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Abstract

We consider the problem of computing expectation values of local functions under the Gibbs
distribution of a spin system. In particular, we study two families of linear programming
hierarchies for this problem. The first hierarchy imposes local spin flip equalities and has
been considered in the bootstrap literature in high energy physics. For this hierarchy,
we prove fast convergence under a spatial mixing (decay of correlations) condition. This
condition is satisfied for example above the critical temperature for Ising models on a d-
dimensional grid. The second hierarchy is based on a Markov chain having the Gibbs state
as a fixed point and has been studied in the optimization literature and more recently in
the bootstrap literature. For this hierarchy, we prove fast convergence provided the Markov
chain mixes rapidly. Both hierarchies lead to an e-approximation for local expectation
values using a linear program of size quasi-polynomial in n/e, where n is the total number
of sites, provided the interactions can be embedded in a d-dimensional grid with constant
d. Compared to standard Monte Carlo methods, an advantage of this approach is that it
always (i.e., for any system) outputs rigorous upper and lower bounds on the expectation
value of interest, without needing an a priori analysis of the convergence speed.

1 Introduction

Consider a Gibbs distribution of the form

e—H(z)
pa)=——  (e9) (1)
where H is the potential function, Z = Zzes e~ (@) and S is the state space assumed finite. There are two

fundamental computational questions that are associated to any such Gibbs distribution: (i) sampling from
w, and (ii) computing expectation values, i.e., to compute u(f) = > s p(x)f(x) where f : S — R is a given
function that we also call observable. In the vocabulary of graphical models, a Gibbs distribution is called a
Markov random field and question (ii) is one of the typical computational inference problems studied in the
literature on graphical models MacKay (2003); Wainwright et al. (2008).

An algorithm that generates samples from p can be used to construct a randomized algorithm to compute
expectation values. More precisely, if we have an algorithm that runs in time T'(¢) and produces a sample
from a distribution v whose total variation distance from p is €, then we have an algorithm that approximates
u(f) to within e + & with running time proportional to T'(¢)/6% with probability, say, 2/3, assuming that f
takes values in the interval [—1,1].! Existing algorithms for (i), and hence (ii), are mostly based on Markov
Chain Monte Carlo (MCMC). The idea is to run a Markov chain whose stationary distribution is g until
approximate convergence. The running time T'(¢) is then proportional to the mixing time of the Markov

IThe 1/62 factor comes from taking independent samples and ensuring the variance is O(52).
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chain. Despite its immense success, one drawback of most MCMC methods is the lack of a simple way to
certify convergence.? In general, one needs to analyze the mixing time of the Markov chain beforehand,
which is hard in many cases.

In this paper we focus on the problem of computing expectation values p(f) and we are interested in
certified algorithms. A certified algorithm will return, for each parameter ¢ quantities p{™ and p{** such
that pfP™ < u(f) < pp"®*. The parameter ¢ controls the running time of the algorithm, and as £ — oo we

max min

have py*®* — py*™ — 0. Importantly, an a priori analysis of the convergence in £ is not needed to get certified

min max

bounds on u(f). By computing p)" and p}*®* we have achieved an e-approximation of the desired quantity

max min

with € = py"™* — pj

Spin models We focus here on spin models where the state space S is the Cartesian product S = XV,
where ¥ = {—1,+1} and V is the vertex set of a graph G = (V, E). The set V is mostly assumed to be finite
of size n, but we will highlight some of the results when they can equally be defined when V is infinite. The
potential function H is of the form

H@)=8 Y helw,z;), (2)

e={i,j}€E

where h. : ¥2 — R is a two-site interaction term which is assumed to be symmetric, i.e., he(zs,z5) =
he(xj, x;). For example, the ferromagnetic (resp. antiferromagnetic) Ising model corresponds to h(z;,z;) =
—x;x; (resp. +z;x;). The parameter 5 > 0 plays the role of an inverse-temperature. Note that when 8 =0
then p is the uniform distribution on S, and when 5 = 400, i is supported on the states € S that minimize
H (i.e., ground states).

