and X :={z € X : Sn(z) = —i}.
The new proposal chain will be

K(z,y) = p1Kp(z,y) + (1 - p1)Ko(z,y)  ifz €A

(5.1) K(z.y) = piKp(@,y) + p2l{—03(y) + (1 — p1 — p2) Ki(z,y)
ifxeX,i#0

where p1, p2 belong to (0,1), p1 + ps < 1, and

We shall assume that K (Ko, respectively) are irreducible, symmetric and aperi-
odic chains on Xii ( Xo, respectively).
As a leading example we shall take

1
Ko(z,y) = W y € X
N/2
(5.2) . / . .
Ki (x,y): N yeXi )
((Nfi)/Q)

that is: a realization of a chain KZ.jE (Ko, respectively) is simply a sequence of
independent uniform random sampling from Xii (Xo, respectively).

Remark 1. Note that (5.2) is the (n, k)-Bose-Einstein distribution with n = (N +
i)/2 and k = (N —1)/2 + 1 and recall that there is a very easy way to directly
generate Bose-FEinstein configurations. One may place n balls sequentially into k
bozes, each time choosing a box with probability proportional to its current content
plus one. Starting from the empty configuration this results in a Bose-FEinstein
distribution for every stage.

Now let M be the Metropolis chain defined by the transition kernel (1.2) with
K asin (5.1), i.e. for every z in X (i # 0)

(

? w(w)

BL min (1 ”(y)) ify=29, j=1.N
J) ify=—x

M(z,y) =
(1-p—p)K(z,y) fyeXFy#a

\I—Z#mM(w,z) ify=ux

while for z in Xy

BL min (1:5%) ify=29, j=1.N
M(z,y) =4 (1-p)Ko(z,y) ifyeXpy#a

1= 2, M(z,2) ify=uz.
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By construction M is an aperiodic, irreducible and reversible chain with stationary
distribution 7. Then, when (5.2) holds true,

( & min (1,%) ify=29, j=1.N
p2 ify=—=x
M(z,y) = <
(1—p1 —p2)—= ifyeXii,y#z
(v 25 2)
[ 1—2., M(z,2) ify=ua

for z in X (i # 0), while if z belongs to Xy

BL min (1 ”(y)) ify=2z0, j=1.N

N ) mw(x)
M(z,y) = (1—p1)® ify € Ao,y #

1=, M(z,2) ify=uz.

In order to bound the spectral gap of M we shall use the decomposition theorem
described in Subsection 3.3. To this end, for every i = 0,2,..., N and every j # i
set

P(i, j)

zEX YEX;
and
P(i,i):=1-=Y_ P(i,j).
i
As already noted, P is a reversible chain on {0,2,..., N} with stationary distribu-
tion

77'(2) = W(XZ)
Moreover define for every ¢ = 0,2,..., N a chain on X; setting
P, (z,y) == M(z,y) + L(y) | Y M(z,2)
2EXS

where both z and y belong to X;. In the same way, define chains on XZT" and X~
fori =2,..., N setting

P){ii(xay) ::PXi(xay) (y#l‘, xayeXzi)

and
Pyx (x,2):=1— Z Py, (z,y).
yeXFy#£a

These chains are reversible on A (Xl-i, respectively) and have as stationary distri-
butions

mw(x) 1 T, (1) 1

T, (z) 1= = and 7y () = : = )
m(&i) | K ma (A7) 1A
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respectively. Finally, for every i = 2,4,..., N, define a chain on {4, —} setting

Pi(+,-) = 1X+ Z ZPX (@, y)m: ()

27TX
¢ z€X+ yeEX,

X
1
@] L 2 Preyma (@)

U zexT yext

Pi(_a +) :

Now the lower bound (3.4), applied two times yields

1,
Gap(M) > 5Gap(P) _min {Gap(Px;)}

(5.3) > %Gap(?) min [Gap(PXO),
Z:gnnN { Gap(P;) min{Gap(P,, ), Gap(PXi_)}} ] .

Hence, to get a lower bound on Giap(M) it is enough to obtain bounds on the gaps
of the chains P, Px,, P;, P x.
The most important of these bounds is given by the following

Proposition 5.1. P is a birth and death chain on {0,2,..., N}, more precisely

P(0,2) =2
(5.4) E(i,i+2) B 1# N,0
P(i,i—2) = pz xp{26(1—z)/N} i #0.
Moreover .
M(P) < 1_1_6(N/2+1)
and

Anj2(P) > 1—pi.