Contributions In this paper we study certified algorithms to approximate u(f) when f is a local function,
i.e., depending only on variables in a set B C V of small size. Note that the antiferromagnetic model encodes
the Max CuT problem for § — oo and as such, computing p(f) in general is hard. This means we have
to make assumptions on H in order to obtain provable convergence guarantees. We study two hierarchies
of linear programs giving upper and lower bounds on u(f). The two hierarchies are based on two different
characterizations of the Gibbs measure:

1. The first one is based on imposing the so called DLR (Dobrushin-Lanford-Ruelle) equations Friedli
& Velenik (2017) locally on a set A C V. The hierarchy is thus parametrized by sets A satisfying
B C A C V. For every such A, we define linear programs giving upper and lower bounds on the
quantity of interest:

LPRD(f) < u(f) < LPREL(f)- (3)
Note that the interval [LPKl’if)‘LR( f), LPRT1R(f)] is monotone nonincreasing as a function of A and

for A = V, we have equality in (3). The linear programs parametrized by A have a number of
variables and constraints that are of order 222D In Section 2, we prove that under a spatial mixing
condition on the Gibbs distribution u, we have |[LPR5 . (f) — LPY ()] < [1f|loccre 2 dist(BA%)
for some constants ¢i,c2 > 0 (see Theorem 2.4) and A° = V \ A. Here dist denotes the distance
in the graph G. This implies that to achieve an approximation of ¢, it suffices to choose the set A
so that dist(B, A°) is sufficiently large while keeping |A| as small as possible. The spatial mixing
condition is satisfied for example for Ising models on a d-dimensional grid provided g is below the
critical inverse-temperature.

2. For the second hierarchy which is described in Section 3, we consider a Markov chain whose unique
stationary distribution is pu. Such Markov chains have been widely studied in the literature on spin
systems, cf., Glauber dynamics Martinelli (1999). If P is the Markov kernel describing the Markov
chain, then stationarity of p corresponds to the equations p(Pg) = p(g) for all observables g. By
imposing this condition on a set of local functions g supported on some A C V', we arrive at a linear

2The technique of coupling from the past Propp & Wilson (1996) is a notable exception where exact convergence can be
certified. It is in general more costly that standard MCMC.
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programming relaxation on the stationary distributions of P. This allows us to obtain upper and
lower bounds on the expectation value u(f) for any local function f supported on BC A CV

LPRe(f) < u(f) < LPRYL(F). (4)

The size of the linear programs defining LPT};}C( f) and LP{'{(f) are also of the order of 20(IA1)
however they are slightly smaller than the one corresponding to the first hierarchy. In fact, as shown
in Remark 3.2, under the assumption that P is reversible, this hierarchy is provably weaker than
the first one in the sense that for any A, LPf’iﬁC(f) < LPKiQLR(f) and LPYT: (f) < LPYTC(S)
Nevertheless, we show in Theorem 3.3 that when the Markov chain has a mixing time of O(nlogn),
then we also have [LPR(f) — LPR(f)] < || fllsocte 2454 EA) for some constants ¢}, ¢ > 0.

The convergence result of the first hierarchy relies on the spatial mixing property, a property that solely
depends on the Gibbs distribution. The convergence result of the second hierarchy however, relies on the fast
temporal mixing of the Markov chain P whose invariant distribution is p. It turns out that spatial mixing
and fast temporal mixing of Glauber Markov chains are equivalent as shown in Stroock & Zegarlinski (1992).
In fact, our proof of convergence for the second hierarchy uses a result from Dyer et al. (2004) providing a
combinatorial argument for the fact that fast temporal mixing implies spatial mixing.

Figure 1: The linear programming hierarchies studied in this paper compute expectation values, with respect
to the Gibbs distribution u, of observables f : S — R with small support supp(f) = B. The hierarchies are
indexed by subsets A D B, and convergence is expressed in the distance dist(B, A¢).

Related work The motivation for this paper came from recent work in the theoretical physics literature
studying the bootstrap method, and in particular the papers Cho et al. (2022); Cho & Sun (2023) where the
two hierarchies considered here have been studied numerically, and where asymptotic convergence in the case
of infinite systems have been proven. The numerical results of Cho et al. (2022); Cho & Sun (2023) show
a performance that is comparable to Markov chain Monte Carlo, in particular for systems that are away
from criticality. A natural question left open by these works is to prove fast convergence of such certified
methods for systems that are far from criticality. Our goal in this paper is to address this question. We
note that the use of linear programming to compute moments of invariant distributions of general Markov
chains goes back to the late 1990s, see e.g., Herndndez-Lerma & Lasserre (1998) and (Herndndez-Lerma &
Lasserre, 2012, Chapter 12). The problems considered in this paper are also closely related to the literature
on graphical models and variational inference, see e.g., Wainwright et al. (2008) and references therein. We
note in particular the paper Risteski (2016) which analyzes a convex programming hierarchy to estimate the
free energy of Ising models in the case of dense graphs. Another recent paper closely connected to our paper
is Bach (2024) which proposes new algorithms based on sums of squares and quantum entropies to estimate
log-partition functions. One difference between our paper and the two previously-cited papers is that we
consider the problem of computing expectation values of observables directly, rather than the log-partition
function. Finally we note that for quantum spin systems, certified algorithms for computing expectation
values were recently proposed in Fawzi et al. (2024).
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Notations For a subset A C V, the external boundary of A is defined as
O*AN={jeAN:TieA{ij}eE} (5)

and we let A = A UJ°*A. For a spin configuration z € S = XV and i € V we let ' be the configuration
where the ¢’th spin is flipped. Given a function f:S — R, i€ V and = € S we let

Vif(a) = f(z') = f(x). (6)
The support of a function f : S — R is the set of spins that f depends on, i.e.,
supp(f) ={i € V : V,f # 0}. (7)

Note that if supp(f) C A, then u(f) = pa(f) where uy is the marginal of p on the sites A and we slightly
abused notation by using the same notation for f and its restriction to X*. Finally, given an arbitrary finite
set X welet D(X)={p: X =Ry :>  .yxp(x)=1} be the set of probability distributions on X.

2 Linear programming relaxation via the DLR equations

Note that the Gibbs distribution u defined in (1) satisfies the following identity, for any 2 € S and i € V:
M(33_) — Vil (@)
p(x?)

In fact, g is the unique probability distribution satisfying these equalities. Now fix A C V' and assume that
i € A. By locality of the Hamiltonian, the support of V;H is included in A and so it is easy to see that the
equation above is also true for the marginal pz on A = AU 9°"A:

pi(z) = pg (ah)eVil @ Vo e DA ie A (8)
These are known as the spin-flip equations, or the DLR equations. This leads us to define
LPA pir = {V € D(ZA) cv(z) = v(@t)eViH®) v e shie A}. (9)

By construction, the marginal pz; belongs to LPA nix. Given a function f : S — R supported on A, we define
the following upper and lower bounds on the expectation value u(f):

LPRB(f) = max{v(f) s v € LPa s} LPRE(f) = min{v(f) : v € LPA pus}. (10)

Note that LPY%,(f) and LPX%ILR( f) are linear programs having |E|‘[\| variables and |A||E|W equality
constraints.

Relation to local Gibbs states The following proposition gives an alternative characterization of the
polyhedron LP 4 p, r. Before stating the proposition, we need to introduce the following important definition.

Definition 2.1. Let A € V and 1 € X9"*. We define the local Gibbs state on A with boundary conditions
7 to be

1
wa(z) = 77 exp(—H} (z)) Ve e 2
A

where
Hi(x)= Y hg(miz)+ > hi(wimn)
{i,j}eE {i,j}€E
1,jEA 1EN,FEOTA

is the Hamiltonian truncated to A with boundary conditions n and Z = > _ca exp(—H}(z)).

Proposition 2.2. If v € LPy 1, then there is a probability distribution p(n) on LIUN such that for any
f:S— R supported on A we have
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Proof. Let v € LP nir. Fixn € YA an arbitrary spin configuration on 9¢*A. The constraint in (9) tells
us that for any = € ¥4
v(z,mn)

v(x',m)

This means that the conditional distribution of v on A given that the boundary values are 7 is precisely
equal to the local Gibbs distribution . Hence if we let p(n) = >__.xa v(,7) be the marginal of v on the
boundary, we get the desired equality. O

=exp(V;H](z)) VieA.