The proof of the previous proposition is based on a bound for a birth and death
chain, given in the Appendix, which can be of its own interest.
As for the others chains, we have the following

Lemma 5.2. For everyi=2,4,...,N
Gap(Py+) = (1= p1 — p)Gap(K})
Gap(P;) = po,
moreover
Gap(Px,) = (1 = p1)Gap(Ko).
In this way, using (5.3), we can prove the main result of this section.

Proposition 5.3. Let M be the Metropolis chain derived by the chain K defined
as in (5.1) then

) > P1D2 1 . 1(1—=p1)

M K
Gap( 52 (V21 My, e,

L2 = P2) i min{ Gap(K ), Gap(K7)}].

2 i#£0 ?

If K& and Ko are defined as in (5.2) then
p1p2 1 . [(L=—p1—p2) (1—p1)
M) >
Gap(M) 2 =0 N2 + 1y in 2 " ]

for every >0 and N > Nj.
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Proposition 5.3 shows that the gap is polynomial in 1/N independently of S.
Hence, even when 8 > 1, the variance of the metropolis estimate obtained with this
proposal can not grow up faster than a polynomial in V.

Note that if in Proposition 5.3 we choose
(5.5) p=1-a/(2N), p»=a/N
we get

Gap(M) > N5

Hence, even with this choice, the Metropolis algorithm is still fast mixing for every
B. It is worth noticing that the mean computational cost of this Metropolis does
not change with respect to the Metropolis which uses the proposal Kg. Indeed,
in the case of the usual Metropolis, the computational cost needed to go from X,
to X,41 is O(IN), since it is essentially due to a sample of one number among N
numbers (we need to decide which coordinate to flip). In the case of the ”modified”
proposal, things are slight more complex. In this case, at the beginning, we have
an extra “toss”. If with this fist toss we decide to flip at random a coordinate the
cost is still O(N) but if we need to sample from K:* the cost is O(N?) (in this last
case we need to pick a sample from a Bose-Einstein distribution). Hence, although
our algorithm is ”sometime” more expensive, if we take p; and ps as in (5.5), we
get that the mean cost of our algorithm is still O(N).

6. THE MEAN-FIELD BLUME-EMERY-GRIFFITHS MODEL

The Blume-Emery-Griffiths (BEG) model (see [2]) is an important lattice—spin
model in statistical mechanics, it has been studied extensively as a model of many
diverse systems, including He®> — He* mixtures as well solid-liquid-gas systems,
microemulsions, semiconductor alloys and electronic conduction models. See, for
instance, [2, 38, 23, 24, 31, 36, 21]. We will focus our attention on a simplified
mean—field version of the BEG model. For a mathematical treatment of this mean—
field model see [10]. In what follows let X' := {—1,0,1}¥, N being an even integer,
and for every 8 > 0 and K > 0 let m3 k. n be the probability defined by

7(2) = 75, n () = exp{~BRx(0) + XPSK@IZN (B K) (e X)
where
IN(B,K)=ZN := Z exp {—BRN(:E) + KW'BS]QV(JC)}

zeEX
is the normalization constant,

N
Sn(z) ::in and Ry (z) ::Zm? x = (21,Z2,...,TN).
i=1 =1
A natural Metropolis algorithm can be derived by using the proposal chain

N
(6.1) Kgp(z,y) = % Z[H{xm)}(y) + L0y ()]

=1

where z(*7) denotes the vector (z1, ... ,xj £1,...,2n), with the convention that
2=-1land —2=1.