Convergence The main result in this section shows that if p has spatial mixing, then the linear
programming-based upper and lower bounds will converge exponentially fast (in dist(supp(f), A°)) to u(f).
We adopt the following definition of spatial mixing, which corresponds to weak spatial mixing in (Martinelli,
1999, Definitions 2.3).

Definition 2.3. We say that a probability measure px on ¥V has the spatial mizing property if there exist
constants C7,Cy > 0 such that the following holds: for any two subsets B C A C V and any function f
supported on B

sup [} (F) = AN < IfllCr D exp(=Cadist(i, ). (11)

EIEN
n,TEL i€B,jEdeT A

For simplicity of expressions, we will be using the following implied inequality

sup  [ud (f) = pA ()] < [ flloC1|B|0°" Al exp(—Cadist(B, A)). (12)

n,TEXITA

Infinite systems If the set of sites V is infinite, e.g., the Ising model on the grid V = Z¢, defining a
Gibbs distribution is more subtle. The most standard definition is via the DLR equations: we say that a
probability measure 1 on the set of configurations {—1,41}" is a Gibbs state if for all finite A C V, the
marginal of 4 on A satisfies (8). It turns out that for infinite systems, the Gibbs distribution might not be
unique. Note that Definition 2.3 can be used as is for infinite systems as it never refers to Gibbs distributions
of the whole system but rather to the distributions x} which only depend on the Hamiltonian restricted to
A. In fact, this condition is known to hold for Ising models on the infinite grid Z¢ provided 3 is below the
corresponding critical temperature (Martinelli, 1999, page 102). Note that when spatial mixing holds, it is
simple to see that there is a unique Gibbs distribution that we denote p.

Theorem 2.4. Assume that the Gibbs distribution p has the spatial mizing property of Definition 2.3. Then
there are constants Cy,Cy such that for any BC A CV and any f: S — R supported on B:

LPRDR () = PR (f) < [ fllscCal BI[0°7 Al exp(—Cadist(B, A%)) . (13)

As a result, if the graph is a d-dimensional grid, u(f) can be approximated with additive error € by choos-
ing A to be a ball of radius O(log(|B|/e)) around the sites in B which leads to a linear program of size

exp(O(log”(| B|/2))).-

Note that this theorem holds even when V is infinite.

Proof. For any v € LP pir, we know (from Proposition 2.2) that there is a probability distribution p(n) on
n € 29N such that

v(f) =Y pmuk(f).

As such for any f supported on B C A, and any v’ € LP p1x, we have

w(f) =V (O < sup  [u{(f) = BA(F)] < [ flleeCrIB|0°" A| exp(—Codist(B, A°)),

n,TEDITA

which proves the desired statement. O
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3 Linear programming relaxation via a Markov chain

We now consider a second linear programming hierarchy to compute expectation values of Gibbs state pu.
This hierarchy is based on the characterization of the Gibbs distribution p as the unique stationary measure
of some local Markov chain. We start by introducing these local Markov chains which are also known as
Glauber dynamics. Recall that a Markov chain on S is described via the transition probabilities P, ,+ of
moving from z € S to 2’ € S.

Definition 3.1. We say that a Markov chain on S with transition matrix P = (Py 4/ )z 27es s local if it
satisfies the following:

1. Single-site update: P, = 0 if 2’ differs from = on more than one site
2. Locality: For any x € Sand ¢ € V, P, ,: depends only on spins x; for j in the neighborhood of 4

3. Boundedness: P, . < % for all z # 2’ €S.

We can interpret such a Markov chain as follows: at each time step, a site ¢ € V is chosen uniformly at
random, and the ¢’th spin is flipped with a certain probability ¢(i,«) € [0,1]. In this case the probability
transition matrix is given by: P, i = c(i,x)/n, Ppp = 1 =),y c(i,z)/n, and P, . = 0 otherwise. To
satisfy the assumption of locality the function c(é, z) should only depend on the spins z; where j is in the
neighborhood of 3.