The next proposition shows that there exists a critical region of the parameters
space in which the Metropolis chain is slowly mixing. More precisely, using some
results of [10] it is quite straightforward to proove the following
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Proposition 6.1. Ler Mg be the Metropolis chain (with stationary distribution )
with proposal chain Kg defined in (6.1). Then, there exists a non decreasing function
T :(0,+00) = (0,400) with lim,_qT'(z) = 400 and lim,_, . ['(z) = 7, ~ 1.082
such that for every couple of positive parametrs (8, K) with K > T'(3)
Gap(Mg) < Ce™ 2N
for suitable constants C = C(v, K) >0 and A = A(v,K) > 0.
As in the case of the mean—field Ising model, we intend to by pass the slowly

mixing problem of this Metropolis chain by choosing a different proposal. To un-
derstand which kind of proposal is reasonable, here we choose

G =S8Ny x{+1,-1}
with G acting on X = {—1,0,1}" by
g(fl?):(6'5170-(1),...,6'(170(]\{)) g:(O',B).
At this stage, decompose X as the union of its ”energy sets”, that is
X = X()’(] U Xl,l U X(]’Q U XLg U X3’3 U...u X()’N U XQ’N U XN,N
where
Xsri={z € X :|Sy|=sand Ry(z) =1}
r=20,1,2,..,N and s = 1,3,...;r if r is odd and s = 0,2,...,N if r is even.
Moreover, for s =1,2,..., N, set
Xt ={r€X:Sy=sand Ry(z) =r}
and
X, ={r€X:Sy=—sand Ry(z) =r}.

Note again that O, = X;, with s = Sy(z) and r = Ry(z). The new proposal
chain will be

K(z,y) = Ke(z,y) + (1 — p1)Ko r(z,y) iteeAp,, r=0,2,..,N

(6.2) K(z,y) = piKp(z,y) + p2li—ay(y) + (1 = p1 — p2) K o (2,y)
if € Xy py5#0

where p1, p2 belong to (0,1), p1 + p2 < 1, and
K r(z,y) = HX:fr{x}K;:r(way) + HX;r{z}K;r(xay) (s #0)

with
1
Ko (7,y) = >~ y € Xor
(7' ) (r/2)
(6.3) . / .
Ks,r(wﬂy) = TN y € Xs,r‘
(17\'[) ((’r‘—s)/2)

Now let M be the Metropolis chain defined by the transition kernel (1.2) with K
as in (6.2), i.e. for every z in X, (s #0)

( 23 min (1,:2%) ify=a), j=1.N
D2 lfy = —I

M(z,y) = <
(1-m —p2)m ifye X, y#z

[ 1=, M(z,2) ify ==,
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while if 2 belongs to Ap

2L min (1, :ggg) ify =2, j=1.N

M(:c,y) = (1 _pl)( )2732) ifye XO,r;y 7é z

1=-> ., M(z,2) ify=uz.

By construction M is an aperiodic, irreducible and reversible chain with stationary
distribution 7.

Also in this case, to bound the spectral gap of M, we shall use the chain decom-
position tools. Let

]:D)N = {(0’0)7 (]‘5 ]‘)7 (05 2)7 (25 2)7 (15 3)7 (35 3)7 (45 0)7 (45 2)7 (45 4)5 e (O7N)i (27N)5 e (Ni N)}'

and, for every couple (s,7), (5,7) in Dy, with (s,r) # (§,7), let

P((s,r),(3,7) == Z > M(z,y)r

xEXs » YEXz 7

and

P((Sa’r)a (Sar)) =1- Z P((S,T), (§’f))

(3,7)#(s,7)
Once again, note that P is a reversible chain on Dy with stationary distribution
7(s,r) = m(Xs ).

Moreover, for every (s,r) in Dy, define a chain on X, setting

Py, (2,y) = M(z,y) +T(y) | Y M(z,2)
zEXSC’T

where both z and y belong to X; . In the same way, define chains on X}, and A,
for (s,r) in Dy, s # 0, setting

Pys (2,y) = Px, . (2,y) (y# 2, 2,y € X))
and
Pys (z,2):=1- Y Px_(z,9).
yexE yra

These chains are reversible on X;,. (X

+r» respectively) and have as stationary dis-
tributions

m(z)

v () = B T, ,(2) 1
Forr o W(Xs,r) B |Xs7r|

X, (Xsi,r) | X5 ?‘|

and  Ty+ (z):=

respectively. Finally, for every (s, r) in Dy, s # 0, define a chain on {4+, —} setting

Py p(+,-) = XJF Z Z Px, (2, y)7x, . (2)
ST'

271';\(
zeXd, yex;,

Py (= +) = X Z Z P, (2, y)7x, . (2).
ST'

27TX
T€X; . yeXT,
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At this stage, the lower bound (3.4), applied two times, yields

1 _
Gap(M) > §Gap(P) (S,ITI)liG%JN {Gap(PXs‘,,)}

Gap(P) min [ min _{Gap(Px,,)}

r=0,2,...,N

(6.4) >
1 .
(s,r)IEI]ID}E,s;é(] { §Gap(Ps7,«) mln{Gap(PX:T), Gap(PX”)}} } .

To derive from the last bound a more explicit bound we need some preliminary
work. The first result we need is exactly the analogous of Lemma 5.2.

Lemma 6.2. Fore everyr =1,...,N
Gap(Px, ) = (1 - p1)Gap(Ko,») = (1 - p1),
moreover, for every (s,r) in Dy with s # 0,
Gap(Py. ) = (1—p1 — p2)Gap(K,) = (1 - p1 — pa).
Finally, for every (s,r) in Dy,
Gap(Ps,r) = D2.
Hence, (6.4) can be rewritten as

(6.5) Gap(M) > Gap(P)%2 min{(1 - p1)/2, (1 - p1 = p2)/2}.

It remains to bound Gap(P). Unfortunately the the analogous of Proposition 5.1
is not so simple, hence we shall require an additional hypothesis. In what follows
let

<T> % (r=20)° if 7 is odd

r=20,1,...,N and set

A={B>0,K >0:3N, such that VN > Ny, ¢ is unimodal}.
Lemma 6.3. For every (8,K) in A
Cp?

Gap(P) > <=5

for a suitable constant C = C(f, K).

Under the same assumptions of the previous Lemma we can state the main
results of this section.

Proposition 6.4. For every (8,K) in A
Gap(M) > ~h

for a suitable constant C = C (6, K).
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B=2.3,K=0.5,0.6,0.7,0.8 p=2.3,2.4,2.5,2.6, K=0.5

F1GURE 1. The function gy for N = 15 and few values of 8 and K.

We conjecture that Gap(P) is polynomial in N for every (3, K) such that § #
I'(K) (where T is the function of Proposition 6.1), but we are not able to prove this
conjecture. In point of fact we conjecture that R x R* \ {(8,K) : T'(K) = 8} C A.
We plotted gy for different N, 8 and K, and these plotts seem, at least, to confirm
that RT x Rt \ {(8,K) : |[I'(K) — 8] < €} C A for a suitable small e. In Figure 1
we show the graph of gy for few different N, 8 and K.

APPENDIX A. THE SPECTRAL GAP OF A BIRTH AND DEATH CHAIN

We derive here some bounds on the eigenvalues of a birth and death chain that we
shall use later. These bounds are obtained using the so called geometric techniques,
see [7]. Let P, be a birth and death chain on Q,, = {1,...,n}. Assume that P,
is reversible with respect to a probability p,, that is p,(i)Pn(%, ) = pn(j)Pa(4,1).
Moreover let

I1>M2>202> 01 2>-1
the eigeinvalues of P,.

We can now prove the following variant of Proposition 6.3 in [6].

Lemma A.1. If there exist positive constants A, q, B and an integer k such that
P,(i,it1) > An" 1 (i #0,n)
P,(0,1) > An™1
Py(n,n—1) > An~¢

and

then
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Proof. We use the notation and the techniques of [7], see also [3] and [6]. Choose
the set of paths

and for e = (i,i+ 1) (i < n) let

P(e)

1 2: Pn(l)pn(m)
= — Nm|———~
Pn(iyi+1) wmer| m| pn(i)

Vi.m e

where |v| is the length of the path 7. Setting K := sup, 9(e) one has

1
T

(see Proposition 1’ in [7], or Exercise 6.4 page 248 in [3]). So, for our purposes, it
suffices to give an upper bound on K. Assume first that e = (7,7 + 1) with
i < k <n,since |y,m| < n, it follows that

P(e)

IN

IN

IN

IN

ndt1t

A

Pn(7)pn(s)
2 Pn(i)

s>i41
r<i

(
B(

it

1

All the other cases can be treated in the same way. Hence,

and then

B
Slc}pd)(e) < an“

M <1- T

As for the smaller eigenvalues, Gershgorin theorem yields that

An_1 > —1+ 2min P(i,4).
K3

See, for instance, Corollary 2.1 in the Appendix of [3].
positive constant D such that

for every i, then

(A.1)

Po(iyi+1) + Py(i,i— 1) < D/2

At >1-D.