We will be interested in local Markov chains whose stationary distribution is the Gibbs distribution p. A
sufficient condition for p to be stationary for P is that P is reversible for y, i.e., p(x)Py o = p(a’) Py 5. For
local Markov chains, this reversibility condition simplifies to:

P, pip(x) = meu(xz) VieV,zeS
which, using the definition of u is equivalent to
P, 4i = Ppi ye Vi@ (14)

where
V,H(z) = H(z") — H(z).

The simplest concrete example of a Markov chain satisfying the above assumptions is the heat-bath dynamics,
where a given site i € V is flipped with probability

exp(—H (z%)) _ e~ ViH(z)
exp(—H(x)) +exp(—H(z")) 1+4eViH(@)’

cli,z) = (15)

Note that V;H(x) only depends on the spins x; for sites j that are neighbors of ¢, and so ¢(4, x) is local as
desired.

Observables Assume (X;);>0 is a Markov chain with transition matrix P. If f : ¥ — R is an observable,
then Pf(x) = >, cg Pra f(2') is the expectation value of f(X;) conditioned on Xy = 2. More generally,
(Pf)(x) is the expectation of f(X;) conditioned on Xy = . Using the locality of P, observe that

Pf(x) =Poof(x)+ Y Pouf(a') = f(2) + Y PruiVif(x), (16)
eV eV

where we used the fact that P, , = 1— 3, Py ,i. Note that V;f(x) = 0 for i ¢ supp(f). Since P,
only depends on the spins «; in the neighborhood of ¢, the above shows that supp(Pf) C supp(f), where we
recall that supp(f) denotes the union of supp(f) with its external boundary.
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LP hierarchy based on Glauber dynamics Assume P is a local Markov chain for which p is an
invariant distribution, i.e., uP = pu. The latter equality can be written equivalently as: pu(Pg) = u(g) for
all observables g : S — R. If we restrict g to be supported on a certain A C V/, then note that u(Pg) and
1(g) only depend on the marginal of g on A. Given a subset A C V we can thus consider the following set
of distributions v on A:

LPj e = {y eDEM: v(1)=1 _ (Normalization) (17)
v(h) >0 Vh >0, supp(h) C A (Positivity)
v(Pg) =v(g) Vg:supp(g) CA (Stationarity)}.

By construction, the marginal of y on A belongs to LP Anmc- Hence if f is any observable supported on B C A
we can obtain lower and upper bounds on u(f) by solving the following linear programs:

LPleﬁc(f) = myin{y(f) :v € LPA uo} LP?;‘E‘((f) = mgx{y(f) :v € LPp wo}-

These are linear programs in |32l variables and at most ||!A! equality constraints.

Remark 3.2 (Relation with DLR equations). We show in this remark that if P is reversible, then LPa piz C
LPA e Let us rewrite the stationarity condition of (17) more explicitly. If supp(g) C A, and v a distribution
on YA, one can check that

v(Pg) —v(g) = Z v(z)((Pg)(z) — g(x))
zeXA
=Y v(@)) PpuiVig(a)
sexA eV
sexA i€
= Z Z(V((Ei)PIiJ - V(x)Pz,wl)g(x)v
zexA €A

where in the last equality we used the fact that Y _va f(2)Vig(x) = >° coa Vif(2)g(z). By taking g to
be an indicator function of o5 € ¥* we see that the equation v(Pg) = v(g) in the definition of LPA e is
equivalent to the following linear equation in v:

Z Zu(azi)Py’,x —v(x)P, i = 0. (18)

zexnh €A
TAN=OA

The outer summation over z is effectively a summation over spin values on the boundary 9°*A = A \ A

Now using the assumption that P is reversible with respect to p, i.e., that (14) is satisfied, condition (18)
for all o € ¥4 simplifies to

Z ZPIQL (V(x’) - u(x)e_viH(I)) =0 Vo € B (19)

zexnh €A
TAN=OA

We see that these equation are implied by the DLR equations (9); more precisely we see that the DLR
equations impose that each term v(z?) — v(x)e”ViH#(®) of the sum is equal to zero. In other words, we have
LPA,DLR - LPA,MC~

Convergence We are now ready to state our main convergence theorem.