Hence, if there exists a
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APPENDIX B. PROOFS
To prove Proposition 5.1 we need first to show that 7 is essentially unimodal.

Lemma B.1. Let

) N B ,
qn (i) = (NT_> exp{2N 2} i=0,2,4,...,N.

For every B < 1 there exists an integer Ng such that for every N > Ny
an (i) < gn(j)

whenever j < i. For every B8 > 1 there exists an integer Ny such that for every
N > Ny

gn (i) < gn(j)
whenever 1 < j < kny and

an (i) > qn(j)
whenever ky <1 < j, kn being a suitable integer.
Proof. Let An(i) be the ratio
qn (Z + 2)

AN(i) - QN(i)

i=0,2,4,..,N -2,

so that
An(i) = TT.exp{%(l +Z)}

N —1 203 .
mexp{ﬁ(l—kz)}

Setting Ay (x) = N+2+I exp {%(1 + m)}, z in [0, N —2], it is enough to prove that
xz — An(z) takes the value 1 at most once in [0, N — 2], for sufficiently large N.
To prove this last claim first note that

An(0) = 5 N exp{?\?} lj%exp{¥}
[1__+2 2Y vo(m)
_1—N(1—ﬂ)+<%>2<%2—6+2>+0<$>.

Hence, there exists Ny in N such that for N > Ny:

f>1 = AN(0)>1

<1l = Ayn(0)<1.

As for the first derivative note that
—2(N +1)+28(N +2) — 2 (a? +2$)e {26(1—#3:)}
X NT )
(N+z+2)? P
hence Ay (z) = 0 if and only if

Al (z) =

26

—2(N +1)+23(N +2) — N(ﬁ +22) = 0.
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Rearranging the last equation as

26 , 48 _
—2a? = o[- )N +26 1] =0

one sees that the roots are

28 -1 -1
371’2:1:*:\/1—% IB N-l—ﬁ NQ.

B B

Hence, after setting

28 —1 -1
r::1+\/1+ s N+ﬂ N2 and r=1++v1+ N

B B
one has
<l = Al(z)<0 Vzel[0,N-2]
B>1 = Aly(z) >0 for z € [0,r)
Aly(z) <0 for z € (r, N — 2]
=1 = Al(z)<0 for z € [0,7)
Aly(z) <0 for z € (F,N — 2]
and this concludes the proof. O

Proof of Proposition 5.1. By direct computations it is easy to prove (5.4). Hence
> P > b1 > P1

Pii+2
(1i42) 2 % 2 AN+2) ~ Xty

and
Pli,i+2)+ P(i,i— 2) < %.

Now observe that

and

Hence, by Lemma B.1, if 8 < 1
(i) < 2m(j)
whenever j <i and N is large enough. While for § > 1

(i) <7 (j)
whenever ¢ < j < kn and

(i) > 7(j)
whenever ky < i < j. The thesis follows now by Lemma A.1 and by (A.1). O

In order to prove Lemma 5.2 we recall that by Rayleigh’s theorem
S &)
B.1 1— A (P) =inf 222t tant
(B.1) 1(P) =in {Varp(f) f nonconstan
where
1
E(f,f) =< (I = P)f. f >p=5 3 (f(2) = F))*P(z,9)p(2),

T,y
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P being a reversible chain w.r.t. p, moreover

5., (F@) + f(9)*P(z,y)p(z)
(B.2) 1—|An-1|= 1nf{ Var, ()

(see, for instance, Theorem 2.3 in Chapter 6 of [3] and Section 2.1 of [8]). At this
stage set

 f nonconstant}

Pe(@,y) := (1 =€) P(z,y) + el(y).
Hence, (B.1) yields

1Y, (f(@) = [(9)*Pc(,y)p(x)

1—N(P) = feL%ifniconst Vool
Cinf (1 g2 e @)~ fW) P )
B fELZ f#const € Va’f'p(f)

=(1-¢€)(1—X(P)).
Arguing in the same way and using (B.2) we get
L= A -1 (Pl = (1= e)(1 = [Ajx -1 (P)])-
Hence,
(B.3) Gap(P.) = (1 — €)Gap(P).
Proof of Lemma 5.2. Note that
Pys(z,y) = (1= p1 = p2) K (2, 9) + (1 + p2)La(y)

i

and, analogously,

P, (z,y) = (1 = p1)Ko(2,y) + pil(y).
Hence, by (B.3),
Gap(Py+) = (1= p1 — p)Gap(K})
as well
Gap(Py,) = (1 — p1)Gap(Ky).
Finally note that P; is given by

("% )
T 1=F
for every i, hence Gap(P;) = ps. O

Proof of Proposition 5.3. To prove the first part of the proposition it is enough to
combine Lemma 5.2, Proposition 5.1 and (5.3). To complete the proof observe that
Gap(KE) = Gap(Ko) = 1, when K and K are given by (5.2). O

In order to prove Proposition 6.1 we need some results obtained in [10].

Theorem B.2 (Ellis-Otto-Touchette). Let pn be the distribution of Sy(z)/N un-
der w3 kN, then pn satisfies a large deviation principle on [—1, 1] with rate function

I.x(2) = Js(2) = BEZ" — inf {J5(t) — BK )
with

1+e el et
14 2e=8 '

Moreover, if é:,g’K = argminfg’K, then there exists a mon decreasing function T :
(0, 4+00) = (0,400) with limy_,oT'(x) = +oc and limy,_oo T'(z) = 7. =~ 1.082 such
that for every (8, K) with K > T'(3) then

s,k = {£2(8, K) # 0}.

Js(z) = sup {tz —log [
teRr
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In particular, for such (8,K) and for every 0 < e < |z(8, K)| there exists a constant
Cy = Ci(e, B8, K) such that

N
(B.4) p([0:e]) < Crexp{—F7e5.x}
with
B. = inf I .
(B.5) Ve,8,K = Zg[}] FRER k(2)>0

Proof. For the first part see Theorems 3.3, 3.6 and 3.8 in [10]. As for (B.4)-(B.5),
they are standard consequences of the theory of the large deviations and of the first
part of the proposition, see, e.g., Proposition 6.4 of [11]. O

Proof of Proposition 6.1. We intend to use the Chegeer’s inequality. To do this, let
A:={z:Sn(z) <0}, B:={z:Sn(z) >0}, C := {Sn(z) = 0}. First of all note
that, by symmetry, 7T(A) =m(B) = (1-n(C))/2 < 1/2. The main task is to bound

=2 D m@Mp(ay) = 3 > wy)Mply.=
zEAyYEA® yEAcz€A
Now, observe that if Sy (y) > 1 then Mpg(y,z) = 0 for every x in A, hence

p(A)= Y w)Y Mpy.x)+ Y. 7)Y Mpy«)

y:Sn (y)=0 z€A y:Sn(y)=1 z€A
<7{y:Sn(y) €{0,1}}.
This yields a bound on the conductance

2n{y : Sn(y) € {0,1}}
1—m{y:Sn(y) =0}

h = h(r, Mp) < ¢(A)/7(4) <
Now by Proposition B.2 we get

h(m, Mg) < Coe AN

for suitable constants Cy and A > 0. The thesis follows by Cheeger inequality
(3.2). O

Proof of Lemma 6.2. The proof is exactly the same as the proof of Lemma 5.2. O

In order to prove Lemma 6.3 it is convenient to fix some simple properties of the
chain P.

Lemma B.3. P is a random walk on Dy . If P((s,7),(5,7)) #0,

> ~ p1C
P((s.7), (5,7)) > P2

for a suitable constant C3 = C3(83, K), moreover
P((s,7), (5,7) < &
for every (s,r),(5,7)) # ((0,0),(1,1)).