Theorem 3.3. Assume G is a graph of bounded degree A with n = |V| vertices. Let P be a local Markov
Chain according to Definition 3.1 and assume that there are constants c1,ce > 0 such that for allt > 0,

sup |[vP" — plly < ein(l — ca/n)t. (20)
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Let f: XV — R supported on B C V. Then there are constants C1,Cy > 0 that depend only on A, |B|, and
c1,co such that the following holds: for any A O B

LS (/) — LPRE(f) < Oyl e8P0,

Remark 3.4. To get an accuracy e, the above theorem means that we need to take A such that
ne~UBAYD) = O(¢), ie., dist(B, A°) = Q(log(n/c)). If the graph is a d-dimensional grid, and A is chosen
to be a ball of radius 7 = Q(log(n/e)) centered at B then |A| = O(r?) and so the LP has size 2. So the
running time for accuracy ¢ is O(exp(C log®(n/e))).

Remark 3.5. The condition (20) is known to hold for the heat bath dynamics defined in (15) on Ising
models at sufficiently small inverse-temperature 3. More specifically, it holds for any Ising model on a graph
with degree bounded by A provided Atanh(8) < 1 (Levin & Peres, 2017, Theorem 15.1)

We first need the following important lemma about the speed of propagation of information in local Markov
chains. We have seen that if f is supported on B C V, then P!f is supported on B! := {i € V : dist(i, B) <
t}. The lemma shows that P!f can actually be well approximated by a function supported on Bet/m for
some constant ¢ > 0. This result is well-known, see e.g., (Martinelli, 1999, Lemma 3.2). Here, we adapt the
proof of (Dyer et al., 2004, Lemma 3.1).

Lemma 3.6. Assume the graph G has n = |V| nodes and is of mazimum degree A > 1, and let P be a local
Markov chain on G. Let f : £V — R be an observable supported on B, and let A O B. Call r = dist(B, A°).
Assume x, " are two spin configurations such that x; = x for alli € A. Then for any integer t > 0,

P! f(2) = P (@) < || fllooce™™ .

where ¢ = 8|B| and v =¢e*(A — 1) > 0.

Proof. This is a direct consequence of (Dyer et al., 2004, Lemma 3.1) on the speed of propagation of infor-
mation of the Glauber dynamics. We reproduce the argument here for convenience. Let (X;)¢>0 and (Y3)e>0
be two copies of the Glauber dynamics with initial configurations respectively x and z’ coupled as follows.
At each time step ¢ > 1, the vertex i, is chosen uniformly at random in V and U € [0, 1] is a uniform random
variable. Then X;y; is obtained by flipping the spin i; of X; when U < ¢(iy, X;) and otherwise X; 11 = X;.
Similarly, Y;;1 is obtained by flipping the spin i; of ¥; when U < ¢(i4, Y:). Note that if X; and Y; coincide
on the neighborhood of the vertex i;, then X;11[i¢] = Y;41[é¢], where we use the notation X[i] to denote the
i-th spin of the configuration X. More generally for a set B C V', we let X|[B] be the string of spins in the
set B. From the interpretation mentioned above, setting Xg = z and Yy = 2/, we have

[P f(x) — P'f(2')| = [E[f(Xe) — f(¥D)]]
< Pr[Xy[B] # Yi[B])2( fll
< Y PriXfi] # VililI2) flloo-

jEB

Note that in order to have X;[j] # Y:[j], there has to be a path of disagreements from A° to j, i.e.,
Vo, V1, .- ., v With vg € A€ and v; = j. Note that for a fixed path vy, ..., v;, the probability that there exist
times 0 < ¢; <tg < --- <t <tsuch that i;, = v, for all a is at most (f) (%)l The number of simple paths
of length I going from A€ to j is at most A(A — 1)!~!. Recall that dist(A¢, B) = r which implies that [ > r.
Thus,