Proof of Lemma B.3. Easy but tedious computations show that

P((0.0),(1,1)) = i (L exp( 5 - 9))

P((0.N),(1,N 1)) = &

P((OaN)7(2aN)): a
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P((0,7), (2.7)) = T

P((0,7), (1,7 = 1)) =

P((0,r),(1,r + 1)) = ;’—N min (1 exp{— - 5})
P((s,7), (s +2,7) = 2x(r = 5)

(s,7) EDN,0<s<N—-2,7r<N

P((s,7), (s~ 27) = Bor 4 s)exp (a2 1 - 9))

(s,7) €Dn,0< s < N,r <N

P((s,1), (5 + L+ 1) = P = r)min (1, exp{ " 25+ 1)~ 5) )

(s,7) €DnN,0< 8,7 <N —1,

P((s,n), (s~ 1r+ 1) = Bov - myept B (254 1) - )
(s,7) € Dy,0< s, <N -1,

P((s,7), (s + 1,7 = 1) = £5:(r = 9)

(s,7) €EDN,0<r < N,0<s<N-2

B P1 KpB

P((s,1), (5 = Lor = 1) = 2o+ ) min (1, exp{ " 25+ 1) = ) )
(s,7) EDN,0<r < N,0<s<rT.

At this stage the statement follows easily. O

Proof of Lemma 6.3. In order to obtain a bound on the gap of P we shall apply
another time the decomposition technique. Write

Dy =X UX, UXsU ..U Xy,
where
X ={(0,0),(1,1)} X ={(u1,u2) €Dy :upy =7},
On [N] :={1, ..., N} define a chain P\[N]I setting

Py (i, ) == ZZP“”

and
Py (iyi) i=1="Y Piay(is 4)-
J#i
Again Py is a reversible chain on [N] with stationary distribution
Ty (@) := 7 ().

Finally for every r = 1,2,..., N we define a chain on X, by setting

Py (a,b) := P(a,b) + L4(b) Z P(a,z)

2€XE

where both a and b belong to X,. Now note that for every r = 2,3,...,N Py is
a birth and death chain on the state space {(1,7),(3,r),...,(r,r)} for r odd and
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{(0,7),(2,7),...,(r,r)} for r even. Let

)= (i L) *

r(0) :=2 <T;2>-

Now observe that Pg has stationary distribution

7 (8) x gr(s)
withs =0,2,...,rifrisevenand s = 1,3, ..., r if r is odd. First of all let r # 1, by
Lemma B.3 and Lemma B.1, it is easy to check that (Pg,_,7,) meets the condition
of Lemma A.1 with

B=2, n=[r+2)/2, A=Cip[(r+2)/2]N"!
([x] being the integer part of ) and then
Cspi[(r +2)/2] _ Cspa
= 2N[(r +2)/2 = 2N3"
Finally, Lemma B.3 with (A.1) yields
N, -1(Pg,) > 1—p1.

Hence, for every r # 1, we have proved that

and, for r even,

1-X\(Pg) >

(B.6) Gap(Py,) > Cs/2p N2,
Forr=1
Ps — 1-— aq /2 a1 /2
A 042/2 1-— 042/2
where
Qp = Proin (1 exp{ -5}
2N
Qs = p; min <1,exp{7 - B})
So 5
Gap(Pz,) > 1 —| —a;—a2| = al;OQ
where the last equality follows from the fact that - < % and % < % Hence, for
sufficiently large N, it’s easy to see that
(B.7) Gap(Pg,) > Capr N7°
with Cy = C4(B, K). At this stage (B.6) with (B.7) gives
(B.8) Gap(Pg,) > CspiN—?

for all 7 € [N]. As for the gap of Py, first of all note that Py is a birth and
death chain on [N ]| From Lemma B.3

p103 1 _ p1Cs
Pt i#1) 1= gty 3 Platir(a) 2 B0 LS S w2 G
an bEX+1 Ve, bEX 11
and analogously,
. p1C3
P -1)> .
vy (iy = 1) 2 5

Now, for r # 1

Tny(r) = avy (r Z‘J\[N]I
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while

N
7vy (1) = (g (D) + gy (0)/ O vy (4))-
i=0

So, using the unimodality of gjn}, we can apply Lemma B.3 with

—28
A= p1C5 B¢
2 2
which gives
mCs 1 mCs
M) S-S ST

Using another time Lemma B.3, by (A.1), we get

AN (Pvy) 21— p1.

Combining this two bounds we have

Cspy
(B.9) Gap(Piny) > =73
and so from (3.4)

o . Cp?
Gap(P) - Wa
C being a suitable constant that depends by 8, K, C3,Cy, Cs. O
Proof of Proposition 6.4. Combine Lemma 6.3 with 6.5. O
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