Pr[X,[j) # Vilj]] < +ZOCA<A - @ (1>l




Published in Transactions on Machine Learning Research (11/2025)

If r > e*(A —1)(t/n), we bound

el £ vig) < 4 (4520

In this case, this leads to

e(A—1)(t/n)\"
P i) = P10 < 2l i (SEZDE)
< 8| flloo| Bl exp(—rlogr) < || flleccexp(vt/n —r).
In the case r < €2(A — 1)(t/n), then we simply use the bound

|P*f(z) = P f(2")] < 2l flloe < Iflloccexp(vt/n—r7).

We can now prove Theorem 3.3.

Proof of Theorem 3.3. Tt is clear that LPRN(f —u(f)) = LPRYS(f) —p(f) so we may assume in our analysis
that u(f) = 0. In this case by the fast mixing assumption, we know that || P! f||c < || fllecccin(l —c2/n)t for
allt > 0.

Let t1 > 0 to be fixed later and define g = — ?:Bl Ptf. Note that
Pg=g+f-P"f. (21)

Given a function h : {—1,+1}V — R, let h be the function obtained from h by fixing all the spins outside A

to some fixed value (say all +1) so that supp(h) C A. By the constraints of the linear program, in particular
the stationarity equalities in (17), we can then write for any feasible v:

() = w(f = (Pg—9))l
<|If = (Pg =9l
=|Pg—g—(Pg—g)+P"fl=
< (P =1)(g = Dllo + 1P fllo

where the first inequality follows from the positivity condition of v, and the following equality follows from
(21).

(22)

It remains to bound each term above individually. The first term can be bounded using Lemma 3.6. Indeed,
using the latter we have, for any x € {—1,+1}V

t1—1

l9(@) = §(@)] < Y [P'f(a) = PLf(@)] <t fllooce”™ /™. (23)

t=0

where r = dist(B, A¢). For the first term of (22), note that (P—1I)(g—g)(z) = E[(g—9)(X1)—(g—3)(z)| X0 =
2] <2/|g — Glloo < 2t1]|fllooce®/™ 7. As a result,

1P = 1) (g = )loo < 26| fllocce”™/ .
The second term of (22) can be bounded by the mixing time assumption. Putting things together we get
()] < 200 fllooce”™ "7 4 || flloocrin(1 = ca/n)".

Taking t; = nr/2v gives
v (f)] < Cinl|flloce™ "

for some appropriate constants C7,Cs > 0, as desired. O
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4 Qutlook

We considered certified algorithms for computing local expectation values of Gibbs distributions using linear
programming relaxations. In practice, it is possible to strengthen the hierarchy using additional constraints,
for example semidefinite programming (SDP) constraints such as the so-called reflection positivity constraints
for the Ising model as done in Cho & Sun (2023).

Another variant of the hierarchy we considered in this paper is the following sequence of SDP relaxations
(which can be interpreted as searching for sum-of-squares certificates) indexed by ¢ € N:

SDP, = {1/ €Dy v(l)=1 (Normalization) (24)
v(h?) >0 Vh : deg(h) < ¢ (Positivity)
v(Pg) =v(g) Vg:deg(g) <20—A (Stationarity)}.

Here, Doy is the set of linear forms on the space of degree 2¢ polynomials in (z1,...,25). Given a low-degree
observable f, we let

SDPEnin(f) = min{v(f) : v € SDP,}, SDP"™*(f) = max{v(f) : v € SDP,}. (25)

It is obvious to check that SDP{™(f) and SDP}**(f) are lower and upper bounds respectively on p(f).

An open question is to study the convergence rate of SDP**(f) — SDP,"(f) as £ — oo under appropriate
conditions on the mixing time of the Markov chain.

Another interesting direction for future research is to use techniques from variational inference to improve
the performance of the convex relaxations. Variational inference methods Wainwright et al. (2008) are
alternatives to MCMC that can be used to compute expectation values of Gibbs distributions (among other
things). Such methods are not certified (except for very specific instances), but have very good performance
in practice in many settings of interest.
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